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A Hybrid Approach to Real-Time Recommendations using Heterogeneous
Data Processing and Distributed Predictive Models

Diana — Andreea CAUNIAC, Simona-Vasilica OPREA
Bucharest University of Economic Studies

Faculty of Cybernetics, Statistics and Economic Informatics
Bucharest, Romania
diana.cauniac@csie.ase.ro, simona.oprea@csie.ase.ro

As e-commerce platforms scale, the gap between what users expect and what static
recommendation models can deliver has become hard to ignore. This paper describes the
design and implementation of a hybrid recommendation system built on a distributed cloud
infrastructure, tested on a dataset of over 3.7 million products, 1.9 million reviews, and 1.1
million user interactions. The system combines collaborative filtering through matrix
factorization with sentiment analysis, emotion detection, and topic modeling applied to user
reviews, identifying six recurring themes that reflect real purchasing experiences. Geographic
proximity and recent behavioral signals are incorporated as contextual features to further
refine recommendations. The stack includes Google BigQuery, Vertex Al Feature Store,
Pinecone, Apache Kafka, Apache Flink, and BigQuery ML. A feedback loop ties user
interactions back to model updates, keeping recommendations relevant as behavior changes.
Results suggest that decoupling the processing pipelines reduces latency without sacrificing
recommendation quality.

Keywords: recommendation systems, real-time processing, hybrid architecture, collaborative
filtering, heterogeneous data, sentiment analysis, topic modeling, distributed computing.

Introduction

Recommendation systems have be-
come a core part of modern e-commerce
platforms, directly influencing conversion
rates and user retention [1]. As consumer
behavior grows more dynamic, the rele-
vance of a recommendation depends
heavily on the system's ability to react
quickly to new interactions, rather than
relying on scheduled model updates [2],
[3].

Traditional batch-based approaches
process data at fixed intervals and per-
form reasonably well in stable environ-
ments, but struggle to keep up when user
preferences shift mid-session.  When a
user suddenly explores an unfamiliar
product category, the system needs to
pick up on that signal immediately, some-
thing static models are not built to do.

Moving toward distributed architec-
tures  capable of ingesting continuous
event streams becomes a natural response
to this limitation [3], [4]. The challenge is
further complicated by the diversity of

available data: behavioral interactions, un-
structured textual reviews, geographic sig-
nals, session contexts, and device metadata,
each requiring a different processing ap-
proach [5], [6].

To handle these complexities, we propose
a hybrid recommendation system deployed
on a scalable cloud infrastructure, designed
to process large volumes of heterogeneous
data with low latency. The framework sepa-
rates concerns across three functional layers
(online, nearline, and offline) allowing the
system to serve requests in real time while
continuously updating features and periodi-
cally retraining models, without disrupting
live service.

Rather than relying solely on purchase
histories and clickstream data, the system
combines collaborative filtering, semantic
analysis, and topic modeling within a uni-
fied processing pipeline [7]. The results
show that real-time responsiveness does not
have to come at the cost of analytical depth
or recommendation accuracy [8].


mailto:diana.cauniac@csie.ase.ro
mailto:simona.oprea@csie.ase.ro

A Hybrid Approach to Real-Time Recommendations
using Heterogeneous Data Processing and Distributed Predictive Models

2 Data Modeling and Preprocessing

Data preparation is a critical prerequi-
site for any functional recommendation
system. The dataset combines real
sources, Hugging Face, Open Food Facts,
and OpenStreetMap, with simulated data,
reaching over 3.7 million products, 1.9
million reviews, 1.1 million interactions,
and 250,000 user profiles. This combina-
tion was designed to ensure sufficient
volume and diversity for testing system
stability across varied usage scenarios.

The data model is built around two core
entities, clients and products, connected
through user sessions. Additional layers
capture device metadata, geographic co-
ordinates, textual reviews, and recom-
mendation history. Products define the
item space from which all recommenda-
tions are drawn. Interactions record ex-
plicit user actions, while reviews contrib-
ute qualitative signal that behavioral data
alone does not carry. Sessions and loca-
tions introduce temporal context and ge-
ographic proximity as ranking features.
The entities, their data types, and approx-
imate volumes are summarized in Table
1.

Table 1. Dataset entities and approximate
record volumes

files and
demo-
graphic
attributes.

Interac-
tions

Struc-
tured

1,100,00
0+

Behavior-
al user
events
(e.q9.,
clicks,
Views,
add-to-
cart ac-
tions).

Reviews

Unstruc-
tured

1,900,00
0+

Unstruc-

tured tex-
tual prod-
uct re-
views and
semantic

feedback.

Sessions

Semi-
struc-
tured

500,000+

Browsing
sessions
enriched
with con-
textual
metadata.

Devices

Struc-
tured

1,000+

Hardware
specifica-
tions and
client
device
metadata.

Loca-
tions

Geospa-
tial

4,783+

Geo-
graphic
coordinate
data for
commer-
cial loca-
tions.

Entity Data Approx- | Content
Type imate Descrip-
Volume tion
(Rec-
ords)
Products | Struc- 3,700,00 | Aggregat-
tured 0+ ed product
metadata
from di-
verse
sources.
Clients Semi- 250,000+ | Compre-
struc- hensive
tured user pro-

Recom-
menda-
tions_log

Struc-
tured

1,000,00
0 (Simu-
lated)

Historical
audit trail
of deliv-
ered rec-
ommen-
dations.
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Fig. 1. Database schema and entity relationships

All data flows through Google
BigQuery, which handles storage and
computation within the same
environment, allowing machine learning
models to be called directly through SQL
without moving data between systems.
Data is organized into three zones: raw
ingestion, curated transformations, and a
semantic layer built from views used in
both analysis and model training. The
relational structure connecting these
entities is illustrated in Figure 1.
Preprocessing is applied separately to
each entity. In the products table, records
missing both name and category are
excluded, as these fields are required for
semantic placement  within the
recommendation space. Missing prices
are estimated using the category median:
pc= median (pi| i € c), values deviating
significantly from category norms are
identified via z-scores and either adjusted
or removed. Interactions falling outside
their corresponding session window are
discarded [9]. Incomplete client profiles
are reconstructed from distributions
observed among users with similar
attributes. Numerical variables are
normalized using min-max scaling.
Session durations are standardized
through z-score scaling, given their
skewed distribution.

Textual reviews are cleaned and

encoded into numerical representations
using  NLP models in BigQuery ML.
Geographic records are filtered to Romanian
territory, and locations in close proximity
are merged to prevent duplicate entries from
affecting distance calculations.

The preprocessed data is collected into a
curated layer, with events ordered
chronologically and semantic views built to
support consistent feature extraction across
all models used in later stages.

3 Sentiment Analysis and Topic Modeling
in Product Evaluation

User reviews contain information that be-
havioral data alone does not capture [10]. A
product frequently viewed but consistently
criticized carries a different signal than one
with similar interaction patterns and positive
feedback [11]. The system addresses this
through sentiment analysis and topic model-
ing applied directly to review text [12].

Before analysis, reviews are cleaned to
remove special characters, inconsistent
casing, and symbols with no semantic value.
Sentiment is quantified using TextBlob,
which assigns each review a polarity score:
Polarity = (£ w_positive — £ w_negative) /
Total words [13].

The score ranges from —1 to 1, where
negative values indicate dissatisfaction and
positive values indicate approval. The
computed sentiment score is distinct from
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the explicit star rating (review_score, on
a 1-5 scale), the two are correlated but
measure  different aspects of user
feedback. Table 2 includes a case where a
4-star rating accompanied a description
of a damaged product, illustrating this
gap directly.

Table 2. Examples of Semantic
Evaluation and Sentiment Scores for Re-
views from the Dataset

scores correspond to different emotional
categories.

Table 3. Examples of Emotions Identified in
Reviews from the Dataset

review_id

fragment
review text

emotion

RV00315788

“Very dis-
appointed, |

disappoint-
ment

do not rec-
ommend.”

review_i | frag- re- s_insent

d ment view_sc | (interpre-
re- ore tation)
view_te
Xt

RV00140820 | “Poor pack- | neutral
aging, low
quality.”

RV00315 | “Very 1.0
788 disap-
pointed,
I do not
recom-
mend.”

strongly
negative

RV00371553 | “The prod- | disappoint-
uct arrived | ment
damaged.”

AMZ0013216 | “Excellent satisfaction
3 product, |
am very

satisfied.”

RV00140 | “Poor 1.0
820 packag-

ing, low

quality.”

negative

AMZ0072127 | “Very satis- | satisfaction
3 fied  with
the product,
| recom-
mend it.”

RV00371 | “The 4.0 moderate-
553 product ly nega-

arrived tive

dam-

aged.”

AMZ001 | “Excel- | 5.0
32163 lent
product,
| am
very
satis-
fied.”

strongly
positive

AMZ007 | “Very | 5.0
21273 satisfied
with the
product,
I rec-
ommend
it.”

positive

A polarity score captures overall sen-
timent direction, but reviews frequently
reference specific emotional states, dis-
appointment, satisfaction, frustration, that
a single value does not distinguish [10].
The emotion field in the dataset records
this additional dimension, and Table 3
illustrates cases where similar polarity

ol

7000 +
6000

5000 4

&
=)
=]
=1

length

30001

review

2000

1000 +

-0.2 0.0 0.2 0.4 0.6
sentiment_score

Fig. 2. Correlation between sentiment polar-
ity and review length

The sentiment distribution across the da-
taset was analyzed through a hexbin plot,
shown in Figure 2. Scores concentrate be-
tween 0.1 and 0.3, consistent with the ten-
dency observed on e-commerce platforms
for users to leave feedback more frequently
when satisfied. Review length falls predom-
inantly between a few hundred and 1,500
characters, sufficient for NLP models to
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extract reliable semantic signal.
Product-level scores are computed by
averaging across all associated reviews:
S(p)=(1/N_p) - £s_ i, where N_p is the
number of reviews for product p.
Arithmetic averaging reduces the influ-
ence of isolated extreme ratings on the
aggregate score. The resulting values are
subsequently combined with behavioral
signals in the recommendation ranking
stage.

4 Topic Modeling from User Reviews

Sentiment scores capture opinion polar-
ity, but users frequently reference specific
product aspects, quality, price, delivery,
or functionality, within the same review.
Topic modeling extracts these recurring
themes and structures them into catego-
ries that the sentiment analysis alone can-
not distinguish.

Each review is projected into a lower-
dimensional latent space where each di-
mension corresponds to a recurring
theme. The projection produces a proba-
bility distribution over topics, allowing a
single review to be associated with mul-
tiple themes at varying intensities. At the
product level, topic distributions are av-
eraged across all associated reviews, pro-
ducing a vector that describes the themat-
ic structure of feedback for each product.

Six topics were identified across the
review corpus: quality, delivery, pricing,
packaging, usability, and customer sup-
port. Quality-related content carries the
highest weight at 0.20, with the remain-
ing topics spread more evenly across the
corpus. The full distribution is summa-
rized in Table 4.

Table 4. Identified Topics and Average

5
Topic | price, value, worth, | 0.16
3 cheap, expensive
Topic | packaging, box, | 0.18
4 damaged,  condi-
tion, arrival
Topic | usage, easy, works, | 0.17
5 functionality, per-
formance
Topic | support,  service, | 0.16
6 return, refund, cus-
tomer

Distribution
Topic | Representative Average Dis-
Terms tribution
Topic | product,  quality, | 0.20
1 good, excellent,
recommend

Topic | delivery, shipping, | 0.13
2 arrival, delayed,
damaged

Figure 3 shows the relative weights across
all six topics.

0225
0.200
0175

c

S 0.150

5

2

£ 0125

2

o

v 0100

B

o

3 oo

0.050

0.025

0.000
Tapic 1 Topic 2 Topic 3 Topic 4 Topic 5 Topic 6

Topic

Fig. 3. Topic distribution across user re-
views

t-SNE was applied to project the topic dis-
tributions into two dimensions, shown in
Figure 4. Reviews covering similar themes
form distinct clusters, and those near cluster
boundaries tend to reference multiple prod-
uct aspects within the same text.

150 4

100

50

-100

-150

T T 0
-200 -150 -100 -50 ) 50 100 150 200

t-SNE 1

Fig. 4. t-SNE projection of review topic
distributions

5 Hybrid Recommendation Pipeline
Collaborative filtering works well for
users with rich interaction histories, but
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breaks down in cold-start scenarios.
Semantic analysis helps fill that gap,
though it struggles to capture rapid shifts
in user behavior. The system described
here combines both approaches within a

continuous processing pipeline that also
incorporates live session context, geographic
signals, and a feedback loop that ties user
reactions back to model updates [14].

Fig. 5. End-to-end architecture of the hybrid recommendation system

The end-to-end architecture is illustrated
in Figure 5, covering all eight stages of
the data flow.

Stage 1 — Edge and Client Layer. Web
and mobile applications emit behavioral
signals via embedded SDKs. Third-party
platforms contribute through integration
connectors, while server-side systems
append operational data on inventory and
transactions. All incoming events pass
through a Cloud Load Balancer and API
Gateway before entering the pipeline.
Stage 2 — Ingestion. Raw events are
filtered, validated, and normalized into a
standardized format. Change Data
Capture via Debezium handles relational
database changes without affecting
source systems. REST and gRPC events
are processed by Node.js microservices,
and all messages are validated against a
Schema Registry before moving further.
Stage 3 — Message Broker (Apache
Kafka). Kafka organizes streaming events
into topics by type: user interactions,
product catalog updates, and profile

changes. The kafka_enriched_events topic
associates each event with product
attributes, user profile metadata, and session
context. MirrorMaker handles cross-region
replication for availability and fault
tolerance.

Stage 4 — Nearline Processing. Apache
Flink consumes streams from Kafka and
computes interaction frequency, session
duration, recency scores, and category-level
interest shifts, handling deduplication and
profile updates in parallel. Outputs are
written to Cloud Bigtable for low-latency
access, and textual data is routed to
HuggingFace models for embedding
generation.

Stage 5 — Feature Store and Vector
Management. Embeddings are written to
Vertex Al Feature Store and Pinecone. The
Feature Store maintains the numerical and
vector representations used by predictive
models, and Pinecone manages semantic
indexing and real-time similarity searches.
Stage 6 — Offline Training. Historical data
in BigQuery is used to periodically retrain
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collaborative filtering, semantic analysis,
and reranking models. BigQuery ML
runs training directly through SQL,
removing the need for separate ML
infrastructure. Updated models are
published to the WVertex Al Model
Registry and deployed without taking the
service offline.

Stage 7 Online Inference. On
receiving a recommendation request, the
system first queries Redis for cached
results. On a cache miss, a FastAPI
microservice retrieves the current user
profile from the Feature Store and runs a
vector similarity search in Pinecone.
Candidate products are scored by a
reranking model using CTR, interaction
frequency, and historical signals, then
returned to the client through Cloud
Endpoints.

Stage 8 — Feedback Loop. Every post-

User APP
(clicks, events, searches)

Apache Kafka
(user_events)

Schema registry

|

User APP
recommendations

Feedback
(clicks, views, purchases)

Apache Kafka
(feedback topic)

.

—

Run HF Embeddings API
(text = reviews)

recommendation action, click, ignore,
purchase, or abandonment, is fed back into
Kafka. Flink correlates this feedback with
the recommendations that triggered it,
forwarding aggregated metrics to BigQuery
for model evaluation and retraining. Refined
models are versioned in Vertex Al and
deployed automatically to Cloud Run, the
cycle runs without manual steps.

6 Model Adaptability and Dynamic Up-
dating

Recommendations become less relevant the
moment user preferences shift and the model
stops keeping up. The feedback mechanism
described here closes that gap by routing
post-recommendation user reactions back
into the training pipeline, so behavioral
changes are reflected in the models without
waiting for a scheduled retraining cycle.

DATA COLLECTION

fEATURE UPDATE

EMBEDDING:UPDATE

ONLINE RECOMMENDATION

BigQuery FEEDBACK LOOP
(offline logs for retraining)

Fig. 6. Real-time feedback loop and model retraining flow

The full flow is illustrated in Figure 6,
after a recommendation is displayed, the
client application captures the user's
response and publishes it to a dedicated
Kafka topic. Messages pass through a
Schema Registry that validates structure

and discards incomplete or malformed
payloads before they reach the processing
layer.

Apache Flink picks up the validated
streams and correlates displayed
recommendations with subsequent user
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actions, distinguishing what was clicked
or purchased from what was ignored.
From these associations, three metrics are
computed: click-through rate, conversion
rate, and an aggregate relevance score.
The aggregated results are written to
BigQuery across two tables —
feedback log and recommendations_log
— which together maintain a full history
of user-system interactions. Model
versions are also compared here using
live behavioral data rather than held-out
test sets.

As feedback accumulates, ranking and
predictive models are retrained through
BigQuery ML. Updated versions are
registered in the Vertex Al Model
Registry with versioning metadata and
deployed automatically to Cloud Run,
with no manual steps required.
Concurrently, user and product feature
profiles are updated in Vertex Al Feature
Store and Pinecone. If a product category
gains traction, the rise in CTR propagates
through the nearline pipeline and updates
the associated vectors before the next
offline retraining cycle, without waiting
for a full model rebuild.

7 Conclusions

The results confirm the initial premise:
a recommendation system can scale
across heterogeneous data without
sacrificing response speed for analytical
depth.

Collaborative filtering covers users
with rich interaction histories, while
semantic signals and topic distributions
help where behavioral data is sparse.
Geographic  proximity and  session
context fill in what clickstream data
misses. None of these components works
well in isolation, the value comes from
running them together within a
continuous pipeline.

Working with over 3.7 million
products, 1.9 million reviews, and 1.1
million  interactions  showed that
decoupling the processing layers has a
direct impact on both latency and model

freshness. The nearline layer keeps user
profiles current between full retraining
cycles, while the offline component handles
periodic rebuilds on complete historical
data.

The feedback loop tied everything
together. CTR and conversion signals
propagate through Kafka and Flink before
the next scheduled training run, so the
models stay aligned with recent behavior
without waiting for a full retraining cycle.

Some questions remain worth pursuing.
Adapting the spatial ranking signals for
cross-border e-commerce scenarios would
be a logical next step beyond the Romanian
location data used here. Users with no
interaction history still represent a harder
cold-start case than semantic signals alone
can fully address. Over longer sessions,
more explicit diversity constraints in the
reranking models could also help reduce
filter bubble effects.
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This article examines the Extract-Transform-Load (ETL) process as an essential method for
preparing data from warehouses for analysis. It also covers the difficulties of combining data
from numerous external sources, converting it for consistency, and storing it in the cloud for
effective querying. Oracle Cloud Infrastructure (OCI) provides a range of services for ETL
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processing options, and Data Transforms, also known as ODI Web, a modern no-code solu-
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through the use of modern cloud ETL solutions.
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Introduction

Although the term itself had not yet
been formally established, individuals
have employed ETL-like processes since
the early days of database systems. To
extract data and make it suitable for anal-
ysis, it was necessary to process it into a
format more appropriate for analytical
tasks. These transformations can vary,
ranging from duplicate removal and miss-
ing value replacement to the application
of functions for generating new statistics.
This process is frequently employed in
data warehouses, which usually handle
substantial amounts of data that are orga-
nized along several dimensions, the most
significant of which is the temporal com-
ponent.
Such data is usually sourced from a wide
range of external systems such as APIs
and must be cleaned and transformed
before it can be integrated into databases
for analytical use. Therefore, ETL or its
more recent variant ELT are employed
for extracting, transforming, and upload-
ing data into various storage systems, or
for extracting and loading data into the
data warehouse and performing transfor-
mations directly within it.

OCI provides cloud-based services that fa-
cilitate both ETL and ELT workflows. Ora-
cle Data Integrator, also known as ODI, of-
fers extensive options for data processing.
Data Transforms, another service from the
OCI stack built on the ODI infrastructure, is
a no-code solution capable of executing
these processes as well as additional features
such as machine learning model generation
and graphical outputs. If needed, the code
required for the transformations designed in
the Data Transforms flow can be automati-
cally generated at runtime. This represents a
modern cloud-native approach that enables
data warehouse processing without the need
to write code manually.

2 Data Warehousing

“A data warehouse is a subject-oriented,
integrated, nonvolatile, and time-variant
collection of data in support of manage-
ment’s decisions.” [1]. Depending on the
specific needs of the business maintaining it,
data warehouses can be utilized for storing
and processing granular data for a wide
range of analytical and strategic purposes.
The most important characteristic of the data
warehouse is its integration. Multi-source
data undergoes transformation processes in
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order to become a unified corporate data
representation. As the data is being load-
ed into the warehouse, these processes
typically involve data conversion and
summarization in order to guarantee con-
sistency among datasets.

The variety of data sources and the par-
ticular needs of organizations make each
implementation and application of data
warehouses different. In general, data is
loaded into the warehouse in bulk. An-
other important characteristic of data
warehouses is time variance: each record
is associated with a temporal element,
such as a timestamp or transaction date,
facilitating trend monitoring and histori-
cal analysis.

Key characteristics of a data warehouse
include the structuring of data to facilitate
ease of access and high-speed querying,
the inclusion of large volumes of histori-
cal data, and the loading of data from
multiple sources involving various trans-
formations [2]. Additionally, data ware-
house’s architecture can be customized
for different groups within the organiza-
tion by adding data marts, which are sys-
tems designed for a particular line of
business. These can be utilized to analyze
historical data or make predictions for
certain branches separately.

Data warehouses also support on-line
analytical processing (OLAP), an essen-
tial element in decision support [3]. To
enable complex analytics and visualiza-
tion, data within the warehouse is typical-
ly organized in a multidimensional for-
mat, with time often being one of the
primary dimensions. These dimensions
commonly exhibit hierarchical structures,
allowing users to explore data at different
levels of granularity. Rollup (increasing
aggregation level), drill-down (decreasing
aggregation level or increasing detail),
slice-and-dice (selection and projection),
and pivot (altering the multidimensional
perception of data) are examples of
common OLAP procedures along one or
more dimension hierarchies.

3 Overview of ETL and ELT

Originating in the early days of database
systems, the Extract-Transform-Load (ETL)
process was initially thought of as a pro-
gramming task without a specific name or
understanding of its importance [4]. Alt-
hough ETL activities existed before the
2000s, it was only around that time that ETL
began to be clearly defined and mentioned
in well-known books. Any data processing
software that modifies or filters records,
performs calculations, and loads data into a
different storage system than the original
one can be considered a form of ETL.

ETL involves three sequential stages [5].
Data is first extracted from various sources,
commonly in formats such as comma-
separated values (CSV), Excel (XLS), text
files (.txt), JSON, or retrieved through ap-
plication programming interfaces (APIs). In
the transformation stage, the extracted data
undergoes a series of operations including
data cleaning, normalization, duplicate re-
moval, filtering, sorting, grouping, and the
application of various functions if needed.
After being transformed, the data is then
imported into a specific system, such as a
database, data warehouse, or data mart, in
order to optimize further analytical pro-
cessing.

Extract-Load-Transform (ELT) represents
an alternative data-processing approach for
analytical purposes, where data is initially
loaded in its raw form and transformed di-
rectly within the target system [6]. Both
ETL and ELT contain the same fundamental
steps; however, the key difference lies with-
in the sequence and location of the trans-
formation step. In ETL, raw data is pro-
cessed before being loaded into the target
database, whereas in ELT, data is loaded
directly into the data warehouse and trans-
formed afterwards. Consequently, ETL in-
volves moving data only once it has been
fully transformed, while ELT permits multi-
ple transformations on the data after it has
been loaded.
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4 Data Preparation Techniques for
Machine Learning

Analysts often encounter various re-
quirements depending on the characteris-
tics of the data, since each dataset used to
create machine learning models is natu-
rally distinctive [7]. Regardless of the
data source, the data preparation process
includes general operations that are often
required in addition to these specific re-
quirements. These procedures typically
include data cleaning, feature selection,
data transformation, feature engineering,
and dimensionality reduction.

Data cleaning, also known as data cleans-
ing, is the process of correcting or remov-
ing inaccuracies, inconsistencies, or in-
complete values from a dataset. This can
consist of removing outliers, identifying
and eliminating duplicates, or replacing
missing values using statistical methods
such as the mean, predicted values gener-
ated by models, or by utilizing values that
significantly exceed a specific range.
Feature selection requires identifying the
most relevant elements that influence the
prediction of the target variable. This
phase is essential for simplifying the
model, reducing overfitting, and enhanc-
ing interpretability.

Data transformation handles variable type
conversion and data scaling. Variables
may be numeric (such as integers or
floating-point numbers) or categorical
(such as nominal, ordinal, or Boolean
types). These transformations include the
following conversions: numeric variables
into ordinal ones (“Discretization Trans-
form”), categorical values into integers
(“Ordinal Transform”), or categorical
variables into binary vectors (“One Hot
Transform™). This step may also include
normalization, which rescales the data to
a range between 0 and 1, and standardiza-
tion, which modifies values to follow a
normal distribution.

Feature engineering is the process in
which new variables are created from
already existing data for enhancing the
performance of machine learning models.

Combining characteristics, computing statis-
tics from variables, or creating dummy vari-
ables are some of the methods utilized to
generate significant attributes. During this
step, complex variables can be simplified by
division into smaller parts or already exist-
ing variables can be extended.
Dimensionality reduction serves as an alter-
native to feature selection, lowering the
quantity of input features while maintaining
the data’s fundamental structure and vari-
ance. Commonly employed methods for
achieving this include Principal Component
Analysis (PCA) and Singular Value Decom-
position (SVD).

Another critical concern during data prepa-
ration is data leakage. This occurs whenever
the preparation techniques are applied to the
entire dataset prior to splitting the dataset
into training and testing subsets. As a result,
data from the test set can unintentionally
influence the training process. For example,
when calculating the mean for substituting
missing values, the train set can include a
mean calculated based on both sets if the
splitting does not occur before this opera-
tion. Thereby, performance results may be
overestimated since the model caught a part
of the test data when training. Data prepara-
tion procedures should be applied inde-
pendently to the training and testing data
after the initial split in order to prevent data
leakage.

5 Transforming Data with Oracle Cloud
Oracle Cloud Infrastructure (OCI) is a suite
of cloud services for running secure, highly
available applications with flexible storage
[8]. For cloud-native development, OCI in-
cludes services such as APl management,
machine learning, serverless functions, au-
tonomous and MySQL databases, as well as
deployment, monitoring, and observability
tools [9].

OCI’s autonomous databases provide inte-
grated data warehousing and analytics capa-
bilities that support machine learning work-
flows [10]. Both data warehouses and data
lakes are accessible through OCI’s data
warehouse services; the latter facilitates data
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processing and analytics by incorporating
built-in artificial intelligence, machine
learning, graph, spatial, and other ad-
vanced features [11]. Data scientists can
efficiently design and implement machine
learning models within Oracle Autono-
mous Data Warehouse through the use of
Oracle Machine Learning, which pro-
vides Python and SQL notebooks along
with an AutoML user interface.

While Oracle Machine Learning is a
powerful tool for in-database modeling,
this article focuses on the data transfor-
mation and preparation stages within Or-
acle Cloud. The cleaned and transformed
data will be accessed directly from the
Autonomous Data Warehouse through
Python for external machine learning
analysis.

OCI Data Integration is primarily used by
administrators, data engineers, ETL de-
velopers, and operators [12]. Since this
article focuses on data transformation for
machine learning, data engineers and
ETL developers, who are responsible for
developing, building, and testing data
integration solutions, are of primary im-
portance. The first step in the process
involves data extraction from a data enti-
ty, such as a database table, view, or file.
After that, various operators can be uti-
lized to represent input sources, output
targets, or transformations within the data
flow. The pipeline is defined as a task,
which can be executed to extract, trans-
form, and load data into the database
[13]. This flow of data between source
and target datasets, including any opera-
tions performed, is defined by Data
Flows, which are a component of Data
Integration [14].

In Data Integration, the first step in de-
signing a data flow involves selecting
appropriate data operators, such as the
source operator, which provides the input
data, and the target operator, which de-
fines the destination for the transformed
data [15]. In order to further modify data
as it passes through the pipeline, shaping
operators are additionally utilized. These

operators facilitate a variety of data pro-
cessing tasks, such as filtering, joining, the
use of expressions and aggregations, return-
ing distinct values, and sorting. They also
enable relational operations such as UNION,
MINUS, and INTERSECT, along with addi-
tional transformations such as split, pivot,
lookup, flatten, and the use of table function
operators. The flatten operator is utilized to
unnest hierarchical data structures in formats
like JSON, multi-line JSON, Avro, and Par-
quet, with the ability to unnest data in the
form of an Array. In order to build expres-
sions, functions can be utilized with opera-
tors in these data flows; these functions are
aggregate functions (COUNT, MAX, MIN,
SUM, AVG, LISTAGG), analytic functions
(FIRST_VALUE, LAG, LAST_VALUE,
LEAD, RANK() OVER, ROW_NUMBER()
OVER), arithmetic functions (ABS, CEIL,
FLOOR, MOD, POWER, ROUND,
TRUNC, TO_NUMBER), array functions,
conditional functions, date and time func-
tions, hash functions, hierarchical functions
(SCHEMA_OF_JSON, FROM_JSON,
TO_JSON, TO_MAP, TO_STRUCT,
TO_ARRAY), higher-order functions, oper-
ator (comparison) functions, string functions
and unique ID functions. Table function
operators also provide many operations em-
ployed in data processing such as deduplica-
tion, N/A drop, N/A fill, N/A replace, and
others. Attributes can also be processed in
data flows through transformations, the most
relevant ones being changing data types and
filling up nulls.

Moreover, OCI supports the building, train-
ing, and management of machine learning
models via the Data Science service, a fully
managed, serverless platform [16]. Equipped
with Python-centric tools, libraries, and
packages, data scientists can easily acquire,
profile, prepare and visualize data, perform
feature engineering, train models, and eval-
uate, explain and interpret their results.
Functions, Data Flow, Autonomous Data
Warehouse (ADW), and Object Storage are
among the other OCI stack components that
this service integrates with. Data Science is
accessible through the Console, REST API,
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Software Development Kits (SDKSs), or
Command Line Interface (CLI). Model
creation and saving can be performed
using Accelerated Data Science (ADS)
SDK, OCI Python SDK, or the Console,
with programmatic creation and saving
being the recommended method [17].
Data preparation and machine learning
workflows can also be developed using
Oracle Data Transforms, a graphical, no-
code interface that enables the design of
data loads, data flows, and workflows
within Oracle Cloud [18]. Mappings cre-
ated with Data Transforms for loading
data into Autonomous Databases can be
executed immediately or scheduled for
later deployment. Upon execution, Data
Transforms automatically generates the
necessary underlying code. In the Data
Flow editor, the available actions include
Data Transform, Data Preparation, Ma-
chine Learning, Text, and Oracle Spatial
[19]. Oracle Data Transforms supports
both ETL and ELT processes [20].

When selecting an appropriate data inte-
gration tool, it is worth noting that Data
Transforms represents the latest evolution
of Oracle Data Integrator (ODI), being
built upon its powerful engine [20, 21].
While Oracle Data Transforms shares
many foundational concepts with ODI, it
utilizes different terminology [22], and is
sometimes informally referred to as ODI
Web in the Oracle environment. De-
signed as a cloud-native data integration
solution with a modern user interface, it
prioritizes ease of use and rapid accessi-
bility.

6 ETL Implementation in Oracle
Cloud

For the practical part, | utilized a dataset
containing over 50,000 ranked matches
from the Europe West (EUW) server of
the online multiplayer game League of
Legends. The dataset is available on

Kaggle [23] and includes three accompany-
ing JSON files used for mapping champion
and summoner spell 1Ds to their correspond-
ing names. The data was collected via the
official Riot Games API [24], and it contains
historical ranked match information.

My approach involves uploading the files to
the Oracle Cloud ADW, executing the nec-
essary data processing, and loading the pro-
cessed data into a database table located in a
different schema within the created ware-
house for further analysis.

Using Oracle Data Transforms, | uploaded
the required files as objects to Oracle Cloud
through the “Load Data” option, which im-
ported them into an ADW instance previous-
ly configured for this project. The ADW was
organized into two schemas:
ETL_SOURCE, designated for the source
files, and ETL_OUTPUT, intended for the
creation of the target table. The JSON files
were loaded from my computer into separate
tables named CHAMPION_INFO, CHAM-
PION_INFO_2, and SUMMON-
ER_SPELL_INFO, with their contents
stored as CLOB data types. Because the
JSON files contained hierarchical data, |
used SQL Developer to flatten them by pars-
ing and keeping the information that | con-
sidered relevant for this project. The data
from the tables corresponding to the JSON
files with champion information was com-
bined into a single table to have the required
champion data in one place. After uploading
the CSV file, | checked the option to convert
invalid numeric values to null and then the
file was loaded into a table named GAMES.
All of these tables were placed within the
ETL_SOURCE schema. A corresponding
target table, GAME_INFO, was created in
the ETL_OUTPUT schema, aligned with the
mapping defined in Figure 1. | decided to
keep the match 1Ds, game duration, the win-
ning team, as well as the champions, their
primary roles, and the summoner spells used
by each player.
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CHAMPION_INFO_2
I
"type™ "champion”,
"version™ "7.18.1",
"data”™ {
"None": {
“tags™ [
CHAMPION_INFO it “Nores
“id": -1,
GAMES A “key": "None”
gameld "type" "champion”, “name' "Nane"
"version™ "7.17.2", b
creationTime “data™ { -
BT i JSON
gameDuration “title” "the Dark Child",
seasonld "Lde\.f'ﬂz-"Annie"
winner “name". "Annie"
)
firstBlood b -
firstTower 50N GAME_INFO
firstinhibitor .
champion_name
firstBaron
summ_spell_1
firstDragon
firstRiftHerald summ_spel_2
P —— SUMMONER_SPELL_INFO winner
i
{[1-2]_champ{1-5]_sum[1-2] ype’. “summoner”, Q
1[1-2]_towerkills “version”. "7.17.2",
"data™ {
{[1-2_inhibitorKills M
id" 1,
1[1-2]_baronKills “summonerLevel™ 6,
1[1-2]_dragonKills "::??"‘Suﬂ?ﬁ;éuosﬂ
“description”: "Removes all disables
1[1-2]_riftHeraldKills (excluding suppression and airborne) and
{[1-2]_ban[1-5] [summoner spell debuffs affecting your
champion and lowers the duration of
incoming disables by 65% for 3 seconds.”
)
P ISON
Fig. 1. Data Mapping
Following the data upload, | established represented ten champions per match.

two connections via the “Connections”
page: ORACLE_SOURCE, linked to the
source schema, and ORACLE_OUTPUT,
linked to the target schema. | then navi-
gated to the “Data Entities” tab to import
the metadata corresponding to the up-
loaded objects from both schemas. Once
the import was done, | created a new pro-
ject under the “Projects” section and ac-
cessed “Data Flows” within it for design-
ing a pipeline to integrate data obtained
from the source objects into the target
GAME_INFO table, which would then
be utilized for analysis.

To eliminate matches where the winner
value was equal to 0, which indicates that
neither team won and the game ended up
as a remake, a “Filter” operation was first
used. Next, the “Expression” operator
from the “Data Transform” panel was
used to perform an unpivot operation,
transforming the dataset by expanding
values from multiple columns into multi-
ple records, each row ending up with
match data for only one player. Specifi-
cally, each row in the original dataset

Through the use of expressions, | extracted
the game ID, winning team, champion
name, and the two summoner spells associ-
ated with each champion.

Data for Team 1 and Team 2 were combined
into a single dataset using the “Set” operator
with the UNION operation. Before merging
the two obtained sets, | transformed the
winner column using the DECODE function
to create separate binary indicators for each
team: for Team 1, a value of 1 indicated a
win (originally 1) and O indicated a loss
(originally 2); for Team 2, a value of 1 indi-
cated a win (originally 2) and 0 indicated a
loss (originally 1). This approach made it
possible to show each team’s win and loss
records separately. This transformation was
performed prior to unifying the data to sim-
plify the process and avoid complications
related to column prefixes such as “T1 " for
the first team and “T2 ” for the second one.
Following this, left outer joins were execut-
ed with the CHAMPION_INFO and SUM-
MONER_SPELL_INFO tables created from
the flattened JSON files to retain all relevant
data. Since the SUMMON-
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ER_SPELL_INFO table contained two
columns representing summoner spells,
two join operations were necessary. Fi-

nally, the transformed data was loaded into
the target table GAME_INFO, with the col-
umn mapping illustrated in Figure 2.

T SUMMONER_SFELLS 2

Cﬂf CHAMPIONS ) G Join_Sgelle 2 Y] Trancer |
8 Join_Champs H Join_Spalls_1 )

BH SUMMONER_SPELLS_1

Fig. 2. ETL Workflow

This process resulted in a dataset com-
prising over 500,000 rows. The final
structure of the GAME_INFO table is
displayed in Figure 3.

@ Mumber of Rows: 510530 Humber of Columns: 4

" Fig. 3. ETL Output

7 Integrating Data with Machine
Learning

To highlight the importance of data prep-
aration for machine learning, | created a
simple model utilizing the data from the
obtained table in order to estimate the
probability of winning in League of Leg-
ends. Due to having limited access rights
on Oracle Cloud, I couldn’t fully utilize
its tools designed for machine learning.
Therefore, | developed a project on my
local machine, in which | connected to
the Oracle ADW and performed the nec-
essary operations programmatically in
Python.

For example, instead of creating an ex-
pression within the ODI Web to insert

and utilize a random parameter for splitting
the data, | directly performed an 80-20 split
of the dataset in Python, dividing it into
training and testing sets. Similarly, rather
than using the data_cleanse feature from the
“Data Preparation” tab, I manually handled
missing values by replacing empty strings
with “” and filling empty numeric fields
with mean values, programmatically repli-
cating the cleaning process displayed in Fig-
ure 4.

mmmmmmm

uuuuuuuu

Fig. 4. ODI Web Data Cleanse

Moving on to the modeling stage, | imple-
mented a simple logistic regression to ana-
lyze the binary dependent variable WIN-
NER in relation to independent variables
representing the champions and summoner
spells used in each match, focusing exclu-
sively on pre-game data. As a result, the
model produced a low Area Under the
Curve (AUC) of 0.52 on the Receiver Oper-
ating Characteristic (ROC) curve (Figure 5).
According to standard interpretation, an
AUC close to 0.5 suggests performance
equivalent to random guessing, indicating
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that the model had no discriminating abil-
ity [25].

ROC Curve

1.0 { — ROC Curve (AUC = 0.52)

08

Sensitivity

04

0.2

0.0

0.0 0.2 0.4 0.6 0.8 1.0
1-Specificity

Fig. 5. ROC Curve

The shape of the ROC curve further sup-
ports this interpretation, as it leans toward
1-specificity axis, showing a higher rate
of false positives [26]. The model incor-
rectly predicted negative outcomes as
positive in several cases. This outcome
implies that the selected features are not
enough for the model to learn effectively.
Consequently, the predictions resembled
random classification rather than reflect-
ing significant patterns.

This limitation is not unique; a similar
pattern was observed in League of Leg-
ends Match Outcome Prediction, where
models trained only on pre-game features
performed close to random, while models
incorporating in-game data achieved sig-
nificantly better results, as measured by
ROC curves [27].

8 Conclusions and Future Work

OCI provides a wide range of options for
transforming large datasets from ware-
houses, and loading them into designated
storage systems. For ETL and ELT pro-
cesses, Oracle provides both ODI and
Oracle Data Transforms, also known as
ODI Web. The latter is built on the foun-
dation of ODI, using a similar syntax and
offering many of the same processing
features in a no-code format which can
also generate the code required for the
defined operations. In Data Transforms,
pipelines can be built in the Data Flow
interface, making development easier. In

addition to the visual workflow, the tool can
automatically generate the underlying code
once the pipeline is complete. The integra-
tion with ADW allows users to manage stor-
age and processing entirely in the cloud.

The ETL process used for this paper demon-
strates a modern approach to preparing data
from a warehouse and loading it into a target
table in a database schema. However, for the
analysis part, the results from the machine
learning model built from the processed da-
taset display that the current dataset, based
only on pre-game information, lacks the
complexity needed to build a strong predic-
tive model.

For future work, the utilized table infor-
mation could be enhanced by keeping col-
umns which contain events occurring during
the matches. Elements such as match dura-
tion, control over key objectives like drag-
ons and towers, and other gameplay events
can strongly influence the final result of the
match. Therefore, adding these variables
would likely improve the model’s predictive
accuracy.

Overall, this paper demonstrates how ODI
Web from the OCI suite can be effectively
used to develop and maintain ETL opera-
tions. It represents a modern solution for
data processing and analysis, as it also aids
in building machine learning models.
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The visualization component within Business Intelligence (BI) systems plays an essential role
in transforming operational data into actionable insights for the decision-making process. Bl
tools facilitate data interpretation and the formulation of evidence-based conclusions, sup-
porting organizations in monitoring performance through clear metrics and adapting rapidly
to changes in the competitive environment, including in low-latency information contexts.
From this perspective, the article presents general Bl concepts and proposes a comparative
analysis of two representative platforms, Microsoft Power Bl and Qlik Cloud Analytics, high-
lighting their capabilities and limitations based on relevant evaluation criteria.
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Introduction

In the current business environment,
companies are undergoing an accelerated
digitalization process, recognizing that
data represents one of the most valuable
available resources. This reality is reflected
by a significant increase in data volume
and a diversification of sources, which
amplifies the need for efficient integration
and analysis mechanisms. Consequently,
the adoption of Business Intelligence sys-
tems becomes a necessity and a strategic
factor, as it allows for leveraging data and
supports real-time decision-making [3].
Data visualization is an essential element
in transforming raw data into aggregated
and easily interpretable information. Tools
oriented towards graphical representations
offer a high degree of interactivity and
have, over time, integrated user-oriented
functionalities, such as multi-criteria filter-
ing and exploring data from different per-
spectives. By analyzing the trends of key
performance indicators (KPIs) and identi-
fying patterns (evolutions, stagnations, or
deviations), organizations can formulate
conclusions that contribute to understand-
ing market dynamics and customer behav-

ior, as well as to identifying opportunities
and risks.

In this sense, Bl solution developers do not
just build isolated visualizations, but struc-
ture the information in a narrative ap-
proach, which facilitates the interpretation
and communication of results. This ap-
proach can contribute to the consolidation
of a data-driven organizational culture, in
which decisions are based on accurate and
consistent information, with the potential
to generate competitive advantages [4].

In fields of activity such as energy, fi-
nance, and education, the choice and im-
plementation of a visualization platform go
beyond the technological dimension, be-
coming an organizational decision that
influences processes and working methods.
Since the market offers a wide range of
alternative platforms, each with benefits
and limitations, there is no universally
suitable solution; the selection depends on
the specific requirements and the opera-
tional context of each organization.
Annually, Gartner, an IT consulting and
research company, publishes evaluations
regarding Analytics and Business Intelli-
gence platform providers. Through the
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Gartner Magic Quadrant methodology,
providers are positioned in a synthetic rep-
resentation that reflects both the ability to
execute and the completeness of vision. In
this paper, the Magic Quadrant is used for

orientation purposes, to contextualize the
market, without being treated as a com-
plete validation for all implementation
scenarios [10, 11, 12].

As of May 2025

Fig. 1 Magic Quadrant for Analytics and Business Intelligence Platforms

In the following chapters, the theoretical
foundations associated with the traditional
Bl architecture are presented, in order to
familiarize the reader with the concept and
understand how it integrates with the sys-
tem architecture. Subsequently, the charac-
teristics of two representative technologies,
namely Microsoft Power Bl and Qlik
Cloud Analytics, are detailed. Both the
benefits and the constraints of each plat-
form are highlighted, and in the final stage,
a comparative analysis is performed based
on a set of relevant evaluation criteria.

2 The Bl Architectural Model

The concept of Business Intelligence can
be structured into three main components:
data extraction and integration, data stor-

age, and data access, analysis, and visuali-
zation. The Bl flow can be described as a
sequential process, from information col-
lection to analytical consumption [1].

In the first stage, organizations use internal
sources, originating from operational sys-
tems (for example, SAP or Salesforce), as
well as external sources, such as public
data from the Internet or information pro-
vided by partners and agencies. These da-
tasets are processed through ETL (Extract,
Transform, Load) or ELT (Extract, Load,
Transform) processes, within which clean-
ing and standardization operations are ap-
plied, with the aim of ensuring data quali-
ty.

The second component, storage, is
achieved by loading the data into the Data



22

Data Visualization in Business Intelligence:

A Comparison Between Power Bl and Qlik Cloud Analytics

Warehouse. At this level, different Data
Marts oriented towards specific functional
areas can be defined (for example, individ-
ual Data Marts can be created for the fi-
nance, retail, and logistics departments).
Through this logical separation, organiza-
tions can adapt the data structure to partic-
ular analytical requirements and improve
query performance through aggregations
and dedicated models [1, 5].

In the final stage, data is leveraged through
the development of dashboards and re-

Internal Data

ports, through detailed exploratory anal-
yses, as well as through data mining and
machine learning techniques, these repre-
senting just a few of the usual methods of
analytical consumption. By integrating
these capabilities, Bl solutions contribute
to the transformation of data into analytical
conclusions that substantiate organization-
al decisions [2].

Next, this conceptual structure is illustrated
through a traditional Bl architecture, which
highlights the data flow:

External Data

ETL/ELT Tools —>

Data Warehouse

Data Mart

Y v

| Dahboards ) | Reports )

k.

[ Data Mining )

¥ h

[ Machine Learning )

Fig. 2 Architecture of a Bl System
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3 Overview of the Analyzed Bl Plat-
forms: Microsoft Power Bl and Qlik
Cloud Analytics

Microsoft Power Bl, initially launched in
2013, represents a Business Intelligence
platform integrated into the Microsoft eco-
system and available within the Microsoft
365 suite. The solution is noted for a high
degree of flexibility in use and a relatively
low learning curve for users who already
have experience with tools such as Mi-
crosoft Excel. From the perspective of its
components, Power Bl includes a cloud-
based part, called Power Bl Service, used
for publishing, sharing, and administering
analytical content, as well as a local com-
ponent, Power Bl Desktop, intended for
the development of data models and re-
ports [14].

Regarding connectivity, Power Bl offers
an extensive range of integration options
with heterogeneous data sources, including
enterprise applications (such as
CRM/ERP), relational databases, on-
premises sources, files (for example, Ex-
cel), and other types of specific connectors.
This diversity supports the use of the plat-
form in varied organizational scenarios,
where data originates from multiple sys-
tems and formats.

For data processing and modeling, Power
Bl provides a set of established compo-
nents: Power Query (for extraction and
transformation), Power Pivot (for tabular
modeling), and the DAX language — Data
Analysis  Expressions  (for  defining
measures and calculations). Together,
these elements allow both the preparation
of data and the construction of a semantic
model that can support advanced analytical
calculations [2, 6].

From the perspective of user perception,
the specialized literature highlights favora-
ble evaluations for Power Bl in organiza-
tional contexts. The study conducted by
Kumaresan and Shalu, oriented towards
understanding the perspective of organiza-
tions that have adopted Power BI across
different industries, reports a high level of
satisfaction from the respondents. Accord-

ing to the authors, over 75% of the evalua-
tions were positive in each of the three
analyzed areas: efficiency in reporting and
visualization, impact on business deci-
sions, and real-time analysis capabilities
[6].

Ease of development and accessibility for
non-technical users represent a primary
advantage of the platform. Power BI offers
a relatively easy-to-use drag-and-drop in-
terface that allows both BI developers and
business users to explore data and build
visualizations. Furthermore, a significant
portion of the configurations, such as mod-
els, visuals, and interactions, can be
achieved through interface options, reduc-
ing the need for complex code-level inter-
ventions [5]. Another strength consists of
its high capabilities for collaboration and
distribution of analytical content. The plat-
form provides flexible mechanisms for
publishing and sharing reports, with the
possibility of controlling data access based
on the user's role. In this way, teams can
work on the same reports and use a com-
mon set of indicators. The integration with
the Microsoft 365 ecosystem, including
Microsoft Teams, facilitates access to re-
ports in collaborative contexts like meet-
ings, conversations, and workspaces [6].
Regarding the challenges, scalability
emerges as a primary concern. For large-
sized organizations characterized by a high
number of sources and significant data
volumes, scalability becomes a relevant
issue. The increase in data complexity and
volume can lead to performance degrada-
tion, particularly concerning the update
times of dashboards. This aspect represents
an important limitation in contexts where
the real-time availability of information is
required [5, 6].

Additionally, governance and the con-
sistency of indicators in a self-service envi-
ronment pose significant challenges. The
flexibility of Power Bl can lead to dupli-
cated reports and non-uniform definitions
of KPIs if a common semantic model and
clear rules for development and publishing
are not established.
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Qlik Cloud Analytics is a Business Intelli-
gence and analytics platform offered by
Qlik in a SaaS (Software as a Service)
model, being hosted and managed by the
provider. The solution is positioned in the
"modern data stack” area, as it covers an
end-to-end flow, from connecting and in-
tegrating data sets to analysis and visuali-
zation, with an emphasis on interactive and
exploratory consumption [13].

A distinctive element of the platform is the
use of the Qlik Associative Engine, an as-
sociativity-oriented engine that allows data
exploration from multiple perspectives by
highlighting the relationships between enti-
ties and contextual filtering. In this model,
data is loaded and processed in memory,
which facilitates fast queries and dynamic
recalculations during user interaction. As a
result, users can perform exploratory anal-
yses with high granularity, quickly identi-
fying relevant correlations, exceptions, or
patterns as they modify selections and fil-
ters [7].

Unlike strictly SQL-based query approach-
es (joins) where the analytical context is
often limited to explicitly defined relation-
ships, the Qlik associative model allows
navigating through data in a more flexible
way, maintaining visibility over elements
correlated and uncorrelated with the cur-
rent selection.

At the interface level, after each selection,
the platform instantly updates the context
and highlights the possible states of the
data (for example: selected values, values
compatible with the selection, and incom-
patible values). This mechanism facilitates
what-if analysis and supports the rapid
formulation of additional analytical ques-
tions, as well as the identification of oppor-
tunities or risks in the data [7].

Regarding connectivity, Qlik Cloud Ana-
Iytics provides support for a varied range
of sources, including SaaS applications,
databases, web APIs (REST), and cloud
storage systems (for example, AWS S3 or
Azure).

From the perspective of data preparation,
the platform includes integration and trans-

formation functionalities that can be used
directly within the development environ-
ment, including through the Load Editor
area, where loading and transformation
flows can be defined, thus integrating
ETL/ELT type components in the process
of building the analytical application.
Low-latency interactive analysis represents
a major strength of the platform. The asso-
ciative engine allows for the dynamic re-
calculation of visualizations after each se-
lection, immediately highlighting data rela-
tionships through association states (se-
lected values, compatible values, and in-
compatible values).

This mechanism supports the rapid explo-
ration of data and the identification of cor-
relations or exceptions during analysis [7].
Furthermore, scalability and suitability for
complex data models constitute another
significant advantage. Qlik Cloud Analyt-
ics is well-suited for scenarios involving
large data volumes and complex relation-
ships between entities, enabling multidi-
mensional and exploratory analysis with-
out imposing a rigid data navigation flow.
Regarding the challenges, the complexity
of development and the learning curve are
notable. Development in Qlik requires fa-
miliarization with platform-specific con-
cepts and mechanisms, including the load
script and the expressions used in the inter-
face. Consequently, the learning curve can
be steeper for users without prior experi-
ence in Qlik. Additionally, constraints re-
garding data modeling and association con-
trol can arise. The associative model inher-
ently relies on associating fields with the
same name across tables.

This characteristic can become a limitation
in situations where names are not harmo-
nized or when there are multiple relation-
ships between the same entities, in which
case script-level interventions are neces-
sary to avoid ambiguities and unexpected
results in the analysis.
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4 Comparative Analysis: Power BI vs.
Qlik Cloud Analytics

To obtain a more comprehensive
perspective on the two solutions presented
in the previous chapter, Microsoft Power
Bl and Qlik Cloud Analytics, this section
proposes a multidimensional comparative
analysis, tracking relevant capabilities
across the entire Bl flow: data integration
and  preparation, modeling, data
exploration, and creating visualizations.
From the perspective of data integration
and transformation processes, Qlik Cloud
Analytics offers an efficient in-app
processing mechanism, particularly
through the use of QVD files (Qlik native
format) and the possibility of organizing
the load script modularly for reuse. In
Qlik's technical literature, it is mentioned
that reading from QVD files is typically 10
to 100 times faster than reading from other
sources, which can significantly reduce
load times in certain scenarios [9]. In
Power BI, the main component for data
integration and preparation is Power
Query, which allows applying
transformations through sequential steps.
This approach is advantageous due to the
transparency of the transformations (step
history) and accessibility for non-technical
users, who can perform many operations
directly from the interface.

An important difference between the two
technologies is the way the data model is
built. In Power BlI, relationships between
tables can be automatically detected and
subsequently reviewed and configured
manually, including choosing the filtering
direction.  This  platform has a
predominantly  visual approach, and
relationships are defined interactively in
the Model View area. In Qlik, the
associative model is based on the implicit
association of fields with the same name
across tables; the control of these
associations is mainly achieved through
scripts (for example, renaming, loading
rules), not by manually adjusting
relationships in the model, as seen in
Power BI. In this context, the notion of the

Synthetic Key also appears, which is
formed when there are multiple common
fields with the same names between tables
in Qlik Analytics, generating ambiguities
that must be resolved through remodeling,
such as clarifying keys or restructuring
links [15].

In the stage of validating loaded data, the
tools offer different approaches. In Power
Bl, the user has dedicated areas for
examining the model and the data, such as
viewing the model in the Model View area
and tabular viewing in the Table View
area, which facilitates quick checks
(sorting, filtering, inspecting values) and
adjustments through transformations or
calculated columns. In Qlik, verification is
usually done by viewing the model,
previews available in the load area, and
often by building a control sheet (for
example, simple tables) to validate content
and associations. Additionally, both
platforms offer data profiling
functionalities at the column level,
providing descriptive statistics, which are
useful for quickly identifying anomalies
and evaluating data quality before the
visualization stage.

From the perspective of languages, Power
Bl uses M in the Power Query area for
transformations and DAX for analytical
measures and calculations. In Qlik, data
preparation is performed through Qlik
Script, and the analytical logic in
visualizations is expressed through specific
expressions in the Set Analysis section.
Typically, for users without technical
experience, Power Bl may seem more
accessible at first due to the high number
of operations that can be performed
through the interface; in Qlik, for advanced
scenarios, the need to use scripts arises
more quickly, which can steepen the
learning curve [4].

At the visualization level, both platforms
offer an extensive portfolio of charts and
configuration options. Regarding page
arrangement, Qlik uses a grid layout,
which  facilitates the alignment of
visualizations, while Power Bl offers
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greater freedom of positioning on the
canvas. From the perspective of style
customization, Power BI generally has
greater control over formatting elements,
such as fonts and design details. In Qlik,
colors can be selected from palettes or set
through expressions and themes; there is
control, but the level of customization
depends on the type of visualization and
the chosen approach.

From the perspective of end-users'
interaction with reports, the number of
actions required to complete a task directly
influences the efficiency of exploratory
analysis. In this regard, the BARC
Benchmark comparatively evaluates Power
Bl and Qlik in usual scenarios, reporting
differences in productivity and stability.
The communications associated with the
benchmark mention that Qlik requires
fewer interactions (clicks) per task,
contributing to higher productivity during
tests: on average, a Power Bl user would
need approximately 1.3 times (=30%)
more interactions to accomplish the same

task compared to Qlik [8]. A practical
explanation relates to how each platform
exposes the filtering context. In Qlik, the
associative ~ mechanism  immediately
highlights the state of the values (selected,
possible, impossible), and the user sees the
active selections at the top and can quickly
remove a selection or reset the context
through a “clear all selections” action,
which shortens the exploration cycle. In
Power BI, filters are mainly managed
through the Filters pane, with filters
existing at the visual, page, and report
levels; the user can inspect the filters, but
their visibility and management depend on
how the report is configured and the
filtering interface (pane or slicers), which
can lead to a higher number of steps in
exploration,  especially in  complex
scenarios.

To summarize the information described in
this chapter, the most important evaluation
criteria have been grouped below, offering
a conclusion for each of the two analyzed
technologies.

Table 1. Summary of the comparison between Power Bl and Qlik Analytics

Evaluation Criterion

Microsoft Power Bl

Qlik Cloud Analytics

Data Integration and
Preparation

Power Query (M) + step-by-
step transformations; accessible
approach, many operations
available via the interface.

Load script + QVD,; efficient
for in-app processing and
reuse.

Data Modeling

Visual modeling; manually

Associative model; implicit

configurable relationships (car-
dinality, cross-filter direction).

associations based on com-
mon field names, primarily
controlled via script.

Exploration and Interac-
tivity

Filter/slicer-based exploration;
highly dependent on report
design.

Associative exploration (se-
lected/possible/excluded);
highly suitable for explorato-
ry analysis.

Exploration and Interac-
tivity

High degree of freedom in ar-
rangement and formatting; de-
tailed customization.

Grid layout for alignment;
good customization, but more
dependent on palettes,
themes, and expressions.

Languages and Learning
Curve

M + DAX; easier initially for
users familiar with Excel.

Qlik Script; steeper learning
curve for advanced scenarios.

Given the points presented above, a
comprehensive overview of the similarities
and differences between the two platforms

efficient

can be outlined. However, to ensure their

use and achieve adequate

performance in an organizational context,
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it is necessary to consider complementary
factors, such as the infrastructure and the
way the platform is integrated into the
organization's existing processes and
systems, the design of robust and secure
data flows capable of providing real-time
data according to operational requirements,
the definition and application of clear data
governance policies, increasing the level of
data literacy for users who utilize reports
and dashboards, and consolidating the
skills of development teams (BI developers
and analysts) to leverage existing
capabilities and adopt new platform
functionalities [3].

5 Conclusion

In conclusion, Business Intelligence tools
play an essential role in supporting
organizational decisions by transforming
data from heterogeneous sources into
relevant, synthetic, and easily interpretable
information. In the current context,
characterized by accelerated digitalization,
increasing data volumes, and the
diversification of sources, Bl becomes a
strategic factor that supports both
performance monitoring through key
performance indicators (KPIs) and the
identification of trends, patterns, and
deviations impacting the competitive
environment.

The paper framed this issue by presenting
the traditional BI architecture, structured
into three main components: data integra-
tion and preparation (extraction, transfor-
mation), storage (Data Warehouse and,
where applicable, Data Marts), and analyt-
ical consumption (reporting, exploratory
analysis, and advanced methods). This
framework highlights the fact that the val-
ue of BI is not derived exclusively from
visualizations, but from the entire chain
that ensures data quality, consistency, and
availability for analysis, including in sce-
narios with low-latency requirements.
Based on this foundation, the comparison
between Power Bl and Qlik Cloud Analyt-
ics indicates that both platforms are well-
established and widely used, yet they differ

in their approach and in the way they sup-
port data development and exploration.
Power BI stands out through its integration
into the Microsoft ecosystem, its initial
accessibility, and its visual modeling of
relationships, making it suitable for scenar-
ios where rapid development, standardiza-
tion, and easy distribution of reports are
prioritized. In contrast, Qlik Cloud differ-
entiates itself through its associative model
and interactive exploration mechanisms,
which facilitate exploratory analysis and
the highlighting of data relationships, par-
ticularly in contexts with complex models
and iterative analytical questions.
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Recommendation systems have become a cornerstone of modern e-commerce, directly shap-
ing user experience and conversion rates. Yet most conventional approaches rely solely on
behavioral history, clicks, views, purchases, without any awareness of how a user is feeling in
the moment of decision. This paper presents an intelligent recommendation system that fills
that gap by weaving emotional analysis of text reviews into a real-time data-processing pipe-
line. The solution is built on a Kappa architecture and leverages Apache Kafka, Google
Cloud BigQuery, Bigtable, BigQuery ML, and a RoBERTa-based NLP model for emotion
detection. Users are grouped into clusters through K-Means segmentation according to their
emotional profiles and recommendations are then derived from well-established correlations
between emotional states and product categories. In controlled evaluation, the system
achieved a Precision@5 of 0.98, a Recall@5 of 0.94, and an F1-score of 0.96, confirming the
strength of the proposed approach.

Keywords: Recommendation systems, sentiment analysis, BigQuery ML, Apache Kafka, Kap-
pa architecture, ROBERTa, natural language processing, personalized recommendations.

Introduction

The rapid digital transformation of
e-commerce has produced an enormous
and ever-growing volume of user-
generated data. Every click, page view,
purchase, and review contributes to a rich
behavioral profile that platforms use to
personalize the consumer experience. At
the center of this effort sit recommender
systems, tools that have proven indispen-
sable for improving user satisfaction and
driving commercial performance [1], [2],
[3].

Most widely deployed systems, how-
ever, share a fundamental blind spot.
Whether they rely on collaborative filter-
ing, popularity rankings, or content-based
analysis, they treat user intent as a purely
behavioral signal. They can tell you what
a user did, but not why [4]. Consider two
people who both purchase the same book:
one is looking for a relaxing weekend
read, the other for professional develop-
ment. Their behavior is identical; their
needs are not.

This is where affective analysis comes in.
Emotions are a powerful driver of purchas-
ing behavior, and accounting for a user's
current emotional state opens the door to
recommendations that feel genuinely rele-
vant rather than merely statistically probable.
The potential here is significant, not just for
accuracy, but for the quality of the overall
user experience [5], [6].

This paper introduces a recommender sys-
tem that integrates emotional analysis of
textual reviews with real-time stream pro-
cessing, built on a Kappa architecture and
deployed within the Google Cloud Platform
ecosystem [7]. The goal is a scalable, low-
latency framework that delivers recommen-
dations sensitive to both a user's transaction-
al history and their dynamic emotional state

[8].

2 System Architecture

The system is built around two guiding
principles: modularity and a microservices-
based design. Each component operates in-
dependently and communicates through
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well-defined interfaces, which makes the
architecture easy to extend without dis-
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Fig. 1. Example General Architecture of the Emotion-Based Recommendation System

As illustrated in Fig. 1, the system is
divided into three processing layers:
online, nearline, and offline. This separa-
tion allows real-time recommendations to
be served while user profiles are being
continuously updated in the background,
and machine learning models are re-
trained without any impact on the live
environment.

The system is built on a Kappa
architecture, which processes both
historical data and real-time streams

through a single unified pipeline [9], [10].
This sets it apart from the traditional
Lambda architecture, where batch and
streaming layers run in parallel and must
be  maintained independently, a
separation  that adds  significant
complexity and operational overhead. By
consolidating  everything into one
pipeline, the Kappa approach keeps the
architecture simpler and ensures the low
latency that real-time recommendations
require [11], [12].

All data enters the system from user
interactions on web and mobile
applications.  These  events  flow
continuously into Apache Kafka, which
distributes them to  downstream

components via distinct topics, a design that
decouples processes cleanly and limits inter-
module dependencies [13]. Before any
message is processed, a Schema Registry
validates its structure against JSON or
AVRO schemas. Any payload that does not
conform is discarded, preventing formatting
errors or malformed data from propagating
through the system [14].

3 Data Ingestion and Emotional Analysis
Data ingestion is implemented through
three parallel streas inventory updates, user
interactions, and textual reviews, published
continuously to Apache Kafka. Listing 1
presents the core ingestion logic responsible
for generating and publishing these event

streams concurrently.
FUNCTION run_ingestion(limit):
producer =
initialize_kafka producer (broker="localh
ost:9092")

for i in range (O,
client_id =

limit):
random_integer(1,

250000)

product_id = random_integer(1l,
3700000)

session_id = random_integer(1l,
500000)

# Stream 1: Inventory
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product =
generate product (product_id,
category, brand, price)

producer.send("inventory updates",
key=product_id, value=product)

# Stream 2: User
Interaction
interaction =

generate_interaction(client_id,
product_id, session_id,

event_type=random_choice (["view",
"click", "cart", "purchase"]),

device=random_choice (["Mobile",
"Desktop", "Tablet"])
)

producer.send("user_events",
key=client_id, value=interaction)

# Stream 3: Feedback (20%
probability)
if random() > 0.8:
review =
generate_review(client_id,
product_id,

text=faker.paragraph(),

emotion=random choice (EMOTIONS)

)

producer. send (" feedback",
key=client_id, value=review)

if i $ 1000 ==
producer. flush ()
log (f"Ingested {i}
batches...")

producer. flush ()
log("Ingestion complete.")

Listing 1. High-Throughput Ingestion Engine

As shown in Listing 1, the three
streams operate concurrently and con-
verge within a unified pipeline, closely
mirroring a real production environment
and allowing the system to be tested un-
der genuinely demanding conditions.

Each stream serves a distinct role. The
first keeps the product catalog current,
continuously refreshing attributes such as
category, brand, price, and dimensions.
The second captures user behavior at a
granular level: page views, clicks, cart
additions, and completed purchases. The
third processes written reviews and as-

signs emotional labels to each one, progres-
sively building out the affective dimension
of the user profile.

Throughput was assessed against a dataset
of one million records, which produced
roughly one million interaction events, one
million inventory updates, and 200,000 tex-
tual reviews. The full workload completed
in approximately twelve minutes and forty-
three seconds, a result that speaks to the
pipeline's capacity for sustained, high-
volume data ingestion.

Emotion detection is powered by the
SamLowe/roberta-base-go_emotions model
from Hugging Face, a RoBERTa-based
classifier fine-tuned on the GoEmotions
dataset, a corpus of around 58,000 Reddit
comments labeled across 28 emotional
categories [14], [15]. For each review, the
model identifies the single most prominent
emotion, whether joy, sadness, anger,
surprise, disgust or fear, translating raw user
text into structured affective signals that the
rest of the system can act on directly [6].

4. Storage and User Segmentation

The system relies on two complementary
storage technologies, each chosen to meet
specific performance requirements while
respecting the constraints of the CAP
theorem.

Google Cloud Bigtable handles active
session data, providing sub-millisecond read
latency. Each record uses a composite row
key structured as
user_id#session_id#timestamp, a schema
chosen to enable fast querying and support
the real-time updating of recommendations.
Google Cloud BigQuery serves as the
analytical data warehouse, storing the full
history of user interactions along with
emotional scores, geographic data, event
types and training datasets for machine
learning models.

User segmentation is performed directly
within  BigQuery using the K-Means
clustering algorithm, available natively
through BigQuery ML. Users are grouped
into six clusters corresponding to the six
dominant emotional states: joy, sadness,
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anger, surprise, disgust, and fear.

Running the model where the data
already lives eliminates the need to
export datasets to external systems, a
choice that reduces both operational cost
and processing time substantially.

5. Recommendation Generation

Once a user has been assigned to an
emotional cluster, the system maps that
cluster to a curated set of product
categories. These mappings are grounded
in  well-established  findings  from
behavioral economics and consumer
psychology, which document how
emotional states systematically influence
purchasing decisions.

Table 1 presents the full mapping
between  detected emotions  and
recommended categories, along with the
psychological reasoning behind each
association.

Table 1. Emotion-to-Category Mapping with
Psychological Rationale

discovery-
oriented
categories.
Disgust | Safety, A desire for
Books, security

Home & | motivates
Kitchen purchases  of
protective and
educational
products.

Referenc | Health, Drives toward

es Tools, cleanliness and
Garden self-
improvement
map onto
health and
environmental
products.

Emotion | Matched Psychological
Categories Rationale
Joy Electronics, | A positive
Toys, mood
Clothing encourages
aspirational
and reward-
driven
purchases.
Anger Books, Comfort-
Home & | seeking
Kitchen, behavior favors
Movies familiar,
nurturing
product
categories.

Surprise | Sports, Frustration
Automotive | often redirects

, Tools energy toward
physical
activity or
productivity.

Fear Gifts, Novelty-

Specialty seeking

Products, behavior aligns

Electronics | naturally with

Every recommendation generated by the
system is logged in the
recommendations_log table along with the
rationale  behind its selection.  This
transparency ensures full traceability of
decisions and makes rigorous performance
evaluation straightforward.

The system also actively mitigates the risk
of creating a filter bubble. By distributing
recommendations across a minimum of
fourteen distinct product categories, it
prevents the over-repetition of similar
suggestions, promoting diversity in what
users see and by extension, a richer
browsing experience.

6 Performance Evaluation

Evaluation begins with a look at data
distribution, specifically to confirm that the
datasets used are sufficiently diverse and
representative. A consistent spread across
interaction types, device categories and
emotional states indicates that the data is
well-balanced and appropriate for training.
The product catalog contains over 3.7
million records across six primary categories,
providing a solid base for generating
relevant recommendations.

Fig. 2 maps the six dominant emotional
states against major commercial regions in
Romania, revealing meaningful geographic
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variation in user sentiment, a reminder
that emotional behavior is not uniform
across populations.
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Fig. 2. High-DenSity Regional Sentiment
Correlation

After applying the RoBERTa model,

joy emerged as the emotion with the
highest average score across all processed
reviews, which aligns with the general
tendency of online reviews to skew posi-
tive or neutral.
System performance was evaluated using
the standard top-N recommendation met-
rics Precision@5, Recall@5, and F1-
score. While Precision@5 measures the
proportion of relevant recommended
items among the top five suggestions,
Recall@5 reflects the proportion of all
relevant items successfully retrieved by
the system. To provide a balanced eval-
uation between precision and recall, the
F1-score was calculated using the har-
monic mean of the two metrics as follows
[16]:

F1 =2 x (Precision x Recall) / (Precision
+ Recall)

System performance was measured using
three standard metrics for top-N recom-
mendation tasks:
* Precision@5: 0.98
* Recall@5: 0.94
* F1-score: 0.96

To put these numbers in context, the
system was compared against three con-
ventional baselines: random recommen-
dation, popularity-based ranking and con-
tent-based filtering. Table 2 presents this
comparative analysis, clearly
demonstrating the  superiority and

enhanced accuracy of the emotion-aware
approach [16].

Table 2. Comparative Performance: Superi-
ority of BQML-Driven Logic

Strategy Preci- Re- F1-
sion@5 | call@5 | Sco
re
Random ~0.17 ~0.14 | ~O0.
Recommen- 15
dation
Popularity- | ~0.35 ~0.30 | ~O0.
Only Base- 32
line
Content- ~0.48 ~0.40 ~0.
Only Filter- 42
ing
BOML 0.98 0.94 0.96
Emotion-
Aware

The gap is substantial. The emotion-aware
system achieves roughly 3.1 times the preci-
sion of a random baseline and around 1.5
times that of a popularity-only approach.
These are not marginal gains as they con-
firm that embedding affective signals into
the recommendation pipeline produces a
meaningful and measurable improvement.

Figure 3 shows the final evaluation log,
tracing the pipeline's execution from initial
ingestion through to performance validation.
The output confirms that every stage ran
cleanly and that the reported metrics reflect
a complete, end-to-end process.

Evaluation Engine Logs

Fetching
Performing B

Phase 3 Accuracy Evaluation complete. Visuals generated.

Fig. 3. Evaluation Engine Log

7 Limitations and Future Directions

Despite the promising results, the system
has several limitations that deserve honest
acknowledgment.

The most persistent challenge is the cold-
start problem. When a new user has no in-
teraction history, there is no basis for build-
ing an affective profile and the system must
fall back to generic, non-personalized rec-
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ommendations until enough behavioral
data accumulates.

A second limitation concerns emotional
ambiguity. When multiple emotional cat-
egories receive similar probability scores,
reducing a user's complex internal state to
a single dominant label may oversimplify
what they are actually feeling and poten-
tially reduce the relevance of the resulting
recommendations.

The use of synthetic data during evalua-
tion also introduces a potential bias. Arti-
ficially generated reviews tend to lean
positive or neutral, which inflates the
proportion of users assigned to the joy
cluster and may limit the ecological va-
lidity of the results.

Addressing these limitations paves the
way for several future research direc-
tions:

» Weighted Emotion Aggregation: Rather
than isolating a single emotion, the sys-
tem could process the full distribution of
detected  emotions  simultaneously,
weighting each proportionally to capture
a more nuanced psychological profile.
*Hybrid Recommendation Engine: Com-
bining collaborative filtering with the
emotion-aware logic could create a better
balance between personalization depth
and content diversity, reducing the risk of
over-specialization.

* Production Deployment and A/B Test-
ing: The ultimate test of the system's val-
ue will come from live deployment at
scale. Rigorous A/B testing in production
environments will be essential to validate
real-world performance, scalability and
measurable impact on user engagement.

8 Conclusions

This research makes a clear case for the
role of affective analysis in modern rec-
ommender systems. By integrating NLP-
derived emotional signals with a Kappa
architecture and BigQuery ML, the pro-
posed framework delivers a scalable,
low-latency solution that responds to how
users actually feel, not just what they
have done in the past.

The empirical results speak for them-
selves: a Precision@5 of 0.98 and an F1-
score of 0.96 represent a substantial im-
provement over every conventional baseline
tested. The system is not simply more accu-
rate, it operates from a fundamentally differ-
ent understanding of what drives user behav-
ior.

Ultimately, this work moves the needle on
personalization by adding a cognitive di-
mension that most recommendation systems
currently lack: genuine awareness of the
user's emotional state. That shift, from track-
ing behavior to understanding motivation,
opens rich possibilities for the future of in-
telligent personalization, across e-commerce
and well beyond it.
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Polyglot persistence is increasingly adopted because large-scale applications combine
correctness-critical state with high-throughput, latency-sensitive workloads that cannot be served
efficiently by a single datastore. This paper contrasts SQL and NoSQL systems in terms of
transactional guarantees, recovery behavior, data modeling, query expressiveness, schema
evolution, and operational scaling constraints. Based on this comparison, we derive datastore
selection criteria that distinguish system-of-record components from derived serving models. We
then discuss integration mechanisms for polyglot architectures, emphasizing explicit data
ownership, change propagation via CDC and log-based replication, and saga-style coordination

with compensations to manage cross-store failures.
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Introduction

Data-intensive software rarely faces a
single, uniform persistence problem. Modern
applications must simultaneously support
correctness-critical state changes and high-
volume user-facing interactions, often under
global traffic and continuous delivery
constraints. Social networks and large
consumer platforms illustrate this tension:
the same product must enforce strict rules
for identity and access control, apply
payments and entitlements reliably, and
maintain  auditability  for  moderation
decisions, while also serving personalized
feeds with low latency, collecting telemetry
at high throughput, and storing semi-
structured content metadata that evolves as
features change. These requirements impose
different demands on storage engines. Some
workloads require coordination to guarantee
invariants, whereas others benefit from
partition-local ~ operations to  sustain
responsiveness.
Relational database management systems
remain foundational because the relational
model introduced a disciplined way to
represent data and express queries while
maximizing independence between

application  logic and  machine-level
representation [1]. This separation enables
long-lived systems to evolve: storage layouts
can change, indexes can be added, and
physical organization can be optimized
without rewriting application code, as long
as the logical schema and constraints remain
stable. Consequently, relational systems are
well suited for authoritative datasets that
must be shared across services and remain
interpretable over time, such as financial
records, account states, and compliance-
sensitive entities.

At the same time, large-scale distributed
environments treat partial failure as normal.
Nodes crash, hardware degrades, latency
fluctuates, and network partitions occur.
CAP highlights why these conditions matter:
in replicated shared-data systems, partitions
force explicit trade-offs between strong
consistency and availability for affected
operations [5]. Brewer’s later clarification
emphasizes that the engineering task is to
define acceptable behavior under partitions
rather than rely on a simplistic “two out of
three” interpretation [6]. This motivates
separating correctness-critical state
transitions, which can afford coordination,
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from latency-sensitive serving paths that
benefit from partition-local designs.

A further motivation for polyglot persistence
is workload specialization. When a single
general-purpose DBMS is used for all
workloads, it may become overburdened by
heterogeneous access patterns or force
compromises that degrade performance and
maintainability. The “one size fits all”
critique argues that specialized engines often
outperform general-purpose designs when
workloads differ substantially [4]. As a
result, modern persistence layers are
frequently structured as a portfolio: a
transactional system of record, a scalable
store for events or documents, and derived
read models tailored to user-facing queries.
Within this context, polyglot persistence
refers to deliberately wusing multiple
datastore technologies within the same
application and assigning each technology to
the domain component whose requirements
best match its guarantees and performance
profile [11].

Furthermore, the architectural shift from
monolithic software design to distributed
microservices has acted as a primary catalyst
for the widespread adoption of polyglot per-
sistence. In traditional monolithic architec-
tures, a single, centralized database, typical-
ly relational, served as the universal integra-
tion layer for all application modules. While
this centralized approach simplified opera-
tional maintenance, it created a tight cou-
pling that hindered independent scaling, bot-
tlenecked continuous delivery, and forced all
workloads into a single data model.
Concurrently, the proliferation of cloud-
native infrastructure and Database-as-a-
Service (DBaaS) offerings has drastically
lowered the operational barrier to managing
heterogeneous datastores. Historically, pro-
visioning, tuning, and maintaining high
availability for multiple distinct database
engines within an on-premises data center
required prohibitive operational overhead
and highly specialized personnel. Today,

managed cloud environments allow teams to
provision a highly available relational in-
stance alongside a serverless, horizontally
scalable NoSQL table within minutes [25].
This infrastructural democratization directly
addresses the demands of the modern data
ecosystem, which is characterized by the
"3Vs": Volume, Velocity, and Variety. Be-
cause traditional, uniformly structured sys-
tems struggle to efficiently ingest high-
velocity unstructured data streams while
simultaneously executing complex relational
transactions, a hybridized, polyglot approach
to data persistence is no longer a luxury, but
an engineering necessity.

This approach can reduce architectural
friction, but it introduces an integration
problem: once data is split across stores,
correctness depends on clear ownership
boundaries, propagation semantics, and
well-defined failure behavior. To address
these concerns systematically, the next
sections establish the rationale for SQL and
NoSQL choices, compare their trade-offs
under realistic workloads, and then
formalize integration patterns that preserve
coherence across datastore boundaries.

2 Comparison between SQL and NoSQL
SQL and NoSQL systems reflect different
assumptions about data, workloads, and
failure modes, and the most useful -
comparison is therefore workload-driven
rather than categorical. SQL systems are
rooted in the relational model and a
declarative query language intended to
preserve stable meaning while decoupling
application logic from physical storage
choices [1]. Many NoSQL designs target
large-scale distributed environments where
partial failures and network partitions are
routine, and where limiting coordination can
improve availability and responsiveness
under disruption [5][6].

A first differentiator is how each family
represents data and preserves semantics over
time. In SQL, an explicit schema (types,



38

SQL vs NoSQL in Polyglot Persistence Architectures

keys, constraints, and relationships) acts as a
shared contract that constrains how data can
be written and interpreted, which supports
long-lived system evolution without silent
semantic drift across teams or services [1].
In NoSQL, the data model depends on the
family, such as key-value, document, wide-
column, or graph databases, and schemas are
often flexible or implicit. This flexibility
reduces friction when payloads evolve
rapidly, but it shifts semantic enforcement
toward the application layer (validation,
versioning, and monitoring), increasing the
risk of divergence if governance is weak
[12].

A second differentiator concerns
concurrency and correctness, particularly for
invariants that span multiple entities. SQL
databases commonly provide transactions as
a programming model for safe state
transitions,  supporting atomicity and
durability so that multi-step updates do not
expose partial effects under concurrency or
failures [2]. This is central when business
rules cannot be decomposed without risk, or
when multiple records must change
consistently. Mature recovery designs such
as ARIES further reinforce this model by
providing disciplined write-ahead logging
with  redo/undo  recovery, improving
confidence in crash recovery and
interpretability after incidents [3]. NoSQL
systems frequently limit coordination to
keep operations partition-local;  when
invariants cross partitions or replicas,
applications often rely on idempotent
commands, conflict  handling, and
compensating  workflows rather  than
assuming a single coordinated transaction
for all affected data. This direction aligns
with  the argument that distributed
transactions across heterogeneous
components can be operationally fragile and
costly at scale, motivating alternative
composition models such as saga-style
sequences of local transactions with
compensations [14][15].

A third differentiator is behavior under
network partitions and the associated
consistency-availability trade-offs in
distributed replication. CAP emphasizes that
partitions are not hypothetical at scale; they
are a reality that forces explicit design
choices in replicated shared-data systems
[5]. Brewer’s later clarification stresses that
the practical goal is to define acceptable
behavior during partitions, rather than
relying on a simplistic “two out of three”
rule [6]. Many NoSQL designs embed these
choices into replication and coordination
strategies: by avoiding global coordination
on the common path, they can remain
available and responsive during partial
failures, often at the cost of exposing
temporary inconsistency. The concept of
eventual consistency characterizes this
inconsistency window and clarifies what the
application must handle, including retries,
reordering, and convergence, when replicas
are not instantly synchronized [7]. SQL
systems are more commonly used where
strong consistency is expected for
authoritative state; in such settings, the
system may prefer coordination (and
potentially reduced availability for certain
operations) to avoid returning conflicting or
stale  results for  correctness-critical
decisions.

Performance differences are best framed in
terms of which operations are optimized.
SQL reads are typically strongest when the
workload requires expressive, ad-hoc queries
over relationships: joins, filtering across
multiple entity types, and aggregations that
support auditing, support investigations, and
reconciliation. This follows directly from the
relational model’s objective of enabling
high-level queries while allowing the system
to choose physical strategies internally [1].
NoSQL reads are typically strongest when
the workload is predictable and can be
served from a single partition or a pre-
composed representation. Document and
key-value approaches can make reads fast by
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fetching a whole denormalized object in one
operation, avoiding join-time costs at the
expense of duplication and more complex
update propagation. Wide-column systems
explicitly shape storage around partitioned
access patterns (often key- and range-
oriented) to achieve predictable serving
behavior at large scale [9][10].

Write performance similarly depends on
coordination and workload shape. SQL
writes must often pay for transactional
semantics, constraint checks, and index
maintenance; under contention, concurrency
control can add latency, but the benefit is
centralized enforcement of invariants and
strong recovery guarantees [2][3]. Many
NoSQL systems emphasize high write
throughput by making writes partition-local
and by using replication strategies suited to
always-on  operation  under  failure.
Dynamo’s design exemplifies an
availability-focused write/read approach in
which replication and conflict resolution are
designed to keep the system operating
during node failures and network instability
[8]. Cassandra emphasizes decentralized,
failure-tolerant operation without a single
point of failure and is frequently associated
with ingestion-heavy patterns where the read
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model is designed around known access
paths [10]. In practical terms, NoSQL tends
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To provide a clear and structured compari-
son of the concepts elaborated in the previ-
ous paragraphs, Figure 1 visually synthesiz-
es the fundamental differences and shared
characteristics between SQL and NoSQL
databases. The diagram highlights how SQL
systems are modeled in relational data mod-
els with fixed schemas, strong data integrity,
and optimization for complex queries and
joins[1], whereas NoSQL systems empha-
size flexible schemas, horizontal scalability,
and high-performance read/write operations
for large-scale workloads[12]. At the same
time, the illustration underscores important
commonalities, such as support for CRUD
operations, indexing mechanisms, concur-
rency control, and replication capabilities.
By consolidating these aspects into a single
conceptual view, the figure facilitates a more
intuitive understanding of how the two para-
digms diverge in design philosophy while
converging on core database functionalities.

These contrasting strengths and trade-offs
are not merely theoretical distinctions but
have direct architectural implications. In
practice, these trade-offs often motivate pol-
yglot persistence, where different datastores
are assigned to different bounded contexts
according to their required guarantees and
access patterns [11][13]. The remaining
problem is ensuring coherent behavior once
data and responsibilities span multiple
stores, which motivates the integration
mechanisms discussed next.

3 Advanced Data Modeling and Con-
sistency Trade-offs

To fully appreciate the architectural diver-
gence between relational and non-relational
datastores, it is necessary to examine the
underlying methodologies governing data
modeling and the granular spectrum of con-
sistency models. The transition from SQL to
NoSQL is not merely a change in database
engines; it dictates a fundamental paradigm
shift in how developers interact with data
and how distributed systems agree on state.

3.1 The Object-Relational Impedance
Mismatch vs. Aggregate-Oriented Storage
Relational database models organize data
into two-dimensional tables, requiring nor-
malized relations mapped via foreign keys.
However, modern application logic is over-
whelmingly object-oriented, dealing with
complex, nested, and hierarchical data struc-
tures. Bridging this gap requires Object-
Relational Mapping (ORM) frameworks
(e.g., Hibernate, Entity Framework). While
ORMs simplify application development by
abstracting SQL queries, they frequently
introduce the "Object-Relational Impedance
Mismatch."” Complex object graphs require
multiple resource-intensive joins or result in
the notorious N+1 query problem, where the
application executes a disproportionate
number of secondary queries to fetch related
entities.

Conversely, many NoSQL systems, specifi-
cally Document and Key-Value stores, adopt
an aggregate-oriented storage model [21].
An aggregate is a collection of related ob-
jects that are treated as a single unit for data
manipulation. By storing the entire aggre-
gate as a single JSON or BSON document,
NoSQL databases eliminate the impedance
mismatch. An application can retrieve a
complex entity (e.g., a student profile with
an embedded list of historical test prefer-
ences) in a single disk seek. However, this
optimization shifts the burden of data integ-
rity to the application layer. If an embedded
property changes (e.g., a teacher's contact
email embedded within thousands of test
records), updating it requires a bulk write
operation across multiple documents, where-
as a normalized SQL schema would require
a single row update in a Teachers table.

3.2 Entity-Driven vs. Access-Driven
Schema Design

The philosophical difference between SQL
and NoSQL is most apparent during the
schema design phase. Relational databases
employ an entity-driven modeling approach.
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The database is designed to reflect the pure
relational state of the business domain, aim-
ing for the Third Normal Form (3NF) to
eliminate data redundancy and insertion
anomalies. The exact queries that will be
executed are treated as an afterthought, with
the assumption that SQL’s expressive pow-
er, coupled with secondary indexes, can effi-
ciently join tables to answer any future ad-
hoc analytical question.

NoSQL data modeling, particularly in wide-
column and partitioned key-value stores like
DynamoDB or Cassandra, mandates an ac-
cess-driven (or query-driven) approach [22].
Because distributed databases lack native
support for cross-partition joins, the database
schema must be meticulously designed
around the specific queries the application
will execute. This gives rise to paradigms
such as "Single-Table Design," where heter-
ogeneous entity types (e.g., Students, Cours-
es, and Enrollments) are co-located within
the exact same table using generic partition
keys and sort keys. By pre-computing joins
and utilizing materialized paths or adjacency
lists, NoSQL systems achieve predictable
O(1) or O(log N) read complexity regardless
of the dataset's size. However, this creates a
highly rigid structure; any new access pat-
tern not anticipated during the initial design
phase may require a complete data migration
or the creation of costly secondary indexes.

3.3 Granular Consistency Models and
Quorum Mechanics

While the CAP theorem and the concept of
"eventual consistency" provide a high-level
vocabulary for distributed systems, practical
polyglot architectures rely on granular, tuna-
ble consistency models based on quorum
mechanics. The binary distinction between
"strong” and "eventual” consistency is an
oversimplification.

In distributed databases, consistency is often
dictated by the replication factor (N), the
write quorum (W), and the read quorum (R).

If the system is configured such that
R+W>N, it can guarantee strict consistency,
as any read operation will overlap with the
most recent write operation [8]. However,
setting high read and write quorums signifi-
cantly increases latency and reduces availa-
bility during node failures.

To optimize performance, NoSQL systems
allow architects to lower the read quorum,
intentionally returning data from a single,
potentially out-of-date replica. Consequent-
ly, applications must be engineered to handle
intermediate consistency states [23]. These
include Read-After-Write Consistency (en-
suring a user can see their own updates im-
mediately, often achieved by routing the
read to the leader node), Monotonic Reads
(ensuring a user never reads an older version
of data after having read a newer version),
and Consistent Prefix Reads (ensuring op-
erations are seen in the order they were ap-
plied). For example, DynamoDB offers de-
velopers a boolean parameter to request a
strongly consistent read. Doing so bypasses
the storage cache and consumes twice the
read capacity units, illustrating the direct
financial and performance cost of demand-
ing relational-style strong consistency in a
distributed environment.

3.4 Multi-Region Active-Active Topolo-
gies and Conflict Resolution

As cloud-native applications scale globally,
polyglot persistence architectures frequently
extend across multiple geographic regions to
ensure low-latency access and robust disas-
ter recovery. SQL databases typically em-
ploy asynchronous primary-replica architec-
tures for cross-region replication. In this
topology, the primary region remains the
single source of truth; if it fails, writes are
halted until a replica is promoted. This guar-
antees serializable transaction logs but cre-
ates a regional bottleneck for write through-
put.

In contrast, distributed NoSQL systems of-
ten support Active-Active (multi-master)
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topologies, such as DynamoDB Global Ta-
bles or Cassandra's multi-datacenter replica-
tion. These systems allow concurrent writes
to the same logical record in different re-
gions, maximizing availability but making
write conflicts inevitable. Resolving these
conflicts requires algorithmic interventions
that do not rely on global locking. Common
strategies include "Last Writer Wins"
(LWW) based on physical or logical
timestamps, or application-defined merge
logic utilizing Conflict-free Replicated Data
Types (CRDTSs) [24]. CRDTs guarantee that
regardless of the order in which network
packets arrive, all database nodes will even-
tually converge to the exact same state with-
out coordination. Understanding these con-
flict resolution heuristics is paramount when
orchestrating saga compensations across
diverse datastores, as delayed cross-region
replication can inadvertently cause compen-
sating transactions to execute against stale
data, leading to severe logical corruption.

4 Experimental Setup and Case Study
(PostgreSQL vs DynamoDB)

In practice, complex applications often
require rich relationships between entities,
which are naturally supported by relational
databases through joins, constraints, and
structured schemas. At the same time, some
application features are largely independent
of cross-entity relationships and can be
better served by NoSQL systems optimized
for high-throughput, low-latency access

idSolvedProblem (String) ¥ | answers ¥ | checkedAnswers ¥ | correctAnswers ¢

60000000899 [{"BOOL": true }. [{"BOOL":false ... 1911654

16000003557 [{"BOOL" : false .. [{"BOOL" : false 1893290

23000000969 [{"s": " p. 619926

idProblem ¥

Idstudent

1879223

371266

1017489

patterns. To illustrate why combining
relational and non-relational datastores can
be beneficial in polyglot persistence
architectures, we designed a small empirical
evaluation based on an e-learning
application scenario.

In the reference e-learning application, the
primary operational dataset is naturally
relational: students, classes, tests, problem
banks, and teacher-owned assessments form
a strongly connected domain that benefits
from a uniform schema, referential integrity,
and expressive join-based queries. For these
correctness-critical and relationship-heavy
entities, a SQL database is the appropriate
system of record.

In contrast, storing and serving a student’s
solved-test history is largely an append-only,
read-by-student workload that does not
require complex joins or cross-entity
constraints at query time. This makes it a

good candidate for a non-relational,
partition-oriented store. Therefore, our
evaluation focuses on this “history”

component and compares write performance
under concurrent load when implemented on
PostgreSQL  (Amazon RDS)  versus
DynamoDB, highlighting how polyglot
persistence assigns each datastore to the
workload it matches best.

We created a DynamoDB table using the
default baseline settings available under the
AWS Free Tier, without workload-specific
tuning, and added a Global Secondary Index
on the idStudent attribute.

% | mainQuestion ¥ | mark v | problemType ¥ | questions ¥ | solvingDate v

Main: BoShSpu.. 22 GRILA [{s":Q . 2025-12-30T11:55:35.275587+00:00

Main: sg34BWc... 100 GRILA [{"s":Q... 2025-12-22T04:25:24.618345+00:00

Main: WOTILVF 89 NONGRILA [{s": Q.. 2025-12-12722:51:26.685552+00:00

Fig. 4. DynamoDB table structure

Figure 2 illustrates a snapshot of the
resulting  table  within  the AWS
infrastructure,  highlighting the  semi-
structured nature of the stored items. Each

record encapsulates solved-test data,

including identifiers, answer collections,
correctness indicators, and metadata such as
timestamps and scores, all organized in a
flexible, attribute-based format.  This
representation reflects DynamoDB’s



Database Systems Journal vol. XV11/2026

43

schema-less design, allowing heterogeneous
attributes to coexist within the same table
while supporting high-throughput insert

Global secondary indexes (1) i
Q Find indexes
Name a | swws v | Partition key v | sortkey

idx_solved_problems_student @ Active idstudent (Number}

To illustrate the performance of joins and
queries, we created a partitioning index.
Figure 3 presents the configuration of the
Global Secondary Index defined on the
DynamoDB table. The index, named
idx_solved_problems_student, uses
idStudent as its partition key and operates in
on-demand capacity mode, aligning with the
baseline, auto-scaling configuration of the
table. By projecting all attributes, the index
enables efficient query execution without
requiring additional lookups to the base
table. This design supports the primary
access pattern of retrieving solved-test
history per student, illustrating how
DynamoDB leverages secondary indexes to
optimize read operations in scenarios where
relational joins are not applicable[8].

The exploratory analysis on different
architectural paradigms, includes an analysis
on performance of a SQL database as a
comparison to the previous example of
NoSQL. Therefore, for PostgreSQL, we
adopted a relational design that remains

operations and efficient retrieval via indexed
access patterns.

v | Read capacity v | write capacity % | Projected attributes v | size v | 1

on-demand on-demand All 0bytes 0

Fig. 5. DynamoDB index on idStudent

normalized while supporting heterogeneous
problem formats (multiple-choice vs. free-
text). Specifically, we created two tables:

1) solved problems, which stores the
shared “header” fields for each solved
problem (e.g., id student, id problem,
mark,solving_date,problem_typex

2) solved problems data, d volume table
that stores variable-length components as
rows (questions, selected answers, correct
answers, or free-text answers).

This design allows each solved problem to
have a different number of
questions/answers without relying on JSON
columns, while keeping the core metadata
relational and queryable. To optimize the
student-history use case, we created an index
ON solved problems.id student and an

index on
solved problems data.id solved probl

em (foreign key) to accelerate retrieval and
joins. Figure 4 illustrates the table definition
and indexes.
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As a comparison with the previously

<D0 $§

BEGIN
IF NOT EXISTS (SELECT 1 FROM pg_type WHERE typname = ‘problem_type') THEN
CREATE TYPE problen_type AS ENUM (*GRILA',” 'NONGRILA');
END IF

IF NOT EXISTS (SELECT 1 FROM pg_type WHERE typname = 'solved_data_type') THEN
CREATE TYPE solved_data_type AS ENUM (
"QUESTION',
' CHECKED_, M‘ISWER
| CORRECT _ANSHER' |
'ANSWER"

);
END IF;
END $;

= CREATE TABLE IF NOT EXISTS solved_problems (

id_solved_problem BIGINT GENERATED BY DEFAULT AS IDENTITY PRIMARY KEY,
main_guestion TEXT NOT NULL,

id_student  BIGINT NOT NULL,

id_problem  BIGINT NOT NULL,

mark SMALLINT NOT NULL CHECK (mark BETWEEN 18 AND 180),
solving_date TIMESTAMPTZ NOT NULL,

problem_type problem_type NOT NULL
¥

= CREATE TABLE IF NOT EXISTS solved_problems_data (

id_solved_problen_data BIGINT GENERATED BY DEFAULT AS IDENTITY PRIMARY KEY,
id_solved_problem BIGINT NOT NULL
REFERENCES solved_problems(id_solved_problem)
ON DELETE CASCADE,
data_type solved_data_type NOT NULL,
pos INT NOT NULL CHECK (pos >= 1),

text_value TEXT,
bool_value BOOLEAN,

CONSTRAINT ck_value_by_f type CHECK
(data _type IN ('QUESTION' ANSWER ) AND text_value IS NOT NULL AND bool_value IS NULL)

(data _type IN ('CHECKED_ANSWER','CORRECT_ANSWER') AND bool_value IS NOT NULL AND text_value IS NULL)
)
|H

< CREATE INDEX idx_solved_problems_student

ON solved problems (id_student);

< CREATE INDEX idx_solved_problems_data_parent

ON solved_problems_data (id_solved_problem);

Fig. 4. Postgres tables and indexes code

general-purpose ~ SSD  storage  with

described DynamoDB configuration, figure
5 presents the configuration of the
PostgreSQL instance deployed on AWS
RDS. Similar to the DynamoDB setup, the
database was provisioned using a baseline
configuration within the AWS Free Tier,

autoscaling enabled. Additional features
such as encryption at rest, automated
backups, and basic monitoring (Performance
Insights and Enhanced Monitoring) are also
configured by default. This setup reflects a
typical lightweight relational deployment,

without

with  limited

resources,

Instance class

Instance class
db tdg micro

vCPU
2

RAM
1GB

Availability

Master username
postgres

Master password
1AM DB authentication
Mot enabled

Multi-AZ
No

Secondary Zone

workload-specific
instance is based on a db.t4g.micro class
compute and

Fig. 5.

tuning. The

Primary storage

Encryption
Enabled

AWS KMS key
aws/rds

Storage type
General Purpose 550 (gp2)

Storage
20GIB

Provisioned 10PS
Storage throughput
Storage autoscaling

Enabled

Maximum storage threshold
1000 GIB

Storage file system configuration

Curmrent

Postgres database configuration

providing a controlled environment for
evaluating  performance and
memory relative to the DynamoDB implementation
single-AZ  deployment, and under comparable

resource

Monitoring

Manitaring type
Database Insights - Standard
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Retention period
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AWS KMS key
awsfrds 1

Enhanced Monitoring
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Granularity
60 seconds

Manitering role

[0 am:awsiam: 159967617095 role/rds-monitoring-role

constraints.
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Building on the previously described
infrastructure configurations, we designed a
controlled experiment to evaluate and
compare the insert performance of the two
datastores. Specifically, we implemented a
concurrent insert benchmark in Python,
where multiple worker threads insert
synthetic solved-problem records in batches
to simulate a write-intensive workload. The
benchmark measures total wall-clock time
and derives end-to-end throughput (inserts

def main():
args = parse_args()
target = args.Target

total_ops = WORKERS = PER_WORKER
poal = None
seg_name = None

ddb_table = Nane

if target == “"sqglL™:

per second) under load. To ensure that the
results reflect database performance rather
than data preparation overhead, the reported
“insert-only”  time  excludes  record
generation, focusing exclusively on the
duration of write operations. As illustrated in
the implementation, timing is initiated
immediately before the database write call
and stopped after its completion, while
synthetic data generation and mapping are
performed outside the measured interval.

pool = ConnectionPool(conninfo=PG_D5SN, min_size=1, max_size=PG_POOL_MAX, timeout=38)

with pool.connection() as conn:

seq_name = get_sequence_name{conn)

if target == “nosgl”:
session_kwargs = dict(

aws_access_key_id=AWS_ACCESS_KEY_ID,

aws_secret_access_keysAWS_SECRET_ACCESS_KEY,

region_name=ANS_REGION,
)
if AWS_SESSION_TOMEN:

session_kwargs["awms_session_token"] = AWS_SESSTOM_TOKEN

session = botol.session.Session(#*+session_kwargs)

ddb = session.resourcel
gdb_table = ddb.Table(DDE_TABLE)

walld = time.perf_counter()

insert_times = []

dynamnodb™, config=00B8_BOTO_CONFIG)

with ThreadFoolExecutor(max_workers=WORKERS) as ex:

if target == “sgl™:
futures = [ex.subnit(worker_sql,
plse;

futures = [ex.subnit{worker_nasqgl,

for £ in as_completed(futures)
wid, ins = f_result()
insert_times.append(ins)

walll = time.perf_counter()
wall = walll - walllé

i, pool, seq_name) for 1 in range (WORKERS)]

i, ddb_table) for i in range(WORKERS)]

Fig. 6. Main function of benchmark script
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For reproducibility, the benchmark was
executed separately for each datastore using
the parameters --target sgl and --target
nosql. Both tests were run from the same
client machine within the same AWS region
(eu-central-1) to minimize network-induced
variability. Each run used WORKERS =
[114], PER_WORKER = [8000] (total
inserts = WORKERS x PER_WORKER),
and incremental batching with CHUNK =
[500]. It is important to note that, in the
PostgreSQL

case, effective concurrency was constrained
by the connection pool limit
(PG_POOL_MAX = 15), whereas
DynamoDB, due to its managed and
distributed architecture, can accommodate a
significantly higher level of concurrent client
requests. For a better overview, of the script
that performs the inserts, figure 6 depicts the
main function of the benchmark script.

def worker_sgl(worker_id: int, pool: ConnectionPool, seg_name: str): 1usage
rng = random.Random(worker_id % 99991 + int(time.time()))

insert_sec = 0.8

done = O
while done < PER_WORKER

n = min(CHUNK, PER_WORKER - done)

docs = [gen_submission(rng) for _ in range(n)]
templates = [precompute_sgl_templates(d) for d in docs]

idx = @
while idx < len(templates):

b = templates[idx: idx + SQL_BATCH_SIZE]

t0 = time.perf_counter()

insert_batch_postgres(pool, seq_name, b)

tl = time.perf_counter()
insert_sec += (tl - t0)
1dx += SQL_BATCH_SIZE

done +=n

return worker_id, insert_sec

def worker_nosgl{worker_id: int, ddb_table):

1 usage

rng = random.Random(worker_id * 99991 + int(time.time()))

insert_sec = 0.8

base = (worker_id + 1) * 1_000_000_800

done = O
while done < PER_WORKER

n = min(CHUNK, PER_WORKER - done)

docs = [gen_submission(rng) for _ in range(n)]
items = [make_ddb_item(str(base + done + i), d) for i, d in enumerate(docs)]

t@ = time.perf_counter()

insert_batch_dynamodb(ddb_table, items)

tl = time.perf_counter()
insert_sec += (tl - 1t0)

done +=n

return worker_id, insert_sec

Fig. 7. Functions to calculate time for inserts
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Building on the previously described
benchmark setup, we will analyse both the
implementation details and the resulting
performance metrics obtained for each
datastore. Figure 7 illustrates the core
worker functions used in the experiment,
highlighting how insert time is accumulated
strictly around the database write operations
for both PostgreSQL and DynamoDB. In
particular, each worker processes records in
batches (CHUNK = 500), measuring only
the execution time of the insert calls
(insert_batch_postgres and
insert_batch_dynamodb), thereby ensuring
consistency with the “insert-only” metric
defined earlier. Figures 8 and 9 report the
aggregated outputs for the NoSQL and SQL
runs, respectively. Under the same client-
side workload configuration (114 worker
threads x 8,000 inserts each, CHUNK =
500), DynamoDB completed the run
in 190.61 stotal wall-clock time and

achieved 4,784.61 inserts/s, with an average
per-worker insert-only time of 177.07 s.
PostgreSQL (Amazon RDS) required 629.88
stotal wall-clock time, corresponding
to 1,447.89 inserts/s, with an average per-
worker insert-only time of 624.97 S.
Overall, DynamoDB achieved
approximately 3.3x higher throughput than
PostgreSQL in this append-only write
scenario (4,784.61 vs. 1,447.89 inserts/s).
This  outcome is  consistent  with
DynamoDB’s partition-oriented design for
high write concurrency, whereas
PostgreSQL incurs additional overhead from
transactional ~ processing and  index
maintenance and, in our setup, was further
bounded by the connection  pool
(PG_POOL_MAX = 15), effectively
capping the level of database-side
concurrency despite the higher number of
client threads.

(.venv) razvan@Razvans-MacBook-Pro DatabaseReadWriteComparison % python script.py --target nosql

TOTAL wall: 190.61s

Throughput end-to-end (submissions/sec): 4784.61

Avg worker insert_only: 177.07s

(.venv) razvan(@Razvans-MacBook-Pro DatabaseReadWriteComparison %

Fig. 8. Script output for NoSQL target parameter

(.venv) razvan@Razvans-MacBook-Pro DatabaseReadWriteComparison % python script.py --target sqgl

TOTAL wall: 629.88s

Throughput end-to-end (submissions/sec): 1447.89

Avg worker insert_only: 624.97s

(.venv) razvan@Razvans-MacBook-Pro DatabaseReadWriteComparison %

Fig. 9. Script output for SQL target parameter

The experimental results highlight the strong
dependency between database performance
and workload characteristics. In the

evaluated append-only,  write-intensive
scenario, DynamoDB significantly
outperformed PostgreSQL, achieving

approximately 3.3x higher throughput. This
outcome is consistent with the design
principles of distributed NoSQL systems,
which  prioritize horizontal scalability,
partitioned data distribution, and high write
concurrency, as originally demonstrated in
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systems such as Dynamo [8] and Bigtable
[9]. By avoiding complex transactional
coordination and leveraging eventual
consistency models [7], DynamoDB can
efficiently absorb a large volume of
concurrent write requests.

In contrast, PostgreSQL’s performance
reflects the disadvantages of relational
systems designed around strong consistency
and transactional guarantees. Mechanisms
such as write-ahead logging, locking, and
index maintenance, fundamental to ensuring
ACID properties [2][3], introduce additional
latency during write operations.
Furthermore, in the experimental setup,
effective concurrency was limited by the
connection pool, highlighting how resource
management can become a bottleneck in
vertically scaled systems. The results of the
experimental benchmark reinforce the
argument that “one size does not fit all” in
data management [4]. While NoSQL
systems  excel in high-throughput,
relationship-light ~ workloads, relational
databases remain better suited for scenarios
requiring complex queries, strict
consistency, and rich integrity constraints.
Therefore, the observed performance gap
should not be interpreted as a universal
advantage of NoSQL, but rather as evidence
of the importance of aligning data storage
technologies  with  specific ~ workload
requirements.

5 Workload-Driven Data Management
Implications

The experimental findings reinforce a
fundamental principle in modern data
management: datastore selection must be
driven by workload characteristics rather
than adherence to a single technological
paradigm. As argued in prior work, the “one
size fits all” approach is no longer viable in
the presence of diverse application
requirements and data access patterns [4].
Instead, systems must be designed by
carefully aligning storage technologies with

the operational profiles they are expected to
support.

The evaluated scenario highlights a clear
distinction  between  workload types.
Append-only, write-intensive  workloads
with simple access patterns, such as the
solved-test history analyzed in this study,
benefit from NoSQL systems optimized for
horizontal scalability and high ingestion
throughput. These systems typically relax
strict consistency guarantees in favor of
availability —and  partition  tolerance,
consistent with the trade-offs described by
the CAP theorem [5][6] and the eventual
consistency model [7]. In contrast,
workloads involving complex relationships,
integrity  constraints, and transactional
semantics remain better suited to relational
databases, where ACID properties and
structured schemas ensure correctness and
consistency [2].

This contradictory division suggests that
data modeling should not be approached
uniformly across an application. Instead,
different components of the same system
may exhibit fundamentally  different
requirements:  some  demand  strong
consistency and relational integrity, while
others prioritize scalability, latency, and
flexibility. As a result, architectural
decisions should begin with a precise
characterization of workload dimensions,
including read/write ratios, concurrency
levels, data interdependencies, and query
complexity.

More important, these implications extend
beyond performance considerations.
Choosing an inappropriate datastore for a
given workload can lead to unnecessary
complexity, either by forcing relational
systems to scale beyond their intended
design or by requiring NoSQL systems to
emulate relational behavior at the application
level. Therefore, effective data management
requires not only selecting the right tool for
each task but also acknowledging the
boundaries of each paradigm.
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These observations naturally motivate the
adoption of polyglot persistence, where
multiple datastores coexist within a system,
each serving a specific role aligned with its
strengths. The following section explores
how such heterogeneous systems can be
integrated while preserving consistency and
operational reliability.

Beyond performance and scalability limits,
polyglot persistence fundamentally alters the
financial and operational model of data
management. The experimental setup
highlights  two  distinct  provisioning
paradigms:  capacity-based  provisioning
(PostgreSQL on RDS) and consumption-
based, or serverless, scaling (DynamoDB).
In traditional relational deployments,
resources (CPU, RAM, storage IOPS) must
be provisioned to handle peak expected
loads. This often leads to underutilization
during off-peak hours, creating financial
inefficiency. Furthermore, vertically scaling
a relational database to alleviate connection
pool bottlenecks, as observed in our
PostgreSQL benchmar, incurs a steep cost
curve and potential downtime during
instance resizing.

In contrast, managed NoSQL systems like
DynamoDB offer on-demand capacity
models that align costs directly with
application traffic. You pay per read/write
request unit, which is highly cost-effective
for  spiky, high-throughput ingestion
workloads such as telemetry or our test-
history scenario. However, this financial
model introduces new risks: poorly designed
partition keys can lead to "hot partitions,"
causing massive read/write throttling and
sudden cost spikes. Therefore, workload-
driven data management must also
encompass a "FinOps" (Financial
Operations) perspective [18]. A polyglot
architecture is often economically justified
when the cost of offloading high-throughput,
simple-query traffic to a serverless NoSQL
datastore is lower than the cost of over-
provisioning a monolithic SQL cluster to

handle the same traffic alongside complex
transactions.

6 Integrating SQL and NoSQL in Polyglot
Persistence Architectures

Once multiple datastores are introduced,
correctness depends on making ownership
and propagation semantics explicit. A useful
baseline is to designate a system of record
for each business fact: exactly one datastore
is authoritative for a given domain concept,
while  other stores contain  derived
projections, indexes, or caches built from
that source [11][13]. This avoids “dual truth”
scenarios in which multiple systems accept
independent updates for the same fact,
creating inconsistencies that are difficult to
detect and reconcile. The integration
question then becomes how committed
changes from the system of record are
propagated and applied to downstream
models under failures and retries.

In the context of the evaluated e-learning
system, this principle can be concretely
applied by treating the relational database
(PostgreSQL) as the system of record for
core entities such as students, tests, and
results, where strong consistency and
integrity constraints are required. In contrast,
DynamoDB acts as a derived store that
maintains a denormalized, append-only
history of solved tests per student, optimized
for fast retrieval. Under this model, updates
are never performed independently in both
systems; instead, changes originate in the
system of record and are subsequently
propagated to downstream projections. The
integration challenge then becomes ensuring
that committed changes are reliably
transferred and applied across systems, even
in the presence of failures and retries.
Change propagation is a second pillar of
integration. Derived stores must be kept suf-
ficiently up to date for their intended user
journeys, which requires reliable synchroni-
zation mechanisms. Log-based replication
and change data capture are commonly used
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to propagate committed changes incremen-
tally, enabling downstream stores to update
projections with low latency [16]. For exam-
ple, when a student completes a test, the
result is first persisted in PostgreSQL, after
which a corresponding change event (e.g.,
student_solved_test created) can be emitted
and consumed to update the DynamoDB
projection. However, CDC introduces engi-
neering challenges: extracting and interpret-
ing log records at scale is complex, and
downstream consumers must address order-
ing, replay, and idempotent application to
avoid duplicate effects [16]. Robust imple-
mentations therefore rely on consumer off-
sets, replay capability, dead-letter handling,
and observability metrics such as lag and
error rates.

To formalize the unidirectional flow of data
from the system of record to derived stores,
modern polyglot architectures frequently
adopt the Command Query Responsibility
Segregation (CQRS) pattern paired with
Event Sourcing [19]. CQRS structurally sep-
arates the write models (Commands), han-
dled by a strongly consistent SQL database
to validate business rules, from the read
models (Queries), which are materialized in
NoSQL databases for high-speed delivery.
Instead of just persisting the current state,
Event Sourcing involves storing a sequence
of immutable state-changing events. In our
e-learning context, instead of merely captur-
ing a row update, the system records an ex-
plicit domain event (e.g., TestGraded, Mar-
kAssigned). This immutable event log acts
as the ultimate source of truth, from which
the DynamoDB projection can be determin-
istically rebuilt if destroyed or structurally
altered.

Furthermore, integrating heterogeneous da-
tabases amplifies data governance and com-
pliance complexities, particularly concerning
data privacy frameworks like the GDPR. In
a centralized relational database, executing a
"Right to be Forgotten” request involves
executing a single DELETE statement with

cascading foreign keys. In a polyglot archi-
tecture driven by CDC and eventual con-
sistency, a single deletion must propagate
reliably through message brokers, updating
not only the SQL system of record but also
purging the corresponding denormalized
records in the NoSQL serving layers and any
downstream data lakes [20]. This necessi-
tates automated reconciliation jobs that peri-
odically sweep derived stores to detect and
remediate orphaned data, preventing silent
compliance violations.

Cross-store operations introduce a third chal-
lenge. While distributed transactions appear
attractive, many large-scale systems avoid
them due to coordination overhead and op-
erational fragility, relying instead on mes-
sage-driven workflows and compensating
actions [14]. In this context, sagas provide a
formal model: long-lived business activities
are implemented as a sequence of local
transactions paired with compensations that
restore invariants when later steps fail [15].
In practice, this can be illustrated by a work-
flow where a solved test is first recorded in
the SQL system, then propagated to the
NoSQL store, and finally used to trigger
user-facing updates. If one of the later steps
fails, compensating actions, such as retrying
the projection update or marking the opera-
tion for reconciliation, ensure that the system
eventually converges to a consistent state.
This approach requires explicit state man-
agement, idempotent command handling,
and clearly defined recovery strategies.
Finally, broader work on polyglot data man-
agement highlights that heterogeneity in-
creases integration complexity and makes
semantic alignment a first-order concern
[17]. Even when integration is implemented
at the application layer, similar issues recur:
mapping data models, reconciling inconsist-
encies, and managing operational complexi-
ty across systems with different guarantees.
Resilient polyglot architectures therefore
combine datastore specialization with ex-
plicit contracts for ownership, consistency
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expectations, propagation guarantees, and
recovery strategies. While this added com-
plexity introduces engineering overhead, it
enables systems to leverage the strengths of
both relational and NoSQL paradigms,
achieving a balance between consistency,
scalability, and performance that would be
difficult to obtain with a single datastore.

7 Conclusion

This paper demonstrates that database selec-
tion in a polyglot architecture should be fun-
damentally driven by workload characteris-
tics rather than adherence to a single para-
digm. Starting from the well-established
distinction between relational and non-
relational systems, the study shows that their
differences are not merely theoretical but
have direct implications for system design
and performance. In the evaluated e-learning
scenario, the core domain is most effectively
modeled using SQL, where strong relational
structures and integrity constraints are essen-
tial for maintaining consistency and correct-
ness. In contrast, the solved-test history rep-
resents an append-only, student-centric ac-
cess pattern that is inherently read-optimized
and does not require complex joins at query
time.

Empirical  evaluation under identical
concurrent insert workloads on AWS
indicates that DynamoDB provides superior
ingestion  throughput  compared to
PostgreSQL (RDS) for this specific
component. This result reflects the
architectural differences between the two
systems: DynamoDB’s distributed, partition-
oriented design enables efficient handling of
high write concurrency, while PostgreSQL
incurs  additional overhead due to
transactional processing, index maintenance,
and connection management. However,
these findings should be interpreted in the
context of the evaluated workload, as
relational systems remain more suitable for
scenarios requiring complex queries, strong
consistency, and rich data relationships.

Overall, the results reinforce the argument
that modern applications benefit from com-
bining multiple data storage paradigms with-
in a unified architecture. Polyglot persis-
tence allows each datastore to be used ac-
cording to its strengths, enabling systems to
achieve both scalability and correctness
without compromising on either dimension.
At the same time, this approach introduces
additional complexity in terms of data inte-
gration, consistency management, and op-
erational overhead, requiring careful design
of ownership boundaries and data propaga-
tion mechanisms.

Furthermore, this research underlines that
architectural decisions in data management
extend beyond technical metrics to include
operational predictability, cost efficiency,
and data governance. While integrating sys-
tems via CDC, CQRS, and sagas mitigates
the risks of distributed data, it shifts com-
plexity from the database engine to the ap-
plication and infrastructure layers. Teams
must be prepared to handle eventual con-
sistency, cross-store auditing, and complex
compliance enforcement (such as distributed
data deletion).

Future work may extend this study by evalu-
ating mixed workloads, read performance,
and consistency trade-offs under different
deployment configurations, further refining
the guidelines for workload-driven data
management.
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This study examines the effectiveness of hybridizing Evolutionary Algorithms (EA) and Rein-
forcement Learning (RL) for decision-making in sparse-reward environments. Three models are
implemented and compared, namely: (1) a population-based Evolutionary Algorithm with elitism,
(2) an actor-critic Reinforcement-Learning method regularized with Behavior Cloning, and (3) a
hybrid Lamarckian Memetic framework that combines evolutionary search with gradient-based
fine-tuning. All models are trained offline using the antmaze-umaze-v2 dataset from the D4RL
benchmark and evaluated both through critic-based offline estimates and online MuJoCo simula-
tions. While all methods achieve comparable offline critic values, the hybrid approach demon-
strates superior online normalized performance scores. The results suggest that combining popu-
lation-based exploration with gradient-based exploitation mitigates local optima in sparse-
reward decision-making tasks.

Keywords: Evolutionary Algorithms, Reinforcement Learning, Offline RL, Memetic Algorithms,

Sparse Reward, Hybrid Optimization

Introduction

Learning effective policies under condi-
tions of limited or delayed feedback remains
a significant challenge, particularly for data-
driven control methods. This difficulty is
further compounded when agents must rely
on incomplete or fixed datasets, where no
additional interaction with the environment
is possible. The issue is especially evident in
offline reinforcement learning, where mod-
els are trained exclusively on previously
collected data. While this setting is valuable
in scenarios where safety constraints or lim-
ited data availability are important, it also
introduces challenges such as poor generali-
zation and convergence to suboptimal solu-
tions.
To address these limitations, a range of ap-
proaches has been explored. Reinforcement
Learning (RL), particularly actor-critic
methods, has shown strong potential for pol-
icy improvement; however, its effectiveness
often depends on the availability of informa-

tive reward signals and careful hyperparame-
ter tuning. In contrast, Evolutionary Algo-
rithms (EA) prioritize exploration through
population-based search, making them more
robust in environments with sparse rewards.
Nevertheless, this advantage often comes at
the cost of lower sample efficiency and re-
duced precision.

In this work, | investigated whether combin-
ing these complementary approaches can
lead to improved performance in complex
decision-making tasks. Specifically, | im-
plemented and compared three models, all
trained offline on the D4RL antmaze-umaze-
v2 dataset: a population-based evolutionary
method, a behavior-regularized actor-critic
model, and a hybrid Lamarckian memetic
approach that integrates evolutionary search
with gradient-based fine-tuning. The models
are evaluated using both offline critic esti-
mates and online performance in MuJoCo
simulations. The objective is to assess
whether this hybrid approach can more ef-


mailto:asandenis21@stud.ase.ro

Database Systems Journal vol. XV11/2026

55

fectively balance exploration and exploita-
tion in sparse-reward environments.

2 Literature review

The challenge of effective decision-making
in environments characterized by sparse re-
wards remains a significant hurdle in artifi-
cial intelligence [1]. Traditional reinforce-
ment learning agents often struggle when
feedback is infrequent, as they must perform
extensive exploration before encountering
any meaningful signal to guide their learning
[2]. In order to address these limitations hy-
bridizing Evolutionary Algorithms and Rein-
forcement Learning can be a viable solution,
focusing on how population-based explora-
tion can complement gradient-based exploi-
tation in complex tasks like the D4RL
AntMaze benchmark [3][4].

Evolutionary Algorithms, such as Genetic
Algorithms (GA) and Evolution Strategies
(ES), offer a gradient-free approach to opti-
mization that mimics natural selection
[1][5]. These methods are particularly resili-
ent in the face of local optima and sparse
rewards because they evaluate fitness at an
episodic level rather than requiring step-by-
step feedback [2].

Significant advancements have shown that
GAs can be a competitive alternative for
training deep neural networks [1][6]. For
instance, Such et al. (2017) demonstrated
that a simple GA could evolve networks
with millions of parameters, often outper-
forming gradient-based methods in "decep-
tive" environments where reward signals are
misleading [6]. Similarly, Salimans et al.
(2017) positioned ES as a scalable alterna-
tive to RL, highlighting its invariance to
action frequency and delayed rewards while
achieving expert-level performance on Mu-
JoCo tasks [7]. These findings suggest that
the global search capabilities of EAs provide
a robust foundation for exploration that sin-
gle-agent RL often lacks.

In contrast to EAs, gradient-based RL—
particularly actor-critic methods—excels at

fine-grained exploitation of state-action pairs
[8]. However, these methods are notoriously
sensitive to hyperparameters and often ex-
hibit brittle convergence properties. In
sparse-reward settings, such as those found
in the MuJoCo simulator, the difficulty of
temporal credit assignment often causes
standard algorithms like DDPG or PPO to
fail entirely [2].

To mitigate these issues, researchers have
turned to regularization and demonstration-
based guidance. For example, the LOGO
algorithm utilizes offline demonstration data
to provide a "policy guidance" step, helping
the agent navigate sparse rewards without
being strictly limited to imitating a sub-
optimal policy [9].

The field of Offline RL (or batch RL) pre-
sents a unique challenge: learning purely
from a fixed dataset without environment
interaction [10]. This paradigm is critical for
real-world applications where data collection
is expensive or dangerous. However, agents
often suffer from extrapolation errors when
they take actions not covered in the training
data [11].

Recent literature has proposed several strat-
egies to constrain the learned policy to the
behavior distribution. Conservative Q-
Learning (CQL) addresses this by regulariz-
ing the value function to assign low values
to out-of-distribution actions, which is es-
sential for "stitching" suboptimal trajectories
in AntMaze tasks [12]. Other minimalist
approaches, such as TD3+BC, simply add a
Behavior Cloning (BC) term to the policy
update, matching state-of-the-art perfor-
mance with significantly less complexity
[10]. More advanced methods like Implicit
Q-Learning (IQL) and AWAC further refine
this by avoiding unseen actions during value
training or using advantage-weighted up-
dates to facilitate online fine-tuning [13].
Despite these successes, maintaining the
balance between following the dataset and
discovering improved policies remains a
central tension in the field.
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The hybrid framework of Evolutionary Rein-
forcement Learning (ERL) seeks to combine
the best of both worlds: the diverse explora-
tion of EAs and the sample efficiency of
gradient-based RL. In ERL, a population of
actors generates diverse experiences for a
shared replay buffer, while an RL agent is
periodically injected back into the popula-
tion to provide gradient information.

These models have demonstrated improved
performance and robustness, particularly in
environments where hyperparameters are
sensitive [1]. For instance, ERL-Re2 im-
proves efficiency by sharing state represen-
tations across the population, addressing the
knowledge-transfer limitations of older
frameworks [8].

Memetic Algorithms (MA) represent a spe-
cific subset of EvoRL that combines global
population-based search with local refine-
ment techniques [14]. While Darwinian evo-
lution only passes on genetic traits, La-
marckian learning allows an individual’s
acquired knowledge, such as policy weights
fine-tuned via RL, to be inherited by the next
generation [14].

Contemporary applications of memetic
structures include production scheduling and
routing problems, where RL agents are in-
jected into a GA to improve sequencing de-
cisions. For example, Zou et al. (2024) uti-
lized a Q-learning guided local search within
an EA to solve the Latency Location Rout-
ing Problem, outperforming existing me-
taheuristics [15]. Furthermore, Qu et al.
(2019) proposed an evaluation-free local
search that uses Q-learning to exploit frames
collected during evolutionary exploration,
significantly accelerating convergence [14].
While the reviewed literature highlights the
strengths of hybrid approaches, a critical gap
remains in the systematic comparison of
offline-trained population-based methods
versus regularized actor-critic models in
high-dimensional, sparse-reward tasks like
AntMaze.

The present study contributes to this field by
implementing a hybrid Lamarckian Memetic
framework trained offline on the D4RL da-
taset. By combining population-based explo-
ration with gradient-based exploitation, this
research aims to show that the hybrid ap-
proach can more effectively mitigate local
optima in sparse-reward tasks than either
individual model, providing a path toward
more robust decision-making in complex
environments.

3 Data

This study utilizes the antmaze-umaze-v2
dataset from the D4ARL (Datasets for Deep
Data-Driven  Reinforcement  Learning)
benchmark, a standard environment for
evaluating offline reinforcement learning
methods under sparse-reward conditions.
The dataset consists of trajectories collected
from a MuJoCo-based simulated environ-
ment, where an agent must navigate a quad-
ruped robot (Ant) through a maze to reach a
target location.

The dataset includes tuples of the form (s, a,
r, s', d), where s denotes the state (29-
dimensional observation space), a represents
the action (8-dimensional continuous con-
trol), r is the reward, s' is the next state, and
d indicates episode termination. Rewards in
this environment are sparse, typically binary
(0 or 1), reflecting whether the goal has been
reached or not. This characteristic makes the
task particularly challenging, as informative
feedback is limited and delayed.

To support efficient training, the dataset is
loaded into an offline replay buffer, which
enables random mini-batch sampling during
optimization. In cases where next-state ob-
servations are not explicitly provided, they
are reconstructed through sequential shifting.
All data are converted into tensor format and
processed.

The use of a fixed dataset ensures that all
models operate under identical constraints,
preventing additional environment interac-
tion and emphasizing the challenges of ex-
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trapolation and generalization inherent to
offline reinforcement learning. These chal-
lenges are reflected in the discrepancy be-
tween offline estimates and actual perfor-
mance observed later in the online results.

4 Methodology

To investigate the effectiveness of hybridiz-
ing Evolutionary Algorithms and Rein-
forcement Learning, three distinct approach-
es were implemented and evaluated under a
unified experimental framework: (1) an EA-
only model, (2) an RL-only model, and (3) a
hybrid EA+RL model based on a Lamarcki-
an memetic paradigm.

4.1. Model Architecture

All approaches share a common function
approximator. The actor network is a feed-
forward neural network with two hidden
layers (256 units each) and ReLU activa-
tions, mapping states to continuous actions
via a final tanh activation. The critic network
consists of two parallel Q-functions, each
estimating the expected return of a state—
action pair. The minimum of the two Q-
values is used to mitigate overestimation
bias.

4.2. Critic Pretraining

Before training the policies, the critic is pre-
trained using the offline dataset. The objec-
tive is to learn a stable approximation of the
Q-function through temporal difference
learning. Targets are computed using a boot-
strapped estimate with a discount factor y =
0.99, and optimization is performed via
mean squared error minimization. This step
is relevant, as all subsequent methods rely
on the critic for evaluating policy quality in
the absence of online interaction.

4.3. Reinforcement Learning Approach

The RL only approach follows an actor-
critic framework regularized with Behavior
Cloning (BC). The actor is trained to max-
imize the critic’s Q-values while remaining

close to the dataset distribution. The objec-
tive function is defined as:

¥ =-2[0(s, n(s))] + a||x(s) - adata][?

where a controls the trade-off between ex-
ploitation and adherence to the dataset.
Training proceeds in two stages: an initial
BC-heavy phase for stable initialization,
followed by a longer optimization phase
with reduced regularization.

4.4 Evolutionary Algorithm Approach
The EA only approach maintains a popula-
tion of candidate policies, each represented
by an actor network. Policies are evaluated
using a regularized fitness function that
combines critic estimates with a BC penalty:
Fitness = Q(s, n(s)) — A-BC Loss

This  formulation  discourages  out-of-
distribution actions that may exploit inaccu-
racies in the critic. At each generation, the
top-performing individuals, also named the
elites, are selected, and new policies are
generated through parameter averaging and
stochastic mutation. This population-based
search encourages exploration across diverse
regions of the policy space.

45 Hybrid Lamarckian Memetic Ap-
proach

The hybrid model integrates EA and RL in a
Lamarckian memetic framework, where in-
dividuals undergo both evolutionary selec-
tion and gradient-based refinement. Each
generation consists of two phases:

1. The evolutionary phase, dur-
ing which the population evolves using the
same selection and mutation mechanisms as
in the EA only method;

2. The RL fine-tuning phase,
when the elites are further optimized using
RL updates. Importantly, the updated pa-
rameters are retained and passed to subse-
guent generations, enabling learned im-
provements to propagate through the popula-
tion.
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To ensure a fair comparison, the total com-
putational budget in terms of gradient up-
dates is approximately matched across
methods. The hybrid configuration allocates
fewer generations but significantly more RL
updates per elite, enabling deeper exploita-
tion of promising solutions.

4.6 Evaluation
Performance is assessed using two comple-
mentary metrics:

1. Offline Evaluation: Average critic Q-
values over sampled states, reflecting the
model’s estimated future reward;

2. Online Evaluation: Normalized scores
and success rates obtained through interac-
tion with the MuJoCo environment.

The final comparison across all methods
is presented in Table 1, while the relation-
ship between offline and online performance
is visualized in Fig. 1.

Table 1. Evaluation scores for all three ap-

proaches
Online )
Actor Norm Offline Q-
Score
Score
RL 55.00 0.1587
EA 30.00 0.1630
Hybrid 60.00 0.1611

Online vs Offline Performance Comparison

Fig. 1. Online vs Offline Performance Com-
parison

The training dynamics of the RL based com-
ponents are illustrated in Fig. 2, which pre-
sents the evolution of critic Q-values and BC

loss over training steps. The hybrid model
demonstrates highly stable behavior that
closely tracks the RL only baseline. Both
models show nearly identical fluctuations in
Q-values, centered around a mean of 0.16,
and a synchronized, consistent decrease in
BC loss from roughly 0.22 to 0.17. This
suggests that during the RL fine-tuning
phases, the hybrid model maintains strong
adherence to the dataset distribution and
does not suffer from significant distribution-
al shift or instability typically introduced by
evolutionary exploration. The overlapping
nature of these curves indicates that the gra-
dient-based updates effectively regularize
the policies, ensuring that the refinement
phase remains as grounded as the pure RL
approach.

Fig. 2. Critic Q-Values and Behavior
Cloning Loss

Further insight into the evolutionary compo-
nent is provided in Fig. 3, which compares
the average and maximum fitness across
generations for both the EA only and hybrid
approaches. Here, the hybrid approach
demonstrates a clear and significant perfor-
mance advantage from the onset. While the
EA only method suffers from extreme vola-
tility with average fitness dropping as low as
-0.08 in early generations, the hybrid ap-
proach starts at a much higher baseline and
exhibits a rapid upward trajectory.

In the "Max Fitness" plot, the hybrid model
reaches a peak fitness of approximately 0.08
within just five generations, a level the EA-
only model struggles to consistently reach
even after fifty generations. This indicates
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that RL fine-tuning acts as a powerful accel-
erator, quickly refining the population's poli-
cies and insulating the evolutionary process
from the high-variance failures seen in the
purely stochastic EA baseline. The irregular-
ity previously noted is characteristic of the
EA only baseline, whereas the hybrid model
provides a more robust and efficient path to
high-quality solutions.

Max Fitness

Fig. 3. Average and Maximum Fitness
Across Generations

5 Results and Discussion

The experimental results reveal a clear dis-
tinction between offline estimates and actual
policy performance. While all three methods
achieved similar critic Q-values of approxi-
mately 0.16, their online behaviors differed
substantially.

The hybrid model achieved the highest nor-
malized score, outperforming both the RL
only and EA only approaches. This confirms
that the hybrid framework is more effective
at translating learned value estimates into
successful task execution.

Interestingly, the EA only model achieved
the highest offline Q-value (0.1630), yet
exhibited the weakest online performance.
This discrepancy highlights the limitation of
offline RL in which critic estimates can be
overly optimistic, particularly when policies
exploit out-of-distribution actions. Despite
the inclusion of a BC penalty, the EA’s reli-
ance on critic-based evaluation appears in-
sufficient to guarantee real-world effective-
ness.

The hybrid model’s superior performance,
reaching a normalized online score of 60.00,
underscores the efficacy of combining evo-

lutionary exploration with gradient-based
refinement. While the RL only model deliv-
ered a strong performance 55.00, it lacked
the global search capabilities inherent in the
EA phase, which allowed the hybrid model
to escape local optima that traditional actor-
critic methods often encounter in sparse-
reward tasks.

Furthermore, the data suggests a critical de-
coupling between perceived and actual per-
formance in offline settings. The EA only
model’s highest offline Q-score (0.1630)
contrasted sharply with its lowest online
performance (30.00). This gap suggests that
while the EA successfully optimizes against
the critic’s value surface, that surface itself
may be flawed due to the overestimation of
actions not well-represented in the antmaze
dataset.

In contrast, the Hybrid model achieves a
more balanced profile. It maintains a
competitive offline Q-score (0.1611) while
securing the highest online utility. This
implies that the Lamarckian memetic
framework acts as a natural regularizer. By
utilizing RL to fine-tune evolutionary
candidates, the framework ensures that
policies are not just theoretically high-value
according to an optimistic critic, but are also
robust enough to navigate the physical
constraints of the MuJoCo simulation.
Ultimately, these results demonstrate that
hybridization mitigates the over-
optimization trap of offline RL, offering a
more reliable pathway for policy deployment
in complex, sparse-reward environments.

6 Conclusions

This study set out to evaluate whether hy-
bridizing Evolutionary Algorithms with Re-
inforcement Learning can improve decision-
making in sparse-reward, offline settings.
The results support this hypothesis. While all
three approaches achieved comparable of-
fline critic estimates, the hybrid framework
consistently delivered the strongest online
performance, achieving the highest normal-
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ized score and success rate under similar
computational constraints.

These findings highlight the complementary
strengths of the two paradigms: evolutionary
search promotes robust exploration and
avoids premature convergence, while gradi-
ent-based updates enable efficient fine-
tuning of promising solutions. The observed
training dynamics further illustrate how the
hybrid approach effectively balances these
forces, despite increased variability during
optimization.

Overall, the hybrid memetic framework
demonstrates a clear advantage in
overcoming local optima and sparse
feedback, suggesting that such integrations
are a promising direction for complex offline
reinforcement learning problems.
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The present paper aims to explore the advantages of using data warehouses in the analysis and
study of contemporary e-commerce markets through the development of an applied case study.
By integrating Python, Oracle Database, Node.js, and React.js technologies, a comprehensive
Business Intelligence solution is implemented. This solution enables the centralization, transfor-
mation, and visualization of relevant data for analyzing consumer behavior and identifying mar-
ket trends. The proposed application provides a user-friendly interface, dynamic report genera-
tion capabilities, and advanced filtering functionalities. The study demonstrates that the adoption
of data warehouse architectures significantly enhances the efficiency of the decision-making pro-
cess within organizations, particularly in the context of increasing data volumes. The paper com-
bines a theoretical framework with practical implementation, offering a functional and extensible
example for economic market analysis using modern technological tools.

Keywords: Data Warehouses; Python; Oracle Database; Node.js; React.js; Market Analysis; E-

commerce; Business Intelligence

Introduction

Electronic commerce has experienced
significant growth and development over
the past decades, particularly as a conse-
quence of the COVID-19 pandemic during
the 2019-2021 period. This expansion was
further supported by governmental policies
aimed at limiting physical interaction among
individuals and encouraging the adoption of
electronic payment methods. Additional con-
tributing factors include the expansion of e-
banking services offered by financial institu-
tions, the development of the cryptocurrency
market, and the economic growth recorded

prior to the pandemic.
In 2024, the Romanian e-commerce sector
generated transactions amounting to €7.7
billion [1], compared to €2.8 billion in 2017
[2]. In nominal terms, this represents an
increase of approximately 175%. In
Romania, even prior to the pandemic, most
merchants employed strategies designed to
stimulate e-commerce within the mass

consumer market, such as the development

of dedicated websites, mobile applications,

online discounts and promotional

campaigns, free delivery policies, and

similar incentives.

The most significant actors in the Romanian

e-commerce market include:

1. eMAG (founded in 2001, initially as
a retailer specializing exclusively in
electronics and home appliances).
eMAG has evolved into a major e-
commerce retailer, achieving re-
markable growth and reaching a
turnover exceeding €2 billion in 2024
[3], thus becoming the largest retailer
in Romania by revenue. Over time,
the company has expanded its opera-
tions into Bulgaria and Hungary and
diversified its product portfolio to in-
clude clothing, grocery products,
cosmetics, and other consumer
goods.
2. Altex, a major electronics retailer;
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3. Dedeman, a leading retailer in the
DIY, home improvement, and garden
sector;

At the international level, several well-
established e-commerce retailers have also
gained popularity within the Romanian mar-
ket, including Amazon, eBay, Alibaba,
Temu, Shein, Zalando, Etsy, and JD.com.
The global e-commerce market likewise
experienced substantial positive impact from
the pandemic. For 2023, international e-
commerce transactions were estimated at
approximately USD 6.5 trillion [4], repre-
senting an increase of approximately 86%
compared to 2019, when global e-commerce
transactions amounted to USD 3.5 trillion
[5].

The leading global actors by revenue in 2024
include Amazon, with USD 638 billion;
JD.com, with USD 158.8 billion; and Aliba-
ba, with USD 130.35 billion [6],[7].[8].
These three corporations dominate the global
e-commerce market, accounting for nearly
70% of the combined revenues of the largest
companies operating in this sector.

2 Theoretical Frameworks on E-
Commerce

The notion of e-commerce emerged in 1984
and was first used by Robert Jacobson, Prin-
cipal Consultant to the California State As-
sembly’s Utilities and Commerce Commit-
tee. The term was introduced in the title and
content of the “Electronic Commerce Act,”
promoted by Gwen Moore and adopted in
the same year [9]. In the contemporary con-
text, driven by globalization, increased effi-
ciency, and the automation of buying and
selling processes, e-commerce has become
highly specialized and differentiated, ad-
dressing an increasingly diverse range of
needs from both buyers and sellers. The
most significant market segments include:

e B2C (Business-to-Consumer), also
referred to as online shopping, repre-
sents the most common and accessi-
ble segment. Within this model, mer-

chants utilize databases or data ware-
houses, along with existing web
technologies (HTML, CSS, JavaS-
cript), to design and implement web-
sites that function as virtual stores
displaying their products. Contempo-
rary technologies, combined with
marketing strategies and business an-
alytics, enable merchants to enhance
their sales strategies through optimi-
zation, forecasting, research, opera-
tional efficiency improvements, and
cost reduction. Prominent examples
in this segment include Amazon,
Zalando, Temu, and Shein [9].

B2B (Business-to-Business) involves
commercial transactions conducted
between companies, without the di-
rect involvement of the final con-
sumer. This segment plays a crucial
role in supply chains, distribution
networks, and production processes.
In the B2B context, e-commerce plat-
forms are used for wholesale pro-
curement, recurring orders, inventory
management, customized offers, and
price negotiations. Such platforms
are typically optimized for efficien-
cy, security, and integration with En-
terprise  Resource Planning (ERP)
systems. Examples of B2B platforms
include Alibaba, Amazon Business,
and Mercateo. Commercial interac-
tions in this model often involve con-
tractual agreements and negotiable
terms, in contrast to the B2C model
[9].

C2C (Consumer-to-Consumer) facili-
tates transactions between individu-
als without the direct involvement of
a commercial enterprise. C2C plat-
forms enable users to sell and pur-
chase products or services directly,
either through fixed-price listings or
auctions. This model has gained pop-
ularity through platforms such as
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eBay, OLX, Facebook Marketplace,
and Etsy (particularly for handmade
and vintage products). While the
C2C model generally entails low en-
try costs, it also involves higher risks
related to product quality, delivery
reliability, seller credibility, and war-
ranty assurance.

e Social commerce — an emerging form
of e-commerce in which the process-
es of product discovery, evaluation,
and purchase occur directly within
social media platforms (e.g., Insta-
gram Shop, Facebook Marketplace,
TikTok Shop). This model integrates
digital marketing strategies with
commercial functionalities, thereby
reducing the distance between prod-
uct promotion and acquisition.

e B2G (Business-to-Government) —
this model involves transactions be-
tween private companies and gov-
ernmental institutions. Typically, it
encompasses participation in public
procurement procedures, acquisition
of equipment, software solutions,
consultancy services, or infrastruc-
ture projects. Dedicated platforms are
generally subject to strict regulatory
frameworks and impose rigorous le-
gal and technical requirements (for
example, SEAP in Romania — the
Electronic Public Procurement Sys-
tem).

e C2B (Consumer-to-Business) — a less
common but increasingly relevant
model within the digital economy. In
this framework, consumers provide
products, services, or data to compa-
nies. Examples include freelancers
offering services through platforms
such as Fiverr or Upwork, as well as
influencers promoting products in
exchange for remuneration. Paid re-
views, survey participation, and the
sale of photographs or digital content

to companies also fall within this cat-
egory.

2.1 Fundamental Aspects of Business In-
telligence Technologies

OLAP (Online Analytical Processing) repre-
sents a form of analytical processing de-
signed for the rapid examination of large
volumes of structured data through multidi-
mensional visualizations, reports, and com-
plex aggregations. OLAP enables the simul-
taneous analysis of multiple dimensions such
as time, region, product, or category, offer-
ing significantly higher efficiency compared
to traditional SQL query-based analysis. It
relies on multidimensional structures, com-
monly referred to as data cubes, which facili-
tate instantaneous aggregations, compari-
sons, drill-down and roll-up operations, as
well as advanced analytical computations.

A Data Warehouse is a specialized infor-
mation system used for the storage, organi-
zation, and analysis of large volumes of data
originating from multiple heterogeneous
sources. The importance of data warehouses
lies in their role in supporting organizational
decision-making processes. The data stored
within a data warehouse typically originate
from various sources, including application-
generated log files and transactional systems
[10].

The principal characteristics of a data ware-
house are integration, subject orientation,
time variance, and non-volatility.

Integration refers to the origin and harmoni-
zation of source data. Data within a ware-
house may originate from multiple heteroge-
neous systems, including operational data-
bases (SQL and NoSQL), Excel files, Cus-
tomer Relationship Management (CRM)
systems, log files, and other transactional or
analytical sources. These disparate datasets
are transformed and standardized to ensure
consistency in format, structure, and seman-
tics.

The subject-oriented characteristic relates to
the functional purpose of the data ware-
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house. Given the large data volumes in-
volved, warehouses are typically organized
around specific domains or thematic areas
rather than around operational processes.
This domain-focused structuring enables the
generation of highly relevant and precise
analytical outputs and performance indica-
tors. Within the e-commerce domain, such
subject areas commonly include sales, cus-
tomers, products, inventory, and related
business entities.

The time-variant characteristic refers to the
persistence of transactional data over ex-
tended periods. Data warehouses are typical-
ly designed to store historical data for long
durations in order to ensure the relevance
and depth of analytical processes. Transac-
tions are retained over months or even years,
enabling longitudinal analysis, trend identi-
fication, and comparative evaluations across
different time intervals.

The non-volatility characteristic indicates
that data within a warehouse are not subject
to frequent modification. In most cases, once
data are loaded into the data warehouse, they
are not deleted or altered but remain stored
for extended periods. This stability ensures
consistency in reporting and analytical out-
puts.

The classical architecture of a data ware-
house includes an ETL (Extract, Transform,
Load) process, which extracts data from op-
erational sources, transforms them into a
consistent format, and loads them into the
central repository. Subsequently, the data
may be structured into data marts dedicated
to specific departments or functional areas,
often employing star or snowflake schemas
to optimize query performance.

Business Intelligence (BI) represents a set of
technologies, processes, and tools that ena-
ble the collection, transformation, analysis,
and visualization of organizational data for
informed decision-making. In essence, Busi-
ness Intelligence transforms raw data into
meaningful information for managers, ana-

lysts, and decision-makers, facilitating a
deeper understanding of organizational per-
formance and supporting process optimiza-
tion.

The primary components of a Business Intel-
ligence (BI) system include:

1. Data Collection, which involves
gathering information from multiple
sources, such as databases, Excel
files, enterprise applications, and
CRM systems.

2. Data Integration and Storage, refer-
ring to the centralization of data, of-
ten within a Data Warehouse envi-
ronment.

3. Data Analysis, performed through
queries, filtering operations, calcula-
tions, and the definition of Key Per-
formance Indicators (KPIs).

4. Data Visualization, achieved through
dashboards, charts, and interactive
reports that facilitate intuitive inter-
pretation of results.

5. Decision-Making, whereby organiza-
tional leadership leverages analytical
outputs to optimize operations and
support strategic planning.

Examples of widely used BI tools include
Power Bl (Microsoft), Tableau (Salesforce),
Qlik Sense, Oracle Bl / Oracle Analytics
Cloud, and SAP BusinessObijects.

3. Methodology

Within this scientific article, Oracle Data-
base will be used as the practical foundation
for data storage, including the creation of
dimension and fact tables. The Python pro-
gramming language will be employed to
implement ETL (Extract, Transform, Load)
processes and to integrate Machine Learning
functionalities useful for predictive analysis
and Business Intelligence strategies. React.js
will be utilized for developing the graphical
user interface (frontend) and for generating
interactive reports, while Node.js will be
responsible for implementing the backend
layer of the application.
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Python represents a highly popular pro-
gramming language and an appropriate
choice in this context. It constitutes a practi-
cal and cost-effective alternative due to its
relatively simple syntax and extensive eco-
system of libraries applicable across diverse
domains, ranging from socket programming
in networking to the implementation and
training of Machine Learning models. An
additional advantage of Python lies in its
continuous maintenance and active devel-
opment cycle, which ensures the regular
release of improved and updated versions.
The latest stable version of Python is 3.13,
and version 3.14 is scheduled to be released
in prerelease form in October 2025 [11].
React is a JavaScript library developed and
maintained by Meta (the company behind
Facebook), specifically designed for build-
ing modern Single Page Applications
(SPAS). It provides an efficient approach to
constructing reactive user interfaces based
on component architecture and dynamic con-
tent updates, making it particularly suitable
for projects that involve intensive and fre-
quent interaction with data. React has been
used in the development of numerous web
applications, including Facebook, Instagram,
Airbnb, eBay, Walmart, and Alibaba.
Node.js is a JavaScript runtime environment
built on Google’s V8 engine [12], enabling
the execution of JavaScript code on the serv-
er side. It is well suited for the development
of modern, high-performance, and scalable
web applications, particularly within REST-
ful or microservices-based architectures. In
the present project, Node.js is employed to
implement the backend layer of the applica-
tion, being responsible for exposing API
endpoints, managing communication with
the database, and handling data resulting
from the ETL processes implemented in Py-
thon. One of the key advantages of Node.js
is its asynchronous, event-driven architec-
ture, which enables efficient handling of
concurrent requests without blocking server
execution. Owing to the extensive ecosystem

of packages available through npm (Node
Package Manager), application development
with Node.js is both rapid and flexible. The
technology is widely adopted by companies
such as Netflix, Uber, PayPal, and LinkedIn,
demonstrating its scalability and perfor-
mance in complex production environments.
For the implementation of the dimension and
fact tables, the star schema model will be
employed. This model is particularly appro-
priate due to its conceptual simplicity, ease
of interpretation, and high query perfor-
mance. Since it involves a limited number of
join operations, it ensures efficient data re-
trieval, making it highly suitable for integra-
tion with frontend technologies such as Re-
act, where rapid response times are essential
for dynamic reporting and visualization. The
tables implemented within the star schema
will include:

* A fact table, named fapte_vanzari
(sales_facts), which will store quantitative
and measurable data related to transactions.

* A dimension table, dim_clienti (custom-
er_dimension), which will enable the analy-
sis of sales according to customer character-
istics.

* A dimension table, dim_produse (prod-
uct_dimension), which will facilitate analy-
sis based on product types, brands, and cate-
gories.

* A dimension table, dim_magazin
(store_dimension), which will support geo-
graphical and organizational analysis of
sales performance.

* A dimension table, dim_timp
(time_dimension), which will enable tem-
poral analysis by month, year, and day.
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Figure 1 — Star Schema Model

For the implementation of the ETL process-
es, a Python-based server will be developed
and connected to the Oracle Database in
which the star schema tables are defined.
The population of these tables will be per-
formed using CSV files containing relevant
information regarding products, customers,
stores, and simulated transactions. These
files emulate data generated by an e-
commerce platform and will serve as input
for the extraction, cleansing, transformation,
and loading processes into the dimension
and fact tables. Below is the implementation
of the raw data extraction process from the
CSV files using the pandas library in Py-
thon

app.state.df[k read(k)

Figure 2 — Python Code Snippet
Highlighting the Extract Process

Data extraction is an essential step, as it con-
stitutes the foundation for the subsequent
stages of the ETL pipeline, namely trans-
formation and loading, which will be ad-
dressed in the following sections.

Data transformation represents the second
stage of the ETL process. During this phase,
the data obtained through extraction are
standardized in accordance with the organi-
zation’s requirements and internal standards.
Regardless of specific business objectives, it
is crucial that the data do not contain null
values in critical fields, inconsistent or un-
readable formats, duplicate entries, missing
records, or special and ambiguous characters
that may hinder processing or compromise
data integrity.

Figure 3 - Python Code Snippet
Highlighting the Transform Process

Data loading represents the final stage of the
ETL process. This phase involves inserting
the previously extracted and transformed
data into the designated data warehouse
structures.

Given that the schema of the tables does not
change frequently and updates typically
occur at extended intervals, it is essential
that the loaded data be accurate, thoroughly
processed, and consistent. The reliability of
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subsequent analytical outputs and Business
Intelligence strategies depends directly on
the quality and integrity of the stored data.
The loading process applies to both fact
tables and dimension tables, ensuring that
the star schema is fully populated and ready
for analytical querying and reporting.

igure — Python Code Snippet
Highlighting the Load Process

The first part of the code implements the
extraction phase, during which the
application receives, validates, and stores the
CSV files provided by the wuser. The
dedicated upload endpoint accepts five
datasets corresponding to the core entities of
the model: customers, products, time, stores,
and sales. Each file is mapped to a
predefined identifier and stored locally,
while an auxiliary CSV-reading function
converts each file into a Pandas DataFrame,
handling potential encoding variations or
header-related inconsistencies. The
extraction endpoint aggregates all these
DataFrames into a unified in-memory
structure, enabling their subsequent use in
later processing stages. This section marks
the completion of the “Extract” component

and ensures the availability of raw data for
further cleansing operations.

The second part of the code represents the
transformation phase, during which the raw
data undergo preprocessing operations
designed to ensure analytical model quality
and consistency. The transformation
functions perform tasks such as removing
empty rows, standardizing textual values by
trimming unnecessary  whitespace, and
converting identifier columns to numeric
types. In the case of the time dimension, the
code explicitly verifies the presence of the
“date” column, converts its contents into a
valid calendar format, and derives the
corresponding year values to be used as a
temporal dimension within the OLAP model.
For the sales table, quantitative fields such as
quantity, unit price, and total value are
converted to numeric types, and duplicate
records are removed to ensure that the fact
table remains coherent and suitable for
aggregation. The transformation endpoint
applies these functions to all DataFrames
loaded in the previous stage and updates the
in-memory data structures accordingly,
thereby completing the “Transform” phase.
The final section of the code corresponds to
the loading phase and is responsible for
transferring the processed data into the Ora-
cle database schema. Prior to insertion, the
code performs strict validation of primary
keys through a dedicated function that veri-
fies the existence of the corresponding col-
umn in each DataFrame. In the absence of
this column, the process is halted in order to
prevent compromising database integrity.
The actual loading operation is carried out
through a function that iterates over each
row and executes an INSERT statement.
Before inserting each record, a verification
query is performed to prevent duplicate en-
tries. The final endpoint orchestrates the
entire procedure: it verifies that the trans-
formation stage has been completed, vali-
dates the primary keys for all dimension
tables and the fact table, and subsequently
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inserts the corresponding records into the
Oracle tables. The completion of the process
is indicated by a confirmation message sig-
naling the successful loading of the data.
Thus, Python proves to be highly flexible,
enabling seamless connectivity with the
Oracle Database, while the loading process
is implemented using the cx_Oracle library.
The pandas library facilitates both CSV file
reading and content preprocessing. In the
subsequent phase, Python will be employed
to implement Machine Learning (ML)
algorithms using the scikit-learn library, as
well as the FastAPI framework to integrate
the Python backend with the Node.js server
and the web interface. Furthermore, the
following  chapter  will address the
implementation of the graphical user
interface, which will display predictive
outputs and generate the reports necessary
for informed decision-making.

4 Case Study: Analysis of the Electronics
Market

The electronics market represents a signifi-
cant segment within the broader e-commerce
ecosystem. According to source [13], in
Romania, online commerce in the “Electron-
ics” category accounts for approximately
16.7% of the total e-commerce turnover.
This sector plays a critical role in digital
retail activity, as an increasing number of
consumers prefer purchasing electronic
products through online platforms.

Given the advanced development of this
niche, appropriate solutions are required to
optimize Business Intelligence processes.
Such solutions can be implemented through
Machine Learning (ML) algorithms, which
are capable of analyzing the data produced
through the ETL framework and identifying
relevant patterns, correlations, and predictive
models. In this chapter, we will implement
the graphical user interface that will display
the results of ML analyses alongside visual
charts designed to facilitate interpretation.

The user interface will be developed using
React.js, in combination with the MUI (Ma-
terial Ul) library, which provides modern
web design components such as icons, but-
tons, typography systems, and layout utili-
ties. To ensure an intuitive and user-friendly
experience, the application will include:

e A dedicated section for uploading da-
ta in CSV format;

e A section for managing and visualiz-
ing ETL processes;

e A module for training the ML model
based on the processed and loaded
data;

e A dashboard area where specific per-
formance indicators and the corre-
sponding analytical charts will be
generated and displayed.

E-commerce ETL / ML GUI

TRAIN MGDEL

2004

Figure 5 — Overview of the
Application

The  web interface communicates
bidirectionally with the Node.js server. All
client-side requests are first processed and
structured by Node.js, after which they are
forwarded to the Python server implemented
using FastAPIl. Conversely, responses
generated by the Python backend pass
through the Node.js server, which then
delivers the final response to the client. One
of the key advantages of Node.js lies in its
architecture, which is specifically oriented
toward web-based applications, thereby
facilitating rapid integration and
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communication between the client and the
Python backend. Although Python offers
robust web frameworks such as Django,
Flask, and FastAPl, many projects prefer
integrating Node.js as an intermediary layer
or APl gateway. This preference is largely
due to Node.js’s modern ecosystem,
optimized for real-time web communication,
WebSocket support, streaming capabilities,
and efficient resource  management.
Additionally, Node.js provides seamless
integration with Single Page Applications
(SPAs) developed using React, Angular, or
Vue.

As a result, a modern and efficient workflow
is achieved: Node.js handles all incoming
client requests, manages sessions, file
uploads, and streaming operations, and
delegates advanced processing tasks—such
as data analysis or Machine Learning
computations—to Python-based APIs [14],
[15], [16].

Within the Machine Learning component
implemented in Python, the Random Forest
algorithm was selected in order to predict the
sales volume of a specific product, based on
the variables sales and time. To generate the
decision trees, the model must first receive
the processed dataset. The endpoint
@app.post("/ml/train™) utilizes the
RandomForestRegressor class from the
scikit-learn library to train the model on the
processed data (sales and time-related
features). The trained model is subsequently
saved as a .joblib file, enabling later reuse
for prediction purposes. Up to 120 decision
trees are generated through the parameter
n_estimators=120. The random_state
parameter represents the seed used by scikit-
learn’s internal random number generator,
ensuring reproducibility of results. The
model is trained using the model.fit(x, y)
method, where the previously generated
trees are fitted to the input data. Following
training, several performance metrics are
computed to evaluate the model:

e The coefficient of determination (R?)
on the training data (r2_train);

e The Root Mean Squared Error
(RMSE) calculated on the training
dataset (rmse_train);

e The mean and standard deviation of
the R2 score obtained through cross-
validation (r2_cv_mean, r2_cv_std);

Random Forest is an ensemble learning

algorithm  that constructs multiple

decision trees on random subsets of the
data. The final prediction is obtained by
averaging the outputs of the individual
trees in regression tasks, or by majority
voting in classification tasks. This
algorithm is widely recognized for its
high predictive accuracy, robustness to
noisy data, and ability to handle a large
number of features without requiring
manual feature selection. Furthermore,
Random Forest is less prone to
overfitting compared to a single decision
tree and can provide insights into feature
importance within the model. Due to
these advantages, Random Forest is
extensively applied in business analytics,
healthcare, finance, and numerous other
domains [17], [18].

Figure 6 — Implementation of the
/ml/train Endpoint

The next stage in the logical workflow
involves generating predictions based on the
independent variables. For this purpose, a
separate endpoint must be implemented to
load the trained model and return prediction
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results. After the training phase, the model is
saved to disk within the /ml/train endpoint as
a .joblib file. Subsequently, this model is
loaded by the /ml/predict route in order to
perform inference. The prediction process
includes the following components:

e A DataFrame is created using the
input data received from the user (p);

e One-hot encoding is applied to
categorical variables (for example,
the  month).  This  technique
transforms  categorical  variables
(text-based features such as month,
city, or category) into numerical
columns, allowing machine learning
models to process them
appropriately;

e The columns are reordered to match
exactly the structure used during
training (using xcols), with any
missing columns being automatically
filled with zero values to maintain
dimensional consistency.

Endpoint

The backend implemented in Node.js
functions as a gateway between the Python
web server and the React.js frontend. This
architectural  strategy  offers  several
advantages:

1. Technological decoupling, which
ensures a clear separation between
business logic (ML/ETL processes
implemented in Python) and the
presentation layer (user interface
developed in Reactjs). Each
component operates within the
technology stack best suited to its

purpose, enhancing maintainability
and scalability.

2. APl  route uniformity and
centralization, meaning that the
Node.js gateway can expose a single
consolidated API to the frontend,
regardless of the number of backend
microservices operating within the
application. This simplifies
integration and reduces frontend
complexity.

3. Efficient handling of files and
sessions, as Node.js is particularly
well optimized for file uploads,
streaming operations, WebSocket
communication, and file system
interactions. This makes it highly
suitable for mediating data exchange
between the client and the backend
Services.

Figure 8 — Node.js Code Snippet

Thus, the integration of React.js, Node.js,
and Python within an e-commerce
environment proves to be highly practical
and efficient. When combined within the
same project architecture, these technologies
provide enhanced performance, scalability,
and advanced functionalities, making them
particularly suitable for Business
Intelligence strategies related to pricing
optimization, marketing campaigns, and
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customer behavior analysis. This
technological synergy enables real-time data
processing, dynamic visualization, and
predictive modeling, thereby supporting
informed strategic decisions in highly
competitive digital markets.

5 Results and Benefits

Data interpretation constitutes a fundamental
component of the Business Intelligence pro-
cess. While the fact table plays a crucial role
in storing metric values, a comprehensive
and in-depth analysis requires the examina-
tion of additional, more advanced indicators.
These indicators are typically derived either
from the data stored within the fact table or
inferred through correlations with dimension
tables. The evaluation of multiple perfor-
mance metrics is essential in order to obtain
a clear and accurate understanding of the
organization’s actions and strategic deci-
sions. Within the analytical framework, the
mere presentation of numerical indicators is
insufficient. It is imperative to complement
quantitative results with graphical represen-
tations, as visualizations enhance interpreta-
bility, facilitate pattern recognition, and sup-
port more effective decision-making.

{

"r2_train": @.991,
"rmse_train": 215.09,
"r2_cv_mean”: 8.9219,

"r2_cv_std": 8.838

}

Figure 9 — Output Regarding Model
Performance Indicators After ETL
Processing and Model Training

The resulting Random Forest model
demonstrates a very high level of accuracy
on the training dataset (r2_train = 0.991), as
well as strong performance under cross-
validation (r2_cv_mean = 0.92), indicating
good generalization capability. The Root
Mean Squared Error (rmse_train = 215.09) is

situated at a reasonable level relative to the
scale of the analyzed sales data.
Furthermore, the variation across cross-
validation folds is minimal (r2_cv_std =
0.038), suggesting model stability and
consistent predictive performance across
different data partitions.

[ Monthly Income

Figure 10 — Estimation of Total Revenue
over a Three-Month Period

The monthly revenue chart indicates a strong
financial performance in May 2024, fol-
lowed by a moderate decline in the subse-
quent months. This pattern suggests the
presence of a seasonal peak or the impact of
successful promotional campaigns imple-
mented at the beginning of the analysed pe-
riod. Although the general trend shows a
decrease after the May peak, overall revenue
levels remain relatively high. This indicates
that the company experienced a peak per-
formance phase, followed by a gradual ad-
justment in sales volume rather than a sharp
contraction.

@ Interval +20

[ 4,145.66
20004 2 32853
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Figure 11 — Generation of the Uncertainty
Interval Chart
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The predicted value of 3715.48 RON,
corresponding to the input dataset (quantity:
2, unit price: 1799 RON, product_id: 5,
store_id: 1, month: May, year. 2024),
represents the estimated revenue for a
transaction with the specified characteristics.
The +2c interval provides a confidence
range around the prediction, meaning that in
approximately 95% of cases, the actual sales
value is expected to fall between 3285.30
RON and 4145.66 RON. The narrower the
interval, the greater the model’s confidence
in its prediction. In this case, the interval is
relatively tight compared to the central
predicted value, indicating good model
precision and stable predictive performance.

6 Conclusions and Future Directions
Electronic commerce is currently undergoing
a phase of market maturation, in which indi-
vidual actors can no longer radically trans-
form the industry through traditional strate-
gies alone. In this context, the integration of
Artificial Intelligence (Al) and Machine
Learning (ML) into Business Intelligence
processes can significantly enhance sales
optimization and operational efficiency.
Moreover, Al technologies can substantially
improve product search and recommendation
processes for customers. A highly personal-
ized Al model is capable of identifying
products or offers that are more aligned with
individual user preferences than convention-
al search methods. Traditional ranking algo-
rithms typically rely on generalized indica-
tors such as popularity, rating, average price,
or product availability. However, these indi-
cators often become overly generic and may
fail to accurately reflect the nuanced expec-
tations and behavioral patterns of individual
customers.
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Abstract

Time series forecasting is very important in planning, climate modelling, and industrial making-
decision. It helps make plans and decisions. The Autoregressive Integrated Moving Average
model (ARIMA) is a statistical method that is still widely used. It has some problems. It assumes
that data changes in a line, which is not always true. This thing needs the data to be more stable
which is not easy to do. Working with a lot of data can make it really slow. This study looks at a
method called Quantum Autoregressive Moving Average (QARMA). QARMA uses quantum en-
coding, the Quantum Fourier Transform, and the Harrow—Hassidim—Lloyd algorithm to make
forecasts. We used two datasets to test QARMA and compare it to ARIMA. One dataset had in-
formation on unemployment rates. The other had weather observations. The results show that
QARMA works better than ARIMA with data that changes a lot. QARMA reduces errors in fore-
casts. Is still fast. The tests also confirmed that QARMA is reliable and works well. The findings
suggest that using quantum computing for forecasting can make it better. QARMA can handle
data and large amounts of it. This makes QARMA a promising new direction for analytics.
Keywords: Time Series Forecasting, ARIMA, Quantum Computing, Quantum Machine Learning,
QARMA.

1.2 ARIMA Model and Its Limitations

1 Introduction

1.1 Importance of Time Series Fore-
casting

Forecasting time series is essential for mak-
ing decision in areas like economics, fi-
nance, climate science, and healthcare. Tra-
ditional statistical forecasting balances bias
and variance for improved accuracy [5,11].
However, elevating data dimensions and
nonlinear relationships pose difficulties for
conventional linear models.
Recent developments in quantum computing
have presented computational models that
enable parallel state representation and high-
dimensional feature mapping, providing pos-
sible benefits in forecasting applications
[4,13].

An ARIMA model is a statistical technique

used to analysis and forecast future values in

timeseries data based on its own past behav-

iour. It combines three components such as p

— AutoRegressive to use past values, d- Inte-

grated to make data stationary, and q — Mov-

ing Average to account for past forecast er-

rors.

ARIMA (. d,q) model is expressed as:
¢(B)(1— B)Y, = 0(B)e;

where:

¢(B) is the autoregressive polynomial,

6(B) is the moving average polynomial,

d is the dif ferencing order, and

€; is white noise.

ARIMA presumes covariance stationarity

post-differencing and only represents linear

relationships [4]. Its restrictions encompass:
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o Difficulty in representing nonlinear
dynamics
e Necessity for manual differencing
o Issues with scalability in extensive da-
tasets
o Limitation to univariate analysis
Hybrid and nonlinear models, example
ARIMA-ANN, ARIMA-SVM have been
suggested to address these challenges [2,15],
but they remain computationally intensive.

1.3 Quantum ARMA:

Quantum computing is really good, at han-
dling lots of information because of entan-
glement and superposition. Quantum compu-
ting uses these ideas to make it work. A clas-

sical time series vector ¥ € R"can be encod-
ed as:

mn

0= x i)

i=1
This amplitude encoding enables parallel
representation of temporal features [14].
QARMA integrates:

e Quantum Fourier Transform (QFT) for
frequency extraction [8]

o HHL algorithm for solving linear sys-
tems with potential exponential
speedup [10]

o Variational Quantum Circuits (VQC)
for nonlinear feature learning [7]

Under sparsity conditions, HHL reduces

computational complexity from (%) to
O(log n)in ideal scenarios.

1.4 Research Objectives

This study aims to compare classical ARI-
MA with Quantum ARMA to evaluate their
effectiveness and practical applications. The
key objectives are:

1. Compare the accuracy and efficiency of
ARIMA and Quantum ARMA across
different datasets.

2. Analysis how quantum principles like
superposition and QFT improves fore-
casting.

3. Examine how Quantum ARMA can be
used in social and climate modelling.

4. Provide insights on how businesses and
researchers can integrate ARMA into
their forecasting workflows.

By bridging the gap between traditional sta-
tistical methods and emerging Quantum
computing techniques, this research aims to
contribute to the next generation of Time
Series forecasting.

1.5 Literature Review

Traditional principles to new quantum meth-
odologies. Brockwell and Davis (1991), in
their foundational book time series: Theory
and Methods, laid out the essential theoreti-
cal framework for ARIMA models, explain-
ing the management of stationary and not-
stationary processes via autoregressive,
moving average, and differencing elements,
along with operational methods for model
identification, estimation, diagnostics, and
forecasting. This continues to serve as a
standard for linear time series analysis. Sub-
sequent research, including

Aslanargun et al. (2007), evaluated ARIMA
against artificial neural networks and hybrid
ARIMA-ANN models for predicting tourist
arrivals, revealing that hybrid models fre-
quently surpass pure linear ones by identify-
ing nonlinear trends, thereby highlighting the
constraints of isolated ARIMA in intricate
datasets.

Lately, quantum-inspired techniques have
started to investigate improvements for time
series tasks. Daskin (2022), showed the via-
bility of methods utilizing Quantum Fourier
Transform (QFT) for preprocessing and
forecasting, suggesting quantum counter-
parts to classical ARIMA elements that ex-
ploit superposition and entanglement for
possibly more effective frequency-domain
analysis and prediction. Foundational princi-
ples of quantum machine learning were pre-
sented by Schuld et al. (2015) in “An intro-
duction to quantum machine learning”, cov-
ering data encoding, quantum optimization,
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and algorithmic opportunities. However,
real-world application encounters major ob-
stacles: Cerezo et al. (2021) pointed out is-
sues such as noise, barren plateaus, and re-
strictions of NISQ devices, whereas Preskill
(2018) characterized the NISQ era as a tran-
sitional stage allowing for exploratory yet
noise-limited applications lacking complete
fault tolerance.

Even with the rising fascination in quantum-
enhanced forecasting- such as quantum
ARIMA- like models and QFT- derived
methods — direct empirical comparisons be-
tween classical ARIMA and quantum or
quantum inspired options are still scarce.
Many studies focus on theoretical feasibility
or separate elements instead of thorough
assessments of predictive accuracy, compu-
tational efficiency, scalability, or resilience
across a variety of real-world datasets. The
lack of thorough direct comparisons drives
this research, aiming to fill the void via sys-
tematic testing and evaluation.

2 Methodology

A methodical approach for contrasting the
ARIMA and QARMA models is described
in this methodology. Along with discussing
important issues, the section goes into each
model's detailed procedures, tools, evalua-
tion measures, and implementation tactics.

2.1 Dataset Descriptions
The first dataset, which has a record for 33
years and it’s taken from Macrotrends,
shows India’'s unemployment rates from
1991 to 2024. It forecasts future rates and
aids in the examination of employment
trends. The second dataset, which comes
from data.gov (Utah FORGE), and it has
4,458 meteorological data recordings from
the period of March 2024. It comprises vari-
ables which are crucial for researching the
extraction of geothermal energy, such as
temperature, wind direction, wind speed,
humidity, and barometric pressure. To assess
the prediction performance of the ARIMA

and QARMA models on the provided da-
taset, they were developed in Python.

2.2 Experimental Protocol
Using an 80/20 train-test split, out-of-sample
prediction, standard error metrics (RMSE
and MAPE), and statistical significance test-
ing of the performance difference, this sec-
tion describes the systematic evaluation pro-
tocol used to compare the forecasting per-
formance of the classical ARIMA model
against the suggested QARMA approach on
the same time series datasets.
The overall methodology adopted in this
study follows a systematic workflow for
time series forecasting using both classical
and quantum-inspired models. Fig.1 illus-
trates the complete process flow for ARIMA
and QARMA model development, evalua-
tion, and comparison.

s B 'S B 'S B

Fit ARIMA (AIC-

start [> Split data [> based) and QARMA
(train/test) (quantum circuit

optimization)

J \ J \ J

o

r 2 r 2 'S 2
Evaluate
End <] performance (RMSE, <] Generate forecasts
MAPE, significance (both models)
test)
J \ J \ J

Process flow for ARIMA and QARMA - Based Forecasting Evaluation

Fig. 1. Process flow chart

A simplified procedure for contrasting the
guantum QARMA and classical ARIMA
models in time series forecasting is shown in
the flowchart. First, the dataset is divided
into training and testing sets. Next, ARIMA
is fitted using AIC-based parameter selec-
tion, and QARMA is fitted using quantum
circuit optimization. After both models pro-
duce forecasts on the test set, statistical sig-
nificance tests, RMSE, and MAPE are used
to assess how well they performed. The pro-
cess ends with a clear comparison of the two
methods' forecasting resilience and accuracy.
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2.1 ARIMA Model
The traditional autoregressive integrated
moving average modelling or ARIMA mod-
elling is done in a way. First, we check if the
time series dataset follows stationarity. We
do this with the Augmented Dickey-Fuller
test. If the series is not stationarity, we make
it stationary by detrending or by changing
the data. We keep doing this until we get a
series. This helps us find out how times we
need to change the data, which is called the
integration order d. When the series is stable,
we try to figure out the orders of the auto-
regressive and moving average parts. We do
this by looking at graphs of the autocorrela-
tion function and partial autocorrelation
function. The partial autocorrelation function
graph usually stops after a point for an auto-
regressive process and the autocorrelation
function graph stops after a certain point for
a moving average process.
Then we use a method to estimate the pa-
rameters of the ARIMA model. Usually, we
use the likelihood estimation method. The
model parameters are estimated by applying
the maximum likelihood method to fit the
ARIMA model to the observed data. Subse-
quently, diagnostic checking is performed by
analysing the residuals. Specifically, the
Ljung-Box Q-test is employed to confirm
that the residuals exhibit randomness and are
free of serial correlation. If the residuals are
not random, we go back. Adjust the parame-
ters or change the data again. We keep doing
this until we get a fit.
Finally, we use the ARIMA model to make
forecasts for the test dataset. We also calcu-
late the prediction intervals. The ARIMA
model is used to generate these forecasts and
intervals. The traditional ARIMA modelling
is a tool for making predictions, about the
future. The ARIMA model is used to fore-
cast the values of the time series.

2.2 Quantum ARMA Modelling
By employing quantum superposition, en-
tanglement, and efficient linear algebra cal-

culations for time series forecasting, Quan-
tum ARMA (QARMA) modelling seeks to
extend conventional autoregressive moving
average concepts to the quantum world. In
order to represent the entire dataset (or a
subset of recent observations) concisely in a
superposition state, the procedure begins
with amplitude encoding using quantum
embedding techniques [14], in which classi-
cal time series values are allocated to the
probability amplitudes of a quantum register.
After that, this encoded state undergoes a
quantum Fourier transform (QFT) [8], which
performs a discrete Fourier transform in the
qguantum setting, moves the data from the
time domain to the frequency domain, and
makes it easier to retrieve periodic patterns
and correlations that support autoregressive
and moving average frameworks. The basic
predictive relationships of the ARMA mod-
el, which are typically determined by solving
a linear system for coefficients or future val-
ues, are then addressed by the Harrow-
Hassidim-Lloyd (HHL) algorithm [10],
which solves systems of linear equations
exponentially faster than conventional meth-
ods (under certain conditions) by converting
the matrix into a quantum operator, estimat-
ing eigenvalues using quantum phase esti-
mation, and creating a quantum state whose
amplitudes represent the solution vector.

Variational parameter optimization is carried
out within a hybrid quantum-classical loop
in order to adapt this framework for noisy
intermediate-scale quantum hardware and
improve the model parameters that describe
the functions of the quantum circuit. This
involves gradually adjusting differentiable
circuit parameters using gradient-based
techniques (such as the parameter-shift rule
or finite-difference approximations) in order
to lower a suitable loss function, such as
prediction error on training data. Following
optimization, the output quantum state is
prepared and measured several times to es-
timate the expectation values of relevant
observables. This process is known as quan-
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tum expectation measurement, and it is used
to derive classical forecast values from the
quantum superposition. The quantum AR-
MA process is ultimately completed by fore-
cast generation, which yields point forecasts
(and optionally uncertainty estimates) for the
test set or future time periods. The technique
is susceptible to circuit depth, gate errors,
and measurement shot noise that are present
in current quantum systems, despite being
theoretically well-suited for handling com-
plex temporal dependencies with reduced
computational scaling under ideal circum-
stances.

2.3 Comparative Evaluation Metrics
Evaluation metrics are essential for compar-
ing the forecasting accuracy and computa-
tional efficiency of ARIMA and QARMA
models. Mean Squared Error (MSE)
measures the how actual and predicted val-
ues are, with larger errors weighted more
significantly [3]:

MSE is calculated as this:

E mn r.o— AT 2
MSE:nEizl(}l }1) (1)

RMSE is helps to provide a direct compari-
son between the error and the original data,
ensuring the results remain on a comparable
scale.

RMSE=VMSE )

By expressing errors as a percentage of actu-
al observations, MAPE shows errors as a
percentage of values. This makes it easy to
compare how well predictions do across da-
tasets. By using MAPE you get a sense of
performance that’s not tied to the size of the
data. It helps in comparing datasets of sizes.

1vn

MAPE= n <=1

u| X 100
Vi

©)

In addition to accuracy, computational effi-

ciency is another key factor. ARIMA models
depend on repeated parameter estimation,
which makes them costly in terms of compu-
tation when it comes to large datasets. In
contrast, QARMA adopting the Quantum
Fourier Transform (QFT), and the Harrow-
Hassidim-Lloyd (HHL) algorithm, allowing
for significant improvements in solving line-
ar equations and handling high-dimensional
data. This quantum-powered efficiency posi-
tions QARMA as a promising framework for
scalable and high-performance time series
forecasting.

2.4 Challenges and Opportunities
Quantum computing offers transformative
possibilities but continues to contend with
scalability issues. A primary obstacle is
guantum noise, where even minor environ-
mental disturbances compromise the integri-
ty of quantum bits (qubits) and lead to pro-
cessing errors. Another hurdle is scalability
— right now, we don’t have enough qubits to
handle really complex problems, which lim-
its what quantum models can do in real-
world scenarios. Consequently, despite the
transformative potential of quantum systems,
a significant innovation gap remains before
they reach a stage of commercial viability
[7].

Conversely, ongoing advancements in error
mitigation are bolstering computational reli-
ability, while hybrid quantum-classical ar-
chitectures offer a viable near-term frame-
work for overcoming current hardware limi-
tations These models allow us to tap into
guantum power while still using traditional
methods where quantum systems fall short.
As these technologies improve, we’re mov-
ing closer to making quantum computing a
real game-changer in fields like time series
forecasting and beyond.

QARMA shows great promise in improving
time series forecasting by overcoming
ARIMA’s limitations with quantum compu-
ting. While challenges like noise and scala-
bility still exist, ongoing advancements in
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hybrid models and error correction bring us
closer to real-world applications.

3 Results and Discussion
3.1 Comparing Forecasting Accuracy
and Efficiency

The Performance of the proposed Quantum-
enhanced is evaluated against the ARIMA
model with two different datasets and their
values are displayed in Table 1. It presents
the comparative results in terms of Root
Mean Square Error (RMSE), Mean Absolute
Percentage Error (MAPE) and training time.

Table 1. Content details

am | MA | T
Dataset Model PE Ing
SE Time(
(%)
s)
ARI- | 0.01 | 16.9
Il(J)n(;:nn;-nt MA 21 8 0.054
P Rate | QAR [ 0.00[0.06 | oo
MA 09 03 '
ARI- | 0.30
Tempera- MA 43 0.67 | 0.627
ture (°F) QAR | 0.81 | 88.1
MA 51 3 0.967

Dataset 1: Unemployment Rate

This dataset shows a trend making it good
for simple forecasting models. QARMA
works better. In terms, RMSE: QARMA has
a low error rate of 0.0009 while ARIMA has
0.0121. This means QARMAs predictions
are very close to values making forecast er-
rors much smaller. MAPE: QARMA has an
error of 0.0603% while ARIMA has 16.98%.
This is a difference and QARMA is more
accurate even when data is smooth. Training
Time: ARIMA trains faster at 0.054 seconds
compared to QARMA at 0.159 seconds.
QARMA takes a bit time but it’s worth it for
better forecasts. For economic indicators like
unemployment rate QARMA works better
than ARIMA in accuracy and is still reason-
able, in computation time.

Dataset 2: Temperature (°F) (More Fluc-
tuating & Seasonal Pattern)

This dataset contains stronger variability and
environmental fluctuations. RMSE: ARIMA
achieved a lower RMSE (0.3043) compared
to QARMA (0.8151). This suggests that
ARIMA provided more accurate predictions
in terms of absolute error for this dataset.
MAPE: ARIMA again performed Dbetter,
with a MAPE of 0.67%, while QARMA
showed a much higher 88.13%. The ex-
tremely high MAPE for QARMA indicates
instability in percentage-based forecasting
for this particular dataset. Training Time:
QARMA required more time (0.967 sec-
onds) compared to ARIMA (0.627 seconds).
Here, the additional computational cost did
not translate into improved forecasting per-
formance. For temperature data with strong-
er variability and possible seasonal compo-
nents, ARIMA demonstrates superior stabil-
ity and forecasting accuracy. In this case,
QARMA does not provide performance ad-
vantages and shows sensitivity to the data
structure.

4 Conclusion

This study looked at how ARIMA and
QARMA models can forecast things. It used
two sets of data: one about the economy,
which is the Unemployment Rate and one
about the environment, which is Tempera-
ture in °F. The results show that QARMA is
a lot better than ARIMA when the data is
stable and structured. For the Unemployment
Rate data QARMA did a better job of pre-
dicting what would happen next. This indi-
cates that QARMA is highly predictive and
adaptable to various contexts. Because
QARMA was so much better at forecasting,
it was worth the somewhat longer time it
took to learn from the data.

The study also found out that QARMA is not
always the model to use. ARIMA proved
more effective for the temperature datasets,
as it was better equipped to handle the fre-
quent fluctuations and instability in the read-
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ings. ARIMA made mistakes and was more
stable when forecasting the Temperature.
QARMA made mistakes and took longer to
compute even though it was not as good.
Ultimately, model selection is contingent
upon the underlying data structure; the cho-
sen architecture must be compatible with the
data’s inherent properties. Perhaps in the
future, we may be able to combine models
like ARIMA with new quantum models like
QARMA to create something that performs
very well for a variety of data types.
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This article explores Business Intelligence (BI) systems, focusing on a comparative analysis of
Microsoft Excel and Power Bl. Power Bl is an extension of Excel because it utilizes its add-ons:
Power Query, Power Pivot, and Power View. Both Excel and Power Bl allow data transfor-
mation and visualization, but Power Bl is more appropriate for advanced analysis. Its tools are
designed for business-oriented analysis through dashboards, while Excel remains well suited for
simpler calculations using summarized data. A practical example was developed using Power Bl
to highlight the power of this program to transform and visualize data. Comparisons with Excel
were made to see how Power Bl is an extension of the program, not a completely different pro-
gram. The main purpose of this paper is to inform data analysts, data scientists, and Bl enthusi-
asts about the appropriate contexts for using each tool and to identify when one may be more

suitable than the other.
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Introduction

Business Intelligence (BI) systems are
essential for supporting data-driven decision-
making in modern organizations, particularly
as data continues to increase in volume and
complexity. Microsoft Excel is a common
and widespread tool for data analysis due to
its flexibility and simplicity; however, ana-
Iytical requirements have evolved and
spreadsheet-based approaches have their
limitations, especially for large datasets and
complex dashboards with various types of
graphs. In response, Microsoft Power Bl was
introduced as a modern BI platform that en-
hances Excel’s capabilities by integrating
three of its significant add-ons into a unified,
business-focused environment. Excel and
Power Bl each have their specific applica-
tions, depending on the requirements and
needs of users and organizations. However,
for generating insights about a company and
supporting  decision-making to improve
business processes, Power Bl is generally
recommended. It enables more advanced
calculations and produces more informative

and visually compelling charts and graphs,
making it particularly suitable for complex
analytical requirements. By examining their
functional capabilities, historical evolution,
and use cases within BI systems, this study
investigates the link between Excel and
Power BI.

2 Business Intelligence Systems Overview
“Business intelligence (BI) is a set of tech-
nological processes for collecting, managing
and analyzing organizational data to yield
insights that inform business strategies and
operations” [1]. Data warehouses are usually
the primary source of information for BI
platforms, with data from multiple sources
aggregated into a central system. However,
other data sources are equally important,
including data lakes, cloud platforms, Ha-
doop systems, industry statistics, and similar
resources.

The typical Bl workflow involves identify-
ing the data required for analysis, collecting
and cleaning the data, analyzing it, visualiz-
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ing the results, and developing insights to
streamline various organizational processes
within companies. This information is uti-
lized by organizations to measure key per-
formance indicators (KPIs) and to report on
them [2].

Data collection and cleaning can be per-
formed using extract, transform and load
(ETL) or extract, load and transform (ELT)
tools or spreadsheet programs such as Mi-
crosoft Excel. The data analysis stage in-
cludes data discovery, data mining, data
modeling, machine learning (ML), natural
language processing (NLP), Online Analyti-
cal Processing (OLAP), and predictive and
prescriptive analytics.

From a historical perspective, the term
“business intelligence” was first utilized in
1865 to describe a banker who gathered
market information before his competitors
did. Bl grew in popularity in the 1990s;
however, it usually required IT support due
to the technology being still complex at that
time. This led to delayed reports and tech-
nical problems, and even without IT the Bl
analysts and users needed training which
would have taken a lot of time.

The benefits of Bl include clearer reporting,
consolidation of data from multiple sources,
fixing or improving business operations,
faster decision making, and increased cus-
tomer and employee satisfaction. On the
other hand, BI also presents several chal-
lenges: different research teams may reach
contradictory conclusions, data integration
can be difficult due to technological limita-
tions, and the initial costs of developing a
modern Bl system can be high. Nevertheless,
these investments often prove worthwhile, as
Bl analyses can help reduce overall costs
over time.

Business Intelligence is beneficial across a
wide range of industries, including customer
service, banking and finance, healthcare,
retail, sales and marketing, security and
compliance, statistical analysis, and supply
chain management. The advantages of using

Bl include faster customer support, identifi-
cation of opportunities for improvement or
investment, increased sales or customer sat-
isfaction, and the detection and correction of
inefficiencies in business processes.

3 Origins and Evolution of Microsoft Ex-
cel

Microsoft Excel was introduced in 1985 as
one of the first spreadsheet applications [3].
However, the first widely adopted version of
Excel debuted in 1992, when Excel 4 was
released. Its subsequent version, Excel 5,
introduced Visual Basic for Applications
(VBA), a programming language that allows
users to create macros. These are sets of rec-
orded instructions utilized to manipulate
data, automate tasks, and standardize docu-
ments [4]. Macros can be applied for data
cleaning, enabling users to easily identify
and remove duplicates, reformat numbers
and dates, and eliminate empty cells.

The most recent features were introduced in
the 2019 update and included map charts,
funnel charts, new keyboard shortcuts, and
enhanced calculation functions. Excel has
thus evolved from a basic spreadsheet tool
into a complex business intelligence and data
analytics platform, offering a wide range of
functions, features, and tools.

Excel is primarily utilized for numerical cal-
culations, being widely utilized across vari-
ous fields. It is also employed for non-
numeric tasks, such as text manipulation or
organizing lists [5]. For numeric data, Excel
is commonly used for analyzing survey re-
sults, performing financial analysis, and cre-
ating charts, diagrams, and graphical dash-
boards. Its macros further simplify repetitive
tasks, enabling users to perform complex
operations with a single click.

4 Overview of Power Bl

Power Bl was initially released in 2013 as
Power Bl for Office [6]. The first general
public release occurred on July 24, 2015,
introducing the main components of the
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Power Bl ecosystem: Power Bl Desktop,
Power BI Service, and Power Bl Mobile.
Power Bl Desktop provides tools for data
analysis and visualization, including custom
calculations beyond standard descriptive
statistics. Power BI Service, built on Mi-
crosoft Azure, allows users to perform basic
analysis and visualization and to publish
desktop reports to the cloud for sharing.
Power Bl Mobile enables users to view and
interact with reports on iPhones, iPads, An-
droid phones and tablets, and Windows mo-
bile devices, although it does not allow re-
port creation.

Power BI is widely used for data analysis
and sharing reports and dashboards among
users [7]. These reports can either be created
manually or automatically using the Quick
Insights feature. After their publication, they
can be included in dashboards as a whole or
only extract certain elements from them.
Reports and dashboards can then be shared
in various forms: on a website or blog, or
within the organization or certain groups,
where sharing rules will be applied.

5 Continuity Between Excel and Power Bl
Self-Service Business Intelligence (BI) was
introduced by Microsoft in 2009 with the
announcement of Power Pivot for Microsoft

Excel 2010 [8]. Initially, the only method for
sharing reports within a team was via Share-
Point, which limited usability. Based on user
feedback, Microsoft developed Power BI to
address these limitations. Offering enhanced
functionality, simplified workflows, new
visualizations, and mobile support, Power Bl
builds upon existing Excel add-ins: Power
Query, Power Pivot, and Power View. Data
can be loaded into Power Bl not only from
Excel files but also from various cloud
sources.

Power Query provides tools to access tabular
data in multiple formats, ranging from large-
scale databases to simple text files [9]. The
resulting tables can be concatenated, refor-
matted, and loaded into Excel for further
manipulation or visualization. Power Pivot
adds computational capacity and supports
interactive visualizations based on complex
calculations, while Power View serves as the
visualization engine of Power Bl. Compared
to Excel, Power BI allows users to create
and share reports and dashboards with sig-
nificantly less time and effort, offering a
more user-friendly and efficient develop-
ment environment. Key differences between
Excel and Power Bl are summarized in Ta-
ble 1 [10].

Table 1. Differences between Excel and Power Bl

Feature Microsoft Excel Microsoft Power Bl
Data analy- | - basic to intermediate analysis - advanced data modelling
Sis - utilizes formulas and functions | - complex calculations
Data - standard charts and graphs - interactive and highly customizable visuals
visualization | - limited interactivity - dynamic dashboards and reports
- performance might decline with | - handles large volumes of data from a wide
Data large datasets range of sources
integration | - imports data from files and da-
tabases
. - file sharing via email or cloud | - cloud-based with Power Bl service
Sharing . .
storage - simple report sharing
User - user-friendly for basic tasks - modern interface
interface and - advanced features have a steeper learning
ease of use curve
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6 Data Transformation and Visualization
in Power BI

Data transformation is the process by which
data is subjected to certain changes in order
to be cleaned and prepared for the analysis
needed for certain business requirements.
This can be performed with the Power Query
Editor window, in which the user can re-
name queries, assign appropriate data types,
add new columns, replace values, and re-
move certain columns. Moreover, users can
create hierarchies to be able to navigate
through data easily. M query is commonly
used to query data sources, load and clean
data, and create custom columns when im-
porting data [11].

For the visualization part, users can add card
visualizations, map visuals, clustered column
charts, and matrix visuals. They can add
filters, set titles for them along with various
text formats and options, change colors, set
variables and their labels, add legends, and
much more. Whenever having a hierarchy,
Power BI offers us the option to drill down
the data into a granular level by clicking the
three-down arrow icons at the top right cor-
ner of a visual.

Data transformation and visualization pro-
cesses are streamlined in Power BI, making
it much easier to perform complex tasks on
large volumes of data. M query is commonly
used to query data sources, load and clean
data, and create custom columns when im-
porting data. Despite the fact that some func-
tions are drag & drop or require only a few
clicks, users can take full advantage of the
program'’s functions by using Data Analysis
eXpressions (DAX). Although it is based on
Microsoft Excel formulas, it can only be
used within Power Bl and cannot be export-
ed to other software. The DAX syntax al-
lows users to define calculated columns,
fields, and measures based on the given data
source.

Compared to other Bl solutions, data prepa-
ration in Power BI requires significantly less
effort when using DAX. For instance, com-

plex calculations that are time-consuming in
Excel can be implemented more efficiently
in Power BI through DAX formulas. Conse-
quently, a dynamic solution using DAX can
greatly reduce both the time and resources
needed compared to performing equivalent
calculations manually in Excel.

7 Coding in Excel and Power Bl

As previously stated, Power Bl utilizes DAX
as its primary coding language, whereas Ex-
cel uses VBA. VBA is a programming lan-
guage that includes several fundamental el-
ements such as comments, variables, con-
stants, data types, multidimensional arrays,
dynamic arrays, and labels [12]. It operates
similarly to other programming languages,
supporting various data types including text,
numbers and dates, as well as a variety of
operators, including the Mod operator and
those commonly found in worksheet formu-
las.

VBA enables working with Range objects,
similar to selecting multiple fields in an Ex-
cel worksheet. These objects have various
properties, such as the value property, which
is used to read the contents of a cell or to
read or modify the value of a range; the text
property, which formats and displays infor-
mation stored in a cell in a certain format;
the count property, which returns the number
of cells in a range; and the HasFormula
property, which returns True if at least one
cell in the range contains a formula. Range
objects also include useful methods such as
select, copy, paste, clear, and delete, which
correspond to classic Excel operations.

VBA provides built-in functions that may
accept optional parameters. The Worksheet-
Function object makes it possible to combine
Excel worksheet functions with VBA code,
allowing the use of functions that are not
directly available in VBA. Therefore, most
computational tasks can be performed effi-
ciently. Additionally, users can define cus-
tom functions, which represent the third cat-
egory of functions used in VBA procedures.
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The language is familiar to programmers,
making Excel calculations more flexible and
easier to implement.

DAX, previously mentioned in this paper, is
the formula and query language used in
Power BI, Microsoft Analysis Services, and
Microsoft Power Pivot for Excel [13]. It is
designed to compute business formulas over
data models, which are sets of tables linked
through relationships.

Another fundamental difference is represent-
ed by iteration. In Excel, calculations are
typically performed one step at a time,
whereas DAX supports iterator functions
that allow the same operations to be execut-
ed within a single expression. Furthermore,
DAX can also function as a query language,
incorporating concepts similar to SQL while
remaining more compact and accessible.
Therefore, DAX represents the native lan-
guage of Power Bl and enables more com-
plex computations compared to VBA. How-
ever, its syntax and relational modeling con-
cepts may make it more difficult to learn
initially.

8 Al Integration in Excel and Power Bl
Microsoft Excel supports numerous artificial
intelligence (Al) tools, such as ChatGPT,
Numerous Al, or GPT for Excel [14]. Addi-
tionally, Microsoft’s 365 Copilot utilizes
large language models to generate formulas,
summaries, and visualizations, supporting
users without advanced Excel expertise.
Other Microsoft tools, such as Spread-
sheetLLM, further enhance productivity by
extracting relevant insights from complex
spreadsheets.

Although ChatGPT does not provide native
integration within Microsoft Excel, it can be
accessed through third-party add-ins such as
GPT for Sheets and Docs (developed by
Talarian), which requires an OpenAl API
key, and ChatGPT in Excel (provided by
Numerous Al), which is suitable for non-
programers. Moreover, connection to the
OpenAl API can be made directly within

Excel using Power Query or VBA, enabling
receiving responses directly into the spread-
sheet.

After integrating Al into Excel, users can
leverage its power through many functions,
including content generation, grammar cor-
rection, text analysis, translation, language
detection, formula writing or explanation,
data cleaning, handling missing values, cre-
ating quizzes, generating data, or simplifying
concepts for students. These capabilities can
be enabled through installing certain add-ins
and utilizing given functions, thereby im-
proving workflow efficiency and reducing
manual effort.

In contrast, Power Bl incorporates Al capa-
bilities through Microsoft-native models,
rich visuals, and Azure Cognitive Services,
which provide pre-trained machine learning
models accessible through APIs [15]. Within
the Azure ecosystem, models can be trained
in parallel using Automated Machine Learn-
ing, while a single model can be created us-
ing Azure Machine Learning Designer or
trained and deployed from scratch with Az-
ure Machine Learning workspace, which
requires data science knowledge. These ap-
proaches support different levels of technical
expertise and enable advanced analytical
functionality in Power Bl environments.

Al integration can improve decision-making
and operational efficiency by automating
repetitive analytical tasks. However, it is
associated with several limitations, including
dependence on data quality, increased com-
plexity of features, limited accessibility for
non-technical users, high implementation
costs, ethical concerns, challenges in integra-
tion of certain models, computational re-
source requirements, security and privacy
risks, and limited customization options
[16]. Moreover, effective use of Al systems
requires specialized expertise, as non-
technical users may face difficulties in mod-
el training, deployment, and configuration.
Although Al significantly improves analyti-
cal capabilities in both Excel and Power Bl,
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its implementation requires proper manage-
ment and skilled personnel to ensure its ef-
fective and responsible use.

9 Practical Comparison of Excel and
Power Bl

In order to further examine how Power Bl
represents an improved extension of Mi-
crosoft Excel, a dataset requiring minimal
data cleansing was selected, and a dashboard
with graphical representations was devel-
oped. For this study, highly complex formu-
las and calculations were not employed,
however, it is important to note that Power
Bl represents an enhancement of Excel and
an optimal solution for large-scale datasets,
particularly due to its ability to handle ad-
vanced calculations when required. Power
Bl Desktop was used for this analysis, as it
provides more advanced and comprehensive
analytical features.

The dataset used in this study is the Titanic
Dataset available on Kaggle [17]. It contains
891 observations corresponding to passen-
gers on the RMS Titanic and is typically
utilized in survival prediction and binary
classification tasks, as it allows one to esti-
mate passenger's survival rate based on the
target variable that indicates whether an in-
dividual survived the disaster (1) or died (0).
The dataset, excluding the identification
number for each record, includes 11 varia-
bles that describe passenger attributes and
information related to travel. These variables
include survival status, passenger class (1st,
2nd, or 3rd class), passenger name, gender,
age, number of siblings or spouses aboard
(SibSp), number of parents or children
onboard (Parch), ticket number, and passen-
ger fare.

First, the dataset was imported into Power Bl
by creating a blank report and selecting the
Text/CSV data source. The imported data is
presented in Figure 1.

Titanic-Dataset.csv

P m Transform Data
Fig. 1. Data Import Panel

Next, the Transform Data option was select-
ed, which opened the Power Query Editor.
This interface allows users to visualize the
applied steps, modify or delete them, and
insert intermediate steps in the data cleans-
ing process. For the selected dataset, the
variables Passengerld, SibSp, Parch, Ticket,
Fare, and Cabin were removed, as shown in
Figure 2. The data type of each remaining
variable was automatically updated.

Missing values in the Age column were re-
placed with the average age calculated using
DAX. The code corresponding to each trans-
formation step is displayed in the formula
bar at the top of the table. To replace null
values, the following DAX code fragment
was written when adding a new column to
the dataset:

AVG_Age = IF (
ISBLANK('Titanic-Dataset' [Age]),
ROUND (CALCULATE (

AVERAGE ('Titanic-Dataset' [Age]),
ALL('Titanic-Dataset')
), 0), 'Titanic-Dataset' [Age])

The null values in the Age column were re-
placed with the values computed in the
AVG_Age column, code displayed previous-

ly.
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Fig. 2. Processed Dataset

Following the data preparation stage, a com-
prehensive dashboard presenting statistical
insights from the Titanic dataset was created.
Power BI offers a user-friendly interface that
enables dashboard development on a single
page using drag-and-drop functionality,
where values are selected from the data pane
and visualizations are customized as needed.
The dashboard includes a table displaying
passenger information, a card visualization
showing the computed survival rate which
was formatted as a percentage with 1 deci-
mal place from the Measure tools tab, and
two charts illustrating the number of survi-
vors based on sex and passenger class by
bought ticket. The resulting dashboard is
presented in Figure 3.

Fig. 3. Power BI Dashboard for the Titanic
Dataset

38.4%

Unlike Excel, Power Bl reports are inherent-
ly interactive, enabling users to filter and
explore data dynamically across all visual
elements. For example, selecting the female
category in the Survival by Sex chart auto-
matically updates all other visuals on the

dashboard, including the Survival by Class
chart, to display the number of female pas-
sengers who survived in each passenger
class, as illustrated in Figure 4.

100.0%

F.ig'. 4. Interactive bashboard Results

The mobile layout can be generated automat-
ically by selecting the “Auto-create mobile
layout” option within the Mobile Layout
view. Additionally, the file can be uploaded
to the cloud and accessed through the
browser-based version of Power Bl, allow-
ing it to be viewed from any location.

10 Conclusions

Power BI can be considered an extension of
Excel, not only because it inherits and en-
hances certain Excel features, but also be-
cause it allows users to import spreadsheets
and manipulate data more comprehensively.
Additionally, Power Bl dashboards can be
shared among users more easily, which is
particularly valuable for analysts who need
to distribute insights to clients or team mem-
bers.

Both Excel and Power Bl have distinct
strengths. Excel is better suited for smaller
datasets, users with limited analytical expe-
rience, and scenarios requiring flexibility
with minimal automation. In contrast, Power
Bl is more appropriate for larger datasets,
users with advanced analytical skills, and
situations where interactive visualizations,
scalability, and streamlined sharing are pri-
orities [18].

For future work, this topic can further be
extended by exploring Microsoft Fabric as a
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unified analytics platform delivered as a
software-as-a-service (SaaS), designed to
support data engineers, data scientists, busi-
ness analysts, and database administrators
within a single environment [19]. It incorpo-
rates Microsoft 365, includes Copilot for Al
support in coding tasks, and offers integrated
tools for end-to-end data processing. Power
Bl is included as a core workload, enabling
quick access to various data sources and the
creation of interactive charts and dashboards.
Thus, Fabric provides the possibility to uti-
lize multiple workloads within the same en-
vironment without duplicating data when
processing or sharing it, thanks to OneLake
storage.

References

[1] IBM, “What is business intelligence
(BI)?,” ibm.com.
https://www.ibm.com/think/topics/busine
ss-intelligence (accessed January 2026).

[2] M. Rozema and H. Vlootman, Extreme
DAX. Packt Publishing, 2022.

[3] C. Ginsberg, “A Brief History of Mi-
crosoft Excel,” blog.nobledesktop.com,
Jul. 2025.
https://www.nobledesktop.com/blog/hist
ory-of-microsoft-excel (accessed January
2026).

[4] C. Ginsberg, “What Are Excel Macros?,”
blog.nobledesktop.com, Jul. 2025.
https://www.nobledesktop.com/blog/wha
t-are-excel-macros (accessed January
2026).

[5] J. Walkenbach, Excel 2013 bible. Wiley,
2013.

[6] N. Mihiranga, Power Bl Data Modeling
Build Interactive Visualizations, Learn
DAX, Power Query, and Develop BI
Models (English Edition). BPB Publica-
tions, 2022.

[7] V. Krishnan, S. Bharanidharan, and G.
Krishnamoorthy, “Research Data Analy-
sis with Power BI,” pp. 211-218, 2017.

[8] A. Ferrari and M. Russo, Introducing
Microsoft Power BI. Microsoft Press,
2016.

[9] L. T. Becker and E. M. Gould, “Mi-
crosoft Power BI: Extending Excel to
Manipulate, Analyze, and Visualize Di-
verse Data,” Serials Review, vol. 45, no.
3, pp. 184-188, Jul. 2019.

[10] GO-ERP, “7 reasons to switch from
Excel to Power BI for businesses,” go-
erp.eu, Mar. 2023. https://go-
erp.eu/powerbi-vs-excel/ (accessed Janu-
ary 2026).

[11] GeeksforGeeks, “Power BI — Differ-
ences between the M Language and
DAX,” geeksforgeeks.org.
https://www.geeksforgeeks.org/power-
bi/power-bi-differences-between-the-m-
language-and-dax/ (accessed January
2026).

[12] J. Walkenbach, Excel VBA program-
ming for dummies. John Wiley & Sons,
2013.

[13] M. Russo and A. Ferrari, The Definitive
Guide to DAX: Business Intelligence for
Microsoft Power Bl, SQL Server Analy-
sis Services, and Excel. Microsoft Press,
20109.

[14] L. Mocean and M.-P. Vlad, “Artificial
Intelligence Integration in Spreadsheet
Environments: A Case Study of Ms Ex-
cel,” Quaestus Multidisciplinary Re-
search Journal, pp. 114-124, 2025.

[15] M.-J. Diepeveen, Artificial Intelligence
with Power BI : Take your data analytics
skills to the next level by leveraging the
Al capabilities in Power BI. Packt Pub-
lishing Limited, pp. 20-21, 2024.

[16] A. Khaleeg Mohammed and M. Azmath
Ansari, “The Impact and Limitations of
Al in Power BI: A Review,” International
Journal of Multidisciplinary Research
and Publications (IIMRAP), vol. 7, no. 7,
pp. 23-27, 2024.

[17] Kaggle, “Titanic Dataset,” kaggle.com.
https://www.kaggle.com/datasets/yasserh
/titanic-dataset (accessed January 2026).



https://www.ibm.com/think/topics/business-intelligence
https://www.ibm.com/think/topics/business-intelligence
https://www.nobledesktop.com/blog/history-of-microsoft-excel
https://www.nobledesktop.com/blog/history-of-microsoft-excel
https://www.nobledesktop.com/blog/what-are-excel-macros
https://www.nobledesktop.com/blog/what-are-excel-macros
https://go-erp.eu/powerbi-vs-excel/
https://go-erp.eu/powerbi-vs-excel/
https://www.geeksforgeeks.org/power-bi/power-bi-differences-between-the-m-language-and-dax/
https://www.geeksforgeeks.org/power-bi/power-bi-differences-between-the-m-language-and-dax/
https://www.geeksforgeeks.org/power-bi/power-bi-differences-between-the-m-language-and-dax/
https://www.kaggle.com/datasets/yasserh/titanic-dataset
https://www.kaggle.com/datasets/yasserh/titanic-dataset

Database Systems Journal vol. XV11/2026 91

[18] J. Bothma, “Power BI vs Excel: Which [19] Microsoft, “What is Microsoft Fabric?,”
Should You Use?,” datacamp.com. learn.microsoft.com.
https://www.datacamp.com/blog/power- https://learn.microsoft.com/en-
bi-vs-excel-which-should-you-use  (ac- us/fabric/fundamentals/microsoft-fabric-
cessed January 2026). overview (accessed June 2026).

Cristiana COSTAN graduated from the Faculty of Cybernetics, Statistics and
Economic Informatics of the Academy of Economic Studies in 2024, obtaining a
Bachelor’s Degree in Economic Informatics. She is currently pursuing a master’s
degree in Databases - Business Support and will earn her degree in 2026. Her
main areas of interest include data analysis, database management, and web de-
‘ velopment.



https://www.datacamp.com/blog/power-bi-vs-excel-which-should-you-use
https://www.datacamp.com/blog/power-bi-vs-excel-which-should-you-use
https://learn.microsoft.com/en-us/fabric/fundamentals/microsoft-fabric-overview
https://learn.microsoft.com/en-us/fabric/fundamentals/microsoft-fabric-overview
https://learn.microsoft.com/en-us/fabric/fundamentals/microsoft-fabric-overview

92 Security of Business Intelligence Systems in the Face of Cyber Attacks

Security of Business Intelligence Systems in the Face of Cyber Attacks

Mario-Tudor CHIRIAC
Bucharest University of Economic Studies
Faculty of Cybernetics, Statistics and Economic Informatics
Bucharest, Romania
chiriacmario21@stud.ase.ro

This article aims to examine the effects of various types of cyberattacks on Business Intelligence
(BI) systems, as well as the protective measures required to prevent such incidents. The simulated
attacks include Denial of Service (DoS), Man-in-the-Middle (MITM), and Evil Twin attacks.
These represent some of the most frequently employed techniques used by cyber attackers to
compromise an organization’s infrastructure, either to steal critical data for malicious purposes
or to disrupt operations, potentially leading to severe financial losses or even bankruptcy. There-
fore, it is essential that Business Intelligence systems be supported by a robust and well-secured
infrastructure in order to mitigate risks and prevent catastrophic outcomes.
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1 Introduction

A Business Intelligence (BI) system repre-
sents an integrated combination of technolo-
gies, applications, and processes that enable
organizations to collect, store, analyze, and
visualize data in order to make better, faster,
and more informed decisions.

In practice, a Bl system aggregates and cen-
tralizes all relevant organizational data orig-
inating from diverse sources, such as data-
bases, Excel files, enterprise management
applications, or even online services. These
data are subsequently processed, cleaned,
and structured to facilitate efficient analysis.
Bl systems allow users to perform detailed
analytical operations, generate reports, and
develop interactive dashboards that provide
a clear and comprehensive overview of or-
ganizational performance. Through these
tools, decision-making structures within the
company can monitor key performance indi-
cators in real time, rapidly identify trends or
emerging issues, and conduct comparative
analyses across time periods, products, or
departments [1], [2].

Moreover, Bl systems automate reporting

and analytical processes, thereby saving time
and reducing the risk of human error. They
also enable forecasting based on historical
data and analytical models, assisting man-
agement in making data-driven decisions
and responding promptly to market fluctua-
tions or internal operational changes.
Consequently, the security of a BI system is
critical to business continuity. System com-
promise or large-scale data breaches may
lead to severe consequences, including the
leakage or loss of confidential information,
such as financial records, business strategies,
or customer and supplier data; the erosion of
competitive advantage, as sensitive infor-
mation may reach competitors or black mar-
kets; the disruption of ongoing operations
through data deletion, manipulation, or re-
stricted system access; and the loss of trust
among customers, partners, or investors,
particularly in cases of publicly disclosed
security incidents.

In the context of accelerated digitalization
and the exponential growth in data volumes
managed by organizations, Bl systems have
become increasingly attractive targets for
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cyber attackers. Due to their integration of
sensitive data from across the organization’s
functional domains, these systems are sus-
ceptible to sophisticated attack vectors.
Common methods employed by cyber at-
tackers include unauthorized access through
the exploitation of application vulnerabilities
or misconfigurations, data interception via
Man-in-the-Middle (MITM) or Evil Twin
attacks, and Denial of Service (DoS) attacks
that may disrupt access to critical reports and
datasets [3], [4], [5].

In the following sections, we will examine
several of the most commonly employed
techniques used by cyber attackers to target
a Business Intelligence (BI) system, as well
as the consequences associated with such
attacks. For the purpose of simulation,
Power BI will be used to emulate the client
environment on one laptop, MariaDB will
simulate the database server on a separate
laptop, and Kali Linux will be deployed on a
third device acting as the attacker.

2 Denial Of Service (DOS)

A Denial of Service (DoS) attack represents
a malicious action through which an attacker
attempts to render an information system,
server, application, or online service
unavailable to legitimate users by
overwhelming it with an excessive volume
of requests or by exploiting vulnerabilities
that disrupt its normal operation [6].

In the context of a DoS attack, system
resources such as CPU, memory, bandwidth,
or request-processing capacity are rapidly
and artificially exhausted, preventing the
targeted service from responding to
legitimate user requests. The result is a
degradation of performance that may
escalate to a complete service outage,
thereby  severely  affecting  service
availability and the operational continuity of
an organization.

This type of attack does not typically aim at
data exfiltration, but rather at disrupting ac-
cess to resources, generating system block-

ages, delays, and temporary or prolonged
unavailability of the targeted infrastructure.
The consequences of a DoS attack on a Bl
system may include:

e The blockage of access to reports and
analyses critical to the organization;

e Significant delays or the inability to
generate reports in a timely manner;

e Impairment of the decision-making
process, as management no longer
has access to the necessary infor-
mation;

e Potential financial losses and missed
business opportunities resulting from
information unavailability.

Moreover, such attacks may serve as a cover
for additional malicious activities, including
data exfiltration or the compromise of other
internal systems, capitalizing on the disrup-
tion and confusion generated by the unavail-
ability of the BI platform. The figure below
illustrates a DoS attack targeting a Business

Intelligence infrastructure.

Client (PowerBI)

Data Server

D

Attacker's PC Attacker

Figure 1 — Illustration of a DoS Attack on a
Business Intelligence Infrastructure

The legitimate client application (Power BI)
normally communicates with the database
server; however, the attacker generates a
massive volume of malicious traffic directed
at the same server. This artificial flood of
requests exhausts the server’s resources,
preventing it from responding to legitimate
queries. As a result, Power Bl becomes una-
ble to access data or generate reports, there-
by illustrating the direct impact of a DoS
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attack on a critical analytics and reporting
service.

DoS attacks are typically executed using
specialized software tools, often developed
with malicious intent. Examples of tools that
have been employed in DoS attacks include
LOIC (Low Orbit lon Cannon), which be-
came widely known during coordinated
hacktivist campaigns such as those conduct-
ed by Anonymous between 2010 and 2012,
and HOIC (High Orbit lon Cannon), an en-
hanced version of LOIC capable of launch-
ing more complex HTTP-based attacks and
bypassing certain basic protection mecha-
nisms. Additionally, attackers may develop
and deploy custom-designed software tai-
lored to the specific characteristics and vul-
nerabilities of the targeted system [7], [8].

In practice, in order to maximize the impact
on the targeted system, an attacker
conducting a DoS attack may employ the
following techniques:

1. High-concurrency request generation. On
a single machine, the attacker may use doz-
ens or even hundreds of concurrent threads
to generate thousands of requests per second,
thereby simulating the behavior of multiple
legitimate users. In the case of Distributed
Denial of Service (DDoS) attacks, this logic
IS massively scaled: the attacker controls a
network of compromised devices, commonly
referred to as a botnet, which may range
from several thousand to tens of millions of
devices, including routers, IP cameras, serv-
ers, and personal computers. Each compro-
mised device executes the same malicious
code in parallel, directing traffic toward the
same target.

2. Combined attack techniques. To overload
the server more effectively, attackers may
simultaneously launch HTTP requests, SQL
queries, and TCP/IP or UDP packets. These
packets may contain modified or malformed
structures designed to exploit specific vul-
nerabilities and to complicate the filtering
and mitigation of malicious traffic.

Client

Dz

Attacker

Attacker's computer
Bot farm generated by
attacker’s computer

Figure 2 — lllustration of a Thread-Based
DoS Attack on a Business Intelligence
Infrastructure

We will exemplify a Denial of Service
(DoS) attack targeting a  Business
Intelligence server that relies on a database
structured according to the snowflake
schema model, as illustrated in Figure 3.

The dataset used in the experiment is specif-
ic to an e-commerce environment and in-
cludes detailed information regarding sales
transactions, products, customers, employ-
ees, and retail locations. This structure ena-
bles the tracking of transactions by day, geo-
graphical region, product category, or em-
ployee and store performance, thereby
providing a granular and multidimensional
perspective on business activity. For in-
stance, sales over a specific period, regional
customer preferences, or the efficiency of
various product categories can be analyzed
rapidly and comprehensively.

By simulating a DoS attack on this infra-
structure, it becomes possible to observe
concretely how the availability of access to
these critical analytical data decreases. Man-
agers, business analysts, and support teams
are no longer able to access real-time re-
ports, extract key performance indicators, or
make data-driven decisions, resulting in op-
erational bottlenecks and potential financial
losses. Moreover, due to the interconnected
nature of the snowflake schema, any service
disruption propagates rapidly across multiple
dimensions, thereby amplifying the negative



Database Systems Journal vol. XV11/2026

95

impact of a DoS attack on the Business Intel-
ligence system.
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Figure 3 — Illustration of the Snow-
flake Schema of the Database

The DoS attack manifests through the re-
peated generation and transmission, at very
short intervals, of a high volume of TCP/IP
packets directed toward the port dedicated to
the database server. By default, the MariaDB
service runs on port 3306, which conse-
quently becomes the primary target of the
overload. For this simulation, the hping3
utility available on Linux will be used. From
the attacker’s laptop, the following com-
mand is executed in the terminal: sudo

hping3 -S --flood -p 3306

192.168.1.6. The parameters of this

command represent the following:

e sudo — executes the command with ele-
vated (root) privileges;

e hping3 - the network packet genera-
tion and analysis tool;

e -S —sets the SYN flag, generating TCP
SYN packets (commonly used in SYN
flood attacks);

e --flood — ends packets as fast as pos-
sible, without waiting for replies ;

e -p 3306 — specifies the target port
(MariaDB’s default port);

e 192.168.1.6 — the IP address of the
targeted database server.

By executing the netstat command on the
server, a significant number of connections
in the SYN-RECEIVED state can be
observed. These represent incomplete TCP
connections, for which the server has
received the initial SYN packet but has not
received the final ACK response required to
complete the three-way handshake. Under
normal conditions, this state is transient and
lasts only a few milliseconds. However,
during a SYN flood—based DoS attack, the
number of such connections increases
rapidly. The server allocates resources for
each entry in the SYN-RECEIVED state,
thereby exhausting its connection tables and
reducing its capacity to respond to legitimate
requests.

Moreover, in a real attack scenario, the
number of connections in the SYN-
RECEIVED state would be extremely high,
as a SYN flood attack is characterized by the
transmission of a large volume of SYN
packets within a very short time frame. The
greater the number of such packets, the more
quickly the server’s queue of half-open
connections becomes saturated, ultimately
leading to performance degradation and,
eventually, the inability to process legitimate
requests[9],[10],[11].

Figure 4 — Illlustration of connections
on the BI Server



96 Security of Business Intelligence Systems in the Face of Cyber Attacks

In this particular scenario, the attacker did
not have access to modern equipment or a
sufficiently powerful infrastructure capable
of fully saturating the server’s connection
table. The attack was launched from a single
laptop with limited hardware resources, in-
cluding CPU capacity, memory, and network
bandwidth, which significantly constrained
the maximum number of SYN packets that
could be transmitted per second.
Consequently, although connections in the
SYN-RECEIVED state are observable on
the server, their number is not sufficiently
high to cause a complete denial of service of
the database system. The server remains
capable of processing a portion of legitimate
requests, albeit with noticeably degraded
performance.

3 Man-In-The-Middle (MITM)

A Man-in-the-Middle (MITM) attack repre-
sents a type of cyberattack in which an at-
tacker covertly positions themselves between
two communicating entities, such as a client
and a server, without the knowledge of either
party. In this scenario, the attacker is able to
intercept, monitor, modify, or redirect the
data traffic exchanged between the two enti-
ties, while making them believe that they are
communicating directly with one another.
Within the context of an MITM attack, the
attacker may obtain sensitive information,
including authentication credentials, finan-
cial data, personal information, or confiden-
tial communication content. Furthermore,
the attacker may alter transmitted data, inject
malicious content, or redirect users to com-
promised resources, often without the vic-
tims’ immediate awareness [4].
Man-in-the-Middle attacks are particularly
dangerous in unsecured or improperly con-
figured networks, such as public Wi-Fi envi-
ronments, but they may also occur within
internal infrastructures if adequate security
mechanisms are not implemented, including
encrypted communication channels, proper

mutual authentication, and rigorous valida-
tion of digital certificates.

A fundamental characteristic of an MITM
attack is that data traffic is effectively forced
to pass through the attacker’s system, for
example, the attacker’s laptop. The attacker
thus becomes an intermediary node within
the communication process, gaining control
over the data flow in both directions. This
position enables the attacker not only to ob-
serve the content of the communication, but
also to manipulate it in real time before it
reaches its intended destination.

Client 1

FN
S

\u cker's PC

&

Attacker

Local Area Network

Figure 5 — Illustration of the Man-in-
the-Middle (MITM) Concept between Two
Client Computers

Figure 5 clearly illustrates the operational
mechanism of a Man-in-the-Middle (MITM)
attack within a Local Area Network (LAN).
Under normal conditions, Client 1 and Client
2 would communicate directly with the serv-
er, exchanging data packets without the in-
volvement of any third party. In the depicted
scenario, this legitimate communication flow
is disrupted by introducing the attacker’s PC
as an intermediary node within the network.
All communications between the clients and
the server are redirected to pass through the
attacker’s system first, without the legitimate
parties being aware of this interception.

At the LAN level, such an attack is feasible
because devices rely on local addressing and
routing mechanisms, such as the resolution



Database Systems Journal vol. XV11/2026

97

of IP addresses into MAC addresses or the
identification of the appropriate network
gateway. The attacker exploits the absence
of strict verification mechanisms within
these processes and successfully imperson-
ates both parties simultaneously:

* To the clients, the attacker presents
themselves as the legitimate server;

* To the server, the attacker presents
themselves as a legitimate client.

Thus, packets sent by Client 1 or Client 2
first reach the Attacker’s PC, where they can
be inspected, modified, or recorded, and are
subsequently forwarded to the server. The
server’s responses follow the same reverse
path, once again passing through the attacker
before reaching the clients. From the vic-
tims’ perspective, the communication ap-
pears normal, as the data flow is not inter-
rupted but merely intercepted.

To experiment with the MITM concept, the
Bettercap tool on Linux will be used. After
identifying the IPv4 address of the Power Bl
client using the netstat command on
Windows, the following command is execut-
ed: sudo bettercap -iface ethO,
where:

* sudo — is required to run Bettercap
with administrative privileges, as the appli-
cation directly interacts with the network
interface and processes packets at a low lev-
el (Layer 2 / Layer 3);

* bettercap - is the application used
for traffic analysis and manipulation within
the Man-in-the-Middle experimental setup;

* -iface ethO — specifies the network
interface on which Bettercap will operate. In
this case, ethO represents the Ethernet inter-
face of the Linux system, through which the
attacker is connected to the same local net-
work as the Power BI client and the database
server [12], [13].

Subsequently, within the same Bettercap
interface, the following commands are exe-
cuted: set arp.spoof.targets

192.168.1.8, arp.spoof on,
net.sniff on, where:

e The command set
arp.spoof.targets 192.168.1.8
specifies the IP address of the target system,
in this case the Power BI client, against
which the ARP spoofing technique will be
applied. Through this configuration, the at-
tacker explicitly designates the device within
the local network that will be targeted.

e The command arp.spoof on
activates the ARP spoofing module. Its pur-
pose is to manipulate the ARP tables of the
devices within the network, causing both the
client and the server to route their traffic
through the attacker’s system. In this man-
ner, the attacker positions themselves as an
intermediary in the communication process,
effectively implementing a Man-in-the-
Middle scenario at the Local Area Network
(LAN) level.

e The command net.sniff on
activates the network traffic interception and
analysis module. This module enables the
capture of packets and the display of rele-
vant information, such as DNS requests,
HTTP connections, or other types of unen-
crypted traffic, thereby demonstrating full
visibility into the communication exchanged
between the client and the server [14].

ception of Power BI Client Traffic

At this stage, the attacker intercepts the
traffic by redirecting it through their own
device, which becomes an intermediary node
between the client and the server. Although
the traffic is rerouted through the attacker’s
system, the communication itself is not
disrupted, making the attack difficult to
detect by legitimate users.
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Upon executing the commands set
dns.spoof.domains ms-—
pbi.pbi.microsoft.com, set
dns.spoof.address
192.168.1.10, dns.spoof on the
following effects occur:

The first effect becomes visible upon
executing the command set
dns.spoof.domains ms-—
pbi.pbi.microsoft.com, whereby the
attacker explicitly specifies the domain that
will be targeted for DNS manipulation.
Consequently, Bettercap no longer responds
to all DNS requests within the network, but
only to those attempting to resolve the
domain associated with the Power BI
service. This selective filtering renders the
attack more precise and less conspicuous, as
it does not interfere with overall DNS traffic,
but instead focuses exclusively on a critical
service.

The second effect is achieved through the
command set dns.spoof.address
192.168.1.10, which defines the forged
IP address that will be returned as the DNS
response. Instead of resolving the domain
ms-pbi.pbi.microsoft.com to the legitimate
Microsoft infrastructure addresses, the client
will receive the attacker-specified IP
address. In practical terms, the attacker gains
control over the destination to which Power
Bl traffic is directed.

Upon execution of the dns.spoof on COM-
mand, the DNS spoofing module is activat-
ed. From this point onward, any DNS re-
quest for the specified domain, intercepted
through the already established MITM
mechanism (via ARP spoofing), receives a
falsified response generated by the attacker.
This forged response is delivered before, or
in place of, the legitimate one, causing the
client to accept the malicious IP address as
authentic.

[ i e W IS o ML ¢ et
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Fiure 7 — Combination of ARP Spoofing
and DNS Spoofing Attacks

The combined effect of these commands is
the compromise of the DNS resolution pro-
cess: the Power BI client is transparently
redirected to a system controlled by the at-
tacker, without displaying obvious errors and
without apparently interrupting the applica-
tion’s functionality. From the user’s perspec-
tive, the connection appears normal; howev-
er, the transmitted data may be intercepted,
analyzed, modified, or blocked by the at-
tacker.

Non-authoritative answer:
Name: ms—pbi.pbi.microsoft.com

Addresses: ::ffff:192.168.1.10
192.168.1.10

Figure 8 — Result of Combining ARP and
DNS Spoofing Attacks from the Client’s
Perspective

The final capture, displaying a ‘“Non-
authoritative” DNS response, confirms the
impact of the attack from the client’s per-
spective: the Power Bl domain is resolved to
an internal IP address (192.168.1.10),
demonstrating that the DNS resolution pro-
cess has been compromised. From the per-
spective of the Power BI application, the
communication appears normal; however, in
reality, the data are being redirected and may
be monitored, analyzed, or manipulated by
the attacker.

4 Evil Twin

An Evil Twin attack represents a type of
cyberattack targeting wireless networks in
which an attacker creates a malicious Wi-Fi
access point that impersonates a legitimate
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one by replicating its SSID, security
configuration, and in some cases even its
MAC address. The objective of this attack is
to deceive users into  connecting,
unknowingly, to the attacker-controlled
network while believing they are accessing
the authentic infrastructure. Once victims
connect to the Evil Twin access point, the
attacker gains control over the entirety of
their network traffic. This enables the
interception  of communications, the
collection of sensitive data such as
authentication credentials, session tokens,
and personal information, as well as the
modification or redirection of traffic.
Furthermore, the attacker may launch
additional attacks, including Man-in-the-
Middle attacks, DNS redirections, or the
injection of malicious content. The Evil
Twin attack is particularly dangerous
because it exploits users’ trust in familiar
Wi-Fi networks and does not require the
direct compromise of the legitimate
infrastructure. It is commonly encountered in
public or poorly secured wireless networks,
but it may also be deployed within internal
environments where adequate mechanisms
for authentication, encryption, and access
point  validation are not properly
implemented [5].

Figure 9 - Illustration of the Man-in-the-
Middle (MITM) Concept Between Two
Client Computers

Figure 9 illustrates the mechanism of an Evil
Twin attack, conducted in two distinct
stages, labeled as scenarios A and B.

In Scenario A, the normal operation of a
legitimate Wi-Fi network is depicted. The
clients (Client PC 1 and Client PC 2) are
connected to a legitimate Access Point,
through which they communicate directly
with the server. Data traffic flows normally,
without the involvement of any third party,
and the network infrastructure operates
according to its standard configuration. At
the same time, the attacker is positioned
within proximity of the network and is
equipped with a wireless adapter connected
to their own system. The attacker begins
transmitting deauthentication frames at the
IEEE 802.11 level to the clients, with the
objective of forcing them to disconnect from
the legitimate Access Point. This action does
not directly compromise the server or the
legitimate Access Point; however, it disrupts
and destabilizes the users connection.
Scenario B illustrates the actual exploitation
phase of the Evil Twin attack. The attacker
creates a rogue access point configured with
the same SSID as the legitimate network,
thereby emulating the original infrastructure.
Due to the forced disconnection and the
visual similarity between the two networks,
the clients automatically or inadvertently
reconnect to the attacker-controlled rogue
network.

At this stage, all communications between
the clients and the server are routed through
the Attacker’s PC, which becomes an
intermediary node within the network.
Although the server appears to continue
communicating normally with the clients,
the traffic is in fact intercepted and
controlled by the attacker. The attacker is
thus able to monitor transmitted data, modify
packet contents, or redirect traffic to
alternative destinations.

To simulate an Evil Twin attack, the hos-
tapd utility will be used. On the attacker’s
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device, a rogue wireless network is config-
ured, as illustrated in Figure 10. Subsequent-

ly, the attacker executes the command:
sudo hostapd -dd
/etc/hostapd/hostapd.conf.

l hostapd.conf X

| interface=wlx00cocab76a3b
driver=nlg8e211

ssid=test

i hw_mode=g

channel=7

wmm_enabled=1

|macaddr acl=0

auth algs=1

|ignore broadcast s55id=0

| wpa=2

wpa passphrase

|wpa key mgmt=WPA-PSK

{wpa pairwise=TKIP
rsn_pairwise=CCMP
|ieee80211n=1

|ht capab=[HT46+] [SHORT-GI-26] [SHORT-GI-460]

Figure 10 — Configuration of Hostapd

The configuration presented in Figure 10
highlights how the attacker can replicate the
essential parameters of the legitimate net-
work, including the SSID, channel, and se-
curity type, thereby increasing the likelihood
that client stations will automatically recon-
nect to the rogue access point.
After creating the rogue access point using
hostapd, the attacker must ensure the full
operational functionality of the network in-
frastructure for clients connecting to the Evil
Twin network. To achieve this, the attacker
configures a local DNS service using the
dnsmasq application.
Dnsmasq iS a lightweight service that pro-
vides DNS forwarding, controlled DNS
spoofing, and DHCP server functionalities.
It is frequently used in testing environments,
laboratory setups, or Evil Twin attack sce-
narios.
The attacker creates a configuration file
named dnsmasq. conf, which contains the
following directives:
® interface=wlan0
This directive specifies the network in-
terface on which the dnsmasq service

will operate. In this case, wian0 repre-
sents the attacker’s wireless interface as-
sociated with the rogue access point pre-
viously created using hostapd. Conse-
quently, dnsmasq will respond exclusive-
ly to requests originating from devices
connected to the malicious Wi-Fi net-
work and will not interfere with other
network interfaces on the system.
® dhcp-
range=192.168.50.2,192.168.50.100
,12n This directive defines the range of
IP addresses that will be dynamically as-
signed to clients connected to the Euvil
Twin network via the DHCP protocol. In
the example above, dnsmasq distributes
IP addresses between 192.168.50.2 and
192.168.50.100, with a lease time of 12
hours for each allocation.
Through this configuration, the attacker es-
tablishes a separate subnet fully controlled
by them, within which clients automatically
receive:
e avalid IP address;
e asubnet mask;
e adefault gateway;
e a DNS server, which by default is the
attacker’s system.
Subsequently, the attacker executes the
command: sudo dnsmasq -C
dnsmasq.conf
After configuring and activating the rogue
Evil Twin access point, the attacker enters
the exploitation phase of the clients’
connections. At this stage, victim devices
connect to the malicious Wi-Fi network
under the assumption that it represents the
legitimate infrastructure. From this moment
onward, the attacker gains full control over
the network traffic generated by the
connected clients. In practice, the attacker
employs a wireless adapter capable of packet
monitoring and frame injection, typically by
switching the interface into monitor mode.
This capability enables the attacker to:
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e Observe all Wi-Fi frames transmitted

by the clients;

o Force repeated disconnections and

reconnections;

« Ensure that victims remain connected

exclusively to the rogue network;

e Prevent devices from reconnecting to

the legitimate Access Point [15],
[16], [17].

Once clients are connected to the Evil
Twin network, the attacker effectively
assumes the role of both network gateway
and DNS server. The direct consequences
for a Business Intelligence system may
include:

o Inability to connect to data sources;

e Failure of automated refresh

processes;

e Display of incomplete or outdated
data;

e Restricted access to reports and
dashboards;

e Impairment of data-driven decision-
making processes.
From the perspective of a Power Bl user,
these issues may appear to be ordinary
network errors, latency problems, or general
instability, without any obvious indication
that a cyberattack is taking place.

5 Conclusions

Business Intelligence systems constitute a
critical component of the information
infrastructure of modern organizations, as
they centralize, process, and expose essential
data required for strategic decision-making.
For this reason, they represent an attractive
target for attackers, not only for the purpose
of data exfiltration, but also for disrupting
availability or manipulating data flows.
Denial of Service (DoS) and Distributed
Denial of Service (DDoS) attacks primarily
target the availability of the BI system. Even
if data are not directly compromised, the
unavailability of reports, dashboards, and
analytical outputs may have significant

consequences for decision-making processes
and operational continuity.

To mitigate this category of attack, the fol-
lowing measures are essential:

e Implementation of connection limits
and request rate-limiting mecha-
nisms;

e Proper configuration of firewalls and
Intrusion Detection/Prevention Sys-
tems (IDS/IPS);

e Deployment of network-level or
cloud-based DDoS protection ser-
vices;

e Continuous monitoring of server re-
sources and network traffic behavior.
Man-in-the-Middle (MITM) attacks

directly affect data confidentiality and
integrity. Within the context of a Bl system,
an MITM attack may enable the interception
of authentication credentials, database
queries, or analytical results without users
being aware of the compromise. Essential
protective measures include:

e Mandatory encryption of
communications (TLS/SSL) between
clients and BI servers;

e Strict validation of digital certificates
and avoidance  of  untrusted
certificates;

e Network segmentation and the use of
secure VPN connections for Bl
system access;

e Implementation of strong
authentication ~ mechanisms  and
monitoring of active sessions.

These measures significantly reduce the risk
of an attacker positioning themselves within
the communication channel and gaining
control over the data flow.

Evil  Twin  attacks  highlight
vulnerabilities at the wireless network level
and are particularly dangerous because they
may facilitate MITM attacks without directly
exploiting Bl servers or applications.
Protection against this type of attack requires
the use of secure Wi-Fi networks employing
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WPAZ2-Enterprise or WPA3 instead of
shared-password networks.
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Abstract — The rapid evolution of large language models (LLMs) has profoundly reshaped soft-
ware development workflows, particularly within Integrated Development Environments (IDES).
This paper presents a comparative analysis of code generation accuracy between GPT-5.5, re-
leased by OpenAl in April 2026, and Claude Sonnet 4.6, developed by Anthropic, evaluated
across six dimensions: syntactic correctness, semantic accuracy, long-context retention, halluci-
nation rates, IDE integration quality, and multilingual support. Beyond standard benchmarks,
this study introduces a practical evaluation framework applied to five representative IDE task
categories across three experimental runs, complemented by a cost-efficiency analysis for enter-
prise deployment. Findings indicate that GPT-5.5 holds advantages in agentic multi-step reason-
ing and bug detection detail, while Claude Sonnet 4.6 demonstrates superior output consistency,
instruction adherence, and lower operational cost. Neither model achieves universal supremacy;
optimal selection remains task- and context-dependent.

Keywords: large language models, code generation accuracy, GPT-5.5, Claude Sonnet 4.6, IDE
integration, agentic software engineering, automated debugging, benchmark evaluation,software

development.

Introduction

The integration of artificial intelligence

into software engineering workflows has
evolved from heuristic autocompletion tools
to autonomous, context-aware engineering
assistants. Modern Integrated Development
Environments (IDEs) — such as Visual Stu-
dio Code, JetBrains IntelliJ IDEA, and
GitHub Codespaces — now natively support
multi-agent LLM systems capable of synthe-
sizing complex algorithmic pipelines, execut-
ing codebase-wide refactoring, and perform-
ing localized continuous debugging [1].
Among the leading models deployed in these
environments are OpenAl's GPT-5.5 and An-
thropic's Claude Sonnet 4.6. GPT-5.5, re-
leased on April 23, 2026, represents OpenAl's
most advanced model to date, emphasizing
agentic coding, multi-step reasoning, and re-

duced hallucination rates [2]. Claude Sonnet
4.6, developed by Anthropic, is positioned as
a high-performance model in the Claude 4
family, engineered to balance capability and
efficiency for everyday professional and en-
terprise use [3].

While standard benchmarks such as Hu-
manEval and MBPP provide useful isolated
baselines, they fail to simulate the operational
constraints of real-world IDE usage. Within
an IDE, a model operates within a dynamic
context characterized by strict token budgets,
multi-file structural dependencies, compila-
tion latency constraints, and iterative develop-
er feedback loops. Existing comparative stud-
ies typically evaluate models in isolation,
without considering these IDE-specific pa-
rameters, and no prior study has compared
GPT-5.5 and Claude Sonnet 4.6 directly under
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controlled, reproducible experimental condi-
tions within IDE-representative task scenari-
0S.

This paper addresses that gap through a struc-
tured empirical evaluation comprising five
coding task categories, each executed across
three independent runs per model, using a
standardized prompt protocol and a three-
criterion scoring rubric. The study is further
augmented with a cost-efficiency analysis for
enterprise deployment scenarios. The remain-
der of this paper is organized as follows: Sec-
tion 2 reviews related work; Section 3 pro-
vides technical overviews of both models;
Section 4 describes the evaluation methodolo-
gy; Section 5 presents the comparative analy-
sis and experimental results; Section 6 dis-
cusses the implications; and Section 7 con-
cludes with directions for future research.

2 Related Work

Research into LLM-based code generation has
grown substantially since the introduction of
Codex by OpenAl in 2021. Early evaluation
methodology relied almost exclusively on the
pass@k metric applied to the HumanEval
benchmark, which verifies the functional cor-
rectness of isolated Python functions against
deterministic unit test suites. As model capa-
bilities advanced, the field shifted toward
multi-file, repository-level benchmarks. SWE-
bench and LiveCodeBench were developed to
simulate realistic production software engi-
neering tasks, requiring models to identify,
modify, and validate changes across complex
open-source codebases [6].

Research specifically examining human-Al
interaction within IDE environments has high-
lighted important behavioral distinctions not
captured by benchmarks. Barke et al. [7] clas-
sified developer usage patterns into 'accelera-
tion mode' — where developers use Al sug-
gestions to speed up well-understood tasks —
and 'exploration mode' — where developers
interact iteratively with the model to navigate
unfamiliar problem spaces. This distinction is

directly relevant to the task categories evalu-
ated in the present study: tasks such as single-
function synthesis (T1) correspond to acceler-
ation mode, while agentic multi-step planning
(T5) corresponds to exploration mode, where
model consistency and structured output be-
come critical. Ziegler et al. [8] further demon-
strated that code acceptance rates in produc-
tion IDE environments correlate heavily with
suggestion latency and contextual relevance
— dimensions evaluated in Section 5 of this
study.

At the benchmark level, Artificial Analysis
[7] maintains continuously updated leader-
boards covering coding indices, agentic per-
formance, and latency profiles for frontier
models. Independent qualitative evaluations
following the April 2026 release of GPT-5.5
positioned it competitively against Claude
Opus 4 variants, while Claude models demon-
strated advantages in instruction adherence
and long-context reasoning [8]. Crucially,
however, no prior academic study has per-
formed a controlled empirical comparison of
GPT-5.5 and Claude Sonnet 4.6 specifically
within IDE-representative task scenarios, with
standardized prompts, multiple independent
runs, and an explicit scoring rubric. The pre-
sent study is, to the authors' knowledge, the
first to fill this gap, providing reproducible
experimental data alongside the benchmark
synthesis.

3 Overview of Models

3.1 GPT-5.5

GPT-5.5 is OpenAl's frontier model released
on April 23, 2026, succeeding GPT-5.4 with
significant improvements in agentic coding,
autonomous computer use, and knowledge-
intensive reasoning [2]. Key published metrics
include a Coding Index of 59.1 and a Termi-
nal-Bench 2.0 score of 82.7% as measured by
Artificial Analysis [7]. The model is available
via API at $5.00 per million input tokens and
$30.00 per million output tokens, with a one-
million-token context window. Within IDE
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workflows, it is deployed through Codex —
OpenAl's dedicated agentic coding platform
— and through GitHub Copilot plugins for
Visual Studio Code and JetBrains products

[2].
3.2 Claude Sonnet 4.6

Claude Sonnet 4.6 is developed by Anthropic
as a member of the Claude 4 family, designed
to balance performance and cost-effectiveness
for high-volume IDE integrations [3]. The
model is accessible via the Anthropic APl and
integrates  into  development  workflows
through extensions for Visual Studio Code,
JetBrains IDEs, and Claude Code — Anthrop-
ic's command-line agentic coding tool. Claude
Sonnet 4.6 is priced at approximately $3.00
per million input tokens and $15.00 per mil-
lion output tokens. It is characterized by
strong instruction-following capabilities, pre-
cise adherence to formatting requirements,
and robust long-context reasoning, with inde-
pendent qualitative evaluations confirming
advantages over GPT-5.5 in clarity, task ad-
herence, and structured output fidelity [8].

4 Evaluation Methodology

4.1 Experimental Design

To evaluate both models under realistic IDE-
representative conditions, this study employs
a controlled experimental design comprising
five coding task categories, each executed
across three independent runs per model,
yielding a total of 30 individual evaluations (5
tasks x 2 models x 3 runs). Each run was con-
ducted in a fresh conversation session with no
prior context, ensuring that no cross-run
memory effects could influence the results.
Both models received an identical system
prompt and an identical task prompt for each
run, enforcing comparability.

The system prompt used across all runs was:
"You are an expert software engineer. Com-
plete the following coding task. Return only
the code and brief inline comments where
necessary. Do not explain your solution unless

asked." This prompt was designed to elicit
focused, production-oriented code generation
without narrative padding, closely mirroring
real IDE assistant usage patterns.

4.2 Task Categories

Five task categories were selected to represent
a range of IDE-relevant coding scenarios
spanning multiple programming languages,
paradigms, and complexity levels:
T1 — Single-Function Synthesis (Py-
thon): implementation of a duplicate-
detection function with type hints and
edge case handling.

T2 — REST API Client Generation
(TypeScript): typed API client class us-
ing fetch() with full error handling for
four endpoints.

T3 — Test Suite Generation (pytest):
complete test suite including parametrized
cases, edge cases, and exception testing.

T4 — Bug Detection and Correction
(Python): identification and explanation
of multiple bugs in a provided code snip-
pet, with corrected implementation.

T5 — Agentic Multi-Step Pipeline (Py-
thon): complete multi-module solution
for web scraping, data validation, SQLite
persistence, and CSV report generation
with retry logic.

4.3 Scoring Rubric

Each generated output was evaluated against a
three-criterion rubric with a maximum total
score of 10 points per run. The rubric is pre-
sented in Table 1.

Table 1. Evaluation Rubric — Criteria, Weights,
and Scoring Guide

Criterion  Max Description  Scoring Guide
Syntactic 3 Code con- 3=no errors;
Correctness forms to 2=minor fixa-
target lan- ble errors;
guage 1=multiple
grammar errors; 0=does
not compile
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Criterion Max Description  Scoring Guide
Semantic 4 Code cor- 4=all req. +
Accuracy rectly im- edge cases;
plementsall  3=main req.
specified only; 2=partial;
requirements 1=superficial;
O=incorrect
Code Qual- 3 Readability,  3=clean, well-
ity & naming, structured,
Structure modularity,  2=acceptable;
inline com-  1=hard to read;
ments O=unstructured
Total 10 Sum of all —
criteria

Syntactic Correctness (maximum 3 points)
evaluates whether the generated code can be
compiled or interpreted without errors, as-
sessed via Abstract Syntax Tree parsing and
direct execution. Semantic Accuracy (maxi-
mum 4 points) evaluates whether the code
correctly implements all specified require-
ments, including edge cases, assessed via
functional testing against the task specifica-
tion. Code Quality and Structure (maximum 3
points) evaluates readability, naming conven-
tions, modularity, and inline documentation,
assessed via manual inspection against estab-
lished style guides. The final score per task
per model is the arithmetic mean of the three
independent run scores.

4.4 Evaluation Criteria (Six Dimensions)

In addition to the task-level experimental
evaluation, this study assesses both models
across six broader dimensions relevant to IDE
deployment:

(1) Syntactic Correctness: Proportion of
generated code conforming strictly to tar-
get language grammar, operationalized
through pass@1 and pass@k metrics.

(2) Semantic Accuracy: Operational fi-
delity of generated code, quantified by
unit test pass rates on HumanEval and
SWE-bench.

(3) Context Retention: Model coherence
across multi-file codebases and extended
conversational histories.

(4) Hallucination Rate: Frequency of
non-existent API calls, deprecated signa-
tures, or logically flawed implementa-
tions.

(5) IDE Integration Quality: Plugin ma-
turity, response latency, inline suggestion
quality, refactoring and debugging sup-
port.

(6) Multilingual Code Support: Perfor-
mance stability across Python, JavaScript,
TypeScript, Java, C++, and Rust.

5 Comparative Analysis

5.1 Published Benchmark Overview

Table 2 presents a consolidated overview of
published and estimated benchmark metrics
for both models as of May 2026, drawn from
Artificial Analysis [7], published technical
reports [2][3], and independent evaluations

(81191

Table 2. Benchmark and Metric Comparison: GPT-
5.5 vs. Claude Sonnet 4.6 (May 2026)

Bench- GPT- Claude Notes Ad-
mark / 5.5 Sonnet vantage
Metric 4.6

Coding 59.1 ~48-52  Normalized GPT-5.5
Index (est.) score

(Artif.

Analysis)

Termi- 82.7% N/A Agentic GPT-5.5
nal- execution

Bench

2.0

Hu- ~95% ~93% Syntactic+ GPT-5.5
manEval semantic (margin-
Pass@1 al)
(Python)

SWE- ~55% ~51% Real-world  GPT-5.5
bench issues

Resolved

Long- Good  Superior Needle-in-  Claude
Context haystack Sonnet
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Bench- GPT- Claude Notes Ad-
mark / 55 Sonnet vantage
Metric 4.6

Recall 4.6
Stability

Instruc- High  Very Qualitative  Claude
tion High eval [8] Sonnet
Adher- 4.6
ence

Halluci- Low  Very Conserva- Claude
nation Low tive style Sonnet
Rate 4.6
(code)

Context 1,000, 200,000 API spec. GPT-5.5
Window 000 +

(tokens)

Input $5.00 $3.00 API pricing  Claude
Cost 2026 Sonnet
($/2M 4.6
tokens)

Output $30.0 $15.00 API pricing  Claude
Cost 0 2026 Sonnet
($/2M 4.6
tokens)

Task GPT GPT GPT

R1 R2 R3

GPT Cid Cld cld clId
Alg Rl R2 R3 Awg
suite gener-

ation

T4 - Bug 10 95 10
detection &
fix

TS5 - Agen-
tic multi-
step

10.0

Overall
Average

Figure 1 visualizes the average scores per task
category for both models, highlighting the
tasks where performance differences are most
pronounced.

Average Task Scores: GPT-5.5 vs. Claude Sonnet 4.6 (3-run mean)
105 = GPT-5.5

10.00 10.00

=1
=
8

©
v ]

o
=

GPT-5.5 demonstrates a measurable ad-
vantage on standardized coding indices and
agentic benchmarks. Claude Sonnet 4.6 com-
pensates with superior instruction adherence,
lower hallucination rates, and approximately
60% lower operational cost on both input and
output token pricing.

5.2 Experimental Results

Table 3 presents the complete experimental
results across all five task categories, three
runs per model, and computed averages.

Table 3. Experimental Evaluation Results: GPT-5.5
vs. Claude Sonnet 4.6 (3 runs, 10-point scale)

GPT GPT GPT GPT Cld Cid Cid Cid
R1 R2 R3 Avg R1 R2 R3 Ay

T1-Python 10 10 10 1200 10 10 10
func. syn-
thesis

Script API
client

T3-pytest 10 9 10

Task

10.0

9.67 10 10 10

©
]

Average Score (out of 10)
w
=
S

Claude Sonnet 4.6
9.83

. 9.67
8.75 I
8.50

T 2 T3

Python

9.50
T4 T5
Bu

T
TypeScript pytest Agentic

g
Detect.
Task Category

Fig. 1. Average Task Scores per Category: GPT-5.5
vs. Claude Sonnet 4.6 (3-run mean, max = 10)

As shown in Table 3 and Figure 1, both mod-
els achieve high overall scores, with overall
averages of 9.80/10 for GPT-5.5 and 9.90/10
for Claude Sonnet 4.6. The most significant
differences emerge in T3 (pytest generation)
and T5 (agentic multi-step planning), where
Claude Sonnet 4.6 demonstrates notably high-
er consistency across runs. GPT-5.5 exhibits
greater variability between runs, particularly
in T3 (Run 2 score of 9 due to omission of
pytest.approx on float comparisons) and T5
(Run 3 score of 9 due to introduction of an
external BeautifulSoup dependency not speci-
fied in the task). Claude Sonnet 4.6 produced
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stdlib-only solutions across all T5
achieving a perfect score in all three.

Figure 2 illustrates the score consistency
(standard deviation across runs) for each
model, underscoring Claude Sonnet 4.6's low-
er variability as a distinguishing operational
characteristic.

runs,

Score Consistency Across Runs: GPT-5.5 vs. Claude Sonnet 4.6

=3
=

. GPT-55
Claude Sonnet 4.6

=)
o

more consistent

1=}
o
4
=
e
=

0.00 0.00

sparsely documented frameworks — evi-
denced in T5 Run 3 by the unsolicited intro-
duction of BeautifulSoup. Claude Sonnet 4.6
exhibits a conservative generation profile,
preferring explicit uncertainty declarations
over synthesizing unverified library functions,
substantially reducing code-breaking risks in
automated codebase migrations.

5.5 IDE Integration Quality

Table 4 provides a feature-level comparison
of IDE integration capabilities across both

T1 T2 LE} T4 5
Python TypeScript pytest Bug Agentic

Standard Deviation (lower
o © o ©o o
> & o e =

e
b
=

Task Category

Fig. 2. Score Standard Deviation per Task: GPT-5.5
vs. Claude Sonnet 4.6 (lower = more consistent)

5.3 Context Retention and Codebase Navi-
gation

Context retention is a critical factor in IDE
usage, where developers iterate on the same
codebase over extended sessions. GPT-5.5
offers a one-million-token context window,
enabling ingestion of large codebases in a
single session [2]. Claude Sonnet 4.6 supports
over 200,000 tokens, sufficient for most pro-
fessional development projects. Independent
evaluations indicate that Claude Sonnet 4.6
maintains contextual coherence more consist-
ently at high token counts, identifying remote
module dependencies and respecting coding
conventions more uniformly over extended
sessions [8]. This advantage is particularly
significant for large-project enterprise IDE
usage.

5.4 Hallucination Profiles

GPT-5.5 reports significant improvements in
hallucination reduction relative to predeces-
sors [10], yet its proactive generation style
introduces measurable risk of synthesizing
speculative API configurations for evolving or

models' primary deployment ecosystems.

Table 4. IDE Integration Feature Comparison:
GPT-5.5 vs. Claude Sonnet 4.6

Feature / GPT-5.5 (Codex Claude Sonnet 4.6

Criterion / Copilot) (Claude Code)

VS Code GitHub Copilot Claude extension

Extension (mature, large (actively devel-
user base) oped)

JetBrains Copilot for Jet- Claude plugin

IDE Plugin  Brains (stable) (expanding)

Inline Yes — low laten-  Yes — context-

Ghost-Text  cy, predictive aware, precise

Completion

Agentic Yes — Codex Yes — Claude

Multi-Step  autonomous pipe- Code terminal

Execution line agent

Terminal / Limited (IDE- Native — Claude

Shell Inte- bound) Code CLI excels

gration

Refactoring  Good — broad Excellent — strict

Support language cover- convention adher-
age ence

Test Gener-  Good — broad Excellent — de-

ation frameworks tailed assertion

logic

Debugging  Good — multi- Excellent — struc-

Assistance language tured explanations

Git/ VCS Yes via Copilot Yes via Claude

Integration Code git operations

Est. Time- ~0.8s ~1.1s

to-First-

Token
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GPT-5.5 benefits from the mature GitHub
Copilot and Codex ecosystem, offering the
broadest existing user base and third-party
plugin support. Claude Sonnet 4.6 leverages
the Claude Code agentic framework, which
demonstrated superior terminal-level integra-
tion in T5 evaluations, natively supporting
multi-turn git operations and compiler excep-
tion diagnosis via terminal piping [3].

5.6 Multilingual Code Support

Both models demonstrate production-grade
performance across Python and TypeScript.
For systems-level languages (C++, Rust),
GPT-5.5 demonstrates a marginal advantage
in tracking memory management semantics
and concurrency paradigms, consistent with
its higher agentic reasoning index [7]. Claude
Sonnet 4.6 excels in declarative structures and
functional programming paradigms. Both
models degrade on low-resource languages
such as Haskell and Erlang.

5.7 Cost-Efficiency Analysis

Table 5 presents estimated monthly API costs

for representative enterprise deployment sce-

narios, derived from published pricing as of

May 2026 [2][3].

Table 5. Estimated Monthly APl Cost Comparison
for Enterprise Deployment Scenarios

Usage GPT-5.5 Claude 4.6 Savings

Scenario Est. Est. (Claude
Cost/Month  Cost/Month )

Small $225/month ~ $90/month 60%

team (5

devs,

~500K

to-

kens/day)

Mid-size $900/month  $360/month ~ 60%

team (20

devs, ~2M

to-

kens/day)

Enterprise  $4,500/mont  $1,800/mont  60%

(100 devs, h h

~10M

to-

109
Usage GPT-5.5 Claude 4.6  Savings
Scenario  Est. Est. (Claude

Cost/Month  Cost/Month )

kens/day)
Agentic $6,000/mont  $2,400/mont  60%
pipeline h h
(high out-
put ratio)

Claude Sonnet 4.6 provides consistent cost
savings of approximately 60% across all de-
ployment scales. For large engineering teams
generating thousands of completions per day,
this differential represents a significant opera-
tional advantage that must be weighed against
GPT-5.5's performance ceiling on complex
agentic tasks.

6 Results and Discussion

The experimental results confirm that GPT-
5.5 and Claude Sonnet 4.6 are both highly
capable code generation systems, with overall
average scores of 9.80 and 9.90 respectively
across the five evaluated task categories. The
margin is narrow but directionally consistent:
Claude Sonnet 4.6 demonstrates higher output
consistency (lower standard deviation across
runs), while GPT-5.5 demonstrates greater
capability on tasks requiring detailed analyti-
cal decomposition, as evidenced by its more
comprehensive bug identification in T4 Run 3
(three bugs explicitly identified vs. two for
Claude).

A key practical finding is that GPT-5.5's vari-
ability between runs — particularly in T3 and
T5 — represents a meaningful risk in produc-
tion IDE deployments, where consistency and
predictability directly affect developer trust
and workflow integration. Claude Sonnet 4.6's
conservative generation profile, while mar-
ginally less creative in exploratory tasks,
translates to more reliable outputs for high-
volume enterprise pipelines.

A critical observation is the persistent gap
between benchmark scores and real-world
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IDE usage quality. Benchmarks measure iso-
lated function generation, whereas real IDE
usage requires navigating large multi-file
codebases, maintaining consistency with es-
tablished conventions, and integrating with
CI/CD pipelines. Both models show room for
improvement on these dimensions, and clos-
ing the benchmark-to-production gap remains
an active research priority [7].

From a strategic perspective, teams building
autonomous agentic coding pipelines may
justify GPT-5.5's premium cost given its supe-
rior reasoning on complex decomposition
tasks. Teams deploying Al-assisted coding at
enterprise scale, where consistency and cost
efficiency outweigh peak capability, will find
Claude Sonnet 4.6 the more operationally
viable choice.

6.1 Limitations

Several limitations of the present study should
be acknowledged. First, the experimental
evaluation is based on three independent runs
per model per task, which, while sufficient to
observe directional trends and variability,
constitutes a small sample size from a statisti-
cal standpoint. A more rigorous study would
employ a minimum of ten runs per task to
enable reliable confidence interval estimation
and significance testing. Second, all scoring
was performed by a single evaluator, intro-
ducing the risk of subjective bias, particularly
on the Code Quality and Structure criterion.
Future work should employ inter-rater relia-
bility protocols, engaging at least two inde-
pendent evaluators and computing Cohen’s
kappa to validate scoring consistency. Third,
the five task categories, while representative
of common IDE workflows, were artificially
constructed and do not reflect the full com-
plexity of real production codebases, which
involve legacy code, domain-specific conven-
tions, and implicit architectural constraints not
captured by self-contained prompts. Fourth,
both models were accessed via their standard
API interfaces; results may differ under IDE-
native integration conditions where plugin-

level context injection, file-tree awareness,
and compiler feedback loops are active. These
limitations do not invalidate the findings but
define the boundary conditions within which
the reported results should be interpreted, and
they motivate the longitudinal, practitioner-
facing research directions outlined in Section
7.

7 Conclusions

This paper has presented an empirical com-
parative analysis of code generation accuracy
between GPT-5.5 and Claude Sonnet 4.6
within  IDE-representative  environments.
Through a standardized experimental protocol
comprising five task categories, three inde-
pendent runs per model, and a three-criterion
scoring rubric, the study generated reproduci-
ble quantitative evidence alongside published
benchmark synthesis and IDE integration as-
sessment.

The findings confirm that Claude Sonnet 4.6
achieves a marginally higher overall average
(9.90 vs. 9.80) and demonstrates superior out-
put consistency across runs, while GPT-5.5
holds advantages in agentic reasoning depth
and IDE ecosystem maturity. Neither model is
universally superior; the optimal choice de-
pends on the specific requirements, budget
constraints, and consistency requirements of
the development team.

Future research should prioritize longitudinal
empirical studies conducted directly within
IDE environments, measuring practitioner-
relevant metrics such as developer code ac-
ceptance rates, time-to-completion per task
type, post-generation defect density, and ROI
of multi-model hybrid agent networks. As
both Anthropic and OpenAl continue releas-
ing new model versions at an accelerating
pace, systematic longitudinal tracking of per-
formance evolution will be essential for evi-
dence-based tool selection.

8 Acknowledgment



Database Systems Journal vol. XV11/2026

111

The author would like to thank the Faculty of
Cybernetics, Statistics and Economic Infor-
matics at the Bucharest University of Eco-
nomic Studies for the academic environment
and resources that supported this research.
Gratitude is also extended to the open-source
communities behind the evaluation bench-
marks referenced in this study, and to the in-
dependent benchmarking organizations whose
publicly available data made this comparative
analysis possible.

References

[1] M. Chen et al., "Evaluating Large Lan-
guage Models Trained on Code," arXiv pre-
print arXiv:2107.03374, 2021.

[2] OpenAl, "Introducing GPT-5.5," OpenAl
Blog, Apr. 23, 2026. [Online]. Available:
https://openai.com/index/introducing-gpt-5-5/
[3] Anthropic, "Claude Sonnet 4.6 Model
Overview," Anthropic Documentation, 2026.
[Online]. Available:
https://docs.anthropic.com

[4] C. E. Jimenez et al., "SWE-bench: Can
Language Models Resolve Real-World
GitHub Issues?" arXiv preprint
arXiv:2310.06770, 2023.

[5] S. Barke, M. B. James, and N. Polikar-
pova, "Grounded Copilot: How Programmers
Interact with Code-Generating Models,” in
Proc. ACM on Programming Languages
(OOPSLA), vol. 7, no. OOPSLAZ2, pp. 1-27,
2023.

[6] A. Ziegler et al., "Productivity Assessment
of Neural Code Completion,” in Proc. Deep
Learning for Code (DL4C) Workshop, ICLR,
2022.

[7] Artificial Analysis, "Al Model Intelli-
gence, Latency, and Coding Leaderboards,"
May 2026. [Online]. Available:
https://artificialanalysis.ai

[8] S. Minaee et al., "Large Language Models:
A Survey," arXiv preprint arXiv:2402.06196,
Feb. 2024.

[9] OpenAl, "GPT-5.5 System Card," OpenAl
Technical Report, Apr. 2026. [Online]. Avail-
able:  https://openai.com/index/introducing-
gpt-5-5/

[10] OpenAl, "GPT-5.5 Instant: Smarter,
Clearer, and More Personalized," OpenAl
Blog, May 2026. [Online]. Available:
https://openai.com/index/gpt-5-5-instant/

W ARSENE Sabin-Marian is a second-year Master's student in Economic Infor-
matics at the Faculty of Cybernetics, Statistics and Economic Informatics, Bu-
% charest University of Economic Studies. In 2024, he graduated from the Bache-

&y lor's programme in Economic Informatics at the same faculty. He is currently

working as a Database Administrator specialising in Oracle database manage-
ment. His research interests include Oracle GoldenGate replication, Oracle
Linux system administration, cloud computing, and the integration of artificial

intelligence in database optimisation and software development processes.


https://openai.com/index/introducing-gpt-5-5/
https://docs.anthropic.com/
https://artificialanalysis.ai/
https://openai.com/index/introducing-gpt-5-5/
https://openai.com/index/introducing-gpt-5-5/
https://openai.com/index/gpt-5-5-instant/

112 Predicting Battery RUL: Integrating Classical Regression and Quantum Machine Learning

Predicting Battery RUL.:
Integrating Classical Regression and Quantum Machine Learning

S. ANU! and *S. RITA?
'Research Scholar, Department of Statistics, Periyar University,
Salem — 11, Tamil Nadu, India
“2Professor, Department of Statistics, Periyar University, Salem — 11, Tamil Nadu, India
anuselvam999@gmail.com, ritasamikannu@gmail.com

Abstract

Quantum Machine Learning is recently being considered an emerging area in predictive analyt-
ics, primarily due to the ability of quantum computing, which is presumed to process complex
patterns more effectively and quickly than current traditional models. Most of these assumptions
are yet to be validated using concrete data. For the purpose of this study, | assessed the perfor-
mance of two popular traditional models, Linear Regression and Random Forest, against the
performance of the Quantum Circuit Regressor (QCR) model in the context of estimating the Re-
maining Useful Life (RUL) of batteries, which is an imperative parameter in scenarios involving
electric cars and storing energy. The experiments were conducted using two different data
sources, and the assessment of these models was done in similar settings. In the case of the first
dataset, Random Forest performed outstandingly, with negligible prediction errors and an R?
value of almost one, while Linear Regression performed moderately. In contrast, the quantum
model struggled to fit the data and resulted in large errors along with negative R? values. A simi-
lar pattern was observed in the second dataset, where all models faced difficulties, but the quan-
tum approach again failed to show any advantage over the classical methods. These results sug-
gest that although quantum models are conceptually attractive, their practical benefits are not
yet evident for this type of problem. In such a context, the Random Forest approach was the most
accurate method for battery Remaining Useful Life prediction. The classical approach is, in fact,
still a very reliable option, also considering the fact that, although it is a quantum approach, it is
still hampered by hardware limitations, noise, or unrefined algorithms. The development of such
a technology will, possibly, lead to an increasing role, but it is currently rather a complementary
tool rather than a substitute.

Keywords: Remaining Useful Life, Random Forest Regressor, Quantum Circuit Regressor, Pre-
dictive modelling

Introduction

Consider this: the world we live in
is battery-powered. These energy storage
devices are found in everything from
electric cars to spacecraft to your phone.
The trouble is that batteries don't last for-
ever, and when they do, it can be any-
thing from deadly to inconvenient.
Remaining Useful Life (RUL) prediction
can help with that In essence, I'm at-
tempting to answer a straightforward but
essential question: how much life does

this battery have left? If | get this right, it
means maintenance can be planned before
any failure occurs—potentially saving mil-
lions of dollars and even lives. As Ferreira
and Gongalves [3] remarked, the increased
use of predictive maintenance has fostered a
considerable interest in data-driven tech-
niques that can forecast Remaining Useful
Life (RUL) in a variety of real-world scenar-
i0s.

If you believe that the battery life prediction
should be simple, it should be reconsidered.
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Similar to erratic teens, battery behavior
varies according to temperature, usage
frequency, charging method, and even
chemical composition. The degradation
process is chaotic, unpredictable, and
nonlinear. conventional methods that
simply monitor a battery to reach a spe-
cific threshold? The modern world of
complex systems and noisy data makes
traditional methods as useful as a choco-
late teapot. | require advanced adaptable
techniques which will help me under-
stand the chaotic situation.

Researchers have been using traditional
statistical approaches for decades. Con-
sider mathematical workhorses such as
logistic regression and linear regression
[5, 14]. They may not be ostentatious, but
they are trustworthy and their actions are
comprehensible. These traditional ap-
proaches may not be the most interesting,
but the traditional methods lack excite-
ment but effectively complete their as-
signed work. These methods function as
dependable companions who always
show up exactly when needed. When
working on simpler issues with relatively
simple interactions between variables,
they perform very well.

Everything changed when machine learn-
ing emerged. All of a sudden, algorithms
became available that could identify pat-
terns in data without requiring us to ex-
plicitly state every rule. Neural networks,
Random Forests, and Support Vector
Machines are like having an extremely
intelligent detective that can identify pat-
terns that people would overlook. Re-
searchers began to see remarkable out-
comes. For instance, Alfarizi et al. [1]
increased accuracy even further by em-
ploying optimal ensemble techniques,
while Mathew et al. [7] demonstrated the
effectiveness of Random Forests in fore-
casting turbofan engine RUL Random
Forests have become extremely popular,
and with good cause. These methods

work well with the typical noisy data that
appears in real-world applications. The
Swiss Army knife of machine learning de-
scribes these methods because they provide
dependable adaptability for practical appli-
cations.

Although linear regression may not capture
complex nonlinear processes, it is useful for
identifying patterns and determining the
significance of specific features. In busi-
nesses where safety and reliability are criti-
cal, I use logistic regression and proportion-
al hazards models [15] to make probabilistic
estimation of the failure risk. Alfarizi et al.
[1] demonstrated that when Random Forests
is optimized and paired with advanced sig-
nal processing, they can outperform tradi-
tional methods in predicting bearing RUL.
Okoh et al. [10] also stressed the importance
of combining data-driven models with do-
main expertise to achieve the best results. It
serves as a reminder that the model | chose
should accurately reflect the degrading be-
havior of the system with which I am work-
ing. Then comes the intriguing twist: quan-
tum computing has entered the picture,
bringing with it some really big claims. This
IS when things begin to get interesting.
These quantum models make use of con-
cepts like entanglement and superposition—
don't worry if those sound like science fic-
tion—they actually do. According to the
theory, quantum computers may be faster
and more potent than classical computers
because they can operate in high-
dimensional areas with fewer parameters.
Even with small datasets, Tsurkan et al. [14]
demonstrated some encouraging results with
their Hybrid Quantum Recurrent Neural
Network (HQRNN), which blends quantum
circuits and classical RNNs. The ability of
these models to capture intricate temporal
connections that traditional algorithms could
overlook is very promising.

However, this is where we must apply a
slightly higher braking pressure. The theo-
retical capabilities of quantum computing
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are remarkable and sound amazing. The
gap between theoretical concepts and
their actual implementation remains sub-
stantial. The quantum hardware currently
available is still somewhat noisy and lim-
ited. | have noticed that the simulated
data used in most studies are significantly
cleaner than what we actually encounter
in the real world, which is a problem.
What's even more frustrating is seeing
researchers claim that quantum models are
superior—often without conducting rigorous,
side-by-side comparisons to back up those
claims. | believe we need to challenge these
assumptions with empirical evidence rather
than just theoretical hype.

It would be equivalent to asserting that a
new sports vehicle is faster without actu-
ally putting it up against older models on
the same course in the same circumstanc-
es. Many ML-based RUL studies, accord-
ing to Ferreira and Goncalves [3], are
opaque and unreproducible, which seri-
ously impedes their use in business. It is
practically hard to determine whether
reported improvements are due to im-
proved data preprocessing or the model
architecture itself in the absence of estab-
lished evaluation methodologies. The
necessity for RUL prediction methods
that are not only precise but also scalable
and resilient to changes in data quality—
conditions that are frequently encoun-
tered in industrial manufacturing set-
tings—was further highlighted by Pan et
al. [11].

This study specifically addresses this
issue. Rather than only presuming that
qguantum is superior, it fairly compares
and contrasts quantum and classical mod-
els.A relatively new field called Quantum
Machine Learning (QML) combines ma-
chine learning techniques with the ideas
of quantum computing like superposition
and entanglement. It explores how learn-
ing tasks like pattern recognition, classi-
fication, and clustering might be en-

hanced by quantum system. The goal is to
accelerate complex computations and open
up new ways of processing large-scale data
that go beyond the constraints of traditional
algorithms [13]. Despite its potential, Quan-
tum Machine Learning faces significant dif-
ficulties. Current quantum hardware is still
limited, with issues including noise, deco-
herence, and restricted qubit counts prohibit-
ing practical deployment. Furthermore, cre-
ating effective quantum algorithms and con-
verting classical data into quantum states are
difficult tasks. These challenges emphasize
the fact that, while QML provides great po-
tential, much work remains to be done be-
fore it can be used at scale to real-world
situations [2].

No one is given preferential treatment; all
data, preparation, and evaluation criteria are
the same. Three methods are examined in
the study: Quantum Circuit Regressor (the
newest quantum hotshot), Random Forest
(the machine learning favorite), and Linear
Regression (the dependable old-timer). They
evaluate these using actual battery datasets
and use common metrics like R-squared and
Mean Absolute Error to gauge performance.
Most significantly, they take into account
interpretability, scalability, and computing
cost in addition to accuracy.

Like many other industries, I've witnessed
the battery sector suffer from overhyped
technologies—qgrand promises that ultimate-
ly failed to deliver. Without proper bench-
marking, it is impossible to determine
whether performance benefits are due to
improved data processing or the model it-
self. | conducted this research to create a fair
comparison between these techniques
through objective evaluation of their indi-
vidual strengths. The goal of my research is
to determine the optimal situations for each
tool rather than selecting winners or losers.
What is the major takeaway? The success of
a method in controlled laboratory conditions
with organized data does not ensure its ef-
fectiveness in the unpredictable and chaotic
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real-world environment. Quantum com-
puting may truly transform battery life
prediction, but I'm not convinced until 1
see solid, actual evidence. The field re-
quires this type of thorough and transpar-
ent evaluation process.

The process of challenging assumptions
and requiring proof enables us to make
better judgments especially when lives
and millions of dollars are at risk. The
incorrect prediction of battery failure
results in more than just inconvenience
because it can lead to disastrous out-
comes.

2 Experimental Framework

This section discusses the strategy | used
to compare classical and quantum models
for forecasting battery remaining useful
life (RUL). My philosophy throughout
was whatever you do, do it blind, repro-
ducible, and scientific. To this end, I ap-
plied standardised preprocessing meth-
ods, consistent evaluation protocols and
explicit model comparison strategies.

2.1 Design Principles:

The experimental design was governed
by three main principles: uniformity, re-
producibility, and fair comparison. All
models underwent the same prepro-
cessing and feature engineering. | utilized
fixed random seeds, documented all hy-
perparameters, and followed a consistent
train-test split. All models were evaluated
using the same set of performance indica-
tors. The whole workflow consisted of
four successive phases: Prepare data, im-
plement a model, Train and optimize, and
Evaluation.

2.2. Datasets:

To assess how well the models generalize
across various degradation patterns, |
chose two complimentary datasets that
provide alternative viewpoints on failure
behavior. The first dataset, the C-MAPSS

FDOO01 subset, is provided by NASA's Prog-
nostics Center of Excellence. It has 100
training and test units, each with 21 sensor
measurements each cycle. The sequence
lengths range from 128 to 362 cycles. This
dataset is commonly utilized in RUL re-
search because of its well-documented fail-
ure paths and benchmark status.The second
dataset was NASA's lithium-ion battery da-
taset, which shows degradation in controlled
laboratory circumstances. It includes 18650
cells that have been charged and discharged
at room temperature, with voltage, current,
temperature, and capacity fade recorded.
Cycle counts range from 40 to 168, with a
70% capacity limitation. This dataset cap-
tures real-world battery degeneration, mak-
ing it appropriate for assessing practical
model performance.

2.3. Data Preprocessing:

To ensure consistency across models, | de-
veloped a standardized preprocessing pipe-
line where missing values were handled with
forward-fill for isolated gaps while incom-
plete sequences were eliminated. A three-
window moving average smoothing ap-
proach was applied to decrease sensor noise.
Feature engineering comprised rolling statis-
tics (mean, standard deviation, trend) over
five-cycle windows, degradation indicators
such as cumulative wear and rate of change,
and lagged features to capture temporal de-
pendencies. To prevent leakage, all features
were standardized using Z-score normaliza-
tion and statistics from training data. The
RUL objectives were computed based on the
difference between the maximum and cur-
rent cycle counts. Finally, train-test splits
employed a temporal technique, with 80%
of each unit's lifecycle used for training and
20% for validation, while independent test
units were reserved for final evaluation to
ensure precise temporal ordering and no
leakage.
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2.4. Model Architectures:

I investigated three models that represent
distinct modeling paradigms: linear re-
gression, random forest, and quantum
circuit regression.

2.4.1. Linear Regression:

Linear Regression is a simple and widely
used statistical method that models the
relationship between dependent and inde-
pendent variables by fitting a straight
line. It assumes linearity and provides
interpretable coefficients that show the
contribution of each predictor to the out-
come [4, 9]. To establish a baseline, I
used ridge regression with L2 regulariza-
tion (o = 1.0). Recursive Feature Elimina-
tion was used to choose the best predic-
tive sensors. The model assumes a linear
relationship between characteristics and
the RUL.

v
ﬁ = ﬁo + Zﬁa’xi + e
i=1

This method provides interpretability and
is ideal for recording linear degradation
patterns.

2.4.2. Random Forest Regressor:
Random Forest is an ensemble machine
learning method that builds multiple de-
cision trees and combines their results for
prediction. It provides robust classifica-
tion, handles complex data patterns, and
reduces errors by using out-of-bag (OOB)
estimation to measure accuracy [9]. It
reduces overfitting compared to single
decision trees and can capture complex,
non-linear relationships in the data, mak-
ing it more flexible and robust. The ran-
dom forest model combines predictions
from a set of decision trees.

T

.1

7= 2D he ()
t=1

| utilized 200 trees with a maximum dpth of
15 to tune hyperparameters using Cross-
validation. The average decrease in impurity
was used to assess feature relevance. This
approach is effective at capturing non-linear
connections and provides resilience via en-
semble averaging.

2.4.3. Quantum Circuit Regressor:

The Quantum Circuit Regressor (QCR)
models the link between input features and
target variables using quantum computation
concepts. In this method, classical input data
is first encoded into quantum states using
parameterized quantum circuits. The model
is then trained by optimizing circuit parame-
ters using a hybrid quantum-classical loop in
which a classical optimizer changes the pa-
rameters based on a predetermined cost
function. Finally, measurement results from
the quantum circuit are mapped back to re-
gression predictions. This paradigm enables
the QCR to capture complicated, non-linear
patterns while maximizing the benefits of
quantum parallelism [12].

| used PennyLane v0.32 to build a variation-
al quantum circuit for the quantum simula-
tion. Classical characteristics were encoded
with Y-rotation gates, followed by entan-
gling layers made up of parameterized rota-
tions and CNOT gates. The result was the
expected value of the Pauli-Z observable:

7= {p(x;8)[2%"|o(x; 6))

The design featured four qubits, three varia-
tional layers, and 48 trainable parameters.
Nesterov momentum (learning rate = 0.01,
momentum = 0.9) was used for optimiza-
tion, with a 50-epoch exponential learning
rate decay. This arrangement uses quantum
qualities like superposition and entangle-
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ment to represent complicated feature
interactions.

2.5. Evaluation Protocol:

To get a better sense of how well each
model really did, | looked at three differ-
ent but related error measures. To evalu-
ate the performance of the models, com-
mon error metrics such as Mean Absolute
Error (MAE), Root Mean Square Error
(RMSE), and Coefficient of Determina-
tion (R?) were used. MAE measures the
average size of errors, RMSE gives more
weight to larger errors, and R2 explains
how well the model predictions fit the
actual data [13]. MAE gave me a basic
and easy-to-interpret metric of how far,
on average, the forecasts were from the
actual (in same units as the RUL) without
making it sensitive to a few extreme out-
liers. Root Mean Squared Error (RMSE)
went a step further by penalizing greater
mistakes more severely, making it partic-
ularly beneficial for identifying models
that occasionally made substantial errors.
The Coefficient of Determination (R?)
indicates the model's ability to explain a
significant portion of the variation in ac-
tual RUL values. Values near to 1 indi-
cate accurate predictions.

To ensure the reliability of these results, I
employed 10-fold time-series cross-
validation while maintaining the data's
chronological sequence to prevent future
information from entering the training
process. | used paired t-tests (p < 0.05) to
determine whether the performance dif-
ferences between models were statistical-
ly significant. In addition, | evaluated
Cohen's d to determine whether any re-
ported improvements were both statisti-
cally significant and practically useful.

My primary focus was not only accuracy,
but also the efficiency with which the mod-
els could run. | documented training time,
monitored peak memory utilization, and
evaluated how well each model scaled as |
gave it bigger sections of the dataset. The
review used accuracy metrics together with
statistical tests and computing benchmarks
to evaluate both predicted quality and real-
world applicability.

I achieved reproducibility through fixed
random seeds across runs and Git version
control of experiments and SHA-256 check-
sums for dataset integrity verification. The
final results were based on unseen test units
and each experiment was performed ten
times with different initializations which
resulted in 95% confidence intervals for all
metrics.

3 Results

Three regression models were evaluated in
this study, namely Linear Regression, Ran-
dom Forest Regressor, and Quantum Circuit
Regressor on two benchmark datasets name-
ly C-MAPSS FDO0O01 turbofan engine dataset
and NASA’s Lithium-ion battery dataset.
Mean Absolute Error (MAE), Root Mean
Squared Error (RMSE), Coefficient deter-
mines the determination (R?) to evaluate the
performance of Models.

The experiments on the FDO0O1 turbofan
engine dataset were carried out using three
models: Linear Regression, Random Forest
Regressor, and Quantum Circuit Regressor.
Their performance was assessed using
standard error metrics, as shown in Table 1.
A comparative visualization of the error
values across the models is presented in Fig.
1, which highlights the relative strengths and
weaknesses of each method.
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Table 1. Model Performance on FD001 Dataset

Model MAE RMSE R2

Linear Regression 60.52539556 72.46803743 -2.14588668

Random ForestRe- | ¢, 56727417 | 74.86379006 -2.357327398

gessor

Quantum Cireuit Re- | ¢4 sgq90962 | 73.90027714 2.27226136

gessor
Table 1 summarizes the predictive per- recorded the highest errors. The Quantum
formance of the three models. All models Circuit Regressor achieved intermediate
yielded negative R? values, indicating results between the two classical approaches.
performance worse than a mean-based These results suggest that simple linear and
baseline. Linear Regression achieved the tree-based models struggle to capture the
lowest error values (MAE = 60.53, degradation patterns in the FD0O1 dataset.

RMSE = 72.47), while Random Forest

Radar Chart: Model Comparison
—— Linear Regression

Random Forest

//\
/
N

Fig. 1. Radar chart comparing model performance on the FDOO1 dataset across MAE, RMSE,

51

and R?
The comparative performance trends are The three models—L.inear Regression, Ran-
further illustrated in Fig. 1, which shows dom Forest Regressor, and Quantum Circuit
that all three models exhibit similar error Regressor—were applied to capture the deg-
magnitudes, with Linear Regression radation patterns and predict cycle-based
slightly outperforming the others in terms outcomes. The results are summarized in
of error metrics. Table 2, while Fig. 2 illustrates the error
A similar evaluation was performed on metrics for direct comparison of model per-

the NASA lithium-ion battery dataset. formance on this dataset.
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Table 2. Model Performance on NASA Battery Dataset

Model MAE RMSE R2
Linear Regression 82.25885979 135.0801848 0.82466906
5;23,? m Forest Re- 566826324 | 13.35090435 0.99828724
Seig‘gf“m CircuitRe- | 5615074909 | 647.6580096 |  -3.030573748

Results on the lithium-ion battery dataset are
reported in Table 2. The Random Forest
Regressor achieved the strongest perfor-

Linear Regression (R2 = 0.82). The Quantum
Circuit Regressor performed poorly, with
substantially higher error values and a nega-

tive R?, indicating weak predictive capability
compared to baseline

mance across all metrics (MAE = 5.67,
RMSE = 13.35, Rz = 0.998), followed by

Model Performance Comparison (Normal___"} .., regression

™
SE Random Forest Regressor

— Quantum Circuit Regressor

e e —

Fig. 2. Radar chart comparing model performance on the NASA Battery dataset across MAE,
RMSE, and R®

As shown in Fig. 2, the Random Forest
Regressor consistently dominates across
all three-evaluation metrics, while the

Quantum Circuit Regressor lags considera-
bly behind.

Comparative performance trends are further
illustrated in Figs. 1 and 2 (radar charts).

methods
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Random Forest consistently outper-
formed other models on the battery da-
taset, whereas model performance on
FDO001 remained limited across all ap-
proaches

4 Conclusion

The research evaluated the predictive
capabilities of Linear Regression and
Random Forest Regressor and Quantum
Circuit Regressor models for Remaining
Useful Life (RUL) estimation using
NASA C-MAPSS Turbofan Engine Da-
taset (FD001) and NASA Lithium-lon
Battery Dataset.

The three models failed to predict accu-
rately for the C-MAPSS FDO001 dataset
because their R2 values were negative
(Linear Regression: —2.15, Random For-
est Regressor: —2.36, Quantum Circuit
Regressor: —2.27). The error values
(MAE and RMSE) showed minimal dif-
ferences between the models yet the neg-
ative R? values indicate the complex and
noisy nature of turbofan degradation dy-
namics. The basic regression and quan-
tum models fail to detect engine health
degradation patterns because they lack
advanced preprocessing techniques and
hybridization methods.

In comparison, the NASA Battery Da-
taset showed significant model perfor-
mance variation. The best performed to
be the Random Forest Regressor, with an
extremely high Rz of 0.998 as well as low
MAE (5.67) and RMSE (13.35). Linear
Regression was decent (R2: 0.825) and
Quantum Circuit Regressor was really
bad (R? -3.03) — large prediction er-
rors} This outcome illustrates both the
power of ensemble-learning based meth-
ods like Random Forest to learn the non-
linear degradation characteristics of bat-
teries but also the limitations of current
guantum methods for such applications.
In any case, the results highlight two ma-
jor points: Model performance is heavily

dependent on dataset characteristics — A
classical and quantum regressor performed
poorly on the turbofan dataset but were very
different on the battery dataset.

Although still in their infancy stage, quan-
tum circuit regressors are not competitive
with classical-based approaches for RUL
prediction, where factors such as hardware
noise, shallow circuit design, and limited
data encoding capability may play a role.
This robustness could be supported by hy-
brid approaches in future work, for example,
through the combination of feature engineer-
ing, advanced deep learning techniques, as
well as quantum-enhanced methods across
the various RUL prediction scenarios.

5 Discussion

Predicting the remaining useful life (RUL)
of critical components, such as aircraft en-
gines or lithium-ion batteries, is a formida-
ble technical challenge that also constitutes a
foundational requirement for advancing
safety, sustainability, and the development
of intelligent industrial systems.

Our research, which systematically com-
pares established classical machine learning
models with emerging quantum-based ap-
proaches on benchmark datasets—including
NASA's C-MAPSS turbofan engine dataset
and standard lithium-ion battery degradation
datasets—directly addresses these intercon-
nected priorities.

They help predict the Remaining Useful Life
(RUL) of an asset so that you can catch it
early before any sort of catastrophic failure
could potentially loss lives or damage infra-
structure. Such foresight is not a luxury but
rather an imperative in aviation and energy
storage. But the perks go far past just safety.
Then we can predict when a part will break
and stop replacing it too soon or waiting too
long. Which leads to reduction in waste,
unnecessary repairs and a environmentally
more sustainable use of our resources and
energy.
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It is also aligned with a larger ambition of
Industry 4.0, where Al and Quantum
Computing radically change the way we
observable and maintain complex sys-
tems. In the context of an aircraft or elec-
tric car, this means smarter diagnostics
that can allow for more efficient and less
expensive maintenance schedules as well
as less downtime.

We find quantum models like the Quan-
tum Circuit Regressor particularly inter-
esting to study. While Random Forest
would remain the go-to classic model for
most practical use-cases, quantum tools
might offer a chance to work with com-
plex data of high dimensionality. They
are not quite production-ready, but they
are harbingers of things to come, serving
as a foundation on which tomorrow's
resources and partnerships will be assem-
bled.

Overall, this research presents both scala-
ble, mature products for modern indus-
tries and a peek at what could be attaina-
ble as quantum technologies evolve.
From aircraft, transportation through to
energy and predictive maintenance, the
implications are huge — and highly rele-
vant.
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Automatic curriculum vitae (CV) classification represents a complex challenge in the field of
human resources, driven by the increasing volume of applications and the need to rapidly identify
relevant candidates. Manual CV evaluation is a time-consuming and error-prone process, high-
lighting the necessity of automated solutions based on Machine Learning and Natural Language
Processing techniques.

This paper proposes a hybrid architecture for CV classification that combines semantic represen-
tations based on multilingual embeddings, adaptive linguistic rules, and semantic similarity
mechanisms for candidate—job compatibility assessment.

The proposed system enables robust classification of semi-structured CVs and automatic candi-
date—job matching through an explainable multicriteria evaluation mechanism. Experimental
results indicate improved performance compared to a baseline approach relying exclusively on
heuristic rules, demonstrating the effectiveness of integrating semantic mechanisms and hybrid
classification strategies. The proposed hybrid model achieved an accuracy of 79.2% and signifi-
cantly outperformed the rule-based baseline approach, which obtained an accuracy of 40.0%.
Keywords: CV classification, NLP, semantic similarity, candidate—job matching, information

extraction, embeddings

Introduction

In the context of the digitalization of re-
cruitment processes and the increasing vol-
ume of applications, the automatic pro-
cessing of unstructured textual documents
has become an important research direction
in the field of Natural Language Processing.
Automating CV analysis enables the reduc-
tion of evaluation time and the more effi-
cient identification of relevant candidates in
modern recruitment processes.

According to Jurafsky and Martin [1], this
process involves transforming heterogeneous
textual content into structured data that can
subsequently be used for analysis, retrieval,
and integration into information systems. In
practice, this requires the identification of
relevant entities, the relationships between
them, and temporal information.

Curriculum vitae (CVs) represent a relevant
example of non-uniformly structured docu-

ments, as they contain information regarding
professional experience, education, and
skills in highly variable textual forms.

This heterogeneity complicates the automat-
ic processing and comparative evaluation of
candidates, particularly in recruitment sce-
narios involving large volumes of applica-
tions.

As discussed in [1], methods based on lexi-
co-syntactic patterns generally provide high
precision; however, they suffer from limited
coverage and require the manual definition
of rules.

In contrast, supervised learning approaches
can achieve high performance when labeled
datasets are available, but they involve sig-
nificant annotation costs and may encounter
difficulties generalizing across different CV
formats.

In this context, the present paper proposes an
automated system for CV analysis and can-
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didate—job compatibility assessment based
on an integrated semantic—heuristic frame-
work. The system combines CV section
classification using semantic representations,
professional experience extraction, educa-
tional information identification, and skill
matching through semantic similarity tech-
niques.

Unlike conventional approaches based ex-
clusively on fixed rules or independent sta-
tistical models, the proposed system inte-
grates contextual semantic classification,
adaptive heuristic rules, and explainable
evaluation mechanisms within a unified
pipeline. The architecture is designed to in-
crease robustness when processing CVs with
inconsistent layouts and to improve general-
ization capabilities across documents written
in diverse structural formats.

Contributions of the Paper

The main contributions of this paper are the
following:

» the design of a hybrid and explainable ar-
chitecture for CV classification that inte-
grates semantic embeddings, adaptive heu-
ristic rules, and contextual validation mech-
anisms within a unified processing pipeline;
» the development of an adaptive infor-
mation recovery mechanism based on textual
microblocks, enabling the extraction of rele-
vant information from semi-structured CVs
with inconsistent or incomplete section de-
limitations;

* the integration of multilingual embedding-
based semantic similarity techniques for
candidate—job  compatibility  assessment,
reducing dependency on exact lexical match-
Ing;

 the proposal of a multicriteria candidate
evaluation mechanism that combines profes-
sional experience, education, skills, and tar-
get-job relevance into an interpretable scor-
ing framework;

 the implementation of confidence-based
decision fusion strategies that dynamically
combine Machine Learning predictions with

heuristic validation rules in ambiguous clas-
sification scenarios;

* the experimental validation of the proposed
hybrid approach through comparative evalu-
ation against rule-based and TF-IDF-based
baseline methods.

The proposed architecture aims to improve
robustness, interpretability, and generaliza-
tion capability when processing CVs with
inconsistent layouts and heterogeneous tex-
tual structures.

Related Work

Modern transformer-based Natural Lan-
guage Processing models, such as BERT,
introduced contextual text representations
obtained through bidirectional context learn-
ing within a sentence, leading to state-of-the-
art performance across multiple NLP tasks
[2]. A relevant extension is Sentence-BERT,
which enables the generation of sentence-
level embeddings optimized for efficient
semantic comparison using cosine similarity,
significantly reducing computational cost
compared to standard BERT [3].

In the field of automated recruitment, tradi-
tional methods based on TF-IDF and classi-
fication algorithms such as Support Vector
Machines (SVM) are frequently used for CV
classification, achieving competitive perfor-
mance on certain datasets. However, these
methods are limited in their ability to capture
complex semantic relationships compared to
transformer-based models [4].

Li et al. [5] proposed context-aware trans-
former models for both CV classification
and candidate—job matching tasks. Their
approach enables the estimation of semantic
compatibility between resumes and job de-
scriptions, while also supporting experience-
level classification in real-world recruitment
scenarios.

In addition, end-to-end systems such as
Smart-Hiring integrate CV information ex-
traction (skills, experience, education) with
semantic matching within a unified and ex-
plainable pipeline. These systems provide
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interpretability mechanisms and are evaluat-
ed on real-world data, demonstrating the
effectiveness of integrated approaches in
recruitment processes [6].

At the same time, hybrid systems combine
NLP techniques, machine learning methods,
and semantic similarity mechanisms for can-
didate classification and evaluation, provid-

ing a compromise between purely rule-based
approaches and fully deep learning—based
methods.

However, most existing approaches treat the
stages of classification, information extrac-
tion, and matching separately, or fail to
achieve an optimal balance between accura-
cy, interpretability, and generalization.

Table 1. Comparison of the Main Methods Used for CV Classification
Note: Ref. indicates the bibliographic references corresponding to the analyzed studies.

Ref. Method Task Advantage Limitation
[2] Bidirectional Text Rich contextual repre- | High Computational
Transformer classification sentations cost
[3] Siamese Semantic similarity Efficient for Semantic | Performance depends
BERT similarity (faster than | on task-specific fine-
standard BERT) tuning
[7] TF-IDF + cv Simple and interpretable Limited ability to
SVM classification capture semantic
relationships
[5] Context- cv Models CV—job rela- High training cost
aware classification + tionships and large data re-
Transformer candidate—job quirements
matching
[6] End-to-end Information extraction + | Explainable and com- Error propagation
NLP Pipeline | candidate—job matching prehensive system between components

Table 1 highlights the advantages and limita-
tions of the main approaches presented in the
literature, justifying the need for a hybrid
solution that combines their respective bene-

fits.

Although existing approaches achieve com-
petitive results in individual tasks such as
CV classification or semantic matching,
most solutions treat the stages of information
extraction, classification, and semantic eval-
uation separately. In contrast, the proposed
system integrates these components into a
unified and explainable pipeline capable of
handling irregularly formatted CVs while
combining contextual semantic classification
with adaptive heuristic rules.

Limitations of Existing Approaches

Existing approaches for CV classification
present several limitations. Systems based
exclusively on linguistic rules are sensitive

to structural and vocabulary variations, en-
countering difficulties when generalizing
across differently formatted CVs.

In contrast, approaches relying entirely on
deep learning models require large volumes
of labeled data and provide limited interpret-
ability.

Furthermore, many systems treat section
classification, information extraction, and
semantic matching as separate tasks, which
may lead to error propagation between stag-
es and reduce overall robustness.

Another important limitation is represented
by structurally inconsistent CVs or docu-
ments without clear section delimitations,
where traditional header-based parsing
methods become insufficient.

To address these issues, the present paper
proposes a hybrid architecture that integrates
semantic classification, heuristic rules, and
adaptive information recovery mechanisms.
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Methodology

The proposed system is designed as a modu-
lar architecture organized as a pipeline con-
sisting of multiple successive stages, each
responsible for extracting, structuring, and
evaluating relevant information from the
document.

The workflow begins with text extraction
from PDF files, followed by text normaliza-
tion and cleaning. The text is subsequently

segmented into smaller units associated with
relevant CV sections (experience, education,
skills, personal information). Based on these
sections, the system extracts essential infor-
mation and computes compatibility scores.
The final result is obtained through the ag-
gregation of partial scores corresponding to
professional experience, education, skills,
and relevance to the target job.

Segmentation

Classification

Text Extraction
CV (pdf) +
Preprocessing

into Text Blocks

Section Information Score
Extraction Calculation +

(HYBRID) Classification

(HYBRID)

N\

|E><perir—!r|cf-.!| |Educat|:m || Skills | ’ Target Job I

Figure 1. Architecture of the Proposed CV Classification System

Figure 1 illustrates the integration of seman-
tic and heuristic components within the same
processing pipeline. The modular organiza-
tion enables the extension of the system with
additional classification methods and con-
tributes to improved adaptability when pro-
cessing CVs written in non-uniform docu-
ment layouts.

Unlike traditional CV parsing pipelines, the
proposed architecture introduces an adaptive
segmentation mechanism based on textual
microblocks and contextual semantic valida-
tion, designed to reduce dependence on the
explicit structure of the document.

Algorithm 1. Hybrid CV Classification
Pipeline

Input:

CV document

Job requirements
Output:

Candidate class
1. Extract textual content from PDF
2. Apply normalization and text repair rules
3. Segment document into semantic text
blocks
4. Detect and classify CV sections
5. Extract experience, education and skills
6. Compute semantic similarity scores
7. Aggregate weighted evaluation scores
8. Generate final candidate classification

Data Preprocessing

The preprocessing stage plays an essential
role in reducing the noise introduced by the
heterogeneous structure of CVs and by the
text extraction process from PDF documents.
CVs are written in different formats, using
inconsistent delimiters, various symbols, and
non-uniform information organization. In
addition, the PDF extraction process may
introduce further errors, such as incorrect
character concatenation, delimiter loss, or
inconsistent section separation.

Text is extracted from PDF files using the
pdfplumber library by processing each page
and concatenating the resulting textual con-
tent.

To reduce errors specific to automatically
extracted documents, the system applies an
additional text repair stage based on regular
expressions and heuristic rules.

A relevant example is the correction of in-
correct concatenations between alphabetic
and numeric characters, frequently encoun-
tered in CVs converted from PDF docu-
ments:

text = re.sub(r'([a-zA-ZadistAAIST] ) \d)',
r'\1\2', text)

text = re.sub(r'(\d)([a-zA-ZadistAAIST] ),
r'\1\2', text)
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This mechanism enables the correct separa-
tion of expressions such as “Python3” or
“20235years”, which may occur as a result
of automatic text extraction. In addition,

(132

different variations of dash delimiters (“—,
“—7 “=) are processed and standardized
into a unified format to ensure consistency

during subsequent processing stages.

Table 2. Example of Textual Normalization

Raw Input After Normaliza-
tion

Python3Developer Python 3 Developer

20235yearsexperience | 2023 5 years experi-
ence

HR-Specialist hr specialist

Table 2 illustrates how normalization mech-
anisms reduce textual inconsistencies and
contribute to obtaining more stable semantic
representations for subsequent processing
stages.

Subsequently, the text is normalized through
Unicode transformations, diacritic removal,
lowercase conversion, and whitespace stand-
ardization:

text = unicodedata.normalize("NFKD",
str(text))

text = text.encode("ascii", er-
rors="ignore™).decode("utf-8")

text = text.lower()

text = re.sub(r'[\t]+', " ", text)

This stage reduces lexical variations and

enables the robust application of semantic
classification and embedding-based similari-
ty mechanisms using multilingual represen-
tations.

To improve semantic consistency, the sys-
tem also introduces additional contextual
normalization mechanisms for job positions,
departments, and skills. Consequently, dif-
ferent variants of the same concepts (for
example, “HR Specialist” and “Specialist
HR”) are mapped to a common representa-
tion. This approach reduces semantic frag-
mentation and improves the accuracy of sub-
sequent classification and candidate—job
matching stages.

By integrating text repair mechanisms, lin-
guistic normalization, and semantic stand-
ardization, the preprocessing stage contrib-
utes to improved reliability of the system
when handling non-uniformly formatted
CVs and documents extracted from different
sources.

Text Segmentation

After the preprocessing stage, the document
is progressively segmented into textual units
that are subsequently used for semantic clas-
sification and relevant information extrac-
tion. Segmentation represents a critical stage
in CV processing, as these documents do not
follow a standardized structure and employ
highly heterogeneous information organiza-
tion patterns.

PDF Line Text Blocks

Microblocks

Segmentation

Semantic Section Adaptive
Classification Recovery

Figure 2. Information Segmentation and Semantic Recovery Pipeline

Figure 2 presents the overall workflow of the
information segmentation and recovery
mechanism used in the proposed system.
The pipeline progressively transforms the
PDF document into compact semantic units
that are subsequently used for section classi-
fication and relevant information extraction.
The introduction of the microblock-based

mechanism increases robustness when pro-
cessing partially structured CVs and docu-
ments without explicit section delimitations.

In the first stage, the text is divided into in-
dividual lines, while empty lines and redun-
dant sequences are removed.

Subsequently, the lines are grouped into
compact textual blocks designed to preserve
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the contextual coherence of the information
associated with a particular section.

To identify the logical structure of the doc-
ument, the system employs a heuristic
mechanism for section header detection.
This mechanism analyzes features such as
line length, word count, and lexical structure
in order to identify expressions that may
represent section titles:

if len(words) <= 3 and len(line) <= 35:
if re.search(r'\w[\w\s&/-]*$', line):
return True

The detected headers are then compared
against an extended set of semantic aliases
for sections such as Experience, Education,
Skills, and Projects. This approach enables
the identification of different naming vari-
ants commonly used in real-world CVs, in-
cluding formulations in both Romanian and
English.

To reduce dependence on the explicit pres-
ence of section headers, the system introduc-
es an additional mechanism based on textual
microblocks. These are generated by aggre-
gating a small number of consecutive lines,
thereby preserving the local contextual in-
formation:

chunk = lines[i:i + window]

if chunk:
blocks.append(normalize_text("
".join(chunk)))

Microblocks are used as an adaptive infor-
mation recovery mechanism for poorly
structured or non-uniformly formatted doc-
uments. In such situations, classification
based exclusively on headers may become
insufficient, as relevant information is une-
venly distributed or embedded within am-
biguous sections.

The system activates recovery mechanisms
that analyze microblocks using heuristic
rules and semantic classification in order to

identify relevant sections and fragments that
were not detected during the initial stage.
This mechanism is used both for CV section
recovery and for the identification of profes-
sional experience and educational infor-
mation.

By integrating hierarchical segmentation,
adaptive header detection, and microblock-
based mechanisms, the system achieves im-
proved adaptability when processing struc-
turally inconsistent CVs and reduces de-
pendence on the explicit formatting of the
document. Compared to traditional ap-
proaches based exclusively on fixed header
identification, the proposed mechanism ena-
bles more robust processing of incomplete or
non-uniformly formatted CVs.

Section Classification

The identification of relevant CV sections is
performed through a hybrid architecture that
combines embedding-based semantic classi-
fication, heuristic rules, and adaptive contex-
tual validation mechanisms. This approach
aims to reduce dependence on the explicit
structure of the document and to improve
reliability when processing non-uniformly
formatted CVs.

In the initial stage, the system attempts direct
section identification using an extended set
of semantic aliases associated with frequent-
ly encountered CV headers. Both Romanian
and English formulations are supported, in-
cluding “Experience,” “Professional Experi-
ence,” “Education,” “Skills,” and “Projects.”
For textual blocks that do not contain explic-
it headers, the system applies semantic clas-
sification based on embeddings generated
using  the  multilingual paraphrase-
multilingual-MiniLM-L12-v2 model from
the SentenceTransformers library. Textual
fragments are transformed into dense vector
representations capable of capturing seman-
tic similarities between differently formulat-
ed expressions with similar meanings.

embeddings = embed-
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ding_model.encode(blocks)

embeddings = sec-
tion_scaler.transform(embeddings)

preds = section_model.predict(embeddings)

probs = sec-
tion_model.predict_proba(embeddings)
labels = sec-
tion_labels.inverse_transform(preds)

Textual fragments are transformed into se-
mantic embeddings using the multilingual
SentenceTransformers model.

The resulting vectors are standardized and
used as input for a Logistic Regression clas-
sifier implemented with scikit-learn, using
the class_weight="balanced" parameter to
reduce class imbalance effects.

In parallel, the system applies a set of heuris-
tic rules and lexical markers specific to each
category. These rules aim to identify expres-
sions relevant to professional experience,
education, technical skills, or personal in-
formation.

The heuristic approach is used both for vali-
dating semantic classifications and for re-
covering information in ambiguous or poorly
structured documents.

The final decision is obtained through a fu-
sion mechanism controlled by confidence
thresholds. High-probability predictions are
accepted directly, while low-confidence
classifications are additionally validated us-
ing linguistic rules and contextual analysis:

. if p = 0.72, the semantic classifica-
tion is accepted directly;
. if 0.50 <p < 0.72, the final deci-

sion is obtained by combining semantic clas-
sification with heuristic rules;

. if p < 0.50, heuristic rules are given
priority.

The decision thresholds were established
empirically in order to achieve a balance
between classification reliability and the
reduction of false-positive errors in hetero-
geneous CVs.

To improve contextual interpretation, the

system additionally employs a Named Entity
Recognition (NER) component based on
spaCy. This component functions as an aux-
iliary mechanism for identifying relevant
entities such as persons, organizations, or
professional positions, without representing
the primary decision-making mechanism.

Compared to traditional approaches based
exclusively on rules or fixed header identifi-
cation, the proposed architecture enables
more robust classification of CVs with in-
consistent layouts and improves generaliza-
tion capability across documents written in
different formats.

Machine Learning Models
The system employs three independent su-
pervised classifiers:

1. CV section classification;

2. professional experience entry detec-
tion;

3. educational domain estimation.

For CV section classification, a dataset con-
sisting of 360 manually labeled textual
fragments was constructed and distributed
across 9 relevant semantic categories (Expe-
rience, Education, Skills, Projects, etc.). For
educational domain classification, an addi-
tional dataset containing 270 labeled exam-
ples was used.

The training data were manually annotated
and designed to include variations in struc-
ture, language, and information organization
specific to real-world CVs.

Textual fragments were transformed into
semantic embeddings using the multilingual
paraphrase-multilingual-MiniLM-L12-v2
model from the SentenceTransformers li-
brary. The resulting vector representations
were standardized using StandardScaler and
used as input for Logistic Regression classi-
fiers. Model evaluation was performed using
an 80/20 train—test split.

The models are further integrated into a hy-
brid architecture that combines semantic
classification with heuristic rules and adap-
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tive contextual validation mechanisms in
order to increase stability when processing
semi-structured and non-uniformly format-
ted CVs.

Logistic Regression was selected due to its
high interpretability and stable behavior in
scenarios based on dense embeddings and
standardized vector representations.

The datasets contain task-specific textual
fragments:

. for section classification: textual
blocks labeled as Experience, Education,
Skills, Projects, etc.;

. for professional experience detection:
job titles, role descriptions, and fragments
associated with professional activities;

. for education classification: study
programs, diplomas, and specializations la-
beled according to domains such as tech-
nical, economic, or administrative fields.

Relevant Information Extraction
Professional Experience

Professional experience identification repre-
sents one of the most important components
of the system, as information associated with
professional activities is frequently written
in diverse CV structures and without stand-
ardized delimitations.

For each candidate textual fragment, the
system initially applies a semantic classifica-
tion model that estimates the probability that
the fragment represents a professional expe-
rience entry. Candidate blocks are selected
primarily from the Experience section. To
reduce dependence on the explicit structure
of the CV, in situations where this section is
absent or insufficiently populated, the sys-
tem activates adaptive recovery mechanisms
and extends the search to the Summary, Pro-
jects, and Other sections.

The model predictions are then validated
through contextual mechanisms designed to
identify indicators specific to professional
experience, such as occupational roles, tem-
poral intervals, or explicit durations.

This approach reduces false-positive classi-
fications and increases system stability

when processing non-uniformly formatted
CVs.

Total professional experience is estimated by
combining explicit durations and temporal
intervals automatically extracted from the
document. To avoid overestimation of pro-
fessional experience, the system applies an
overlapping interval merging mechanism.
Through this strategy, overlaps between
identified professional periods are eliminat-
ed, resulting in a more realistic estimation of
total experience.

Compared to approaches based exclusively
on fixed section identification, the proposed
mechanism enables more robust extraction
of professional experience from partially
structured CVs and incomplete documents.

Education

Educational information is extracted primari-
ly from the Education section, while in its
absence, the information is recovered using
semantic rules and linguistic markers specif-
ic to the academic domain.

To estimate the field of study, the system
employs a semantic classification model
based on multilingual embeddings. This ap-
proach enables the identification of differ-
ently formulated specializations with similar
semantic meanings.

Education levels (Bachelor’s, Master’s,
PhD) and educational institutions are identi-
fied using regular expressions and dedicated
lexical rules. In the case of universities, the
system applies additional cleaning and
deduplication stages to eliminate redundant
or incomplete variants of the detected insti-
tution names.

Educational compatibility is estimated based
on the probabilities generated by the seman-
tic model for the relevant domain and is later
integrated into the candidate’s final score.
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Skills and Semantic Matching
Skill identification employs a hybrid ap-
proach that combines exact matching, se-
mantic expansion, and embedding-based
contextual similarity.
Skills are extracted primarily from the Skills
section; however, the system can also identi-
fy relevant terms in other CV sections, such
as professional experience or personal pro-
jects.
For semantic similarity evaluation, the sys-
tem generates vector embeddings using the
multilingual SentenceTransformers model
and computes the cosine similarity between
the target skills and the textual fragments
extracted from the CV.
The semantic similarity is computed using
the cosine similarity coefficient:

A .
Sim(A, B) ATB]
Where A and B represent the embedding
vectors associated with the job requirements
and the CV fragments.
A skill is considered semantically identified
if the similarity score exceeds the empirical-
ly determined threshold of 0.58. This ap-
proach enables the detection of relevant
competencies even when they are expressed
indirectly or formulated differently from the
original job requirements.
By combining lexical matching with seman-
tic similarity, the system reduces dependen-
cy on exact wording and improves generali-
zation across differently structured CVs.

Target Job Matching

Relevance to the target job is evaluated by
combining exact matching, synonym-based
matching, and semantic similarity, using a
threshold of 0.56. The score is adjusted
through contextual bonuses when indicators
of real professional experience are identified
(for example, temporal intervals or organiza-
tion names).

Score Calculation and Final Classification
The candidate’s final score is calculated us-

ing a multicriteria mechanism based on the
weighted aggregation of the main evaluated
components:

Score = Sepp + Seau + Skw + Sjon
where:

. Sexp € [0,40] represents the profes-
sional experience score;

. Sedu € [0,15] represents the education
score;

. Sxw € [0,30] represents the skills
score;

. Sjob € [0,20] represents the target job

relevance score.

The theoretical maximum score is 105
points, since target job relevance is intro-
duced as an additional semantic validation
component.

After calculating the aggregated score, the
system applies adaptive adjustments: the
score is penalized when relevance to the
target job is low and may receive a bonus in
cases of strong semantic matching.

This stage reflects the logic implemented in
the code, where the total score is reduced if
target_job_score < 0.35 and increased if tar-
get_job_score >=0.70.

Final classification is performed through a
multicriteria heuristic mechanism that takes
into account:

. the total score;

. the degree of skill coverage;

. semantic relevance to the target job;

. the ratio between identified experi-

ence and required experience.
The final result assigns the candidate to one
of the following classes:

o suitable;
. partially suitable;
o unsuitable.

By employing multicriteria aggregation,
semantic similarity, and explainable rules,
the system achieves a high level of interpret-
ability and enables the justification of auto-
matically generated decisions.
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Results and Evaluation

To evaluate the proposed system, a test set
consisting of 120 manually labeled CVs was
constructed, evenly distributed across three
classes: UNSUITABLE, PARTIALLY
SUITABLE, and SUITABLE (40 examples
for each class). The CVs were collected from
synthetic sources and manually designed
examples intended to reflect variations in
structure, language, and professional experi-
ence commonly encountered in recruitment
processes. The dataset was intentionally de-
signed to maximize structural diversity and
semantic variability across CV formats.
Although the use of a synthetic dataset ena-
bles controlled class distribution and the
simulation of diverse recruitment scenarios,
extending the evaluation to a larger number
of real-world CVs could improve the sys-
the overall evaluation.

tem’s generalization capability.

The evaluation was performed by comparing
the proposed hybrid model with a baseline
approach based exclusively on heuristic
rules.

Evaluation Metrics

System performance was measured using the
following metrics: accuracy, balanced accu-
racy, precision, recall, and F1-score.

Macro F1-score was selected because it
treats each class equally and provides a more
relevant overview of performance in mul-
ticlass scenarios. Since the test set is bal-
anced, the values for accuracy and balanced
accuracy are identical. For the same reason,
Macro F1 and Weighted F1 values are very
similar, as each class contributes equally to

Table 3. Overall Performance of the Evaluated Systems

Model Accuracy | Balanced Accuracy | MacroF1 | Weighted
F1
Hybrid Model 0.792 0.792 0.763 0.763
Baseline (Rule-Based) 0.400 0.400 0.413 0.413

Table 3 highlights a significant performance
improvement achieved by the hybrid model.
Compared to the baseline approach, the pro-
posed model obtains an increase of 39.2 per-
centage points in accuracy and approximate-
ly 35 percentage points in Macro Fl1-score.
This result confirms that the integration of
section classification, semantic similarity,
and heuristic rules produces a more robust
CV evaluation process than an approach
based exclusively on rules.

The performance improvement of the hybrid
model is mainly driven by the integration of
contextual semantic representations and
adaptive classification mechanisms. Embed-
ding-based semantic similarity enables the
identification of relationships between can-
didate skills and job requirements even in
the presence of lexical or structural varia-
tions across CVs.

Class-Level Performance

For a more detailed analysis, Table 4 pre-
sents the precision, recall, and F1-score val-
ues for each class in the case of the hybrid
model.

Table 4. Class-Level Performance of the
Hybrid Model

Class Precision | Recall | F1-
score

UNSUITABLE | 0.755 1.000 | 0.860

PARTIALLY | 1.000 0.400 |0.571
SUITABLE

SUITABLE 0.765 0.975 | 0.857

Table 4 shows that the hybrid model
achieves the best results for the extreme
classes, UNSUITABLE and SUITABLE.
For the UNSUITABLE class, the recall val-
ue of 1.000 indicates that all examples in this
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category were correctly identified. Similarly,
the SUITABLE class is recognized very ef-
fectively, with a recall of 0.975 and an F1-
score of 0.857.

The most challenging class is PARTIALLY
SUITABLE, for which the model achieves a
recall of only 0.400, although precision
reaches 1.000. This result indicates that the
model is conservative when assigning this
label: whenever it predicts the PARTIALLY
SUITABLE class, the prediction is correct,
but a significant number of intermediate ex-
amples are classified into the extreme cate-
gories.

This behavior is understandable, as this class
contains ambiguous profiles positioned at
the boundary between unsuitable and suita-
ble candidates. The results suggest that dis-
tinguishing between partially suitable and
fully suitable candidates represents a more
complex semantic problem than the classifi-
cation of clear extreme cases.

Confusion Matrix Analysis

For a more detailed analysis of the perfor-
mance of the evaluated systems, confusion
matrices were constructed for both the hy-
brid model and the rule-based baseline ap-
proach.

Confusion Matrix - Hybrid Model

40 o o

12 16 12

Actual
PARTIALLY SUITABLE  UNSUITABLE

1 o}

SUITABLE

UNSUITABLE PARTIALLY SUITABLE SUITABLE
Predicted

Figure 3. Confusion Matrix for the Hybrid
Model

Confusion Matrix - Baseline

Actual
PARTIALLY SUITABLE  UNSUITABLE

SUITABLE

'
UNSUITABLE PARTIALLY SUITABLE SUITABLE
Predicted

Figure 4. Confusion Matrix for the Baseline
Model

Figures 3 and 4 highlight significant differ-
ences between the performance of the hybrid
model and that of the rule-based baseline.
The hybrid model achieves very strong re-
sults for clear cases: it perfectly classifies all
UNSUITABLE examples (40 out of 40) and
almost all SUITABLE examples (39 out of
40). Most difficulties occur for the PAR-
TIALLY SUITABLE class, where only 16
out of 40 examples are correctly classified,
while the remaining samples are evenly dis-
tributed between the extreme classes (12
classified as UNSUITABLE and 12 as
SUITABLE).

These results indicate that the model handles
obvious cases effectively but encounters
difficulties in intermediate scenarios.

In contrast, the rule-based baseline demon-
strates considerably weaker performance,
with numerous confusions between classes
and a lower number of correct classifica-
tions. For example, for the SUITABLE
class, the baseline correctly classifies only
16 out of 40 examples, while for the PAR-
TIALLY SUITABLE class only 10 out of 40
examples are correctly identified. The results
confirm that simple rules and keyword-
matching approaches are insufficient for
capturing the complexity of information con-
tained in CVs.
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Classification Error Analysis

The most frequent classification errors oc-
curred for CVs belonging to the PARTIAL-
LY SUITABLE class, where the distinction
between relevant and irrelevant skills is less
clearly defined.

In certain cases, CVs containing general
skills semantically similar to job require-
ments received higher scores than warranted
by the actual relevance of the candidate’s
professional experience.

Additionally, certain very short CVs or doc-
uments written in highly non-uniform struc-
tures reduced the performance of the seg-
mentation and section classification mecha-
nisms. These results highlight the need for
additional normalization mechanisms and for
extending the dataset to cover a wider varie-
ty of scenarios.

Conclusions

The developed system demonstrates that the
integration of multiple methodological ap-
proaches can lead to more efficient CV anal-
ysis, overcoming the limitations of purely
rule-based systems. Experimental results
indicate a strong capability to distinguish
clear cases, as well as a significant im-
provement in overall performance.

An important aspect of the proposed solution
is the way in which relevant information
extracted from the document is combined,
enabling a structured evaluation based on
criteria such as professional experience, edu-
cation, and skills.

In addition, the scoring mechanism contrib-
utes to the transparency of the final decision,
facilitating the understanding of how candi-
dates are classified.

The detailed analysis highlights that the
main difficulties arise in the case of interme-
diate profiles, where the boundaries between
classes are less clearly defined. These situa-
tions reflect the complexity of real-world
recruitment processes and indicate the need
for additional methods to refine decision-
making in ambiguous cases.

As future work, extending the dataset and
including more diverse examples, together
with the exploration of more advanced mod-
els for capturing semantic relationships, may
contribute to improving performance and
increasing generalization capability.

The system can be integrated into human
resource software applications for automat-
ing pre-screening and preliminary candidate
evaluation processes, contributing to reduced
analysis time and increased consistency in
recruitment workflows. Furthermore, inte-
grating the system into a broader application
environment could more clearly demonstrate
its usefulness in real-world recruitment sce-
narios.
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Nowadays, the selection of the implementation infrastructure is an important decision from
an operational point of view for any organization that uses machine learning in production, this
directly influencing the cost, response time and system scalability. With the support of a public
dataset which contains both fake and true news, this paper proposes a benchmarking flow, re-
producible and auditable, structured as a comparison between ten machine learning algorithms
from the three types of learning: supervised learning, unsupervised learning and reinforcement
learning. These algorithms were identically deployed in containerized infrastructure and were
selected to represent three levels of complexity interpretation: classic linear models, non-linear
models and neural networks, and for reinforcement learning, it was used the idea of tabular con-
trol versus approximation through neural network. All algorithms were implemented in Python
using scikit-learn and TensorFlow for data processing and for their containerization and orches-
tration, Docker and Kubernetes were used. The ten algorithms were experimentally compared in
five different seeds on a local environment, with the help of the Docker containers and a Kuber-
netes cluster, managed in cloud with Azure Kubernetes Services. The results show that the main
factors influencing the calculation cost of an algorithm are represented by its internal mechanism
(simple table versus complex neural network) and the execution environment (local, Docker or
Kubernetes), these proving to be more relevant than the learning type to which the algorithm
belongs. A comparison of execution environments highlights a significant increase in execution
time per run, from the local environment to the cloud cluster. This difference reflects a combina-
tion of factors such as different hardware, the simultaneous execution of multiple tasks on AKS,
and orchestration costs; these factors cannot be completely separated within the current experi-
mental design and are presented and discussed in this paper.

Keywords: machine learning benchmarking, Docker, Kubernetes, cloud computing, reinforce-
ment learning

Introduction

The container-based solutions, espe-
cially Docker, and in combination with
the Kubernetes orchestration platforms,
have become a standard without which
the machine learning tasks cannot be im-
plemented in the cloud environments.
Containers offer reproducibility, portabil-
ity between heterogeneous infrastructures
and simplified management of dependen-
cies. These are very important and valua-
ble in the data science research, where
experiments must be resumed on hard-

ware, operating systems and different cloud
suppliers [1], [2].

In the specialty literature, there is re-
search about the containerization of certain
individual work flows, with the help of ma-
chine learning or about Kubernetes optimi-
zation with the help of the machine learning
techniques, especially reinforcement learn-
ing, applied for the planning of the cluster
resources [3], but there are few empirical
studies which directly compared the manner
in which various algorithms from the three
types of learning: supervised, unsupervised
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and reinforcement learning, behave when
they are identically implemented in a
containerized infrastructure.  Because
each learning type presents different
computing features: supervised learning
uses classification based on selected la-
bels, unsupervised learning groups data
in clusters, based on similarity or density
calculations, and the reinforcement learn-
ing involves sequential interaction, with
state, with an environment, often com-
bined with approximation with the help
of neural networks in more advanced
variants, as Deep Q-Networks (DQN),
the agent learning from rewards [4].
Therefore, these differences suggest that
the infrastructure overhead, the resource
consumption and the scaling behavior,
may substantially vary not only between
individual algorithms, but also between
the learning types. In this paper, it is pre-
sented a comparative performance analy-
sis for ten machine learning algorithms,
distributed as follows: four supervised
learning algorithms Support Vector Ma-
chine (SVM), Random Forest, Logistic
Regression and a convolutional neural
network inspired from the architecture of
the algorithm DeepText, used by Face-
book, two unsupervised learning algo-
rithms, K-Means and DBSCAN, and, last
but not least, there were assessed four
variants of reinforcement learning SAR-
SA and DQN, each being assessed both
native as well as reformulated as “contex-
tual bandit”, with a single step, to provide
compatibility directly on a common clas-
sification task. These algorithms were run
in identical Docker containers and or-
chestrated with the help of Kubernetes,
initially on a local cluster, Minikube, and
subsequently on a cloud cluster managed
by Azure Kubernetes Service.

In this paper, three important aspects
were considered, which can represent a
starting point for future research in the
sense of containerization with Docker,

Kubernetes and cloud. Therefore, it was
established an empirical benchmark with
different seeds for the ten algorithms as-
sessed from the point of view of accuracy,
training time, CPU use and memory con-
sumption. These were done with the help of
a container stratified architecture and their
orchestration including secured Docker im-
ages and Kubernetes Indexed Jobs for the
parallel execution of the five seeds, in order
to be a reproducible benchmark. Last but not
least, this paper presents a quantified analy-
sis of differences in execution times across
various infrastructure layers, ranging from
the local virtual environment to the contain-
erized and orchestrated cloud environment,
explicitly showing that the effects of hard-
ware, concurrency, and orchestration could
not be completely separated within the scope
of this study (see Section 7.1), and provides
practical guidance for resource allocation
when containerizing heterogeneous machine
learning tasks. Overall, this paper contrib-
utes to the decision-making process regard-
ing both the infrastructure a company can
use to run algorithms from different types of
machine learning and the choice of a ma-
chine learning method based on expected
performance.

2 Literature review

In the current research regarding con-
tainerization for machine learning, it can be
noticed a focus on treating Docker contain-
ers as a solution for the experimental repro-
ducibility issue. In the paper [1], the authors
largely discuss the reproducibility idea for
machine learning and propose, as a solution,
the containerization as a mechanism capable
of encapsulating in a single package the
code, software dependencies and the execu-
tion environment of an experiment, proving
these through a dedicated platform of repli-
cation of the machine learning models, on a
large scale. Although it is a paper about con-
tainerization, it does not empirically com-
pare the resource behavior of certain learn-
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ing algorithms from various learning
types inside the containerized infrastruc-
ture. The authors of [5] propose a scala-
ble benchmarking platform for deep
learning models, but this, too, does not
extend the comparison to different types
of learning.

A second research direction encoun-
tered in the papers published on this top-
ic, is the one of applying reinforcement
learning techniques for the optimization
of Kubernetes itself. In paper [3], the
authors propose a planning algorithm of
the pods for Kubernetes clusters used in
edge computing environments, based on
proximal policy optimization, therefore
proving a significant reduction of the
average response time, compared to the
implicit scheduler of the Kubernetes or-
chestrator. A similar approach is also
proposed in [6], where the authors pro-
pose a customized Kubernetes scheduler,
based on a neural network trained to pre-
dict the planning times. Thus, in these
papers, reinforcement learning is the in-
frastructure optimization means, and it is
not used as a comparison component [7],
[8]. Therefore, this paper brings novelty
by comparing the algorithms, including
the ones of reinforcement learning type,
with the algorithms of the other learning
types.

With respect to the comparison of the
algorithms assessed in this paper, the
comparison of the supervised learning
methods to detect fake news, was the
subject of several independent studies. In
paper [9], we have compared four super-
vised learning algorithms on the same
dataset used also in this paper for fake
news detection, but this paper represents
a continuation of the research by compar-
ing several learning types and their con-
tainerization in the local virtual environ-
ment, as well as in the cloud environ-
ment; thus, this study does not reuse any
results, text, or figures from [9].

In paper [10], the authors compare the
performance of algorithms SVM, Naive
Bayes, Random Forest and Logistic Regres-
sion on several datasets for the detection of
disinformation, obtaining an accuracy of up
to 97% with SVM on one of the tested da-
tasets. Also, the authors of paper [11], pre-
sented the Deep Q-Network (DQN) algo-
rithm, the reinforcement learning algorithm
used in this paper within the comparisons
performed. They proved for the first time the
capacity of a neural network to reach per-
formances comparable to the human ones,
on a wide range of sequential control tasks.

There is research on the machine learn-
ing algorithm benchmarking, both regarding
the comparison made between the classifica-
tion methods algorithms as well as regarding
the infrastructure optimization through rein-
forcement learning, but this research tends
to treat the topics separately. Therefore, this
paper extends the analysis of the classifica-
tion methods comparison to the three learn-
ing types and, also, containerization is used
as measurement object within the research,
and not as an optimization target. A related
conceptual direction is proposed in paper
[12], which introduces a Docker and Kuber-
netes containerization theoretical architec-
ture for the integration of the machine learn-
ing algorithms in educational platforms,
covering all three learning types, but without
experimental validation of the resources’
behavior. This paper completes this theoreti-
cal framework through an empirical study,
with concrete performance measurements
and infrastructure overhead; [12] contains
no experimental results, so there is no over-
lap between the two papers.

3 Methodology

For this paper, the observation method-
ology was used to select the dataset for algo-
rithm testing and their containerization. It
was also used the experimental methodology
to test algorithms and to create containerized
infrastructure in local environment, as well
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as in cloud. Therefore, the objective of
the research is to empirically measure the
behavior of the machine learning algo-
rithms from different paradigms: super-
vised learning, unsupervised learning and
reinforcement learning, when they are
identically run in containerized infra-
structure with Docker and Kubernetes or
in a cloud environment. And, in the end,
to be able to see what influences the most
their infrastructure cost: time, CPU or
memory.

The dataset is a public one, taken
from the Kaggle platform, with the title
,,Fake and Real News Dataset”. It con-
tains 44,898 press articles, binary labeled,
with 1 the true ones and with O the fake
ones. Each article contains a title, the text
of the news, subject and publishing date.
The text processing consisted of the pre-
processing stage, through the conversion
of the letters from uppercase to lowercase,
the removal of URLs and punctuation
marks, and, subsequently, the representa-
tion of the vectorial text with TF-IDF, for
classical algorithms. For DeepText, train-
able tokenization and embedding were
used.

For each algorithm, the datasets for
training and testing were obtained by
dividing the existing dataset as follows:
80% for training and 20% for testing. All
these data were divided using five pre-
selected, fixed seed values, and this de-
termined the initialization of the model’s
parameters, the sampling order and the
initialization of the simulation environ-
ment for the reinforcement learning algo-
rithms. The values of the seeds were
identical for all trained and tested algo-
rithms, the values of these seeds being:
42, 123, 2024, 7 and 99. Also, it can be
noticed that a single seed controls, at the
same time, several things: the way the
data is split into training and testing, the
way the model's parameters are initialized,
the order in which the data is used for

training and, for the reinforcement learning
algorithms, the way the simulation environ-
ment starts. This means that the standard
deviation reported across the five seeds re-
flects, at the same time, all these sources of
variation, and not each one separately, and
this was not an aspect that the present re-
search aimed to separate. They helped to
obtain an estimated average and a standard
deviation for all metrics considered within
the algorithm testing process. In order to
compare algorithms, we used metrics as:
accuracy, precision, F1 score and AUC (Ar-
ea Under the Curve). There were also used
the standard metrics, used for the assessment
of the clustering algorithms, such as: Sil-
houette, which measures how good the
found clusters are formed, and ARI (Adjust-
ed Rand Index) which measures the extent
of the overlapping of the clusters found by
the algorithm with the known real labels. It
uses real labels, but only for testing, not for
training. And, last but not least, execution
time, CPU usage, and memory usage are
used as comparison metrics, measured using
a custom monitor built on the Python psutil
library, which samples the CPU usage per-
centage and the RSS (Resident Set Size) of
the training process every 0.5 seconds in a
background thread, reporting the average
and peak values used throughout this study.
In Table 1, the hyperparameters used for the
ten algorithms evaluated within this research
can be noticed, and, also, the sampling in-
strument and the interval used for the CPU
and memory measurements, described in
section 3, are presented.

Table 1. Algorithm configuration and hy-
erparameters

Algorithm | Key Hyperparameters
Text vector- | unigrams + bigrams,

ization (TF- | max_features = 20,000
IDF)
SVM LinearSVC, C = 1.0,

max_iter = 5000, Platt-
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scaled via 3-fold CV monitoring | the Python psutil library,
Random n_estimators = 300, instrument | sampling interval = 0.5
Forest max_depth = None, seconds
n_jobs=-1 Also, in order to support the reproduci-
Logistic solver = Ibfgs, C = 1.0, bility of the results presented in this paper,
Regression | max_iter = 2000 the source code, the Dockerfiles and the
DeepText embedding dim = 128; 3 Kubernetes manifests used within this re-
(CNN) parallel Conv1D branches search are publicly available at [link
(kernel sizes 3, 4, 5; 100 GitHub].
filters each); dropout =
0.5; dense = 64; epochs = 4 Presentation of algorithms
3; batch size = 64; Adam For algorithm selection, two criteria
optimizer; vocab = were considered. First of all, each learning
20,000; sequence length = type: supervised, unsupervised and rein-
200 forcement learning had to be represented,
K-Means n_clusters = 2, n_init = including both classical methods and meth-
10; TF-IDF reduced to ods based on deep learning. The second se-
100 dimensions via Trun- lection criterion was represented by the di-
catedSVD versity of the usage profiles of the relevant
DBSCAN eps = 0.3, min_samples = resources, to assess the containerized infra-
10; TF-IDF reduced to 50 structure behavior under heterogeneous
dimensions via Truncat- tasks.
edSVD
SARSA alpha = 0.1, gamma = 4.1 Supervised algorithms
(native) 0.99, epsilon 1.0—0.01 Within the research, four supervised
(decay 0.9995), 5000 epi- learning algorithms were selected, from
sodes, FrozenLake-v1 which three are classic algorithms used for
(is_slippery = True) data classification. SVM (Support Vector
DON (na- gamma = 0.99, Ir = 1e-3, Machine) uses a hyperplane that separates
tive) batch = 64, replay buffer the fake articles from the real ones as well as
= 20,000, epsilon possible. The algorithm identifies the deci-
1.0—0.01 (decay 0.995), sion boundary that maximizes the margin
target-network update between the two classes [13]. Random For-
every 10 episodes, 300 est, within the research paper, builds 300
episodes, CartPole-v1 decision trees, each one being trained on a
SARSA state = K-Means cluster id different selection of data and features, and,
(bandit) (100 clusters) on a 50-dim then, the final decision is the one chosen by
SVD representation; alpha the majority of trees [14]. Logistic Regres-
=0.2; 3 epochs over the sion uses a mathematical function that helps
training set to transform the text into a probability for
DON (ban- | state = 100-dim SVD vec- the news to be fake or real [15]. And the
dit) tor; single-step return fourth algorithm is DeepText which repre-
(gamma = 0); Ir = 1e-3; sents a neural network, which can automati-
batch = 64; 2 epochs over cally learn the features from the text. This
the training set type of algorithm learns patterns and rela-
Resource Custom monitor based on tions between words and their representation

during the training process, and, therefore, it
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IS not necessary, as in the case of the
classical algorithms, to define in an ex-
plicit manner certain rules to be able to
differentiate the fake news from the real
ones.

4.2 Unsupervised algorithms

This paper tested two unsupervised
algorithms widely recognized in the aca-
demic research as effective for text clus-
tering: K-Means [16], which groups arti-
cles in two clusters based on the similari-
ty of their vectorized text, without previ-
ously knowing which news is fake and
which is true. The second algorithm is
called DBSCAN [17], which also groups
similar articles. This algorithm lets the
number of clusters be determined auto-
matically and can mark certain news as
not belonging to any existing cluster.

4.3 Reinforcement learning algorithms
In this research, we used two rein-
forcement learning algorithms, SARSA
and DQN, which are among the best
known in the literature. To enable a direct
comparison of accuracy, precision, and
recall with classification algorithms, we
reformulated SARSA [18] and DQN [11]
as single-step contextual bandits, applied
to the task of classifying news as fake or
real, using the same reward and penalty
logic: the agent selects a label for each
article and receives a reward if it correct-
ly predicts whether the news is fake or
real. In the case of SARSA (bandit), the
state observed by the agent is the identifi-
er of a K-Means cluster (100 clusters)
calculated based on a 50-dimensional
SVD-reduced representation of the article,
rather than based on the full text repre-
sentation of the article. This discretization
IS necessary because SARSA relies on a
tabular representation of Q-values, which
cannot directly index a continuous, high-
dimensional state space. DQN (bandit)
uses a neural network instead of a table to

approximate the Q-values, which allows it to
take as its state the full text representation,
reduced via SVD to 100 dimensions, with-
out discretizing it into clusters.

To correctly assess the reinforcement
learning algorithms on their canonical tasks
as well, allowing a fair comparison of con-
tainerization behavior, we also implemented
both algorithms in their native environments.
SARSA was trained on FrozenLake, where
the agent learns, through trial and error, to
cross a virtual frozen lake without falling
into holes, receiving a reward or penalty at
every step. The second algorithm, DQN,
was trained on CartPole, using a neural net-
work instead of a simple table, to learn how
to keep a pole balanced on a cart, a task with
a continuous state space, more complex than
the discrete FrozenLake environment on
which SARSA was tested.

5 Containerized infrastructure

For each algorithm category, a dedicat-
ed Docker image was created, built with the
help of python:3.11-slim image and secured
by defining a dedicated, non-root user.
These Docker images were orchestrated
with the help of Kubernetes, using Job type
resources, in which data shared through per-
sistent volumes were used. In order for it to
be run in parallel, each repetition for each
algorithm, it was used the Kubernetes native
mechanism, of Indexed Job type, which
helped the automatic mapping of the com-
pletion index to one of the five pre-selected,
fixed seed values. It was also implemented a
final job, with the help of an initialization
container, which interrogates the status of
the other jobs through an API of the Kuber-
netes orchestrator, and when all other jobs,
related to the Docker images of the super-
vised, unsupervised and reinforcement
learning were finalized, it is triggered to
start the aggregation and generation stage of
the diagrams obtained following the running
of the learning algorithms.

These experiments were executed pro-
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gressively, in four testing environments:
a virtual local environment Python, sub-
sequently we have containerized the algo-
rithms with the help of Docker Desktop
on the same hardware and, subsequently,
we have orchestrated with Kubernetes,
initially on a local cluster with a single
Minikube node, 2vCPU with 6 GB RAM
allocated, and, subsequently, we ran on a
cluster managed by Azure Kubernetes
Service (AKS) with two Stand-
ard_D4s_v3 type nodes, with a 4 vCPU

processor and 16 GB RAM for each node.

For everything to operate well in cloud,
we selected the West Europe region for
resources and we used the student sub-
scription to test the algorithms and con-
tainers.

6 Results and discussions

The results of this research are presented in
this section with the help of standard devia-
tion and average, for the five independent
repetitions obtained with the help of the par-
allel execution on Azure Kubernetes Service,
described in the previous section.

6.1 Performance of the classification algo-
rithms

In Table 2 there are presented the classi-
fication metrics of the six algorithms as-
sessed on the dataset for the detection of
fake news for the five repetitions with dif-
ferent seeds.

Table 2. Metrics of the classification algorithms

Algorithm Accuracy (%) | Precision (%) | Recall (%) | F1 score (%) AUC (%)
SVM 99.63+0.04 | 99.64+£0.08 | 99.59+0.07 | 99.62+0.04 | 99.98+0.01
Random Forest | 99.78 +0.05 | 99.77+£0.08 | 99.77+£0.14 | 99.77+0.06 | 99.99+0.01
Logistic Regres- | 99.07+£0.08 | 98.87 £0.09 | 99.19+0.13 | 99.03+0.08 | 99.91+0.01

sion
DeepText 99.86 £ 0.02 | 99.90+0.02 | 99.80+0.04 | 99.85+0.02 | 100.00 + 0.00
(CNN)

SARSA (bandit) | 86.68+0.32 | 84.61+1.16 | 88.14+1.33 | 86.33+0.30 | 92.82+0.36
DON (bandit) | 98.71+0.13 | 98.93+0.23 | 98.36+0.39 | 98.64+0.14 | 99.72+0.04

It can be noticed that DeepText ob-
tained the best accuracy of all algorithms
99.86%, as well as the highest AUC
100.00% =+ 0.00%, this algorithm being
followed at a very small difference by
algorithm Random Forest which obtained
99.78% and the following one was SVM
99.63%. It is notable that the Logistic
Regression algorithm, which is the sim-
plest linear model from the ones assessed,
remains competitive, with a score of
99.07%, only 0.56 percentage points be-
low SVM. From the two reinforcement
learning models of bandit type, DQN
algorithm obtained the accuracy of
98.71%, a performance close to the one
of Logistic Regression algorithm, while

SARSA obtains a pretty low score compared
to the rest of the assessed algorithms,
86.68%, with a difference of about 12.4 per-
centages attributed to the discretization of
the state in only 100 clusters K-Means, as
described in Section 4.3. As can be noticed,
the standard deviation obtained small per-
centages for all algorithms, below 0.15 per-
centages for most metrics, with the excep-
tion of the SARSA algorithm, which ob-
tained the highest standard deviation for
precision and recall compared to the other
algorithms, 1.16 and 1.33 percentages, and
this aspect indicates stability for the results
of the five seeds. It can also be noticed that
the accuracies close to the maximum ob-
tained by the assessed algorithms are con-
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sistent with a well-known property of this
type of dataset, where the true news arti-
cles often carry systematic surface ele-
ments, such as the source or the format-
ting used, which make the two classes
easier to separate, and, therefore, the re-
sults obtained should not be assumed to
remain the same on other, less easily sep-
arable, fake news datasets. For a more
visual representation of the results, these
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can be seen in Figure 1.
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In Figure 2 the ROC curves are pre-
sented for the six classification algo-
rithms. These are obtained from a repre-
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sentative run, seed 42, together with the av-
erage AUC value on the five repetitions
used in the algorithm comparison. It can also
be noticed that five algorithms out of the six
trained algorithms have almost identical
curves, clustered to the upper left corner of
the graph, this suggesting the idea that the
separation of the fake news from the real
ones is almost perfect, a fact confirmed by
the AUC values which are close to 1. SAR-
SA algorithm is the only one whose curve
visibly moves away from this corner, having
a more rounded shape and closer to the dot-
ted diagonal line, which represents the per-
formance of a random classifier. This is also
confirmed by the low AUC, 0.928, with a
lower accuracy, from Table 2. But, also in
this case, it can be noticed that the curve
remains above the diagonal, which indicates
that the algorithm learned a real structure
from the data, but with a lower discrimina-
tive performance compared to the other al-
gorithms.
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6.2 Clustering algorithms performance

Both clustering algorithms, K-Means
and DBSCAN tested, produce values of
the Rand index, adjusted close to zero. As
can be noticed in Table 3, K-Means ob-
tains 0.0237 and DBSCAN obtains -
0.0007, with a significant low standard
deviation. Therefore, it is confirmed that
the unsupervised clustering, applied di-
rectly on the lexical representation of the
text, does not differentiate between fake
and real, even if it was trained on five
different seeds. This is also confirmed by
the Normalized Mutual Information val-
ues, 0.0162 for K-Means and 0.0081 for
DBSCAN, both close to zero. Also, the
low silhouette score of K-Means, 0.0565,
indicates once more that this type of un-
supervised learning creates clusters weak-
ly separated or less compact, this being
consistent with its inability to differenti-
ate fake news from real ones. In contrast,
DBSCAN obtains a considerably higher
silhouette score, 0.4967, indicating that it
forms well-separated and compact clus-
ters; however, this does not translate into
a better differentiation between fake and
real news, as shown by the near-zero
Rand index, this suggesting that
DBSCAN finds a genuine structure in the
text, but one which does not correspond
to the fake and real news labels.

Table 3. Metrics for clustering

Algorithm | Silhouette | ARI NMI

K-Means | 0.0565 =+ | 0.0237 | 0.0162
0.0001 + *

0.0010 | 0.0007
DBSCAN | 0.4967 =+ | —0.0007 | 0.0081
0.0001 + +

0.0000 | 0.0000

6.3 Performance of the reinforcement
learning algorithms

Additionally to the reinforcement learn-
ing algorithms transformed in classification
and applied to the text with news, these two
reinforcement learning algorithms were im-
plemented also in native environment.
Therefore, as can be seen in Table 4, DQN,
in the CartPole environment reached an av-
erage reward of 111.89 on the last 50 epi-
sodes, a result that is under the maximum
theoretical level of 500 of the CartPole-v1
environment, in this case the episode auto-
matically stops if the stick remains in bal-
ance for 500 steps. But it can be said that the
result is above the minimum possible level,
with a partial learning, not completely con-
vergent, at a number of 300 episodes. SAR-
SA algorithm reached a success rate of
38.16% for the last 500 episodes, in the Fro-
zenLake environment, the result being be-
low the threshold of 70%, which represents
the reward level at which this environment
is considered solved, according to the Gym-
nasium registry, this indicating a partial,
non-convergent learning within the 5000
training episodes used. Table 4 also shows
the total average reward for the entire train-
ing, of 0.1664 for SARSA and 63.54 for
DQN, both values being lower than the ones
calculated only for the last episodes.

Table 4. Performance of SARSA and DOQN on native environments

Algorithm | Environment Main metrics Total average reward
SARSA FrozenLake Success rate (the last 500 ep.) 0.1664 + 0.007
38.16% + 3.09%
DON CartPole Average reward (the last 50 ep.) 111.89 + 63.54 £ 12.98

40.71

6.4 Container performance assessment
In Table 5a, it can be noticed the

training time, average and standard devia-
tion for the five repetitions applied for the
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eight text-classification algorithms; Table
5b presents the same metrics for the na-
tive SARSA and DQN algorithms, which
are not directly comparable to Table 5a,
since they are trained on small-scale con-
trol environments, unrelated in size and
nature to the 44,898-document classifica-
tion task. The native SARSA algorithm
was the fastest, with only 10.29 +1.29
seconds and DQN bandit, the one trans-
formed in classification, obtained a time
of 9578.07 + 751.52 seconds, a signifi-
cantly high difference from the running
time point of view. SVM, Logistic Re-
gression and DBSCAN are grouped in an
interval relatively close to 227-313 sec-
onds, but Random Forest obtained a run-
ning time of 84558 seconds, and
DeepText obtained 786.32 seconds, this
being the fourth highest time used by
algorithms for running, after DQN bandit,
native DQN and Random Forest. And the
native DQN obtained a time of 6297.66
seconds and DQN bandit obtained
9578.07 seconds, these two algorithms
confirming that the approximation mech-
anism with the help of the neural net-
works and combined with training at eve-
ry step represents the most expensive
computation model from all assessed
algorithms.

Also, in Table 5a and Table 5b, it can
be noticed the average and maximum use
of the processor, as well as the maximum
consumption of memory for all algo-
rithms trained in the research. Therefore,
the highest memory consumption was
registered by algorithm DBSCAN
3293.40 = 22.67 MB, almost double
compared to the following algorithm,
DQON bandit, which obtained 1733.36 +
69.08 MB. This consumption is a conse-
qguence of the vicinity calculation, per-
formed by the algorithm for each pair of
points in the dataset. The most reduced

memory consumption and also the CPU
consumption is obtained by SARSA native,
this proving the simplicity of the tabular
representation without having dependencies
of text representation. DeepText and DQN
bandit present a similar pattern of CPU use,
using 99.81%, respectively 99.74% average
CPU, because of the sequential nature of the
neural networks training with the help of
TensorFlow in the case of this experiment;
DeepText's high standard deviation for this
metric, +47.45 percentages, is also notable,
and possibly related to the same node con-
tention discussed below for Logistic Regres-
sion. Random Forest has a moderate average
consumption 75.85% of CPU, but the max-
imum CPU consumption is high, 187.16%,
which proves a pattern of use in stages, be-
cause of the blocking on several nuclei and
activated only in certain training stages. Lo-
gistic Regression has a mean maximum
CPU of 561.46%, with a standard deviation,
1082.34 percentages, that exceeds this mean,
and this situation can be considered an iso-
lated peak of CPU usage, probably caused
by temporary contention on the shared cloud
node and not by a structural property of the
algorithm.

Based on the image on the whole of the
results in Table 5a, it can be said that the
training time and the resource consumption
are not always correlated, for instance algo-
rithm DBSCAN has a moderate training
time of 227.35 seconds, but reached the
highest memory consumption of all algo-
rithms, and, on the opposite side, the algo-
rithm DQN bandit has the highest training
time, but the memory consumption is only
30% above the one of the classification al-
gorithms. These results indicate that the time
and resource consumption, as memory and
CPU, must be separately assessed, to deter-
mine the infrastructure cost.
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Table 5a. Use of resources and execution time of algorithms

Algorithm Average | Maximum CPU Maximum Training time (s)
CPU (%) (%) memory (MB)
SVM 47.76 £3.86 | 81.58 +5.55 1420.52 +53.96 | 313.03 +24.56

Random Forest |75.85 +23.52| 187.16 £ 25.45 | 1399.38 + 70.68 | 845.58 + 230.14
Logistic Regres- | 45.33 + 2.34 | 561.46 + 1082.34 | 1409.00 £ 38.64 | 256.72 + 20.21
sion
DeepText (CNN) [99.81 +47.45| 214.32 +51.58 | 1220.73 +4.63 | 786.32+397.47
SARSA (bandit) |53.32+6.48 | 87.12+12.81 | 1384.07 +66.44 | 359.53 +43.83
DQN (bandit) 99.74 +£3.04 | 230.20+90.47 | 1733.36 +69.08 | 9578.07 + 751.52
K-Means 52.60 + 8.10 82.16 £ 8.91 1678.64 +48.02 | 367.71+42.73
DBSCAN 82.37+2.40| 137.14+18.50 | 3293.40+22.67 | 227.35+2491

Table 5b. Use of resources and execution time of native reinforcement learning algorithms
Algorithm Average | Maximum CPU Maximum Training time (s)
CPU (%) (%) memory (MB)
SARSA (native) | 34.19+3.78 | 46.52+7.53 133.97 £ 0.20 10.29 +1.29
DOQN (native) |97.73+4.66 | 115.42+1.65 | 937.80+78.82 |6297.66 + 1578.61

In Figure 3, it can be noticed the memory resources consumed during algo-
graphical representation of the CPU and rithm running assessed for this research.

BN Supervised learning WM Unsupervised learning M8 Reinforcement learning (native + bandit)

CPU utilization Memory consumption

3000 A

2500 A

[
o
(=3
=1

peak memery (MB)
=
wu
=}
o

mean CPU usage (%)

1000

500 A

Fig. 3. CPU and memory usage

In Figure 4 it is represented the run- after being containerized with Docker and
ning time of the algorithms tested within Kubernetes and trained on Azure Kuber-
the research, in order to observe the dif- netes Service.

ferences between algorithms more easily,
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Fig. 4. Algorithm running time

In Table 6 it can be seen a compari-
son of the execution time for five repre-
sentative algorithms, ran in four succes-
sive testing environments. The first envi-
ronment is virtual, Python, locally named
venv, subsequently the algorithms were
run after being containerized with Dock-
er, but without orchestration. Subsequent-
ly, the algorithms were run with the Ku-
bernetes orchestrator, on local cluster
with a single node Minikube, and, finally,
they were run with Kubernetes on the
cloud cluster from Azure, with five dif-
ferent seeds for each algorithm. From the
table it can be noticed that execution time
increased progressively from venv to
Docker, and then to Kubernetes locally
and, finally, to Kubernetes cloud, for
most algorithms; however, this compari-
son combines several factors that this
study cannot fully separate, since the Az-
ure measurements were obtained on dif-
ferent hardware than the local ones, and
under concurrent execution, with several
parallel repetitions sharing the same clus-
ter resources. The most visible is at
SARSA native algorithm, which was the
fastest algorithm in this study: it started
from a time of 1.02 seconds on venv,
remained practically unchanged at 1.01
seconds in Docker, subsequently increas-
ing to 7.00 seconds on Minikube, and,
finally, in cloud reaching 10.29 seconds
on average. This accentuated increase for

this algorithm, in which case, normally, the
execution time is not higher than 2 seconds,
indicates that the overhead comes from the
orchestration costs which contain the pod
planning, container starting, attachment of
the network volumes, this being at least as
plausible an explanation as resource conten-
tion on the shared cloud nodes, discussed in
Section 6.4 for Logistic Regression and
DeepText. And for the algorithms with
longer execution time, SVM, K-Means,
DBSCAN, SARSA bandit, the overhead
introduced by Docker is moderate, reaching
about 40% at K-Means, while for SARSA
native the difference between venv and
Docker remains within measurement noise,
while passing to Kubernetes cloud multi-
plies the execution time compared to the
local running. K-Means is a notable excep-
tion, being the only algorithm in Table 6 for
which Minikube, 443.36 seconds, was slow-
er than Azure, 367.71 seconds on average,
the opposite pattern observed for the other
four algorithms, this suggesting that the lim-
ited resources allocated to the local Miniku-
be cluster, 2 vCPU, 6 GB RAM, may be-
come the dominant factor for computational-
ly heavier algorithms. Another aspect is rep-
resented by the fact that, in cloud, we ran the
algorithms in five different seeds and we
have an average of the running time for each
algorithm.

Therefore, the comparison of the four
environments suggests a relevant rule for
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selecting the infrastructure: for individual
or short term tasks, the orchestration cost
may exceed the effective algorithm run-
ning time. But the real benefits of orches-
tration, parallelism, reproducibility and
tolerance to errors, become useful and
visible when the aggregate scale is ap-
plied on several simultaneous runs, like
the 50 executions, five for each algorithm
of the 10 algorithms tested in this study.
On a per-run basis, every cloud execution
in Table 6 remains slower than the corre-
sponding local execution; but, at the ag-
gregate level, in cloud, with the Kuber-

netes orchestration, all 10 algorithms were
run five times with different seeds, and eve-
rything lasted 8 hours, while, on local, only
one run of DQN native lasted about 100
minutes, this meaning that five sequential
runs of this algorithm alone would have re-
quired close to 9 hours. Also, tolerance to
errors is an orchestration benefit noticed in
this study, when the DBSCAN algorithm
failed at the first run attempt, and, subse-
quently, the execution series was automati-
cally restarted, without human intervention,
everything being automatically performed
by Kubernetes.

Table 6. Execution time comparison on several environments

Algorithm Venv (s) | Docker (s) | Kubernetes local — | Kubernetes cloud —
Minikube (s) Azure 5 runs on av-
erage (s)

SVM 39.80 49.80 71.03 313.03 £ 24.56
K-Means 53.70 74.60 443.36 367.71+42.73
DBSCAN 50.50 63.30 77.00 227.351+24.91

SARSA (native) 1.02 1.01 7.00 10.29 +1.29
SARSA (bandit) 62.10 68.50 71.00 359.53 +43.83

Figure 5 presents the effective cost of
the experiment in Azure cloud, of the used
type of resources, in detail. The total cost
incurred was 7.75 EUR for the entire 8 hours
running period of the experiment. Therefore,
it can be noticed that the most expensive
were the Virtual Machines, 6.73 EUR, this
confirming the fact that the compute
resources represent the main cost factor in
this type of experiment. The remaining cost
is represented by Storage, 0.84 EUR,
Container Registry, 0.10 EUR, Virtual
Network, 0.07 EUR, and other minor
components, as Bandwidth and Load
Balancer, both under 0.01 EUR.

Azure cost breakdown - total: 7.75 EUR

6.73 EUR
(86.8%)

Fig. 5. Cost of resources in Azure cloud

From the experimental study, it can be
seen that, in order to have a benefit from the
time and cost point of view when running
machine learning algorithms, the duration
and the number of repetitions of the task
matter, because for the fast algorithms, con-
tainerization overhead may exceed the effec-
tive computation time, but for slow running
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algorithms, with more repetitions to do, con-
tainerization and orchestration are very use-
ful. For experiment algorithms, as the ones
used in this research, running can be done
both locally or only with the help of contain-
ers, but, in the case of companies, where the
data volume is very high and requirements
must be completed within a very short time,
the solutions based on containers in cloud
can be very useful in order to have efficiency
and fast benefits, although this extrapolation
was not directly tested at that scale in the
present study.

7 Conclusions

In this paper, it was presented an
empirical comparative analysis of ten
algorithms of machine learning, within the
three types of supervised, unsupervised and
reinforcement learning, through a consistent
experiment, using five different seeds: 42,
123, 2024, 7 and 99. Subsequently, these
algorithms were run identically in a layered
containerized infrastructure: initially they
were run in a local virtual environment,
Python, then with Docker, subsequently
orchestrated with Kubernetes, on a local
cluster Minikube and, finally, on a cloud
cluster, managed by Azure Kubernetes
Service (AKS).

The results obtained show that, in order
to calculate the infrastructure cost of an
algorithm, it is more important to consider
its internal calculation mechanism, rather
than the learning type to which it belongs.
Also, the tested algorithms of unsupervised
learning type, applied directly on lexical
representations of the text, cannot identify
the fake news from the real ones, without an
explicit  supervision. Both  K-Means
algorithm and DBSCAN produced values of
the Rand index, adjusted, close to zero, the
values for all five algorithm runs remaining
unchanged, which shows that these
algorithms need supervision to correctly
group information. Another aspect is
represented by the fact that the overhead of

containerization and orchestration is not an
exact percentage, but it depends on the
duration of the calculation task; if the
algorithms are extremely fast, the cloud
infrastructure cost can multiply the
execution time by approximately tenfold, but
for work tasks on a longer period, it can
bring significant benefits as the overhead
decreases.

In this research there were practically
demonstrated the benefits of the Kubernetes
orchestration, which include parallelization,
tolerance to errors and reproducibility. These
can be better noticed when the experiment is
complete with several tasks, in our case 50
runs, five for each of the ten algorithms,
which were completed in just 8 hours, at a
total cost of 7.75 EUR, therefore confirming
the economic feasibility of the systematic
benchmarking on managed cloud
infrastructure; this can be a model that can
be replicated in future research with the aim
to compare various algorithms in
containerized environments.

As a conclusion, the results of this
research provide a practical benchmark for
the organizations that need to decide what
learning algorithm to use for a task and what
infrastructure to implement in production, to
be more efficient in solving the work tasks.
Also, this research represents a starting point
for future research, both about the learning
types and also about containerized
infrastructure.

7.1 Limitations

This study has several limitations. The
comparison of execution time between venv,
Docker, Minikube and Azure, presented in
Table 6, combines the orchestration
overhead with two other factors which this
research could not fully separate, the
different hardware used locally compared to
the AKS nodes, and the fact that several
repetitions were run in parallel on the cloud
cluster, sharing its resources, and a single,
controlled sequential run on Azure, which
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would isolate the real orchestration overhead
from these factors, was not performed within
this study.

Also, it can be noticed that the accura-
cies obtained by the top four classification
algorithms, SVM, Random Forest, Logistic
Regression and DeepText, are very close to
each other, with differences smaller than
their combined standard deviation across the
five seeds, and since no formal statistical test
was applied within this research, these algo-
rithms should be considered as having simi-
lar performance on this dataset, and not as
being strictly ranked one above the other.

Another aspect is represented by the
scale of the experiment, which remains
modest, given the fact that the AKS cluster
used had only two nodes and eight vCPUs in
total, that the dataset contained 44,898 arti-
cles, and that the protocol used only five
seeds, and it was not verified if the observed
patterns, at a larger scale, with more nodes,
more data or more repetitions, remain the
same.

As a last aspect, the security of the con-
tainerized infrastructure was assessed only
through hardening practices at image level,
such as the non-root user, and through min-
imal RBAC permissions for the final job,
without a formal scan of vulnerabilities.

7.2 Future trends

In the future, we want to extend the
analysis beyond the hardening practices used
in this study, non-root user, RBAC minimal,
to a more serious security assessment, such
as automatic scanning of vulnerability of the
Docker images, applied to the various Ku-
bernetes admission policies, which block
unsecured deployments, and network isola-
tion between tenants in a multi-user cluster.

Also, the cluster used in this research
used two nodes with 8 vCPU total and the
dataset was of 44,898 articles, which repre-
sents a modest scale. In the future, we want
to use more data and a cluster with more
nodes, in order to verify if the observed pat-

terns are maintained at production scale.

A third research trend we want to ex-
plore in greater depth, is the comparison of
the containerized infrastructure with other
platforms that can perform approximately
the same tasks and the discovery of the most
efficient solution that can be implemented
within companies.
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Today, modern and quality software development involves the integration of multiple IT solutions
or products, as well as efficient programming paradigms that offer many development opportuni-
ties. This scientific article will be based on the separate description and integration of three pow-
erful software products and components: Object-Oriented Programming in Oracle PL/SQL, ad-
vanced message queues in Oracle Databases, and Java applications with connectivity to Oracle
databases running in an Apache Tomcat container. The PL/SQL procedural language has
evolved greatly in recent years, allowing Oracle databases to keep pace even with the evolution
of artificial intelligence and machine learning techniques. It includes object-oriented program-
ming features and programming methodologies, so that programmers can define and work with
abstract data types that implement the basic notions of object-oriented programming: encapsula-
tion, inheritance, and polymorphism. Oracle Advanced Queues provide an advanced and power-
ful asynchronous message processing mechanism, high performance and efficient ways to man-
age data flows. Java applications and the Tomcat container represent a novel choice especially
for web application development, but not only, being widely used in server-to-server communica-
tions between various systems.

Keywords: Object-oriented programming, message queues, Java, application, table, type, Ora-
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Introduction

Today, modern software development
involves the integration of multiple IT solu-
tions or products, as well as efficient pro-
gramming paradigms that offer many de-
velopment opportunities. This scientific
article will be based on the separate descrip-
tion and integration of three powerful soft-
ware products and components: Object Ori-
ented Programming in Oracle PL/SQL, ad-
vanced message queues in Oracle Data-
bases, and Java applications with connectiv-
ity to Oracle databases running in an
Apache Tomcat container. The integration
of the three technologies helps in the devel-
opment of scalable, secure, and high-
performance enterprise applications [1]. It
ensures continuous processing and control
over data flows and improves response
times to various components in a complex

application. Given that a such an application
that is built using the integration of the three
aforementioned technologies is made in an
Oracle ecosystem, more precisely the trans-
actional use of Oracle databases, offers in-
creased security and extensive programming
opportunities that it makes available: external
tables, indexes for performance, working
with files, cryptography, API exposure,
complex mechanisms for queries and useful
execution plans and so on. Oracle databases
have been among the most performing for a
long time and are still at the top. Currently,
they occupy 1st place according to DB En-
gines [11], and the most common type is the
relational one, but with the multi-
dimensional model also available. In the era
of accelerated digitalization, software ap-
plications are no longer isolated entities, but
components of complex, distributed and
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interconnected IT ecosystems. Modern
software development involves not only
creating functional code, but also ensuring a
scalable infrastructure, a well-defined archi-
tecture and efficient integration between
various technologies, programming lan-
guages and platforms.

Organizations are facing major challenges
such as securing large volumes of data, in-
formation security, optimizing performance
and guaranteeing operational continuity. In
this context, choosing the right technologies
and integration models becomes essential
for the success of any large-scale software
project.

A major trend in enterprise application de-
velopment is the orientation towards modu-
lar, service-based architectures (such as
SOA or microservices), which allow for a
clear separation of responsibilities, compo-
nent reuse and easy maintenance [2]. At the
same time, management languages and da-
tabase management systems must collabo-
rate closely to provide high performance
and a fluid user experience.

Especially in Oracle ecosystems, the em-
phasis is on the unified use of advanced
features made available by the platform:
from PL/SQL as a procedural language with
object-oriented support, to internal asyn-
chronous messaging systems and efficient
connectivity with distributed Java applica-
tions. These components are not just inde-
pendent technologies, but essential pieces in
a coherent mechanism, capable of ensuring
robust, secure and optimized processes. At
the same time, the adoption of modern pro-
gramming paradigms — such as object-
oriented programming or reactive pro-
cessing — plays an important role in improv-
ing the application structure, code clarity
and extensibility. It is not enough for an ap-
plication to work; it must work efficiently,
be easy to adapt and withstand technologi-
cal and business changes over time.

2. Object-oriented programming in
PL/SQL
Object-oriented programming is the most
widespread programming paradigm and is
the basis of many complex computer sys-
tems around the world. It is based on the
concept of objects, each of which contains
data which are called fields, attributes or
properties. They also present methods that
represent the way of exposing the function-
alities of the object (class) to the calling
programs. Object-oriented programming in
Oracle PL/SQL is built on the basis of user-
defined types. The respective types, also
called object types, can have functions that
are equivalent in OOP terms to methods that
return a result or procedures that have the
equivalent of methods that do not return
anything and rather perform an action
(void) [3], [4]. The example below represents
the declaration of a simple "class" with a
method (procedure). The declaration is done
in two stages and involves the declaration
of specifications (spec) and the body
(body):
create or replace type employee as object (

id number(19),

name varchar2(100),

salary number,

member procedure print_details

);
/

create or replace type body employee as
member procedure print_details is
begin
dbms_output.put_line(Employee : ||
name || ', salary: ' || salary);
end;
end,;
/
Object types also allow the addition of con-
structors with various parameters as needed.
Constructors are defined as functions
whose name is identical to the object name,
but are also declared as a constructor and
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return self, the equivalent of this in modern
OOP-based languages:
create or replace type employee as object (
id number(19),
name varchar2(100),
salary number,

constructor function employee (self in out
nocopy employee, name varchar2, salary
number) return self as result,

member procedure print_details

);
/

Instantiation of objects can be done by call-
ing the constructor directly or using the new
keyword together with it:
declare

|_employee employee;
begin

|_employee:=new employee('Sabin Tarba’,
11000);

|_employee.print_details;
end;
/

Static methods are also supported by men-
tioning static when declaring the function or
procedure. Inheritance is partial and is not as
flexible as in a language built for use only
with objects, such as Java. Inheritance in
PL/SQL is based on declaring types under
other types using under:
create or replace type developer under em-
ployee (

overriding member procedure
print_details;
)i
/

There are no interfaces or abstract classes,
and no garbage collection, but objects are
automatically cleaned up when the PL/SQL
block ends or the calling program ends.
These limitations can influence the design
of complex applications and require a care-
ful approach to resource management. The
lack of interfaces means that behavioral con-

tracts cannot be defined without actually im-
plementing inheritance, and the absence of
abstract classes can lead to the creation of
implicit implementations that may be desir-
able to remain abstract.

The use of object-oriented programming in
PL/SQL, although with certain peculiarities
and limitations compared to purely object-
oriented languages, offers significant bene-
fits in organizing and code maintainability.
It allows developers to model real-world
entities more intuitively, reduce code dupli-
cation through inheritance, and manage the
complexity of large systems through encap-
sulation and polymorphism. This helps cre-
ate more robust databases that are easier to
extend and maintain over the long term.
Within complex applications developed in
Oracle PL/SQL, there is often a need to
model and process heterogeneous data,
coming from various sources and requiring
specific logic for each category of requests.
This functional diversity often leads to code
fragmentation, which becomes difficult to
maintain, extend, or adapt to the dynamic
needs of the system. To effectively manage
this complexity, an advanced technique can
be used, inspired by the principles of met-
aprogramming and polymorphism in object-
oriented languages, namely the implementa-
tion of a type factory architecture that in-
volves creating objects of certain types
based on a common interface [5], but which
can also have specific attributes and meth-
ods at the child type level. The implementa-
tion of such architecture can start from the
creation of a special table that can be used
to map API identifiers (operations) and
PL/SQL type objects. An example of such a
table can be the representation below:

create table type_factory (

operation varchar2(30),

service_type varchar2(30)

);
Both columns are 30 bytes in size so that
some general rule of naming operations
(APIs) and their types is maintained. This
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helps maintain readable, clear code and al-
lows compliance with a standard among all
developers who will work on the respective
application or applications. The operation
column has the role of specifying an identi-
fier of an operation in the system such as
the name of an API or an action taken by
the user. A pertinent example could be
auth_login which would represent the action
of a user's authentication in the system. The
service_type column represents the logical
and conceptual mapping of the operation
with a PL/SQL type defined by the devel-
oper that implements the logic required for
that operation (name and user verification,
verification if the user is active and others).
An example of such a PL/SQL type could
be SRV_AUTH_LOGIN.

The high degree of similarity in the names
of the two components can be observed, as
it would be recommended to have some
rules for naming these components, not just
their size restriction. In the current example,
the rule could be to prefix the operation
name with SRV_ which could be the abbre-
viation for service. Another representative
example could be API_ which would sug-
gest that the respective type serves as an in-
terface between the user, respectively the
frontend application, and the logic and the
database. In addition to the two columns,
other identifiers or other columns can be
added to help implement a dynamic mecha-
nism. The main advantage of such an archi-
tecture is that it allows the implementation
of a logic and an entry point into the database
which can be represented by opening a
JDBC connection from a Java application
that calls a stored procedure or a procedure
from a package and allows the isolation of
the common code that is based and focused
on the object interface from the rest of the
implementations of the child types. This is
very easy and allows for great scalability of
systems so that developers can effortlessly
maintain the code, there are no dependen-

cies, and the functionality of the application

can be very easily extended.

Such an entry point into the database can be

represented by a PL/SQL package contain-

ing a special procedure for implementing

the interface logic and can be considered the

example below:

create or replace package api_main_pkg is
procedure on_request(p_request in var-

char2, p_response out varchar?);

end:;

/

create or replace package body
api_main_pkg is
procedure on_request(p_request in varchar2,
p_response out varchar?) is
| _service_t service_if;
|_service_type varchar2(30);
| _operation varchar2(30);
begin
/*
Logs
Another necessary actions or calls
Parse p_request as a json object and
retrieve |_operation
*/
select t.service_type into |_service_type
from type_factory t
where t.operation = |_opeartion;

execute immediate 'begin :x :=new " ||
|_service_type || '; end;" using in out
| _service_t;

|_service_t.example_procedurel();
|_service_t.example_procedure2();
|_serivce_t.example_procedure3();
/*
Next, the logic can be executed
Catching exceptions
Finally, retrieving the response in the
out parameter p_response
*/
p_response :=|_service_t.response_json();
end;
end;
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/

The on_request procedure in the
api_main_pkg package can be called
through a JDBC connection from a Java
application that can be deployed in a
Tomcat container and that can serve as an
API between the application that consumes
this API, usually the frontend application,
and the database. Such an implementation is
exemplified in the following chapters. The
procedure has an input parameter specified
by the in keyword called p_request of type
varchar2 which has the maximum size in
PL/SQL by default 32767 bytes. Depending
on the need and the large volume of data
that could appear in the request, the devel-
oper can opt to use the clob data type. The
representation of the content of this variable
could be a JSON object, for example:

{

“auth_login”,
“payload”: {
“sabintarba”,
“DDSJA421214”
}

}

The operation field represents the API oper-
ation and is used to dynamically instantiate
the child PL/SQL object through the concept
of dynamic SQL. The payload field repre-
sents the actual request body that will be
used to implement the logic and retrieve the
necessary attributes, in this case the user au-
thentication in the system. Retrieving the
PL/SQL object type is done through the
select into command, and the |_service_type
variable is of interface type. The creation of
the child object is done through dynamic
SQL, more precisely through the execute
immediate using in out |_service type se-
quence. After executing this line of code,
|_service_type remains of interface type, but
at the time of code execution (run time) it
will store a parent type object, in the case
described above SRV_AUTH_LOGIN. Next,

the example procedures and other proce-
dures or logic will be run that will represent
either procedures/functions declared and
implemented at the interface level, or pro-
cedures/functions declared at the interface
level with a certain implicit implementation
or not and overriding at the child type level.
After executing the logic and all logical
steps, at the end of the on_request procedure
call, a JSON object will be stored in the
p_response variable to be sent to the appli-
cation consuming the respective APIl. An
example of a successful response could be:
{
“success”, {
“SIDAD14151DASDFG511”

¥
¥

An example of an error response could be:
{
C‘fail')”
{
“Invalid credential.”
}
}

3. Advanced message queuing mecha-
nisms in Oracle

In the era of distributed applications and
enterprise systems, the asynchronous com-
munication component is vital. Oracle Ad-
vanced Queuing (AQ) is an integrated solu-
tion in Oracle Database that allows the im-
plementation of a queue-type mechanism for
managing message flows, asynchronous
processing and decoupling application logic
[6]. This mechanism is based on principles
inspired by messaging architecture and is
implemented through native PL/SQL facili-
ties. Queues in Oracle are part of Oracle AQ
— a messaging system integrated in Oracle
Database that allows sending and receiving
messages (objects, data) between applica-
tions, sessions or components. They work
according to the FIFO (First In, First Out)
principle. There are actions for enqueuing,
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also called enqueue, and for removing from
the queue, called dequeue. The creation of
queues and their management is done with
special packages that need execute rights,
enqueue and dequeue privileges and the
aq_administrator_role role for the current
Oracle user so that he can use them. A big
advantage of them is that they can be used
with persistent saving in the database or
they can be volatile, and the data saved in
RAM. There are queue tables and message
qgueues. The relationship between these is
1:N, a queue table can have several queues
working on it. Creating a queue table is
done by calling
dbms_agadm.create_queue_table(...). Queue
creation instead is accomplished by
dbms_agadm.create_queue(queue_table =>
<previously created table>...). Immediately
after creation, the queue is not started auto-
matically, but the start call will have to be
made, namely dbms_agadm.start_queue(...).
Sending a message to the queue, the
enqueue operation, is accomplished by
dbms_aqg.enqueue(...), and removing it from
the queue, the dequeue operation, is per-
formed by dbms_aq.dequeue(...). Advanced
Queues in PL/SQL are an extremely power-
ful and scalable solution for applications
that require asynchronous communication,
message flow management, or component
decoupling [2], [7]. Although sometimes
overlooked, AQ offers a viable alternative to
external messaging systems (RabbitMQ,
Kafka), with the advantage of native inte-
gration into Oracle Database and support
for full transactionality.

Oracle Advanced Queuing provides a highly
flexible asynchronous communication infra-
structure that is perfectly suited to enter-
prise applications that require coordination
between distributed components.

One of the key aspects of this mechanism is
its support for transactionality. Enqueued
messages can participate in regular SQL
transactions, which means that if a transac-
tion fails, the message enqueued in that con-

text will not be preserved. This guarantees
data consistency and application integrity.
For example, in a scenario where a message
is sent to a queue as part of a data update,
only if all operations in the transaction suc-
ceed will the message be effectively placed
in the queue and available for further pro-
cessing. This behavior is crucial in mission-
critical applications where message loss or
incorrect processing can have significant
effects.

In addition, AQ offers sophisticated queue
configuration options. You can define
message prioritization rules, create multi-
consumer queues, where multiple sessions
can retrieve messages from the same queue
based on filters or subscription rules. There
is also support for notification, so that when
a message arrives in the queue, a handler
can be automatically notified to start pro-
cessing, eliminating the need for constant
polling. These notifications can be transmit-
ted via PL/SQL callbacks or even through
integration with Oracle Event Service, de-
pending on the chosen configuration.
Another valuable aspect is the support for
complex payloads. Messages can contain
user-defined Oracle objects, JSON struc-
tures, or simple SQL types. Thus, AQ is not
limited to sending strings or primitive val-
ues, but can transport complex data struc-
tures, tailored exactly to the requirements of
the application. There are also facilities for
automatic message scheduling — a message
can be scheduled to be available for dequeue
only after a certain period of time, thus
providing support for delayed or scheduled
tasks.

In production environments, AQ can be
used in tandem with other Oracle technolo-
gies, such as Oracle Streams or Oracle Data
Guard, for message replication and ensuring
robust communication in distributed archi-
tectures. AQ can be secured through granular
access policies, so that only certain roles or
users can enqueue or dequeue on certain
queues, using privileges and auditing poli-
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cies. AQ integration with Oracle Enterprise
Manager allows for queue monitoring, iden-
tifying bottlenecks or delays in message
processing, and providing prompt alerts in
case of performance or availability issues.
Another important advantage is the persis-
tence of messages. Even in the event of a
system crash or uncontrolled database shut-
down, persistent messages in the queues
will be preserved and can be resumed when
the database is restarted. For critical applica-
tions that cannot afford to lose messages or
duplicate processing, this is vital. There is
also the possibility of defining message
expiration policies — a message that is not
processed within a certain interval can be
automatically removed from the queue or
sent to an exception queue for further pro-
cessing or manual analysis.

In practice, AQ is successfully used in
banking applications, ERP systems, logis-
tics applications or any other complex sys-
tem that involves many independent mod-
ules that need to collaborate in an efficient
and scalable way. Queues thus allow for a
loosely coupled architecture, in which com-
ponents do not need to know internal details
about each other and can be developed, test-
ed and scaled independently. AQ proves to
be an extremely mature solution, being
available and supported in Oracle Database
for more than two decades, and continues to
evolve, now also offering integration op-
tions with Oracle Cloud Infrastructure, Ora-
cle Streams AQ or even hybrid integration
services. Another essential aspect of Oracle
Advanced Queuing is the support for paral-
lel message processing and integration with
Oracle job scheduling mechanisms. Thus,
applications can benefit from a distributed
processing, where multiple concurrent ses-
sions or processes can simultaneously re-
trieve and process messages from the same
queue. This behavior is controlled and op-
timized by setting queue attributes, such as
multiple consumers, retention, deliv-
ery_mode, and dequeue_mode. The way

messages are distributed to consumers can
also be customized to avoid collisions or
double processing. Oracle provides a bal-
ance between performance and consistency
through these mechanisms, even in complex
scenarios with high message traffic and in-
tensive processing.

Furthermore, AQ also allows the definition
of subscriber rules, sophisticated rules
based on PL/SQL expressions or SQL con-
ditions that determine whether a particular
message should be delivered to a particular
consumer. This filtering-based model allows
for advanced message routing scenarios,
without the need to duplicate logic in the
client application. In other words, applica-
tions can leave the routing and filtering log-
ic to AQ, focusing only on the actual data
processing. For example, in a multi-tenant
system, each message can contain a tenant
identifier, and the queue can be configured
to deliver messages only to consumers asso-
ciated with that tenant.

AQ also offers compression and space op-
timization options, important in scenarios
where large volumes of messages are man-
aged or applications must comply with strict
resource usage policies. It can also be inte-
grated with Oracle RAC (Real Application
Clusters) infrastructure, allowing horizontal
scaling and high availability of queue ser-
vices. In a RAC environment, multiple Ora-
cle instances can participate in concurrent
enqueue and dequeue without compromis-
ing message integrity or delivery order,
which is a critical feature for applications
with strict uptime requirements.

Not to be overlooked is AQ's ability to work
in tandem with external systems. Through
the gateways and connectors available in
Oracle SOA Suite or through Oracle's Java
and JMS (Java Message Service) APIs,
messages in queues can be sent or received
from Java applications, enterprise middle-
ware, or even web services. This interopera-
bility capability paves the way for AQ inte-
gration into hybrid architectures, where in-
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ternal Oracle queues can work with external
solutions such as IBM MQ, ActiveMQ,
RabbitMQ, or even modern cloud-based
services such as Azure Service Bus or AWS
SQS. This flexibility greatly extends the
utility of AQ, making it a viable solution not
only for the Oracle ecosystem, but also for
the broader, modern, and diverse IT land-
scape.

4. Integrating PL/SQL and Oracle Queue
OOP mechanisms with Java applications
using Apache Tomcat

Java is a programming language and com-
puting platform first released by Sun Mi-
crosystems in 1995. It has evolved from
humble beginnings to power much of to-
day's digital world, providing the trusted
platform on which many services and appli-
cations are built. New, innovative products
and digital services designed for the future
continue to be based on Java. In the context
of modern software development, interop-
erability between components implemented
in different programming languages is be-
coming a fundamental element. This paper
proposes an integrated approach in which
business logic, implemented in PL/SQL with
support for object-oriented programming, is
combined with the Oracle Advanced Queu-
ing (AQ) queue mechanism and is connect-
ed to Java web applications deployed on the
Apache Tomcat server. Connecting a Java
application to an Oracle database can be
done through a driver. The best known is
ojdbc8.jar (Java DataBase Connectivity)
which includes APIs and facilitates connec-
tion to a database [8]:

java.sgl.*;
executeProcedure() {
Connection =
DriverManager.getConnection(*'jdbc:oracl
e:thin: @<ip>:<port>/<sid>", "<username>",
"<password>");

CallableStatement = connec-
tion.prepareCall(“<call procedure>");
.execute();
.close();
.close();

}

The above call represents opening a connec-
tion to a database, executing a procedure
and very importantly closing the resources
by calling the close method. Configuring
the Java application connection to an Oracle
queue is more complex. First of all, if you
want a continuous process to run and listen
for new messages added to the queue, the
class that will implement this must be of
type Thread and implement the run() meth-
od inside which the listener for the Oracle
queue will have to be registered through
support classes such as AQNotificationReg-
istration and the addListener method call.
On the other hand, the onAQNoatification
method will also have to be implemented
which will represent the section of code that
will be executed when a new message is put
in the queue.

Apache Tomcat is an open source web
server and servlet container, developed by
the Apache Software Foundation (ASF),
used to run web applications written in Java
[9]. It implements the Java Serviet, Ja-
vaServer Pages (JSP) and WebSocket speci-
fications, providing an easy and efficient
solution for developing and running appli-
cations based on Java Enterprise technology.
Unlike more complex application servers
such as JBoss, like WebSphere or Web-
Logic, Apache Tomcat specializes in han-
dling HTTP requests and Java web compo-
nents, without including advanced features
such as Enterprise JavaBeans (EJB). This
makes it faster, easier to configure, and
suitable for small to medium-sized web ap-
plications. Apache Tomcat is an efficient
and easy-to-use solution for running Java
web applications. With its low resource
consumption and simple configuration, it is
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ideal for developers who want to quickly
deploy web applications without the com-
plexity of a full enterprise application serv-
er. Tomcat also integrates easily with data-
bases, messaging technologies (such as Ora-
cle AQ), and modern frameworks such as
Spring Boot, making it a versatile tool for
developing scalable web applications.
Integrating Java applications running on
Apache Tomcat with PL/SQL and Oracle
Advanced Queuing (AQ) mechanisms re-
quires not only appropriate Java code, but
also careful configuration of the Tomcat
server. This configuration has as its main
purpose the establishment and management
of the connection to the Oracle database in a
centralized, reusable and efficient way,
avoiding frequent opening and closing of
connections directly in the application code.
Thus, a data source (DataSource) is defined
within Tomcat, which is then used by the
application components to interact with the
database and implicitly with the AQ queues
[1], [10]. The data source configuration in
Tomcat is done in the context.xml file, lo-
cated in the conf directory or inside the ap-
plication in the META-INF/context.xml file.
In this file, a Resource of type ja-
vax.sgl.DataSource is declared, which spec-
ifies the connection parameters, the connec-
tion pool and other attributes relevant for
performance and stability, such as the max-
imum pool size, the waiting time for obtain-
ing a connection or the connection valida-
tion policy.

After configuring the data source, the Java
application deployed on Tomcat can obtain
connections via JNDI (Java Naming and
Directory Interface), without having to
manually manage login details in code.

This increases security and allows changing
the database configuration without recom-
piling the application. In scenarios involv-
ing active listening to an AQ queue, the
component running in the background with-
in the web application can use this data
source to open a persistent connection to the

Oracle database, which is necessary to reg-
ister a listener for the desired queue. In ad-
dition to defining the data source, it is also
recommended to configure appropriate log-
ging at the Tomcat level to monitor the in-
teraction with the database and any connec-
tion issues, deadlocks, or timeouts. This can
be done by configuring Tomcat's logging
files (e.g. logging.properties) and by inte-
grating with logging frameworks used by
the application.

Another important aspect in the context of
applications that listen to events or process
messages from Oracle queues is the correct
management of the lifecycle of components
that connect to the database. It is important
that the initialization of connections to
queues, the registration of listeners and the
starting of listening threads be done in spe-
cial methods, such as init() within a
ServletContextListener or in the
@PostConstruct methods of Spring compo-
nents, and their termination be handled in
destroy() or @PreDestroy methods, to en-
sure the correct release of resources when
the application is closed or the server is re-
started.

In production environments, where several
applications run simultaneously on the same
Tomcat server and access the Oracle data-
base, it is essential to correctly isolate data
sources, clearly define JNDI contexts for
each application and apply strict security pol-
icies, including restricting access to the ap-
plication's JINDI context.

Correct Tomcat configuration plays a cen-
tral role in guaranteeing a stable and high-
performance communication channel be-
tween Java applications and Oracle compo-
nents that implement business logic and
advanced queue mechanisms. In this way, a
robust, modular and scalable architecture is
created, capable of supporting complex en-
terprise applications, with strict requirements
for reliability, performance and asynchronous
communication. The Tomcat container can
be configured in single instance mode,
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which means that there will be CATALI-
NA HOME (system variable that holds the
installation path) and CATALINA_BASE
(system variable that holds the working
path) will have the same value. In a multi-
instance architecture, there will be a single
CATALINA_HOME and several CATALI-
NA_BASE depending on the number of in-
stances. Each instance directory will contain
the necessary Tomcat configuration files
(web.xml, context.xml etc) and the necessary
directories such as webapps. Each instance
can be associated with a systemctl service
when started, depending on the instance that
is wanted to be started, the corresponding
CATALINA_BASE will be set.

Example of configuration:
CATALINA_HOME = /opt/tomcat CATA-
LINA_BASE = /srv/tomcat/instl CATALI-
NA_BASE = /srv/tomcat/inst2

Extending the Tomcat configuration to fully
support Oracle AQ integration also involves
considering advanced aspects related to re-
source management, security, performance
optimization, and scalability. A well-
configured Tomcat server provides not only
a stable platform for running the web appli-
cation, but also a centralized control point
for all connections to the Oracle database,
which is essential in the context of a dis-
tributed system that uses asynchronous
messaging mechanisms.

An important first step in this direction is
the configuration of the connection pool
(Connection Pooling), which must be appro-
priately sized depending on the expected
message volume, the number of concurrent
users and the type of operations performed.
Attributes such as maxTotal, maxidle,
minldle, maxWaitMillis and validationQuery
should be carefully tuned to avoid resource
exhaustion situations, but also to prevent
message processing deadlocks. Validating
idle connections via testWhileldle or tes-
tOnBorrow, along with configuring a sim-

ple validation query such as SELECT 1
FROM DUAL, helps maintain pool stability.
In terms of application availability and reli-
ability, it is recommended that the AQ lis-
tener implemented in the Java application be
registered and initialized at a controlled
point in the application lifecycle. In
Tomcat, this can be achieved using a
ServletContextListener, which allows back-
ground components (such as threads listen-
ing to Oracle queues) to be started at appli-
cation initialization and stopped in a con-
trolled manner at application shutdown. This
avoids losing the connection to the queue or
situations where threads remain active after
the application shutdown, which could lead
to memory leaks or deadlocks.

For applications running in enterprise envi-
ronments with multiple Tomcat instances
(for example, in load balancing or failover
scenarios), queue access synchronization is
required to prevent duplicate message pro-
cessing. Oracle AQ allows the configuration
of the dequeue mode with various policies
(for example, REMOVE, BROWSE,
LOCKED) and allows the specification of a
concurrency strategy for message delivery.
The application must ensure that there are
no multiple consumers simultaneously for
the same queue, unless this behavior is in-
tentional and the queue is properly config-
ured for concurrent distribution (multi-
consumer queue).

On the security side, Tomcat must be con-
figured to securely manage the credentials
used to connect to the database. Instead of
directly defining the user and password in
context.xml, mechanisms such as external
JNDI Environment Entries, integrations
with secure password managers or even
encrypting configuration files and decrypt-
ing them dynamically at server startup.
These practices are essential for protecting
sensitive data, especially in applications
operating in fields such as finance, govern-
ment or healthcare.
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Another important aspect is monitoring.
Tomcat offers various options for monitor-
ing the performance of data sources, the
number of active connections, response
times and possible errors. By integrating
with external monitoring solutions (such as
Prometheus, Grafana, Datadog or ELK
Stack), administrators can have a clear pic-
ture of the application's behavior in real
time and can detect potential connectivity
Issues, queue saturation or message block-
ing early.

If the application is based on modern
frameworks such as Spring or Jakarta EE,
Tomcat configurations can also be dynami-
cally completed or managed through the con-
figuration files of these frameworks, allow-
ing the injection of data sources defined in
Tomcat directly into the application com-
ponents.  Thus, integration becomes
smoother, code becomes cleaner, and the
component lifecycle is better controlled.

In conclusion, a well-configured Tomcat is
not limited to simply running a Java
application, but becomes a reliable, high-
performance and scalable integration plat-
form for interacting with Oracle components
and advanced queue-based messaging
systems. It actively supports business
logic implemented in PL/SQL, facilitates
asynchronous communication between com-
ponents and plays a key role in orchestrating
processes in a complex software ecosystem.
This modern architecture, which combines
the power of the Oracle database with the
flexibility of Java and the efficiency of
Tomcat, provides a complete solution for
enterprise applications that require reliability,
modularity and extensive interoperability.
Beyond these core capabilities, Tomcat acts
as a strategic middleware layer that enables
the seamless exposure of backend services
through RESTful APIs, user interfaces,
and administrative tools. This supports not
only internal operational flows but also
integration with external systems, mobile
applications, and third-party services, mak-

ing the platform suitable for a wide range
of business scenarios. Through standardized
protocols and interface abstraction, Tomcat
ensures that applications remain adapta-
ble and compatible with evolving technol-
ogies, business requirements, and integra-
tion standards.

Furthermore, this architectural approach
supports the principles of service-oriented
and event-driven design, allowing for a
clean separation of concerns, improved test-
ability, and easier maintainability. The
asynchronous processing made possible
through Oracle Advanced Queuing enhanc-
es system responsiveness under heavy
workloads, while reducing tight coupling
between modules. As a result, organizations
can scale individual components inde-
pendently, introduce new features with min-
imal risk, and maintain high levels of avail-
ability and performance, even as system
complexity grows.

Ultimately, by harnessing the strengths of
each technology—Oracle's robust data and
messaging capabilities, Java's portability
and object-oriented design, and Tomcat's
lightweight yet powerful application serv-
ing—this integrated platform empowers
developers to build enterprise-grade appli-
cations that are not only technically sound,
but also strategically aligned with long-term
goals of scalability, agility, and resilience in
an increasingly connected digital world.

5. Extended conclusions

The coherent integration of all the afore-
mentioned technologies allows the creation
of an enterprise-type information system
with a high level of complexity, capable of
managing large volumes of data, providing
high performance and being easy to scale.
Such an architecture not only supports the
technical requirements of modern applica-
tions, but also responds to business needs
through flexibility, modularity and opera-
tional reliability.
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An essential element in this construction is
the use of object-oriented programming in
PL/SQL. This allows the structuring of
business logic in a clear, coherent and reus-
able way, through object types, member
methods and PL/SQL packages. This modu-
lar organization favors the maintenance,
unit testing and extensibility of the applica-
tion components, similar to the way modern
languages such as Java or C# allow the de-
velopment of object-oriented components.
Within an enterprise system, this ability to
logically delimit components and to test or
update them independently is essential to
maintain the quality and consistency of the
entire application in the long term.

Oracle Advanced Queuing (AQ) also brings
significant added value by providing a na-
tive mechanism for asynchronous pro-
cessing and decoupled communication be-
tween application components. By using
gueues, processes can exchange information
without the need for strict synchronization
between sender and receiver, making the
system more resilient to errors and perform-
ing better under high load conditions.
Queues can be used to model complex
workflows, process tasks in parallel, or
manage communication between heteroge-
neous subsystems, all of which contribute to
the scalability and reliability of the overall
system.

At the presentation and web interface layer,
using an application server such as Apache
Tomcat, along with Java technologies such
as Servlet, JSP, or even modern frameworks
such as Spring MVC, provide a stable and
extensible platform for developing intuitive
graphical interfaces and REST APIs. They
allow not only end-users access to applica-
tion functionalities, but also easy integration
with other systems through standardized
protocols. In addition, integration with the
Oracle database via JDBC provides an effi-
cient way to access and manipulate objects
defined in PL/SQL, thus allowing direct

collaboration between Java logic and logic
stored in the database.

This architectural approach, based on the
principles of modularity, decoupling, reuse
and scalability, aligns perfectly with mod-
ern software architecture standards, such as
SOA (Service-Oriented Architecture) and
microservices. A major advantage of this
solution is that it does not require complex
external infrastructure (such as Kafka, Rab-
bitMQ, EJBs, etc.), thus reducing implemen-
tation and maintenance costs, without com-
promising on the capabilities offered. Ex-
tensive use of native Oracle facilities — such
as object types, queues, packages, automat-
ed jobs and security policies — ensures supe-
rior performance by executing logic directly
in the database engine, without the need for
costly intermediaries.

Such an integrated and object-oriented
software architecture allows building robust,
secure and efficient enterprise applications,
suitable for a wide range of critical do-
mains: from ERP and CRM systems, to ed-
ucational platforms, financial applications,
reservation systems, government applications
or customized solutions for large organiza-
tions. This strategy offers an optimal bal-
ance between technological innovation, so-
lution maturity and operational efficiency,
thus contributing to the development of sus-
tainable and adaptable applications over
time. In addition to the technical and archi-
tectural benefits, such an integrated solution
also significantly contributes to reducing
the total cost of ownership (TCO). By ex-
tensively using technologies already exist-
ing Oracle and Java ecosystem — without
introducing expensive or difficult-to-
maintain external dependencies — optimizes
both development and long-term operation
and support efforts. Organizations can thus
maximize the value of existing infrastruc-
ture, avoid the complexity of unnecessary
integrations, and focus on developing func-
tionality specific to their field of activity.
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Moreover, this architecture allows easy ad-
aptation to the constantly changing re-
quirements of the business environment.
The modular structure of the application,
based on objects, packages and queues, al-
lows the extension of functionalities with-
out affecting the existing components. For
example, new message types can be added
to the AQ system to support new business
processes, or new web modules can be cre-
ated in Tomcat to expose additional REST
services. These changes can be made in-
crementally, with minimal impact on the
existing functionalities, which is essential
for maintaining operational continuity in an
enterprise environment.

Also, the possibility of automating repeti-
tive or critical tasks through Oracle jobs
(e.g. periodic data processing, cleaning, ag-
gregation, notifications) contributes to in-
creasing operational efficiency and reducing
the risk of human error. Thus, the system
not only promptly responds to user requests
or other applications, but can also autono-
mously initiate internal processes based on
predefined rules or conditions. This trans-
forms the application into an intelligent
ecosystem, capable of operating optimally
both reactively and proactively. In a context
in which the requirements for data security,
traceability and auditability are becoming
increasingly strict, the proposed approach
also responds to these challenges. Oracle
offers advanced access control, logging and
auditing mechanisms, which can be applied
directly to the PL/SQL objects, packages and
procedures used in processing. Thus, the
application can guarantee not only the in-
tegrity and confidentiality of data, but also
the ability to demonstrate at any time who,
what, when and how operated in the system
— essential aspect in regulated industries
such as finance, healthcare or government.
In addition, this architecture provides an
excellent framework for implementing clear
versioning and configuration management
policies. Being based on distinct and well-

delimited components — such as PL/SQL
packages, Java classes and web modules —
each element can be managed separately in
terms of version, code changes and life cy-
cle. This is extremely important in enter-
prise projects, where implementations are
usually done incrementally, and develop-
ment, testing and operations teams must
collaborate in a coordinated way. Through
efficient source code management and by
automating the build and deployment pro-
cesses (e.g. using Maven, Jenkins or other
DevOps tools), a high level of consistency
and predictability can be achieved, reducing
risks and time to production.

The flexibility of this architecture also al-
lows the adoption of modern principles such
as continuous integration and continuous
delivery (CI/CD), which offers the ad-
vantage of fast development cycles, auto-
mated testing and frequent delivery of new
functionalities to users. By organizing busi-
ness logic into reusable and testable compo-
nents in isolation, a stable and robust, yet ag-
ile ecosystem can be built, capable of quick-
ly responding to changes required by the
business environment. In addition, due to
the decoupled nature of the components,
teams can work in parallel on different
modules without causing major blockages
or interference between functionalities. An-
other major benefit is the architecture's abil-
ity to support detailed auditing and report-
ing of operations. Every step in the business
process, from receiving the request in the web
application to processing messages in
PL/SQL and updating the database, can be
monitored and recorded. The flexibility of
this architecture also allows the adoption of
modern principles such as continuous inte-
gration and continuous delivery (CI/CD),
which offers the advantage of fast develop-
ment cycles, automated testing and frequent
delivery of new functionalities to users. By
organizing business logic into reusable and
testable components in isolation, a stable
and robust, yet agile ecosystem can be built,
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capable of quickly responding to changes
required by the business environment. In
addition, due to the decoupled nature of the
components, teams can work in parallel on
different modules without causing major
blockages or interference between functional-
ities. Another major benefit is the architec-
ture's ability to support detailed auditing
and reporting of operations. Every step in
the business process, from receiving the
request in the web application to processing
messages in PL/SQL and updating the data-
base, can be monitored and recorded.
Finally, the synergy between object-
oriented PL/SQL components, Oracle Ad-
vanced Queuing mechanism and modern Java
platforms, such as Tomcat with Servlets,
JSP or Spring MVC / Spring Boot, outlines
a solid, flexible and efficient architecture,
ideal for developing enterprise applications.
This combination allows not only a clear
delimitation between the application layers
— presentation, business logic and persis-
tence — but also a fluent and secure commu-
nication between them, both synchronous
and asynchronous.

By making the most of the native capabili-
ties offered by Oracle and Java, the depend-
ence on complex external technologies is
significantly reduced, without compromis-
ing performance or scalability. On the con-
trary, a coherent, controllable and easy-to-
maintain infrastructure is obtained, capable
of responding to both advanced technical
requirements and business pressures regard-
ing delivery times, operational costs and
compliance requirements.

This architecture is a perfect fit for mission-
critical applications such as ERP systems,
CRMs, financial management solutions,
educational platforms, reservation systems,
or any other type of application that requires
data-intensive processing, high resilience,
low response times, and rapid scalability. Its
modularity and decoupled nature ensure
that each component can evolve inde-
pendently, enabling organizations to im-

plement changes, updates, or enhancements
with minimal disruption to the system as a
whole. This is particularly valuable in envi-
ronments where continuous availability and
system uptime are essential, and where any
downtime could result in significant opera-
tional or financial losses. Furthermore, the
architecture's ability to leverage both syn-
chronous and asynchronous communication
models through mechanisms like Oracle Ad-
vanced Queuing (AQ) allows for flexible
orchestration of internal processes. This
enables background tasks, batch processing,
and event-driven workflows to coexist
seamlessly with real-time transactional opera-
tions. As a result, systems built on this model
can efficiently handle a wide spectrum of
workload scenarios, from high-volume trans-
actional spikes to long-running background
jobs, without compromising performance
Or user experience.

Security and compliance also benefit from
this approach. The use of Oracle's robust
native security features—such as fine-
grained access control, auditing, encryption,
and role-based privileges—ensures that
sensitive data is handled appropriately
and that all operations are traceable. This
level of control is crucial for industries that
must adhere to strict regulatory frameworks,
such as finance, healthcare, or public admin-
istration. Combined with structured applica-
tion-level controls in the Java tier, the
architecture supports a defense-in-depth
strategy that safeguards critical assets
across all layers. Another key strength of
this architecture is its extensibility. Organi-
zations can gradually introduce new services,
interfaces, and integration points as their
needs evolve—whether through RESTful
APIls, SOAP services, microservices, or
integration with  third-party platforms
without requiring a major overhaul of the
existing system. This future-proof design
makes it easier to adopt emerging technolo-
gies, adapt to new business models, or scale
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operations geographically, all while maintain-
ing a coherent and stable core system.

In a constantly changing technological
landscape, where agility, reliability, and
performance are increasingly vital to
competitiveness, this approach represents a
solid strategic choice. It empowers organi-
zations to deliver sustainable, high-
performance, and adaptable IT solutions
that align with modern architectural princi-
ples—such as service orientation, modulari-
ty, and scalability—without sacrificing clar-
ity, maintainability, or operational efficien-
cy. Ultimately, this architecture positions
businesses to not only meet their current
technological challenges but also to antici-
pate and respond effectively to future de-
mands.

Moreover, by building on widely adopted
and well-documented technologies like Or-
acle and Java, organizations benefit from a
rich ecosystem of tools, community sup-
port, and skilled professionals. This signifi-
cantly lowers the barrier to entry for new
team members and facilitates long-term
maintenance and scalability of the solution.
The availability of mature debugging, moni-
toring, and performance-tuning utilities al-
lows for proactive system optimization and
rapid issue resolution, contributing to over-
all system robustness. In addition, the
alignment with established enterprise stand-
ards ensures better interoperability with
existing systems and easier integration into
broader digital transformation initiatives.
This combination of technical maturity, eco-
system support, and future-readiness makes
the architecture not only a technically sound
choice, but also a wise long-term investment
for organizations aiming to maintain a com-
petitive edge in a dynamic digital economy.
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