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Abstract—The increasing availability of fragmented public
business and procurement data creates opportunities for
company-level empirical analysis, but limited evidence exists on
how integrated procurement and administrative records can be
used to characterize heterogeneous economic operators in
Albania. This study investigates the analytical value of integrating
public procurement records from the Public Procurement Agency
(APP) with administrative business information from the National
Business Center (QKB) through the unique NIPT identifier. The
resulting company-level dataset is analyzed to examine whether
procurement-derived  characteristics  contain  systematic
information for distinguishing heterogeneous company profiles
and reproducing heuristic risk-oriented classifications. The
empirical framework combines data normalization, entity-level
integration, feature engineering, heuristic-label construction,
supervised classification, Principal Component Analysis (PCA),
K-Means clustering, anomaly detection, feature-importance
analysis, and a financial-enrichment sensitivity experiment. In the
18-feature reduced experiment, HistGradientBoosting achieved
the strongest mean repeated-cross-validation performance, with
an F1-score of 0.8590, ROC AUC 0f 0.9683, and Average Precision
(AP) of 0.9399. The analysis further identifies distinct company
profiles characterized by differences in procurement intensity,
contract value, and economic exposure, including small groups
with exceptionally high activity and atypical characteristics.
Financial enrichment did not produce a substantial improvement
in classification performance, indicating that procurement-
derived variables provide the dominant analytical signal in the
current dataset. Across 999 deterministic label permutations, the
mean ROC AUC was 0.4999, and the mean AP was 0.2700; the
one-sided empirical p-value was 0.001 for both metrics. This
diagnostic does not prove the absence of leakage, overfitting, or
residual proxy dependence. The findings provide empirical
evidence that company-level integration of procurement and
administrative data can reveal heterogeneous procurement
profiles and atypical patterns relevant to procurement
monitoring, public-sector analytical capacity, and data-driven
governance. Because the target labels are heuristic and are not
independently validated against official risk outcomes, the results
are interpreted as exploratory evidence for company profiling and
risk-oriented analysis rather than as formal assessments of
business risk, misconduct, or performance.
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I.  INTRODUCTION

The increasing availability of public data has expanded
opportunities for empirical analysis of businesses and for

supporting decision-making in public administration, scientific
research, and the private sector. Administrative registries and
public procurement data contain valuable information on
company characteristics, economic activity, and relationships
with public institutions. However, these data are frequently
distributed across heterogeneous sources with different
structures, standards, identifiers, and levels of completeness,
making integrated company-level analysis challenging [1], [2],
[23], [26].

In Albania, two important sources of public business
information are the Public Procurement Agency (APP) and the
National Business Center (QKB). APP provides information on
public procurement procedures and participating or winning
economic operators, whereas QKB provides administrative and
identification information on registered economic entities [27],
[28]. Although each source provides valuable information
independently, their integration creates an opportunity to
examine economic operators across multiple procurement
activities while simultaneously considering their administrative
characteristics.

Integrating  these sources presents methodological
challenges related to heterogeneous formats, inconsistent
representations, entity identification, missing information, and
data quality. Consequently, reliable analysis requires data
collection, normalization, quality control, identifier
harmonization, and feature construction [2], [23], [26]. The
present study does not consider these procedures to be the
primary scientific contribution. Rather, they provide the
empirical foundation for investigating what additional
information about companies becomes observable when
fragmented procurement and administrative records are
integrated at the company level.

Existing research has examined procurement transparency
and data-driven governance [1], [21], [25], while other studies
have focused on corruption-risk indicators [6], [10], [11] and
machine learning for procurement monitoring [7], [8], [33].
Procurement data have been used to construct objective
corruption-risk indicators and to identify procurement
characteristics associated with potential irregularities [6], [10],
[11]. Machine Learning has also been applied to procurement
complaints, anomalies, bidder classification, and oversight
prioritization [7], [8], [33].

However, much of this literature operates at the
procurement-procedure or contract level, focusing on individual
tenders, contracting authorities, complaints, competition
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indicators, or procurement-risk signals. Comparatively less
empirical attention has been given to the economic operator as
the analytical unit across multiple procurement procedures. This
distinction is important because aggregating procurement
activity at the company level makes it possible to examine
heterogeneous economic operators according to their
procurement intensity, contract exposure, administrative
characteristics, and atypical activity patterns.

Evidence from Albania is particularly relevant. Martiri and
Kapedani [9] examined competition in Albanian public
procurement of services using Public Procurement Agency data
for 2010-2022 and demonstrated the analytical value of
procurement indicators for understanding competition and
accountability. However, this research focuses primarily on
procurement competition rather than on integrated company-
level profiling.

The research gap addressed in this study therefore concerns
the limited empirical evidence on the structure of company-level
procurement profiles obtained by integrating public
procurement records with administrative business-registry
information, particularly in the Albanian context. The gap has
three dimensions. First, existing procurement research
predominantly evaluates individual procedures or procurement
outcomes rather than the accumulated activity of economic
operators across multiple procedures [6], [7], [8], [9], [10], [11],
[33]. Second, limited evidence is available on whether
integrated procurement and administrative information reveal
distinguishable groups of companies with different levels of
economic activity and exposure. Third, when heuristic labels are
constructed from procurement signals, it remains necessary to
determine whether meaningful discriminatory information
persists after variables directly contributing to label construction
are removed.

This study addresses these gaps by examining a company-
level dataset obtained by integrating APP procurement records
with QKB administrative information through the NIPT
identifier [27], [28]. The analysis investigates whether
procurement-derived  characteristics provide systematic
information for distinguishing heterogeneous company profiles
and for reproducing heuristic risk-oriented classifications under
a reduced-feature design. The study also examines whether
available financial information contributes additional
discriminatory  information beyond procurement-derived
characteristics [29].

The empirical analysis combines supervised and
unsupervised approaches. Supervised classification is used to
evaluate the discriminatory information contained in the
engineered company-level features, whereas Principal
Component Analysis (PCA), K-Means clustering, and anomaly
detection are used to identify and characterize heterogeneous
company profiles independently of the classification task [16],
[18], [19], [31], [32]. Feature-importance analysis is
subsequently used to examine which procurement-related
variables contribute most strongly to the classification models
[12]. A financial-enrichment experiment further evaluates
whether the addition of available financial indicators provides
information beyond procurement-derived characteristics. An
important methodological issue concerns the construction of the
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target labels. Because official company-level risk outcomes are
not available in the dataset, two heuristic labels are constructed
from procurement-related signals. The first experiment
evaluates the ability of the models to reproduce the weaker
heuristic label using the full feature set. The second experiment
provides a more conservative sensitivity analysis by removing
features that directly contribute to the construction of the stricter
heuristic label and evaluating the models using the remaining 18
features. Consequently, the classification results are not
interpreted as evidence of formally validated business risk,
corruption, misconduct, or business failure. Instead, they
indicate the extent to which the available company-level
characteristics contain information associated with the heuristic
profiles defined for this study.

The study makes four substantive contributions. First, it
provides empirical evidence on the analytical value of
integrating fragmented public procurement and administrative
business data at the company level in Albania. Second, it
identifies heterogeneous company profiles based on
procurement intensity, contract value, and administrative
characteristics, including small groups exhibiting exceptionally
high levels of activity and atypical economic exposure. Third, it
evaluates the persistence of discriminatory information after
reducing direct feature-label overlap. Fourth, it examines the
incremental value of financial enrichment.

These contributions distinguish the study from work that
primarily develops generic data-processing or Machine
Learning pipelines. The computational procedures are used as
analytical instruments, while the principal contribution lies in
the empirical evidence generated from the integrated APP—QKB
dataset and in the company-level perspective that this
integration enables. The findings are therefore positioned as
exploratory evidence relevant to procurement monitoring,
public administration, and data-driven governance rather than as
an automated institutional risk-assessment system [8], [21],
[25].

The remainder of the study is organized as follows. Section
IT presents the related work on public procurement analytics,
Machine Learning for procurement monitoring, administrative
data integration, company-level profiling, and research in
Albania and comparable contexts. Section III describes the
proposed methodology, including the data sources, collection
and integration procedures, feature engineering, heuristic-label
construction, and experimental design. Section IV presents the
classification results, PCA and clustering analysis, anomaly
detection, feature-importance analysis, and financial-
enrichment experiment. Section V discusses the findings and
their implications for procurement governance, public
administration, and digital government. Section VI presents the
conclusions and limitations, while Section VII outlines
directions for future research.

II.  RELATED WORK

This section reviews empirical research relevant to the
analytical use of public procurement data, Machine Learning for
procurement monitoring, administrative data integration, and
company-level profiling. Particular attention is given to
evidence from Albania and comparable European and post-
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transition contexts, thereby positioning the present study within
its specific institutional and application domain.

A. Public Procurement Data and Transparency

Public procurement data provide an important empirical
basis for analyzing competition, transparency, efficiency,
accountability, and potential irregularities in government
contracting. The availability of open government data has
increasingly created opportunities to move from descriptive
transparency toward systematic empirical analysis of public-
sector activity [1], [21], [25]. However, the analytical value of
these data depends strongly on their quality, completeness,
standardization, and consistency. Research on data and
information quality emphasizes that inconsistencies, missing
information, heterogeneous structures, and inadequate data
preparation can substantially affect the reliability of subsequent
analytical processes [2], [23], [26].

Empirical studies have demonstrated that procurement data
can be used to construct risk indicators and identify procurement
procedures that warrant additional institutional scrutiny.
Lisciandra, Milani, and Millemaci [6] developed a corruption
risk indicator using Italian public works data, while Fazekas and
colleagues [10], [11] demonstrated the usefulness of objective
procurement indicators for identifying patterns associated with
corruption risk.

The present study builds on this literature by examining
whether procurement information can be aggregated across
multiple procedures to characterize economic operators and
identify heterogeneous company-level profiles.

B. Machine Learning for Procurement Monitoring

Machine Learning has increasingly been used for
classification, anomaly detection, risk assessment, and decision
support in public procurement [3], [7], [8], [14], [15]. Nai et al.
[7] combined public procurement data with administrative
justice records in Italy and developed Machine Learning models
to identify procurement procedures associated with complaints
and disputes. Salazar, Pérez, and Gallego [8] developed ViglA,
combining Machine Learning models with risk indices to
support procurement oversight and prioritization.

Recent work in Romania has also applied Machine Learning
to a large public procurement dataset for bidder classification,
illustrating the potential of large-scale procurement data for
automated analytical assessment [33].

An important methodological issue in this literature
concerns the relationship between heuristic target construction
and model predictors. When a target variable is derived from
procurement characteristics that are subsequently used as model
inputs, the resulting performance may partly reflect label-feature
dependency. The present study therefore distinguishes between
a full-feature experiment and a reduced-feature experiment
designed to examine whether discriminative information
remains after removing features directly involved in
constructing the stricter heuristic label. Model evaluation
follows established principles for classification and imbalanced
data, using cross-validation [17], ROC AUC [5], and Precision-
Recall measures [24].
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C. Administrative Data Integration and Company-Level
Business Profiling

Administrative data are frequently collected and maintained
by different public institutions for distinct administrative
purposes. Their integration can create analytical opportunities
that are not available when each source is considered
independently [1], [2], [23], [26].

In the context of public procurement, procurement records
describe the interaction between economic operators and
contracting authorities, whereas business registries provide
additional information about the economic operators themselves
[27], [28].

Existing procurement studies have primarily examined
tenders, contracts, contracting authorities, competition
indicators, complaints, and procurement-specific risk signals
[61, [71, [8], [9], [10], [11], [33]. Although this literature
provides substantial evidence at the procurement-procedure
level, comparatively less attention has been given to the
economic operator as an analytical unit across multiple
procurement activities.

A company-level perspective provides a complementary
analytical dimension. Instead of evaluating an individual tender
in isolation, an integrated dataset can characterize an economic
operator according to procurement participation, contract
values, activity intensity, administrative characteristics, and
atypical patterns.

For the present study, the NIPT identifier provides the
linkage mechanism between procurement and business-registry
information [27], [28]. This linkage enables procurement
observations to be aggregated at the company level and provides
an empirical basis for examining heterogeneity among
economic operators participating in public procurement in
Albania.

D. Public Procurement Research in Albania

Research on Albanian public procurement has examined
competition, savings, transparency, accountability, and
institutional performance. Martiri and Kapedani [9], using
Public Procurement Agency data covering 2010-2022,
examined competition in Albania's public procurement of
services through indicators including bids per tender, funding
allocations, contract numbers, disqualified bids, and single-
versus multiple-bid contracts. Their findings demonstrate the
relevance of procurement data for evaluating the functioning of
the Albanian procurement market.

These findings establish the empirical relevance of
procurement analysis in Albania, but they primarily examine
procurement competition and institutional aspects rather than
integrated company-level profiles. Evidence from Italy,
Colombia, and Romania further demonstrates the potential of
combining procurement data with Machine Learning and
administrative information [7], [8], [33]. However, differences
in institutional structures, registry systems, procurement
practices, and data availability mean that findings from other
countries cannot simply be transferred to Albania without
empirical examination of the Albanian data environment.
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E. Research Gap

Existing research has established the value of public
procurement data, Machine Learning, risk indicators, anomaly
detection, and data-driven monitoring for public-sector decision
support [6], [7], [8], [9], [10], [11], [18], [21], [25], [33].
Research on data quality and administrative data integration
further emphasizes the importance of preparing and linking
heterogeneous public datasets before conducting empirical
analysis [2], [23], [26].

The research gap addressed in this study is the limited
empirical analysis of economic operators through the integration
of public procurement records and administrative business-
registry information at the company level, particularly in the
Albanian context.

The present study addresses this gap by integrating APP
procurement records with QKB administrative business
information through the company NIPT identifier [27], [28].
The resulting company-level dataset is used to investigate
company profiles, the discriminatory information retained after
reducing direct label-feature overlap, the characteristics
contributing to company differentiation, and the incremental
value of available financial information [29].

The contribution therefore lies primarily in the empirical
characterization of Albanian economic operators enabled by the
integration of APP and QKB data, rather than in the
development of a new Machine Learning algorithm.

III. PROPOSED METHODOLOGY

A. Research Design and Analytical Framework

The study adopts an empirical, company-level analytical
design to investigate the analytical value of integrating public
procurement records with administrative business information.
The objective is not to develop a new Machine Learning
algorithm, but to examine whether the integration of fragmented
public data enables the identification and characterization of
heterogeneous economic operators participating in public
procurement.

The methodological framework consists of six
interconnected stages: 1) data collection, 2) data normalization
and quality control, 3) company-level data integration, 4) feature
engineering and heuristic-label construction, 5) supervised and
unsupervised analysis, and 6) robustness and sensitivity
evaluation. The overall process transforms heterogeneous
record-level public information into a standardized company-
level analytical dataset.

The analytical unit is the company, identified through the
NIPT/NUIS identifier. This choice distinguishes the present
study from procurement-level approaches that analyze
individual tenders or contracts. By aggregating procurement
observations at the company level, the analysis captures the
accumulated procurement activity of economic operators over
the observation period.

The methodological framework combines supervised
classification with complementary unsupervised techniques.
Classification models are used to evaluate whether company-
level features contain discriminatory information associated
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with the heuristic labels. PCA and K-Means are used
independently of the classification task to investigate the
underlying structure and heterogeneity of the companies.
Isolation Forest is subsequently used to identify observations
that deviate substantially from the dominant feature-space
structure [16], [18], [19].

The study therefore treats machine learning as an analytical
instrument for empirical investigation rather than as the
principal methodological contribution.

B. Data Sources

The experiment uses two primary administrative sources and
one supplementary financial source.

1) The Public Procurement Agency (APP) provides
publicly accessible information concerning public procurement
procedures and economic operators participating in or winning
procurement activities. Historical procurement records
covering the period 2006-2025 were collected from the APP
public data environment [27].

The collected procurement information includes variables
describing procurement procedures, contracting authorities,
procedure status, allocated budgets, winning economic
operators, and contract values. These records constitute the
primary source for measuring the procurement activity of
companies.

During the data collection process, 10,341 unique companies
that had won at least one public procurement contract were
identified.

2) National Business Center (QKB): The National Business
Center provides administrative information concerning
registered economic entities in Albania [28]. The QKB data
were used to enrich procurement observations with company-
level administrative characteristics.

A total of 59,266 documents were processed. Relevant
attributes included legal form, current business status, location,
incorporation information, and company age.

The QKB data therefore provide contextual information
about the economic operators identified in the procurement
records and allow the analysis to move beyond procurement
activity alone.

3) Open Corporates Albania was used as a supplementary
source for the financial-enrichment experiment [29]. A total of
40,034 historical financial records were collected.

Financial variables included information on annual revenue
and net profit for companies for which such information was
available. Because financial coverage was substantially lower
than the coverage of procurement and administrative data,
financial information was not included in the primary
classification dataset. Instead, it was incorporated in a separate
sensitivity experiment to assess whether financial variables
provide additional discriminatory information beyond
procurement-derived characteristics.
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C. Data Collection, Normalization, and Quality Control

The data collection stage employed a structured web-
scraping process to retrieve publicly available procurement and
business information from the relevant sources [20]. During the
collection process, Albiz Collector structurally stores process
metadata (requested URLs, content hashes, and HTTP status
codes), ensuring the provenance and reproducibility of the
pipeline.

In total, these sources enabled the construction of an
integrated company-level dataset, which served as the
foundation for analytical feature engineering and the application
of machine learning methods for classification, profiling, and
anomaly detection.

Data integration was achieved through the exact matching of
the unique Taxpayer Identification Number (NIPT/NUIS),
following the standardization of its format. Out of the 10,341
winning companies identified in the APP data, 10,266
companies were successfully matched with the QKB registry.

The financial source covered a smaller subset. Financial
information was available for 3,159 companies, corresponding
to 30.8% of the 10,266 companies in the integrated APP-QKB
dataset.

D. Integration Pipeline and Feature Engineering

Based on this integrated dataset, 30 initial features were
constructed, describing public procurement activity, company
characteristics, and the ratios between contract values and
allocated budgets. These features form the basis for exploratory
analysis and the development of machine learning models.

To transform the aggregated procurement data into

standardized, company-level analytical indicators, two
analytical indicators were constructed to summarize
procurement activity.

1) Business  Performance  Indicator  (BPI):  This
procurement-activity proxy combines five nonnegative

company-level components after maximum-normalized

logarithmic transformation:

In(1+x;)

— m
BPP; =100 * Y72, wy LM’

x>0

where, x;;, represents the quantitative component k of the
activity of company 7 (such as the number of won tenders or the
total value) andw,, is the specific weight allocated to each
component. M, is its maximum in the 10,266-company
analytical dataset, and the fixed weights are 0.30 for active
procurement count, 0.30 for active total winner value, 0.20 for
distinct contracting-authority count, 0.10 for active-year span,
and 0.10 for rows with a winner value. These weights define an
analyst-specified procurement-activity proxy; they were not
estimated from independent business outcomes. The
components, weights, and operational rationales are
summarized in Table I.

2) The Sure Winner Ratio (SWR): To measure the
efficiency or deviation of winning bids relative to the allocated
budgets, without causing division-by-zero errors, the function
is applied:
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where, Vg is the winning value of the economic operator,
and Vl-’]? is the initial budget allocated for that procedure.

The Open Contracting Data Standard (OCDS) was used as a
conceptual reference for procurement terminology and the
organization of procurement information [22]. It was not used
as the source of the mathematical formulations above.

TABLE L COMPONENTS AND FIXED WEIGHTS OF THE PROCUREMENT-
ACTIVITY PROXY
Component Weight Rationale
Active procurement count 0.30 Overall procurement activity
Active total winner value 0.30 Economic exposure
Distinct contracting- 0.20 Breadth of institutional
authority count ) participation
Active-year span 010 Copt;nmty of  procurement
activity
. . Availabili f
Rows with a winner value 0.10 V;{i;:bl ity of recorded award

E. Heuristic Risk-Label Construction

Due to the lack of official risk labels, two heuristic labels
were constructed (weak risk label and strict weak risk label)
based on public procurement activity signals. The heuristic Risk
Function (y;) determines whether a company i is assigned to
Class 1 or Class 0 according to the number of predefined
procurement-related signals triggered by the company.

The general formulation is:

: 1
C; = Z Iy, yi = {0'
k=1 ’

The distribution of companies across the two classes for both
heuristic labels is presented in Table II. For the weak risk_label,
6,889 companies (67.1%) belong to Class 0 and 3,377
companies (32.9%) to Class 1. For the more restrictive
strict_weak_risk_label, Class 0 contains 7,521 companies
(73.2%), while Class 1 contains 2,745 companies (26.8%).
Thus, both label variants exhibit a moderate class imbalance,
with the imbalance being more pronounced for the strict label.

ifC, =1
lfCl <T

TABLE II. HEURISTIC LABEL DISTRIBUTION AND DATASET CLASS
STRUCTURE
Variable Class 0 Class 1 Total numl')er of
companies
. 6,889 3,377
weak_risk label (67.1%) (32.9%) 10,266
. . 7,521 2,745
strict_weak_risk_label (73.2%) (26.8%) 10,266

Two experimental settings were considered to evaluate the
classification models while examining the potential dependence
between the predictors and the heuristic labels.

The first, Full-Feature, Weak-Label Replication, used the
complete feature set to reproduce the weak risk label. Because
some of the features were also involved in constructing the
heuristic label, the results of this experiment primarily indicate
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how well the models reproduce the structure embedded in the
labeling rule. The second, Reduced-Feature, Strict-Label,
excluded the features that directly contributed to the
construction of the strict weak_risk label, leaving 18 features
for model training. This second setting was introduced as a
sensitivity analysis to reduce direct label-feature dependency
and to examine whether predictive information remained after
the most immediate overlap between the predictors and the
heuristic target had been removed.

To assess whether the observed classification performance
could arise from random association between the retained
features and the heuristic target, a shuffled-label permutation
diagnostic was conducted using the 18-feature reduced dataset
and HistGradientBoosting under the same repeated 5-fold cross-
validation structure. An initial run with 10 permutations was
used as a preliminary diagnostic to verify the permutation
procedure and null behavior. Because 10 permutations provide
a coarse empirical p-value resolution, the analysis was
subsequently repeated with 999 deterministic permutations,
which was treated as the final diagnostic. For each permutation,
the target labels were randomly reassigned while the feature
matrix and cross-validation structure were retained unchanged.
The empirical one-sided p-value was calculated as p=(r + 1)/(B
+1), where r denotes the number of permutations whose
performance equaled or exceeded the observed value and B is
the number of permutations.

Six  classification  algorithms  were  evaluated:
HistGradientBoosting, Random Forest, Gradient Boosting,
Extra Trees, KNN, and Logistic Regression. These models were
selected to provide a comparison between nonlinear tree-based
ensemble approaches and simpler parametric or distance-based
methods. Random Forest follows the ensemble framework
introduced by Breiman [4], while Gradient Boosting is based on
the framework proposed by Friedman [13]. Extra Trees follows
the extremely randomized tree approach proposed by Geurts,
Ernst, and Wehenkel [30]. General machine learning principles
relevant to the classification experiments were also considered
[31, [14], [15]. This combination of models allows the analysis
to assess whether the nonlinear relationships and interactions
present in the procurement-derived features provide additional
discriminatory information compared with simpler modeling
approaches.

Model performance was evaluated using repeated 5-fold
cross-validation with three repetitions. In each repetition, the
dataset was divided into five folds. Four folds were used for
model training and one fold for validation, with the process
repeated until each fold had served as the validation set. The
procedure was then repeated three times to reduce the influence
of a particular partition of the observations. Cross-validation
provides a more robust estimate of model performance than
relying on a single train-test partition [17].

The moderate class imbalance shown in Table II was taken
into account when evaluating the -classification results.
Accuracy was therefore not treated as a sufficient standalone
measure, since a model can obtain relatively high accuracy by
favoring the majority class without performing equally well on
the minority class. Model performance was assessed using F1-
score, ROC AUC, Precision-Recall AUC (PR AUC), Recall,
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and Accuracy. Fl-score provides a balance between precision
and recall, while ROC AUC measures the ability of a classifier
to distinguish between the two classes across classification
thresholds [5]. PR AUC was also considered because Precision-
Recall analysis provides a more informative assessment of
classification performance when the classes are not equally
represented [24]. Taken together, these measures provide a
broader assessment of model performance and reduce the risk of
concluding accuracy alone.

IV. ANALYSIS RESULTS AND EVALUATION OF MACHINE
LEARNING METHODS

A. Classification Results

In the first experiment, the models demonstrated a strong
capability to reproduce the heuristic label (weak risk label).
The HistGradientBoosting model achieved the highest
performance in this experiment. The potential label-feature
dependency was addressed in Experiment 2 (Reduced-Feature),
where nine direct label contributors and three close alternate
aggregates were excluded; the models were trained on 18
retained source features and evaluated against the
strict weak risk label target.

In this configuration, six classification algorithms were
compared: HistGradientBoosting, Random Forest, Gradient
Boosting, Extra Trees, KNN, and Logistic Regression.
Performance was estimated with Repeated Stratified K-Fold
cross-validation (five folds, three repetitions, random state 42),
resulting in 15 validation folds. The mean performance
measures for the Reduced-Feature experiment are presented in
Table III.

TABLE III.  MEAN REPEATED-CV RESULTS FOR THE 18-FEATURE
REDUCED EXPERIMENT
F1- ROC
Model Accuracy AP Recall Score AUC
Logistic Regression 0.8161 0.7202 0.6674 | 0.6599 | 0.8487
Random Forest 0.9168 0.9305 0.8605 | 0.8469 | 0.9644
Gradient Boosting 0.9223 0.9297 0.8056 | 0.8472 | 0.9634
Extra Trees 0.9092 0.9052 0.7537 1 0.8160 | 0.9533
HistGradientBoosting | 0.9283 0.9399 0.8171 | 0.8590 | 0.9683
KNN 0.7793 0.5430 0.4137 | 0.5006 | 0.7351
HGB shuffled-label null
mean. B=10| 0.7254 0.2716 0.0149 | 0.0281 | 0.5025
permutations

The results of Experiment 2  indicate that
HistGradientBoosting  achieved the  strongest mean
performance, with an Fl-score (0.8590), ROC AUC (0.9683),
and Average Precision (0.9399) among the evaluated models
(Table III). Random Forest, Gradient Boosting, and Extra Trees
also exhibited high performance with ROC AUC values of
0.9644 and 0.9634, respectively. Extra Trees produced a ROC
AUC of 0.9533, whereas Logistic Regression and KNN
achieved lower values of 0.8487 and 0.7351. These values
describe agreement with a constructed heuristic target and are
not validation against independently observed risk outcomes.

To evaluate whether the observed classification performance
could be explained by random association between the retained
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features and the heuristic target, a shuffled-label permutation
diagnostic was performed using the 18-feature dataset and
HistGradientBoosting.

Table I1I(A) shows that the observed mean ROC AUC was
0.9683 and the observed AP was 0.9399. In the final 999-
permutation analysis, the null mean ROC AUC was 0.4999 and
the null mean AP was 0.2700. No permutation equaled or
exceeded the observed performance for either metric. Thus, with
=0 and B=999, the one-sided empirical permutation p-value
was 0.001 for both ROC AUC and AP.

TABLE III (A). SHUFFLED-LABEL PERMUTATION DIAGNOSTIC FOR THE 18-
FEATURE HISTGRADIENTBOOSTING MODEL

Null Empirical Null Empirical
Metric | Observed Mean p-value Mean p-value
(B=10) (B=10) (B=999) (B=999)
ROC
AUC 0.9683 0.5025 0.0909 0.4999 0.001
AP 0.9399 0.2716 0.0909 0.27 0.001

The preliminary 10-permutation run produced null means of
0.5025 for ROC AUC and 0.2716 for AP, with a minimum
attainable p-value of 0.0909 under the same plus-one estimator.

The results indicate that the observed discrimination is
substantially higher than the performance obtained under
randomly permuted labels. Thus, the permutation diagnostic
provides evidence against a purely random feature-label
association. Nevertheless, it does not establish the absence of
data leakage, overfitting, or residual proxy dependence resulting
from the heuristic construction of the target.

B. Principal Component Analysis (PCA) and Clustering

To explore the dataset structure in an unsupervised manner,
Principal Component Analysis (PCA) was applied to the
standardized numerical features. PCA enables data
dimensionality reduction by transforming the original variables
into a new set of components, ordered by the amount of variance
they explain [16]. The objective of applying PCA in this study
was not to eliminate features for predictive modeling, but rather
to identify latent structures and visualize company profiles in a
lower-dimensional space.

Explained Variance
30.0% -

25.3%
25.0% -
20.0% -
15.0% -
12.3%

10.0% - 8.9%

5.0% -

0.0% - v v v
PC1 PC2 PC3

Fig. 1. Explained variance ratio for the first three components, PCA.

As shown in Fig. 1, the first three principal components
explained 25.3%, 12.3%, and 8.9% of the total variance,
respectively, accounting for approximately 46.5% of the total
information in the dataset. The analysis of component loadings
revealed that PC1 is dominated by features related to the scale
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of public procurement activity, such as the number of active
contracts and the total contract value. Subsequent components
are more closely associated with administrative characteristics
and ratios between contract values. This indicates that the
primary structure of the dataset is determined by the economic
intensity of public activity, whereas administrative
characteristics contribute to the secondary differentiation of
profiles.

K-Means clustering was applied to the same standardized
and one-hot encoded 51-dimensional profile matrix used by the
implementation; PCA was used only for visualization. Solutions
from k =2 to k=10 were evaluated to examine the sensitivity of
the cluster structure to the selected number of groups.

The clustering diagnostics favored k=2, with a silhouette
coefficient of 0.675 and a Calinski-Harabasz index of 1,582.1.
In comparison, the k=5 solution produced a substantially lower
silhouette coefficient of 0.192 and included a very small cluster
containing only 18 companies. Inertia decreased progressively
as increased, without indicating a unique elbow point (Fig. 2(a),
Fig. 2(b)).

Therefore, the existing k=5 solution is retained as a higher-
resolution exploratory representation consistent with the
implemented analytical dashboard, rather than as the empirically
optimal solution for identifying natural company groupings. The
five clusters should consequently be interpreted as exploratory
company profiles rather than definitive or naturally separated

company types.

(a) Elbow diagnostic (b) Silhouette diagnostic
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(c) Exploratory PCA projection of the retained k=5 solution
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Fig. 2. Cluster-count sensitivity and retained exploratory view: (a) Inertia
and (b) Silhouette score for k = 2—10; (c) PCA projection of the existing k = 5
solution.

The resulting five profiles are presented in Table IV. The two
largest groups (Cluster 0 and Cluster 3), which represent
approximately 82.8% of the companies, are characterized by
relatively low public procurement activity. Cluster 2 comprises
companies with high contract values and a higher proportion of
positive heuristic-label assignments, whereas Cluster 1 and
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Cluster 4 represent very small groups of companies with
exceptionally high levels of activity and a higher concentration
of atypical observations, suggesting the presence of outliers in
the dataset.

TABLEIV. KEY CHARACTERISTICS OF THE CLUSTERS IDENTIFIED BY K-

MEANS ALGORITHM
Clusters ‘Cluoster Cluster 1 Cluzster Clu;ter Cluster 4
Companies | 5,294 95 1,658 3,201 18
Share 51.6% | 0.9% 162% |312% |02%
Mean 3051|7930 5849 2765 |69.91
performance
Mean active | ; | 95935 9143  |4.69 |233.00
count
Mean active
winner value | 9.40M | 636.10M 502.02M | 10.84M | 16,652.14M
™M)
:Zf:k tabel | 55 204 | 100.0% 53.5% |28.6% |33.3%
f;;“ tabel | 5 6o, | 100.0% 45.0% | 23.5% |27.8%
Low Higher High Low Higher
Profile .. anomaly value .. anomaly
activity . . activity .
concentration | winners concentration

Fig. 2(c) illustrates the projection of companies onto the two-
dimensional space defined by the first two principal components
of the PCA, where the color indicates the cluster membership
identified by the K-Means algorithm. The positioning of
companies within this space reflects the similarities and
differences among their economic and operational profiles, as
determined by the features utilized in the analysis. Companies
located in proximity to one another exhibit similar structures
regarding public procurement activity, performance, and
procurement-related indicators, whereas the groups situated
further from the center represent more specific profiles or
extreme cases.

Cluster 0 (blue) is the largest group, comprising 5,294
companies (51.6% of the dataset). In the PCA space, it appears
concentrated near the central zone, indicating a profile similar to
the average characteristics of the companies in the dataset.
According to Table IV, this cluster is characterized by low
public procurement activity (averaging 7 active contracts with a
mean value of approximately 9.4 million), low average
performance (30.51), and a relatively low level of positive
heuristic-label assignments (27.8% under the weak label and
21.6% under the strict label). This suggests that Cluster 0
represents the baseline profile of companies, featuring limited
exposure to public contracts and lacking pronounced extreme
characteristics.

Cluster 3 (red) represents the second-largest group,
comprising 3,201 companies (31.2%). Although it appears in the
PCA plot as a distinct group separated from Cluster 0, its
characteristics are similar: low public activity (averaging 4.69
active contracts), relatively low contract value (10.84 million),
and low performance (27.65). The positive heuristic-label rate is
slightly higher compared with Cluster 0 (28.6% under the weak
label and 23.5% under the strict label), but the difference is not
substantial. Its separate positioning in the PCA space suggests
that this cluster differs from Cluster 0 not by the absolute level
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of activity, but rather by the combination of other features
included in the analysis. Consequently, Cluster 0 and Cluster 3
together represent the dominant segment of companies with
limited activity, accounting for approximately 82.8% of the
dataset.

Cluster 2 (orange) comprises 1,658 companies (16.2%) and
presents a significantly different profile from the two primary
groups. In Table IV, this cluster is characterized by much higher
public procurement activity (averaging 91.43 active contracts),
a high mean contract value (502 million), and higher
performance (58.49). However, this level of activity is
accompanied by a greater prevalence of the procurement signals
incorporated into the heuristic labels (53.5% under the weak
label and 45.0% under the strict label).

The position of Cluster 2 in the PCA plot is linked to this
combination of high economic activity and greater prevalence
of heuristic procurement signals, indicating a group of
companies of higher economic significance that may
consequently warrant more careful analytical monitoring.

Cluster 1 (green) and Cluster 4 (purple) are the smallest and
most extreme groups. Cluster 1 includes only 95 companies
(0.9%), yet is characterized by exceptionally high levels of
activity (averaging 920 active contracts) and a mean contract
value exceeding 636 million. All companies in this cluster are
assigned to the positive class under both heuristic labels. In the
PCA plot, this group appears shifted away from the main body
of the dataset, reflecting its extreme and heterogeneous nature.
This finding suggests a concentration of cases with very high
economic exposure and potentially atypical characteristics.

Cluster 4 (purple) is the smallest group, with only 18
companies (0.2%), but it features the highest mean value of
active contracts (16.65 billion). Its isolated positioning in the
PCA space aligns with the characteristics shown in the table,
indicating companies with a very large scale of activity and a
distinct economic profile. Although the risk rate is lower than in
Cluster 1 (33.3% under the weak label and 27.8% under the strict
label), the extremely high magnitude of financial exposure
makes this group highly significant for further analysis and
anomaly detection.

Overall, the PCA and K-Means analysis reveals the
existence of several distinct company profiles within the
Albanian public procurement market. While the vast majority of
companies are characterized by limited activity, a smaller subset
exhibits significantly higher levels of activity and financial
exposure. These extreme profiles serve as a foundation for
subsequent anomaly analysis using dedicated outlier detection
algorithms, which are presented in the following section.

C. Anomaly Detection, Feature Importance, and the
Financial Enrichment Experiment

For the identification of profiles with atypical behavior in the
feature space, the unsupervised Isolation Forest algorithm was
applied. This method is highly suited for high-dimensional
datasets, as it identifies observations that are isolated more
quickly from the dominant portion of the data and classifies
them as potentially anomalous cases [18].
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The results demonstrated that the majority of companies lie
within the dominant structure of the dataset, while a limited
number of companies exhibit significant deviations from the
average profile. These deviations are primarily associated with
extreme combinations of public procurement activity
characteristics, such as a high number of active procedures,
significant contract values, a large number of won contracts, or
unusual values of metrics derived from public activity. These
profiles align with the extreme companies previously identified
by the PCA and clustering analyses, specifically Cluster 1 and
Cluster 4.

3D Isolation Forest Anomaly Analysis
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Fig. 3. Anomaly detection results using Isolation Forest.

Fig. 3 illustrates the distribution of companies based on the
anomaly score generated by the Isolation Forest algorithm. It is
observed that the majority of companies form a dense cluster
near the average profile of the dataset, whereas isolated cases
represent companies with characteristics that differ markedly
from the rest of the analyzed population. These findings should
not be interpreted as confirmed problematic cases, but rather as
profiles requiring further investigation due to their deviation
from the rest of the analyzed population.

Feature importance was analyzed using two tree-based
ensemble models, Random Forest and Extra Trees [4], [30].
Although HistGradientBoosting achieved the highest
performance in the classification benchmark, these two models
were selected for the interpretability analysis due to their ability
to estimate the relative contribution of input variables and the
more direct interpretability of their decision tree structures. The
feature-importance analysis indicated that variables related to
public procurement activity contributed strongly to the models'
discrimination between the heuristic classes. These importance
measures are interpreted as indicators of variable contribution to
predictive discrimination rather than as causal effects [12].
Among the most informative variables were the number of
canceled procedures, the total value of the active budget limit,
the number of active procedures, and other indicators describing
the intensity and structure of the companies' public activity. This
indicates that the operational information derived from
procurement data contains the primary signal utilized by the
models to differentiate company profiles.

Fig. 4 illustrates the relative importance of the ten most
informative features according to the Random Forest model.
These results should be interpreted as indicators of variable
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contribution to the classification process rather than as causal
relationships between the features and the heuristic labels.

Random Forest — Top 10 Feature Importances

cancelled_procurement_count - _ 0.328
active_total_budget_limit_amount - _ 0.125
active_procurement_count - _0.101
distinct_contracting_authority_count - - 0.070
rows_with_winner_value_count - - 0.063
rows_with_budget_count - [JJI 0.056
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total_budget_limit_amount - [JJJJij 0.050
company_age_days_at_last_procurement - - 0.032
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Fig. 4. Feature importance of the top predictive variables.

To assess the impact of financial information on model
performance, an additional experiment was conducted on the
subset of companies for which financial data from
OpenCorporates was available. The objective of this experiment
was to determine whether incorporating financial indicators
provides supplementary information beyond the features
extracted from public procurement activity.

Procurement-only vs Procurement + Financial
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Fig. 5. Comparison of model performance with and without financial
enrichment.

Unlike the feature importance analysis, which utilized only
Random Forest and Extra Trees for interpretability, the financial
enrichment experiment was conducted by comparing several of
the primary classification models used during the benchmarking
phase. This approach was employed to evaluate whether
incorporating financial data yielded a consistent performance
improvement across different models.

The results presented in Fig. 5 indicate that incorporating
financial information did not lead to a significant improvement
in classification performance. Although some models exhibited
minor changes in evaluation metrics, the differences were
insufficient to demonstrate a substantial increase in predictive
power.

This finding
configuration, the

in the current dataset
contained within public

suggests that,
information
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procurement activity represents the primary source of signal for
constructing the heuristic company profiles. The financial data
serves as a complementary source, and its potential could be
enhanced in future studies through the use of more
comprehensive, up-to-date financial data with broader coverage.

V. DISCUSSION

The results demonstrate that integrating APP procurement
records with QKB administrative data at the company level
provides analytical information that is not readily visible when
procurement procedures are examined separately. The strong
performance of the reduced-feature models (Table IIT) indicates
that relevant discriminatory information remains after removing
features directly used to construct the heuristic label. Similar
applications have demonstrated the potential of machine
learning for bidder classification and procurement monitoring
[7], [33]. However, because the labels used in this study are
heuristic, the results should be interpreted as company profiling
rather than validated business-risk prediction.

The PCA and K-Means results (Table IV and Fig. 1 and 2)
reveal substantial heterogeneity among economic operators.
Most companies show relatively low procurement activity,
while smaller groups exhibit substantially higher activity and
contract exposure. From a procurement-governance perspective,
these profiles can complement procedure-level monitoring by
helping identify companies or patterns that may warrant further
analytical review. Recent research and policy work similarly
highlight the potential of machine learning and data analytics to
support procurement oversight and risk-oriented monitoring [8],
[35].

From a public-administration perspective, the integration of
APP and QKB through the NIPT demonstrates the value of
linking fragmented administrative information. The resulting
company-level dataset provides a more comprehensive
representation of economic operators and supports the analytical
reuse of administrative data. This is consistent with recent
developments in European public procurement, where
interoperability, data integration, and reuse are increasingly
emphasized [35], [37].

From a policy perspective, the anomaly-detection results
(Fig. 3) suggest that integrated company-level indicators could
support exploratory monitoring and prioritization of cases for
further human review. Such use should not be understood as
automated identification of misconduct or risk. Recent research
emphasizes the value of combining analytical models with
independently observed outcomes and complementary
information sources for more reliable risk detection [35], [36].

The financial-enrichment experiment did not produce a
substantial improvement in model performance. However,
because financial information was available for only 3,159
companies (30.8% of the integrated dataset), this result should
be interpreted cautiously. It indicates that procurement-derived
variables provide the dominant analytical signal in the current
dataset, rather than demonstrating that financial information has
no value.

Overall, the findings support the analytical value of
company-level integration of public procurement and
administrative data in Albania. The main contribution lies in the
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empirical evidence enabled by integrating fragmented public
information, while machine learning serves as an analytical tool
for classification, company profiling, and anomaly detection
rather than as the primary contribution.

VI. CONCLUSION

This study demonstrated the analytical value of integrating
APP procurement records with QKB administrative business
data at the company level through the NIPT identifier. The
results showed that procurement-derived features contain
substantial information for distinguishing heterogeneous
company profiles, including atypical high-activity groups. The
reduced-feature experiment and shuffled-label sanity check
provided additional methodological support for the analysis.

The findings are relevant to procurement governance, public
administration, and digital government, as integrated company-
level data can support exploratory monitoring, company
profiling, and the prioritization of cases requiring further
institutional review. In the Albanian context, this company-level
perspective complements existing research focused primarily on
competition, savings, and accountability in public procurement

[9].

However, the heuristic labels, predefined feature weights,
limited financial-data coverage, and absence of independently
validated risk outcomes restrict the interpretation of the models
as formal business-risk predictors. Overall, the contribution lies
in the empirical company-level analysis enabled by integrating
fragmented public data in Albania, rather than in developing a
new machine learning algorithm.

VII. FUTURE WORK

Future Research Should Focus on Independently Validated
Risk Outcomes, Empirically Justified Feature Construction,
Broader Longitudinal Financial Data, and Temporal and Graph-
based Analysis of Relationships Among Companies and
Contracting Authorities. Future Studies Could Also Examine the
Interoperability of Additional Administrative Data Sources and
Evaluate Whether Their Integration Improves Company-level
Profiling. Explainable Artificial Intelligence (XAI) Methods
Could Further Improve the Transparency and Interpretability of
Model Outputs [34], [35], [36]
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