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RÉSUMÉ

La gestion des chaînes d’approvisionnement dans le réseau de la santé et des services
sociaux (RSSS) mobilise des processus complexes où des anomalies (variations de prix, retards
de livraison, retours inhabituels) peuvent nuire à l’efficacité, à la transparence et à la sécurité
des soins. Ce mémoire propose une approche intégrée de détection d’anomalies basée sur
l’Intélligence Artificielle (IA), à partir de données réelles issues du système SAP du Centre
intégré universitaire de santé et services sociaux du Saguenay–Lac-Saint-Jean(CIUSSS-SLSJ).
En raison de contraintes de confidentialité institutionnelle, les jeux de données SAP et le code
ne peuvent pas être rendus publics; seuls des résultats agrégés et les détails méthodologiques
sont présentés. Le travail est structuré en deux manuscrits de type article (préprints) destinés
à une soumission ultérieure. Le premier article décrit un pipeline dans un environnement
pandas combinant des algorithmes non supervisés [Isolation Forest, One-Class Support Vector
Machine, Local Outlier Factor, Robust Covariance utilisée dans une Envelope Elliptique (EE)],
une optimisation bayésienne des hyperparamètres et des filtres de post-traitement adaptés au
domaine. Les résultats suggèrent que l’association de méthodes IA et de filtres spécifiques
au domaine améliore la précision et la pertinence opérationnelle de la détection d’anomalies
dans les données d’approvisionnement du CIUSSS-SLSJ. Le second article traite de la
portabilité vers Apache Spark en réimplantant le pipeline et en évaluant la reproductibilité des
résultats en environnement distribué. Les performances demeurent robustes, tout en mettant
en évidence des défis techniques liés aux algorithmes et au partitionnement des données.
Globalement, le système vise à améliorer la qualité des alertes, notamment en réduisant les
faux positifs afin d’identifier des écarts plus actionnables, et à préparer une intégration future
dans des environnements ERP centralisés. Les résultats soutiennent qu’un pipeline piloté
par l’IA peut rendre les alertes plus exploitables, notamment grâce à l’intégration des filtres
de post-traitement comme éléments de conception clés. Le travail contribue à la littérature
sur la détection d’anomalies en santé et propose des pistes pour renforcer l’efficacité des
activités d’approvisionnement du CIUSSS-SLSJ, avec un potentiel de transfert vers d’autres
organisations du RSSS sous réserve de validations multi-établissements. Cette conclusion
demeure limitée par le caractère mono-institutionnel de l’étude et par un cadre d’évaluation
semi-supervisé. Les métriques reposent sur des étiquettes binaires fournies par un seul
spécialiste en procédés administratifs du CIUSSS-SLSJ, ce qui réduit la généralisabilité des
scores. Pour les travaux futurs, une validation multi-experts et une mesure d’accord inter-juges
sont recommandées pour renforcer la robustesse des conclusions.

Mots-clés : intelligence artificielle, détection d’anomalies, apprentissage non supervisé, algo-
rithmes, optimisation bayésienne, hyperparamètres, pipeline de données, traitement distribué,
Apache Spark, Python, Pandas, filtre de post-traitement, transformation numérique en santé,
performance opérationnelle, indicateurs clés de performance, Santé Québec, Robust Covari-
ance (RC) in Elliptic Envelope (EE), Isolation Forest (IF), One-Class SVM (OC-SVM), Local
Outlier Factor (LOF).



ABSTRACT

Supply chain management in Health and Social Services Network / Réseau de la santé
et des services sociaux (RSSS) involves complex processes where anomalies (price variations,
delivery delays, abnormal returns) can undermine efficiency, transparency, and care safety. This
thesis proposes an integrated Artificial Intelligence (AI)-based anomaly detection approach
using real SAP data from the Integrated University Health and Social Services Center of
Saguenay-Lac-Saint-Jean / Centre intégré universitaire de santé et de services sociaux du
Saguenay-Lac-Saint-Jean (CIUSSS-SLSJ). Due to institutional confidentiality constraints,
the underlying SAP datasets and implementation code cannot be publicly released; only
aggregated results and methodological details are reported. The work is structured around
two article-style preprints intended for future submission. The first presents a pipeline in a
pandas environment that combines unsupervised Machine Learning (ML) algorithms [Isolation
Forest (IF), One-Class Support Vector Machine (OC-SVM), Local Outlier Factor (LOF),
Robust Covariance (RC) in Elliptic Envelope (EE)], Bayesian hyperparameter optimization,
and domain-adapted post-processing filters. The results suggest that pairing AI-based methods
with domain-adapted filters can improve both accuracy and operational relevance for anomaly
detection in CIUSSS-SLSJ supply chain data. The second article focuses on portability
by re-implementing the pipeline in Apache Spark and examining the reproducibility of the
results of the first article in a distributed environment. Overall, the proposed system aims
to improve alert quality, particularly by reducing false positives to better identify actionable
outliers, and to support future integration into centralized Enterprise Resource Planning (ERP)
environments. The findings indicate that an AI-driven pipeline can make alerts more actionable
when domain-specific post-processing filters are treated as first-class design elements alongside
hyperparameter tuning. The work contributes to the healthcare anomaly detection literature
and outlines practical pathways to strengthen CIUSSS-SLSJ procurement operations, with
potential relevance to other RSSS institutions subject to further multi-site validation. The
quantitative findings are promising for this case study, but technical challenges related to
algorithms and data partitioning are highlighted. This conclusion is limited by the single-
institution scope and a semi-supervised evaluation setting. Performance metrics were derived
from binary labels provided by a single Administrative Process Specialist from CIUSSS-SLSJ,
reflecting alignment with that expert’s interpretation of risk rather than an objective institutional
reference. Future work should include multi-expert labelling and inter-rater agreement analysis
to estimate label uncertainty and reduce dependence on a single expert’s mental model.

Keywords: artificial intelligence, anomaly detection, unsupervised learning, algorithms,
Bayesian optimization, hyperparameters, data pipeline, distributed processing, Apache Spark,
Python, Pandas, post-processing filter, digital transformation in healthcare, operational per-
formance, key performance indicators, Santé Québec, Robust Covariance (RC) in Elliptic
Envelope (EE), Isolation Forest (IF), One-Class SVM (OC-SVM), Local Outlier Factor (LOF).
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DEDICATION

On a personal and philosophical note. To all those who dare to challenge the limits of their

own reality tunnels and imagine new possibilities. Everything is possible, for what we emit is

what we receive. You don’t need to change the outer world. Simply change the inner one, and

the outer world will rearrange itself. In this future world shaped by artificial intelligence, it is

not the machine that dictates our reality, but our consciousness which, amplified by these

tools, creates new dimensions of existence. Be careful what you desire, for artificial

intelligence tends to amplify the intentions and data we feed into it, whether they lead

toward light or toward shadow.
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PREFACE

In a context where the efficiency and reliability of healthcare supply systems directly
determine the quality of care, this thesis is part of an innovation-driven approach aimed at
exploring the contribution of AI to improving decision-making. Conducted in collaboration
with the CIUSSS-SLSJ, it builds on the KPI established by the CPI of the MSSS, as well as on
real data from the SAP system covering the period 2018–2023. While this work fundamentally
relies on the KPI framework established by the CPI of the MSSS, the detailed, specific
operational metrics used to define anomalies are considered confidential internal documents;
consequently, the research was guided by the strategic orientation and expertise provided by
Committee members rather than a formally citable public document to structure the anomaly
criteria. The project adopts a retrospective observational approach to assess the ability of AI
models to objectively and reliably detect anomalies in procurement processes. The objective
is twofold: first, to compare the performance of these models with traditional monitoring
methods, and second, to explore their potential to generate early alerts enabling more proactive
and transparent resource management. This thesis is based on two complementary scientific
works. The first provides a proof of concept developed in a Python/pandas environment,
illustrating the potential relevance of combining various anomaly detection and post-processing
techniques. The second expands this approach by migrating the architecture to Apache Spark,
in order to meet large-scale data processing needs and to prepare for future integration into a
forthcoming centralized ERP system. Beyond its academic contribution, this research aims
to provide Québec’s healthcare network managers with practical tools to anticipate critical
anomalies and strengthen system resilience. It is thus part of the broader movement of digital
transformation, at the crossroads of scientific rigor and operational usefulness. Although this
thesis is longer than typical, its scope is justified by the inclusion of two scientific articles
and a detailed Exploratory Data Analysis (EDA) appendix, both of which were necessary to
presenting the research with clarity and rigor.



INTRODUCTION

0.1 RESEARCH CONTEXT

The Health and Social Services System / Système de services de santé et sociaux (SSSS)

is a vast network of organizations working together to deliver healthcare and social services to

the population of Québec [4]. The SSSS in Québec is a public system, where the State acts

as the main insurer and administrator. It was established in 1971 following the adoption of

the first Act respecting health services and social services / Loi sur les services de santé et les

services sociaux (LSSS) [5] by the National Assembly of Québec / Assemblée nationale du

Québec (ANQ) [6].

The system is made up of three levels of management: the MSSS, Santé Québec, and health and

social service institutions. The regional health and social service agencies, which represented

the regional tier, were abolished in 2015 after the implementation of the Act to Modify the

Organization and Governance of the Health and Social Services Network / Loi modifiant

l’organisation et la gouvernance du réseau de la santé et des services sociaux (LMRSSS) [7].

More recently, the Government of Québec passed the Act respecting the governance of the

health and social services system / Loi sur la gouvernance du système de santé et de services

sociaux (LGSSSS) [8], which introduced a new management tier (Santé Québec) between

the MSSS and the institutions [9]. The addition of Santé Québec as the single operator of the

network strengthens centralization and the ability to impose common standards [10].

Health and social service institutions include Integrated Health and Social Services Center /

Centre intégré de santé et de services sociaux (CISSS) and Integrated University Health and

Social Services Center / Centre intégré universitaire de santé et de services sociaux (CIUSSS)

[11]. The CISSS are the result of the merger of public institutions within the same region

and, where applicable, the regional health and social services agency [11]. The CIUSSS are



created on the same model but are located in regions that host a university offering a complete

undergraduate medical program or that operate a center designated as a university institute in

the social field [11]. The mission of the CISSS and CIUSSS is to provide integrated health

and social services to the population [11]. These responsibilities are tailored to the needs

of their populations and territorial realities, which illustrates the complexity of the SSSS

megastructure [4].

Supply chain management represents a major challenge for health and social service institu-

tions [12]. Indeed, outdated and archaic systems, as well as differences in software solutions

across the RSSS, make it difficult to measure and standardize working methods [13].

The Framework for Responsible Procurement [12] of the MSSS seeks to mobilize stakeholders

in the RSSS around responsible procurement. However, there is no one-size-fits-all solution

for all institutions, which can lead to differences in work methods and processes [12]. The

Policy on the Acquisition of Goods and/or Services and Contract Management / Politique sur

l’acquisition de biens et/ou de services et la gestion des contrats (PABSGC) [14] establishes

the specific regulations applicable to the SSSS context. Finally, the Act respecting contracting

by public bodies / Loi sur les contrats des organismes publics (LCOP) [15] provides the

legislative framework for procurement across all public bodies, including the RSSS.

Since the onset of COVID-19, supply chains in the healthcare sector have faced unprecedented

pressures [16, 17, 18]. Disruptions such as these can lead to shortages of essential products,

including Personal Protective Equipment (PPE), medicines, and vaccines [19, 20, 21]. This,

in turn, may compromise the ability of health systems to meet patient needs effectively, while

posing risks to the health and safety of healthcare personnel [22]. Moreover, changes in supply

chains can also increase costs, which may affect accessibility and equity in healthcare [23, 24].
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It is therefore important to implement robust strategies to manage risks associated with

supply chain disruptions, particularly by strengthening resilience, diversifying sources, and

improving transparency and traceability [25, 26]. This need for resilience and diversification is

complemented by the adoption of anomaly detection methods [27, 28], which play a key role

in real-time monitoring and data analysis [29, 30]. Such methods enable rapid intervention in

the supply chain by identifying unusual variations, such as delivery delays or sudden increases

in demand, thereby potentially enabling earlier identification of emerging issues, optimizing

inventory management, and improving transparency by tracking real-time performance and

highlighting areas requiring attention [31, 32]. More specifically, these approaches can

enhance the fluidity and monitoring of processes [31].

In summary, anomaly detection can help reduce the costs associated with supply chain dis-

ruptions. However, based on the information available to the CIUSSS-SLSJ and the literature

reviewed for this thesis, we did not find publicly available evidence that such anomaly detec-

tion methods have been deployed at large scale within the RSSS. Specifically, we performed

targeted searches across academic and industry literature, government documentation, and

publicly and non-publicly accessible organizational materials (including internal documenta-

tion and Santé Québec intranet/SharePoint resources) using keywords related to healthcare

supply chains, anomaly detection, and real-time deployment. The implementation of these

technologies represents a major challenge, as the administrative and legal processes involved

are often complex [33].

In the context of procurement for public bodies such as the RSSS, it is essential that both

requesters and suppliers comply with regulations and laws [33]. However, this framework

sometimes complicates the management of calls for tenders and contractual commitments [15].

Detecting anomalies in these processes is therefore a major challenge [34, 35]. For instance,

some departments occasionally place orders for goods and services not directly related to their
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activities. Such orders represent anomalies and may lead to additional costs and procurement

delays [33, 34, 36, 37]. In other cases, suppliers fail to comply with contract prices or the

quantities requested in orders [37], which can generate additional costs [38]. Likewise, certain

stakeholders do not always respect the processes specified by laws and regulations [15], and

such process breakdowns can prove costly in terms of both time and money [38].

Furthermore, in the context of healthcare labor shortages, fulfilling complex commitments by

suppliers presents challenges for this department [35]. Anomaly detection would therefore be

an asset for reducing costs and improving management capacities [39, 40]. To some extent,

procurement also encompasses inventory management [41], where irregularities may arise in

product orders [42]. For example, during staff substitutions, orders may omit essential materi-

als. Such shortages can sometimes disrupt organizational operations. Detecting anomalies in

orders could therefore support managers in addressing these issues proactively [43].

Another important dimension of supply chain management is the detection of anomalies

related to shortages, also known as Back Order (BO) [44]. Several studies have documented

BO-related issues in healthcare supply chains, suggesting that this is a recurring challenge

in many systems [44, 45, 46]. BO occur when orders cannot be completed due to supplier

stockouts [44, 45]. This situation can cause delays in the delivery of essential products, thereby

compromising patient care [47]. In this context, anomaly detection can potentially play an

important role in supporting a steady supply flow and facilitating more effective responses to

patient needs [39].

In conclusion, the RSSS, despite its complex structure and the continuous evolution of its

governance frameworks, faces supply chain challenges. Disruptions caused by events such as

the COVID-19 pandemic have highlighted supply chain vulnerabilities and the importance of

resilience and efficiency in this field [48]. The adoption of anomaly detection technologies
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appears to be a promising approach for anticipating and managing these challenges, by

enabling more rapid and targeted interventions when irregularities arise, provided that data

quality, organizational capacity, and integration constraints are adequately addressed.

0.1.1 ANOMALIES

An anomaly refers to a deviation or irregularity from what is considered normal, standard,

or expected in a specific context [49]. It can manifest in various fields, such as biology,

medicine, statistics, the environment, or within technical and social systems. Generally, an

anomaly indicates a difference from a given set. In the field of data science, for example, an

anomaly often means that a data point differs from others, suggesting either an error or an

unusual event [50]. Detecting and analyzing anomalies can, in some cases, provide useful

insights for understanding and addressing problems across different domains, potentially

helping to reveal underlying issues or opportunities for improvement [51].

ANOMALIES IN HEALTHCARE PROCUREMENT

An anomaly in the context of healthcare procurement systems refers to any deviation

or irregularity that disrupts the efficient and secure flow of medical supplies, medications,

vaccines, or services necessary to ensure quality care [52, 53, 54]. This issue is of substan-

tial importance, as such anomalies can negatively affect the quality of care delivered, the

accessibility of treatments, and, in some cases, patient safety [55]. These anomalies may take

various forms, including shortages of vital supplies, errors in inventory management, delivery

delays, or product quality issues [56]. In a field where precision and reliability are essential,

the rapid identification and correction of these anomalies are vital to maintaining the integrity
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and efficiency of the procurement system [32], and by extension, to ensuring the continuity

and quality of healthcare services [57].

0.1.2 ANOMALY DETECTION

Anomaly detection, also known as deviation detection or outlier detection, is a process

used in data analysis and data science to identify observations that do not conform to an

expected pattern or typical behavior [39]. These anomalies may indicate errors, fraud, defects,

or rare but significant events [39].

Anomaly detection is important in various fields such as network monitoring [58], fraud

prevention [59], healthcare (e.g., identifying anomalies in medical test results) [60], predictive

maintenance of machines [61, 62], and environmental monitoring [63]. Techniques for

anomaly detection range from simple statistical methods, such as standard deviations or

interquartile ranges, to more advanced machine learning models like neural networks and

random forests. These approaches can be categorized into three groups: supervised, semi-

supervised, and unsupervised methods [39].

The goal of using such algorithms is to identify anomalies quickly and accurately, so that

corrective action can be taken, either by fixing errors or by conducting further analysis to

understand the cause of these deviations [64].

Due to the diversity, complexity, and ever-growing volume of data, anomaly detection is a

constantly evolving field, regularly integrating new techniques and approaches to improve

accuracy and efficiency [39]. This continuous evolution is driven by the need to adapt to

increasingly varied and complex data types, as well as the growing scale of data, which places

new demands on the performance and scalability of detection techniques [51].
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For example, in cybersecurity, anomaly detection plays a key role in identifying suspicious

behavior that may indicate a cyberattack or system intrusion [65]. Advanced algorithms

are needed here to distinguish between normal activity and potentially malicious behavior

hidden within large volumes of data. A similar analogy can be applied to procurement, where

violations of laws or regulations in bidding processes or contractual commitments could be

flagged, ultimately reducing costs by mitigating fraud risks.

Furthermore, with the advent of the Internet of Things (IoT) and Industry 4.0, anomaly

detection has become essential for monitoring the condition of connected devices and industrial

processes [61, 66]. In such contexts, anomalies may signal imminent failures or inefficiencies,

allowing for preventive measures that avoid costly downtime or catastrophic breakdowns

[61, 62]. This application is especially relevant to supply chain monitoring, where detecting

delivery delays could prevent potentially life-threatening shortages for patients.

Anomaly detection is also critical in finance to identify suspicious transactions, such as money

laundering or credit card fraud [59]. Machine learning [67] and data mining [68] techniques

are particularly useful in this field for analyzing patterns in large transaction datasets and

identifying behaviors that deviate from the norm [69, 70]. Similarly, these algorithms could

potentially be applied to detect procurement fraud attempts.

Figure 0.1 illustrates some examples of machine learning algorithms applied to nonlinear data

using the Python Scikit-Learn library [1]. These approaches are especially useful in identifying

geospatial anomalies. For instance, in the transport of goods or people, it would be possible to

detect deviations from established routes, thereby reducing the risk of delivery delays.
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Figure 0.1 : Examples of various anomaly detection algorithms applied to nonlinear simulated
data in the Python Scikit-Learn library [1].

ANOMALY DETECTION IN HEALTHCARE PROCUREMENT

According to McKinsey [71], in healthcare procurement, effective resource management

is vital to ensure the fair and adequate distribution of medical services and health products.

However, this process is complex, as it involves planning, acquisition, distribution, and

management of medical supplies, equipment, drugs, and other essential goods, each step

having its own critical level of importance. A high-performing supply chain must not only

meet current patient and healthcare professional needs but also anticipate future demands,

while remaining flexible enough to adapt to emergencies or sudden changes, such as those

observed during pandemics [72].

A major challenge lies in balancing operational efficiency with maintaining sufficient inventory

levels to prevent shortages, while minimizing costs and waste [73]. This requires a detailed

understanding of consumption trends [73] and disease/clinical patterns [60], as well as predic-

tive analysis to forecast future needs [68, 74]. In this context, anomaly detection becomes a

8



key component, enabling the rapid identification of irregularities in consumption, unexpected

supplies, or sudden changes in demand patterns [32]. Health information systems that in-

tegrate anomaly detection tools provide real-time data to support informed and responsive

decision-making [29, 75].

At the same time, compliance with regulatory requirements, such as the LCOP [15], is essential

to ensure that products and services meet high standards of quality and safety, while preventing

collusion and corruption. Supply chain management for medicines, medical devices, and

equipment must guarantee their availability, safety, effectiveness, and regulatory compliance

[75]. Anomalies stemming from non-compliance with such laws and regulations can be

detected through a combination of simple and advanced algorithms.

The COVID-19 pandemic highlighted the importance of a resilient healthcare supply chain,

underscoring the need for proactive planning, rapid responsiveness to changing demands,

and close collaboration among key stakeholders [76]. Innovations such as blockchain for

traceability [77], artificial intelligence for demand forecasting [74], and robotics for automating

storage and distribution processes [78] have become increasingly important. These tools,

when combined with anomaly detection mechanisms, contribute to making healthcare supply

chains more robust, transparent, and efficient [32].
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SELECTED ANOMALY DETECTION MODELS

As illustrated in Figure 0.2, each anomaly detection algorithm relies on a fundamentally

distinct mathematical principle to define and identify outliers. The Isolation Forest (A)

adopts an isolation-based strategy, where anomalies are detected through recursive random

partitioning of the feature space [79]. At each node, a feature and split value are randomly

selected, generating axis-aligned partitions that progressively isolate observations; anomalous

points, being rare and distinct, require fewer splits and therefore exhibit shorter average path

lengths across the ensemble. These path lengths are subsequently normalized to compute

an anomaly score, with shorter normalized paths indicating a higher likelihood of anomaly

[79]. In contrast, the Robust Covariance in Elliptic Envelope (B), based on robust covariance

estimation [80], assumes that inliers follow an approximately Gaussian (elliptical) distribution

and constructs an ellipsoidal boundary using the mean vector and covariance matrix; outliers

are determined via a threshold on the Mahalanobis distance, with points lying sufficiently far

from the center classified as anomalous [80]. Although the One-Class SVM (C) may appear

visually similar, it is conceptually different: instead of relying on a parametric distributional

assumption, it maps the data into a high-dimensional feature space using a kernel function

and learns a maximum-margin boundary that separates the data from the origin, effectively

estimating the support of the data distribution [81, 82]. This enables the detection of anomalies

as points falling outside this learned support, making the method particularly suitable for non-

linear and non-elliptical structures. Finally, the Local Outlier Factor (D) is a density-based

approach that measures the local deviation of a point with respect to its k-nearest neighbors

[83]; it computes a local reachability density and assigns an anomaly score based on the ratio

between the average local density of the neighbors and that of the point itself, with significantly

lower-density points identified as outliers [83].
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Figure 0.2 : Illustration of Isolation Forest (A), Elliptic Envelope (B), One-Class SVM (C), and
Local Outlier Factor (D) for anomaly detection on a synthetic time-series dataset with injected

spikes.

This side-by-side layout highlights how global assumptions (Gaussian versus kernel-based

support estimation) and local or isolation-based criteria lead to markedly different geomet-

ric interpretations of what constitutes an outlier, thereby motivating the selection of these

complementary algorithms.
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0.1.3 ANOMALY CRITERIA OF THE STUDY

Having introduced anomaly detection broadly, the next section defines the specific

anomaly types relevant to our healthcare procurement context. Healthcare procurement

is exposed to a range of anomalies that, if not detected in time, compromise operational

efficiency, the quality of services delivered to patients, and the overall performance of the

system. The selected criteria cover the strategic, tactical, and operational dimensions of

resource management. In this section, we review various anomaly criteria in healthcare

procurement.

A one-way Analysis of Variance(ANOVA) is used as a descriptive test of whether the mean

of a variable differs between two pre-labelled groups (in our case: anomalies and normal

values). In practice, labels are assigned by a single domain expert (Administrative Process

Specialist) following operational CPI–KPI rules and review criteria. The ANOVA is then

applied using these expert-provided labels; when possible, we apply it to variables not directly

used in the expert labelling criteria to limit circularity, and we interpret results cautiously

otherwise. With two groups, one-way ANOVA is equivalent to a two-sample t-test under

the same null hypothesis [84]. The resulting F-statistic is evaluated with between- and

within-group degrees of freedom to obtain a p-value. We use a significance level of α = 0.05

(p ≤ 0.05); a significant result indicates a group-level mean difference (not significance of

individual observations). We emphasize that ANOVA in this setting acts only as a proxy sanity

check against a single-expert reference and is limited by its assumptions (e.g., independence,

homoscedasticity, and approximately normal residuals) and by the quality and subjectivity of

the initial labelling.
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NON-COMPLIANCE WITH REGULATIONS, LAWS, AND CONTRACTUAL COM-

MITMENTS

Compliance with regulations and contractual commitments is a strategic foundation of

public healthcare procurement. In Quebec, the legislative framework is primarily defined by

the LCOP, which governs calls for tenders, direct contracts, and conditions for contractual

amendments. The purpose of this law is to ensure transparency, fairness among suppliers, and

responsible management of public funds.

The LCOP [15] is complemented by the PABSGC [14] and the Reference Framework for

Responsible Procurement / Cadre de référence en approvisionnement responsable (CRAR)

[12], which specify expected practices to guarantee efficiency, sustainability, and integrity

in procurement processes. Finally, the Act respecting the Government Acquisitions Center /

Loi sur le Centre d’acquisitions gouvernementales (LCAG) [85] centralizes and harmonizes

purchasing processes to ensure better coherence in contract management across the healthcare

and social services network.

Within this normative context, several anomaly criteria are particularly relevant. The first

is significant price variation, as contracts specify exact prices that must be respected. Ab-

normal fluctuations may indicate overbilling, administrative errors, or lack of proper control.

Figure 0.3 illustrates such a case, where a normally stable price shows a statistically significant

variation detected by an algorithm. This criterion is strategic, as it protects both the financial

integrity of the network and trust in public processes.
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Figure 0.3 : Example of anomaly detection (Distance-based Outlier Detection) on a fictitious
stable price (F-statistic = 735.80, p-value < 0.001).

A second criterion is non-compliance with contractual deadlines. While this is also related

to shortage prevention (Section 1.6.2), it is primarily a contractual issue. When a supplier fails

to meet deadlines specified under the LCOP [15], PABSGC [14], or CRAR [12], it violates

its legal obligations, which can directly impact continuity of care. This criterion is therefore

both strategic (legal compliance) and operational (timely delivery).

Finally, unusual orders represent another form of contractual anomaly. For example, when an

administrative department, such as Human Resources, places an order for medications normally

reserved for clinical or pharmaceutical services, this constitutes a deviation from allocation

and responsibility rules. Such anomalies, linked to internal governance, are considered tactical

criteria: they enable quick detection of organizational irregularities or fraud attempts and

support the correction of order validation processes.
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SHORTAGE PREVENTION

Shortage prevention is primarily an operational concern, as it relates to the immediate

availability of medical products. Two main criteria are directly associated with this dimension.

First, unusual delivery delays are an early warning sign of stockouts, as they may result in

the absence of essential drugs or medical devices in facilities. Figure 0.4 illustrates this type

of anomaly, showing significant variations in observed delivery times.

© Colin Bouchard

Figure 0.4 : Example of anomaly detection (Z-score [2]) on fictitious variable delivery days
(F-statistic = 35.31, p-value < 0.001).

The second criterion is unusual variability in received quantities. When delivery volumes

deviate significantly from expectations, the risk of understocking or overstocking increases.

This operational criterion is important, as it helps maintain stable inventories while avoiding

costs related to emergencies or waste.
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Abnormal demand fluctuations are also included, as they indicate instability that may

stem from sudden epidemics, organizational changes, or irregular orders. From a tactical

perspective, this criterion enables managers to react quickly by adjusting procurement. Finally,

increased unusual returns, as shown in Figure 0.5, constitute a clear warning of recurring

non-compliance. This reinforces prevention by allowing interventions on quality issues before

shortages occur.

© Colin Bouchard

Figure 0.5 : Example of anomaly detection (Grubbs Test [3]) on fictitious return types (F-statistic
= 562.61, p-value < 0.001).
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SIGNIFICANT DEVIATIONS FROM STANDARDS

Significant deviations from established standards constitute anomalies detectable through

statistical approaches and are both tactical and operational in nature. They relate to quality,

compliance, and performance in procurement processes.

A central criterion is the number of unusual returns. When a delivered product is frequently

returned, it signals recurring non-compliance, whether due to manufacturing defects, specifica-

tion issues, or failure to meet expected standards. Figure 0.5 illustrates such a case, where the

number of returns exceeds normal thresholds, revealing a significant anomaly. This criterion

may be strategically relevant, as it can influence both the safety and the quality of care.

Sudden deviations in KPIs such as average delivery days, percentage of perfect orders, or the

number of active contracts also constitute important anomalies. Since these indicators are used

by the MSSS to evaluate network performance, any unexpected variation signals systemic

dysfunction. This criterion is therefore strategic, as it provides decision-makers with a reliable

and synthetic view of performance.

Finally, significant variations in delivery times and prices, although already mentioned in

relation to contractual commitments and shortage prevention, are here confirmed as measurable

deviations from standards. Their inclusion in multiple categories demonstrates their transversal

relevance for overall procurement evaluation.
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SELECTED CRITERIA

As shown in Table 1, a set of anomaly criteria has been selected for this study. These

are used to implement the detection system.

In the context of this thesis, these anomaly criteria were selected because they align with the

thesis objective of detecting early signals of risk and non-compliance in procurement and

supply operations using data that organizations already track routinely.

Table 1 : Selected anomaly criteria

Anomaly Criterion Definition
Significant price variation
[86]

Significant change in price that may indicate an at-
tempt at fraud.

Significant delivery time vari-
ation [87]

Significant change in delivery times (lead times) that
may indicate non-compliance with contractual dead-
lines, with potential shortage risks.

Unusual number of returns
(possible product non-
compliance) [88]

Significant change in the number of returns that may
indicate recurring non-conformity.

Abnormal demand fluctuation
[89]

Significant change in demand for a given product that
may signal abnormal or questionable overuse.

Unusual orders [90] Orders outside the normal scope of a department (e.g.,
Human Resources ordering medications).

Deviation or sudden change in
KPIs [91]

Significant changes in KPI dashboard indicators (e.g.,
average delivery days, deliveries per item, deliveries
per order, percentage of perfect orders, number of
orders, number of contracts, delays of ±30 days, etc.)
.

Unusual delivery delays [92] Unusual delays that may indicate early signs of short-
ages .

Unusual variability in re-
ceived quantities [93]

Variability in received quantities (in-full / service level)
that may indicate early signs of shortages.
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0.1.4 EVALUATION OF ANOMALY DETECTION MODELS

Once anomalies are detected, we need ways to evaluate detection performance. There-

fore, we review common evaluation metrics.

The evaluation of anomaly detection models is essential to ensure their effectiveness and

reliability in identifying atypical behaviors, data, or events. These models, widely used

in anomaly detection [94], require specific evaluation metrics to assess their performance

[95, 96]. Among the most common indicators are the false positive rate (the number of normal

instances incorrectly classified as anomalies), the false negative rate (the number of anomalies

missed), precision, recall, and the F1-score, which is the harmonic mean of precision and

recall [95, 96].

The use of well-designed test datasets, including both known anomalies and normal behaviors,

is essential to realistically evaluate a model’s ability to generalize from unseen data [97]. In ad-

dition, techniques such as ROC and PR analyses are commonly used when a detector provides

a continuous decision value. In this thesis, ROC and PR curves are computed by sweeping a

decision threshold over the continuous anomaly scores s(x) returned by each detector (after

orienting scores so that larger values indicate more anomalous behavior). Threshold-dependent

metrics (accuracy, precision, recall, specificity, and F1-score) are computed at a chosen op-

erating point by thresholding s(x) into binary anomaly flags ŷ ∈ {0,1} (consistent with the

output of predict after mapping {−1,+1}→ {1,0}).
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DETERMINATION OF TRUE POSITIVES, FALSE POSITIVES, TRUE NEGATIVES,

AND FALSE NEGATIVES

In the context of this study, an anomaly is considered a true positive (TP) when the

model’s binary anomaly decision matches the expert-provided label (treated as the study’s

reference expert reference labels), i.e., the model flags an observation as anomalous and the

expert label is 1. Conversely, a false positive (FP) occurs when the model flags an observation

as anomalous but the expert label is 0. The corresponding true negatives (TN) and false

negatives (FN) are defined analogously. We note, however, that these metrics reflect agreement

with an expert risk model rather than an objective, error-free expert reference labels; as such,

they may inherit subjective or institutional biases present in the labeling process.

Here, Positive is synonymous with anomaly, and Negative with normal.

• The True Positive Rate (TPR), also called sensitivity or recall, corresponds to the

proportion of anomalies correctly detected among all present anomalies.

• The False Positive Rate (FPR) indicates the proportion of normal data wrongly classified

as anomalies.

• The True Negative Rate (TNR), or specificity, measures the proportion of normal data

correctly identified as normal.

• The False Negative Rate (FNR) reflects the proportion of anomalies not detected and

incorrectly classified as normal.
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EVALUATION METRICS

Precision, sensitivity, specificity, F1-score, AUC-ROC and AUC-PR are key measures

in statistics and machine learning to evaluate model performance [95, 96, 98].

Precision Precision measures the proportion of correct predictions among all positive pre-

dictions, while sensitivity (also called recall) evaluates the model’s ability to correctly identify

true positives [95, 96].

Sensitivity (recall) Sensitivity measures the proportion of actual positive examples that the

model detects. A higher sensitivity means the model can effectively capture true positives,

which is particularly important in fields where minimizing false negatives is critical, such as

anomaly detection [95, 96].

Specificity Specificity measures the proportion of actual negative examples that the model

correctly identifies. A high specificity means the model minimizes false positives, i.e., it does

not wrongly classify normal examples as anomalies [95, 96].

F1-score In artificial intelligence, the F1-score (also called F-measure or F-beta) combines

both precision and recall to evaluate the performance of a binary classification model. It is a

measure of overall classification quality, taking into account false positives (FP), false negatives

(FN), and true positives (TP). The F1-score provides a balanced measure of performance,

considering both the ability to correctly classify positive examples (precision) and to detect all

real positives (recall). It is especially useful when the dataset has imbalanced classes, as in

anomaly detection [95, 96].
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AUC-ROC The Area Under the Receiver Operating Characteristic Curve (AUC-ROC)

evaluates a detector’s ability to rank anomalies above normal instances by measuring the area

under the Receiver Operating Characteristic (ROC) curve obtained by sweeping a decision

threshold over continuous anomaly scores (e.g., decision values) rather than hard labels. It

summarizes the trade-off between true positive rate (sensitivity) and false positive rate across

thresholds. An Area Under the Curve (AUC) close to 1 indicates strong separability, while a

value close to 0.5 reflects performance equivalent to random guessing [99, 100, 101].

AUC-PR The Area Under the Precision-Recall Curve (AUC-PR) measures the (trapezoidal)

area under the precision–recall curve obtained by sweeping a decision threshold over contin-

uous anomaly scores. In highly imbalanced settings such as anomaly detection, AUC-PR is

often more informative than AUC-ROC because it focuses on performance on the rare positive

class (anomalies). Precision is the proportion of flagged instances that are true anomalies,

while recall reflects the proportion of anomalies that are detected. A high AUC-PR there-

fore indicates that the detector maintains high precision while recovering anomalies across

thresholds [102, 103].
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METRICS CALCULATION

Table 2 summarizes the evaluation measures used to assess and compare anomaly

detection methods and provides the corresponding formulas expressed with the standard

confusion-matrix terms: true positives (TP), true negatives (TN), false positives (FP), and

false negatives (FN). The table first reports Accuracy, which captures overall correctness

by counting both correctly detected anomalies and correctly identified normal instances,

and Precision, which evaluates how trustworthy anomaly predictions are by quantifying the

proportion of predicted anomalies that are truly anomalous [95, 96]. It then includes Sensitivity

(Recall), which measures the ability to detect actual anomalies (i.e., the fraction of anomalies

recovered), and Specificity, which measures the ability to correctly recognize normal behavior

and therefore penalizes false alarms [95, 96]. To balance the trade-off between missing

anomalies and generating false positives, the F1-score is provided as the harmonic mean of

Precision and Recall, yielding a single value that is sensitive to both types of error [95, 96].

Beyond single-threshold measures, the table also reports two threshold-sweeping, ranking-

based criteria computed from a continuous anomaly score s(x) (higher values indicating more

anomalous observations): AUC-ROC, which approximates the area under the ROC curve using

trapezoidal integration across successive points defined by the true positive rate TPRi and false

positive rate FPRi [99, 100], and AUC-PR, which similarly integrates the Precision–Recall

curve over varying thresholds and is often informative when anomalies are rare [102, 103].

In this thesis, ROC and PR curves are computed by sweeping over continuous anomaly scores;

confusion-matrix metrics are computed after thresholding scores into binary flags. For curve-

based metrics, we use an anomaly score s(x) such that larger values indicate greater outlierness

(e.g., s(x) =− f (x) when a library returns an inlier score f (x)).
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Table 2 : Evaluation metrics measures across anomaly detection methods

Measure Formula
Accuracy [95, 96]

Accuracy =
TP+TN

TP+TN+FP+FN

Precision [95, 96]
Precision =

TP
TP+FP

Sensitivity (Recall)
[95, 96] Recall =

TP
TP+FN

Specificity [95, 96]
Specificity =

TN
TN+FP

F1-Score [95, 96]
F1 =

2×Precision×Recall
Precision+Recall

AUC-ROC
[99, 100] AUC-ROC =

m−1

∑
i=1

(
FPRi+1−FPRi

) TPRi+1 +TPRi

2
,

TPRi =
TPi

TPi +FNi
, FPRi =

FPi

FPi +TNi
.

Computed by sweeping thresholds on the continuous anomaly score s(x) (higher = more anomalous).

AUC-PR [102, 103]

AUC-PR =
m−1

∑
i=1

(
Recalli+1−Recalli

) Precisioni+1 +Precisioni

2
.

Computed by sweeping thresholds on the continuous anomaly score s(x) (higher = more anomalous).
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AUC CONVENTION

We define the positive class as expert-labeled anomalies (y = 1) and normal samples

as y = 0. Both AUC-ROC and AUC-PR are computed from the same continuous anomaly

score s(x), where larger values indicate more anomalous samples. For detectors that return

an inlier score (e.g., decision_function in scikit-learn), we use s(x) = − f (x) to keep a

consistent direction across models. AUC-PR is computed as the trapezoidal area under the

precision–recall curve obtained by sweeping the decision threshold on s(x). Given anomaly

prevalence π , the no-skill baseline for precision–recall is π; therefore AUC-PR should be

interpreted relative to π in highly imbalanced settings. We verified that the same (y,s(x))

convention is used for both AUC-ROC and AUC-PR in all experiments and result tables.

0.1.5 HYPERPARAMETERS

The management of hyperparameters is an important aspect of data modeling, partic-

ularly in machine learning and artificial intelligence. Hyperparameters are configuration

parameters set before training begins. Unlike model parameters, which are learned during

training, hyperparameters must be defined in advance [104]. The performance and efficiency of

machine learning models largely depend on an appropriate selection of these hyperparameters

[105].

Hyperparameters directly influence both the structure of machine learning models (e.g., the

number of layers in a neural network) and the learning process itself (e.g., the learning rate in

gradient-descent algorithms). A well-chosen configuration can improve a model’s ability to

learn complex patterns and generalize to unseen data. Hyperparameter tuning remains a major

challenge, especially for complex models such as deep neural networks, where the number
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of hyperparameters can be very large, and the search for an optimal configuration is often

time-consuming and computationally expensive.

Recent advances such as automated hyperparameter tuning (AutoML) [106] and multi-

objective optimization approaches [107] aim to simplify and streamline the tuning process.

In this study, Bayesian optimization is retained because it explores the hyperparameter space

more efficiently than exhaustive or random search and typically converges faster toward

near-optimal configurations [108].

HYPERPARAMETERS FOR THE ANOMALY DETECTION ALGORITHMS USED

IN THIS THESIS

Table 3 summarizes the principal hyperparameters that govern the behavior of four

anomaly detection methods. For Robust Covariance in Elliptic Envelope, the support fraction

determines the proportion of observations treated as inliers when estimating a covariance

matrix that is resistant to outliers. For One-Class SVM, ν ∈ (0,1] controls model sparsity

and contamination by specifying an upper bound on the expected anomaly rate and a lower

bound on the fraction of support vectors, while the kernel selects the feature-space mapping

used to separate normal data from anomalies; for the RBF kernel, γ sets the influence radius

of training examples, thereby controlling decision boundary flexibility. For Isolation Forest,

the number of trees defines the ensemble size and thus the stability of the anomaly score,

and the sample size specifies how many points are subsampled to build each tree, affecting

both computational cost and the granularity of isolation. Finally, for Local Outlier Factor

(LOF), the number of neighbors fixes the locality scale used to estimate density around each

observation, and the chosen distance metric (e.g., Euclidean, Manhattan, Minkowski, cosine)
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defines how proximity is computed, which can substantially influence local density estimates

and the resulting outlier scores.

Table 3 : Key hyperparameters for anomaly detection algorithms of this thesis

Method Hyperparameter Definition
Robust Covariance (RC)
[80] in Elliptic Enve-
lope (EE) [109, 110]

Support fraction Proportion of observations retained
as inliers when estimating the robust
covariance.

One-Class SVM
(OC-SVM) [81]

ν (nu) Parameter in (0,1] that sets an upper
bound on the fraction of anomalies
and a lower bound on the fraction of
support vectors.

Kernel Kernel function mapping data into a
higher-dimensional feature space.

γ (RBF kernel) Coefficient controlling the influence
radius of a training example in the
feature space.

Isolation Forest (IF)
[79]

Number of trees Total number of isolation trees in
the ensemble.

Sample size Number of points randomly sampled
to build each tree.

Local Outlier Factor
(LOF) [83]

Number of neighbors Number of neighbors used to esti-
mate local density.

Distance metric Proximity function between obser-
vations (e.g., Euclidean, Manhattan,
Minkowski, cosine).

0.1.6 POST-PROCESSING

Most anomaly detection systems produce a raw model output (anomaly flag) or alert

stream derived from a model (for example, via residuals, likelihoods, or deviation measures)

rather than immediately yielding final labelled events [39, 111]. The post-processing stage

refines the raw model outputs (anomaly flags). It applies smoothing, filtering, temporal or

spatial aggregation, thresholding, and business-logic rules.

27



These operations transform raw outputs into actionable alarms. As noted by G. P.

Spathoulas and S. K. Katsikas in the intrusion detection domain, the aim of post-processing

research is to improve alert-set quality by false positives reduction, alerts’ correlation and vi-

sualisation [112]. This underscores that post-processing is a distinct and important component

of the detection pipeline.

A concrete example from a non-supply-chain domain can illustrate how post-processing

adds value. In the work by Nag et al., the module for Post-Processing Temporal Action

Detection introduces a refinement stage that adjusts start and end times of detected actions by

modelling the boundary distributions and applying a Taylor-series approximation to correct

for quantisation error after down-sampling [113]. Despite the primary detection model

remaining unchanged, this post-processing step yielded measurable improvements in temporal

precision of action alerts. In a different domain (hyperspectral anomaly detection), Wu et al.

demonstrate how the application of a morphological operator after a baseline detector helps

suppress isolated high-score pixels (false alarms), thereby improving overall anomaly accuracy

[114]. In the context of operational anomaly detection pipelines, post-filtering/post-processing

is widely used as a downstream refinement stage, well established in signal processing and

detection systems (e.g., microphone-array post-filters [115] and imaging post-processing [116,

117]) to suppress noise and improve decision usefulness, while modern anomaly detection

additionally benefits from adaptive, online thresholding under distribution shift [118] and,

where appropriate, robust covariance/scatter estimation to mitigate contamination effects

[119].

Translating these ideas into the supply-chain context, one may think of the raw models

output (anomaly flags) as stemming from sources such as demand-forecast residuals, supplier-

performance metrics, logistics-delay indicators or sensor readings in manufacturing. Post-

processing could apply a temporal smoothing of the anomaly score time series to suppress
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transient spikes caused by one-off events or measurement noise. It might also merge con-

tiguous anomaly-flagged periods into single supply-chain incident events (e.g., a sustained

supplier under-performance rather than a momentary blip). Spatial or network-wide filters

could combine anomalies across multiple nodes (for example, cascading delays through a

supplier network) and apply domain-specific business-logic filters, such as excluding known

maintenance windows or expected seasonal shifts. The post-processing layer is configured

to trade off earlier detection (lower latency) against reducing false alarms. This trade-off is

particularly relevant in supply-chain settings, where false positives can lead to unnecessary

operational follow-ups.

Further, because the post-processing stage often encodes domain heuristics and business

rules, it tends to influence interpretability and trust: analysts and supply-chain managers must

be able to interpret how the raw outputs were transformed into an alarm, what filters were

applied, and why a given event was flagged. In many real-world deployments the design of the

post-processing layer has as much impact on operational performance (false alarm rate, event

quality, latency) as the core detection model itself. In summary, while a large body of research

emphasizes the detection model (feature extraction, scoring algorithm, neural architecture),

the post-processing layer, including smoothing, filtering, thresholding, merging, correlation

and domain logic, is a critical and often under-emphasised component of end-to-end anomaly

detection systems [112, 120].

In the context of this thesis, we implemented contextualized, business-oriented post-processing

filters. These filters, such as Excess (e.g., a sudden price spike may be the most meaningful

anomaly for a domain expert and is therefore prioritized when the signal reflects an upward

deviation), Lack (e.g., an unexpected drop in received quantities/service level can flag shortage

risk and is prioritized when the signal reflects a downward deviation), and signal reversal (e.g.,

when the model’s anomaly polarity is misaligned with expert labels, reversing the signal can
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restore agreement with domain expectations), are contextualized because they explicitly align

anomaly direction with procurement meaning and actionable risk. In this setting, Excess and

Lack are not just technical filters, but semantic labels that interpret the anomaly direction as a

concrete change in a specific anomaly criteria or feature (too high vs. too low), thereby giving

the signal clear business meaning.

0.2 THESIS OBJECTIVE

In line with the work of Painuly et al. [27], this thesis aims to assess whether and under

which conditions artificial intelligence can improve decision-making within healthcare supply

chains. More specifically, the research framework seeks to develop and train AI models

designed to detect anomalies in procurement processes, focusing on issues such as delivery

delays, unexpected increases in demand, order irregularities, and back orders, using techniques

similar to those employed by Bauder et al. [121], Westerski et al. [122], Patel et al. [123] and

Usman et al. [94].

The project also aims to enhance the models through hyperparameterization, as demonstrated

by Feurer and Hutter [124]. In addition, the study intends to address administrative and legal

issues associated with the implementation of these technologies, by developing strategies to

manage tenders, contractual commitments, and regulations using approaches described by Lau

et al. [125].

This approach is consistent with the latest advances in artificial intelligence for supply chains

in the context of Industry 4.0, as highlighted by Jagadeesan et al. [31]. The thesis ultimately

aims to lay the groundwork for a real-time alerting system for abnormal situations, thereby

supporting rapid interventions to resolve procurement issues. All experiments use real data

from the SAP system of CIUSSS-SLSJ, with prior authorization from the institution’s CER,
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and rely on advanced analytical techniques and machine learning algorithms. Because all

experiments are based on SAP data from CIUSSS-SLSJ, this thesis should be read as a single-

institution case study, and its quantitative results should not be generalized to other contexts

without further empirical validation.

This thesis investigates whether an AI-driven anomaly detection pipeline, combining pre-

processing of SAP healthcare procurement data, Bayesian hyperparameter optimization of

unsupervised models, and domain-specific post-processing filters, can improve the accuracy

and operational relevance of anomaly detection in the CIUSSS-SLSJ context, compared with

traditional manual handling of the data. It also explores a first migration of this logic to Apache

Spark, not to demonstrate full large-scale scalability, but to examine whether comparable de-

tection behaviour can be reproduced in a distributed environment and to identify the technical

and organizational constraints that currently limit broader deployment in Québec’s public

health network. These aims are examined through the following research questions:

RQ1. How effective is an unsupervised AI-based anomaly detection pipeline, enriched with

Bayesian hyperparameter optimization and tailored post-processing filters, at identifying

operationally relevant anomalies in healthcare procurement data?

RQ2. To what extent do domain-specific post-processing filters improve precision and

reduce false positives compared to relying on raw model outputs (anomaly flags) alone?

RQ3. Can the Pandas-based anomaly detection pipeline be reproduced in Apache Spark

with comparable results, and what qualitative insights does this migration offer about potential

scalability and performance limitations on the current infrastructure?
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0.3 CONTRIBUTION OF THE THESIS

As illustrated in Figure 0.6, this thesis lies at the intersection of three important themes:

public sector procurement, anomaly detection, and decision-making. This study explores the

points of convergence between these domains, thereby revealing unique insights into their

interdependence.

© Colin Bouchard

Figure 0.6 : Intersection between the thesis themes

At the core of public sector procurement are laws and regulations such as the LCOP (C-65.1)

[15]. When these are not respected, anomalies emerge, which directly link procurement to

the theme of anomaly detection. Public procurement also shares procedural elements that

are closely tied to decision-making. In parallel, the field of anomaly detection encompasses

topics such as manual anomaly detection, while also sharing concepts such as the use of
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algorithms and artificial intelligence with decision-making. Within decision-making itself, we

find both human decision-making and procedures shared with public procurement, as well as

algorithmic and AI-based approaches that overlap with anomaly detection.

This study builds on a wide range of related topics to enrich its analysis. Among them: the

MSSS, the CPI, the CIUSSS, as well as systems such as the SAP system. Concepts such as

inventory management, shortages, BO, as well as ERP and Global Resource Management

(GRM) are also discussed.

In addition, technical aspects such as Hyperparameter, KPIs, statistics, probabilistic models,

machine learning, deep learning, and hybrid techniques are explored for their relevance to this

research. Finally, at the intersection of the three themes, the X in Figure 0.6 symbolizes the

main contribution of this thesis:

• A reproducible end-to-end procurement anomaly detection pipeline is introduced, com-

bining preprocessing, unsupervised detectors, Bayesian hyperparameter optimization,

and domain-informed post-filtering to prioritize actionable alerts.

• An empirical evaluation compares Isolation Forest (IF), Local Outlier Factor (LOF),

One-Class SVM (OC-SVM), and Robust Covariance (RC) in Elliptic Envelope (EE)

across multiple procurement anomaly criteria using real-world SAP data.

• A domain-tailored filtering suite is designed and shown to reduce false positives while

improving the operational actionability of the generated alerts.

• The approach is re-implemented in Apache Spark, and deployment feasibility is as-

sessed through scalability analysis and an explicit discussion of distributed processing

constraints and trade-offs.
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• Limitations, including label uncertainty and institutional specificity, are analyzed, and

concrete avenues to improve external validity and generalizability are articulated.

In summary, this thesis offers an in-depth exploration of how these themes intersect, shaping

the efficiency and effectiveness of processes in the public sector. It aims to contribute to a

better understanding of the complex dynamics at play in public sector procurement, anomaly

detection, and decision-making, by providing a fresh and multidimensional perspective.

0.4 MATERIALS AND METHODS

0.4.1 MATERIALS

The project takes place entirely within the secure network environment of CIUSSS-SLSJ.

The computer used for testing is performant (Windows 10 Enterprise, 12th Gen Intel® Core™

i7-1165G7 4.70 GHz, 32 GB RAM, NVIDIA RTX 3080ti, 1 TB SSD), ensuring efficient and

fast data processing.

The data is stored and protected on a local Microsoft SQL Server (MSSQL) 2019. This

server is equipped with critical components such as Microsoft SQL SQL Server Integration

Services (SSIS), SQL Server Analysis Services (SSAS), and SQL Server Data Quality (SSDQ).

These tools allow Extract, Transform, Load / Extraire, transformer, charger (ETL) operations

into the Data Warehouse (DW), while ensuring high data quality.

Preprocessing and data analysis is performed using Python, with a wide range of specialized

libraries: Numpy, Pandas, Scikit-Learn, pySpark, XGBoost, Statsmodels, SciPy, SymPy,

CleanFill, Outlier-Utils, PyOD, ADTK, FBProphet, Matplotlib, and Seaborn. This

multidimensional approach ensures a comprehensive and robust analysis.
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Docker and Apache Spark were used for Chapter 3 to ensure a reproducible computing environ-

ment and to support distributed data processing. Multiple compute nodes were containerized in

CIUSSS-SLSJ cloud environment to replicate a distributed cluster setup for the experiments.

Additionally, PowerBI Enterprise is used to develop a sophisticated Business Intelligence (BI)

data model, enabling multiple visualizations and analyses. This facilitate the understanding of

trends, anomaly detection, and evidence-based decision-making.

0.4.2 METHODS

The methodology begins with a preliminary stage aimed at acquiring the necessary

knowledge for the project. This is followed by a seven-phase procedure:

1. Define anomaly criteria.

2. Collect data.

3. Preprocess data.

4. Perform testing with classical statistical and machine-learning–based anomaly detection

algorithms (Robust Covariance in Elliptic Envelope, Local Outlier Factor, Isolation For-

est, One-Class SVM). Deep learning and hybrid techniques are identified as promising

future directions but are not implemented in this thesis.

5. Optimize models using hyperparameter tuning and apply post-processing filter.

6. Evaluate results.

7. Conduct discussion and analysis of findings.
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The experimental procedure involves the collection, preprocessing, and analysis of CIUSSS-SLSJ

procurement data for the specified period, as shown in Figure 0.7. Data is extracted from

the SAP system, preprocessed to ensure quality and anonymity, then submitted to artificial

intelligence algorithms to detect anomalies.

Figure 0.7 illustrates the overall experimental procedure designed for anomaly detection.

The process begins with the clear definition of detection criteria, identifying what types

of irregularities, such as unusual demand, delivery delays, or price fluctuations, should

be considered anomalies. Once these criteria are established, relevant data are collected

from various sources to provide a solid foundation for analysis. An exploratory study then

follows, combining descriptive statistics, visualization, and a series of statistical tests to better

understand data structure, variability, and potential inconsistencies. The next step involves

data preprocessing, where missing values are handled, variables are normalized or categorized,

and overall data quality is ensured to make the dataset ready for modeling.

Subsequently, several analytical methods are applied: classical statistical approaches and

unsupervised machine-learning algorithms are compared to identify the most effective strategy

for anomaly detection in CIUSSS-SLSJ data. Deep-learning and hybrid models are discussed

as potential extensions but remain outside the scope of the present experiments. Model per-

formance is further enhanced through hyperparameter optimization, allowing fine-tuning of

the algorithms to improve predictive accuracy. Finally, the models are rigorously evaluated

using performance metrics such as precision, recall, and ROC curves. The procedure con-

cludes with a synthesis of results, discussion of insights, and recommendations for practical

implementation and future improvements. Although the anomaly detection algorithms are

trained in a fully unsupervised manner (they do not use labels during fitting), their outputs

are evaluated against binary anomaly labels provided by an Administrative Process Specialist

from the CIUSSS-SLSJ procurement team. In practice, this means that the learning phase is
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unsupervised, but model selection and benchmarking rely on a supervised comparison with

this expert-defined expert-provided proxy labels; throughout the thesis, we therefore refer to

this as a supervised evaluation of unsupervised detectors.

Figure 0.7 summarizes the anomaly-detection workflow: (a) define anomaly criteria (e.g., reg-

ulatory non-compliance, price/demand/KPI deviations, unusual orders/returns, delivery delays,

abnormal received quantities), (b) collect the data, (c) run exploratory analysis (descriptive

stats/visuals plus correlation and distribution/structure tests, including temporal dependence

and stationarity), (d) preprocess (missing values, normalization, categorization/encoding, qual-

ity checks), (e) apply detection methods—(e1) statistical (distance-based, Z-score, Grubbs),

(e2) ML (Robust Covariance in Elliptic Envelope, Isolation Forest, Local Outlier Factor,

One-Class SVM), then (f) optimize via (f1) post-filters (default (none), excess, lack, inverse)

then (f2) Bayesian hyperparameter tuning and (g) evaluate with accuracy, precision, sensitivity

(recall), specificity, F1-score, AUC-ROC, AUC-PR, and (h) conclude with recommendations.
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Figure 0.7 : Experimental procedure
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DATA COLLECTION

Relevant data is collected from the SAP system of CIUSSS-SLSJ and other internal and

external sources in a business intelligence perspective, as proposed by Fantini [126]. This

includes orders, deliveries, contracts, and delays. The data extraction, preprocessing, and

integration steps follow established guidance for preparing collected data for mining [127].

Table 4 : Selected SAP reports

Report Transaction Code Field
Articles SQ01 ARTICLES_LIST
Orders SQ01 BC_CODEP_DATEL
Valid Contracts SQ01 CONTRATSVALIDES
Invoices SQ01 FACTURATION
Receipts MB51 CODE_MOUVEMENT == 101
Returns MB51 CODE_MOUVEMENT == 122
Suppliers SQ01 FOURNISSEURS
Divisions MB51 DIVISION

Table 4 (Selected SAP reports) lists the SAP data sources used in this work by pairing each

business object with its extraction mechanism and the corresponding selection field or filter ap-

plied. Specifically, the reports for Articles, Orders, Valid Contracts, Invoices, and Suppliers are

retrieved via the custom query transaction SQ01 using the fields ARTICLES_LIST, BC_CODEP_-

DATEL, CONTRATSVALIDES, FACTURATION, and FOURNISSEURS, respectively. Operational

inventory movements are obtained from transaction MB51, where Receipts and Returns are

isolated by filtering on the movement type (CODE_MOUVEMENT == 101 for goods receipts and

CODE_MOUVEMENT == 122 for returns), and organizational attribution is captured using the

DIVISION field (also from MB51) to represent Divisions. Data is extracted as XLS files using
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transaction codes and their fields. Due to the large volume (Big Data), extractions are done in

batches, cleaned, and merged using the algorithm outlined below.

Algorithm 0.1 parallel-processes each SAP report folder by cleaning every .XLS file (dropping

empty rows/irrelevant columns and standardizing headers), concatenating the cleaned files into

one DataFrame per folder, and exporting the merged result as an .XLSX dataset while freeing

memory. Once cleaned, the .XLS files can safely be imported into an MSSQL relational

database.

Then a series of exploratory and diagnostic analyses (Appendices A–I) were conducted prior

to modeling. Descriptive statistics and visualizations highlighted heavy-tailed distributions

and strong skewness for key monetary and delay variables, while density plots showed marked

mass near zero with long right tails. Temporal dependence analyses revealed significant

autocorrelation for several KPIs, and normality and ellipticity tests confirmed that multivariate

Gaussian assumptions were not appropriate for most features. Singularity and multicollinearity

checks informed the selection of variables and the use of dimensionality reduction (PCA), and

complexity and stationarity tests suggested that simple linear models would be insufficient.

These findings motivated the use of robust, unsupervised anomaly detection algorithms capable

of handling non-Gaussian, correlated, and non-stationary data[50, 128].
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Data: Excel files extracted from SAP
Result: Merged and cleaned dataset in XLSX format

1 foreach folder in {ITEMS, ORDERS, VALID_CONTRACTS, DIVISIONS, INVOICES,
SUPPLIERS, RECEIPTS, RETURNS} do

2 process in parallel with process_folder (folder);
3 end
4 Function clean_excel_file(file):
5 read Excel file, skipping empty rows;
6 remove irrelevant columns (“Unnamed”, NaN);
7 trim column names;
8 return cleaned file;
9 Function merge_all_xls_files(folder):

10 DataFrame← empty;
11 foreach file in folder do
12 if file ends with .XLS then
13 cleaned← clean_excel_file(file);
14 concatenate into DataFrame;
15 end
16 end
17 return DataFrame;
18 Function process_folder(folder):
19 print “Processing folder”;
20 merged← merge_all_xls_files(folder);
21 save merged dataset in .XLSX format;
22 free memory with garbage collection;

Algorithm 0.1: Tool for Cleaning and Merging SAP Reports
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GROUND TRUTH LABELLING BY DOMAIN EXPERT

In this project, the anomaly labels used for model tuning and evaluation were designed

by an Administrative Process Specialist from the CIUSSS-SLSJ procurement team. This

specialist is responsible for monitoring compliance with public procurement rules and internal

procedures, and has extensive experience with SAP data and local purchasing practices. For

each anomaly criterion and time period, the specialist examined the relevant SAP records

and labelled observations as anomalous or normal according to their professional judgment,

informed by applicable regulations (e.g. LCOP), internal guidelines, and operational knowl-

edge of the supply chain. The domain expert carried out the labeling independently and was

not exposed to any of the automatic anomaly scores or labels produced by the statistical and

machine-learning models. The precise decision rules and thresholds used in this process are

part of the institution’s internal practice and were not fully documented for the author. In

this thesis, we therefore treat these expert-provided labels a proxy label: they approximate

the events that a knowledgeable administrator would consider worthy of attention, but they

may include some subjectivity and label noise. This dependence on a single expert means

the models may be biased toward the specialist’s mental model of risk. No formal inter-rater

agreement was computed, and thus the interpretation of borderline cases reflects only this

expert’s interpretation of CIUSSS-SLSJ policies. This limitation is discussed in Section 4.5.

Applying classical, rule-based monitoring at CIUSSS-SLSJ is difficult because experts must

interpret a complex, evolving regulatory framework (e.g., LCOP, PABSGC), making manual

reviews slow, labor-intensive, and inconsistent. Moreover, EDA shows all variables deviate

from normality (p<0.01), undermining Gaussian-based baselines and simple global thresholds

on heterogeneous procurement values, thereby motivating robust, unsupervised AI methods

with domain-adapted post-processing to produce more consistent and operationally relevant

alerts.
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0.5 ORGANIZATION OF THE THESIS

This thesis is structured into five chapters, each representing a milestone of the research

methodology:

• Introduction presents the context, objectives, contributions of the thesis, materials,

methods, and the overall organization of the document.

• Chapter 1 provides a literature review, clarifying the state of research on public pro-

curement, anomaly detection, algorithmic decision-making, and hyperparameter tuning.

• Chapter 2 presents the first article, "Anomaly detection using AI in healthcare procure-

ment data across multiple criteria with tailored post-processing filters" [129].

• Chapter 3 presents the second article, "AI-based anomaly detection in healthcare

procurement using Apache Spark: a post-processing filters approach" [130].

• Chapter 4 discusses the results, highlighting methodological advances, the role of

post-processing filters, and the challenges of scaling anomaly detection in healthcare

procurement.

• Chapter 5 concludes the thesis by summarizing the main findings, formulating recom-

mendations for practice, and outlining directions for future research.
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CHAPTER I

STATE OF THE ART

1.1 APPROACHES IN ANOMALY DETECTION

Research on anomaly detection has expanded rapidly, spanning a substantial body of

literature, reflecting the field’s diversity and complexity [39, 51]. Approaches vary widely and

include statistical methods, probabilistic models, machine learning techniques, deep learning,

and hybrid methods (Table 1.1).

Table 1.1 : Types of approaches, models, and algorithms for anomaly detection with
examples and seminal references

Approach type Example methods/models)
Statistical methods Distance-based Outlier Detection (DbOD) [131]; Z-Score [132];

Grubbs’ Test [3]
Probabilistic models Gaussian mixture models (GMM) [133]; Hidden Markov models

(HMM) [134]
Machine learning Robust covariance (RC) [80] in Elliptic Envelope (EE) [109, 110];

One-class SVM (OC-SVM) [81]; Isolation Forest (IF) [79]; Local
Outlier Factor (LOF) [83]

Deep learning Autoencoders [135]; Convolutional Neural Networks (CNN)
[136]; LSTM networks [137]

Hybrid techniques
RF–KMeans; KNN–KMeans [138]

Statistical and probabilistic foundations. Classical approaches model normality using

rigorous statistical principles and flag significant deviations as anomalies. Widely used

techniques include distance-based detection [131], Z-score [132], Grubbs’ test [3], extreme

value theory [139, 140], and regression-oriented treatments of extremes and outliers [141].

Probabilistic models such as HMMs and GMMs are also standard tools [133, 134]. These



techniques offer confidence measures and handle uncertainty, but may struggle with high-

dimensional or highly non-linear data [142, 143].

Machine learning. ML-based methods learn patterns of normality from historical data and

can better capture complex or non-linear structure. Common approaches include Robust

Covariance [80] in Elliptic Envelope [109, 110], Isolation Forest [79], one-class SVM [81],

and Local Outlier Factor [83]. These methods work well when normal behavior is complex or

slowly evolving and can adapt over time.

Deep learning. Deep learning has advanced anomaly detection by learning rich, hierarchical

representations from raw data [144, 145]. Autoencoders [135], CNNs [136] and RNNs such

as LSTMs [137] are effective for images, audio, and time series. Benefits include modeling

non-linear dependencies and high-dimensional interactions [146, 147]; challenges include

computational cost and opacity [148].

Hybrid methods. Hybrid approaches combine strengths across paradigms to overcome

individual limitations. For example, Lok et al. [138] propose RF–KMeans and KNN–KMeans

hybrids, demonstrating improved flexibility and performance. This demonstrates how multiple

anomaly detection methods can be combined to achieve results.

Applied impact and cross-domain trends. Applications in supply chains, inventory manage-

ment, and decision support demonstrate practical and economic value [32, 82, 149]. The field

continues to evolve toward higher accuracy, faster detection, and scalability to large, heteroge-

neous data [150, 151]. At the same time, interpretability and accountability are increasingly

central, especially when decisions have significant real-world consequences [152, 153].

Ecosystem and data considerations. Advances in AI and analytics enable progress on

complex, heterogeneous, high-dimensional data [154]. The proliferation of IoT and cyber-
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physical systems has expanded real-time monitoring and anomaly detection across domains

such as health [57], network and critical infrastructure security [58, 65, 66], and predictive

maintenance [61, 62]. Addressing the challenges of massive data volumes and privacy

constraints motivates robust, scalable techniques and privacy-preserving learning settings

(e.g., federated learning) [155, 156].

Looking ahead, anomaly detection in healthcare will likely become more interdisciplinary

and integral to innovative strategies for strengthening healthcare supply chains, alleviating

workforce pressures, providing effective decision support, and improving the quality of life

for workers and patients. This multidimensional trajectory aims to better surface and manage

anomalies, supporting more stable supply chains and safer, more efficient care delivery

environments.

1.2 APPLICATION DOMAINS OF ANOMALY DETECTION

Anomaly detection plays a critical role across many domains by revealing rare or unex-

pected patterns that may signal system malfunctions, fraud, or emerging risks. In cybersecurity

and network monitoring, machine learning–based anomaly detection is used to identify intru-

sions and malicious activities in dynamic network environments [65, 66]. In finance, anomaly

detection methods flag suspicious transactions and money-laundering activity among large

volumes of transactional data [59, 121]. In industrial systems and the Internet of Things

(IoT), anomaly detection is leveraged for predictive maintenance and sensor fault detection

to preempt failures [61, 62, 67]. In healthcare, anomaly detection algorithms help identify

abnormal patient vital signs, atypical imaging findings, or diagnostic outliers [58, 60, 75].

In public administration and procurement, data-driven anomaly detection is increasingly

used to uncover irregularities in government spending, bid rigging, and procurement fraud

[157, 158, 159]. Each domain brings unique challenges such as heterogeneous data, regulatory
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constraints, data sparsity, and the need for interpretability, which drive the development of

robust, context-aware, and scalable methods.

1.2.1 ANOMALY DETECTION IN THE PUBLIC SECTOR

Anomaly detection has gained momentum in public-sector applications, particularly in

procurement, public spending, and regulatory oversight, where identifying irregular patterns

can prevent corruption, fraud, and misuse of public funds. In public procurement, researchers

have applied machine learning techniques and statistical models to detect collusion, favoritism,

and bid rigging in government contracts [157, 158]. For instance, using open contracting data,

methods have been developed to flag deviations from expected bidding behavior or contract

award norms [157]. Graph-based techniques and pattern mining have also been leveraged

to capture relational anomalies, such as unusual subgraph patterns among bidders that may

indicate fraud-prone networks [158, 160]. In real-world deployments, explainability has

emerged as a key requirement: explainable anomaly detection frameworks have been proposed

to make results interpretable to auditors and public administrators [64, 150]. Challenges

abound: public-sector data is often incomplete or distributed across heterogeneous systems,

anomalies are rare and diverse, and labeled ground truth is scarce, making supervised learning

difficult [30]. These constraints underscore the need for tailored, robust, and scalable anomaly

detection approaches in this domain.

1.2.2 ANOMALY DETECTION IN PROCUREMENT AND SUPPLY CHAINS

In the domain of procurement and supply chains, anomaly detection is increasingly

used to uncover irregularities such as fraud, collusion, invoice manipulation, and vendor

opportunism across transactional flows. For example, researchers have developed methods
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to detect collusion in public procurement auctions by applying and comparing a variety of

machine learning algorithms over historical bid data from multiple countries [157, 158]. In

procurement settings, explainable indicator-based frameworks have been proposed to generate

interpretable fraud scores per transaction by combining multiple statistical signals [75, 150].

In supply chains, anomaly detection methods often combine forecasting and outlier detection;

for instance, LSTM-based models integrated with autoencoders have been used to detect

deviations in multivariate time series data tracking orders and shipments [74, 161]. Hybrid

models using gradient boosting (e.g., XGBoost) have also been applied to flag suspicious

supply chain behaviors and detect fraud in manufacturing contexts [75, 77]. To deal with

scarce labeled instances of fraud, recent work employs semi-supervised learning: a two-

phase framework that first isolates potential anomalies using an unsupervised detector (e.g.,

Isolation Forest) and then refines predictions using self-training support vector machines,

showing promising results on real supply chain datasets [96]. Isolation Forest is cited here

only for its original formulation [79]. However, challenges remain: high class imbalance, data

heterogeneity across participants, dynamic concept drift, and the need for interpretability in

business processes all complicate the deployment of such systems in real operational settings.

1.3 HYPERPARAMETER TUNING

Hyperparameter tuning is often considered as much an art as a science [162], due to the

vast range of options and the absence of fixed rules applicable to all scenarios.

1.3.1 IMPORTANCE OF PARAMETERIZATION FOR PERFORMANCE

In the domain of anomaly detection, careful hyperparameter tuning is critical because

small changes in configuration can drastically affect the sensitivity and specificity of detectors:

for Robust Covariance (e.g. in Elliptic Envelope or Minimum Covariance Determinant meth-
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ods) the support (or support fraction / contamination) parameter controls how many outliers

the model tolerates before fitting the majority cluster, which determines how strictly the

Mahalanobis-distance threshold is set, as per robust statistics theory [109]; in One-Class SVM,

the choice of ν (upper bound on fraction of outliers), the kernel type (linear, RBF, polynomial),

and gamma (kernel bandwidth) jointly govern the boundary tightness and generality of the

normal region (and must often be cross-validated for good performance) [163]; for Isolation

Forest, the number of trees and the subsample (or sample) size determine the randomness and

stability of isolation paths, influencing the variance and bias tradeoff in anomaly scoring [79];

and in Local Outlier Factor, the number of neighbors and the distance metric (or weighting of

distances) control the local density estimation sensitivity, making LOF’s anomaly flags heavily

dependent on neighborhood scale tuning (and often requiring heuristic or validation-based

methods to calibrate) [83].

1.3.2 CLASSICAL TECHNIQUES

Grid Search performs exhaustive evaluation on a predetermined discretized grid, Random

Search samples hyperparameters uniformly at random (and often more efficiently in high-

dimensional spaces) [164], Gradient-Based Search uses hypergradient or bilevel methods to

adjust hyperparameters via differentiable optimization [165], Bayesian Optimization builds

a probabilistic surrogate (e.g. Gaussian process) to balance exploration and exploitation

for global search [166], and Evolutionary Algorithms maintain a population of candidate

hyperparameter settings and evolve them through mutation and crossover operators over

generations [167].
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GRID SEARCH

In many practical settings, this exhaustive method tests a predefined range of values for each

hyperparameter. While simple to understand and implement, it becomes impractical as the

number of hyperparameters increases due to the combinatorial explosion [168]. In practice,

grid search is still widely used (e.g. in scikit-learn) for low-dimensional parameter spaces

[169]. Its limitations are well documented: with d hyperparameters each with n candidate

values, it requires nd evaluations, which becomes infeasible even for moderate d [170].

RANDOM SEARCH

Proposed and studied by Bergstra and Bengio [164], random search samples hyperparameter

combinations at random rather than exhaustively. They showed empirically and theoretically

that random search often finds good configurations more efficiently than grid search, especially

when only a subset of hyperparameters strongly influences performance [164]. In many cases,

a modest number of random trials can outperform exhaustive grid-sampling [164].

GRADIENT-BASED SEARCH

Gradient-based methods (also called hypergradient methods) compute derivatives of the valida-

tion loss with respect to continuous hyperparameters and perform updates accordingly. These

approaches are suitable in settings where the hyperparameter-to-loss mapping is differentiable

(or can be approximated), and they can adapt continuously rather than via discrete sampling

[165]. They are less commonly used in general-purpose Hyperparameter Optimization (HPO)

compared to search-based methods, but have seen growing interest in deep-learning research

(see, e.g., the survey by Chen et al. on gradient-based bilevel optimization) [165].
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BAYESIAN OPTIMIZATION

Bayesian optimization builds a probabilistic surrogate model of the validation loss (e.g.

Gaussian processes or Tree-structured Parzen estimators) and uses acquisition functions to

propose promising hyperparameter values [171]. This approach is more sample-efficient

(i.e. requires fewer evaluations) than random or grid search in many cases, especially for

expensive-to-evaluate models [172]. However, the sequential nature of most Bayesian methods

limits parallelism and complicates scaling to very high-dimensional hyperparameter spaces

[173].

EVOLUTIONARY ALGORITHMS

Evolutionary (or population-based) algorithms leverage principles inspired by biological

evolution, such as selection, mutation, and recombination, to evolve candidate hyperparameter

configurations. They are effective in exploring complex, multimodal search spaces and do not

require gradient information [174, 175]. For instance, Differential Evolution has been shown

to outperform SMAC (a Bayesian optimizer) for many datasets [175]. More recently, hybrid

and surrogate-assisted evolutionary approaches [e.g. Improved Equilibrium Optimizer (IEO)]

have been developed to accelerate convergence in hyperparameter tuning [176]. The trade-offs

are computational cost and sensitivity to the choice of genetic operators and control parameters

[177].

1.3.3 CURRENT LIMITATIONS AND IMPACT ON ROBUSTNESS

A key limitation identified in the state of the art is the strong dependency of anomaly

detection algorithms on carefully tuned hyperparameters, since small changes in values such as
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contamination levels, kernel bandwidths, or neighborhood sizes can drastically alter sensitivity

and specificity [178]. Scalability, interpretability, and stability further complicate deployment

in real-world, large-scale temporal data such as healthcare procurement. In the first article

of the current thesis, Bayesian Optimization was adopted as the most relevant strategy for

hyperparameter tuning because of its sample-efficiency and ability to balance exploration

and exploitation when only a few hyperparameters drive most of the performance variation

[179]. By leveraging a probabilistic surrogate to guide the search, Bayesian Optimization

quickly identified high-performing configurations on smaller-scale datasets, suggesting robust

baselines without incurring excessive evaluation costs. In the second article of this master

thesis (Apache Spark), our experiments indicated that these optimized hyperparameters trans-

ferred without re-optimization, which suggests their effectiveness was driven more by dataset

characteristics than by computational scale. thereby saving significant distributed resources

while preserving detection quality. This choice was particularly important because Bayesian

Optimization presents challenges in distributed contexts: its inherently sequential nature

contrasts with Spark’s parallel paradigm, stochastic variance across nodes introduces noise

into performance estimates, Gaussian-process surrogates scale poorly with higher-dimensional

parameter spaces [179], and repeated evaluations incur heavy communication and scheduling

overhead across the cluster. Consequently, the two-stage strategy, optimizing hyperparameters

once on smaller samples and then deploying them at scale, appeared to be both efficient

and practically necessary in this case study, overcoming both methodological and infrastruc-

tural constraints while highlighting the importance of aligning hyperparameter optimization

techniques with the realities of large-scale, distributed anomaly detection.
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1.4 POST-PROCESSING IN ANOMALY DETECTION

After generating raw model outputs (anomaly flags) or tentative anomaly flags from

a detection model, a necessary stage is post-processing, whose goal is to refine, filter, and

consolidate the results so as to reduce false positives, improve interpretability, and produce

actionable anomaly outputs. In many pipelines, post-processing bridges the gap between

model outputs and final decisions (alerts, intervals, ranked anomalies).

One common post-processing operation is thresholding: selecting a cutoff such that flagged

data above the threshold are declared anomalous and those below are considered normal.

However, a static, global threshold often yields sub-optimal trade-offs between recall and

precision, especially in non-stationary data streams subject to distribution shift [118]. Some

works therefore adopt adaptive or dynamic thresholding, or even multi-level thresholds, to

respond to distribution shifts [113]. In multivariate time-series anomaly detection, it has been

shown that the choice of scoring or thresholding function often matters more than the base

model itself, and dynamic scoring functions generally outperform fixed ones across diverse

datasets [180].

Beyond simple thresholding, more advanced post-processing includes merging or smoothing

of detected anomaly points into coherent intervals. For instance, isolated “spikes” of anomaly

flags may be smoothed out to avoid labelling transient noise; conversely, gaps between flagged

points may be bridged if they fall within a temporal tolerance. In visual or spatial anomaly

detection, morphological or connected-component merging operations are often used to merge

adjacent anomalous pixels or patches [114]. In video-oriented temporal action detection

pipelines, post-processing modules aggregate per-frame detections into contiguous anomaly

episodes [113].
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Another key function of post-processing is false positive filtering and ranking. Especially

in high-recall detectors, many candidate alarms may be spurious. Some systems introduce

a secondary classifier or scoring step over proposed anomalies to prune false alarms; for

example, in industrial image-level anomaly detection, a false-alarm classifier is applied on

object-level features atop a baseline detector [181]. In network-intrusion or alert-monitoring

contexts, alert-post-processing also involves correlation and aggregation of flagged flows to

reduce operator burden [112].

Hybrid schemes also exist: for example, large-scale deployment frameworks decouple the

anomaly-detection and alerting components, where the alert-filtering layer applies business

logic, prioritisation or suppression rules on raw detection outputs; this filtering layer is

effectively a form of post-processing that boosts precision in real-world operation [112].

Finally, some recent methods embed domain knowledge or pattern constraints into post-

processing stages. For instance, in industrial defect-detection settings the post-processing

module applies smoothing or filtering of the anomaly map to reduce isolated false positives

and better localise meaningful defects [114]. While some contemporary models (e.g., end-to-

end frameworks that jointly learn localisation and decision boundary) attempt to absorb or

eliminate the need for ad-hoc post-processing, many legacy or industrial systems still rely on

external post-processing modules for filtering, smoothing and event consolidation.

In contrast, drawing on literature that treats post-filtering / post-processing as an explicit

refinement stage in detection pipelines, common in signal processing and imaging applications

[115, 116, 117] and also discussed in anomaly detection under distribution shift and operational

constraints [113, 118], the framework presented in the current thesis begins with a default

filter that deliberately preserves raw outputs as a baseline, providing a clear reference point

for assessing the incremental effect of subsequent filtering strategies. The inverse filter is
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used as a robustness stress-test by systematically flipping anomaly classifications to probe

boundary strictness; while this idea is related to robustness and sensitivity analyses, it appears

less commonly described as an explicit post-processing step in the sources reviewed (which

often assume the anomaly/normal direction is correct). The excess filter goes beyond a purely

global percentile rule by retaining anomalies based on deviations above a moving average

with a fixed 30-day horizon, chosen to align with the CIUSSS-SLSJ monthly reporting cycle;

this coupling to an operational cadence can improve domain interpretability compared with

purely distribution-based thresholds. Finally, the lack filter focuses on unusually low values

(e.g., drops in sensor readings or economic activity), a class of anomaly that may receive less

attention in approaches that primarily emphasize spikes and surges.

Taken together, these filters provide bidirectional sensitivity to both excesses and defi-

ciencies, while embedding organisational and application-level constraints into the filtering

logic. In summary, this contribution goes beyond noise-reduction: it reframes post-processing

as a targeted, context-aware refinement stage that complements adaptive thresholding and re-

lated anomaly-scoring approaches, thereby enhancing robustness, interpretability, and practical

relevance of anomaly detection outputs.

1.5 POSITIONING OF THE THESIS

This thesis is positioned at the intersection of public-sector procurement, anomaly

detection, and decision support, with a concrete case in the Québec healthcare network

(CIUSSS-SLSJ). Despite the rich temporal properties confirmed by exploratory data analysis,

deep learning models (such as Long Short-Term Memory (LSTM)s and Autoencoders) were

explicitly excluded from the current study in favor of more transparent machine learning

methods, reflecting the acute need for interpretability, explainability, and resource efficiency

required by public sector governance frameworks (e.g., LCOP) where decisions must be
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auditable and accountable. It responds to a practical need for early detection of procurement

irregularities, such as delivery delays, atypical price variations, demand fluctuations, or back-

orders, using real SAP data and within the governance and regulatory context of the health

system. Methodological choices have been aligned with operational realities rather than purely

academic idealisations.

Relative to the state of the art, the contribution shifts emphasis from exclusively improving

model internals (for example via extensive hyperparameter optimization [166, 171]) toward

domain-aware post-processing that translates raw model outputs (anomaly flags) into action-

able, manager-ready signals. While many works focus on scoring functions or architecture

choices in anomaly detection, fewer seem to explicitly investigate the transformation of those

flags into domain-tailored alerts suitable for decision support in procurement contexts. The

choice of filtering logic thus becomes a core dimension rather than a secondary “cleanup”

step.

Empirically, the thesis is structured around two original articles. The first, Anomaly De-

tection Using AI in Healthcare Procurement Data Across Multiple Criteria with Tailored

Post-Processing Filters [129], demonstrates that unsupervised algorithms (IF, LOF, OC-SVM,

RC in EE) combined with careful preprocessing [normalisation, Principal Component Analy-

sis (PCA)] and the proposed filters yield operationally meaningful detections on CIUSSS-SLSJ

procurement data. This first study primarily addresses RQ1 and RQ2 by designing and evalu-

ating an unsupervised anomaly detection pipeline on CIUSSS-SLSJ procurement data. More

specifically, it examines how combinations of algorithms (IF, LOF, OC-SVM, RC), Bayesian

hyperparameter optimization, and tailored post-processing filters influence both detection

performance and the operational relevance of the generated alerts. The second article, AI-based

anomaly detection in healthcare procurement using Apache Spark: a post-processing filters

approach [130], migrates the pipeline to Apache Spark to examine distributed execution,
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identifying where the logic transfers seamlessly and where algorithmic constraints limit na-

tive scaling (notably for distance- and kernel-based models). This second study primarily

addresses RQ3 by re-implementing the anomaly detection pipeline in Apache Spark and

comparing its performance and outputs against the Pandas implementation. It focuses on

scalability, execution constraints, and the preservation (or degradation) of anomaly flags and

filtered alerts when the pipeline is deployed in a distributed environment.

Conceptually, this re-frames the optimization levers in anomaly detection: whereas Bayesian

hyperparameter optimization remains valuable [166, 171], the experiments reveal that well-

designed, domain-specific post-processing can supply comparable or superior gains at much

lower computational cost, an especially pertinent trade-off for public organisations with limited

compute resources. In this sense, post-processing is elevated from a generic clean-up stage to

a core component that contextualises anomalies for governance and decision-making. This

thesis is positioned by arguing, on the basis of the case study, that in resource-constrained,

regulation-heavy environments, optimizing domain-specific post-processing filters may offer a

promising operational trade-off compared to pursuing marginal detection gains via complex,

expensive hyperparameter optimization.

Methodologically, the thesis contributes a pragmatic pipeline that is both interpretable and

transferable. In the experiments, Isolation Forest (IF) combined with the ‘excess’ filter ap-

peared to be among the more robust and stable configurations across settings, supporting

clearer alerting with fewer tuning burdens for this particular case study. At scale, the Spark

migration confirms the durability of the filter logic, while transparently documenting limita-

tions (for example, broadcast-workarounds that hinder full scalability for Local Outlier Factor

and One-Class SVM). This candour about constraints helps delineate the boundary between

proof-of-concept and operational readiness.
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Situated within the literature, the thesis contributes along three axes. Scientifically, it redirects

attention toward post-processing as a complementary optimization lever in anomaly detection

applied to public procurement. Methodologically, it advances a hybrid view that couples

detection algorithms with business-rule filtering, improving interpretability and uptake by

public decision-makers. Practically, it offers a replicable pathway, validated on real hospital

procurement data, toward integrating AI-based anomaly detection into ERP environments

(for example SAP today), while surfacing concrete research avenues (Spark-native methods,

distributed HPO, federated learning, multi-institutional validation).

Based on the literature reviewed for this thesis, we did not find prior studies that simultaneously

(i) integrate Bayesian hyperparameter optimization and domain-specific post-processing filters

for multi-criteria anomaly detection in healthcare procurement data and (ii) examine scalability

in a distributed Apache Spark environment.

In sum, the thesis occupies a pragmatic niche between academic prototypes and operational

deployment: it retains rigorous anomaly-detection methodology yet re-orients design choices

toward organisational usefulness, interpretability, and scalability in a public-health procure-

ment context.

The following chapters (II and III) consist of the two core studies of this thesis. Chapter II

presents the first study (as submitted in manuscript form), and Chapter III the second study.
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2.1 ABSTRACT

This study evaluates unsupervised machine learning methods for anomaly detection in

healthcare public procurement data from the CIUSSS-SLSJ SAP system. Four algorithms are

assessed: Robust Covariance (RC) in Elliptic Envelope (EE), Isolation Forest (IF), One-Class

SVM (OC-SVM), and Local Outlier Factor (LOF). Preprocessing pipelines include standard-

ization or normalization and PCA, with all transforms fitted on the training split only to prevent

information leakage. Outputs are optionally refined using rule-based post-processing filters

(excess, lack, inverse, default), and hyperparameters are tuned via Bayesian optimization. Test

sets were expert-labeled to identify anomalies related to price, value, purchased and received

quantities, delivery delays, and atypical return, demand, and order patterns. Performance is

reported using standard metrics (accuracy, precision, recall, specificity, F1-score, AUC-ROC,

AUC-PR) and averaged across three independent expert-labeled hold-out datasets per criterion.

In these limited experiments, Isolation Forest (IF) achieved the strongest overall performance,

though conclusions are constrained by small sample sizes. The results support the feasibility

of AI-based anomaly detection in SAP procurement workflows while highlighting practical

barriers in Quebec’s healthcare supply chain, including data warehousing requirements, stor-

age and integration constraints, and the need for more centralized ERP standardization across

the Santé Quebec network.

Keywords: public procurements, healthcare supply chain, anomaly detection, artificial intel-

ligence, AI, unsupervised, machine learning, Robust Covariance (RC) in Elliptic Envelope

(EE), Isolation Forest (IF), One-Class SVM (OC-SVM), Local Outlier Factor (LOF).
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2.2 INTRODUCTION

In the evolving landscape of healthcare logistics and management, the integration of

artificial intelligence (AI) into supply chain processes promises a potential cost reduction [28]

and an increase in operational efficiency [182]. This paper aims to enhance our understanding

of the challenges and future trends identified by Painuly et al. [27]. This research paper seeks

to explore the application of AI within the supply chains of the Integrated University Health

and Social Services Center of Saguenay-Lac-Saint-Jean / Centre intégré universitaire de santé

et de services sociaux du Saguenay-Lac-Saint-Jean, utilizing key procurement data from

SAP software systems. Our study is inspired by the methodologies of Ten et al. [65], Genge

et al. [66], Shi et al. [67], Bauder et al. [121], and Patel et al. [123], which have previously

demonstrated the potential of AI for anomaly detection in various domains.

This work emphasizes the integration of preprocessing techniques, such as normalization, stan-

dardization [183], and dimensionality reduction (e.g., PCA) [184] along with post-processing

steps, understood broadly as operations applied after the initial output to enhance or refine

results [116], include tailored output filters (e.g., excess, lack, inverse, and default) to refine

anomaly detection outcomes. These filters rely on heuristic, domain-informed choices (e.g., a

30-day trailing moving-average window and expert-defined thresholds). They are not claimed

to be optimal, and would need to be recalibrated when transferring the methodology to other

institutions or KPI definitions. We hypothesize that by applying tailored filtering strategies,

we can enhance detection performance metrics by reducing noise. To enhance algorithmic

performance, Bayesian optimization is employed, following the approach outlined by Feurer

and Hutter [124].

Beyond technical advancements, this study addresses practical considerations in adopting

AI technologies within a complex procurement ecosystem. Including navigating public pro-
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curement rules and the governance constraints that shape public-sector algorithm deployment

[12, 15].

Ultimately, the research seeks to establish a robust, real-time alert system powered by AI,

enabling the CIUSSS-SLSJ to proactively respond to anomalies. By leveraging live Enterprise

Resource Planning (ERP) data, this system aims to enhance operational resilience and foster a

culture of accountability and efficiency in public procurement management, in alignment with

modern Industry 4.0 practices, as previously demonstrated by Jagadeesan et al. [31].

2.3 CONTRIBUTIONS

1. An empirical comparison of four unsupervised anomaly detection models on CIUSSS-

SLSJ SAP procurement data across multiple anomaly criteria.

2. A evaluation pipeline with preprocessing, Bayesian hyperparameter tuning, and expert-

labeled hold-out testing using standard performance metrics.

3. Tailored post-processing filters (default, inverse, excess, lack) to refine anomaly flags.

2.4 OBJECTIVE OF THIS STUDY

The primary objective of this study is to design and implement AI-driven methods

to detect and address anomalies in healthcare procurement data. By leveraging specific

unsupervised machine learning algorithms, the research aims to identify irregularities that may

indicate inefficiencies, fraud, or compliance issues within the procurement process.

Since we hypothesize that applying tailored filtering strategies may enhance detection perfor-

mance metrics by reducing noise, our secondary objective is to demonstrate the potential of

these specific filters (default, inverse, excess, and lack).
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2.5 RESEARCH PROTOCOL AND METHODOLOGY

This study follows a rigorous eight-step protocol to ensure reliable results. First, the

anomaly criteria were defined and the relevant variables were selected. The data are split into

an unlabeled training set used to fit the unsupervised models and three distinct expert-labeled

hold-out datasets per anomaly criterion (triplicate) used only for supervised evaluation; all

reported metrics are computed on each hold-out dataset and then averaged. No expert labels

are used to fit the models. All expert labels were produced by a single administrative process

specialist from CIUSSS-SLSJ, and no formal inter-rater agreement was computed. As a result,

the ground truth reflects this expert’s interpretation of the CIUSSS-SLSJ policies and may

differ from how other specialists would categorize borderline cases. An exhaustive exploratory

data analysis (EDA) was conducted to gain insights, followed by data preprocessing to

handle missing values, apply normalization/standardization, encode categorical variables, and

ensure quality. Statistical models (e.g., Z-Score, Grubbs’ Test, and Distance-Based Anomaly

Detection) and unsupervised anomaly detection algorithms (e.g., Local Outlier Factor, One-

Class SVM, Isolation Forest, and Robust Covariance in Elliptic Envelope) were applied. The

processed output was filtered using contextual filters (e.g., excess, lack, and inverse filters)

and compared to a default, unfiltered scenario. We then optimized hyperparameters through

Bayesian optimization. When hyperparameter tuning is performed, the selection role is rotated

across the three labeled hold-out datasets (triplicate). Finally, the results were evaluated using

metrics such as accuracy, precision, recall, specificity, F1-score, AUC-ROC, AUC-PR, and

a confusion matrix, leading to actionable recommendations and conclusions based on the

findings. Detailed descriptive statistics, distributional analyses, and assumption checks for all

variables are provided in Appendices A–I; these diagnostics guided variable selection, scaling

decisions, and the choice of anomaly detection algorithms.
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2.5.1 DATA-ENGINEERING SUMMARY

Nine SAP export types were processed: PRODUCTS, ORDERS, VALID_CONTRACTS, DIVISIONS,

BILLS, SUPPLIERS, RECEIPT_OF_GOODS, RETURNS, PURCHASE_REQUESTS.

A uniform five-step ETL routine was applied to each export:

1. Ingest: load all .XLS files, skipping the SAP header rows (3 or 6 lines).

2. Rename: apply hand-crafted French-to-English column mappings and drop unnamed

or empty fields.

3. Cast: standardize types: IDs to strings (Codify); amounts to floats (Floatify); coun-

ters to integers (Intify); dates parsed with error coercion.

4. Prune: remove SAP-specific noise columns (e.g. Lot, Username) and de-duplicate on

primary keys.

5. Load: write the cleaned data frames to the staging SQL database (AD_Staging), stream-

ing one row per chunk to avoid ODBC row-size limits.

The script executes the full pipeline in ∼22 min on a 16-core workstation and yields nine

analytics tables.

64



2.5.2 DATASETS AND VALIDATION SCHEME

Each anomaly criterion (Table 1) is populated by three independent datasets, together

covering fiscal years 2018–2023.

Each dataset is built by joining one or more of the nine analytics tables produced in the

previous step.

• Mean rows per dataset (after quality screening and before labeling): 7.42 M

• Mean expert-labeled rows per dataset : 3910

• Average anomaly prevalence of labeled dataset: 28.38%±σp

• σp is the standard deviation (21.64%) of prevalence across the held-out datasets.

• Chronological 70 / 30 train–test split; no temporal leakage

• LOF was run in novelty mode (novelty=True) and fitted on train only.

All artifacts (confusion matrices, curves, logs) are archived in the project repository; due to

CIUSSS-SLSJ confidentiality constraints, the repository is not publicly accessible, but the full

configuration schema (hyperparameters, preprocessing choices, random seeds, and software

versions) is provided to enable auditability and internal reproducibility. Confusion matrices

are computed by comparing binary anomaly flags ŷ (returned by predict()) to the expert

labels, whereas AUC-ROC and AUC-PR are computed from continuous anomaly scores s(x)

(higher s(x) indicates more anomalous; scores are sign-inverted where necessary). For each

anomaly criterion and dataset, threshold-dependent metrics are computed by comparing the

binary anomaly flags ŷ to the expert labels, whereas curve-based metrics (AUC-ROC and

AUC-PR) are computed by comparing the continuous anomaly scores s(x) to the expert labels.
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(see Section 0.4.2). The algorithms themselves are fitted without labels, but their performance

and operating points are assessed on this labelled subset. Methodologically, this corresponds

to unsupervised anomaly detectors evaluated in a supervised manner, i.e., a semi-supervised

evaluation scenario rather than a fully unsupervised setting.

2.5.3 BAYESIAN HYPERPARAMETER OPTIMIZATION

We use scikit-optimize with 40 evaluations per dataset; the objective is to maximise

validation F1-Score from the binary anomaly flags ŷ ∈ {0,1} returned by predict() on an

internal validation fold. The internal validation fold is obtained via a chronological split

within the training period, so that validation always uses data from later months than the

corresponding training subset. This preserves the temporal structure and avoids leakage from

the future into hyperparameter tuning. Each algorithm has its own search space (Table 2.1).

Table 2.1 : Hyperparameter search space

Algorithm Parameter Range / distribution
Robust Covariance (RC) in El-
liptic Envelope (EE)

support_fraction 0.60–1.00 (continuous)

contamination 0.10–0.30 (continuous)
Isolation Forest (IF) n_estimators 1–150 (integer)

max_samples 0.10–1.00 (continuous)
One-Class SVM (OC-SVM) ν (nu) 0.01–0.40 (continuous)

γ (gamma) {scale, auto} (categorical)
Local Outlier Factor (LOF) n_neighbors 2–50 (integer)

leaf_size 1–40 (integer)
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2.6 ANOMALY DETECTION ALGORITHMS FOR THIS STUDY

Table 2.2 : Theoretical formulas of selected anomaly detection algorithms

Anomaly detection algorithms Simplified theoretical formula
Robust Covariance (RC) [80] in
EllipticEnvelope [109, 110] (µ̂, Σ̂) = MCDγ (X), γ = support_fraction,

d2(x) = (x− µ̂)⊤Σ̂
−1(x− µ̂),

s(x) = d2(x) (higher = more anomalous),

f (x) = offset−d2(x), ŷ(x) = I[ f (x)< 0],

offset set using ε = contamination,

(sklearn) s(x) =−decision_function(x).

Isolation Forest (IF) [79, 185]
E(h(x)) =

1
t

t

∑
j=1

h j(x),

s(x,n) = 2−
E(h(x))

c(n) (higher = more anomalous),

c(n) = 2Hn−1−
2(n−1)

n
(n > 2),

Hn−1 =
n−1

∑
k=1

1
k
≈ ln(n−1)+ γ,

(sklearn) s(x) =−decision_function(x).

One-Class SVM (OC-SVM)
[81] min

w,ρ,ξ

1
2
∥w∥2 +

1
νn

n

∑
i=1

ξi−ρ,

s.t. w⊤φ(xi)≥ ρ−ξi, ξi ≥ 0, i = 1, . . . ,n,

g(x) = w⊤φ(x)−ρ =
n

∑
i=1

αiK(xi,x)−ρ,

ŷ(x) = I[g(x)< 0],

s(x) =−g(x) (higher = more anomalous),

K(x,z) = ⟨φ(x),φ(z)⟩.

Local Outlier Factor (LOF) [83]
reach_distk(x,o) = max(k-dist(o),d(x,o)),

lrdk(x) =

(
1

|Nk(x)| ∑
o∈Nk(x)

reach_distk(x,o)

)−1

,

LOFk(x) =
1

|Nk(x)| ∑
o∈Nk(x)

lrdk(o)
lrdk(x)

,

s(x) = LOFk(x) (higher = more anomalous),

(sklearn) s(x) =−negative_outlier_factor_(x).
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The Table 2.2 summarizes four widely used anomaly detection methods by pairing

each algorithm with a compact “scoring rule” that ranks points by how atypical they are,

plus (when applicable) how common software implementations convert that score into an

inlier/outlier label: Robust Covariance (RC) in Elliptic Envelope (EE) via the Minimum

Covariance Determinant (MCD) estimates a robust mean µ̂ and covariance Σ̂ from a high-

support subset (controlled by γ = support_fraction), then measures atypicality using

the squared Mahalanobis distance d2(x) = (x− µ̂)⊤Σ̂−1(x− µ̂), so larger d2(x) implies

a more extreme point under an ellipsoidal Gaussian-like model; in practice, a threshold

(the offset) is calibrated using an assumed outlier proportion ε = contamination so that

f (x) = offset−d2(x) becomes negative for predicted anomalies [109, 110]. Isolation Forest

(IF) instead defines anomalies as points that become isolated quickly in random partition trees:

it averages the path length h j(x) over t trees to obtain E(h(x)), then converts it to an anomaly

score s(x,n) = 2−E(h(x))/c(n) where c(n) is the expected path length in a random binary search

tree (using harmonic numbers Hn−1), yielding higher scores for shorter-than-expected paths

(more isolatable points) [79, 185]. One-Class SVM (OC-SVM) frames anomaly detection as

learning a boundary in feature space that encloses most training data: it minimizes 1
2∥w∥

2

while allowing slack ξi and enforcing w⊤φ(xi) ≥ ρ − ξi, with ν controlling the trade-off

(and implicitly the fraction of outliers/support vectors); prediction uses the signed decision

function g(x) = w⊤φ(x)−ρ = ∑i αiK(xi,x)−ρ , labeling points with g(x)< 0 as outliers and

taking s(x) =−g(x) as an anomalousness score [81]. Local Outlier Factor (LOF) is explicitly

local-density-based: it defines a reachability distance reach_distk(x,o) that smooths distances

by each neighbor’s k-distance, computes the local reachability density lrdk(x) as the inverse

of average reachability distance to k neighbors, and then sets LOFk(x) to the average ratio of

neighbors’ densities to the point’s density, so LOFk(x)> 1 indicates x lies in a region sparser

than its neighbors (a local outlier), with larger values indicating stronger local deviation

[83]; finally, the table notes that some scikit-learn APIs flip signs (e.g., return a higher
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decision_function for inliers), so the displayed s(x) is often implemented as the negative

of those returned quantities to keep the interpretation higher = more anomalous consistent

across methods [110, 185].

2.7 ANOMALY CRITERIA SELECTED FOR THE STUDY

As shown in Table 2.3, a set of anomaly criteria has been selected for this study. These

criteria are used to implement the anomaly detection system. Each criteria consists of a

different dataset and is evaluated individually.

The criteria selected for the anomaly detection study, as detailed in Table 2.3, encompass a

range of operational and transactional parameters critical for identifying deviations that could

indicate fraud, non-compliance, or operational inefficiency. Significant price variation, for

example, captures changes in pricing that deviate markedly from historical norms, potentially

signaling manipulative behaviors or market anomalies. Similarly, significant delivery delays

are included as a criterion due to their ability to highlight disruptions in supply chain processes,

which could forewarn of deeper issues such as logistical failures or breaches in contract

compliance. The unusual number of returns is monitored as it may reflect underlying quality

or satisfaction issues, directly impacting public trust and political reputation. Abnormal

demand fluctuation is another key indicator, pointing to potentially unsustainable or irregular

purchasing patterns that could suggest speculative behavior or stockpiling. Lastly, sudden

changes in key performance indicators (KPIs) and unusual orders, such as those out of scope

for specific departments, are scrutinized to ensure that all organizational activities align with

established operational standards and ethical practices. By integrating these criteria into the

anomaly detection system, the study aims to provide a robust framework for early detection

and mitigation of activities that could adversely affect the organization. As shown in Table 2.3,
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Table 2.3 : Anomaly criteria and associated variables

Anomaly Criterion Associated Variables
Significant price variation AverageProductPrice,

AverageOrderedValue,
AverageOrderedQuantity

Significant delivery time variation AverageDaysDelayLessThan30Days,
AverageDaysDelayGreaterThan30Days

Unusual number of returns ReturnCounts
Abnormal demand fluctuation DemandesCounts
Sudden deviation or change in KPIs PercentagePerfectOrders,

PercentagePerfectOrders_36M_RollingAvg,
PercentagePerfectOrders_12M_RollingAvg,
PercentagePerfectOrders_3M_RollingAvg,
PercentagePerfectInvoices,
PercentagePerfectInvoices_36M_-
RollingAvg,
PercentagePerfectInvoices_12M_-
RollingAvg,
PercentagePerfectInvoices_3M_RollingAvg

Unusual delivery delays NumberDelaysLessThan30Days,
NumberDelaysGreaterThan30Days,
TotalNumberofDelaysPerPeriod,
NumberOfDelayedItems

Unusual variability in received quan-
tities

AverageReceivedQuantity

© Colin Bouchard

each of these anomaly criteria has been associated with the corresponding variable in each

data set. Anomalies are specifically detected on these variables.

2.7.1 DEFINING NORMS

Variation in prices, delays in deliveries, or product conformity can impact healthcare

supply chain operations. In this subsection, we will define what constitutes a norm and

discuss deviations that could be indicative of anomalies [132]. Price variations, whether

due to unintentional errors or attempts at overcharge, can lead to financial losses. Anomaly
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detection algorithms can identify unusual price fluctuations by product. These detections allow

managers to intervene with suppliers [186]. Ensuring delivery deadlines are met is important

for maintaining the integrity of healthcare supply chains. Delays can directly affect the

availability of critical medical supplies, impacting patient care and safety [68, 187, 188, 189].

We hypothesize that an analysis of return reasons from deliveries can effectively detect

anomalies related to product non-conformity. This method focuses on why items are returned

by procurement departments using traditional classification methods such as decision trees,

random forests and other methods, revealing issues such as quality deficiencies or specification

mismatches [190]. Preventing shortages is critical for the efficient management of healthcare

supply chains. This involves detecting anomalies related to unusual delays in deliveries and

variability in received quantities. Advanced monitoring systems and predictive analytics play a

key role in identifying these anomalies early, allowing organizations to take proactive measures

to avoid disruptions [68, 187, 188, 189]. Detecting unusual delays in deliveries is essential to

prevent potential shortages. Close monitoring of delivery schedules and swift identification

of deviations from the norm help in maintaining continuous supply chain operations. This

not only prevents operational disruptions but also ensures patient safety by avoiding critical

supply shortages [68, 187, 188, 189]. Monitoring the consistency of received quantities is vital.

Any significant deviation from expected levels can signal potential supply issues, allowing

procurement teams to act quickly to address potential shortages. This proactive approach

helps maintain consistent supply levels and operational stability [191].

2.8 TAILORED POST-PROCESSING OUTPUT FILTERS

Anomaly detection systems often generate raw outputs that require further refinement to

extract meaningful insights. In the context of the current article, post-processing filters helped

tailor anomaly classification to specific application needs, ensuring that only the most relevant
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deviations are considered. In some cases, not all detected anomalies are equally important. In

fact, certain anomaly criteria require focusing exclusively on high-magnitude output, while

others prioritize unusually low values. Additionally, what is traditionally classified as an

anomaly may, under specific conditions, represent normal behavior, whereas its inverse could

signify an actual anomaly. We hypothesize that tailored filtering strategies may reduce noise

in the anomaly stream; any resulting effect on detection performance remains to be validated

empirically. By refining anomaly classification, these filters might help focus on the most

relevant deviations, reducing false flags and enhancing the overall reliability of the detection

system.

DEFAULT (NO FILTER)

In the context of this study, the default filter applies no modifications, preserving the

raw output for direct analysis. It serves as a baseline to evaluate the effectiveness of other

filtering techniques. By comparing results against this unfiltered reference, one can assess how

different filters influence anomaly detection and overall system performance.

INVERSE FILTER

This filter swaps anomaly classifications: observations labeled as anomalous under the

default filter are reclassified as normal, and vice versa. By reversing the interpretation, this

filter provides an alternative perspective on the dataset, helping to evaluate the sensitivity of

the detection model. It is particularly useful for testing robustness and identifying cases where

classification boundaries may be too strict or lenient.
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EXCESS FILTER

The Excess filter retains only values that exceed a moving-average threshold; in our

experiments we used a trailing 30-day window because it matches the CIUSSS-SLSJ monthly

reporting cycle. Other horizons can be substituted to fit different operational cadences. This

ensures that only high-magnitude deviations are retained while filtering out minor fluctuations.

It is well-suited for applications where extreme outliers, such as sudden spikes in financial

transactions, temperature anomalies, or performance surges, are of primary concern.

LACK FILTER

Conversely, the Lack filter identifies anomalies that fall below the 30-day moving

average threshold, emphasizing unusually low values. This filtering approach is particularly

beneficial in scenarios such as detecting unexpected drops in sensor readings, system failures,

or economic slowdowns. By isolating low-value anomalies, it helps uncover patterns that

might otherwise be overlooked in broader anomaly detection frameworks.

2.9 EVALUATION OF THE MODELS

The evaluation of anomaly detection models is essential to ensure their effectiveness and

reliability across various applications, including cybersecurity [192], industrial monitoring

[66], healthcare diagnostics [193], and fraud detection [59]. The justness of these models is

assessed using various performance metrics, each derived from fundamental classification

outcomes: true positives (TP), false positives (FP), true negatives (TN), and false negatives

(FN) [96, 194]. In this study, TP, FP, TN, and FN values are determined based on the

labeling of the test dataset by an Administrative Process Specialist from the CIUSSS-SLSJ,
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ensuring that the ground truth is treated as reference labels for evaluating anomaly detection

performance. TP represents correctly identified anomalies, FP accounts for normal instances

misclassified as anomalies, TN corresponds to normal observations correctly identified, and

FN represents anomalies that the model failed to detect [96, 194].

Accuracy is the most used general measure of correctness [194]. It quantifies the proportion of

correctly classified instances but may be misleading in imbalanced datasets where anomalies

are rare. Precision, or positive predictive value, evaluates the proportion of detected anomalies

that are genuinely anomalous [96], making it important in scenarios where reducing false

alarms is essential, such as fraud detection [59]. Recall (sensitivity), on the other hand, assesses

the model’s ability to detect actual anomalies, ensuring that critical events are not missed,

which is particularly important in applications like medical diagnostics [193]. Specificity

measures the proportion of correctly classified normal instances, complementing recall by

minimizing false positives [96, 194], which is valuable in automated monitoring systems where

excessive alerts can cause inefficiencies [66]. The F1-score, a harmonic mean of precision

and recall, is particularly useful when a balance between false positives and false negatives

is necessary [96, 194]. Area Under the Receiver Operating Characteristic Curve evaluates

a model’s ability to discriminate between normal and anomalous instances across varying

thresholds by plotting the true positive rate (TPR) against the false positive rate (FPR) [99].

Meanwhile, Area Under the Precision-Recall Curve provides a more insightful performance

metric in highly imbalanced datasets, where precision-recall trade-offs better reflect model

capabilities compared to ROC analysis [102]. The mathematical formulations for these metrics

are provided in Table 2 [96, 194]. By analyzing these performance measures comprehensively,

we gain deeper insights into the strengths and limitations of different anomaly detection

models.
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2.10 RESULTS

In this section, we analyze the performance of the anomaly-detection models. Each

figure and analysis reports the mean over three independent held-out test datasets (one run per

dataset) for each anomaly criterion; error bars show a heuristic aggregate variability indicator

defined as Eg = ∑k∈K σ̄g,k, where σ̄g,k is the configuration-averaged standard deviation of

metric k across the three runs (see equations 2.1, 2.2, 2.3 and 2.4).

Aggregation and variability notation. Let r ∈ {1,2,3} index the triplicate runs, and let k ∈

K index the evaluation metrics (e.g., Accuracy, Precision, Recall, Specificity, F1, AUC-ROC,

AUC-PR). For a configuration c, we denote the run-level score by sc,r,k and define the per-

metric mean and standard deviation across runs as:

µc,k =
1
3

3

∑
r=1

sc,r,k, σc,k =

√
1
2

3

∑
r=1

(
sc,r,k−µc,k

)2
. (2.1)

For any grouping g (e.g., model, feature, filter), with configuration set Cg, we aggregate by

averaging over configurations:

µ̄g,k =
1
|Cg| ∑

c∈Cg

µc,k, σ̄g,k =
1
|Cg| ∑

c∈Cg

σc,k. (2.2)

In stacked-bar figures, the total bar height is the sum of aggregated metric means,

Hg = ∑
k∈K

µ̄g,k, (2.3)

and the plotted error bar is an aggregate variability indicator computed as

Eg = ∑
k∈K

σ̄g,k. (2.4)
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2.10.1 OVERALL COMPARISON

For each model m, we aggregate over all configurations using that model (see equa-

tion (2.5)), i.e., Cm = {c : Model(c) = m}. The stacked bar segments correspond to µ̄m,k for

each metric k, with total height and aggregate variability indicator:

Hm = ∑
k∈K

µ̄m,k, Em = ∑
k∈K

σ̄m,k. (2.5)
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Figure 2.1 : Overall model performance

Across the three held-out test splits, Isolation Forest tended to achieve the highest aggregate

performance metrics (Figure 2.1); however, the aggregate variability indicators overlap with

those of One-Class SVM and Local Outlier Factor on several metrics. Figure 2.1 shows that

the bar representing Isolation Forest is generally taller and its error bars (summed standard

deviations) are comparatively moderate, indicating both high performance and relative stability.

Models like One-Class SVM and Local Outlier Factor follow closely in certain metrics (e.g.,

Recall, Specificity), but they do not consistently outperform Isolation Forest across the entire
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metric set. Robust Covariance in Elliptic Envelope trails slightly, yet remains a viable choice

in specific parameter regimes.

2.10.2 COMPARISON PER ANOMALY CRITERION

For each anomaly criterion (feature) f , we aggregate over all configurations using

that feature (see equation 2.6), i.e., C f = {c : Feature(c) = f}. The stacked bar segments

correspond to µ̄ f ,k for each metric k, and we plot:

H f = ∑
k∈K

µ̄ f ,k, E f = ∑
k∈K

σ̄ f ,k. (2.6)

We further broke down the analysis by individual anomaly criteria (or features), such as

AverageProductPrice, PerfectOrderRate, and NumberDelaysGreaterThan30Days. Notably,

NumberOfRequests (purchase request) emerges as the most consistent feature overall: it yields

the best combination of average performance metrics (e.g., highest mean F1, AUC-ROC,

AUC-PR and Accuracy) with respect to the expert reference labels, and the smallest aggregate

variability indicator across triplicates. This stability suggests that NumberOfRequests (pur-

chase requests) may be more predictable for anomalies in its own dataset. Although different

features cater to different types of anomalies, results with NumberOfRequests (purchase

requests) suggest this criterion can reliably enhance detection performance, regardless of the

chosen model. (see Figure 2.2)
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Figure 2.2 : Comparison of average performance with summed standard deviation per anomaly
criterion
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2.10.3 INFLUENCE OF POST-PROCESSING FILTERS

For each filter setting z and model m, we aggregate over configurations that match both

(see equation 2.7), i.e., Cz,m = {c : Filter(c) = z ∧ Model(c) = m}. Within each filter panel,

the stacked bar segments are µ̄z,m,k and we plot:

Hz,m = ∑
k∈K

µ̄z,m,k, Ez,m = ∑
k∈K

σ̄z,m,k. (2.7)

Figure 2.3 explores the effect of various post-processing filters (default, excess, lack, inverse)

on the model’s binary anomaly flags ŷ and the resulting performance metrics computed against

expert reference labels. Consistent with the overall metrics:

• Excess Filter: Consistently yields superior average performance metrics compared to

the other filters and the no-filter (default) case. When the objective is to emphasize

stronger outlier evidence (e.g., very high or low values), applying the excess filter can

markedly improve metrics such as F1, AUC-ROC, AUC-PR and Accuracy.

• Default Filter (No Filter): Often remains a close second, yet typically posts slightly

lower performance than the excess filter.

• Inverse and Lack Filters: Each favor models like One-Class SVM, improving Recall,

but they are less effective at maintaining balanced Precision and Specificity.
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Figure 2.3 : Influence of post-processing filters on global performance

If the cost of false positives is tolerable and capturing strong anomalies is a priority then the

excess filter appears to be the top choice overall.
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2.10.4 MODELS PERFORMANCE IN SPECIFIC CONDITIONS

Equation 2.8 illustrates the ranking of individual configurations c. It’s defined as global

score of the average of the metric means:

Gc =
1
|K | ∑

k∈K
µc,k. (2.8)

For the two heatmap visualizations, we aggregate mean performance metrics over either

(configuration, model) pairs or (feature, model) pairs. For the configuration heatmap, we group

results by (g,m) with Cg,m = {c : Config(c) = g∧Model(c) = m} and display the summed

mean score:
Ig,m = ∑

k∈K
µ̄g,m,k. (2.9)

For the feature heatmap, we group results by ( f ,m) with C f ,m = {c : Feature(c) = f ∧

Model(c) = m} and compute:

I f ,m = ∑
k∈K

µ̄ f ,m,k. (2.10)

Beyond global analyses, using the expert reference labels, we identified the top parameter

configurations to pinpoint scenario-specific practices. We first added a Performance_Global

score to each row (averaging F1_mean, AUC_ROC_mean, AUC_PR_mean, Accuracy_mean,

Precision_mean, Recall_mean, and Specificity_mean) and then selected the highest-scoring

rows. (see Figure 2.4 and 2.5)
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A summary of best configurations highlights several recurring patterns:

• Isolation Forest (IF): The strongest scores cluster under the excess filter, with a clear boost when Bayesian

optimization is activated; the choice between PCA on/off and Standard vs Min–max preprocessing has a

comparatively smaller effect.

• Local Outlier Factor (LOF): Competitive performance is observed mainly with the excess filter (and

slightly lower with default), while inverse and lack configurations trail behind; here, Bayesian optimization

and PCA are secondary compared with the filter choice.

• One-Class SVM (OC-SVM): Top configurations are again associated with the excess filter, frequently

paired with Min–max preprocessing; Bayesian optimization often captures the peak, whereas PCA on/off

plays a lesser role.

• Robust Covariance (RC) in Elliptic Envelope (EE) : High scores occur primarily when Bayesian

optimization is enabled, most often with the excess filter (with default sometimes close); disabling

Bayesian optimization generally leads to a noticeable drop, with PCA on/off exerting a smaller influence.

• Feature-side signal: Across models, quantity/value features (notably AverageQuantity, often also

AverageValue) and rolling invoice/perfect-order rates tend to rank among the most informative; Local

Outlier Factor’s strongest feature rankings lean more toward delay-related variables and longer-window

invoice rollups.

The feature–model heatmap (Figure 2.5) shows that Isolation Forest performs best on quan-

tity/value anomalies and rolling quality KPIs, Local Outlier Factor is strongest on delay-related

criteria, and Robust Covariance in Elliptic Envelope peaks on aggregate intensity signals (e.g.,

request volume/total delays). Read with the configuration heatmap (see Figure 2.4 and 2.5),

these strengths most often occur with the excess filter and Bayesian optimization enabled,

while PCA and preprocessing choices mainly fine-tune results.

These results confirm that there is no universally dominant parameter set for all contexts.

Instead, practitioners should select model–filter–feature combinations based on the specific

anomaly patterns, cost of false positives/negatives, and domain constraints.
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Figure 2.4 : Sum of averaged performance heatmap (configuration, model)
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Figure 2.5 : Sum of averaged performance heatmap (feature, model)
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2.10.5 THE IMPORTANCE OF THE MODEL

Equation (2.11) illustrates that for each model m, we compute the mean performance

profile across all configurations using that model, Cm = {c : Model(c) = m}, and plot the

vector of aggregated metric means:

Rm,k = µ̄m,k =
1
|Cm| ∑

c∈Cm

µc,k, ∀k ∈K . (2.11)
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Figure 2.6 : Average performance per model radar
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Finally, a radar plot (Figure 2.6) visually contrasts the mean performance of all four models

across Accuracy, Precision, Recall, Specificity, F1, AUC-ROC, and AUC-PR. As observed

throughout:

• Isolation Forest covers a consistently large area in the radar, validating its top perfor-

mance across most conditions.

• Local Outlier Factor and One-Class SVM can surpass Isolation Forest in narrowly

targeted configurations, especially when the filter or feature selection heavily emphasizes

certain anomaly traits (e.g., capturing extreme outliers or boosting Recall).

• Robust Covariance in Elliptic Envelope typically covers a smaller radar area, yet

certain parameter synergies narrow the gap.

In conclusion, Isolation Forest (IF) emerges as a strong all-around model in this study, but the

expert reference labels model–filter combination can vary across different features, filtering

strategies, and optimization parameters. The choice of anomaly criterion (e.g., NumberOfRe-

quests (purchase requests)) and post-processing filters (e.g., excess) has a decisive impact on

overall accuracy and reliability, underscoring the importance of systematic experimentation

and parameter tuning in anomaly-detection pipelines.
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2.11 FUTURE DIRECTIONS SHOULD INCLUDE

• Developing a Spark-based framework that combines unsupervised machine learn-

ing with domain-informed post-processing filters, demonstrating reproducibility and

indicating feasibility on moderate-scale ERP data.

• Conducting a systematic error analysis of failures observed during distributed execu-

tion to identify when Spark-native algorithms or alternative partitioning strategies are

necessary.

• Establishing best practices for designing anomaly detection systems that remain robust

under the constraints of distributed, high-dimensional data environments.

2.12 CONCLUSION

In the specific case studied here, artificial intelligence appeared to be a promising

tool for anomaly detection in healthcare procurement data, suggesting that machine learning

algorithms may complement existing practices and, under suitable conditions, contribute to

improved operational efficiency and governance. These potential benefits must be viewed

within the constraints of the semi-supervised evaluation framework used, where metrics reflect

alignment with the judgment of a single domain expert. While Kumar et al. [28] explore the

role of AI in healthcare supply chains before, their findings only suggested a possible benefit

in spotting inefficiencies and suggest cost savings, warranting further study. Our findings

align with prior research [182], highlighting that AI-driven anomaly detection can support

data-driven decision-making and resource optimization in public sector procurement.

Given that all input variables significantly deviate from normality (p<0.01), making tradi-

tional parametric statistical baselines unreliable, the machine learning algorithms, particularly

One-Class SVM and Local Outlier Factor, showed promising capabilities in identifying
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anomalies related to pricing, delivery delays, and unusual purchasing behaviors by relying

on non-parametric approaches. This aligns with [66], which demonstrated the advantages of

unsupervised learning techniques in complex and dynamic environments. Furthermore, these

performance metrics must be understood as quantifying the model’s alignment with the single

expert’s interpretation of procurement risk within CIUSSS-SLSJ policies, acknowledging the

inherent limitations imposed by this proxy ground truth on broader quantitative generalization.

Our study also underscores the importance of tailored post-processing filters in refining

anomaly detection outputs. As outlined by [67], the integration of preprocessing and post-

processing techniques can enhance anomaly detection accuracy, particularly in scenarios

where subtle deviations may otherwise go unnoticed. The observed impact of Bayesian

optimization on model performance further corroborates findings by [124], reaffirming the

role of hyperparameter tuning in improving anomaly detection capabilities.

Moreover, this research has practical implications for public sector governance and policy

compliance. Given the regulatory landscape defined by [4] and [5], the integration of AI-

driven anomaly detection in healthcare procurement aligns with institutional objectives of

transparency, accountability, and risk mitigation. As noted in [9], emerging legislative efforts

aim to enhance efficiency in public administration, further reinforcing the relevance of AI

applications in procurement oversight.

Future research should explore the scalability of these methods across broader datasets,

integrating additional anomaly detection frameworks such as deep learning approaches [60]

to further enhance predictive capabilities. Additionally, ethical considerations regarding AI

adoption in public sector decision-making, as raised by [195], warrant further investigation to

ensure equitable and responsible implementation.
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In the specific context studied, AI-based anomaly detection appears capable of complementing

manual validation by increasing speed and helping handle larger data volumes, but it does

not replace the need for human oversight. Compared with purely manual methods, which

are often slow, labour-intensive, and vulnerable to fatigue or inconsistency, AI systems can

systematically scan large datasets and flag patterns that might be difficult for humans to detect.

At the same time, these systems introduce their own risks (for example, dependence on data

quality, model assumptions, or thresholds), and may reflect or amplify existing biases. As a

result, AI should be viewed as a decision-support tool that can reduce manual workload and

highlight candidate irregularities, while final judgments and responsibility remain with human

experts. Although similar approaches are increasingly used in domains such as cybersecurity,

finance, and manufacturing, the conclusions drawn in this thesis are limited to the healthcare

procurement setting examined here and would need to be validated before being generalized

to other industries.

Ultimately, this study contributes to the growing body of research advocating for AI-driven

anomaly detection in healthcare supply chains. By leveraging advanced machine learning

techniques and post-processing strategies, institutions could potentially improve procurement

monitoring, mitigate financial risks, and uphold the integrity of public resource management,

in line with contemporary healthcare governance initiatives [6].
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3.1 ABSTRACT

Anomaly detection in public healthcare procurement can help identify inefficiencies,

fraud, and operational risks. This paper re-engineers a prior Pandas-based, unsupervised

anomaly detection pipeline in Apache Spark to support future large-scale deployments in

centralized ERP settings across Quebec’s healthcare system. Using SAP-derived procurement

data labeled by CIUSSS-SLSJ domain experts, we evaluate four unsupervised algorithms:

Robust Covariance (RC) in Elliptic Envelope (EE), Isolation Forest (IF), One-Class SVM

(OC-SVM), and Local Outlier Factor (LOF). The workflow integrates preprocessing (nor-

malization, standardization, PCA) and post-processing filters (default, inverse, excess, lack).

Each modeling path is ported via Spark’s mapInPandas() API, enabling partition-level ex-

ecution of the original Pandas code without algorithmic changes. The migration highlights

difficulties in distributing algorithms that rely on global computations, including partition

sparsity effects, serialization overhead in Spark’s Python API, and challenges in visualizing

distributed outputs. Post-processing filters preserve their effects: the excess filter improves

precision for high-magnitude anomalies, the lack filter helps detect demand or supply drops,

and the inverse filter reveals overfitting in some models, notably Local Outlier Factor. Overall,

results suggest that Spark can support AI-driven anomaly detection for moderate data sizes

and suitable algorithms, but distance- and kernel-based methods (Local Outlier Factor and

One-Class SVM) remain hard to scale and may require Spark-native or redesigned distributed

implementations. In our setting, full dataset broadcasting was necessary to stabilize these

global methods, indicating that true linear scalability on very large datasets remains an open

challenge.

Keywords: Spark, anomaly detection, healthcare, public procurement, unsupervised learn-

ing, Isolation Forest (IF), One-Class SVM (OC-SVM), Robust Covariance (RC) in Elliptic

Envelope (EE), Local Outlier Factor (LOF).
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3.2 INTRODUCTION

Public healthcare systems are among the most complex and resource-intensive enter-

prises in modern economies [196]. They rely on intricate supply chains to ensure the timely

delivery of critical goods and services, ranging from pharmaceuticals and medical devices to

infrastructure and administrative materials [197]. Effective procurement management is essen-

tial not only for cost control but also for safeguarding patient safety and maintaining public

trust [55]. However, these systems are inherently vulnerable to inefficiencies, fraud, waste,

and abuse due to their scale, regulatory complexity, and the diverse ecosystem of suppliers and

intermediaries involved [198]. As noted by prior studies, anomalies in procurement data can

serve as early warning signals for these issues, enabling organizations to intervene proactively

[122].

In recent years, AI and ML have emerged as powerful tools for enhancing anomaly detection

in large datasets [199, 200]. Unsupervised ML algorithms, in particular, offer advantages

where labeled data are scarce, which is often the case in public sector procurement audits

[201]. Algorithms such as Isolation Forest, One-Class Support Vector Machine, Local Outlier

Factor, and Robust Covariance (RC) in Elliptic Envelope (EE) have demonstrated success

in identifying patterns and deviations that traditional rule-based systems may overlook [1,

202, 203]. Despite these promising developments, translating AI-driven anomaly detection

pipelines from research prototypes to production-scale systems in public healthcare remains

challenging [204, 205].

Our prior work presented a Pandas-based anomaly detection pipeline applied to SAP procure-

ment exports from CIUSSS-SLSJ [129]. That study incorporated preprocessing (normaliza-

tion, standardization, PCA), Bayesian hyperparameter optimization, and domain-informed

post-processing filters (default, inverse, excess, lack). Experimental results on nine anomaly
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criteria (price variation, delivery delays, demand fluctuations, etc.) showed that Isolation

Forest (IF) with the excess filter best balanced precision, recall, and specificity, highlighting

the potential for AI-enhanced monitoring in public procurement.

While those findings were encouraging, the single-node Pandas environment limited scalability.

To explore portability and to assess practical scaling constraints, we re-engineer the pipeline

within Apache Spark to evaluate whether a distributed architecture can preserve detection

accuracy, interpretability, and robustness observed in the single-node prototype.

Deploying unsupervised anomaly detection algorithms in Spark presents non-trivial technical

hurdles [206, 207]. Algorithms such as Local Outlier Factor [208, 209] and One-Class SVM

[210] are inherently global: they rely on full distance matrices or kernel computations that

assume access to the entire dataset [208, 209, 210]. In a distributed setting, partitions may

not contain sufficient data to compute meaningful neighborhood statistics or support vector

boundaries, leading to errors or degraded performance [211]. Even Robust Covariance in

Elliptic Envelope can fail on partitions with limited cardinality, producing singular covariance

matrices [212]. These issues are exacerbated by hyperparameter search, which multiplies

model fittings across partitions [213]. These shortcomings have motivated distributed-friendly

outlier detection designs, e.g., distributed Local Outlier Factor [209].

Contributions

1. A Spark-based framework that integrates unsupervised ML with domain-informed

post-processing filters, illustrating potential reproducibility and suggesting probable

feasibility on moderate-scale ERP data.

2. A systematic error analysis of failures encountered during distributed execution, surfac-

ing when Spark-native algorithms or alternative partitioning strategies are required.
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3. Best practices for designing anomaly detection systems robust to constraints of dis-

tributed, high-dimensional data environments.

3.3 OBJECTIVE OF THIS STUDY

This study aims to operationalize AI-based anomaly detection in healthcare procurement

by porting a Pandas-based pipeline to Apache Spark to evaluate backend reproducibility

and to characterize scaling constraints. Building on prior work using Isolation Forest (IF),

Robust Covariance in Elliptic Envelope, One-Class SVM , and Local Outlier Factor on

CIUSSS-SLSJ data [129], we address portability, reproducibility, and operational constraints

in distributed environments. The primary objective is to assess whether Spark’s architecture

can support these algorithms without sacrificing performance or interpretability. Secondary

goals include integrating domain-informed post-processing filters (default, inverse, excess,

lack) and documenting implementation challenges. This contributes theoretical insights

on portability/reproducibility and on scaling constraints of classical models in Spark and a

prototype framework for near-real-time monitoring in the CIUSSS-SLSJ context (and similar

settings), subject to infrastructure and integration constraints.

Importantly, while we investigate operationalization within Spark, the underlying models

remain fundamentally single-node in computational requirements. Results therefore reflect

datasets amenable to in-memory processing and do not demonstrate Spark’s full distributed

capabilities for truly large-scale data.

3.4 RESEARCH PROTOCOL AND METHODOLOGY

To enable rigorous comparison with earlier work [129], we retained the same dataset

structure, labeling method, and preprocessing logic. Datasets include six SAP-derived procure-
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ment dimensions managed by CIUSSS-SLSJ: monthly demand volume, supplier performance

(e.g., average delivery delay), product return ratios, pricing inconsistencies, and received

quantity anomalies. Each dataset contains timestamps and binary anomaly labels provided by

a single Administrative Process Specialist.

Unlike the Pandas workflow, the current implementation uses Spark’s distributed capabilities

via mapInPandas(). This executes arbitrary Pandas logic within partitions, keeping algorithmic

flexibility while enabling parallelism. Each job is defined by a configuration tuple: (feature,

model, preprocessing, PCA usage, filter type). Configurations are executed in batches across

partitions, producing structured, reproducible outputs.

For each configuration, we apply preprocessing (standardization, normalization, or none),

optional PCA (retaining 90% variance), unsupervised model fitting, prediction, and post-

processing (default, excess, lack, inverse filters). We did not perform new hyperparameter

tuning; we reused previously identified optimal values [129] to reduce cost and streamline

execution.

Outputs include labeled predictions, confusion matrices, AUC-ROC and PR curves, F1-

scores, and time-series plots, with file structure and logging aligned to the original study for

comparability.

3.5 ANOMALY DETECTION ALGORITHMS IN APACHE SPARK FOR THIS STUDY

We evaluate four models: Robust Covariance in Elliptic Envelope, Isolation Forest,

One-Class SVM, and Local Outlier Factor, across combinations of feature scaling, PCA, and

filtering strategies. To preserve configuration independence and enable parallel evaluation, we

run experiments in a distributed manner using Spark partitions.

95



Spark introduced constraints for LOF and OC-SVM, which depend on full distance matrices

or support vectors [207]. To stabilize performance, we broadcasted the dataset and parallelized

configurations [209, 214]. Retaining these models exposes the limits of Spark compatibility

for traditional unsupervised algorithms.

3.6 ANOMALY CRITERIA FOR THIS STUDY

We adopt the same criteria used in the original article Anomaly detection using AI in

healthcare procurement data across multiple criteria with tailored post-processing filters

[129], ensuring methodological continuity and comparability of results across both works.

3.7 TAILORED POST-PROCESSING OUTPUT FILTERS

We reuse the four post-processing filters introduced previously [129]. Default preserves

raw outputs. Inverse flips anomaly classifications to probe sensitivity to the decision threshold.

Excess retains anomalies above a 30-day trailing moving-average threshold (emphasizing

spikes). Lack retains anomalies substantially below the moving average (emphasizing drops).

These filters reduce false positives and focus attention on context-relevant deviations.

3.8 EVALUATION OF THE MODELS

As in the Pandas-based study [129], the Spark experiments train the anomaly detection

algorithms in an unsupervised way but evaluate their outputs in a supervised fashion against

the expert-provided anomaly labels, so that the overall setting corresponds to unsupervised

detectors with semi-supervised evaluation.

We compute threshold-dependent metrics (accuracy, precision, recall, specificity, and

F1-score) from binary flags ŷ, and ranking metrics (AUC-ROC and AUC-PR) from continuous
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anomaly scores s(x). Confusion matrices and detection timelines support qualitative assess-

ment [96, 194]. Confusion matrices and detection timelines support qualitative assessment.

Spark adds parallel execution of configurations, automatic artifact storage in a structured

filesystem, and embedded metadata for configuration-level comparisons. Its partitioned ex-

ecution enables hundreds of configurations per dataset (beyond single-machine feasibility),

broadening coverage of parameter/filter interactions while preserving comparability to the

original setup.

3.9 RESULTS

We compare the traditional Pandas implementation [129] against the Spark-based

implementation. Results are presented as overall metrics, per-feature performance, filter

effects, parameter-specific behaviors, and model-wise summaries. All figures are generated

using the same implementation as in prior work [129].

3.9.1 OVERALL COMPARISON

Table 3.1 summarizes the average performance across features and models; Threshold-

dependent metrics (accuracy, precision, recall, specificity, and F1-score) are computed from

the binary anomaly flags ŷ produced by predict(), whereas AUC-ROC and AUC-PR are

computed from the continuous anomaly scores s(x) (higher s(x) indicates more anomalous).

Without re-running Bayesian optimization (reusing the previously optimized hyperparameters),

performance differences are modest: accuracy increases from 0.579 to 0.583, precision

from 0.429 to 0.442, while recall slightly decreases from 0.371 to 0.359, with F1 remaining

effectively unchanged (0.3358→ 0.3361). Overall, this case study indicates that the Spark

implementation achieves aggregate performance comparable to the Pandas version even

without additional optimization.
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Table 3.1 : Overall metrics comparison between Pandas and Spark.

Metric Pandas Spark % Diff. ±5%

Accuracy 0.580 0.584 +0.7 Yes
Precision 0.430 0.443 +3.0 Yes
Recall 0.371 0.359 -3.3 Yes
F1-Score 0.336 0.336 +0.1 Yes
Specificity 0.700 0.706 +0.9 Yes
AUC-ROC 0.536 0.533 -0.6 Yes
AUC-PR 0.594 0.583 -2.0 Yes

A (Pandas)

B (Spark)

© Colin Bouchard

Figure 3.1 : Overall metrics comparison between (top [A]: Pandas, bottom [B]: Spark)
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The stacked-bar comparison across seven metrics (top [A]: Pandas, bottom [B]: Spark), with

SD error bars, indicates marginally higher aggregate performance for Pandas, particularly for

F1, AUC-ROC, and AUC-PR, while Spark exhibits reduced variability. The relative ordering

of methods is consistent across implementations: Isolation Forest outperforms Local Outlier

Factor and One-Class SVM, which in turn exceed Robust Covariance in Elliptic Envelope.

3.9.2 COMPARISON PER ANOMALY CRITERION

Figure 3.2 (top [A]: Pandas, bottom [B]: Spark) shows average performance per feature.

NumberOfRequests (purchase requests) remains strongest under Spark (highest F1, AUC-ROC,

stability), reinforcing [129]. Transitioning from Pandas to Spark shows criterion-specific

shifts that look even more nuanced when considering dataset broadcasting and the lack of

Bayesian optimization in the Spark setup. AverageProductPrice records a strong precision gain

(+50.90 %) with improved accuracy (+4.93%) and F1 (+8.91%), but recall drops (-9.12%),

suggesting Spark may be operating with more conservative or non-re-optimised thresholds for

price anomalies. AverageOrderedQuantity is the most uniformly improved signal, rising in

precision (+13.67%), recall (+6.98%), and F1 (+17.10%), which may indicate this criterion is

less sensitive to tuning gaps and benefits more directly from Spark’s scalable aggregation. By

contrast, AverageDaysLate declines in precision (-12.26%) and F1 (-8.41%) with only a small

recall change (-2.91%), implying that broader lateness aggregates might be more affected by

distributed execution details or suboptimal parameter transfer from the Pandas pipeline. The

windowed lateness criteria remain comparatively stable: AverageLateLess30D shows a mild

precision increase (+5.65%) offset by recall reduction (-3.25%), while AverageLateMore30D

improves precision (+16.07%) and F1 (+7.83%) with only a minor recall dip (-1.46%). Overall,

broadcasting likely helped preserve consistency in join or baseline-dependent features, but the
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absence of Bayesian optimization in Spark may have limited recall and hurt the more diffuse

AverageDaysLate signal, even as most other criteria benefit from improved precision.

A (Pandas)

B (Spark)

© Colin Bouchard

Figure 3.2 : Comparison per anomaly criterion between (top [A]: Pandas, bottom [B]: Spark)
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3.9.3 INFLUENCE OF POST-PROCESSING FILTERS

A (Pandas)

B (Spark)

© Colin Bouchard

Figure 3.3 : Influence of post-processing filters between (top [A]: Pandas, bottom [B]: Spark)
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Figure 3.3 (top [A]: Pandas, bottom [B]: Spark) shows that, in our experiments, Excess

filter tended to increase F1, AUC-ROC, and AUC-PR, often > 10% over default (especially for

AverageProductPrice). Inverse and Lack are less stable without tuning (higher false positives).

3.9.4 MODELS PERFORMANCE IN SPECIFIC CONDITIONS

Among the top 25 configurations, Spark favors moderate PCA (3–8 components), stan-

dard or min–max scaling, and the Excess filter, matching [129]. Even without new Bayesian

optimization, Isolation Forest often achieves perfect scores (1.00) for NumberOfRequests

(purchase requests) and AverageOrderedQuantity under Excess.

3.9.5 THE IMPORTANCE OF THE MODEL

Figure 3.4 (top [A]: Pandas, bottom [B]: Spark) summarizes model-wise performance

(radar). Isolation Forest generally performed best across the evaluated metrics and configura-

tions, balancing precision/recall, particularly under default and excess. One-Class SVM and

Local Outlier Factor retain recall strengths (notably with Lack) but drop precision without

tuning. Robust Covariance in Elliptic Envelope remains least consistent, with minor gains.

The radar plots suggest that the Figure 3.4 [A] Pandas (top) and [B] Apache Spark (bottom)

pipelines yield broadly consistent performance profiles across the four models. In both cases,

specificity and AUC-ROC appear comparatively strong while F1 and recall remain modest,

indicating a similar trade-off between capturing anomalies and avoiding false positives. The

Spark chart looks like a close reproduction of the Pandas pattern with only minor shifts in the

mid-range metrics (e.g., small changes in precision–recall and AUC-PR), implying that the

relative model behavior is largely stable across execution engines rather than being sensitive

to the pipeline technology.
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A (Pandas)

B (Spark)

© Colin Bouchard

Figure 3.4 : Importance of the models across metrics between (top [A]: Pandas, bottom [B]:
Spark)

A more model-wise read of the radar plots shows strong consistency between the

Figure 3.4 [A] Pandas (top) and [B] Spark (bottom) pipelines. Isolation Forest appears to

retain one of the most balanced profiles across both engines, with relatively solid accuracy,
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precision, and AUC-ROC, while still sharing the overall pattern of high specificity and modest

recall and F1. Local Outlier Factor looks very close to Isolation Forest in both pipelines,

with only slight visual shifts in precision and AUC-PR, suggesting minimal sensitivity to the

execution framework. One-Class SVM seems to be the most recall and F1-challenged in both

charts (a smaller extension on the F1 axis in particular), even though its specificity remains

strong, indicating a more conservative anomaly flagging behavior regardless of pipeline.

Robust Covariance in Elliptic Envelope also tracks similarly across Pandas and Spark, often

matching or slightly edging others on precision and AUC-PR while preserving the same high-

specificity, mid-AUC shape, which reinforces that the relative strengths and weaknesses of

each algorithm are largely stable across the two implementations.

3.10 IMPLEMENTATION CHALLENGES

Partition-level application of Local Outlier Factor and One-Class SVM caused errors

(e.g., singular matrices, insufficient neighbors) and inconsistent results due to limited local

context. Serialization/pickling of models between workers complicated debugging (scattered

worker logs).

3.10.1 DATASET BROADCASTING

To stabilize, we broadcasted the full dataset so each worker operated while parallelizing

across configurations. This replicates Pandas results functionally but limits scalability and

diverges from Spark’s intended partitioned model, reinforcing the need for partition-aware or

Spark-native algorithms.
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3.11 LIMITATIONS

Table 3.2 summarizes key limitations: reliance on broadcasting, single-threaded intra-

model computation, lack of distributed hyperparameter optimization, and validation only on

moderate-sized datasets.

Table 3.2 : Key limitations of the current approach.

Limitation Description

Full dataset broadcasting Reduces scalability and increases memory
usage; prevents true distributed process-
ing.

No distributed hyperparameter tuning Limits optimization and model perfor-
mance at scale.

Intra-model computation is not paral-
lelized

Only orchestration is parallel; model fit-
ting remains single-threaded.

Tested only on moderate data sizes Scalability to very large datasets is not
demonstrated.

3.12 FUTURE RESEARCH DIRECTIONS SHOULD INCLUDE

• Designing data ingestion pipelines that exploit partition-aware transformations without

requiring full data replication.

• Adding distributed hyperparameter optimization comparable to Bayesian strategies used

in prior work [129], and integrating Spark-compatible HPO frameworks.

• Exploring fine-grained intra-model parallelization to better utilize cluster resources

during training and inference.

• Evaluating the approach on datasets that are orders of magnitude larger to validate

scalability and robustness.
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• Investigating algorithms that natively support partitioned data and Spark-native dis-

tributed execution to realize Spark’s full potential for real-time, scalable anomaly

detection in high-volume healthcare procurement.

3.13 CONCLUSION

We reproduced the anomaly detection framework of the previous study [129] within

Apache Spark, broadly comparable results with negligible deviations (non-deterministic

Floating-Point arithmetic; no Bayesian tuning) [see Table 3.1 and Figures 3.1, 3.2, 3.3 and 3.4].

However, broadcasting the full dataset prevented exploitation of partitioning and shuffle-aware

processing. Thus, while functional equivalence was achieved, claims about Spark scalability

versus the single-node pipeline cannot be inferred.

Moreover, parallelism was limited to orchestration across independent models; intra-model

computation remained effectively single-threaded. Performance gains were bounded by the

number of concurrent configurations, not cluster scale, limiting generalizability to truly large,

distributed scenarios.

From a reproducibility standpoint, the methodology is robust across computational backends.

From a systems perspective, naive broadcasting and lack of intra-model parallelism contradict

Spark’s distributed model when datasets exceed single-node memory.

Overall, the Spark experiments provide potential evidence for the reproducibility of the

Pandas with scikit-learn results on the available infrastructure, but do not, in their current

form, establish clear scalability gains for very large datasets. Therefore, while the Spark-based

prototype confirms that the anomaly detection logic can be technically ported to a distributed

framework, it does not yet demonstrate linear scalability for very large datasets, particularly

due to reliance on dataset broadcasting and limitations of some classical algorithms.
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CHAPTER IV

DISCUSSION

The present research, structured around the articles Anomaly detection using AI in

healthcare procurement data across multiple criteria with tailored post-processing filters

[129] and AI-based anomaly detection in healthcare procurement using Apache Spark: a post-

processing filters approach [130], highlights a practical methodological advance in applying

artificial intelligence to anomaly detection in healthcare procurement data, with a focus on

domain-aware post-processing and scalable implementation.

4.1 EXPLORATORY DATA ANALYSIS

The research began with an in-depth exploratory analysis of the data, an essential step

to evaluate their structure, distribution, and main statistical characteristics. This initial phase

aimed to better understand the nature of the variables, verify their consistency, and identify

possible peculiarities that could influence subsequent analytical methods. Detailed results of

this analysis are presented in the appendix, along with tables and visualizations.

Initial descriptive statistics revealed wide variability among the studied indicators. Maximum

values in some variables, such as average price or purchase value, indicated extreme cases,

while others, such as the number of returns, showed limited dispersion. These discrepancies

underline the heterogeneity of the measured phenomena and justify particular caution in the

subsequent anomaly detection stage.

Distribution tests confirmed deviations from normality. The Shapiro-Wilk test showed that

all variables significantly departed from a normal distribution (p-values < 0.01). This pattern

may indicate that it would be prudent to consider analytical approaches that are less sensitive



to departures from normality [215]. Several commonly used classical procedures, including

Z-scores and Grubbs’ test, are derived under an assumption of at least approximate normality,

and when that assumption is weak, unverifiable, or plausibly violated, their calibration can

degrade in ways that may affect false-positive rates and the stability of the resulting inferences

[216, 217, 218].

The exploratory study also revealed correlation and redundancy phenomena. Singularity tests

(matrix rank analysis) showed that delay-related variables presented a singular structure, sug-

gesting strong interdependence. This raises the risk of multicollinearity, affecting regression

analyses or other sensitive methods [219]. Multivariate analysis confirmed this with perfect

determination coefficients (R2) for several delay variables, reflecting near-exact correlation.

These findings require cautious interpretation.

Further, ellipticity tests distinguished two profiles: operational variables (price, purchase value,

number of requests) with moderate ellipticity risk, and delay variables with much higher risk,

reflecting structural complexity, asymmetry, and kurtosis.

Finally, temporal analysis confirmed the data’s relevance for dynamic analyses. Autocorrela-

tion functions revealed regularities, enabling predictive models based on temporal dependence

[220]. Augmented Dickey-Fuller tests showed all variables were stationary, a major advantage

for forecasting tools [221, 222]. Although not explored in this thesis, the observed stationarity

could be leveraged in future forecasting-oriented studies.

Overall, the exploratory study identified both strengths and limitations of the data, clarifying

their distribution, interdependencies, and temporal behavior. These findings guided the choice

of analytical methods and formed the basis for anomaly detection techniques in the next stage.
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4.2 STATISTICAL ANOMALIES AND AUTOMATIC LABELING

Before manual labeling by an Administrative Process Specialist from CIUSSS-SLSJ,

a preliminary step of statistical anomaly detection was performed to ensure data coherence

and reliability. This preparatory phase aimed to identify atypical values, either from en-

try/administrative errors or rare but valid cases, that could undermine model robustness. The

goal was to provide an objective baseline from quantitative methods and test the feasibility of

automatic labeling before expert validation; to avoid anchoring effects, the expert assessment

was conducted without access to automatic labels.

To achieve this, classical anomaly detection methods were applied. Distance-based outlier

detection highlighted isolated observations. Z-Score, though poorly adapted due to non-

normality [2], allowed identification of extreme values by standard deviation. Grubbs’ test,

despite the same limitation [3], confirmed outliers within assumed normal distributions. The

joint application of these techniques provided a first quality filter essential for later stages.

As stated before, the Shapiro-Wilk results provide strong evidence of non-normality across

all input variables (p<0.01), which makes parametric baseline detectors that are calibrated

under normality assumptions, such as Z-score thresholds and Grubbs’ test, less defensible in

this setting [2, 3, 216, 217, 218]. In response, this study prioritizes the non-parametric ML

methods applied here (IF, LOF, OC-SVM, RC), which do not require a Gaussian data model,

while noting that their reliability still depends on data structure and appropriate tuning, thereby

offering a more principled methodological step beyond conventional monitoring approaches.

Anomalies detected this way generated an initial set of automatic labels, but these labels

were used strictly for exploratory testing and were not involved in the training, validation, or

evaluation of the learning models presented in Chapters 2 and 3. Despite their limitations

under non-normality, Z-score, Grubbs’ test, and distance-based anomaly detection helped to
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provided a rough indication of how classical statistical methods behave on the CIUSSS-SLSJ

data. In this thesis, however, these automatically generated labels are treated purely as a

non-diagnostic tool and all reported performance results rely exclusively on expert-provided

labels. Also, as previously mentioned, expert did not see these automatic labels neither before

or after their own labeling. Consequently, the automatic labels should be interpreted with

caution and viewed as part of an exploratory phase, not as a substitute for expert annotation or

as a basis for the conclusions drawn in the two articles. From a learning-theory perspective,

the core anomaly detection algorithms therefore remain unsupervised, but they are evaluated

and calibrated against this expert-derived expert-provided proxy labels. In other words, the

studies reported in Chapters 2 and 3 operate in a semi-supervised evaluation framework: the

detectors do not use labels to learn, yet their success is quantified by how well they match the

expert notion of an anomaly.

The four retained models, One-Class SVM, Isolation Forest, Robust Covariance in Elliptic En-

velope, and Local Outlier Factor, showed promising performances even with fully automated

labels. This validated the methodological approach and justified moving to expert manual

labeling, consolidating data quality for subsequent analyses.

This human validation led to the two articles [129, 130] mentioned, demonstrating both

practical and academic value.

4.3 FROM HYPERPARAMETERIZATION TO POST-PROCESSING FILTERS

The initial study aimed to test Bayesian optimization of hyperparameters for improving

unsupervised models. Results confirmed its benefits but also showed high computational costs

and methodological complexity, limiting scalability.
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Unexpectedly, post-processing filters, especially the Excess filter, often outperformed hyper-

parameter optimization gains. This shifted the research towards leveraging contextualized

business-inspired filtering rules to increase operational value.

This methodological shift does not invalidate hyperparameter optimization; it refines how we

position it. In our context, optimization is well-suited to pushing peak performance, but it can

also introduce additional effort and operational complexity when moving toward production.

In contrast, post-processing filters are parsimonious, interpretable, robust, and better suited for

continuous monitoring systems.

4.4 TRANSITION TO A DISTRIBUTED FRAMEWORK

The follow-up study tested this approach in a distributed Apache Spark environment,

evaluating feasibility at scale in centralized ERP systems. Bayesian optimization was aban-

doned in favor of reusing previously identified optimal parameters. This reduced computation

load while testing filter robustness in a different technical setting.

Results showed no degradation, metrics like F1-Score, AUC-ROC, and AUC-PR remained

stable, with reduced variance between partitions. Filters’ stability compensated for the absence

of dynamic optimization. However, some algorithms (LOF, OC-SVM) showed scalability

limits, requiring workarounds like dataset broadcasting.

4.5 ROBUSTNESS AND MODEL LIMITATIONS

Across the two studies, Isolation Forest appeared to be the most stable and competitive

algorithm in the tested single-node (Pandas with scikit-learn) and distributed (Spark) configu-

rations for CIUSSS-SLSJ data. Local Outlier Factor and One-Class SVM, while theoretically
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interesting, proved sensitive to technical constraints. Robust Covariance in Elliptic Envelope

lagged except when combined with strong dimensionality reduction.

PRACTICAL SCOPE AND IMPLICATIONS

Together, the two articles illustrate the progression from proof-of-concept to pragmatic

operational deployment. The first provided evidence for the feasibility of post-processing

filters in controlled settings, while the second suggested that these filters can remain effective

in distributed environments, which may help inform future real-world deployments.

Nonetheless, Spark migration still relied on methodological compromises like dataset broad-

casting, limiting scalability gains. The studies underline the need for Spark-native algorithms

adapted to distributed systems.

LIMITATIONS AND PERSPECTIVES

The research has limits, notably the narrow data context (SAP from CIUSSS-SLSJ

only) and limited expert labeling, which restrict generalizability. The focus on four classical

unsupervised algorithms also excluded deep learning approaches such as autoencoders or

GANs. Because model selection and performance metrics are based on labels from a sin-

gle Administrative Process Specialist, the reported scores primarily reflect alignment with

this expert’s judgment rather than comprehensive coverage of all possible anomalies. This

semi-supervised evaluation may bias the models toward the specialist’s mental model of risk

and should be considered when extrapolating results to other institutions or regulatory envi-

ronments. Given the unavoidable subjectivity in this expert-provided proxy labels, the study

shifted away from purely technical optimization. Instead of pursuing marginal, hard-to-explain

performance gains, which initially motivated computationally expensive Bayesian hyperpa-
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rameter optimization (HPO), the central objective became maximizing the interpretability

and operational relevance of alerts. This labeling context supports the thesis preference for

transparent unsupervised methods and positions domain-specific post-processing filters as the

primary lever for tuning the pipeline, helping ensure alerts remain auditable and suitable for

use within the public sector rigorous governance framework.

Spark migration exposed key constraints. Some algorithms do not partition well, requiring

broadcasting and limiting scalability. Distributed numerical variability can also reduce repro-

ducibility. Reusing fixed hyperparameters may be stable but risky in fast-changing data. For

researchers migrating anomaly detection pipelines to Spark, this thesis suggests a practical

trade-off: reproducibility seems achievable, while linear scalability is harder to prove. The

Spark version reproduced core detection logic, outputs, and filter effectiveness (RQ3), with

metrics broadly comparable to the Pandas prototype, without costly distributed hyperparameter

tuning. However, classical models that rely on global structure were less suited to partitioned

execution. LOF and OC-SVM required broadcasting the full dataset to each worker to stabilize

results and avoid partition-level failures (e.g., singular matrices or too few neighbors). As a

result, the work supports pipeline portability in Spark but offers limited evidence of linear

scalability for very large datasets. Most parallelism came from running independent model

configurations in parallel, not clear intra-model speedups.

Conceptually, the experiments indicate that post-processing filters may potentially be effective

in this context, although they rely on domain-specific heuristics, which limits generalization.

Filters and hyperparameter optimization should be seen as complementary levers for stronger

pipelines.

Finally, hospital deployment raises organizational, infrastructural, and regulatory challenges,

especially around interoperability, cybersecurity, and real-time monitoring. Future directions

113



include Spark-native algorithms, hybrid models, unsupervised deep learning, federated learn-

ing for privacy-preserving multi-institutional training, and real-time anomaly detection in

healthcare supply chains.

4.6 ANSWERS TO RESEARCH QUESTIONS (RQ1-RQ3)

Regarding RQ1, the experiments on CIUSSS-SLSJ procurement data suggest that multi-

criteria AI-based anomaly detection using classical unsupervised methods (RC, IF, OC-SVM,

and LOF) can identify patterns that are operationally meaningful for this specific institution,

especially when anomalies are defined with respect to several distinct criteria (e.g., unusual

prices, quantities, or delays). Across the different criteria and train/test splits, no single

algorithm dominated universally, but IF and LOF tended to offer a good balance of detection

quality on the labeled subsets, while RC was more sensitive to distributional assumptions and

feature selection, and OC-SVM sometimes required careful tuning to avoid overly conservative

or overly inclusive decision boundaries. Taken together, these results indicate that, in this

case study, multi-criteria anomaly detection with unsupervised models is feasible and can

complement existing monitoring practices, but its usefulness remains dependent on careful

preprocessing, hyperparameter tuning, and ongoing expert validation, and the findings should

not be generalized beyond the CIUSSS-SLSJ context without further testing.

For RQ2, the comparison between the default (unfiltered) models outputs (anomaly

flags) and the different post-processing filters (in particular the excess and lack filters) indicates

that contextual filtering can substantially change precision, recall, and the volume of alerts

that must be reviewed, without modifying the underlying model scores themselves. In our

results, the excess filter typically reduced the number of flagged cases and tended to increase

precision and specificity, at the cost of lower recall, which made the alert list more manageable

for practitioners but also increased the risk of missing borderline anomalies; the lack filter,
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in contrast, highlighted atypical absences or under-activity and produced a different profile

of anomalies, with more variable precision and recall depending on the criterion. Within the

limits of the labeled test sets used here, these patterns suggest that post-processing filters are

not a minor cosmetic step but a central design choice that trades off false positives against

false negatives, and that their configuration should be treated as a policy decision informed by

local risk tolerance rather than as a purely technical detail.

Finally, for RQ3, migrating the pipeline from a Pandas-based implementation to Apache

Spark did not materially change the models outputs (anomaly flags) or evaluation metrics

for the tested configurations. This suggests that, under the chosen implementation strategy

(notably the use of broadcasting), the Spark version reproduced the main behavioural patterns

of the original methods, producing broadly comparable results and showing no obvious

numerical instability. At the same time, the available infrastructure and data volume were

moderate, so the potential scalability advantages of Spark were only partially realised: runtime

improvements were modest, and the current design did not fully exploit data partitioning or

cluster-level parallelism in a way that would clearly demonstrate performance gains at much

larger scales. As a result, these experiments support a cautious conclusion that Spark can

host the proposed anomaly detection logic without degrading robustness on CIUSSS-SLSJ

data, while offering only qualitative insight into scalability and performance limitations on the

current infrastructure; more extensive tests on larger datasets, alternative cluster configurations,

and more Spark-native implementations would be needed before making stronger claims about

large-scale scalability.
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CONCLUSION



CHAPTER V

CONCLUSION

5.1 CONCLUSION

This thesis examined the use of AI-based anomaly detection in healthcare procurement

through a single-institution case study at CIUSSS-SLSJ, using operational SAP data and KPI

definitions aligned with the CPI of the MSSS. Within the scope of the datasets, anomaly

criteria, and evaluation protocol adopted, the results are consistent with the possibility that

unsupervised anomaly detection, when complemented by domain-informed post-processing

filters, can produce alerts that are more aligned with the assessed reference than the baseline

approaches evaluated. These observations should not be interpreted as proof of effectiveness

beyond the studied context, nor as evidence of general applicability to other institutions or

domains.

The first article examined anomaly detection in CIUSSS-SLSJ procurement data and suggests

that, in this specific setting, unsupervised AI methods can plausibly complement KPI-based

monitoring and manual review by surfacing candidate irregularities across multiple criteria.

The reported performance should be interpreted strictly within the semi-supervised evaluation

design, since the metrics primarily quantify agreement with the judgments of a single domain

expert rather than an objective institutional ground truth. A further contribution is methodolog-

ical, showing that contextual post-processing filters and, to a lesser extent, hyperparameter

tuning can refine raw model outputs and potentially improve their operational interpretability,

without implying that such improvements would necessarily transfer to other institutions or

datasets.



The second article explored portability of the same pipeline to Apache Spark and found that

the results could be reproduced with only negligible deviations on the available infrastruc-

ture. However, the implementation relied on broadcasting the dataset and did not introduce

meaningful intra-model distributed computation, which limits the extent to which scalability

claims can be supported. As a result, the study provides evidence of technical transferability

and backend-level reproducibility, while also clarifying that demonstrating true large-scale

benefits would require distributed-native methods and implementations that avoid full-data

broadcasting and better exploit partition-aware computation.

A central outcome of the work is methodological rather than definitive. The experiments

suggest that practical improvements in alert relevance can be obtained not only through model

selection and tuning, but also through structured post-processing rules that encode contextual

knowledge. In this thesis, that lever appeared comparatively robust under the constraints

considered, and it offers a pragmatic pathway for applied settings where computational

resources, governance requirements, and operational integration constraints limit the feasibility

of intensive optimization.

The work also highlights that scalability is not solely a question of computing capacity. The

distributed implementation explored here indicates that some approaches can be reproduced

in a Spark environment within acceptable variance for the reported experiments, while also

revealing that certain algorithms and evaluation practices do not translate cleanly to distributed

settings without methodological compromises. As a result, any claim of readiness for large-

scale deployment would require additional engineering, monitoring, and validation work under

real operating conditions.

The findings must be interpreted cautiously in light of the study’s evaluation setting. The

anomaly labels used for assessment reflect the judgments of a single domain expert, whose
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decision criteria were not fully formalized and may involve subjectivity or label noise. Con-

sequently, the reported performance should be read primarily as measured agreement with

that reference, rather than as an objective measure of institutional ground truth. More broadly,

the conclusions remain specific to the procurement data, anomaly definitions, and constraints

studied here, and they require external replication and multi-expert validation before any

broader generalization is warranted.

In summary, this thesis contributes a case-study-based pipeline and evidence that domain-

informed post-processing can be a meaningful lever for improving the operational usefulness

of anomaly detection outputs in healthcare procurement. It also clarifies key limitations that

must be addressed before translating such approaches into durable decision-support tools,

including validation design, distributed-native modeling choices, and governance structures

aligned with public-sector realities.

5.2 RECOMMENDATIONS

In light of the results and insights developed throughout this thesis, the following

considerations may be relevant for policy-makers, health-network managers, and researchers

interested in anomaly detection in supply chains.

First, one possible approach is to explore a gradual integration of AI-based anomaly detection

techniques into existing procurement management systems such as SAP or, over time, a

more centralized ERP. A progressive implementation, initially limited to targeted use cases

such as monitoring delivery delays or atypical price variations, may help limit operational

and change management risks while providing early evidence about potential added value.

This incremental approach may also support organizational acceptance and user trust, which

are often discussed as important factors in adopting emerging technologies. Under the
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operating thresholds explored in this thesis, the system produced an alert volume that appeared

potentially compatible with manual review by a small team; however, actual manageability

would depend on staffing, workflows, and local practices. From a data-governance perspective,

this integration is typically better anchored in a data warehouse layer because anomaly

detection for governance purposes benefits from stable, conformed definitions of measures,

products, suppliers, and time, along with curated data quality checks and auditable lineage.

A data warehouse can enforce schemas, harmonize KPI calculations, and provide consistent

historical snapshots, which helps keep model inputs reproducible and alerts interpretable for

oversight. By contrast, a data lake often concentrates heterogeneous, less curated, and more

frequently evolving raw extracts, which can increase ambiguity, schema drift, and noise unless

a strongly governed semantic layer is added. For this reason, even if data ingestion begins in a

lake, the operational anomaly detection pipeline can be more defensible when executed on a

curated data warehouse or equivalent governed lakehouse layer.

Second, pairing algorithmic models with post-processing filters that were effective in this case

study (notably the Excess filter and, in certain contexts, the Lack filter) may help translate

anomaly scores into more actionable outputs by reducing noise and clarifying anomaly

types. Their performance should nonetheless be periodically reassessed as data distributions,

procurement practices, and organizational constraints evolve, implying the need for monitoring,

review, and controlled adjustment of rules and thresholds.

Third, the results highlight infrastructure considerations for scaling. The Apache Spark

experiments suggest that distributed deployments can be explored, while also indicating limits

for certain classical algorithms under distributed constraints. In our experiments, reproducing

the pipeline for some models required broadcasting the dataset to all nodes; this choice

supported experimentation but reduced the degree of true scalability. Organizations and

public authorities may therefore consider prioritizing approaches that are compatible with
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natively distributed computation, and, where appropriate, leveraging partnerships that provide

specialized expertise in distributed AI engineering and operations.

Fourth, any implementation should be accompanied by governance mechanisms that frame

the use of AI. Developing validation protocols, documentation practices, and transparency

mechanisms can help address regulatory compliance, ethical safeguards, and protection of

sensitive data. Such measures may also help manage risks associated with automation and

support stakeholder trust within and beyond the health network.

Finally, maintaining a close connection between research and practice may be beneficial. The

thesis illustrates an iterative approach in which initial orientations can be adjusted as empirical

constraints become clearer. In this spirit, collaborative structures bringing together researchers,

practitioners, and decision-makers may support continuous adaptation of models and more

sustainable integration into organizational processes.

In summary, these considerations aim to support a responsible, gradual, and context-aware

exploration of AI-based anomaly detection technologies. The intended objective is to im-

prove the resilience and efficiency of healthcare supply chains while maintaining transparent

governance and alignment with the operational realities of Québec’s health network.

5.3 FUTURE WORK

Although this thesis offers theoretical and practical contributions, several avenues remain

open for future work. These directions aim to deepen the research and to address limitations

observed when integrating AI into healthcare procurement management. A priority is to reduce

the methodological constraint imposed by the semi-supervised evaluation setting, specifically

the reliance on binary anomaly labels from a single Administrative Process Specialist, by

implementing multi-expert validation, quantifying inter-rater variability, and/or incorporating
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institutional reference signals where available (e.g., audit-related flags), without assuming that

any single source provides definitive ground truth.

A first avenue is the development or adaptation of anomaly detection algorithms designed

for distributed environments. The Spark-based experiments highlighted the difficulty of

transplanting certain classical models (such as LOF or One-Class SVM) into massively

parallel architectures. Future work could therefore focus on algorithms that are native to Spark

(or similar platforms), with the aim of handling larger data volumes more efficiently while

maintaining acceptable analytic fidelity.

A second perspective concerns integrating additional data sources. The present analysis relied

primarily on SAP data; future work could explore whether enriching the pipeline with other

sources: such as logistics timestamps, supplier attributes, contract metadata, or external market

indicators, improves contextualization and reduces ambiguity in anomaly interpretation. Such

integration would also introduce new governance and data quality challenges that would

require explicit handling.

Third, it may be relevant to explore advanced deep learning and semi-supervised methods.

While this thesis prioritized interpretable models suited to public sector contexts, specialized

architectures (e.g., autoencoders or graph neural networks) might capture more complex

anomaly patterns. Any such exploration would likely need accompanying explainability and

validation strategies to support acceptability in sensitive environments such as healthcare.

Another important avenue is the design of interactive decision-support tools. Beyond model

performance, real-world effectiveness depends on how alerts are presented, interpreted, and

acted upon. Future work could therefore involve developing dashboards with clear visualiza-

tions, filtering capabilities, and feedback loops that allow users to contextualize and review

anomalies, and that support continuous improvement of detection and post-processing rules.
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Finally, continued attention to ethical, organizational, and regulatory considerations remains

essential. Future research could explore governance protocols that address data protection,

accountability, transparency of algorithmic decisions, and fairness considerations in public

resource management, recognizing that these requirements may vary across institutions.

In sum, future research can build on this thesis by moving from experimental evidence toward

more durable, transparent, and scalable integration of AI tools into health-system procurement

functions. Achieving this would likely involve (i) advancing distributed-native anomaly

detection methods with the aim of improved scalability, (ii) integrating diverse data sources to

strengthen contextual interpretation, and (iii) establishing multi-expert validation protocols

and/or institutional reference signals to reduce reliance on a single expert’s judgments and to

better characterize uncertainty and generalizability.
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APPENDIX A

EXPLORATORY ANALYSIS: DESCRIPTION AND VISUALIZATION

A.1 ORDERS

Table A.1 : Descriptive analysis of orders data

Date Product price Ordered value
Nombre 477734 477734 477734
Moyenne 2020-12-17 203.87 572.51
Minimum 2018-01-01 0 0
Q1 2019-06-01 16.48 47.97
Q2 2021-01-01 59.41 141.20
Q3 2022-07-01 187.46 384.43
Maximum 2023-12-01 2 051 885.19 5 795 862.07
Écart-type NaN 3427.46 17 157.43

© Colin Bouchard

Figure A.1 : Orders data visualization



A.2 RETURNS

Table A.2 : Descriptive analysis of returns data

Date Number of returns
Number 13088 13088
Mean 2018-01-01 1
Minimum 2019-05-01 1
Q1 2020-11-01 1
Q2 2021-01-01 1
Q3 2022-04-01 1
Maximum 2023-12-01 59
Std. dev. NaN 2.0657638186

© Colin Bouchard

Figure A.2 : Returns visualization
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A.3 PURCHASE REQUESTS

Table A.3 : Descriptive analysis of purchase requests data

Date Number of purchase requests
Number 1822 1822
Mean 2018-01-01 554.6319253977
Minimum 2019-05-01 1
Q1 2020-11-01 68
Q2 2021-01-01 160
Q3 2022-04-01 486
Maximum 2023-12-01 8815
Std. dev. NaN 1316.9531541898

© Colin Bouchard

Figure A.3 : Purchase requests data visualization
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A.4 ORDERED QUANTITIES

Table A.4 : Descriptive analysis of ordered quantities data

Date Quantities ordered
Number 431884 431884
Mean 2018-01-01 2.1694756706
Minimum 2019-05-01 0
Q1 2020-11-01 1
Q2 2021-01-01 1
Q3 2022-04-01 2
Maximum 2023-12-01 19
Std. dev. NaN 2.2701715267

© Colin Bouchard

Figure A.4 : Ordered quantities data visualization
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A.5 RECEIVED QUANTITIES

Table A.5 : Descriptive analysis of received quantities data

Date Monthly quantities received
Number 421193 421193
Mean 2018-01-01 61.69
Minimum 2019-05-01 0.02
Q1 2020-11-01 1
Q2 2021-01-01 3
Q3 2022-04-01 9
Maximum 2023-12-01 4 474 263.21
Std. dev. NaN 7 314.55

© Colin Bouchard

Figure A.5 : Received quantities data visualization
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A.6 SUPPLIER PERFORMANCE MANAGEMENT KPIS

Table A.6 : Descriptive analysis of supplier performances KPIs data

Date Percentage of perfect
orders

Percentage of perfect
invoices

Number 421193 55008 54388
Mean 2018-01-01 26.22 25.65
Minimum 2019-05-01 0 0
Q1 2020-11-01 7 6
Q2 2021-01-01 14 13
Q3 2022-04-01 29 28
Maximum 2023-12-01 1161 1161
Std. dev. NaN 44.58 44.89

© Colin Bouchard

Figure A.6 : Supplier performances KPIs data visualization
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A.7 BACK ORDERS PREVENTION KPIS

Table A.7 : Descriptive analysis of delay-related KPIs

Date Nb delays
< 30 days

Nb delays
> 30 days

Nb late
products

Total
delays

Avg days
< 30 days

Avg days
> 30 days

Avg delay
per product

Avg delay
(days)

Number 55506 55506 55506 55506 55506 38608 24557 31976 24557
Mean 2018-01-01 202.02 58.18 26.66 58.18 9.45 124.28 14.35 124.28
Minimum 2019-05-01 0 0 0 0 1 31 0 31
Q1 2020-11-01 0 0 0 1 4 45 0.66 45
Q2 2021-01-01 2 0 1 4 8 68 1.68 68
Q3 2022-04-01 13 4 5 25 13 123 4.92 123
Maximum 2023-12-01 128536 65991 11240 130278 30 7668 27817 7668
Std. dev. NaN 2763.01 756.26 260.85 3013.87 6.63 181.39 194.08 181.38

© Colin Bouchard

Figure A.7 : Back orders prevention KPIs data visualization
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For each dataset, the data show heterogeneity. For our anomaly detection objectives

(RQ1–RQ2), this heterogeneity means that simple global thresholds on raw values would be

unreliable: the same absolute value can be normal in one context and anomalous in another.

This motivates the use of multivariate, context-aware detectors (RC, IF, LOF, OC-SVM) that

learn typical behaviour jointly across variables instead of relying on univariate cut-offs.
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APPENDIX B

EXPLORATORY ANALYSIS: DENSITY TEST

© Colin Bouchard

Figure B.1 : Product price KDE visualization

© Colin Bouchard

Figure B.2 : Ordered value KDE visualization



© Colin Bouchard

Figure B.3 : Returns Kernel KDE visualization

© Colin Bouchard

Figure B.4 : Purchase requests KDE visualization
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© Colin Bouchard

Figure B.5 : Ordered quantity KDE visualization

© Colin Bouchard

Figure B.6 : Received quantity KDE visualization
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© Colin Bouchard

Figure B.7 : Perfect order KDE visualization

© Colin Bouchard

Figure B.8 : Perfect bill KDE visualization
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© Colin Bouchard

Figure B.9 : Number of delays (less than 30 days) KDE visualization

© Colin Bouchard

Figure B.10 : Number of delays (more than 30 days) KDE visualization
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© Colin Bouchard

Figure B.11 : Late product KDE visualization

© Colin Bouchard

Figure B.12 : Total number of delays KDE visualization
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© Colin Bouchard

Figure B.13 : Average delay (less than 30 days) KDE visualization

© Colin Bouchard

Figure B.14 : Average number of delay (more than 30 days) KDE visualization
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© Colin Bouchard

Figure B.15 : Average delay per product KDE visualization

© Colin Bouchard

Figure B.16 : Average days of delay per product KDE visualization

Appendix B presents the results of the Kernel Density Estimation analysis, which provides a smooth, non-

parametric estimate of the underlying probability density function for the main variables[223]. These KDE curves

highlight the overall shape of the distributions, including asymmetry, heavy tails, and possible multimodality that

are not visible with simple histograms or normality assumptions [223]. The observed density profiles indicate

that several variables deviate from a standard Gaussian shape, which supports the use of unsupervised machine

learning methods for anomaly detection, as these approaches do not rely on strict parametric assumptions and

can better capture complex distributional structures in the data.
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APPENDIX C

EXPLORATORY DATA ANALYSIS: TEMPORAL DEPENDENCE TEST

(AUTOCORRELATION FUNCTION)

© Colin Bouchard

Figure C.1 : Auto-correlation function of products prices data



© Colin Bouchard

Figure C.2 : Auto-correlation function of orders values data

© Colin Bouchard

Figure C.3 : Auto-correlation function of returns data
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© Colin Bouchard

Figure C.4 : Auto-correlation function of purchase requests data

© Colin Bouchard

Figure C.5 : Auto-correlation function of ordered quantity data
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© Colin Bouchard

Figure C.6 : Auto-correlation function of received quantity data

© Colin Bouchard

Figure C.7 : Auto-correlation function of perfect order data

143



© Colin Bouchard

Figure C.8 : Auto-correlation function of perfect bill data

© Colin Bouchard

Figure C.9 : Auto-correlation function of number of delays (less than 30 days) data
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© Colin Bouchard

Figure C.10 : Auto-correlation function of number of delays (more than 30 days) data

© Colin Bouchard

Figure C.11 : Auto-correlation function of late product data
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© Colin Bouchard

Figure C.12 : Auto-correlation function of total number of delays data

© Colin Bouchard

Figure C.13 : Auto-correlation function of average delay (less than 30 days) data
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© Colin Bouchard

Figure C.14 : Auto-correlation function of average number of delay (more than 30 days) data

© Colin Bouchard

Figure C.15 : Auto-correlation function of average delay per product data
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© Colin Bouchard

Figure C.16 : Auto-correlation function of average days of delay per product data

Appendix C applies the autocorrelation function to examine the correlation between observations in a

series at different time lags. Strong autocorrelation over several lags may indicate the presence of regularities or

repeating patterns in the data, which is important for modelling and forecasting[224, 225]. This appears to be

the case for several of the variables. The presence of autocorrelation and (weak) stationarity over fiscal years

supports our strategy of building time-aggregated, history-aware features for each supplier or product rather than

treating observations as snapshots. For anomaly detection, this justifies formulating criteria such as “unusual

annual average order quantity or price relative to historical behaviour” and evaluating models on temporally

ordered splits, while leaving explicit time-series anomaly detectors as future work (RQ3).
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APPENDIX D

EXPLORATORY ANALYSIS: NORMALITY TEST (SHAPIRO–WILK)

Table D.1 : Normality test (Shapiro–Wilk)

Variable Statistic p-value Normal distribution
Average price 0.618783434232076 < 0.01 False
Average purchase value 0.6548340519269308 < 0.01 False
Number of returns 0.34822893142700195 < 0.01 False
Number of requests 0.3906937837600708 < 0.01 False
Ordered quantity 0.6602349678675333 < 0.01 False
Received quantity 0.40842755635579425 < 0.01 False
Percentage of perfect orders 0.2681267062822978 < 0.01 False
Percentage of perfect invoices 0.6350814501444498 < 0.01 False
Number of delays (< 30 days) 0.8854314088821411 < 0.01 False
Number of delays (> 30 days) 0.9054062962532043 < 0.01 False
Number of delays per product 0.8986338973045349 < 0.01 False
Total number of delays 0.7700250744819641 < 0.01 False
Average delay days (< 30 days) 0.8700205087661743 < 0.01 False
Average delay days (> 30 days) 0.9085018038749695 < 0.01 False
Average delay days per product 0.6246798038482666 < 0.01 False

The results of the Shapiro–Wilk test[215, 226], presented in Appendix D, reveal p-values lower than 0.01

for all variables, indicating that their distributions deviate significantly from normality. This finding is essential

for guiding the choice of analytical methods toward those that do not assume a normal distribution of the data.

Anomaly detection techniques are often dependent on specific assumptions about the data distribution. When the

data do not follow a normal distribution, certain methods that rely on this assumption, such as the Z-score[2]

and Grubbs’ test[3], may not be appropriate. For this reason, it is recommended to turn to machine learning

methods, which do not necessarily require the assumption of a normal data distribution. Because all variables

deviate strongly from normality, parametric outlier tests such as Z-score and Grubbs, whose thresholds assume

Gaussian tails, would yield biased anomaly scores if used as primary detectors. This justifies basing our core

anomaly detection on methods that do not rely on normality assumptions, such as Robust Covariance (RC) in

Elliptic Envelope (EE), Isolation Forest (IF), Local Outlier Factor (LOF) and One-Class SVM (OC-SVM), and

relegating Z-score/Grubbs to a preliminary, sanity-check role only.



APPENDIX E

EXPLORATORY DATA ANALYSIS: SINGULARITY TEST (MATRIX RANK)

Table E.1 : Singularity test (matrix rank)

Variables Matrix rank Singular

Average price 5 False
Average purchase value 5 False
Number of returns 3 False
Number of requests 3 False
Ordered quantity 3 False
Received quantity 3 False
Percentage of perfect orders 4 False
Percentage of perfect invoices 4 False
Number of delays (< 30 days) 7 True
Number of delays (> 30 days) 7 True
Number of delays per product 7 True
Total number of delays 7 True
Average delay days (< 30 days) 7 True
Average delay days (> 30 days) 7 True
Average number of delay per product 7 True
Average delay days per product 7 True

Appendix E highlights the results of a singularity test carried out on various supply and logistics variables.

This analysis reveals a clear distinction between operational variables, which are non-singular, and those related

to delays, which are identified as singular. This observation indicates a strong correlation among the variables

associated with delays, suggesting possible redundancy of information [227]. Such redundancy may hinder

subsequent statistical analyses, notably because of the risk of multicollinearity, which affects the reliability of

results obtained by linear regression and other similar analytical methods [219]. The near-singular structure

and strong multicollinearity among delay-related variables indicate that regression-type approaches or distance

measures in the original space would be unstable. In our pipeline, this motivates applying PCA and favouring

anomaly detectors that can exploit correlated structure (RC, OC-SVM, IF, LOF) while avoiding interpretations

that depend on independent contributions of each delay feature.



APPENDIX F

EXPLORATORY DATA ANALYSIS: MULTIVARIATE TEST

Table F.1 : Regression results (R2, F statistic and p-value)

Variables R2 F statistic p-value

Average price 0.007 1215 < 0.01
Average purchase value 0.008 1363 < 0.01
Number of returns 0.005 62.28 < 0.01
Number of requests 0.216 220.7 < 0.01
Ordered quantity 0.002 647.7 < 0.01
Received quantity 0.001 580.5 < 0.01
Percentage of perfect orders 1 2.562e+36 < 0.01
Percentage of perfect invoices 1 4.133e+32 < 0.01
Number of delays (< 30 days) 1 7.381e+31 < 0.01
Number of delays (> 30 days) 1 9.012e+29 < 0.01
Number of delays per product 1 2.377e+30 < 0.01
Total number of delays 1 5.940e+26 < 0.01
Average delay days (< 30 days) 1 5.133e+29 < 0.01
Average delay days (> 30 days) 1 1.161e+31 < 0.01
Average delay days per product 1 5.650e+28 < 0.01

Appendix F shows, through a multivariate analysis, that operational variables such as average price and

number of requests have a moderate but statistically significant influence on the response variable, as indicated

by low to moderate R2 values and p-values < 0.01. In contrast, the variables related to delays display a perfect

R2 of 1 with extremely high F statistics, indicating an exact correlation with the response variable[228]. This

contrast highlights potential overfitting or extreme specificity of the percentage variables (perfect orders/invoices)

and of the delay (count/average) variables, requiring cautious interpretation to avoid misleading conclusions

based on an apparent perfect correlation.



APPENDIX G

EXPLORATORY DATA ANALYSIS: ELLIPTICITY TEST

Table G.1 : Ellipticity analysis of variables

Variables Eigen-ratio Skewness Kurtosis Ellipticity risk

Average price 116140028384410 1.39377188 6.85441766 30%
Average purchase value 116140028384410 1.39377188 6.85441766 30%
Number of returns 1529799543275101 1.66051702 11.48425180 30%
Number of requests 54722059691867 1.50641833 9.17514456 30%
Ordered quantity 5221565608944 1.77016521 13.22273770 30%
Received quantity 5220329913954 1.74064055 12.90568180 30%
Percentage of perfect orders 5042814501475 0.99699189 4.44709033 30%
Percentage of perfect invoices 5042814501475 0.99699118 4.44709033 30%
Number of delays (< 30 days) 4066922344262 0.39536160 5.25854973 60%
Number of delays (> 30 days) 4066922344262 0.39536160 5.25854973 60%
Number of delays per product 4066922344262 0.39536160 5.25854973 60%
Total number of delays 4066922344262 0.39536160 5.25854973 60%
Average delay days (< 30 days) 4066922344262 0.39536160 5.25854973 60%
Average delay days (> 30 days) 4066922344262 0.39536160 5.25854973 60%
Average delay days per product 4066922344262 0.39536160 5.25854973 60%

Appendix G shows, through the ellipticity test, that variables such as average price and average purchase

value exhibit a moderate ellipticity risk of 30%, with slightly asymmetric distributions and heavier-than-normal

tails, suggesting some deviation, but not an extreme one, from a multivariate normal distribution. In contrast, the

variables related to delays present a higher ellipticity risk of 60%, indicating distributions that are further from

normality, with increased variability and more frequent extremes. The ellipticity risk was determined using the

eigen-ratio as well as skewness and kurtosis[229, 230]. These distinctions highlight the importance of adapting

analytical methods to account for these differences in data distribution, especially for the delay variables, which

display a more complex structure. The ellipticity results show that delay variables in particular do not follow

simple elliptical contours, which limits the reliability of purely Mahalanobis-based distance rules in the raw space.

This strengthens the choice of combining Robust Covariance (RC) in Elliptic Envelope (EE) (for approximately

elliptical regions) with density- and isolation-based methods such as Local Outlier Factor (LOF) and Isolation

Forest (IF), which remain effective when clusters are skewed or heavy-tailed, directly serving RQ1 on robust

multi-criteria anomaly detection.



APPENDIX H

EXPLORATORY DATA ANALYSIS: COMPLEXITY TEST

Table H.1 : Complexity test heatmap

Variables / Dataset DataFrame size Filtering (seconds) Sorting (seconds) Mean calculation (seconds)

Average price and value 100 0.000000000 0.000000000 0.000000000
Average price and value 1000 0.000000000 0.001001659 0.000000000
Average price and value 10000 0.000998259 0.001997948 0.000999689
Average price and value 100000 0.005015373 0.016986370 0.011100077

Number of returns 100 0.000997782 0.000000000 0.000000000
Number of returns 1000 0.001000643 0.000000000 0.000000000
Number of returns 10000 0.001000881 0.000997782 0.001002073

Number of requests 100 0.000000000 0.000998259 0.000000000
Number of requests 1000 0.000996828 0.007452249 0.000000000

Ordered quantity 100 0.000000000 0.000960112 0.000000000
Ordered quantity 1000 0.000000000 0.001004696 0.000000000
Ordered quantity 10000 0.001000881 0.001005411 0.000994682
Ordered quantity 100000 0.005177975 0.015009165 0.000995874

Received quantity 100 0.000999212 0.000000000 0.000000000
Received quantity 1000 0.000999212 0.000969887 0.000000000
Received quantity 10000 0.001033783 0.000999689 0.000000000
Received quantity 100000 0.005963087 0.014038086 0.000991821

Percentage of perfect orders 100 0.000000000 0.000000000 0.000000000
Percentage of perfect orders 1000 0.000000000 0.000999689 0.000000000
Percentage of perfect orders 10000 0.001000166 0.000999928 0.001003027

Percentage of perfect invoices 100 0.000000000 0.000000000 0.000000000
Percentage of perfect invoices 1000 0.000991821 0.001000404 0.000000000
Percentage of perfect invoices 10000 0.001000881 0.001003504 0.000995398
Number of delays (< 30 days) 72 0.000998735 0.001074314 0.000000000
Number of delays (> 30 days) 72 0.001002789 0.000000000 0.000000000

Late products 72 0.000000000 0.000998020 0.000000000
Average delay days (< 30 days) 72 0.000000000 0.000000000 0.000000000
Average delay days (> 30 days) 72 0.000000000 0.000000000 0.000000000

Total number of delays 72 0.000000000 0.000000000 0.000000000
Average delays per product 72 0.001019716 0.000000000 0.000000000

Appendix H examines the complexity of operations on various datasets, revealing that the time required

for filtering, sorting, and mean calculation increases with dataset size[231]. Sorting stands out as the operation

most affected by the growth in data volume, especially when moving from small to large datasets. This analysis

highlights the importance of optimizing algorithms to efficiently handle large amounts of data, particularly in

contexts where performance and response time are critical. It underscores the direct relationship between data

complexity and processing time, a key factor in the design and improvement of data management systems.



APPENDIX I

EXPLORATORY DATA ANALYSIS: STATIONARITY TEST (AUGMENTED

DICKEY–FULLER)

Table I.1 : Stationarity test (Augmented Dickey–Fuller)

Variables Statistic p-value Stationary

Average price 0.6545046170552572 < 0.01 True
Average purchase value -70.2133621188546 < 0.01 True
Number of returns -42.69499431352292 < 0.01 True
Number of requests -26.482032633790027 < 0.01 True
Ordered quantity -51.1814485920867 < 0.01 True
Received quantity -70.16313707259405 < 0.01 True
Percentage of perfect orders -40.61579410574195 < 0.01 True
Percentage of perfect invoices -51.9827512831878 < 0.01 True
Number of delays (< 30 days) -7.866971827984114 < 0.01 True
Number of delays (> 30 days) -8.918648864324053 < 0.01 True
Number of delays per item -8.227089062485762 < 0.01 True
Total number of delays -7.0578523521789505 < 0.01 True
Average delay days (< 30 days) -6.794904370225435 < 0.01 True
Average delay days (> 30 days) -8.356264728427387 < 0.01 True
Average delay days per item -8.227089062485762 < 0.01 True

Appendix I shows, via the Augmented Dickey–Fuller test, that all of the analyzed variables are stationary,

with p-values lower than 0.01. Results at monthly resolution suggest several series may be compatible with (weak)

stationarity; this supports, but does not guarantee, stationarity assumptions for forecasting. This stationarity

means that the statistical properties of these time series, such as their mean and variance, remain constant over

time, which facilitates the use of temporal predictive models without requiring prior transformations to stabilize

the series[221, 222]. This is a positive indication for future analyses, providing a solid basis for the application

of advanced time-series analysis techniques.
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