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Machine learning model evaluation in organizational contexts presents complex challenges 
that extend far beyond traditional technical performance metrics. Current evaluation frameworks, 
including established methodologies such as CRISP-DM and emerging automated machine 
learning approaches, demonstrate systematic inadequacies in addressing the multifaceted reali-
ties of business machine learning adoption. These frameworks predominantly emphasize predic-
tive accuracy and computational efficiency while systematically undervaluing organizational con-
straints, stakeholder expectations, and contextual factors that determine real-world implementa-
tion success. 

This thesis addresses this critical gap through investigating how machine learning model eval-
uation frameworks can be adapted to better reflect business-specific needs, constraints, and val-
ues. The research employed an abductive methodology involving seven semi-structured expert 
interviews with participants representing diverse organizational roles (executives and practition-
ers) across multiple sectors including manufacturing, consulting, and finance. The investigation 
revealed fundamental disconnections between theoretical evaluation approaches and organiza-
tional implementation realities. 

The empirical analysis uncovered three critical insights that necessitated paradigmatic recon-
ceptualization of evaluation frameworks. First, organizational context systematically determines 
evaluation priorities rather than simply providing background conditions. Second, persistent 
"translation gaps" exist between executive strategic priorities and practitioner implementation re-
alities, requiring coordination mechanisms rather than standardization solutions. Third, competing 
organizational priorities create permanent trade-offs that require navigation support rather than 
optimization resolution. 

These findings led to the development of a three-layer diagnostic framework comprising Stra-
tegic Context Assessment, Translation Interface, and Multi-Dimensional Assessment Core. This 
framework represents a fundamental theoretical shift from prescriptive optimization models to-
ward adaptive diagnostic tools that accommodate organizational heterogeneity while maintaining 
analytical rigor. The framework employs an innovative color-coded pathway system that connects 
organizational context assessment to appropriate trade-off navigation and selective dimensional 
emphasis. 

The study's theoretical contributions advance machine learning evaluation theory by estab-
lishing diagnostic evaluation as organizationally embedded practice, revealing translation gaps 
as systematic organizational phenomena, and reconceptualizing frameworks as coordination in-
frastructure rather than decision optimization tools. Practical implications include guidance for 
strategic leadership, operational management, and cross-functional collaboration in developing 
context-appropriate evaluation capabilities. 
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Koneoppimismallien arviointi moniulotteisemmassa organisaatiokontekstissa asettaa moni-
mutkaisia haasteita, joihin perinteiset tekniset suorituskykymittarit eivät aina pysty vastaamaan. 
Nykyiset arviointikehykset mukaan lukien vakiintuneet menetelmät kuten CRISP-DM sekä uu-
demmat AutoML-lähestymistavat osoittautuvat järjestelmällisesti riittämättömiksi kuvaamaan lii-
ketoimintalähtöisen koneoppimismallien käyttöönoton moniulotteista todellisuutta. Näissä kehyk-
sissä korostuvat ennustetarkkuus ja laskennallinen tehokkuus, samalla kun ne järjestelmällisesti 
aliarvioivat organisaation rajoitteet, sidosryhmien odotukset ja kontekstuaaliset tekijät, jotka mää-
rittävät onnistuneen käytännön toteutuksen. 

Tämä diplomityö keskittyy tähän kriittiseen aukkoon tutkimalla, kuinka koneoppimismallien ar-
viointikehyksiä voidaan mukauttaa paremmin vastaamaan liiketoimintakohtaisia tarpeita, rajoit-
teita ja arvoja. Tutkimuksessa hyödynnettiin abduktiivista tutkimusotetta, jossa toteutettiin seitse-
män puolistrukturoitua asiantuntijahaastattelua eri organisaatiotasoja edustavien osallistujien 
kanssa. Osallistujat edustivat useita toimialoja, mukaan lukien valmistava teollisuus, konsultointi 
ja finanssiala. Tutkimus paljasti keskeisen ristiriidan teoreettisten arviointimallien ja organisaatioi-
den käytännön todellisuuden välillä. 

Empiirinen analyysi tuotti kolme keskeistä havaintoa, jotka edellyttivät arviointikehysten para-
digmaattista uudelleenajattelua. Ensinnäkin organisaatiokonteksti määrittää arvioinnin painopis-
teet systemaattisesti, minkä vuoksi sitä ei tulisi ajatella pelkkänä taustatekijänä. Toiseksi organi-
saation eri tasojen erityisesti johdon strategisten prioriteettien ja käytännön toteuttajien realiteet-
tien välillä esiintyy pysyviä "käännösaukkoja", jotka vaativat koordinaatiomekanismeja pelkän 
standardisoinnin sijaan. Kolmanneksi kilpailevat prioriteetit synnyttävät pysyviä kompromisseja, 
joita ei voida ratkaista optimoinnilla, vaan ne edellyttävät navigointia tukevia diagnostisia raken-
teita. 

Näiden havaintojen pohjalta kehitettiin kolmitasoinen diagnostinen viitekehys, joka koostuu 
seuraavista osa-alueista: strategisen kontekstin arviointi, käännösrajapinta ja moniulotteinen ar-
viointiydin. Kehys edustaa perustavanlaatuista teoreettista siirtymää preskriptiivisistä optimointi-
malleista kohti mukautuvia, diagnostisia työkaluja, jotka huomioivat organisaatioiden heterogee-
nisuuden ja säilyttävät samalla analyyttisen jäsenneltyyden. Viitekehyksessä hyödynnetään väri-
koodattua polkujärjestelmää, joka yhdistää kontekstiarvion relevanttiin kompromissien navigoin-
tiin ja ulottuvuuksien painotukseen. 

Tutkimuksen teoreettiset kontribuutiot kehittävät koneoppimisen arviointiteoriaa kolmella ta-
valla: ne asemoivat diagnostisen arvioinnin organisaatioon kiinnittyneenä käytäntönä, tunnistavat 
käännösaukot systemaattisina rakenteellisina ilmiöinä ja määrittelevät arviointikehykset uudel-
leen päätöksenteon optimointityökalujen sijaan organisaation sisäisinä koordinaatioalustoina. 
Käytännön vaikutukset ulottuvat strategisesta johtamisesta operatiiviseen toteutukseen ja poikki-
toiminnalliseen yhteistyöhön tarjoten välineitä kontekstisidonnaisten arviointikyvykkyyksien kehit-
tämiseen. 
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liiketoimintatiedon hallinta, sosiotekniset järjestelmät, arviointiteoria 
 
 

Tämän julkaisun alkuperäisyys on tarkastettu Turnitin Originality Check -ohjelmalla. 
  



iii 
 

USE OF AI IN THESIS 

I have utilised AI tools in my thesis: 
 

☐  No  

☒  Yes 

 
The AI tools utilised in my thesis and their purposes are described below: 
 
Names and versions of AI tools: 
 
ChatGPT (GPT-4 and GPT-4o, OpenAI, 2024-2025), 
Claude (Claude 3.5 Sonnet, Anthropic, 2024-2025) 
 
Purpose of using AI tools: 
 
AI tools were utilized exclusively for writing enhancement, language improvement, and struc-
tural optimization purposes. The core research design, theoretical development, empirical 
analysis, and all original intellectual contributions remain entirely writer’s own work. Specific 
purposes included: 
 
Language and Style Enhancement: AI tools assisted in improving sentence clarity, reducing 
overly complex academic language, and enhancing readability while maintaining scholarly ri-
gor. This included identifying verbose expressions, suggesting more concise alternatives, and 
improving overall flow. 
Structural Optimization: AI tools helped identify repetitive content across chapters, sug-
gested organizational improvements, and provided recommendations for better logical pro-
gression and transitions between sections. 
Grammar and Consistency Checking: AI tools assisted in detecting grammatical errors, en-
suring consistent terminology usage throughout the thesis, and maintaining uniform formatting 
and style. 
Revision Planning: AI tools helped develop systematic revision strategies by analyzing the 
thesis structure and identifying areas for improvement in clarity and organization. 
Translation Assistance: AI tools assisted in ensuring accurate translation and linguistic con-
sistency between Finnish and English language sections, particularly for abstracts and termi-
nology. 
 
Sections where AI tools were used: 
 
AI tools were employed during the revision and editing phases across all chapters of the thesis 
(Chapters 1-6), abstracts, bibliography, and appendices. The assistance focused on language 
revision, sentence structure improvement, clarity enhancement, reduction of overly complex 
academic language, structural optimization, elimination of repetitive content, consistency 
checking, and formatting standardization throughout the entire document. 
 
I acknowledge that I am fully responsible for the entire content of my thesis, including the 
parts generated by AI, and accept accountability for any violations of ethical standards in 
publications. 



iv 
 

PREFACE 

This thesis represents the culmination of an intellectually rewarding journey exploring the 

intersection of machine learning technology and organizational decision-making. The 

completion of this work would not have been possible without the support and contribu-

tions of many individuals whom I wish to acknowledge. 

First and foremost, I extend my sincere gratitude to my thesis supervisor Hongxiu Li for 

invaluable guidance, constructive feedback, and support throughout the research pro-

cess. Hongxiu’s expertise and insights were instrumental in shaping both the theoretical 

direction and methodological rigor of this study. 

I am deeply grateful to the seven interview participants who generously shared their time, 

expertise, and professional experiences with me. Their insights into organizational ma-

chine learning evaluation practices form the empirical foundation of this research. While 

they must remain anonymous, their contributions have been essential to the develop-

ment of the theoretical framework presented in this thesis. 

Special recognition goes to Information and Knowledge Management programme at 

Tampere University for providing an excellent academic environment that fostered criti-

cal thinking and scholarly development. The faculty's commitment to bridging theoretical 

knowledge with practical application has significantly influenced my approach to this re-

search. 

Finally, I express my heartfelt appreciation to my colleagues and fellow students who 

engaged in countless discussions about research methodology, theoretical frameworks, 

and the challenges of organizational technology adoption. These conversations enriched 

my understanding and helped refine my analytical approach. 

While this thesis bears my name, it reflects the collective wisdom and support of all those 

mentioned above. 

 
 

Helsinki, 15 August 

 

Paulus Palokangas 



v 
 

CONTENTS 

1. INTRODUCTION .................................................................................................. 1 

1.1 Background ........................................................................................... 1 

1.2 Research Objectives and Questions ...................................................... 3 

1.3 Thesis Structure .................................................................................... 5 

2. LITERATURE REVIEW ......................................................................................... 8 

2.1 Machine Learning Evolution and Business Adoption Challenges ........... 9 

2.2 Organizational Context and Domain-Specific Evaluation Requirements .. 

   ............................................................................................................ 13 

2.3 Machine Learning Evaluation Metrics: From Technical Performance to 

Business Value .................................................................................................. 17 

2.4 Critical Assessment of Current Evaluation Frameworks and Their 

Limitations ......................................................................................................... 21 

2.5 Preliminary Dimensions as Catalysts for Expert Interview Insights ...... 26 

3. RESEARCH METHODOLOGY ........................................................................... 29 

3.1 Research Design ................................................................................. 29 

3.1.1 Research Philosophy and Methodological Approach .................. 30 

3.1.2 Qualitative Interview Strategy...................................................... 32 

3.1.3 Framework-Driven Exploratory Design ........................................ 33 

3.2 Data Collection .................................................................................... 36 

3.2.1 Interview Design and Justification ............................................... 36 

3.2.2 Interview Protocol Development .................................................. 38 

3.2.3 Participant Selection and Interview Execution ............................. 41 

3.3 Data Analysis ....................................................................................... 43 

3.3.1 Analytical Procedure ................................................................... 45 

3.3.2 Quality Assurance and Trustworthiness ...................................... 46 

3.3.3 Analytical Alignment with Research Questions ........................... 49 

3.4 Ethical Considerations ......................................................................... 50 

3.5 Methodological Limitations ................................................................... 52 

4. RESARCH RESULTS ......................................................................................... 54 

4.1 Empirical Findings: Organizational ML Evaluation Practices ................ 54 

4.1.1 RQ1: Business-Specific Factors Shaping ML Model Evaluation .. 55 

4.1.2 RQ2: Perceived Limitations of Existing Frameworks ................... 59 

4.1.3 RQ3: Trade-Offs in Machine Learning Evaluation Criteria ........... 61 

4.1.4 RQ4: Toward a Refined Evaluation Framework .......................... 65 



vi 
 

4.2 Cross-Organizational Analysis: Executive and Practitioner Perspectives . 

   ............................................................................................................ 68 

4.2.1 Executive Evaluation Logic: Strategic Alignment and Risk 
Management ............................................................................................ 69 

4.2.2 Practitioner Evaluation Logic: Technical Feasibility and 
Implementation Constraints ...................................................................... 73 

4.2.3 The Translation Gap: Systematic Differences in Organizational 
Evaluation Logic ....................................................................................... 77 

4.3 Framework Reconceptualization: From Prescriptive to Diagnostic 

Evaluation .......................................................................................................... 82 

4.3.1 Empirical Assessment of Preliminary Framework Dimensions .... 83 

4.3.2 Organizational Implementation Realities: Gaps and Constraints . 84 

4.3.3 The Prescriptive-to-Diagnostic Framework Shift.......................... 86 

4.3.4 Reconceptualized Framework Architecture ................................. 87 

5. DISCUSSION...................................................................................................... 95 

5.1 Answering the Research Questions ..................................................... 95 

5.1.1 RQ1 – How do business-specific factors influence machine learning 
model evaluation in organizations? ........................................................... 96 

5.1.2 RQ2 – How do practitioners perceive the limitations of current 
evaluation frameworks? ............................................................................ 96 

5.1.3 RQ3 – What trade-offs shape machine learning evaluation in real-
world business contexts? .......................................................................... 97 

5.1.4 RQ4 – How should a framework be structured to support adaptive 
and business-relevant machine learning valuation? .................................. 98 

5.1.5 Synthesis – Answering the Main Research Question .................. 99 

5.2 Multi-Level Translation Gap as Structural Challenge ......................... 100 

5.3 From Prescriptive to Diagnostic: Reconceptualizing Evaluation 

Frameworks ..................................................................................................... 101 

6. CONCLUSION .................................................................................................. 104 

6.1 Research Achievement and Summary of Key Findings ..................... 104 

6.1.1 Addressing the Sub-Questions .................................................. 104 

6.2 Theoretical Contributions ................................................................... 106 

6.3 Methodological Contributions ............................................................. 107 

6.4 Practical Implications and Implementation Guidance ......................... 108 

6.4.1 Strategic and Operational Leadership ....................................... 108 

6.4.2 Organizational Change and Cross-Functional Coordination ...... 109 

6.4.3 Sector-Specific and Technological Implications ........................ 109 

6.5 Limitations of the Study ..................................................................... 110 

6.6 Future Research Directions ............................................................... 111 



vii 
 

6.7 Final Reflections ................................................................................ 112 

REFERENCES..................................................................................................... 115 

APPENDIX A: INTERVIEW GUIDE ...................................................................... 120 

APPENDIX B: OVERVIEW OF THE RESPONSES TO RESEARCH QUESTIONS ... 

  ......................................................................................................................... 123 



viii 
 

LIST OF SYMBOLS AND ABBREVIATIONS 

AI                           Artificial Intelligence 
AutoML                    Automated Machine Learning 
CRISP-DM             Cross-Industry Standard Process for Data Mining 
ESG                         Environmental, Social, and Governance 
GDPR                   General Data Protection Regulation 
LIME                     Local Interpretable Model-agnostic Explanations 
ML                        Machine Learning 
RAG                     Retrieval-Augmented Generation 
SHAP                    Shapley Additive Explanations 
XAI                      Explainable Artificial Intelligence



1 
 

1. INTRODUCTION 

Across various sectors, machine learning (ML) has become a pivotal enabler of change, 

significantly altering how organizations make decisions, streamline operations, and de-

liver services. Despite significant advances in algorithmic sophistication and computa-

tional capabilities, the evaluation and selection of ML models within organizational con-

texts presents persistent challenges that extend far beyond traditional performance met-

rics. Contemporary organizations must navigate complex trade-offs involving model in-

terpretability, regulatory compliance, environmental sustainability, and strategic align-

ment, considerations that are inadequately addressed by prevailing evaluation para-

digms. Current frameworks predominantly emphasize predictive accuracy and computa-

tional efficiency while systematically undervaluing the multidimensional factors that de-

termine real-world deployment success and organizational value creation. This thesis 

addresses this critical gap by investigating how ML model evaluation can be reconcep-

tualized to reflect business-specific needs, constraints, and values, culminating in the 

development of a refined, multi-metric evaluation framework that integrates theoretical 

rigor with empirically grounded practitioner insights. 

1.1 Background 

Over the past two decades, machine learning (ML) has undergone a fundamental trans-

formation from theoretical abstraction to critical enabler of organizational innovation and 

competitive advantage. Contemporary ML deployment spans diverse domains including 

finance, healthcare, manufacturing, and digital services, where sophisticated models un-

derpin applications ranging from fraud detection and customer segmentation to demand 

forecasting and personalized recommendation systems. This unprecedented integration 

has been propelled by convergent advances in algorithmic sophistication, exponential 

increases in computational capacity, and the proliferation of data-rich organizational en-

vironments. However, while the technical design and operational deployment of ML mod-

els have achieved remarkable sophistication, the evaluation and selection of these mod-

els within organizational contexts remain fundamentally underdeveloped and incon-

sistent practices (Hutchinson et al., 2022). 

An increasing body of academic literature has highlighted a significant "model evaluation 

gap" in business ML applications, a systematic disconnection between technical model 
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development methodologies and the assessment of real-world organizational utility. Tra-

ditional evaluation practices, predominantly centered on technical performance metrics 

such as accuracy, precision, recall, and F1-score, prove insufficient for capturing the 

multifaceted and context-dependent requirements inherent in complex business environ-

ments (Diallo et al., 2025; Naidu et al., 2023). For instance, accuracy metrics may prove 

fundamentally misleading in imbalanced datasets, where minority classes (e.g., fraudu-

lent transactions or rare diagnoses) often represent the most organizationally critical de-

tection targets (Baddah et al., 2024; Uddin, 2019). Furthermore, organizational overreli-

ance on single-point performance estimates contributes to systematic overoptimism and 

overfitting, raising profound concerns regarding the generalizability and operational rel-

evance of reported model outcomes (Saidi et al., 2025). 

Beyond narrow technical performance considerations, contemporary organizations must 

increasingly navigate complex evaluation criteria encompassing interpretability, algorith-

mic fairness, regulatory compliance, and environmental sustainability. These multidi-

mensional considerations prove particularly critical in heavily regulated sectors such as 

finance and healthcare, where organizational decisions must satisfy stringent explaina-

bility and auditability requirements (Balachander et al., 2020; Hong et al., 2020). Addi-

tionally, modern ML systems, particularly those employing deep learning architectures, 

demonstrate substantial computational intensity, generating significant ethical and envi-

ronmental concerns related to energy consumption and carbon emissions (Gera et al., 

2025; Singhal et al., 2020). Nevertheless, prevailing evaluation frameworks systemati-

cally fail to account for these broader organizational and societal impacts, nor do they 

provide actionable methodological guidance for organizations seeking to align model se-

lection processes with strategic business objectives and regulatory obligations (Herd and 

Burton, 2024; Kotagiri, 2024). 

Despite the widespread adoption of structured ML project methodologies such as 

CRISP-DM and the increasing accessibility of automated machine learning (AutoML) 

platforms, these established tools demonstrate persistent limitations in supporting multi-

dimensional, context-sensitive evaluation processes (Studer et al., 2021). The absence 

of holistic, stakeholder-informed evaluation frameworks compels practitioners to rely on 

ad hoc methodological approaches, frequently failing to address critical considerations 

of long-term feasibility, organizational explainability requirements, or ethical implemen-

tation implications (Hutchinson et al., 2022; Radhika and Kuma, 2025). 

This thesis directly addresses this critical methodological gap through the development 

of a refined, business-oriented evaluation framework for ML model selection. The pro-

posed framework synthesizes insights derived from comprehensive academic research 
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with empirical validation through systematic qualitative interviews conducted with profes-

sionals spanning both technical and managerial organizational roles. Through this inte-

grated approach, the study seeks to bridge the persistent divide between technical model 

development practices and operational decision-making requirements, providing organ-

izations with theoretically grounded yet practically applicable tools for evaluating ML so-

lutions in alignment with performance objectives, strategic values, and societal respon-

sibilities. To operationalize this research approach, this thesis introduces a preliminary 

multi-metric evaluation framework derived from existing literature as a foundational in-

strument for empirical exploration. This initial framework functions simultaneously as a 

conceptual analytical lens and a practical methodological instrument to guide structured 

expert interviews, enabling a systematic yet adaptable approach to refining evaluation 

criteria for business-relevant ML model selection processes. 

1.2 Research Objectives and Questions 

The primary objective of this thesis is to develop a theoretically grounded and empirically 

validated evaluation framework for machine learning (ML) model selection within organ-

izational contexts, one that transcends conventional technical performance metrics to 

systematically integrate business-oriented considerations including interpretability, reg-

ulatory compliance, operational scalability, and environmental sustainability. Traditional 

evaluation practices demonstrate a persistent tendency to prioritize predictive accuracy 

and computational efficiency, yet these narrow metrics fail to adequately capture the 

complex ethical, operational, and strategic factors that organizations must navigate when 

implementing ML solutions in practice (Fahse et al., 2021; Naidu et al., 2023). 

Contemporary research has increasingly highlighted fundamental limitations in existing 

evaluation approaches, particularly the inability of established frameworks such as 

CRISP-DM or AutoML platforms to adequately address domain-specific constraints, reg-

ulatory environments, or the environmental impact of modern ML systems (Kadioglu, 

2022; Quaranta et al., 2025). While these methodological tools provide systematic work-

flows or automated tuning capabilities, they lack formal mechanisms for balancing tech-

nical performance with critical organizational values such as algorithmic fairness, oper-

ational transparency, and long-term viability (Chami and Santos, 2024). In response to 

these identified limitations, there has emerged a growing recognition within both aca-

demic and industry literature of the imperative need for multi-metric and stakeholder-

informed frameworks that align with real-world business priorities and organizational 

constraints (Bohanec et al., 2017; Nashaat et al., 2019). 
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To address this methodological challenge, the present study proposes a comprehensive 

multi-dimensional evaluation framework informed by both rigorous academic research 

and systematic qualitative insights derived from industry professionals. The research 

adopts an abductive reasoning approach, facilitating iterative movement between theo-

retical conceptualization and practical application. This methodological approach proves 

particularly well-suited for developing novel frameworks that refine, extend, or adapt ex-

isting knowledge by systematically integrating conceptual structures with field-level pro-

fessional expertise (Dubois and Gadde, 2002). The abductive logic is especially justified 

within this research context, where existing evaluation frameworks remain fundamentally 

underdeveloped and real-world organizational decision-making practices are inade-

quately reflected in prevailing academic models. 

While a growing corpus of research advocates for ethically and operationally grounded 

ML frameworks, few existing approaches have been successfully operationalized or em-

pirically validated within real-world business environments (Fahse et al., 2021; Quaranta 

et al., 2025). This thesis contributes to addressing this critical implementation gap by 

grounding its framework development in both empirical organizational needs and theo-

retical rigor. To operationalize this research objective, a preliminary evaluation frame-

work was systematically developed based on insights synthesized from the comprehen-

sive literature review. This preliminary framework subsequently functioned as a struc-

tured discussion catalyst within semi-structured expert interviews, enabling participants 

to critically evaluate and elaborate upon its dimensional components. Participant input 

directly informed the iterative refinement process, ensuring closer alignment with real-

world organizational constraints and decision-making processes. 

The following research question and sub-questions provide systematic guidance for the 

study and structure the framework development process: 

Main Research Question: 

• How can machine learning model evaluation frameworks be adapted to better 

reflect the business-specific needs, constraints, and values of organizations? 

Sub-Questions: 

• RQ1: What business-specific factors influence the selection and evaluation of 

machine learning models in real-world organizations? 

• RQ2: How do practitioners perceive the limitations of current evaluation frame-

works? 
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• RQ3: What trade-offs do organizations face between traditional performance 

metrics and broader business-oriented criteria such as interpretability, scalability, 

and sustainability? 

• RQ4: How can a multi-metric evaluation framework be refined to better support 

strategic and ethical machine learning adoption? 

Each sub-question reflects a key thematic dimension systematically identified through 

the literature review: the role of contextual organizational constraints (RQ1), methodo-

logical shortcomings in current evaluation approaches (RQ2), strategic trade-offs inher-

ent in evaluation processes (RQ3), and the imperative need for refined, actionable frame-

works (RQ4). The research approach is fundamentally qualitative and exploratory, em-

ploying semi-structured interviews with business and technical professionals to generate 

rich, practice-based insights. These empirically grounded insights will systematically in-

form the refinement and validation of the proposed evaluation framework, ensuring its 

capacity to support both strategic organizational decision-making and responsible AI 

adoption within complex organizational settings. 

1.3 Thesis Structure 

This thesis is systematically structured into six interconnected chapters, each contrib-

uting essential elements to the development of a theoretically grounded and empirically 

validated evaluation framework for machine learning (ML) model selection within organ-

izational contexts. The chapters are deliberately designed to build sequentially and cu-

mulatively: progressing from systematic identification of the evaluation gap through com-

prehensive theoretical exploration, to addressing this gap through rigorous empirical in-

quiry and iterative framework refinement. 

Chapter 1: Introduction 

Introduction establishes the research foundation by presenting the study's background, 

formulating precise research objectives, and articulating the guiding research questions. 

This chapter introduces both the practical organizational imperatives and theoretical ac-

ademic motivations for developing a more holistic ML model evaluation framework, with 

particular emphasis on the systematic limitations of prevailing accuracy-centered evalu-

ation approaches. 

Chapter 2: Literature Review 
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Literature Review provides a comprehensive critical examination of the evolution of ML 

models, the characteristics of business problems that fundamentally influence model se-

lection processes, the spectrum of conventional and emerging evaluation metrics, and 

existing evaluation frameworks including established methodologies such as CRISP-DM 

and contemporary AutoML tools. Rather than constructing a prescriptive framework, this 

chapter systematically identifies conceptual and practical gaps within current evaluation 

practices. These analytical findings establish the theoretical foundation for the prelimi-

nary framework that is subsequently refined through empirical research. 

Chapter 3: Research Methodology 

Research Methodology articulates the qualitative research design, including detailed jus-

tification of the abductive reasoning approach, comprehensive data collection proce-

dures, and systematic analytical methods. This chapter explains how insights synthe-

sized from the literature review informed the construction of a preliminary evaluation 

framework, which is subsequently presented to expert interviewees for critical validation 

and iterative refinement. 

Chapter 4: Research Results 

Research Results presents the systematic analysis of semi-structured expert interviews 

conducted across multiple organizational levels and industry sectors. The chapter high-

lights key empirical themes and practical perspectives on contemporary model evalua-

tion practices, including real-world trade-offs between technical performance optimiza-

tion and broader business requirements such as interpretability, operational scalability, 

and environmental sustainability. 

Chapter 5: Discussion 

Discussion provides critical interpretation of the empirical findings within the context of 

existing academic literature. This chapter evaluates how the refined framework system-

atically addresses the limitations of prior evaluation approaches. 

Chapter 6: Conclusion 

Conclusion synthesizes the study's primary contributions, systematically outlines meth-

odological and contextual limitations, and proposes structured directions for future re-

search. This chapter also provides practical implementation recommendations for organ-

izations seeking to adopt machine learning solutions in alignment with strategic objec-

tives and ethical considerations. 

Collectively, these six chapters establish a coherent analytical progression from system-

atic problem identification to practical methodological resolution, ensuring that the final 
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evaluation framework is rigorously grounded in both academic theoretical foundations 

and empirically validated real-world organizational needs. 
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2. LITERATURE REVIEW 

Machine learning now plays a pivotal role in modern business analytics, influencing key 

decision-making activities in sectors such as financial services, healthcare, manufactur-

ing, and online commerce. The technological trajectory from early rule-based expert sys-

tems to more sophisticated deep learning architectures has fundamentally reconceptu-

alized organizational approaches to data-driven strategic insights. Nevertheless, the sys-

tematic evaluation and selection of machine learning models within business environ-

ments presents substantial analytical complexities, encompassing diverse problem char-

acteristics, regulatory compliance requirements, and the imperative for transparent, in-

terpretable, and sustainable algorithmic solutions (Zhang et al., 2023). 

Despite the proliferation of evaluation methodologies, contemporary frameworks demon-

strate a critical deficiency in providing comprehensive, multi-dimensional assessment 

approaches that systematically integrate technical performance metrics with organiza-

tional constraints, environmental, social, and governance (ESG) considerations, and 

sustainability imperatives (Minz and Khattar, 2024; Popescu and Yu, 2024). Prevailing 

methodological paradigms exhibit a pronounced tendency toward isolated metric optimi-

zation—predominantly accuracy or precision—while systematically neglecting broader 

ethical implications and long-term operational sustainability (Derbali, 2024). This meth-

odological gap assumes particular urgency as organizations confront escalating regula-

tory pressures to demonstrate adherence to ethical artificial intelligence (AI) principles, 

sector-specific compliance frameworks, and comprehensive ESG reporting standards 

(Palakurti, 2024). 

Concurrently, the practical imperative for methodological advancement intensifies as 

machine learning applications intersect with ESG frameworks, generating complex chal-

lenges including socio-economic impact management, responsible algorithmic deploy-

ment, and data quality assurance that fundamentally constrains model explainability and 

sustainability alignment (Kumar and Kumar, 2025; Nosirov et al., 2024). The pronounced 

sectoral heterogeneity in ESG data integration within ML-driven decision-making pro-

cesses further underscores the absence of standardized evaluation protocols across in-

dustries (Rangasamy et al., 2024). 

A rigorous literature review transcends mere synthesis of existing scholarship; it de-

mands critical examination, comparative analysis, and theoretical integration of diverse 
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perspectives and empirical contributions. This chapter undertakes comprehensive anal-

ysis of existing research while systematically identifying theoretical contradictions, meth-

odological limitations, and emergent paradigmatic shifts. Through this analytical ap-

proach, it establishes a robust conceptual foundation for understanding organizational 

ML adoption patterns, model assessment practices, and the multifaceted determinants 

influencing algorithmic selection. Furthermore, it substantiates the scientific and practical 

necessity for innovative evaluation frameworks that align with evolving business require-

ments and sustainability imperatives (Pria et al., 2024; Usha and Puli, 2024). 

Section 2.1 examines the evolutionary trajectory of machine learning architectures, pro-

gressing from primitive rule-based systems and statistical learning methodologies 

through neural networks, deep learning paradigms, and AutoML platforms. It elucidates 

pivotal technological breakthroughs, including backpropagation algorithm development, 

convolutional network advancement, and AutoML's democratizing influence on organi-

zational ML adoption (Sagi and Rokach, 2018; Wu, 2022). Section 2.2 investigates the 

characteristic dimensions of business problems that influence ML implementation deci-

sions, encompassing operational feasibility constraints, financial optimization consider-

ations, and industry-specific regulatory requirements (Vartak et al., 2016). Section 2.3 

critically analyzes traditional and contemporary ML evaluation metrics, contrasting accu-

racy-centered performance measures with business-oriented assessment criteria includ-

ing interpretability, regulatory compliance, and sustainability alignment (Naidu et al., 

2023). Section 2.4 provides comprehensive critical assessment of established ML eval-

uation frameworks, particularly CRISP-DM and AutoML methodologies, examining their 

theoretical strengths and practical limitations in addressing complex organizational chal-

lenges (Wirth and Hipp, 2000; Zöller and Huber, 2021). 

Through systematic analysis of these theoretical dimensions, this chapter constructs the 

conceptual infrastructure necessary for business-aligned evaluation framework develop-

ment while establishing rigorous justification for methodological innovation. The theoret-

ical insights derived from this comprehensive review inform subsequent empirical inves-

tigation and support the construction of model evaluation approaches that achieve tech-

nical robustness while maintaining strategic, ethical, and environmental viability. 

2.1 Machine Learning Evolution and Business Adoption Chal-
lenges 

The evolutionary trajectory of machine learning models within business applications has 

witnessed profound paradigmatic transformations, progressing from rudimentary rule-

based systems to sophisticated deep learning architectures. This technological evolution 
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has been catalyzed by concurrent advancements in computational infrastructure, data 

accessibility, and algorithmic innovation (Wu, 2022). However, this developmental pro-

gression has exhibited non-linear characteristics, with various technological, organiza-

tional, and regulatory factors simultaneously accelerating and constraining the adoption 

of distinct modeling approaches throughout different historical phases. Persistent chal-

lenges including computational limitations, infrastructure deficiencies, regulatory uncer-

tainties, and organizational resistance have fundamentally shaped the trajectory of ma-

chine learning development within business contexts. 

Contemporary machine learning adoption presents novel considerations that transcend 

traditional technical performance metrics. The inherent tensions between computational 

efficiency and ethical imperatives, escalating demands for algorithmic interpretability, 

and the persistent challenge of balancing innovation with practical implementation create 

complex decision-making environments. While expanding computational capacity broad-

ens the possibilities for AI-driven organizational decision-making, these advances gen-

erate concomitant environmental concerns through increased energy consumption. Fur-

thermore, the democratization of machine learning tools introduces governance, regula-

tory, and responsible AI deployment challenges that require systematic consideration. 

Understanding the historical development and critical milestones in machine learning 

provides essential theoretical context for appropriate model selection within business 

applications. Each evolutionary phase, encompassing rule-based systems, statistical 

learning, deep learning, and AutoML, has introduced distinctive capabilities while simul-

taneously presenting unique challenges for organizational integration. These challenges 

manifest as trade-offs between technical performance and interpretability, escalating 

computational requirements, and intensifying regulatory scrutiny (Brotcke, 2020; Naeini 

and Prindle, 2018). This section critically examines the progression of machine learning 

models, the paradigmatic shifts influencing their adoption, and the multifaceted chal-

lenges organizations encounter when integrating these technologies into operational 

frameworks. 

Initially, business applications relied predominantly on rule-based systems, wherein de-

cision logic was encoded into static rules developed by domain experts. These systems 

operated deterministically with limited flexibility, frequently struggling to accommodate 

novel patterns without extensive manual intervention (Shaikh et al., 2022). MYCIN, an 

expert system developed in the 1970s for bacterial infection diagnosis, exemplifies both 

the potential and limitations of rule-based approaches. While MYCIN demonstrated arti-

ficial intelligence capabilities in healthcare contexts, it simultaneously revealed funda-



11 
 

mental constraints: rule-based systems exhibited inflexibility, requiring substantial man-

ual updates to incorporate new knowledge and presenting significant scalability chal-

lenges (Wu, 2022). Their business adoption remained constrained due to extensive man-

ual effort requirements for expert knowledge encoding and insufficient adaptability to 

complex, data-rich organizational environments (Naeini and Prindle, 2018). Expert sys-

tems, proliferating throughout the 1970s and 1980s, represented systematic attempts to 

codify human decision-making processes within software applications across medical 

diagnosis, credit scoring, and industrial process control domains. However, their depend-

ence on explicitly defined rules fundamentally limited their capacity to generalize beyond 

pre-programmed knowledge, thereby constraining their effectiveness within dynamic 

business environments (Wu, 2022). 

The emergence of statistical learning methodologies in the late twentieth century marked 

a fundamental paradigmatic shift. Statistical models including linear regression, logistic 

regression, and decision trees achieved widespread adoption through their capacity to 

model data relationships and generate probabilistic predictions (Manta-Costa et al., 

2024). This transition was facilitated by increasing computational power and structured 

dataset availability, particularly within finance and retail sectors where predictive analyt-

ics became instrumental for trend forecasting and decision optimization (Storn and Price, 

1997). Despite enhanced model performance and broader organizational adoption, sta-

tistical models continued to require domain expertise for result interpretation and opera-

tional optimization. Within financial sectors, regulatory concerns regarding transparency 

and model governance emerged during this phase, presaging contemporary explainabil-

ity requirements (Brotcke, 2020). Bayesian methodologies, representing another foun-

dational approach, enabled organizations to incorporate prior knowledge into predictive 

modeling frameworks, proving particularly valuable for risk assessment and forecasting 

applications. Early Bayesian model adopters included insurance industries for fraud de-

tection and underwriting applications, and financial markets for algorithmic trading imple-

mentations (Storn and Price, 1997). 

The development of artificial neural networks fundamentally revolutionized machine 

learning, particularly within pattern recognition domains including healthcare and finance 

(Saraswat et al., 2024). Although neural networks were initially conceptualized in the 

1940s by pioneers Warren McCulloch and Walter Pitts based on biological neuron struc-

tures, practical applications remained constrained by computational limitations. Hard-

ware constraints rendered these approaches impractical for real-world deployment, 

though researchers anticipated their eventual viability as computational power ad-

vanced, without fully comprehending their transformative potential. 
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The introduction of backpropagation algorithms in the 1980s enabled multilayer percep-

trons to learn complex functions, establishing the foundation for contemporary deep 

learning paradigms (Sagi and Rokach, 2018). Backpropagation facilitated neural network 

weight adjustment through error correction mechanisms, substantially improving gener-

alization capabilities from data. This breakthrough generated renewed interest in neural 

networks, although widespread adoption remained constrained by hardware limitations. 

The subsequent adoption of deep learning has introduced concerns within business con-

texts, particularly regarding the opaque nature of these models, which obscure decision-

making processes and compromise stakeholder trust (Roy et al., 2023). Additionally, 

deep learning models demand substantial computational resources, creating infrastruc-

ture and cost barriers for numerous organizations (Fan et al., 2023). 

A major milestone was reached in 2012 when the deep convolutional neural network 

known as AlexNet significantly outperformed previous models in image recognition 

benchmarks. AlexNet's success in the ImageNet competition, achieving substantial ac-

curacy improvements over traditional approaches, was enabled by increased computa-

tional power, large dataset accessibility, and GPU acceleration innovations. Beyond ad-

vancing image recognition, AlexNet served as a catalyst for the adoption of deep learning 

in business use cases such as fraud prevention, market segmentation, and logistics op-

timization. (Desai et al., 2024). Contemporary advancements emphasize accessibility 

and transparency improvements in machine learning implementation. While deep learn-

ing achieves superior accuracy, its complexity and resource-intensive nature necessitate 

solutions that simplify implementation and interpretation processes. 

The emergence of AutoML represents the current phase of democratization and acces-

sibility enhancement. AutoML frameworks streamline model selection and hyperparam-

eter optimization processes, reducing dependency on specialized domain expertise (Das 

and Suganthan, 2011). Through automation of parameter adjustment processes—in-

cluding learning rates and regularization factors—organizations can deploy machine 

learning models more efficiently without requiring extensive data science expertise 

(Goldenberg et al., 2021). While AutoML reduces technical entry barriers and acceler-

ates development cycles, concerns persist regarding interpretability, overfitting, and reg-

ulatory compliance. Certain AutoML implementations continue operating as opaque sys-

tems, hindering organizational understanding of decision-making processes (Larsen and 

Becker, 2021; Quaranta et al., 2025). Moreover, computational requirements remain 

substantial for complex pipelines, potentially limiting accessibility for small and medium 

enterprises and high-stakes domains (Chauhan et al., 2020). 
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Explainable AI (XAI) has gained prominence in response to deep learning's opaque char-

acteristics. This opacity raises critical concerns in high-stakes applications including fi-

nance and healthcare, where decision-making accountability is paramount (Goldenberg 

et al., 2021). Techniques such as SHAP (Shapley Additive Explanations) and LIME (Lo-

cal Interpretable Model-agnostic Explanations) address this challenge by providing hu-

man-interpretable explanations for model predictions (Salih et al., 2025). Federated 

learning has emerged as a privacy-preserving solution, enabling decentralized training 

across multiple devices without exposing sensitive data. This innovation proves particu-

larly relevant in healthcare contexts requiring patient data confidentiality and financial 

services requiring compliance with regulations such as General Data Protection Regula-

tion (GDPR) and Health Insurance Portability and Accountability Act (HIPAA) (Singhal, 

2024; Veale et al., 2018). 

The evolutionary trajectory of machine learning models within business applications has 

progressed from rule-based systems through advanced deep learning and AutoML 

methodologies. While technological advancements have expanded machine learning ca-

pabilities, organizations must navigate challenges related to model complexity, interpret-

ability, and regulatory constraints. As machine learning models become increasingly 

computationally intensive, their environmental impact requires systematic consideration. 

The growing dependence on large-scale neural networks and cloud-based training gen-

erates concerns regarding energy consumption and sustainability imperatives. Future 

developments must explore energy-efficient machine learning techniques and sustaina-

ble AI development practices. 

Contemporary organizations must carefully evaluate the benefits of advanced machine 

learning models against practical adoption challenges, ensuring that AI-driven decisions 

maintain ethical standards, interpretability, and environmental responsibility. This analy-

sis establishes the conceptual foundation for machine learning model evaluation and 

selection approaches examined in subsequent sections, considering both technical per-

formance metrics and business feasibility constraints. 

2.2 Organizational Context and Domain-Specific Evaluation 
Requirements 

The adoption of machine learning solutions within organizational contexts transcends 

considerations of technical superiority, encompassing complex evaluations of implemen-

tation feasibility, operational constraints, and strategic alignment. Machine learning ap-

plications are fundamentally shaped by operational viability, financial limitations, and reg-
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ulatory compliance requirements, rendering the selection process inherently multifac-

eted. Rather than following linear progression from research to implementation, organi-

zations must adapt to evolving technological landscapes and external pressures, result-

ing in heterogeneous adoption patterns across industries. Understanding organizational 

integration of machine learning models into decision-making processes requires system-

atic analysis of constraints, trade-offs, and strategic considerations that influence deploy-

ment outcomes. 

Organizations across diverse sectors—including finance, healthcare, e-commerce, and 

manufacturing—present distinct operational requirements that significantly influence ma-

chine learning model selection criteria (Zhang et al., 2023). The proliferation of machine 

learning within business processes has necessitated the development of structured 

frameworks for systematic model selection. However, existing frameworks demonstrate 

substantial deficiencies in comprehensively addressing the diverse range of business 

problem characteristics that determine model appropriateness (Vartak et al., 2016). This 

limitation is particularly pronounced across industries including manufacturing, 

healthcare, and finance, where prevailing frameworks lack the flexibility to accommodate 

domain-specific requirements and operational constraints. In manufacturing contexts, 

procedural complexities, sustainability considerations, and the absence of causal rea-

soning mechanisms frequently impede effective machine learning adoption (Lee and 

Shin, 2020; Nesro et al., 2024). Within financial services, market volatility and require-

ments for domain-specific feature engineering constrain the utility of generic evaluation 

methodologies (Sukma and Namahoot, 2024). Healthcare applications must comply with 

stringent regulatory requirements while maintaining adaptability to local institutional data 

characteristics, yet contemporary frameworks rarely accommodate such specialized 

needs (Singhal, 2024). Beyond technical feasibility considerations, organizations must 

systematically account for regulatory oversight, financial constraints, and the interpreta-

bility of algorithmic decisions, which collectively impact deployment viability and long-

term sustainability. 

This section critically examines how diverse organizational requirements shape machine 

learning model selection processes, evaluates inherent trade-offs within these decisions, 

and explores existing theoretical and practical approaches that guide organizations to-

ward appropriate model choices. Recent scholarly contributions propose context-aware 

and problem-driven approaches to model evaluation, exemplified by the EHR-ML frame-

work in healthcare and the M-Lean development framework in business-to-business sce-

narios. These examples illustrate how domain-specific constraints—including regulatory 

adaptation requirements, cross-institutional variation, and performance drift in production 
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environments—necessitate frameworks that transcend conventional metrics and inte-

grate real-world operational complexity from initial implementation phases. 

Machine learning has been extensively applied to address diverse business problems, 

each presenting unique data characteristics and analytical requirements. Classification 

problems represent among the most prevalent machine learning applications, commonly 

deployed in fraud detection, medical diagnosis, and customer segmentation contexts. 

Financial institutions, for instance, rely on logistic regression and decision tree models 

for fraud detection, as these methodologies provide optimal balance between interpret-

ability and predictive performance (Pedregosa et al., 2011). Similarly, regression prob-

lems form the analytical foundation for demand forecasting, pricing optimization, and fi-

nancial risk assessment applications. Real estate platforms leverage regression models 

to predict housing prices based on historical transaction data, incorporating multiple fea-

tures including location, property characteristics, and economic indicators (Nath, 2007). 

Time series forecasting assumes particular importance in supply chain management and 

energy demand prediction, where accurate predictions enable organizations to optimize 

resource allocation and operational efficiency (Nashaat et al., 2019). Amazon's inventory 

management system exemplifies this application, integrating forecasting models to dy-

namically adjust stock levels based on demand fluctuations (Zhang et al., 2023). 

Beyond classification and regression applications, clustering techniques are employed 

in market segmentation and anomaly detection, where organizations seek to categorize 

large customer populations into distinct behavioral groups. E-commerce platforms seg-

ment customers based on purchasing behavior to develop targeted marketing cam-

paigns and personalized recommendation systems (Vartak et al., 2016). Recommenda-

tion systems, representing specialized machine learning applications, play crucial roles 

in optimizing user experience and revenue generation within online retail and streaming 

services. Companies including Netflix and Spotify utilize collaborative filtering and deep 

learning-based recommendation models to provide personalized content to users (Nath, 

2007). Machine learning model selection for these applications is primarily driven by fac-

tors including data availability, computational complexity, and interpretability require-

ments (Pedregosa et al., 2011). 

Traditional model suitability evaluation relies predominantly on performance metrics in-

cluding accuracy, precision, recall, and F1-score. However, these technical measures 

rarely incorporate broader considerations including environmental impact, regulatory 

compliance, and scalability requirements. As organizations increasingly deploy machine 

learning in high-stakes domains, model assessment criteria are evolving to include en-

ergy efficiency, fairness, and explainability as fundamental decision-making components 



16 
 

(Zhang et al., 2023). This paradigmatic shift toward holistic evaluation frameworks re-

flects growing recognition that machine learning performance cannot be reduced exclu-

sively to predictive accuracy but must align with organizational objectives and societal 

expectations. 

The complexity of business decision-making processes significantly influences machine 

learning model selection criteria. Certain business problems require real-time processing 

capabilities, exemplified by high-frequency trading in financial markets where millisec-

ond-level predictions are necessary for competitive advantage. Other applications in-

volve large-scale data integration, such as customer relationship management systems 

in multinational corporations that consolidate structured and unstructured data across 

multiple channels. Additionally, specific applications address high-dimensional feature 

spaces, such as genetic data analysis in healthcare, where thousands of variables must 

be processed to identify meaningful patterns. Each case demonstrates how problem 

complexity directs organizations toward different machine learning architectures and 

computational strategies. 

Predictive maintenance in manufacturing exemplifies complex decision-making prob-

lems that benefit substantially from machine learning implementation. Companies such 

as General Electric utilize sensor data to predict machine failures and optimize mainte-

nance schedules. These applications frequently rely on deep learning models for anom-

aly detection, as they can capture intricate patterns in sensor readings and predict fail-

ures with high accuracy (Nashaat et al., 2019). Despite their capabilities, deep learning 

models often demand substantial computing power and vast amounts of data, posing 

difficulties for smaller organizations with constrained technical resources. (Zhang et al., 

2023). 

Fraud detection in financial services presents a contrasting example where model inter-

pretability constitutes a primary concern due to regulatory requirements. Banks and 

credit card companies utilize ensemble models including eXtreme Gradient Boosting 

(XGBoost) and deep neural networks to detect fraudulent transactions (Pedregosa et al., 

2011). While these models offer superior predictive performance, their lack of transpar-

ency can pose challenges for regulatory compliance. As a result, many financial organi-

zations opt for more transparent models like decision trees or logistic regression, as 

these offer understandable decision logic and support regulatory compliance including 

the General Data Protection Regulation (GDPR) and the Fair Credit Reporting Act (Veale 

et al., 2018). These examples highlight the trade-offs organizations must consider when 

selecting machine learning models, balancing accuracy, computational efficiency, and 

regulatory constraints (Nath, 2007). 
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Machine learning model selection within business applications is influenced by multiple 

factors, including problem characteristics, regulatory requirements, interpretability 

needs, and operational constraints. While certain models excel in predictive accuracy, 

others provide greater transparency, making them more appropriate for regulated indus-

tries. Organizations navigate these trade-offs by considering not only technical factors 

but also industry-specific constraints and long-term strategic objectives (Zhang et al., 

2023). The increasing complexity of business applications necessitates the development 

of comprehensive evaluation frameworks to guide systematic model selection. Subse-

quent sections will explore existing frameworks and propose structured approaches to 

assessing machine learning models for business applications (Vartak et al., 2016). This 

variation in business problem types underscores the inadequacy of universal evaluation 

frameworks. Consequently, a more granular, typology-based approach to problem-

driven machine learning applications classified by factors including time sensitivity, reg-

ulatory exposure, interpretability requirements, and infrastructure maturity, could guide 

model selection and evaluation more systematically across industries. 

2.3 Machine Learning Evaluation Metrics: From Technical Per-
formance to Business Value 

Machine learning evaluation constitutes a multifaceted analytical process that trans-

cends traditional performance metrics to incorporate business-oriented considerations, 

computational efficiency, and sustainability imperatives. The selection of evaluation met-

rics directly influences model selection decisions, business feasibility assessments, and 

long-term viability determinations. While conventional measures including accuracy and 

precision maintain relevance, industry applications increasingly emphasize cost-sensi-

tive metrics, interpretability requirements, and energy efficiency considerations (Naidu et 

al., 2023). Traditional metrics are increasingly recognized as necessary but insufficient 

for comprehensive business decision-making. They systematically fail to account for do-

main-specific costs, long-term operational feasibility, and environmental sustainability, 

factors that are becoming central to enterprise AI strategies (Kramer et al., 2021; Naidu 

et al., 2023). This section examines traditional and emerging machine learning evalua-

tion metrics, highlighting their implications for business applications. 

Traditional evaluation of machine learning models tends to focus on metrics such as 

accuracy, precision, recall, F1-score, and AUC-ROC. These indicators measure how well 

a model performs in classification tasks by comparing its correct outputs to its mistakes. 

(Breiman et al., 2017; Pedregosa et al., 2011). In regression tasks, common metrics 
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include root mean squared error (RMSE) and mean absolute error (MAE), which meas-

ure deviations between predicted and actual values (Botchkarev, 2019). However, while 

these metrics provide insights into model performance, they do not inherently account 

for contextual business impacts, including financial losses due to misclassification or op-

erational costs associated with model deployment. 

A fundamental limitation of accuracy-based metrics is their inadequacy in addressing 

imbalanced datasets. In fraud detection applications, where fraudulent transactions con-

stitute a minimal fraction of overall transactions, high accuracy can be misleading if the 

model predominantly classifies transactions as non-fraudulent (Bakagiannis et al., 2021). 

Consequently, precision-recall trade-offs and cost-sensitive evaluation strategies be-

come crucial in business applications. Cost-sensitive learning frameworks have emerged 

to address this limitation by weighting errors based on their business impact, enabling 

models to prioritize economically or socially costly mistakes (Judijanto et al., 2024; Man-

ickam and Jahankhani, 2024). 

The systematic inadequacy of traditional metrics in addressing business requirements 

becomes apparent when contrasting technical performance measures with the compre-

hensive evaluation criteria demanded by contemporary organizational contexts. Table 1 

illustrates this fundamental gap, demonstrating how traditional metrics fail to capture the 

multidimensional nature of business-oriented machine learning evaluation across key 

industries. 
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Table 1: Comprehensive Machine Learning Evaluation Metrics Framework 

Evaluation  

Dimension 

Traditional  

Metrics 

Business- 

Oriented Metrics 

Industry  

Examples 

Technical  

Performance 

Accuracy, Preci-

sion, Recall, F1-

score, AUC-ROC 

Cost-weighted ac-

curacy, Business 

impact score 

Finance: Cost-sen-

sitive fraud detec-

tion 

Interpretability Model complexity 

measures 

SHAP values, LIME 

explanations, Reg-

ulatory compliance 

score 

Healthcare: Ex-

plainable diagnosis 

models 

Operational  

Efficiency 

Training time, 

Memory usage 

Inference latency, 

Deployment feasi-

bility, Maintenance 

overhead 

Manufacturing: 

Real-time predic-

tive maintenance 

Financial  

Impact 

Not typically meas-

ured 

ROI, Cost per error, 

Revenue impact 

E-commerce: Rec-

ommendation sys-

tem profitability 

Sustainability Not typically meas-

ured 

Energy consump-

tion per inference, 

Carbon footprint, 

PUE 

Cloud services: 

Green AI imple-

mentation 

 

Beyond technical performance considerations, organizations evaluate machine learning 

models based on cost-efficiency, regulatory compliance, and interpretability require-

ments. The financial impact of model errors—particularly false positives and false nega-

tives—varies substantially across industries. In healthcare contexts, a false negative in 

disease detection can have severe consequences, whereas in e-commerce applications, 

a false positive recommendation may result in minor inconvenience (Shehadeh et al., 

2024). Cost-sensitive learning frameworks integrate these considerations into model 

evaluation by assigning differential penalties to different error types. 

Regulatory compliance represents another critical evaluation factor. Financial services 

and healthcare industries require explainable AI (XAI) models to meet governance and 

auditability standards. Decision trees and logistic regression are often preferred over 

complex deep learning models due to their transparency and interpretational ease (Vilela 
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De Souza et al., 2022). The proliferation of model explainability techniques including 

SHAP (Shapley Additive Explanations) and LIME (Local Interpretable Model-Agnostic 

Explanations) further supports the necessity for interpretable models in regulated indus-

tries (Salih et al., 2025). 

As machine learning adoption scales, computational efficiency becomes a crucial con-

sideration. Model training and inference times directly influence deployment feasibility, 

particularly in real-time applications including financial trading and predictive mainte-

nance (Muraku et al., 2024). High computational demands not only increase operational 

costs but also restrict accessibility for small and medium-sized enterprises. Metrics in-

cluding inference latency and memory footprint quantify these constraints, guiding or-

ganizations toward scalable solutions. 

Model maintainability represents another key aspect of scalability assessment. Organi-

zations favor models that can be easily retrained and adapted to evolving data distribu-

tions. Ensemble methods including random forests and boosting algorithms offer robust-

ness but often require substantial computational resources (Breiman et al., 2017). In 

contrast, simpler models with lower computational overhead, including linear regression 

and decision trees, remain relevant for applications requiring rapid adaptability (Asrol et 

al., 2023). 

Energy efficiency has emerged as a critical dimension of machine learning evaluation, 

particularly given the environmental impact of large-scale model training. Deep learning 

models, including transformer-based architectures, consume significant computational 

power, raising concerns about their carbon footprint (Santos et al., 2024). The concept 

of Green Machine Learning (GML) advocates for energy-efficient model development 

through techniques including quantization, pruning, and federated learning (Raja et al., 

2024). These methods reduce energy consumption while preserving model perfor-

mance, making them particularly valuable for sustainable AI deployment. As part of the 

broader shift toward Green AI, organizations are beginning to evaluate machine learning 

systems not only on accuracy but also on carbon footprint, power usage effectiveness 

(PUE), and resource efficiency, especially in cloud-based environments (Gera et al., 

2025). These metrics are particularly relevant for organizations seeking to meet corpo-

rate ESG targets or reduce operational overhead. 

Studies on power usage effectiveness in machine learning indicate that model training 

and inference contribute disproportionately to energy costs, particularly in cloud-based 

environments (Muraku et al., 2024). Consequently, organizations are increasingly prior-
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itizing energy-efficient models to align with corporate sustainability goals. Evaluating ma-

chine learning models through sustainability-focused metrics, including computational 

cost per inference and carbon footprint per training cycle, is becoming an industry stand-

ard (Akshay et al., 2023). 

The selection of machine learning evaluation metrics is highly context-dependent, influ-

enced by industry-specific priorities and business constraints. While traditional perfor-

mance metrics remain foundational, contemporary machine learning adoption necessi-

tates a broader perspective that incorporates financial impact, regulatory compliance, 

scalability, and sustainability considerations. As demonstrated in Table 1, the divergence 

between traditional academic metrics and practical business requirements necessitates 

a paradigmatic shift toward comprehensive evaluation frameworks that systematically 

integrate technical performance with operational, financial, and sustainability considera-

tions. The literature reveals a growing gap between academic focus on technical metrics 

and the practical needs of organizations that increasingly demand context-aware and 

ethically grounded evaluation criteria (Gera et al., 2025; Naidu et al., 2023). Organiza-

tions must adopt holistic evaluation frameworks that balance predictive performance with 

practical implementation challenges, ensuring that machine learning models align with 

both technical and strategic objectives. The following section will examine existing frame-

works for model evaluation and selection, assessing their applicability to business-ori-

ented machine learning use cases. 

2.4 Critical Assessment of Current Evaluation Frameworks and 
Their Limitations 

The selection of machine learning models for business applications transcends consid-

erations of predictive performance alone, encompassing operational feasibility, interpret-

ability requirements, and alignment with strategic objectives. Existing frameworks for 

model evaluation and selection provide structured approaches to machine learning as-

sessment, yet they frequently emphasize technical performance metrics while underval-

uing broader business considerations. This section critically examines the most widely 

adopted machine learning evaluation frameworks, assessing their theoretical strengths 

and practical limitations in addressing real-world business concerns including regulatory 

compliance, explainability, scalability, and sustainability. While these frameworks have 

achieved widespread adoption, recent literature demonstrates their inadequacy in inte-

grating critical elements including bias mitigation, regulatory traceability, and long-term 

sustainability planning (Fahse et al., 2021; Tamburri, 2020). 
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CRISP-DM represents one of the most extensively utilized frameworks for structuring 

data mining and machine learning projects. It comprises six iterative phases: business 

understanding, data understanding, data preparation, modeling, evaluation, and deploy-

ment (Wirth and Hipp, 2000). While CRISP-DM provides a systematic methodological 

approach, it demonstrates limited specificity in model selection, focusing predominantly 

on process-driven aspects rather than comparative models. Furthermore, although its 

emphasis on domain knowledge and business objectives proves advantageous for ap-

plied machine learning projects, it fails to fully integrate contemporary concerns including 

sustainability and fairness in model evaluation (Tamburri, 2020). Extensions including 

CRISP-ML have been proposed to embed interpretability and project management best 

practices directly within the machine learning lifecycle. This model advocates for contex-

tual transparency throughout each phase of solution development, improving regulatory 

alignment and stakeholder trust (Kolyshkina and Simoff, 2021). Additionally, software 

tools including Ant aim to enhance CRISP-DM's regulatory relevance by enabling legal 

experts to annotate workflows with compliance-critical metadata (Gyory et al., 2024). 

AutoML frameworks streamline model selection processes by automating hyperparam-

eter tuning and feature engineering (Feurer et al., 2015). These frameworks enhance 

accessibility, enabling non-experts to deploy machine learning models with minimal in-

tervention. However, their opaque operational characteristics raise concerns regarding 

interpretability and transparency, which prove particularly problematic in regulated indus-

tries including finance and healthcare (Gilpin et al., 2018). Moreover, AutoML solutions 

tend to prioritize accuracy-driven metrics while neglecting trade-offs related to computa-

tional efficiency and ethical considerations, rendering them suboptimal for business ap-

plications requiring explainability (Zöller and Huber, 2021). The dynamic vendor ecosys-

tem and lack of standardization in feature offerings further challenge organizations in 

selecting appropriate AutoML platforms for their specific use cases (Schuh et al., 2022). 

From a sustainability perspective, the proliferation of Machine Learning Operations 

(MLOps)shap platforms has generated concerns regarding energy efficiency, technical 

debt, and long-term maintainability, necessitating frameworks that account for social and 

environmental dimensions of software development (Tamburri, 2020). 

Several industry-driven evaluation frameworks attempt to bridge the gap between tradi-

tional machine learning metrics and business considerations. Model interpretability 

frameworks, including Shapley Additive Explanations (SHAP) and Local Interpretable 

Model-agnostic Explanations (LIME), enhance model transparency by providing post-

hoc explanations of machine learning decisions (Ribeiro et al., 2016). These techniques 

have gained prominence in high-stakes applications where accountability is crucial. 
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However, they do not constitute comprehensive evaluation frameworks, as they focus 

on model interpretability rather than broader aspects including regulatory compliance 

and economic feasibility (Gyory et al., 2024). Deployment complexity represents another 

critical concern. To address this challenge, new architectural patterns including the Am-

bassador-based Side Car (AbSC) model aim to modularize explainability services, en-

suring smoother integration of tools including SHAP and LIME into enterprise environ-

ments (Chakraborty et al., 2025). 

The systematic inadequacy of existing frameworks in addressing comprehensive busi-

ness requirements becomes evident when examining their theoretical foundations and 

practical applications. Table 2 provides a comparative analysis of prominent machine 

learning evaluation frameworks across critical business dimensions, highlighting the 

gaps that necessitate more comprehensive approaches. 
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Table 2: Comparative Analysis of Machine Learning Evaluation Frameworks 

Frame-

work/ 

Method 

Inter-

pretabil-

ity Sup-

port 

Regula-

tory 

Compli-

ance 

Busi-

ness 

Con-

straint 

Integra-

tion 

Sustain-

ability 

Consid-

erations 

Scala-

bility 

Assess-

ment 

Primary 

Limitations 

CRISP-DM Limited Moder-

ate 

Moder-

ate 

None Limited Process-fo-

cused; lacks 

model selec-

tion specific-

ity 

AutoML Poor Poor Poor None Good Black-box 

nature; accu-

racy-focused 

SHAP/LIME Excellent Moder-

ate 

Poor None Limited Interpretabil-

ity-only; not 

comprehen-

sive 

CRISP-ML Good Good Moder-

ate 

Limited Moder-

ate 

Extension-

dependent; 

implementa-

tion complex-

ity 

Admissible 

ML 

Good Excellent Good Limited Moder-

ate 

Narrow regu-

latory focus; 

limited adop-

tion 

 

Despite widespread adoption, existing machine learning evaluation frameworks demon-

strate significant deficiencies in addressing key business challenges. A critical limitation 

is their tendency to prioritize technical accuracy while neglecting external constraints in-

cluding regulatory requirements and energy efficiency (Santos et al., 2024). For instance, 
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CRISP-DM excels in guiding end-to-end data science workflows but offers limited sup-

port for evaluating trade-offs between interpretability and predictive performance. Au-

toML frameworks, while effective in model selection, do not provide clear mechanisms 

for incorporating domain-specific constraints into decision-making processes (Schuh et 

al., 2022). 

Another notable challenge concerns the scalability of machine learning models in pro-

duction environments. Organizations require evaluation criteria that consider deployment 

feasibility, inference latency, and resource consumption. Traditional frameworks rarely 

incorporate these dimensions, leading to inefficiencies in operationalizing machine learn-

ing solutions at scale (Raschka, 2018). Furthermore, sustainability concerns, including 

carbon footprint and energy consumption of model training, have yet to be systematically 

integrated into mainstream machine learning evaluation methodologies (Henderson et 

al., 2020). 

The gaps identified in existing machine learning evaluation frameworks suggest the ne-

cessity for modifications or complementary approaches tailored to business-driven ma-

chine learning applications. While CRISP-DM provides structured workflows, it requires 

extensions to accommodate contemporary considerations including regulatory alignment 

and model sustainability. Similarly, AutoML frameworks must incorporate explainability 

and fairness measures to ensure compliance with ethical AI principles. Moreover, indus-

try-specific frameworks need to evolve beyond interpretability considerations to address 

economic feasibility, legal constraints, and deployment challenges (Holstein et al., 2019). 

Contemporary machine learning evaluation frameworks provide valuable methodologies 

for assessing model performance, yet they systematically overlook critical business con-

siderations including explainability, regulatory alignment, and sustainability. While frame-

works including CRISP-DM offer structured workflows, they lack specificity in model se-

lection. AutoML frameworks enhance automation but fail to incorporate business con-

straints, and interpretability methods provide transparency but do not address broader 

feasibility concerns. As demonstrated in Table 2, these limitations underscore the ne-

cessity for more comprehensive approaches that systematically integrate technical per-

formance with business requirements. Other proposed models, including Admissible ML, 

introduce algorithmic risk-management tools that redesign standard machine learning 

methods to ensure compliance without compromising predictive performance (Mukho-

padhyay, 2022). These innovations reflect growing recognition that existing frameworks, 

while foundational, must evolve to address sector-specific challenges, particularly in reg-

ulated, sustainability-sensitive, and ethically complex domains (Badhan and Gill, 2023). 
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2.5 Preliminary Dimensions as Catalysts for Expert Interview 
Insights 

Prior to conducting expert interviews, a preliminary set of multi-dimensional evaluation 

criteria was developed to serve as a conceptual catalyst for stimulating reflection and 

critical analysis among participants. These dimensions synthesized insights from the lit-

erature review into a structured analytical tool designed to bridge academic theoretical 

constructs and practical organizational realities. Their purpose was not to prescribe a 

definitive evaluative model, but rather to function as heuristic instruments for facilitating 

substantive discussion, eliciting expert feedback, and identifying gaps in existing ma-

chine learning evaluation practices within business contexts. 

The preliminary dimensions were conceptualized around five interrelated analytical do-

mains: (1) Technical Performance, (2) Interpretability and Trust, (3) Operational and 

Technical Implementation, (4) Business and Strategic Relevance, and (5) Regulatory, 

Ethical, and Sustainability Factors. This section articulates the theoretical rationale un-

derlying each dimension and describes their application as discussion facilitators within 

the interview process. 

Technical Performance 

This dimension preserved traditional evaluation metrics including accuracy, recall, and 

F1-score, while simultaneously emphasizing generalizability and robustness considera-

tions. It investigated model performance across varied datasets and business environ-

ments, examining their capacity to adapt to evolving operational demands. By framing 

technical performance as necessary but insufficient for comprehensive evaluation, these 

dimensions encouraged participants to reflect critically on the limitations of accuracy-

centric model selection approaches within organizational contexts. 

Interpretability and Trust 

Given the escalating importance of explainability within regulated sectors, this dimension 

encompassed both technical transparency mechanisms (exemplified by explainable AI 

tools including SHAP and LIME) and socio-organizational trust factors. Participants were 

prompted to assess whether model logic could be comprehended by non-technical 

stakeholders, and whether algorithmic decisions supported organizational accountability 

and transparency requirements. The dimensions also explored perceptions of trustwor-

thiness and examined how model opacity affects organizational adoption and stake-

holder buy-in processes. 

Operational and Technical Implementation 
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This dimension addressed frequently overlooked practicalities of machine learning de-

ployment: integration with legacy systems, maintainability requirements, resource de-

mands, and organizational change management. Through this focus, it revealed friction 

points between technically optimal models and those achievable within real-world busi-

ness operational constraints. Interviewees were invited to discuss trade-offs between 

model sophistication and implementation feasibility within their organizational contexts. 

Business and Strategic Relevance 

These dimensions shifted analytical focus from model characteristics to business out-

comes and strategic alignment. They examined model alignment with organizational ob-

jectives, brand values, and user requirements. This dimension proved particularly effec-

tive in highlighting how technically superior models may be dismissed if they fail to deliver 

measurable business value or strategic advantage. Participants were encouraged to 

evaluate whether model outputs translated into actionable insights, return on investment, 

or competitive differentiation. 

Regulatory, Ethical, and Sustainability Factors 

The final dimension addressed compliance with industry standards (including GDPR), 

bias and fairness considerations, and environmental impact assessment. As discourse 

regarding green AI and ethical machine learning gains prominence, this dimension 

sought to foreground these concerns within evaluation practices. The dimensions 

prompted participants to reflect on carbon footprint implications of model training, audita-

bility requirements, and broader societal implications of machine learning adoption within 

their sectors. 

During interviews, these dimensions were presented verbally as discussion guides rather 

than prescriptive frameworks. Rather than being introduced as finalized analytical mod-

els, they functioned as flexible scaffolding to probe expert perspectives and domain-spe-

cific insights. Participants were explicitly invited to critique, supplement, or reorder the 

dimensions based on their professional experience and organizational context. This ap-

proach proved particularly valuable for identifying industry-specific nuances, surfacing 

overlooked evaluation criteria, and generating practitioner-driven refinements to the di-

mensional structure. 

The preliminary dimensions served dual analytical purposes: they operationalized litera-

ture review insights into applied analytical structures, and they functioned as dialogic 

instruments to facilitate rich, comparative insights during the empirical investigation 

phase. The findings from these expert interviews, presented in subsequent chapters, 



28 
 

directly inform the refinement and validation of the comprehensive multi-dimensional 

evaluation approach for business-oriented machine learning model selection. 
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3. RESEARCH METHODOLOGY 

This chapter explicates the methodological architecture employed to address the re-

search questions articulated in the introduction, demonstrating how the chosen approach 

enables rigorous investigation of machine learning model evaluation within complex or-

ganizational contexts. The study's exploratory orientation and inherently contextual re-

search domain necessitated a qualitative research design capable of capturing the nu-

anced, multi-dimensional nature of business-specific evaluation practices and con-

straints that shape organizational ML adoption decisions. 

The methodological framework is grounded in pragmatic research philosophy and em-

ploys abductive reasoning to facilitate iterative movement between theoretical constructs 

and empirical insights. This approach proved particularly suited to the study's objective 

of refining evaluation frameworks through the integration of academic literature with prac-

titioner expertise, enabling the systematic development of contextually relevant theoret-

ical contributions that bridge the identified theory-practice gap in ML model evaluation. 

The chapter's structure reflects the methodological rigor essential for excellent-level ac-

ademic research. It commences with a comprehensive examination of the research de-

sign, including the philosophical foundations and methodological rationale that inform the 

study's abductive logic. Subsequently, it provides detailed exposition of the data collec-

tion procedures, emphasizing the strategic design and execution of semi-structured ex-

pert interviews that enabled rich exploration of evaluation practices across organizational 

roles and sectoral contexts. The analytical procedures are then thoroughly examined, 

with particular attention to the thematic analysis methodology that supported both pattern 

identification and theoretical development. The chapter concludes with critical reflection 

on ethical considerations and methodological limitations, ensuring complete transpar-

ency regarding the study's scope and boundaries while maintaining the scholarly integrity 

fundamental to rigorous academic inquiry. 

3.1 Research Design 

This section delineates the methodological foundations underpinning the study and pro-

vides comprehensive justification for the chosen approach in relation to the central re-

search objective: developing a theoretically grounded yet empirically validated business-

oriented evaluation framework for machine learning model selection in organizational 
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contexts. The research design architecture encompasses three interconnected method-

ological elements: the philosophical and reasoning approach, the qualitative interview 

strategy, and the framework co-development logic, all situated within a coherent episte-

mological framework that enables rigorous theoretical contribution. 

The methodological approach employs a sophisticated combination of pragmatic re-

search philosophy and abductive reasoning, specifically designed to address the com-

plex challenge of bridging academic theoretical constructs with organizational practice 

realities. This design choice reflects the study's fundamental contribution to closing the 

identified gap between prescriptive evaluation frameworks and the contextual, multi-di-

mensional nature of actual ML adoption processes in business environments. 

Central to the research design is the strategic deployment of a preliminary multi-metric 

evaluation framework, synthesized from the comprehensive literature review presented 

in Chapter 2. This framework functions as both a theoretical scaffold and an empirical 

catalyst, serving dual methodological purposes that exemplify the study's abductive 

logic. Most importantly, it offered a conceptual foundation for designing thematically con-

sistent interview protocols that allowed for both structured examination of evaluation as-

pects and flexibility to capture emergent insights. Subsequently, it operated as a dialogic 

instrument during interviews, strategically introduced to stimulate critical reflection, elicit 

expert critique, and generate substantive discussion that would inform iterative frame-

work refinement. 

This methodological configuration embodies the abductive reasoning process articulated 

by (Dubois and Gadde, 2002), wherein theoretical understanding evolves through sys-

tematic confrontation with empirical reality. The research design thus enables the itera-

tive interplay between conceptual frameworks and practitioner insights, facilitating the 

development of evaluation approaches that are simultaneously theoretically robust and 

organizationally viable, a synthesis essential for achieving the study's ambitious objec-

tive of theoretical contribution grounded in practical relevance. 

3.1.1 Research Philosophy and Methodological Approach 
This study adopts a pragmatic research philosophy, which emphasizes practical prob-

lem-solving while recognizing the value of multiple perspectives and diverse knowledge 

sources (Saunders et al., 2023). Pragmatism is particularly well-suited to studies that 

seek to bridge theory and practice, especially in complex, interdisciplinary domains such 

as machine learning in business contexts. Rather than adhering exclusively to positivist 

or interpretivist paradigms, pragmatism enables the researcher to deploy analytical tools 



31 
 

and concepts most appropriate to the research questions at hand. This facilitates a plu-

ralistic approach wherein theoretical models from academic literature are systematically 

integrated with qualitative insights from organizational practitioners. 

Methodologically, the study employs abductive reasoning as described by (Dubois and 

Gadde, 2002), characterized by iterative movement between theoretical frameworks and 

empirical data. Abductive reasoning differs from purely inductive or deductive ap-

proaches in that it commences not with a blank slate or predetermined hypothesis, but 

with preliminary conceptualizations informed by existing literature. These initial frame-

works are subsequently refined through systematic engagement with empirical findings. 

In this study, abductive logic enables the iterative development of an evaluation frame-

work that maintains both theoretical rigor and empirical relevance. 

The pragmatic-abductive combination provides strong justification for employing qualita-

tive methods, specifically semi-structured interviews, as the primary means for surfacing 

tacit organizational knowledge, context-specific constraints, and organizational priorities 

that existing theoretical models may not adequately capture. The inherent flexibility of 

abductive reasoning aligns well with the evolving and context-dependent nature of ML 

evaluation practices in contemporary business environments. 

Table 3 outlines the main methodological elements of the research design, showing how 

each component supports the study’s objectives while ensuring overall coherence and 

academic rigor. 
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Table 3: Research Design Architecture 

Methodological 

Layer 

Component Justification 

Research Philoso-

phy 

Pragmatism Enables integration of theoretical and 

practical perspectives 

Reasoning Ap-

proach 

Abductive Supports iterative framework develop-

ment through theory-data dialogue 

Research Strat-

egy 

Qualitative, interview-

based study 

Optimal for exploring complex organi-

zational practices and constraints 

Data Collection 

Method 

Semi-structured ex-

pert interviews 

Balances systematic inquiry with flexi-

bility for emergent insights 

Time Horizon Cross-sectional Captures current evaluation practices 

across organizational contexts 

Analytical Tech-

nique 

Thematic analysis Enables systematic pattern identifica-

tion and theoretical development 

 

3.1.2 Qualitative Interview Strategy 
The research strategy employs a qualitative interview study involving multiple expert in-

formants strategically selected from diverse organizational roles and industry domains. 

This methodological choice enables rich, in-depth exploration of how ML evaluation is 

conceptualized, operationalized, and practiced across varied business contexts, thereby 

capturing the contextual nuances and organizational complexities that quantitative ap-

proaches would likely obscure. The qualitative interview method demonstrates strong 

alignment with the study's abductive and exploratory orientation, which seeks to develop 

and refine—rather than validate or test—a contextually aware evaluation framework 

grounded in practical expertise. 

Semi-structured interviews were selected as the optimal data collection method due to 

their proven capacity to elicit expert knowledge that is frequently implicit, highly context-

dependent, and deeply rooted in professional experience (Kvale and Brinkmann, 2015). 

This methodological approach proves particularly valuable when investigating phenom-

ena that exist at the intersection of technical and organizational domains, where practi-

tioners' tacit understanding often exceeds what formal documentation or standardized 

frameworks capture. Unlike highly structured interviews or survey instruments, the semi-
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structured format enables thematic consistency across participants while preserving es-

sential flexibility to pursue emergent insights and explore unexpected dimensions that 

arise during conversations. This methodological flexibility proves crucial when address-

ing the inherently complex, multidimensional nature of ML model evaluation, where or-

ganizational culture, technical constraints, regulatory requirements, and strategic con-

siderations intersect in ways that cannot be predetermined. 

The research design incorporated purposive sampling targeting 7 to 10 interviews, a 

sample size carefully calibrated to achieve theoretical saturation while maintaining ana-

lytical depth. The sampling strategy deliberately sought to capture diverse perspectives 

from both technical stakeholders (including ML engineers, data scientists, and technical 

architects) and business-oriented professionals (encompassing analysts, strategic deci-

sion-makers, and operational managers). This multi-perspective approach reflects es-

tablished qualitative research principles, where emphasis is placed on conceptual depth, 

analytical variation, and theoretical insight generation rather than statistical representa-

tiveness (Guest et al., 2006). The strategic inclusion of participants across organizational 

hierarchies and functional domains ensures that the resulting framework addresses eval-

uation challenges from multiple vantage points, thereby enhancing its practical applica-

bility and theoretical robustness. 

3.1.3 Framework-Driven Exploratory Design 
The empirical investigation builds systematically upon a literature-informed conceptual 

foundation developed in Chapter 2, which identified critical thematic gaps and theoretical 

limitations within existing ML evaluation models. These identified gaps served as both 

analytical stimulus and empirical focus, providing direction for the qualitative inquiry while 

maintaining openness to emergent insights. Although Chapter 2 deliberately avoided 

constructing a prescriptive framework, the comprehensive literature synthesis yielded a 

robust conceptual outline that established an initial set of evaluative dimensions, which 

subsequently functioned as both analytical scaffold and dialogic catalyst during the in-

terview process. 

This preliminary conceptual structure played a dual methodological role within the re-

search design. Initially, it informed the thematic architecture of the interview guide, en-

suring systematic exploration of key evaluation dimensions while preserving flexibility for 

participant-driven insights. Subsequently, it was strategically presented to participants 

during the latter portion of each interview session, where interviewees were explicitly 

invited to critique, extend, or fundamentally reframe the proposed structure based on 
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their domain-specific expertise and accumulated practical experience. This methodolog-

ical approach enabled a sophisticated two-stage conversational dynamic: an initial phase 

of unprompted exploration of real-world evaluation practices, followed by structured re-

flection on a tangible evaluation artifact that participants could actively shape and refine. 

The iterative co-development process draws theoretical inspiration from design science 

research methodology (Hevner et al., 2004), which emphasizes the systematic develop-

ment and empirical refinement of practical artifacts through sustained engagement with 

relevant stakeholder communities. The research objective extends beyond validation of 

predetermined models toward the collaborative evolution of more robust, stakeholder-

aligned frameworks that bridge theoretical rigor with practical applicability. This method-

ological orientation proves particularly valuable in domains such as organizational ML 

adoption, where theoretical development frequently lags behind rapidly evolving practical 

implementation realities. 

The abductive reasoning process facilitated dynamic movement between empirical data 

and theoretical constructs, enabling continuous adjustment of the conceptual framework 

as new insights emerged from participant interactions. This iterative theory-data dialogue 

directly informed both the coding structure and analytical strategy employed in the the-

matic analysis phase, as detailed in Section 3.3. 

Figure 1 illustrates the iterative research process that enabled systematic knowledge 

building through the integration of theoretical insights and practical expertise, demon-

strating how the study's methodological design supports the development of empirically 

grounded theoretical contributions. 
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Figure 1: Abductive Framework Development Process 
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3.2 Data Collection 

The data collection phase operationalized the abductive research design through a care-

fully structured approach that balanced theoretical guidance with empirical discovery. 

This section details the systematic procedures employed to gather rich, contextually 

grounded insights from ML evaluation practitioners across diverse organizational and 

sectoral contexts. The data collection strategy encompassed three critical components: 

strategic interview design and sampling justification, comprehensive planning and exe-

cution procedures, and rigorous analytical preparation. Each component was designed 

to support the study's dual objectives of validating preliminary theoretical constructs 

while remaining receptive to emergent insights that could fundamentally reshape under-

standing of ML evaluation practices. The following subsections elaborate on how these 

methodological choices enabled the collection of high-quality empirical data that could 

inform robust theoretical development while maintaining the flexibility essential for ab-

ductive inquiry. 

3.2.1 Interview Design and Justification 
The design of the interview sample was guided by the imperative to explore the multifac-

eted nature of machine learning model evaluation within complex business environ-

ments. Consistent with the study's abductive and exploratory orientation, a stratified pur-

posive sampling strategy was employed to ensure systematic variation across both in-

dustry domains and organizational hierarchies. This methodological approach enabled 

comprehensive investigation of how ML evaluation practices, operational constraints, 

and strategic priorities differ not only across industrial sectors but also across distinct 

levels of organizational decision-making authority within firms. 

The sampling strategy prioritized diversity across multiple data-intensive industries to 

capture the varied contextual factors that influence ML evaluation practices. As empha-

sized in the literature review (Section 2.2), business constraints on ML adoption and 

evaluation exhibit significant domain-specific variation, for instance, interpretability and 

auditability requirements prove paramount in financial services, while operational effi-

ciency and scalability concerns dominate manufacturing applications, and client-specific 

customization needs shape software consulting contexts. The final sample encom-

passed participants from manufacturing, software consulting, finance, and management 

consulting, providing a robust comparative framework for identifying both shared evalu-

ation principles and domain-specific implementation practices. 

This industry variation strategy aligns with empirical findings from (Naidu et al., 2023), 

(Vartak et al., 2016), and Kumar and Kumar (2025), who demonstrate that industrial 
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context fundamentally shapes both the operational viability and strategic value proposi-

tion of ML models. Notably, the inclusion of multiple consulting professionals proved par-

ticularly valuable for achieving broad sectoral coverage, as the nature of consulting work 

exposes practitioners to diverse client contexts, regulatory environments, and implemen-

tation challenges across multiple industries within individual interviews. This approach 

effectively amplified the study's sectoral reach while maintaining focused, in-depth ex-

ploration of evaluation practices. 

Within each represented industry domain, the interview design deliberately incorporated 

perspectives from three distinct organizational role categories: executive-level decision-

makers, middle management professionals, and technical practitioners. This hierarchical 

sampling approach proved essential for capturing the inherent tensions and strategic 

trade-offs between high-level organizational goals and operational implementation real-

ities in ML model evaluation processes. While executive stakeholders prioritize aligning 

ML initiatives with long-term value creation and strategic positioning, technical practition-

ers must navigate practical implementation challenges including feature engineering 

constraints, model drift management, and computational resource limitations. Middle 

management professionals frequently operate at the critical intersection of these per-

spectives, continuously balancing business stakeholder expectations with technical de-

livery feasibility. 

This multi-perspective stakeholder approach reflects the theoretical imperative, exten-

sively documented in the literature (Herd and Burton, 2024; Nashaat et al., 2019) and 

reinforced in Chapter 2, to integrate diverse viewpoints into comprehensive ML evalua-

tion frameworks (Braun and Clarke, 2006; Mayring, 2000). Evaluation criteria that prove 

meaningful and actionable for technical staff may demonstrate insufficient scope for com-

pliance officers or strategic leaders, particularly when interpretability requirements, sus-

tainability considerations, or organizational buy-in becomes essential for successful im-

plementation. 

The stratified sampling strategy directly supports and operationalizes the abductive re-

search design articulated in Section 3.1. Through systematic engagement with diverse 

informants across organizational roles and industry contexts, the study enabled iterative 

refinement of the preliminary evaluation framework in direct response to emerging em-

pirical insights. Rather than testing predetermined hypotheses or validating existing 

frameworks, the research methodology aimed to develop more contextually aware and 

stakeholder-aligned understanding of ML model evaluation that bridges academic theory 

with organizational practice realities. 
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3.2.2 Interview Protocol Development 
To systematically explore the research questions articulated in Chapter 1, this study em-

ployed a semi-structured interview format that provides a rigorous yet adaptable meth-

odology for eliciting expert insights into the contextual and experiential dimensions of 

machine learning model evaluation within complex business environments. This meth-

odological approach proves particularly well-suited to research questions that are inher-

ently exploratory, practice-oriented, and embedded within diverse organizational reali-

ties, where standardized instruments would likely obscure critical contextual nuances 

(Kvale and Brinkmann, 2015). Semi-structured interviews achieve the essential balance 

between maintaining consistency across interview sessions while preserving the analyt-

ical flexibility necessary to probe individual perspectives deeply, thereby enabling sys-

tematic identification of both shared evaluation patterns and context-specific organiza-

tional variations. 

The interview guide was carefully structured by aligning the main research question and 

its four sub-questions (RQ1–RQ4) with insights from the literature review (Chapter 2) 

and an initial conceptual framework built from prior academic work. The design process 

was particularly informed by identified limitations in existing evaluation approaches, 

where established frameworks such as CRISP-DM and automated model evaluation 

tools demonstrate pronounced emphasis on technical performance metrics while sys-

tematically neglecting broader organizational considerations including regulatory compli-

ance requirements, cross-functional usability concerns, interpretability demands, and 

sustainability imperatives. These documented gaps directly informed the thematic em-

phasis and questioning strategies employed throughout the interview process. 

The interview structure encompassed five central thematic areas strategically designed 

to: (1) elicit comprehensive understanding of real-world evaluation practices and organ-

izational constraints (RQ1), (2) uncover critical practitioner perspectives on limitations 

within current evaluation frameworks (RQ2), (3) systematically explore business-aligned 

trade-offs and competing priorities (RQ3), and (4) facilitate collaborative refinement of a 

practical, multi-metric evaluation model through expert feedback (RQ4). Each thematic 

area demonstrates direct mapping onto one or more research sub-questions, thereby 

ensuring analytical coherence between data collection procedures and the study's 

broader theoretical objectives. 

Table 4 presents the five thematic areas alongside representative interview questions 

associated with each domain. These preliminary question formulations illustrate the style 

and focus of inquiries designed to address specific research questions while maintaining 
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sufficient flexibility to adapt to individual interviewee roles, professional experience lev-

els, and industry contexts. The thematic structure provided essential scaffolding for in-

terview flow while preserving the adaptability crucial for capturing emergent insights and 

pursuing unexpected but theoretically relevant discussion directions. 

Table 4: Interview Thematic Structure and Representative Questions 

Theme Example Interview Questions Linked Research 

Question(s) 

Current Practices 

in ML Model Evalu-

ation 

Can you describe a recent situation 

where your team had to evaluate or se-

lect a machine learning model? What 

criteria or processes are typically used 

in your organization for model evalua-

tion? 

RQ1 

Business and Reg-

ulatory Constraints 

What business-related factors most 

strongly influence model selection? 

Are there compliance or regulatory 

concerns that affect evaluation pro-

cesses? 

RQ1, RQ3 

Perceived Limita-

tions of Existing 

Frameworks 

Have you used frameworks like 

CRISP-DM or AutoML tools? What as-

pects of them do you find insufficient or 

misaligned with business needs? 

RQ2 

Balancing Compet-

ing Priorities 

How do you balance model accuracy 

with other factors such as interpretabil-

ity, cost, or sustainability? Are trade-

offs between performance and other 

criteria explicitly considered? 

RQ3 

Refinement of the 

Evaluation Frame-

work 

I’d like to show you a preliminary ver-

sion of a multi-metric evaluation dimen-

sions. What are your initial impres-

sions? Which components resonate or 

seem problematic? How likely would 

you be to use something like this in 

your work? 

RQ4 
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Each thematic area was explicitly linked to the corresponding research question(s) to 

ensure that data collection would systematically support subsequent analytical phases 

and framework development processes. This methodological alignment facilitated clear 

traceability between empirical insights and theoretical contributions, strengthening the 

study's analytical coherence. The complete interview guide, including detailed question 

formulations and methodological annotations, is provided in Appendix B. 

A conceptual sketch of the preliminary multi-metric evaluation framework, systematically 

developed from insights synthesized during the literature review, was strategically intro-

duced during the second half of each interview session. This framework artifact func-

tioned as a sophisticated stimulus for critical reflection and collaborative dialogue, ac-

tively encouraging participants to evaluate, critique, and fundamentally reshape the pro-

posed theoretical model based on their professional expertise and practical experience. 

Rather than seeking simple validation or confirmation, the methodological objective was 

to foster genuine co-construction and iterative refinement through informed practitioner 

feedback that could substantially enhance the framework's theoretical rigor and practical 

applicability. 

The strategic timing of framework presentation proved methodologically crucial: present-

ing the conceptual model mid-interview enabled participants to first articulate their un-

prompted perspectives and organizational practices, thereby avoiding potential leading 

effects or premature theoretical anchoring. The subsequent structured framework dis-

cussion facilitated deeper analytical engagement with abstract evaluation constructs 

while systematically surfacing practical implementation considerations that might other-

wise remain implicit within organizational tacit knowledge. This methodological design 

demonstrates clear alignment with abductive reasoning principles, enabling iterative the-

ory-building processes that integrate practitioner insights with academic conceptualiza-

tion. 

To ensure procedural consistency and maintain data integrity across all interview ses-

sions, a standardized interview protocol was rigorously followed while preserving essen-

tial flexibility for contextual adaptation. Although the five thematic areas provided funda-

mental structural guidance, open-ended prompts and adaptive follow-up questions were 

strategically employed to accommodate individual interviewee backgrounds, encourage 

detailed elaboration, and probe for analytical depth. Prior to interview commencement, 

all participants received comprehensive briefing documentation outlining the study's pur-

pose, anticipated time commitment, and relevant ethical considerations. Informed con-

sent was systematically obtained either verbally or in written form at the beginning of 

each session, ensuring full compliance with research ethics standards. 
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All interview recordings and transcripts were stored securely in accordance with GDPR 

regulations and Tampere University's institutional data management policies, as detailed 

in Section 3.4. Comprehensive interviewer notes were systematically maintained during 

and immediately following each session to support subsequent thematic analysis, facili-

tate identification of emergent patterns, and document important contextual cues that 

audio recordings might not capture. The complete interview guide, including detailed 

thematic questions and methodological annotations, is provided in Appendix B for full 

methodological transparency. 

3.2.3 Participant Selection and Interview Execution 
Participants were selected using a stratified purposive sampling strategy (Patton, 2002) 

to ensure comprehensive variation across industry domains, organizational hierarchies, 

and machine learning (ML) evaluation experience levels. This sampling approach oper-

ationalized the study’s theoretical commitment to understanding ML evaluation as an 

organizationally embedded practice that varies systematically across strategic priorities, 

operational constraints, and sectoral contexts. The recruitment strategy was closely 

aligned with the abductive interview design outlined earlier and prioritized maximum var-

iation to support a context-sensitive framework development process. 

Recruitment targeted professionals with practical experience in data-intensive industries 

characterized by diverse ML adoption logics and regulatory requirements. While the final 

participant pool represented manufacturing, software consulting, finance, and manage-

ment consulting sectors, initial outreach also considered domains such as healthcare 

and technology services. These sectors were selected due to their advanced ML adop-

tion maturity and distinct evaluation pressures, including ethical oversight, compliance 

obligations, customer-centric product development, and scalability requirements. The fi-

nal composition proved particularly valuable, as several participants—particularly con-

sultants—contributed cross-sectoral insights within individual interviews, drawing on ex-

perience from multiple industries such as banking, insurance, healthcare, and enterprise 

technology. 

Participants were strategically selected across three hierarchical levels to reflect the lay-

ered nature of ML-related decision-making: executives (e.g., Chief Data Officers and 

senior consultants), middle managers (e.g., team leads and product owners), and tech-

nical practitioners (e.g., data scientists and ML engineers). This hierarchical breadth en-

abled the study to capture both high-level governance considerations and on-the-ground 

implementation challenges. For analytical clarity, participants were grouped into two cat-

egories based on their role in ML-related decisions: executives and practitioners. The 
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executive group included participants C4, C5, and F6. While C5 formally held a middle 

management title, their strategic influence and client-facing authority aligned with exec-

utive-level decision-making and justified their inclusion in this group. Practitioners—M1, 

S2, C3, and C7—represented professionals with hands-on experience in modeling, tech-

nical evaluation, implementation support, or project delivery. 

This composition supported the study’s goal of comparing how evaluation expectations 

and practices differ between strategic and operational levels. It also provided a robust 

basis for addressing RQ1 (business-specific factors), RQ3 (organizational trade-offs), 

and RQ4 (refinement of evaluation frameworks) by ensuring that participants repre-

sented the full spectrum of ML engagement within organizations. Participants had expe-

rience with a range of applications including credit risk scoring, customer segmentation, 

fraud detection, and internal process optimization. Their professional backgrounds 

spanned organizations at varying levels of data maturity and ML adoption, offering a wide 

empirical foundation for theory-building. 

All interviews were conducted between May and June 2025 via Microsoft Teams, allow-

ing for flexible scheduling across geographic locations and ensuring consistency in tech-

nical setup. Interviews were held in either Finnish or English depending on participant 

preference, with five conducted in Finnish and two in English. Finnish-language tran-

scripts were translated with close attention to preserving conceptual and contextual nu-

ances to ensure analytical equivalence across languages. Interview durations ranged 

from 30 to 45 minutes and were shaped by the natural progression of discussion rather 

than pre-imposed time limits. 

Each interview was transcribed using Microsoft Teams’ built-in automated transcription 

functionality and was manually verified against audio recordings to ensure accuracy. Re-

cordings and transcripts were stored within Tampere University’s secure, GDPR-compli-

ant infrastructure. Participants were assigned anonymized identifiers from the outset, 

and all data handling complied with institutional ethical guidelines. Only the primary re-

searcher had access to original recordings or identifying information. In addition to tran-

script data, comprehensive interviewer notes were taken during and immediately after 

each interview to document contextual observations and capture early analytical leads 

that might not be evident in transcripts alone. 

The recruitment process employed multiple channels, including professional networks, 

LinkedIn outreach targeting individuals with demonstrable experience in ML or analytics, 
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and snowball sampling. Each prospective participant received an information sheet out-

lining the research objectives, participation terms, and estimated time commitment. All 

participants provided informed consent prior to their interviews. 

Table 5: Interview Participant Overview 

Code Industry Role Level Language Duration Interview 

Code 

A Manufacturing Practitioner Finnish 45 min M1 

B Software Consult-

ing 

Practitioner Finnish 40 min S2 

C Consulting Practitioner Finnish 35 min C3 

D Consulting Executive Finnish 30 min C4 

E Consulting Middle Man-

agement* 

English 30 min C5 

F Finance, Banking Executive English 45 min F6 

G Consulting/Insur-

ance 

Practitioner English 30 min C7 

*While formally middle management, participant C5’s client-facing authority and strategic 

responsibilities align with executive-level decision-making influence. 

The diversity of participant roles, industries, and language preferences ensured a robust 

empirical foundation for the thematic analysis that follows. The systematic inclusion of 

both executive and practitioner perspectives enabled comprehensive comparison of 

evaluation rationales, decision logics, and institutional constraints across organizational 

levels. The cross-sectoral variation enhanced the framework’s generalizability across 

business contexts while maintaining a focus on the practical complexities and trade-offs 

involved in real-world ML evaluation. Together, these methodological decisions contrib-

uted to the trustworthiness and analytical depth of the findings presented in Chapter 4. 

3.3 Data Analysis 

Thematic analysis served as the primary analytical methodology for processing and in-

terpreting interview data, systematically supported by established principles of qualitative 

content analysis to ensure methodological rigor and analytical depth. This methodologi-

cal choice was strategically selected for its demonstrated flexibility in identifying both 

manifest recurring patterns and latent conceptual meanings across diverse professional 
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perspectives, while maintaining firm grounding in authentic empirical accounts rather 

than imposed theoretical assumptions (Braun and Clarke, 2006; Mayring, 2000). The 

analytical purpose extended beyond simple description of current organizational evalu-

ation practices to actively inform the iterative development and refinement of a theoreti-

cally robust, business-oriented, multi-metric evaluation framework that could bridge ac-

ademic conceptualization with practical implementation realities. 

The analytical approach systematically operationalized the abductive reasoning logic 

fundamental to the study's methodological design, enabling continuous iterative move-

ment between established theoretical constructs and emerging practitioner insights 

throughout the interpretation process. This dynamic analytical orientation proved essen-

tial for maintaining theoretical sensitivity while remaining receptive to empirical discover-

ies that could fundamentally reshape conceptual understanding of ML evaluation prac-

tices within organizational contexts. 

The deployment of thematic analysis demonstrates strong methodological alignment 

with the study's exploratory and iterative research orientation, enabling systematic cod-

ing, grouping, and interpretation of complex interview data while preserving analytical 

openness to unexpected insights that could substantially enhance theoretical develop-

ment. The thematic structuring process was deliberately informed by both the compre-

hensive literature review synthesis and the preliminary framework design, creating a so-

phisticated analytical framework that balanced theoretical guidance with empirical dis-

covery potential. 

Critically, the analytical approach explicitly accommodated the study's stratified sampling 

architecture, enabling systematic comparison across organizational role categories and 

industry contexts to systematically uncover meaningful differences in evaluation priori-

ties, operational constraints, and strategic orientations. This comparative analytical di-

mension proved essential for developing a framework capable of addressing the multi-

stakeholder, context-sensitive nature of organizational ML evaluation processes while 

maintaining coherent theoretical structure. 

Following established methodological guidelines articulated by Braun and Clarke (2006), 

the analytical process was systematically organized around a rigorous five-stage proce-

dure that ensured both analytical transparency and interpretive depth, as detailed in the 

following. 
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3.3.1 Analytical Procedure 
The analytical process systematically unfolded through five distinct yet interconnected 

stages, each designed to progressively deepen interpretive understanding while main-

taining methodological rigor and analytical transparency: 

Stage 1: Data Familiarization 

Each interview transcript underwent comprehensive iterative reading to establish pro-

found understanding of content depth and contextual nuances. Initial analytical notes 

systematically captured early impressions, recurring conceptual patterns, and emergent 

issues of particular relevance to business-specific concerns in ML model evaluation. This 

familiarization phase proved essential for developing analytical sensitivity to participant 

perspectives while identifying preliminary conceptual connections that would inform sub-

sequent coding strategies. 

Stage 2: Initial Coding 

Interview transcripts were systematically coded using Microsoft Excel, a platform se-

lected for its analytical transparency and methodological accessibility. The coding pro-

cess employed a sophisticated hybrid approach that was simultaneously deductive, in-

formed by theoretical themes and evaluation gaps systematically identified in Chapter 2, 

and inductive, preserving essential analytical space for emergent insights that could fun-

damentally reshape theoretical understanding. Codes systematically captured diverse 

analytical elements including evaluation trade-offs, regulatory constraints, framework 

limitations, and organizational implementation challenges. 

Particular analytical emphasis was strategically placed on identifying insights aligned 

with four core thematic domains: (i) gaps and limitations within current evaluation frame-

works, (ii) practical challenges encountered during model deployment processes, (iii) 

business-technical trade-offs inherent in performance metric selection, and (iv) regula-

tory, ethical, or sustainability-related concerns that shape evaluation priorities. Addition-

ally, all codes were systematically tagged by participant industry domain (including man-

ufacturing, consulting, and finance) and organizational role category (executive, middle 

management, or practitioner), enabling systematic comparative analysis across struc-

tural organizational strata and sectoral contexts. 

Stage 3: Theme Development 

Individual codes were systematically clustered into broader thematic categories that re-

flected common evaluative tensions and domain-specific priority patterns evident across 

the empirical data. Emergent themes such as performance versus interpretability trade-

offs, regulatory resistance to automated decision-making, and systematic misalignment 
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between business stakeholders and ML technical teams underwent iterative refinement 

through continuous dialogue with both the study's research questions and the preliminary 

framework dimensions established through literature synthesis. 

Stage 4: Framework Mapping 

Systematically identified themes were comprehensively compared with the conceptual 

components of the preliminary evaluation framework that had been presented to partici-

pants during interview sessions. This critical analytical step enabled simultaneous vali-

dation of existing theoretical dimensions, systematic identification of missing or under-

emphasized framework elements, and strategic incorporation of newly proposed metrics 

and evaluative priorities that emerged from practitioner expertise and organizational ex-

perience. 

Stage 5: Synthesis and Refinement 

The culminating analytical phase involved comprehensive synthesis of all empirical find-

ings into a theoretically robust, refined version of the multi-metric evaluation framework. 

This final framework iteration strategically integrates literature-based theoretical ele-

ments with empirically grounded practitioner insights while systematically reflecting the 

diverse evaluation logics, organizational constraints, and strategic priorities identified 

across different industry contexts and organizational role categories. 

Although specialized qualitative analysis software platforms (such as NVivo) were ini-

tially considered for data processing, Microsoft Excel was ultimately selected based on 

its analytical transparency, methodological accessibility, and demonstrated sufficiency 

for managing the study's dataset scope and complexity. A comprehensive coding log 

was systematically maintained throughout all analytical phases to ensure complete 

traceability of thematic evolution and interpretive development, thereby supporting meth-

odological accountability and enabling potential replication of analytical procedures. 

3.3.2 Quality Assurance and Trustworthiness 
To establish the trustworthiness and analytical rigor of the study's findings, a compre-

hensive combination of methodological strategies was systematically employed to en-

hance credibility, transferability, dependability, and confirmability: the four established 

criteria commonly utilized in qualitative research to address concerns analogous to quan-

titative notions of validity and reliability (Lincoln & Guba, 1985). These quality assurance 

measures were integrated throughout all phases of the research process to ensure that 

conclusions remain firmly grounded in empirical evidence while maintaining appropriate 

analytical transparency. 
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Credibility (Internal Validity) 

Credibility was systematically supported through multiple reinforcing mechanisms de-

signed to ensure accurate representation of participant perspectives and organizational 

realities: 

• Methodological coherence: Rigorous alignment between the research ques-

tions, abductive reasoning logic, interview structural design, and thematic analyt-

ical processes was carefully maintained throughout all phases of study design 

and empirical execution, ensuring that methodological choices consistently sup-

ported theoretical objectives. 

• Domain expertise familiarity: The researcher established and maintained suf-

ficient familiarity with both business terminology and technical language em-

ployed by interviewees, enabling nuanced understanding of specialized mean-

ings embedded within participant responses and reducing potential misinterpre-

tation of context-specific organizational practices. 

• Methodological triangulation: Empirical findings underwent systematic triangu-

lation with conceptual gaps and theoretical insights identified during the compre-

hensive literature review (Chapter 2), enabling robust cross-validation of practi-

tioner insights against established theoretical constructs while identifying areas 

of convergence and divergence. 

• Sustained data engagement: Interview transcripts were subjected to multiple 

iterative review cycles during both familiarization and coding phases, ensuring 

comprehensive and accurate interpretation of participant accounts while enabling 

identification of subtle patterns that might otherwise remain undetected. 

Transferability (External Validity) 

While the study deliberately prioritizes analytical depth over statistical generalization, 

comprehensive thick description was systematically employed to enhance transferability 

potential. Detailed contextual information is provided regarding: the strategic interviewee 

selection criteria and recruitment processes (Section 3.2.3); the specific business do-

mains represented within the sample (manufacturing, consulting, finance); the organiza-

tional hierarchical levels systematically included (executives, middle managers, technical 

practitioners); and the structural design of both interview guides and framework artifacts 

utilized during data collection. These comprehensive contextual elements enable read-
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ers to assess the relevance and potential applicability of findings within their own organ-

izational or sectoral contexts while supporting informed decisions regarding theoretical 

transferability. 

Dependability (Reliability) 

To systematically support dependability, defined as the extent to which findings demon-

strate consistency and methodological replicability, the following comprehensive actions 

were implemented: 

• Transparent audit trail maintenance: A detailed methodological audit trail was 

systematically maintained, documenting each sequential step of both data col-

lection and analytical processes, including the systematic evolution of codes, the-

matic development, and framework dimensional refinements over time. 

• Version control implementation: Rigorous version control procedures were ap-

plied to both interview guide development and coding schema evolution, ensuring 

complete clarity regarding how methodological changes and analytical refine-

ments were introduced throughout the research process. 

• Coding consistency assurance: All analytical coding was performed by the 

same researcher using a structured, theoretically grounded schema that system-

atically balanced theoretical guidance with empirical sensitivity, thereby minimiz-

ing potential interpretive drift while maintaining analytical coherence. 

Confirmability (Objectivity) 

Recognizing the researcher's active interpretive role within qualitative inquiry processes, 

several systematic measures were implemented to ensure confirmability and analytical 

transparency: 

• Reflexive documentation: Comprehensive reflexive memos were systemati-

cally written following each interview session and throughout analytical phases 

to document the researcher's methodological reflections, emergent interpreta-

tions, and potential analytical biases that could influence theoretical develop-

ment. 

• Direct empirical grounding: Extensive use of direct participant quotations 

throughout the findings presentation (Chapter 4) enables readers to inde-

pendently assess how theoretical interpretations remain firmly grounded in au-

thentic participant statements rather than researcher impositions. 
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• Data-interpretation separation: The final refined version of the multi-metric 

evaluation framework was explicitly derived through systematic iterative compar-

ison between literature-based theoretical models and empirically emergent the-

matic patterns, ensuring that all framework refinements remain clearly traceable 

to both theoretical and empirical sources. 

These comprehensive combined strategies systematically reinforce the methodological 

transparency, analytical integrity, and scholarly rigor of the study, ensuring that findings 

maintain both trustworthiness and robust analytical foundations essential for meaningful 

theoretical contribution. 

3.3.3 Analytical Alignment with Research Questions 
The thematic analysis was explicitly structured to ensure systematic alignment with the 

study's main research question and its four constituent sub-questions (detailed in Chap-

ter 1), thereby maintaining clear analytical traceability throughout the interpretive pro-

cess. This methodological alignment was achieved through strategic planning of inter-

view thematic architecture, coding schema development, and framework mapping pro-

cedures, all systematically informed by both the comprehensive literature review synthe-

sis and the study's abductive research orientation. 

Each of the five principal interview themes was deliberately connected to one or more 

specific sub-questions, ensuring comprehensive empirical coverage: RQ1 (business-

specific evaluation drivers) was systematically addressed through structured exploration 

of current organizational practices and regulatory constraint patterns; RQ2 (limitations of 

existing frameworks) was investigated through targeted inquiry regarding established 

tools including CRISP-DM, AutoML platforms, and internal organizational guidelines; 

RQ3 (trade-offs between performance metrics and business values) was explored 

through comprehensive discussions surrounding interpretability requirements, sustaina-

bility considerations, cost constraints, and other organizational implementation factors; 

and RQ4 (framework refinement processes) was operationalized through participatory 

review of the preliminary evaluation framework, enabling respondents to actively critique, 

extend, or fundamentally reshape its theoretical structure. 

This systematic interview design approach ensured that all empirical data collected main-

tained direct analytical relevance to the overarching research problem while supporting 

comprehensive theoretical development. 

During the coding process, data segments underwent dual categorization based on both 

emergent thematic meaning and explicit theoretical relevance to specific research ques-
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tions. A sophisticated dual-tagging strategy was implemented within Excel: codes re-

ceived initial descriptive labels reflecting empirical content (such as "regulatory friction," 

"interpretability concerns," and "tool fatigue") followed by secondary linkage to one or 

more research sub-questions. This methodological approach enabled maintenance of 

clear analytical progression from empirical statements through conceptual contributions 

to refined framework development. For instance, the code cluster addressing "low trans-

parency in automated tools" was systematically linked to both RQ2 and RQ4, as it sim-

ultaneously critiqued existing framework limitations while informing development of new 

framework dimensions related to explainability and governance requirements. 

Consistent with the study's abductive methodological approach, the relationship between 

emergent themes and research questions remained dynamic rather than static, evolving 

systematically as interview insights accumulated. When novel subthemes emerged (in-

cluding sector-specific sustainability metrics), the coding system underwent appropriate 

adjustment, with thematic relevance to research questions systematically reassessed. 

This dynamic mapping process preserved essential analytical flexibility while ensuring 

that significant themes remained within the study's intended analytical scope, ultimately 

ensuring that framework refinement processes (RQ4) remained firmly grounded in both 

theoretical constructs and authentic practitioner realities. 

The comprehensive results of this analytical process are systematically presented in 

Chapter 4, where empirically derived themes are mapped to their corresponding re-

search questions through detailed thematic analysis. Additionally, a comprehensive cod-

ing matrix is provided in Appendix C, offering complete transparency regarding the ana-

lytical process and enabling readers to trace the development of theoretical insights from 

empirical data. This documentation serves dual purposes: enhancing methodological 

transparency regarding how each research sub-question was systematically addressed, 

demonstrating precisely how interview data informed specific aspects of the refined eval-

uation framework development. 

3.4 Ethical Considerations 

This study followed the ethical standards for human participant research set by Tampere 

University and the detailed guidelines of the Finnish National Board on Research Integ-

rity (TENK). Throughout all phases of data collection and analytical processes, system-

atic attention was devoted to ensuring voluntary, informed, and confidential participation 

of all interviewees, thereby upholding the highest standards of research ethics and par-

ticipant protection. 
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All prospective participants received comprehensive written documentation detailing the 

study's research objectives, methodological procedures, and their fundamental rights as 

research participants prior to interview scheduling. Participation was fully voluntary, and 

all participants were clearly informed that they could withdraw from the study at any point 

without needing to provide a reason. Informed consent was systematically obtained ei-

ther through written documentation or verbal confirmation at the commencement of each 

interview recording session, ensuring that all participants possessed complete under-

standing of their involvement and rights. No financial compensation or incentives were 

offered for participation, maintaining the voluntary nature of engagement while avoiding 

potential coercion. 

To ensure comprehensive participant privacy protection, all personally identifiable infor-

mation, including individual names, organizational affiliations, and project-specific details 

that could enable identification, was systematically removed from interview transcripts 

during rigorous anonymization procedures. Each participant was assigned a unique 

coded identifier (designated as Interviewee A, B, C, etc.), which is consistently employed 

throughout all finding presentations and analytical discussions. Access to original inter-

view recordings and participant identification information remained strictly limited to the 

primary researcher, ensuring complete confidentiality throughout all research phases. 

Interview recordings and complete transcripts were securely stored within password-pro-

tected, institutionally approved cloud infrastructure (Microsoft OneDrive for Education, 

provided by Tampere University's approved data management systems). Data access 

remained restricted exclusively to the primary researcher, with all data handling proce-

dures designed to exceed requirements established by the EU General Data Protection 

Regulation (GDPR) and institutional data management policies. Upon completion of the 

thesis project, all personal data and interview recordings will be systematically deleted 

in accordance with established data retention protocols, ensuring complete participant 

privacy protection. 

Given the low-risk methodological nature of the study and its specific focus on profes-

sional expertise and organizational practices rather than sensitive personal information, 

the research did not require separate ethical review by the university's research ethics 

board. Nevertheless, the study systematically adhered to all relevant principles articu-

lated within TENK's Responsible Conduct of Research framework and Tampere Univer-

sity's comprehensive ethical research practices, ensuring that all methodological choices 

maintained the highest standards of scholarly integrity and participant protection 

throughout the research process. 
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3.5 Methodological Limitations 

While the selected methodology proved well-suited to the exploratory and practice-ori-

ented objectives of this study, several inherent limitations must be explicitly acknowl-

edged to ensure appropriate interpretation of findings and contributions. These method-

ological constraints do not diminish the study's theoretical value or practical relevance 

but rather establish clear boundaries within which conclusions should be understood and 

applied. 

The study's foundation on seven expert interviews, while enabling comprehensive in-

depth exploration of complex organizational phenomena, inherently constrains the gen-

eralizability of empirical findings beyond the specific contexts examined. The research 

objective prioritized generating rich, contextually grounded insights for theoretical refine-

ment and framework development rather than producing statistically representative re-

sults applicable across all organizational settings. This qualitative orientation, while 

methodologically appropriate for abductive theory development, necessarily limits claims 

regarding universal applicability of findings. 

Despite systematic efforts to recruit participants representing diverse organizational 

roles, industry domains, and hierarchical levels, the final sample composition may reflect 

certain systematic biases related to participant accessibility, professional network limita-

tions, and geographic concentration. Potential overrepresentation of specific sectors 

(particularly consulting services) or organizational contexts may result in underrepresen-

tation of alternative perspectives, particularly from domains such as healthcare, govern-

ment, or small-to-medium enterprises where ML adoption patterns and evaluation prior-

ities may differ substantially from those observed in the current sample. 

The interpretive nature of thematic analysis necessarily involves subjective judgment in 

identifying, coding, and clustering thematic patterns within empirical data. Although com-

prehensive strategies including reflexive memo writing, systematic coding logs, and reg-

ular peer debriefing were employed to enhance analytical transparency and credibility, 

the inherent risk of researcher bias cannot be completely eliminated. The analytical find-

ings thus represent a collaborative co-construction of meaning between researcher in-

terpretation and participant perspectives rather than objective empirical facts independ-

ent of analytical mediation. 

The multilingual nature of data collection, wherein some interviews were conducted in 

Finnish and subsequently translated into English during transcription and analysis 

phases, introduces potential risks of semantic alteration or cultural nuance loss despite 

careful attention to preserving original meaning and contextual tone. While systematic 
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translation procedures were employed to minimize such effects, the possibility remains 

that certain conceptual subtleties or culturally embedded expressions may have been 

inadvertently modified during the linguistic conversion process. 

The refined evaluation framework developed through this research remains fundamen-

tally grounded in the specific experiences and organizational practices of a particular 

professional cohort operating within defined geographical and sectoral contexts. While 

the framework demonstrates significant conceptual robustness and practical utility within 

these domains, its applicability across different industry sectors, regulatory environ-

ments, or organizational cultures may vary considerably. The framework's effectiveness 

in contexts characterized by different technological maturity levels, regulatory con-

straints, or cultural approaches to ML adoption requires systematic validation through 

additional empirical investigation before broader generalization claims can be substanti-

ated. 

These methodological limitations collectively suggest that while the study's contributions 

prove valuable for advancing theoretical understanding and practical guidance within the 

examined contexts, further research across diverse organizational and geographical set-

tings would strengthen confidence in the framework's broader applicability and theoreti-

cal generalizability. 
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4. RESARCH RESULTS 

This chapter presents the results from seven semi-structured expert interviews exploring 

how organizations evaluate machine learning models in practice. It operationalizes the 

abductive research methodology outlined in Chapter 3 by systematically analyzing how 

evaluation approaches are fundamentally shaped by organizational constraints, stake-

holder perspectives, and contextual factors that extend far beyond traditional technical 

performance metrics. 

Through systematic thematic analysis and cross-organizational comparison, the findings 

reveal a critical disconnection between theoretical evaluation frameworks and organiza-

tional realities, where informal, context-dependent processes often predominate over 

systematic multi-dimensional assessment. This divergence highlights the inadequacy of 

prescriptive evaluation templates and establishes the foundation for a diagnostic, con-

text-sensitive approach to ML model assessment. 

The chapter progresses from a detailed presentation of thematic findings organized 

around the four research sub-questions (Section 4.1), through a multi-level analysis of 

executive and practitioner perspectives (Section 4.2), to the empirical reconceptualiza-

tion of the evaluation framework grounded in stakeholder insights (Section 4.3). To-

gether, these elements address the central research question: how ML model evaluation 

frameworks can be adapted to better reflect business-specific needs, constraints, and 

values, while establishing the theoretical necessity and empirical justification for more 

adaptive, business-aware evaluation approaches. 

4.1 Empirical Findings: Organizational ML Evaluation Practices 

This section presents the systematic thematic analysis of empirical findings organized 

around the four research sub-questions that guided the investigation. The analytical ap-

proach operationalizes the abductive methodology detailed in Chapter 3, employing iter-

ative thematic coding to distill recurring patterns while remaining sensitive to emergent 

insights that challenged preliminary theoretical assumptions. The thematic development 

process involved systematic constant comparison across participant accounts, ensuring 

that identified patterns remained firmly grounded in authentic organizational experiences 

rather than imposed theoretical constructs. 

The analysis reveals fundamental disconnections between theoretical evaluation frame-

works and actual organizational practices, where context-dependent, informal processes 
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predominate over systematic multi-dimensional assessment. These findings establish 

the empirical foundation for reconceptualizing ML evaluation frameworks from prescrip-

tive optimization models toward adaptive diagnostic tools that accommodate organiza-

tional heterogeneity while maintaining analytical rigor. 

Each subsection systematically addresses one research sub-question through compre-

hensive thematic presentation supported by carefully selected participant quotations that 

exemplify key empirical insights. These quotations function as both evidential support 

and authentic practitioner voices, illustrating how evaluation challenges manifest within 

specific organizational contexts. The quotations were selected based on their represent-

ativeness of broader thematic patterns, conceptual clarity, and capacity to illuminate the 

complex trade-offs that characterize real-world ML evaluation processes. 

The thematic organization deliberately progresses from contextual factors shaping eval-

uation practices (RQ1), through critical assessment of existing frameworks (RQ2), to 

strategic trade-offs inherent in evaluation processes (RQ3), culminating in empirically 

grounded framework refinement insights (RQ4). This analytical progression supports the 

study's theoretical contribution by demonstrating how organizational constraints funda-

mentally shape evaluation logic, necessitating adaptive rather than universal approaches 

to ML model assessment. 

Within each thematic cluster, systematic reflection examines how observed patterns vary 

across industry sectors and organizational hierarchies, revealing both convergent eval-

uation challenges and context-specific adaptation requirements. This comparative anal-

ysis proves essential for understanding when evaluation approaches can be generalized 

versus when they must accommodate sector-specific or role-specific constraints. 

The empirical findings directly inform the framework reconceptualization presented in 

Section 4.3, where these thematic insights are synthesized into theoretical contributions 

that advance understanding of ML evaluation as an organizationally embedded practice. 

To enhance analytical transparency and support methodological replication, Appendix C 

provides comprehensive documentation of initial coding associations mapped to respec-

tive participants, illustrating how thematic patterns emerged across diverse organiza-

tional roles and sectoral contexts. 

4.1.1 RQ1: Business-Specific Factors Shaping ML Model Eval-
uation 

The empirical investigation reveals that machine learning model evaluation within organ-

izational contexts is fundamentally determined by business-specific conditions that ex-

tend far beyond traditional technical performance considerations. The analysis identifies 
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five primary contextual determinants: regulatory compliance requirements, sector-spe-

cific strategic priorities, organizational analytical maturity, resource constraints, and sym-

bolic organizational factors. These findings challenge the assumption that universal eval-

uation criteria can be meaningfully applied across diverse organizational contexts. 

Regulatory Frameworks as Evaluation Gatekeepers 

In heavily regulated sectors, compliance requirements emerged not as evaluation criteria 

among others, but as fundamental gatekeepers that define the boundaries within which 

technical evaluation can occur. Financial services participants consistently emphasized 

how regulatory obligations restructure evaluation hierarchies: 

"Financial services are highly regulated, especially in credit and fraud. Explaina-

bility is crucial, and models are reviewed carefully before deployment." - F6 

"In sectors serving end-customers or citizens, data privacy is paramount—every-

thing is forbidden unless explicitly permitted." - C4 

The phrase "everything is forbidden unless explicitly permitted" reveals a fundamental 

inversion of evaluation logic where regulatory compliance operates as a prerequisite filter 

rather than a secondary consideration. This regulatory imperative creates hierarchical 

evaluation structures that prioritize legal defensibility over technical optimization: 

"Regulation is a major factor in finance." - C4 

The constraining effect of regulatory requirements was further illustrated by practitioners 

who experienced direct project limitations: 

"I once had to stop developing an application because our IT and security teams 

wouldn't allow internal personal data to be processed via a cloud-based OpenAI 

model." - S2 

This regulatory dominance contrasts sharply with less regulated sectors, where evalua-

tion approaches demonstrate greater flexibility and experimentation: 

"I haven't used a formal framework, but usually, you start by identifying the busi-

ness problem. Then you assess what kind of model would be relevant to solve it." 

- M1 

Sector-Specific Strategic Priorities 

The analysis reveals how industry-specific value creation logics fundamentally shape 

evaluation criteria. Customer-facing organizations systematically prioritize revenue gen-

eration and actionable business intelligence: 
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"Mostly customer segmentation. The aim is usually upselling, cross-selling, un-

derstanding market share, or assessing performance—then acting on those in-

sights." - C5 

"A common use case has been identifying high-value customer segments—es-

sentially using available data to focus sales efforts on leads most likely to convert 

or purchase more profitable products." - C7 

The emphasis on "acting on those insights" demonstrates how evaluation extends be-

yond predictive accuracy to encompass actionability and commercial value generation. 

This outcome-oriented evaluation philosophy prioritizes models capable of demonstrat-

ing clear pathways to business impact over those optimized for technical performance 

metrics alone. 

Operational contexts further differentiate evaluation priorities, as evidenced in financial 

services' emphasis on real-time performance requirements: 

"In fraud detection, latency and precision-recall matter more due to class imbal-

ance and real-time needs." - F6 

This technical specification illustrates how operational constraints reshape evaluation 

metrics, where domain-specific performance requirements supersede generalized accu-

racy measures. 

Organizational Maturity as Fundamental Constraint 

A critical finding concerns organizational analytical maturity as a fundamental constraint 

on model evaluation and deployment. Participants consistently identified data infrastruc-

ture and organizational readiness as primary determinants of evaluation feasibility: 

"The most universal issue is low data quality and organizational maturity. I often 

compare ML to Formula One: if there's no proper track, it doesn't matter how good 

your car is." - C5 

"One thing that comes to mind is whether the framework includes the organiza-

tion's data maturity. Often the bottleneck isn't the model, but the lack of sufficient 

or high-quality data." - M1 

The Formula One metaphor powerfully illustrates how organizational readiness funda-

mentally constrains model selection, suggesting that traditional evaluation approaches 

prove insufficient when they fail to account for implementation environments. This insight 

challenges conventional evaluation frameworks that assume organizational readiness 

rather than systematically assessing it. 
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The maturity constraint extends beyond technical infrastructure to encompass govern-

ance and ownership structures: 

"You need strong governance and end-to-end ownership, which many organiza-

tions lack." - F6 

"The lack of coordination between business and technical teams. Often, the per-

son defining the use case is not the one building the model." - F6 

This observation reveals that evaluation success depends not merely on technical capa-

bilities but on human and process infrastructure necessary for sustained model opera-

tion. 

Resource Constraints and Project Maturity 

Cost considerations emerged as fundamental evaluation determinants, particularly in 

early-stage implementations and resource-constrained environments: 

"In the early stages, cost minimization is prioritized. Clients want quick, low-cost 

experimentation." - S2 

"I had one project where just maintaining a vector search index—a core compo-

nent for RAG—would've cost at least $500 per month. That was too much for the 

client's budget, so we had to drop that part." - S2 

These insights demonstrate how resource constraints fundamentally reshape evaluation 

priorities, requiring frameworks that adapt to project maturity stages and organizational 

capacity rather than applying uniform criteria across contexts. 

Symbolic and Political Factors 

The analysis revealed important non-technical factors influencing model evaluation, in-

cluding organizational politics and symbolic value: 

"Sometimes business units suggest ideas that aren't really suited for AI, but that's 

part of the process. Those ideas usually don't reach implementation—someone, 

internally or externally, will challenge them." - C4 

"In my experience, most client problems are complex enough to warrant AI. But 

sometimes the motivation is branding: clients want to say they're using AI, even if 

a simpler tool would suffice." - S2 

These observations illuminate how evaluation processes operate within broader organi-

zational dynamics where technical feasibility must be balanced against stakeholder ex-

pectations and symbolic considerations. 
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4.1.2 RQ2: Perceived Limitations of Existing Frameworks 
The investigation into practitioners' perceptions of existing machine learning evaluation 

frameworks reveals systematic inadequacies that fundamentally challenge the utility of 

current methodological approaches. The empirical evidence demonstrates widespread 

dissatisfaction with both established process models such as CRISP-DM and automated 

evaluation systems including AutoML platforms. Three critical deficiencies emerged from 

the analysis: the pervasive absence of standardized evaluation practices, systematic re-

liance on tacit knowledge and ad hoc decision-making processes, and fundamental mis-

alignment between theoretical frameworks and operational implementation realities. 

Absence of Standardized Evaluation Infrastructure 

The analysis reveals striking inconsistency in organizational approaches to model eval-

uation, with formal processes being either entirely absent or irregularly implemented 

across similar organizational contexts: 

"Not really. At this point, decisions are often based on the team's expertise and 

the client's existing tech stack." - S2 

"Yes. I created a simple scoring table to assess shortlisted tools across several 

dimensions." - C3 

The stark contrast between these responses illuminates significant variability in evalua-

tion sophistication, where individual practitioners develop personal methodologies in the 

absence of institutional frameworks. This inconsistency suggests that organizations op-

erate without standardized evaluation infrastructure, creating substantial risks in model 

selection quality and limiting systematic organizational learning capabilities. 

The absence of formal evaluation structures was further confirmed by practitioners 

across multiple sectors: 

"Internally, yes—we've built our own processes. But there's no one-size-fits-all 

external framework. In many companies, model evaluation is still very ad hoc." - 

F6 

This observation from a financial services executive highlights how even organizations 

with internal capabilities recognize the broader institutional gap in evaluation methodol-

ogies, suggesting that framework inadequacy extends beyond individual organizational 

limitations to represent systemic methodological deficiencies. 

Reliance on Tacit Knowledge and Informal Networks 
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The empirical findings reveal systematic dependence on informal consultation and tacit 

knowledge rather than codified evaluation standards. Participants consistently described 

evaluation as an interpersonal, network-based process: 

"Few formal frameworks are in use. Decisions are often pragmatic and context-

dependent." - C4 

"The process was mostly informal: I talked to colleagues who had experience with 

AI, asked for recommendations, and gathered tacit knowledge across the organi-

zation." - C3 

The reliance on tacit knowledge gathering reveals both adaptive strengths and systemic 

weaknesses in current evaluation practices. While informal approaches enable contex-

tual flexibility and leverage accumulated organizational experience, they simultaneously 

create dependencies on individual expertise and fundamentally limit the capacity for sys-

tematic learning accumulation. 

The phrase "gathered tacit knowledge across the organization" particularly illuminates 

how critical evaluation insights remain embedded within personal networks rather than 

being systematized into reusable organizational processes. This pattern was reinforced 

by additional participants: 

"From what I've seen, they're mostly ad hoc. There isn't much structure in place." 

- C7 

"Are you aware of any published evaluation frameworks that could be used for 

this purpose?”, “No, and I've been actively following developments in this area. I 

haven't come across anything mature or widely adopted." - C3 

These observations suggest that organizations systematically reinvent evaluation ap-

proaches for individual projects, potentially forfeiting opportunities for systematic im-

provement and knowledge transfer across business units or stakeholder groups. 

Fundamental Misalignment with Operational Realities 

A critical finding concerns the systematic disconnect between existing frameworks and 

real-world implementation requirements. Participants acknowledged conceptual value in 

established methodologies while emphasizing their practical inadequacy for enterprise-

scale, regulated environments: 

"I've mostly used CRISP-DM. It's solid, though maybe a bit outdated at times." - 

C7 
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"If such frameworks exist, I haven't encountered them in the scale we work with 

in Finland. It tends to be case-by-case and relies on the experience of those in-

volved." - C5 

The characterization of CRISP-DM as "outdated at times" reveals fundamental tensions 

between established methodological frameworks and evolving ML practice realities. The 

geographical and scale-related accessibility gaps highlighted in the second quotation 

suggest that existing frameworks demonstrate poor distribution and inadequate adapta-

tion to diverse operational contexts. 

Additional evidence emerged from practitioners' descriptions of framework abandonment 

in favor of contextual approaches: 

"No, we didn't use any pre-defined framework. The process was mostly informal: 

I talked to colleagues who had experience with AI, asked for recommendations, 

and gathered tacit knowledge across the organization." - C3 

"That aligns with what I've heard from other experts. It seems very ad hoc right 

now. Yes, and that shows the need for a more structured academic framework." - 

C3 

This exchange particularly illuminates how practitioners explicitly recognize the inade-

quacy of current approaches while simultaneously acknowledging the imperative for im-

proved methodological guidance. 

The misalignment extends to automated evaluation systems, where practitioners identi-

fied fundamental limitations in addressing enterprise requirements: 

"The number one factor is how the model handles input data—specifically, 

whether it uses customer or internal data to improve the model. In our organiza-

tion, that's a strict no-go." - S2 

This insight reveals how automated frameworks systematically fail to accommodate fun-

damental organizational constraints regarding data governance and privacy require-

ments that prove non-negotiable in real-world implementations. 

4.1.3 RQ3: Trade-Offs in Machine Learning Evaluation Criteria 
The empirical investigation reveals that machine learning model evaluation constitutes a 

fundamentally multi-dimensional optimization challenge characterized by systematic 

trade-offs between competing organizational priorities. Participants consistently empha-

sized that evaluation transcends singular technical criteria to encompass complex nego-
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tiations between performance metrics, organizational constraints, and contextual re-

quirements. The analysis identifies five primary trade-off categories that fundamentally 

shape evaluation logic: accuracy versus interpretability, real-time performance versus 

robustness, specialization versus generalizability, cost versus sophistication, and opti-

mization versus satisficing approaches. 

Accuracy Versus Interpretability: The Transparency Imperative 

The most pervasive trade-off identified concerns the fundamental tension between pre-

dictive accuracy and model interpretability. In regulated environments, stakeholders sys-

tematically prioritize transparency over marginal performance gains, reflecting organiza-

tional risk management priorities: 

"If a simple model gives acceptable results and is easier to explain, it's usually 

preferred." - F6 

"Even a model with 95% accuracy can be rejected if people don't understand it. 

Black-box models rarely get into production unless technical users are involved 

and can interpret them." - C5 

The specification of "95% accuracy" being insufficient illuminates how organizational ac-

ceptance criteria can supersede technical optimization thresholds. This finding demon-

strates that evaluation frameworks cannot assume performance maximization as the pri-

mary objective but must accommodate organizational transparency requirements that 

may constrain technical possibilities. 

The interpretability imperative proves particularly pronounced in regulated sectors where 

explainability constitutes a non-negotiable compliance requirement: 

"Financial services are highly regulated, especially in credit and fraud. Explaina-

bility is crucial, and models are reviewed carefully before deployment." - F6 

"If regulation doesn't require it, stakeholders still often want explainability." - C5 

These insights reveal how interpretability operates both as regulatory mandate and or-

ganizational preference, suggesting that transparency requirements extend beyond for-

mal compliance to encompass stakeholder trust and operational acceptance. 

Real-Time Performance Versus Technical Sophistication 

A second critical trade-off emerged between real-time operational requirements and 

model sophistication. Participants in time-sensitive applications consistently prioritized 

latency and operational responsiveness over complex algorithmic approaches: 
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"In fraud detection, latency and precision-recall matter more due to class imbal-

ance and real-time needs." - F6 

"The most common are interpretability versus performance, and scalability versus 

latency. For example, a more accurate fraud model might introduce unacceptable 

delays." - F6 

These observations demonstrate how operational context fundamentally reshapes eval-

uation metrics, where domain-specific performance requirements supersede generalized 

accuracy measures. The emphasis on "class imbalance" reveals sophisticated under-

standing of how technical characteristics influence evaluation priority hierarchies. 

Specialization Versus Generalizability: The Reusability Challenge 

Participants identified systematic tension between developing specialized, high-perform-

ing solutions and creating reusable organizational assets. This trade-off reflects strategic 

decisions about resource allocation and long-term organizational efficiency: 

"Ideally, if a model or infrastructure is already developed for one use case—like 

financial forecasting—it should be reusable elsewhere, such as in sales or pro-

curement. But that depends on the problem and the data. Not all models are trans-

ferable." - M1 

"It depends on regulatory context and the added value. If a simple model gives 

acceptable results and is easier to explain, it's usually preferred. More complex 

models only get adopted if they clearly outperform and can be made explainable 

enough to satisfy compliance." - F6 

The qualifier "not all models are transferable" acknowledges fundamental technical limi-

tations while highlighting strategic considerations about organizational capability devel-

opment versus immediate performance optimization. 

Cost Constraints Versus Technical Sophistication 

Resource limitations emerged as fundamental evaluation determinants that systemati-

cally constrain technical possibilities. Participants provided concrete evidence of how 

financial considerations directly impact model selection: 

"I had one project where just maintaining a vector search index—a core compo-

nent for RAG—would've cost at least $500 per month. That was too much for the 

client's budget, so we had to drop that part." - S2 

"In the early stages, cost minimization is prioritized. Clients want quick, low-cost 

experimentation." - S2 
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The specific cost threshold ($500/month) provides empirical evidence of how resource 

constraints create hard boundaries on technical approaches. The emphasis on "quick, 

low-cost experimentation" demonstrates how project maturity fundamentally influences 

evaluation priorities, requiring frameworks that adapt to development lifecycle stages. 

Additional cost-related trade-offs emerged from organizational capacity considerations: 

"Honestly, we didn't use technical benchmarks like F1-score or recall. Our evalu-

ation was subjective and focused on user experience, previous success stories, 

and qualitative benefits." - C3 

This observation reveals how resource constraints can fundamentally reshape evalua-

tion methodologies, where comprehensive technical assessment becomes secondary to 

practical implementation considerations. 

Optimization Versus Satisficing: The Sufficiency Threshold 

A critical finding concerns practitioners' systematic adoption of satisficing rather than op-

timizing approaches to model selection. Participants consistently described seeking "ac-

ceptable" rather than optimal solutions: 

"If a simple model gives acceptable results and is easier to explain, it's usually 

preferred." - F6 

"It depends on the use case. For simple, high-volume applications, cost and con-

sistency dominate. For specialized tasks, model performance and robustness 

matter more." - C4 

The concept of "acceptable results" reveals that practitioners operate with performance 

sufficiency thresholds rather than pursuing maximum accuracy, suggesting that evalua-

tion frameworks must incorporate satisficing logic alongside optimization criteria. 

Role-Based Trade-Off Priorities 

The analysis reveals systematic differences in how organizational roles prioritize com-

peting evaluation criteria. Executives consistently emphasized strategic alignment and 

risk management considerations: 

"Executives often focus on potential gains or risks to reputation. Technical teams 

care more about feasibility. Business users may worry about disruption or lack the 

knowledge to assess value properly." - C4 

Meanwhile, practitioners focused on implementation constraints and operational viability: 

"They valued the narrative—how the solution was presented. The final choice had 

clear alignment with business modernization goals." - C3 
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4.1.4 RQ4: Toward a Refined Evaluation Framework 
The investigation of stakeholder responses to the preliminary multi-metric evaluation 

framework reveals both empirical validation of core conceptual dimensions and system-

atic identification of critical refinement requirements. The preliminary framework, com-

prising five dimensions—technical performance, human-centric explainability, opera-

tional fit, business relevance, and regulatory or ethical alignment—served as an effective 

catalyst for structured reflection on evaluation practices while revealing fundamental 

gaps in addressing organizational implementation realities. Four primary themes 

emerged from participant feedback: validation of dimensional comprehensiveness, im-

perative to foreground organizational and human infrastructure, necessity for maturity-

adaptive implementation approaches, and requirements for practical design formats that 

support cross-functional collaboration. 

Validation of Framework Comprehensiveness 

Participants demonstrated strong recognition of the framework's potential to address 

systematic gaps in current evaluation practices, particularly appreciating its integration 

of business and operational considerations often absent from technically-focused ap-

proaches: 

"It sounds good. I'd suggest putting more weight on the human element—maybe 

even make 'organization and people' its own category." - C7 

"That's a solid framework. The explainability part stood out to me—it's often over-

looked but very important." - S2 

The response from C7 illuminates a critical theoretical insight: while technical and busi-

ness dimensions received appropriate attention in the preliminary framework, the human 

and organizational infrastructure essential for model success remained systematically 

underemphasized. The recommendation to establish "organization and people" as a 

dedicated category indicates that practitioners conceptualize these factors as founda-

tional rather than secondary evaluation considerations. 

The framework's consolidation effect proved particularly valuable for facilitating cross-

functional evaluation discourse: 

"Your framework could bridge technical and strategic evaluation nicely—espe-

cially if adapted to different maturity levels." - F6 

"It's comprehensive and reflects the right priorities. In practice, technical perfor-

mance and business relevance often get the most attention. Regulation is rising 

in importance, especially in risk-averse sectors." - C4 
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These observations suggest that the framework's primary value extends beyond individ-

ual dimensional assessment to encompass creation of shared vocabulary and structured 

dialogue mechanisms for multi-stakeholder evaluation processes. 

Organizational and Human Infrastructure as Primary Evaluation Dimensions 

A critical finding concerns participants' systematic emphasis on organizational and hu-

man factors as fundamental determinants of evaluation success rather than secondary 

implementation considerations. Multiple participants identified structural and cultural bar-

riers that can undermine even technically excellent models: 

"The lack of coordination between business and technical teams. Often, the per-

son defining the use case is not the one building the model." - F6 

"You need strong governance and end-to-end ownership, which many organiza-

tions lack." - F6 

These insights reveal fundamental disconnects between technical model development 

and organizational implementation capacity. The first observation identifies specific 

structural dysfunction, role separation between use case definition and model construc-

tion, that can systematically undermine model deployment regardless of technical qual-

ity. The governance emphasis demonstrates that organizational infrastructure consti-

tutes essential rather than optional evaluation criteria. 

Additional evidence emerged regarding human acceptance factors that transcend tech-

nical explainability: 

"Change resistance is real. You have to clearly demonstrate the benefits of new 

tools to win over even the most skeptical employees." - C7 

"User acceptance, enthusiasm, or fear of automation can make or break adoption. 

At [company], many engineers were eager to try AI, which helped adoption. But 

in some cultures, AI may be met with suspicion." - C3 

These observations suggest that evaluation frameworks must encompass change man-

agement, stakeholder buy-in, and cultural readiness as primary rather than peripheral 

considerations. 

Maturity-Adaptive Framework Implementation 

Participants consistently emphasized that evaluation approaches must accommodate 

systematic variation in organizational analytical maturity rather than applying uniform as-

sessment standards: 
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"You have to be realistic about how far the evaluation can go. Clients are at very 

different levels in terms of maturity and resources." - C5 

"That makes sense. Just one clarification: I see your framework focusing more on 

the model selection and implementation phase, whereas many decisions we 

make are one step earlier—whether to use ML at all." - C5 

This feedback reveals that effective frameworks must provide diagnostic capabilities for 

assessing organizational readiness alongside model evaluation criteria. The observation 

about "whether to use ML at all" highlights how evaluation frameworks must accommo-

date organizations at different stages of analytical sophistication. 

The maturity consideration extends to implementation complexity and resource availa-

bility: 

"Also, unless a model is restricted by regulation, accuracy is the top priority. Of 

course, explainability becomes important if accuracy gains are marginal or stake-

holder trust is critical. But overall, once a company has implemented one model, 

it can usually scale to others." - C5 

This insight demonstrates how evaluation priorities evolve with organizational experi-

ence, suggesting that frameworks must adapt to development lifecycle stages rather 

than maintaining static assessment approaches. 

Practical Design Requirements for Organizational Implementation 

Participants provided specific guidance regarding framework presentation formats that 

would enhance practical utility and cross-functional adoption: 

"A checklist could be very useful—especially for companies themselves. Some-

thing like a funnel with yes/no questions about regulation, data volume, and com-

plexity of needs. If you pass the checks, then it's worth proceeding." - C5 

The funnel metaphor with binary decision points reveals practitioners' preference for pro-

gressive evaluation approaches that can systematically filter fundamental feasibility con-

straints before engaging in comprehensive assessment. The emphasis on "regulation, 

data volume, and complexity" suggests that frameworks must prioritize identification of 

non-negotiable constraints that can eliminate evaluation options early in the process. 

Additional implementation suggestions emerged from practitioners' experiences with 

cross-functional collaboration requirements: 

"One potential addition could be better guidance on how to adapt this framework 

for different industries or organizational maturity levels. Also, social impact—both 
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within and outside the organization—could be emphasized more under ethics." - 

C4 

"But I'd suggest two changes: 1. Combine technical performance and explainabil-

ity into a single 'technical' category. 2. Break out regulation into its own category. 

It's a huge factor, especially with AI laws like the EU AI Act." - C3 

These recommendations demonstrate sophisticated understanding of how framework 

structure influences practical application, suggesting that dimensional organization must 

reflect organizational decision-making processes rather than theoretical comprehensive-

ness alone. 

4.2 Cross-Organizational Analysis: Executive and Practitioner 
Perspectives 

While the preceding thematic analysis systematically addressed the study's research 

questions, this section provides complementary analytical depth by examining how or-

ganizational roles fundamentally shape machine learning evaluation logic. The investi-

gation reveals that evaluation approaches are not uniformly applied across organiza-

tional hierarchies but reflect systematic differences in priorities, constraints, and deci-

sion-making orientations that vary according to positional authority and functional re-

sponsibility within organizations. 

This role-based analysis operationalizes the stratified sampling strategy detailed in 

Chapter 3, which deliberately incorporated participants across organizational levels to 

capture the multi-dimensional nature of ML evaluation processes. The empirical evi-

dence demonstrates that evaluation practices cannot be understood as technically neu-

tral assessments but must be recognized as organizationally embedded processes that 

reflect distinct stakeholder logics and accountability structures. 

For analytical purposes, participants were systematically categorized into two primary 

groups based on their organizational influence over ML-related decision-making pro-

cesses and strategic oversight responsibilities. The executive group comprises partici-

pants C4, C5, and F6, who operate in roles characterized by strategic oversight, regula-

tory accountability, cross-functional coordination responsibilities, or client-facing influ-

ence in enterprise contexts. The practitioner group encompasses M1, S2, C3, and C7, 

who engage more directly in hands-on development, technical advisory, deployment 

support, or operational implementation of ML systems. This analytical division reflects 
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not merely organizational hierarchy but fundamental differences in the degree of influ-

ence each role category exerts over evaluation practices, resource allocation decisions, 

and implementation outcomes. 

The systematic comparison reveals what emerges as a central theoretical finding: the 

existence of a persistent "translation gap" between strategic evaluation priorities and op-

erational implementation realities. This gap manifests not as simple communication dif-

ficulties but as fundamentally different evaluation logics that reflect distinct temporal ori-

entations, risk tolerances, accountability structures, and success criteria inherent to dif-

ferent organizational roles. 

By analyzing these role categories separately before examining their systematic differ-

ences, this section demonstrates how evaluation logic—encompassing what is valued, 

prioritized, or systematically overlooked—varies according to organizational position and 

functional responsibility. This role-based analysis proves essential for understanding 

why universal evaluation frameworks prove inadequate and why effective approaches 

must accommodate rather than suppress these systematic differences in organizational 

evaluation logic. 

The findings directly inform the framework reconceptualization presented in Section 4.3 

by establishing empirical foundation for diagnostic rather than prescriptive evaluation 

approaches. The analysis reveals that effective frameworks must function as coordina-

tion tools that bridge different organizational evaluation logics rather than imposing uni-

form assessment criteria that fail to accommodate the legitimate differences in stake-

holder priorities and constraints revealed through this investigation. 

4.2.1 Executive Evaluation Logic: Strategic Alignment and Risk 
Management 

Executive participants consistently approached machine learning evaluation through a 

strategic and institutional lens that prioritizes organizational sustainability, stakeholder 

accountability, and long-term value creation over technical optimization. Their evaluation 

logic reflects systematic concerns about strategic alignment, regulatory compliance, or-

ganizational readiness, and risk management that distinguish executive decision-making 

from technically focused assessment approaches. This evaluation orientation emerges 

from executives' accountability for organizational performance, regulatory compliance, 

and stakeholder management responsibilities that extend far beyond immediate tech-

nical considerations. 

Strategic Alignment as Primary Evaluation Filter 
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Executives demonstrated systematic filtering of ML initiatives through strategic value as-

sessment, requiring clear demonstration of alignment with high-level business objectives 

before considering technical feasibility. This strategic gatekeeping function reflects their 

responsibility for resource allocation and opportunity cost management: 

"Sometimes business units suggest ideas that aren't really suited for AI, but that's 

part of the process. Those ideas usually don't reach implementation—someone, 

internally or externally, will challenge them." - C4 

"Machine learning introduces new ways of doing things, so it needs to demon-

strate real value." - C5 

These observations reveal that executives function as strategic filters who systematically 

evaluate ML proposals against organizational objectives and resource constraints. The 

deliberative process described suggests that strategic alignment operates as a prereq-

uisite evaluation criterion that must be satisfied before technical assessment becomes 

relevant. 

The strategic emphasis extended to long-term organizational capability development ra-

ther than immediate technical gains: 

"Your framework could bridge technical and strategic evaluation nicely—espe-

cially if adapted to different maturity levels." - F6 

This perspective demonstrates executive awareness that evaluation approaches must 

accommodate organizational development trajectories rather than focusing exclusively 

on immediate technical performance. 

Regulatory Compliance as Non-Negotiable Constraint 

In regulated sectors, executives consistently emphasized compliance requirements as 

fundamental constraints that define evaluation boundaries rather than optional consider-

ations. This regulatory imperative reflects their legal accountability and organizational 

risk management responsibilities: 

"If a simple model gives acceptable results and is easier to explain, it's usually 

preferred." - F6 

"Financial services are highly regulated, especially in credit and fraud. Explaina-

bility is crucial, and models are reviewed carefully before deployment." - F6 
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The preference for simplicity when results prove "acceptable" reveals a risk-manage-

ment philosophy where regulatory defensibility and stakeholder transparency systemat-

ically outweigh marginal performance improvements. This evaluation logic prioritizes 

models capable of withstanding regulatory scrutiny and external audit processes. 

The regulatory constraint was further emphasized through systematic review processes: 

"Internally, yes—we've built our own processes. But there's no one-size-fits-all 

external framework. In many companies, model evaluation is still very ad hoc. A 

checklist that guides decision-making would help, especially in organizations with-

out mature practices." - F6 

This observation demonstrates how executives recognize the need for structured evalu-

ation approaches that can support regulatory compliance while acknowledging current 

methodological inadequacies. 

Organizational Readiness and Systems Thinking 

Executives consistently demonstrated systems-thinking approaches that evaluate mod-

els within broader organizational contexts rather than as isolated technical artifacts. This 

perspective reflects their responsibility for ensuring sustainable implementation across 

complex organizational environments: 

"You need strong governance and end-to-end ownership, which many organiza-

tions lack." - F6 

"The lack of coordination between business and technical teams. Often, the per-

son defining the use case is not the one building the model." - F6 

These insights reveal executive recognition that technical excellence proves insufficient 

without accompanying organizational infrastructure. The emphasis on "end-to-end own-

ership" and coordination challenges highlight systematic barriers that can undermine 

even technically superior models. 

The organizational readiness emphasis extended to stakeholder management and 

change enablement: 

"Even a model with 95% accuracy can be rejected if people don't understand it. 

Black-box models rarely get into production unless technical users are involved 

and can interpret them." - C5 

This threshold effect demonstrates how organizational adoption requirements can over-

ride purely technical considerations, reflecting executive accountability for stakeholder 

acceptance and organizational change management. 
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Maturity-Adaptive Evaluation Philosophy 

Executives demonstrated sophisticated understanding that evaluation approaches must 

adapt to organizational analytical maturity rather than imposing uniform standards across 

diverse contexts: 

"You have to be realistic about what companies can do based on their maturity 

level." - C5 

"It's comprehensive and reflects the right priorities. In practice, technical perfor-

mance and business relevance often get the most attention. Regulation is rising 

in importance, especially in risk-averse sectors." - C4 

This pragmatic perspective acknowledges that effective evaluation must accommodate 

organizational capability constraints while maintaining analytical rigor. The recognition 

that evaluation priorities vary systematically across organizational contexts reflects ex-

ecutive awareness of implementation realities. 

Stakeholder Communication and Justification Requirements 

Executives consistently emphasized interpretability and explainability as practical neces-

sities for stakeholder communication rather than purely technical requirements. This ori-

entation reflects their responsibility for justifying model decisions to boards, regulators, 

and other stakeholders who may lack technical expertise: 

"If regulation doesn't require it, stakeholders still often want explainability." - C5 

"Accuracy will remain the top priority. If a model isn't accurate, it's useless—no 

matter how ethical or scalable it is." - C5 

These observations demonstrate how executive evaluation logic must balance technical 

performance with stakeholder acceptance requirements, where explainability functions 

as an organizational enabler rather than technical constraint. 

Sectoral Variation in Executive Priorities 

The analysis reveals systematic variation in executive evaluation emphasis based on 

sectoral contexts and regulatory environments. Consulting executives emphasized client 

communication and shared understanding: 

"A checklist could be very useful—especially for companies themselves. Some-

thing like a funnel with yes/no questions about regulation, data volume, and com-

plexity of needs." - C5 

Meanwhile, financial sector executives prioritized internal auditability and procedural 

consistency: 
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"Sustainability is not yet a top priority, but fairness and GDPR compliance are 

heavily monitored. We've done fairness assessments, like disparate impact anal-

ysis, particularly in credit models." - F6 

4.2.2 Practitioner Evaluation Logic: Technical Feasibility and 
Implementation Constraints 

Practitioners approached machine learning evaluation through a fundamentally different 

lens characterized by technical feasibility assessment, operational constraint navigation, 

and implementation reality management. Their evaluation logic prioritizes immediate de-

liverability, resource efficiency, and practical problem-solving over strategic alignment or 

long-term organizational considerations. This orientation reflects practitioners' responsi-

bility for translating abstract requirements into functional solutions within constrained de-

velopment environments characterized by limited budgets, tight timelines, and complex 

technical integration challenges. 

Problem-Driven and Emergent Evaluation Approaches 

Practitioners consistently demonstrated preference for emergent, context-sensitive eval-

uation approaches that adapt to specific project requirements rather than following pre-

determined methodological templates. This flexibility reflects the iterative nature of ML 

development where evaluation criteria must evolve as technical possibilities and busi-

ness requirements become clearer: 

"I haven't used a formal framework, but usually, you start by identifying the busi-

ness problem. Then you assess what kind of model would be relevant to solve it." 

- M1 

"Honestly, we didn't use technical benchmarks like F1-score or recall. Our evalu-

ation was subjective and focused on user experience, previous success stories, 

and qualitative benefits. We didn't go into deep technical comparisons." - C3 

This problem-first approach illustrates how practitioners prioritize practical problem-solv-

ing over methodological consistency, allowing evaluation considerations to emerge or-

ganically from situational requirements rather than applying universal assessment crite-

ria. 

The emergent evaluation philosophy was further demonstrated through practitioners' 

emphasis on experiential learning: 

"The project went very well. But I do think having a pre-built framework would have 

offered new perspectives—things I might not have thought to include." - C3 
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This observation reveals that while practitioners value contextual flexibility, they simulta-

neously recognize potential benefits of structured guidance that could enhance their 

emergent approaches. 

Infrastructure and Resource Constraint Primacy 

Practitioners consistently identified technical infrastructure limitations and resource con-

straints as primary evaluation determinants that can immediately eliminate otherwise vi-

able technical approaches. Their evaluation logic must accommodate immediate feasi-

bility boundaries rather than optimizing across abstract criteria: 

"I had one project where just maintaining a vector search index—a core compo-

nent for RAG—would've cost at least $500 per month. That was too much for the 

client's budget, so we had to drop that part." - S2 

"In the early stages, cost minimization is prioritized. Clients want quick, low-cost 

experimentation." - S2 

These examples demonstrate how resource constraints fundamentally reshape evalua-

tion priorities, requiring practitioners to balance technical optimality against budget real-

ities and implementation timelines. The specific cost threshold ($500/month) provides 

concrete evidence of how financial considerations directly constrain technical possibili-

ties. 

Infrastructure constraints extended beyond financial considerations to encompass tech-

nical integration complexities: 

"Usability was a major constraint. Command-line interfaces or overly technical 

tools were avoided, especially in early phases. Internal tools often had potential, 

but if they were too complex or unintuitive, they weren't viable for wider rollout." - 

C3 

"Yes, definitely. Some commercial tools would've taken a year to pass our internal 

legal processes—so we couldn't consider them for a six-month project like a the-

sis. We limited our selection to tools that had already passed risk review in some 

part of the organization." - C3 

These insights reveal how organizational processes and user acceptance requirements 

create additional technical constraints that practitioners must systematically navigate. 

Tool Maturity and Ecosystem Considerations 
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Practitioners demonstrated sophisticated understanding that tool selection involves not 

merely technical capabilities but also community support, documentation quality, and 

long-term viability considerations that affect implementation sustainability: 

"We considered two closely related aspects. First was tool maturity: was the tool 

already used widely? Did it receive regular updates? Would we see immediate 

benefits from adopting it?" - C3 

"The number one factor is how the model handles input data—specifically, 

whether it uses customer or internal data to improve the model. In our organiza-

tion, that's a strict no-go. We don't want our data used to train public models." - 

S2 

These observations illustrate how practitioners evaluate tools through multiple lenses 

simultaneously, considering adoption patterns, update frequency, immediate benefits, 

and data governance requirements as interconnected evaluation criteria. 

The ecosystem compatibility emphasis reflected practitioners' responsibility for long-term 

maintainability: 

"Another key consideration is where the data is stored—we want to ensure it stays 

within the EU and doesn't go to the U.S. or China. Finally, output quality matters. 

In generative AI especially, the precision of the model's output is critical." - S2 

Generalizability Versus Specialization Trade-offs 

Practitioners working across multiple client contexts demonstrated particular sensitivity 

to trade-offs between specialized performance and solution transferability, reflecting their 

need to balance immediate project success with resource efficiency: 

"Ideally, if a model or infrastructure is already developed for one use case—like 

financial forecasting—it should be reusable elsewhere, such as in sales or pro-

curement. But that depends on the problem and the data. Not all models are trans-

ferable." - M1 

This observation highlights systematic tension between specialization and reusability 

that practitioners must navigate, where specialized models may offer superior perfor-

mance for specific contexts while reusable approaches provide greater resource effi-

ciency across projects. 

The transferability consideration was reinforced by practitioners' emphasis on scalability: 
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"Scalability: Could it be expanded easily with additional licenses or did each rollout 

require management approval? Use case coverage: How many of the 18 identi-

fied use cases could it support?" - C3 

Informal Knowledge Networks and Peer Consultation 

Practitioners consistently relied on informal consultation and tacit knowledge gathering 

rather than formal documentation or standardized processes, reflecting their preference 

for contextual expertise and experiential learning: 

"The process was mostly informal: I talked to colleagues who had experience with 

AI, asked for recommendations, and gathered tacit knowledge across the organi-

zation." - C3 

"Not really. At this point, decisions are often based on the team's expertise and 

the client's existing tech stack." - S2 

This reliance on informal networks demonstrates practitioners' understanding that eval-

uation requires contextual knowledge that formal frameworks may not adequately cap-

ture, positioning evaluation as craft skill developed through experience rather than stand-

ardized procedure. 

Pragmatic Attitudes Toward Formal Frameworks 

Practitioners demonstrated nuanced perspectives on formal evaluation frameworks, rec-

ognizing potential value while emphasizing requirements for practical adaptability: 

"That's a solid framework. The explainability part stood out to me—it's often over-

looked but very important. You want to avoid black-box scenarios. I think this 

framework would be especially useful in larger organizations that want to do things 

properly." - S2 

"Just that your framework is very useful—especially in organizations that have the 

resources and willingness to make structured decisions. But many mid-sized com-

panies are still in the experimental phase and prioritize speed over thorough eval-

uation." - S2 

These observations reveal that practitioners value structured guidance but require 

frameworks that accommodate the iterative, context-sensitive nature of practical ML de-

velopment while providing sufficient flexibility for adaptation to specific project con-

straints. 
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4.2.3 The Translation Gap: Systematic Differences in Organiza-
tional Evaluation Logic 

The comparative analysis of executive and practitioner evaluation approaches reveals a 

fundamental "translation gap" that emerges as a central theoretical finding of this inves-

tigation. This gap manifests not as simple communication difficulties or coordination chal-

lenges but as systematically different evaluation logics that reflect distinct temporal ori-

entations, risk tolerances, accountability structures, and success criteria inherent to dif-

ferent organizational roles. The empirical evidence demonstrates that these differences 

constitute permanent features of organizational ML evaluation rather than correctable 

implementation problems, necessitating evaluation frameworks that accommodate ra-

ther than attempt to eliminate these systematic variations. 

Convergent Recognition of Business Value Imperatives 

Despite systematic differences in evaluation logic, both executive and practitioner groups 

demonstrated convergent recognition that business value constitutes a necessary con-

dition for ML adoption. This shared understanding suggests fundamental consensus that 

evaluation must extend beyond technical metrics to encompass organizational impact 

and strategic relevance: 

"Sometimes business units suggest ideas that aren't really suited for AI, but that's 

part of the process. Those ideas usually don't reach implementation—someone, 

internally or externally, will challenge them." - C4 

"They valued the narrative—how the solution was presented. The final choice had 

clear alignment with business modernization goals. Management already had 

pressure to adopt AI, so when I gave them a ready-to-deploy option with tangible 

benefits, it was an easy sell." - C3 

Both groups expressed systematic skepticism toward symbolic AI adoptions pursued for 

marketing or technological prestige without operational foundation, indicating maturation 

of organizational perspectives beyond technology-driven enthusiasm toward pragmatic, 

value-focused evaluation approaches. 

Additionally, both executives and practitioners acknowledged organizational readiness 

and infrastructure maturity as critical evaluation considerations, though they emphasized 

different aspects of this challenge: 

"The most universal issue is low data quality and organizational maturity. I often 

compare ML to Formula One: if there's no proper track, it doesn't matter how good 

your car is." - C5 
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"One thing that comes to mind is whether the framework includes the organiza-

tion's data maturity. Often the bottleneck isn't the model, but the lack of sufficient 

or high-quality data." - M1 

Systematic Divergence in Evaluation Logic 

While acknowledging shared value imperatives, the analysis reveals fundamental differ-

ences in how executives and practitioners conceptualize and operationalize evaluation 

processes. Executives consistently framed evaluation through strategic alignment, 

stakeholder accountability, and regulatory compliance lenses: 

"Your framework could bridge technical and strategic evaluation nicely—espe-

cially if adapted to different maturity levels." - F6 

"You need strong governance and end-to-end ownership, which many organiza-

tions lack." - F6 

In contrast, practitioners prioritized immediate technical feasibility, implementation con-

straints, and operational viability: 

"I haven't used a formal framework, but usually, you start by identifying the busi-

ness problem. Then you assess what kind of model would be relevant to solve it." 

- M1 

"Resource usage is critical. I had one project where just maintaining a vector 

search index—a core component for RAG—would've cost at least $500 per 

month. That was too much for the client's budget, so we had to drop that part." - 

S2 

Temporal Orientation Differences 

A critical divergence concerns temporal orientation, where executives emphasize long-

term organizational sustainability while practitioners focus on immediate deliverability re-

quirements. This difference creates systematic tensions in evaluation priorities: 

"If a simple model gives acceptable results and is easier to explain, it's usually 

preferred." - F6 

"In the early stages, cost minimization is prioritized. Clients want quick, low-cost 

experimentation." - S2 

These contrasting orientations reflect different accountability structures: executives bear 

responsibility for long-term organizational outcomes while practitioners must deliver 

functional solutions within immediate project constraints. 

Risk Tolerance and Evaluation Preferences 
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The analysis reveals systematic differences in risk tolerance that fundamentally shape 

evaluation approaches. Executives demonstrated consistently lower tolerance for regu-

latory, reputational, or operational risks: 

"Even a model with 95% accuracy can be rejected if people don't understand it. 

Black-box models rarely get into production unless technical users are involved 

and can interpret them." - C5 

Practitioners, while cognizant of organizational risks, demonstrated greater willingness 

to accept technical implementation risks in pursuit of functional solutions: 

"That's a solid framework. The explainability part stood out to me—it's often over-

looked but very important. You want to avoid black-box scenarios. I think this 

framework would be especially useful in larger organizations that want to do things 

properly. For smaller companies, decisions still tend to be made quickly and prag-

matically." - S2 

The Translation Gap as Structural Challenge 

The empirical findings establish that evaluation inconsistencies emerge from fundamen-

tal structural differences rather than correctable coordination problems. Executives es-

tablish strategic evaluation criteria that practitioners must interpret and operationalize 

with limited institutional support: 

"The lack of coordination between business and technical teams. Often, the per-

son defining the use case is not the one building the model." - F6 

"Few formal frameworks are in use. Decisions are often pragmatic and context 

dependent." - C4 

This structural disconnect manifests in informal evaluation processes that emerge as 

adaptive responses to institutional gaps. While practitioner-developed approaches ena-

ble contextual flexibility, they simultaneously create consistency deficits and limit sys-

tematic organizational learning. 

Communication and Vocabulary Barriers 

The translation gap is compounded by systematic differences in professional vocabular-

ies and success metrics. Executives prioritize governance and strategic indicators that 

may appear abstract to practitioners, while practitioners focus on technical considera-

tions that seem peripheral to strategic objectives: 
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"Executives often focus on potential gains or risks to reputation. Technical teams 

care more about feasibility. Business users may worry about disruption or lack the 

knowledge to assess value properly." - C4 

Implications for Framework Design 

These findings establish that effective evaluation frameworks must function as coordina-

tion tools that bridge organizational evaluation logic rather than imposing uniform as-

sessment criteria. The persistent nature of role-based differences necessitates diagnos-

tic approaches that accommodate legitimate variations in stakeholder priorities while 

maintaining analytical coherence. 

Table 6 provides systematic comparison of executive and practitioner evaluation char-

acteristics, illustrating how organizational roles fundamentally shape evaluation logic and 

framework requirements. 
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Table 6: Systematic Comparison of Executive and Practitioner Evaluation Logic 

Dimension Executives (C4, C5, F6) Practitioners (M1, S2, C3, C7) 

Primary Eval-

uation Logic 

Strategic alignment, regulatory 

compliance, organizational gov-

ernance, stakeholder accounta-

bility 

Technical feasibility, resource 

constraints, implementation 

practicality, operational viability 

Temporal Ori-

entation 

Long-term sustainability, organi-

zational impact, strategic posi-

tioning 

Immediate deliverability, project-

specific success, iterative im-

provement 

Risk Manage-

ment Ap-

proach 

Low tolerance for regulatory/rep-

utational risk; prefer proven, de-

fensible approaches 

Higher tolerance for technical 

risk if supports delivery; willing to 

experiment within constraints 

Framework 

Preferences 

Structured evaluation as govern-

ance tool; systematic standardi-

zation for accountability 

Lightweight, adaptive tools; 

skeptical of rigid templates that 

constrain flexibility 

Key Con-

straint Cate-

gories 

Regulatory requirements, stake-

holder trust, organizational read-

iness, external accountability 

Budget limitations, technical in-

frastructure, integration com-

plexity, time pressures 

Model Selec-

tion Priorities 

Explainable, compliant models 

when performance adequate; 

transparency over optimization 

Pragmatic solutions within con-

straints; performance balanced 

with maintainability and cost 

Decision-

Making Pro-

cess 

Systematic filtering through stra-

tegic criteria; emphasis on gov-

ernance and ownership struc-

tures 

Informal consultation, peer net-

works, tacit knowledge gather-

ing, emergent approaches 

Success Eval-

uation Metrics 

Regulatory defensibility, cross-

functional coordination, long-

term organizational value 

Project delivery, technical perfor-

mance, client satisfaction, imple-

mentation efficiency 

Evaluation 

Scope 

Systems thinking, stakeholder 

management, strategic coher-

ence across initiatives 

Problem-specific focus, technical 

optimization, operational integra-

tion within constraints 
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This comparative analysis establishes that the translation gap constitutes a fundamental 

structural feature of organizational ML evaluation that requires adaptive framework ap-

proaches rather than standardization solutions. The findings directly inform the frame-

work reconceptualization presented in Section 4.3, where these insights support devel-

opment of diagnostic approaches that accommodate systematic role-based differences 

while facilitating coordination across organizational evaluation logics. 

4.3 Framework Reconceptualization: From Prescriptive to Di-
agnostic Evaluation 

This section presents the empirically grounded reconceptualization of machine learning 

evaluation frameworks from prescriptive optimization models toward adaptive diagnostic 

tools. The investigation commenced with a literature-derived preliminary framework com-

prising five dimensions—technical performance, operational integration, human-cen-

tered explainability, business value, and regulatory or ethical compliance—that was stra-

tegically employed as both analytical scaffold and empirical catalyst during the interview 

process. 

The abductive research methodology enabled systematic confrontation between theo-

retical constructs and organizational realities, revealing that while participants validated 

the conceptual relevance of these five dimensions, their practical application demanded 

fundamental architectural reconceptualization rather than incremental refinement. The 

empirical evidence demonstrated that evaluation effectiveness depends not on compre-

hensive dimensional assessment but on understanding how organizational context 

shapes which dimensions become relevant and how trade-offs between them must be 

navigated. 

The interview findings established three critical insights that necessitated the three-zone 

diagnostic framework architecture. First, evaluation practices are systematically context-

dependent and organizationally mediated, requiring diagnostic assessment of organiza-

tional readiness before dimensional evaluation becomes meaningful. Second, the trans-

lation gap between executive strategic priorities and practitioner implementation realities 

creates permanent structural tensions that require dedicated coordination mechanisms 

rather than standardized evaluation criteria. Third, competing organizational priorities 

constitute permanent trade-offs requiring navigation support rather than optimization res-

olution. 

These empirical insights revealed that effective evaluation frameworks must function as 

three-zone diagnostic systems: assessing organizational context to understand evalua-
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tion readiness, facilitating trade-off navigation between competing priorities, and ena-

bling selective dimensional emphasis based on contextual requirements. This reconcep-

tualization represents a fundamental theoretical shift from framework-as-template toward 

framework-as-coordination-tool that accommodates organizational heterogeneity while 

maintaining analytical rigor. 

4.3.1 Empirical Assessment of Preliminary Framework Dimen-
sions 

The preliminary evaluation framework's five dimensions represented established aca-

demic discourse and documented industry practices, providing a structured foundation 

for empirical investigation. However, the interview findings revealed systematic discon-

nects between theoretical dimensional coherence and actual organizational evaluation 

practices, necessitating critical reassessment of dimensional validity and framework ar-

chitecture assumptions. 

Technical Performance: Beyond Optimization Toward Organizational Constraints 

Participants acknowledged technical metrics as foundational yet consistently empha-

sized practical considerations over abstract performance optimization: 

"Ideally, if a model or infrastructure is already developed for one use case—like 

financial forecasting—it should be reusable elsewhere, such as in sales or pro-

curement. But that depends on the problem and the data. Not all models are trans-

ferable." - M1 

"Accuracy will remain the top priority. If a model isn't accurate, it's useless—no 

matter how ethical or scalable it is. Accuracy has been the Achilles' heel of many 

early-stage AI deployments, and it's the first thing clients notice." - S2 

These insights reveal that technical evaluation prioritizes transferability, resource effi-

ciency, and stakeholder visibility rather than pursuing abstract optimization objectives. 

Technical assessment must accommodate organizational data maturity constraints: 

"Not necessarily. It mostly depends on the quality and structure of the input data. 

If the organization's data is messy or poorly structured, no amount of investment 

will guarantee good results." - S2 

Business Value: Narrative-Driven Rather Than Systematically Measured 

Business value assessment proved fundamentally context-dependent, relying on stake-

holder communication rather than structured measurement: 
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"Machine learning introduces new ways of doing things, so it needs to demon-

strate real value." - C5 

"They valued the narrative—how the solution was presented. The final choice had 

clear alignment with business modernization goals. Management already had 

pressure to adopt AI, so when I gave them a ready-to-deploy option with tangible 

benefits, it was an easy sell." - C3 

The emphasis on "narrative" and "tangible benefits" reveals that business value functions 

through strategic positioning rather than quantifiable ROI calculations. 

Regulatory Considerations: Binary Rather Than Graduated Application 

Regulatory dimensions exhibited the strongest sectoral variation, functioning as compre-

hensive constraints in some contexts while proving largely irrelevant in others: 

"Regulation is a major factor in finance." - C4 

"In sectors serving end-customers or citizens, data privacy is paramount—every-

thing is forbidden unless explicitly permitted." - C4 

This binary application pattern challenges frameworks that assume universal dimen-

sional relevance across organizational contexts. 

Dimensional Reconceptualization: From Integration to Selective Emphasis 

The empirical evidence establishes that the five dimensions retain conceptual value as 

consideration repertoires rather than comprehensive assessment criteria, requiring se-

lective emphasis based on organizational contexts rather than systematic integration 

across all components. This finding necessitated fundamental reconceptualization to-

ward contextual diagnostic approaches that accommodate systematic variation. 

4.3.2 Organizational Implementation Realities: Gaps and Con-
straints 

The empirical investigation revealed fundamental gaps between theoretical evaluation 

models and organizational implementation realities that established the necessity for di-

agnostic rather than prescriptive approaches across three critical areas. 

Organizational Readiness as Foundational Prerequisite 

Organizational analytical maturity emerged as a fundamental prerequisite determining 

evaluation feasibility rather than contextual consideration: 

"You have to be realistic about what companies can do based on their maturity 

level." - C5 
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"The most universal issue is low data quality and organizational maturity. I often 

compare ML to Formula One: if there's no proper track, it doesn't matter how good 

your car is." - C5 

This Formula One metaphor powerfully illustrates how organizational infrastructure con-

straints fundamentally determine evaluation approach viability. Specific infrastructure 

limitations create immediate evaluation boundaries: 

"One thing that comes to mind is whether the framework includes the organiza-

tion's data maturity. Often the bottleneck isn't the model, but the lack of sufficient 

or high-quality data—especially for optimization tasks in production." - M1 

Resource Constraints as Primary Filters 

Financial and temporal constraints function as primary evaluation criteria that override 

technical optimization considerations: 

"I had one project where just maintaining a vector search index—a core compo-

nent for RAG—would've cost at least $500 per month. That was too much for the 

client's budget, so we had to drop that part." - S2 

"In the early stages, cost minimization is prioritized. Clients want quick, low-cost 

experimentation." - S2 

Translation Gap as Structural Challenge 

The investigation revealed persistent coordination failures between strategic and opera-

tional perspectives that require systematic bridging mechanisms: 

"The lack of coordination between business and technical teams. Often, the per-

son defining the use case is not the one building the model." - F6 

"You need strong governance and end-to-end ownership, which many organiza-

tions lack." - F6 

Prevalence of Effective Informal Practices 

Organizations demonstrated systematic preference for informal, context-sensitive ap-

proaches over formal frameworks: 

"No, we didn't use any pre-defined framework. The process was mostly informal: 

I talked to colleagues who had experience with AI, asked for recommendations, 

and gathered tacit knowledge across the organization." - C3 

This pattern established that effective frameworks must enhance rather than replace ex-

isting organizational knowledge networks. 
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Human Infrastructure as Primary Success Determinant 

Organizational acceptance and governance factors systematically outweigh technical 

performance considerations: 

"I'd suggest putting more weight on the human element—maybe even make 'or-

ganization and people' its own category." - C7 

"Change resistance is real. You have to clearly demonstrate the benefits of new 

tools to win over even the most skeptical employees." - C7 

4.3.3 The Prescriptive-to-Diagnostic Framework Shift 
The empirical investigation revealed that machine learning evaluation constitutes a fun-

damentally tension-laden process characterized by competing organizational priorities 

that cannot be resolved through optimization approaches. These tensions emerged as 

persistent practical dilemmas requiring navigation mechanisms rather than resolution 

approaches. 

Explainability Versus Performance: The Fundamental Trade-off 

The most pervasive tension concerns organizational acceptance requirements system-

atically overriding technical optimization objectives: 

"Even a model with 95% accuracy can be rejected if people don't understand it. 

Black-box models rarely get into production unless technical users are involved 

and can interpret them." - C5 

"If a simple model gives acceptable results and is easier to explain, it's usually 

preferred." - F6 

The "95% accuracy rejection" threshold demonstrates that organizational evaluation 

logic prioritizes stakeholder confidence over technical optimization, establishing explain-

ability as competing rather than subsidiary criterion. 

Standardization Versus Adaptation: Governance Flexibility Tensions 

Participants demonstrated systematic ambivalence toward standardized approaches, 

recognizing governance value while emphasizing contextual adaptation necessities: 

"Your framework could bridge technical and strategic evaluation nicely—espe-

cially if adapted to different maturity levels." - F6 

"A checklist could be very useful—especially for companies themselves. Some-

thing like a funnel with yes/no questions about regulation, data volume, and com-

plexity of needs. If you pass the checks, then it's worth proceeding." - C5 
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Comprehensive Versus Rapid Assessment: Depth Versus Usability 

Organizations consistently prioritized practical implementation requirements over evalu-

ation thoroughness: 

"Just that your framework is very useful—especially in organizations that have the 

resources and willingness to make structured decisions. But many mid-sized com-

panies are still in the experimental phase and prioritize speed over thorough eval-

uation." - S2 

Optimization Versus Satisficing: Maximum Versus Adequate Performance 

Participants consistently described satisficing approaches, seeking adequate solutions 

within constraints rather than pursuing optimization: 

"If a simple model gives acceptable results and is easier to explain, it's usually 

preferred." - F6 

Resource limitations immediately shift evaluation from optimization toward satisficing ap-

proaches. 

Strategic Versus Operational Priorities: Executive Vision Versus Implementation 

Reality 

As demonstrated through the translation gap findings, systematic tensions exist between 

strategic organizational objectives and operational implementation constraints that re-

quire coordination mechanisms accommodating legitimate role-based differences rather 

than standardization solutions. 

Diagnostic Navigation Requirements 

These systematic tensions collectively established that evaluation frameworks must 

function as diagnostic decision-support tools that help organizations understand and 

navigate contextual tensions rather than prescriptive optimization models. The persis-

tence of these tensions across diverse organizational contexts suggests they reflect fun-

damental characteristics of organizational ML adoption requiring accommodation rather 

than elimination through superior methodology. 

4.3.4 Reconceptualized Framework Architecture 
Based on the comprehensive empirical analysis, this section presents the study's pri-

mary theoretical contribution: the three-zone diagnostic framework that operationalizes 

the empirical insights revealed through the investigation. This framework represents a 

fundamental paradigmatic shift from prescriptive optimization models toward adaptive 

diagnostic tools that accommodate the context-dependent, organizationally embedded 
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nature of ML evaluation practices. The framework's architecture directly addresses the 

three critical empirical insights: the necessity for organizational context assessment, the 

requirement for trade-off navigation mechanisms, and the need for selective dimensional 

emphasis based on contextual outcomes. 

Comprehensive Framework Illustration: The Three-Zone Diagnostic Architecture 

Figure 2 presents the Reconceptualized Diagnostic Framework for Machine Learning 

Model Evaluation, illustrating how organizations navigate from contextual assessment 

through trade-off navigation to selective dimensional emphasis. The framework's visual 

design operationalizes the empirical finding that evaluation constitutes contextual navi-

gation rather than universal optimization, with each zone serving distinct diagnostic func-

tions that collectively support organizationally appropriate evaluation approaches. 
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Figure 2: Adaptive Machine Learning Evaluation Framework - Diagnostic Approach 
for Organizational Contexts 
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Zone 1: Organizational Context Assessment (Diagnostic Foundation) 

The first part provides systematic diagnostic assessment of organizational readiness 

across four critical dimensions that emerged as primary evaluation determinants through 

the empirical investigation. Each assessment dimension produces contextual outcomes 

that directly influence subsequent trade-off navigation and dimensional emphasis pat-

terns. 

Analytical Maturity Assessment evaluates organizational data infrastructure, analyti-

cal capabilities, and governance structures. As participant M1 emphasized: "Often the 

bottleneck isn't the model, but the lack of sufficient or high-quality data." The assessment 

ranges from Low Maturity (limited data infrastructure, ad hoc processes) to High Maturity 

(sophisticated analytics capabilities, established governance). Organizations with high 

analytical maturity can pursue more standardized evaluation approaches, while those 

with low maturity require adaptive, flexible frameworks that accommodate infrastructure 

limitations. 

Regulatory Environment Assessment determines the extent to which compliance re-

quirements shape evaluation priorities. The empirical evidence revealed dramatic varia-

tion, from participant C4's observation that "regulation is a major factor in finance" to 

contexts where regulatory considerations prove largely irrelevant. The assessment 

ranges from Heavily Regulated (comprehensive compliance requirements) to Innova-

tion-Focused (minimal regulatory constraints), with outcomes directly influencing trade-

off navigation toward either proven, defensible approaches or innovative, experimental 

solutions. 

Resource Constraints Assessment evaluates budget, temporal, and infrastructure lim-

itations that systematically influence evaluation feasibility. Participant S2's experience 

that "maintaining a vector search index would've cost at least $500 per month—too much 

for the client's budget" exemplifies how resource constraints create hard boundaries on 

evaluation options. The assessment ranges from Constrained Resources (requiring 

rapid, cost-effective approaches) to Abundant Resources (enabling comprehensive eval-

uation processes). 

Infrastructure Readiness Assessment determines organizational capacity for imple-

menting and maintaining ML solutions. This assessment encompasses technical infra-

structure, human capabilities, and organizational change readiness. As participant C7 

emphasized: "Change resistance is real. You have to clearly demonstrate the benefits of 

new tools to win over even the most skeptical employees." The assessment ranges from 
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Limited Infrastructure (requiring simplified, user-friendly solutions) to Advanced Infra-

structure (supporting sophisticated technical approaches). 

Color-Coded Pathway System: From Assessment to Trade-off Navigation 

The framework's color-coding system connects assessment outcomes to corresponding 

trade-off navigation options, illustrating how organizational context systematically influ-

ences evaluation priorities. This pathway system represents one example scenario for a 

specific imaginary organization, different organizations will produce entirely different 

pathway patterns based on their unique contextual combinations. 

In the illustrated example pathway, an organization with High Analytical Maturity (colored 

purple) connects to the Standardization vs. Adaptation trade-off navigation element (also 

colored purple), indicating that analytically mature organizations often face decisions 

about whether to implement standardized evaluation procedures or adapt approaches to 

specific contexts. Similarly, Heavily Regulated environment (colored pink) connects to 

Explainability vs. Performance navigation (pink), reflecting that regulated organizations 

must systematically navigate transparency requirements against technical optimization 

objectives. 

Alternative Pathway Examples: A startup technology company might show Low Ana-

lytical Maturity → Rapid vs. Comprehensive trade-offs, prioritizing speed over thorough-

ness. A manufacturing organization could exhibit Advanced Infrastructure → Proven vs. 

Innovative navigation, weighing established approaches against emerging technologies. 

A healthcare organization might demonstrate Heavily Regulated + Constrained Re-

sources → multiple trade-off elements, requiring navigation across explainability, proven 

solutions, and rapid implementation simultaneously. 

Zone 2: Translation Interface - Trade-off Navigation Zone 

The middle part operationalizes the empirical finding that competing organizational pri-

orities create permanent tensions requiring navigation rather than resolution. Four pri-

mary trade-off navigation elements address the most critical conflicts identified through 

the investigation: 

Explainability vs. Performance Navigation addresses the fundamental tension re-

vealed through participant F6's insight that "even a model with 95% accuracy can be 

rejected if people don't understand it." Organizations use this navigation element to un-

derstand how transparency requirements affect technical optimization within their spe-

cific regulatory and stakeholder contexts. The navigation provides diagnostic questions 
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rather than prescriptive answers: What explainability level satisfies stakeholder require-

ments? How do performance trade-offs affect business value? What regulatory defensi-

bility is required? 

Standardization vs. Adaptation Navigation responds to participant C5's observation 

about the need to be "realistic about what companies can do based on their maturity 

level." This element helps organizations balance governance requirements with contex-

tual flexibility needs. Organizations navigate questions such as: What standardization 

level supports accountability without constraining innovation? How can evaluation ap-

proaches adapt to evolving requirements? What governance structures enable both con-

sistency and flexibility? 

Comprehensive vs. Rapid Navigation addresses the tension participant S2 identified: 

"many mid-sized companies are still in the experimental phase and prioritize speed over 

thorough evaluation." Organizations use this navigation to balance evaluation depth with 

implementation timelines and resource constraints. The navigation supports decisions 

about evaluation scope, assessment detail, and implementation pacing appropriate to 

organizational context. 

Proven vs. Innovative Navigation helps organizations balance risk management with 

competitive advantage opportunities. As participant M1 noted regarding model transfer-

ability: "it depends on the problem and the data. Not all models are transferable." This 

navigation supports decisions about leveraging established approaches versus pursuing 

novel solutions based on organizational risk tolerance and strategic objectives. 

Zone 3: Multi-Dimensional Assessment Core (Selective Consideration Repertoire) 

The third and last part contains the five evaluation dimensions identified through litera-

ture synthesis and empirically validated as relevant consideration repertoires: Technical 

Performance, Business Value, Human-Organizational Factors, Operational Integration, 

and Regulatory-Ethical Compliance. Critically, these dimensions receive differential em-

phasis based on the pathway outcomes from organizational context assessment and 

trade-off navigation. 

Arrow Weighting System: From Navigation to Dimensional Emphasis 

The framework's arrow weighting system illustrates how trade-off navigation outcomes 

determine dimensional emphasis patterns. In the illustrated example, three arrows flow 

to Technical Performance and Human-Organizational Factors making these dimensions 

larger and more prominent, while only one arrow reaches Operational Integration, ren-

dering it smaller and less emphasized for this particular organizational context. 
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This weighting reflects the diagnostic principle that dimensional relevance varies sys-

tematically across organizational contexts rather than requiring universal comprehensive 

assessment. For the illustrated example organization, technical performance and hu-

man-organizational factors emerge as primary evaluation considerations, while regula-

tory-ethical compliance requires less emphasis given the contextual assessment out-

comes. 

Alternative Dimensional Emphasis Examples: A financial services organization might 

show four arrows to Regulatory-Ethical Compliance and three arrows to Operational In-

tegration, reflecting compliance imperatives and implementation requirements. A re-

search-focused organization could demonstrate heavy emphasis on Technical Perfor-

mance and Business Value, with minimal attention to operational constraints. A 

healthcare provider might require balanced emphasis across all five dimensions due to 

complex stakeholder requirements and regulatory oversight. 

Dynamic Pathway Adaptation: Accommodating Organizational Diversity 

The framework's diagnostic orientation explicitly accommodates organizational diversity 

through adaptive pathway generation. Different organizations will produce entirely differ-

ent assessment outcomes, trade-off navigation patterns, and dimensional emphasis con-

figurations based on their unique contexts, constraints, and strategic priorities. 

Example Scenario 1 - Early-Stage Startup: Assessment outcomes might show Low 

Analytical Maturity + Innovation-Focused + Constrained Resources + Limited Infrastruc-

ture → Rapid vs. Comprehensive + Proven vs. Innovative trade-offs → Heavy emphasis 

on Business Value and Operational Integration with minimal attention to regulatory con-

siderations. 

Example Scenario 2 - Established Financial Institution: Assessment could reveal 

High Analytical Maturity + Heavily Regulated + Abundant Resources + Advanced Infra-

structure → Explainability vs. Performance + Standardization vs. Adaptation trade-offs 

→ Balanced emphasis across Technical Performance, Regulatory-Ethical Compliance, 

and Human-Organizational Factors. 

Example Scenario 3 - Manufacturing Company: Context assessment might indicate 

Medium Analytical Maturity + Moderately Regulated + Moderate Resources + Advanced 

Infrastructure → Proven vs. Innovative + Comprehensive vs. Rapid trade-offs → Primary 

emphasis on Operational Integration and Technical Performance with secondary atten-

tion to business value considerations. 
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Custom Evaluation Criteria Development 

The framework's adaptive nature enables organizations to develop completely different 

evaluation criteria beyond the five standard dimensions when contextual requirements 

demand specialized considerations. For example, environmental sustainability organiza-

tions might emphasize Carbon Footprint Assessment and Environmental Impact Evalu-

ation. International organizations could prioritize Cross-Cultural Adaptability and Multi-

Jurisdictional Compliance. Research institutions might focus on Academic Reproducibil-

ity and Open Science Requirements. 

Empirical Grounding and Practical Application 

Every framework component derives from specific empirical insights revealed through 

the investigation. The three-zone architecture emerged from participant C5's Formula 

One metaphor emphasizing organizational readiness as prerequisite, the translation gap 

findings from participant F6 regarding coordination challenges between business and 

technical teams, and the dimensional flexibility requirements from participant C7's rec-

ommendation to "put more weight on the human element." 

The framework provides practical guidance through diagnostic questioning rather than 

prescriptive procedures. Organizations begin with contextual assessment to understand 

their evaluation readiness and constraints. They then navigate relevant trade-offs to un-

derstand how competing priorities affect their specific situation. Finally, they emphasize 

dimensions most critical for their context while maintaining awareness of other consider-

ations. 
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5. DISCUSSION 

This chapter interprets the empirical findings and positions the proposed diagnostic 

framework within the broader theoretical discourse on machine learning (ML) evaluation 

and organizational decision-making. Moving beyond the descriptive analysis presented 

in Chapter 4, the discussion demonstrates how the empirically grounded three-zone di-

agnostic framework represents a paradigmatic shift in understanding ML evaluation, not 

as a purely technical process, but as an organizationally embedded and context-sensi-

tive practice. 

The research addresses a critical gap in the existing literature, which tends to frame ML 

model evaluation as a technical optimization task, largely divorced from the organiza-

tional realities that shape model adoption, justification, and implementation. In contrast, 

this study reveals that ML evaluation in practice is governed by heterogeneous stake-

holder logics, persistent trade-offs, and institutional constraints that current prescriptive 

frameworks fail to accommodate. The proposed diagnostic framework, including its 

color-coded pathway system, offers both theoretical innovation and actionable guidance 

to support contextually appropriate evaluation processes within diverse organizational 

settings. 

This chapter is structured into three interconnected sections. First, it interprets the find-

ings with respect to each research question, culminating in a synthesis that addresses 

the main research question. Second, it analyzes the persistent translation gap between 

strategic and operational stakeholders that emerged across organizational levels. Third, 

it presents the rationale for reconceptualizing ML evaluation frameworks from a prescrip-

tive to a diagnostic paradigm, highlighting the implications of this shift for both research 

and practice. 

5.1 Answering the Research Questions 

This section interprets the empirical findings in relation to the four sub-research ques-

tions (RQ1–RQ4) and synthesizes these insights to answer the main research question. 

Each sub-question is addressed in turn, with an emphasis on how the findings refine, 

challenge, or extend existing understanding of ML evaluation practices in organizational 

contexts. The section concludes by integrating the sub-findings to articulate a compre-

hensive response to the overarching research question. 
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5.1.1 RQ1 – How do business-specific factors influence ma-
chine learning model evaluation in organizations? 

The findings related to RQ1 indicate that organizational context functions not as a pas-

sive backdrop but as the primary determinant of how machine learning (ML) models are 

evaluated. Rather than applying uniform criteria, organizations assess models through 

the lens of business-specific conditions, namely analytical maturity, regulatory environ-

ment, resource constraints, and infrastructure readiness. These dimensions constitute 

the foundation of the Strategic Context Assessment zone in the proposed framework. 

Participant C5’s Formula One metaphor—“if there’s no proper track, it doesn’t matter 

how good your car is”—aptly encapsulates the empirical insight that model quality alone 

is insufficient without contextual readiness. Sectoral regulations, budgetary limitations, 

and the maturity of data infrastructure shape not only which models are considered but 

also how evaluation is operationalized. For example, participant S2 noted that infrastruc-

ture maintenance costs of $500 per month were already prohibitive in their setting, 

demonstrating how resource constraints impose hard limitations on evaluation scope. 

The cross-sectoral analysis further revealed that evaluation logic varies systematically 

between industries. In regulated domains such as finance and insurance, explainability 

and auditability take precedence, whereas in production-oriented sectors, operational 

efficiency and domain fit dominate. Across all cases, organizational maturity and strate-

gic intent played a decisive role in determining which evaluation criteria were prioritized 

and which models were ultimately adopted. 

These findings challenge the assumption that ML evaluation can be standardized 

through prescriptive frameworks. Instead, they highlight the need for flexible, diagnostic 

approaches that accommodate organizational heterogeneity while maintaining method-

ological rigor. This insight underscores the theoretical inadequacy of context-neutral 

evaluation models and supports a shift toward adaptive, context-sensitive evaluation in-

frastructures. 

5.1.2 RQ2 – How do practitioners perceive the limitations of cur-
rent evaluation frameworks? 

The findings related to RQ2 reveal a consistent preference among practitioners for infor-

mal, context-sensitive evaluation processes, which are perceived as more effective than 

rigid, prescriptive frameworks. Across organizational settings, participants relied heavily 

on tacit knowledge, peer consultation, and experiential judgment, mechanisms that en-

able flexible adaptation to dynamic business environments and operational constraints. 
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These practices form the empirical foundation for a diagnostic evaluation approach that 

complements, rather than overrides, existing organizational routines. 

Participant C3 exemplified this orientation by describing their process of “talking to col-

leagues who had experience with AI, asking for recommendations, and gathering tacit 

knowledge across the organization.” This illustrates how informal networks and experi-

ential knowledge are not only prevalent but also systematically effective in guiding eval-

uation decisions. Rather than viewing these informal methods as deficiencies, practition-

ers framed them as strengths that formal frameworks should accommodate and support. 

The study identified a clear misalignment between widely adopted frameworks—such as 

CRISP-DM and AutoML—and the actual needs of organizations. Participants highlighted 

that these tools are either too generic, excessively rigid, or insufficiently sensitive to con-

textual constraints to be meaningfully applied in enterprise environments. This mismatch 

underscores the limitations of evaluation methodologies that emphasize theoretical com-

pleteness at the expense of real-world applicability. 

While the absence of standardized practices presents challenges related to consistency 

and auditability, the emergent, adaptive practices observed in the study offer critical de-

sign insights. Practitioners articulated a need for frameworks that provide structure and 

traceability without sacrificing the flexibility required for alignment with local conditions. 

The results point to a significant opportunity: the development of modular, scalable 

frameworks that evolve with organizational maturity while embedding evaluation into ex-

isting business processes. 

Ultimately, the continued reliance on informal practices does not reflect methodological 

immaturity but rather a rational response to the constraints and complexities of ML im-

plementation. This highlights an unmet demand for evaluation infrastructures that enable 

contextual adaptation, support cross-functional communication, and reinforce accounta-

bility, features insufficiently addressed by current prescriptive solutions. 

5.1.3 RQ3 – What trade-offs shape machine learning evaluation 
in real-world business contexts? 

The findings related to RQ3 underscore that trade-offs are not transient challenges to be 

optimized away, but enduring features of organizational ML evaluation. These competing 

priorities—such as explainability versus performance, standardization versus adaptation, 

comprehensive versus rapid assessment, and proven versus innovative approaches—

emerge consistently across sectors and organizational roles. Their persistent nature ne-

cessitates the inclusion of a dedicated Translation Interface zone in the diagnostic frame-

work. 
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Participant F6 succinctly captured this dynamic by noting that “even a model with 95% 

accuracy can be rejected if people don’t understand it.” This highlights how technical 

excellence alone does not guarantee model adoption; organizational acceptability and 

stakeholder trust are equally decisive. These tensions are not merely technical but in-

volve strategic negotiation and value judgments that cut across organizational levels and 

functions. 

The empirical evidence suggests that evaluation decisions reflect satisficing logic rather 

than optimization, organizations seek contextually acceptable solutions rather than the-

oretically optimal ones. The trade-offs encountered in practice are shaped by a variety 

of organizational realities, including time constraints, regulatory obligations, cultural 

readiness, and role-based priorities. 

Importantly, these trade-offs are not anomalies but structural features of real-world deci-

sion-making environments. Consequently, effective evaluation frameworks must move 

beyond idealized, single-criterion optimization and instead offer structured mechanisms 

for navigating inherent tensions. This calls for frameworks that support negotiation 

among stakeholders with different goals, constraints, and risk tolerances. 

The diagnostic framework proposed in this study responds to this need by explicitly em-

bedding trade-off navigation as a core capability. It allows organizations to surface, struc-

ture, and manage competing evaluation imperatives, enabling decisions that are both 

contextually grounded and strategically aligned. 

5.1.4 RQ4 – How should a framework be structured to support 
adaptive and business-relevant machine learning valua-
tion? 

The findings for RQ4 indicate that while participants acknowledged the conceptual value 

of the five preliminary evaluation dimensions—technical performance, business value, 

human-organizational factors, operational integration, and regulatory-ethical compli-

ance—their application in practice necessitated a more adaptive, context-sensitive 

framework structure. Rather than favoring rigid dimensional integration, participants em-

phasized the need for a layered approach that enables contextual prioritization, reflecting 

the complex realities of organizational ML implementation. 

Participant F6 encapsulated this view by noting, “Your framework could bridge technical 

and strategic evaluation nicely—especially if adapted to different maturity levels.” This 

and similar feedback underscore the need for a shift away from static evaluation check-

lists toward a flexible architecture that accommodates variation in organizational readi-

ness, priorities, and use case characteristics. 
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The framework’s reconceptualization into three distinct evaluation zones emerged di-

rectly from these empirical insights. Participants highlighted the inadequacy of universal 

frameworks that fail to address organizational constraints and the reality of multi-stake-

holder environments. Instead, they supported a design that offers structured diagnostic 

guidance while allowing for variation in implementation pathways. 

This diagnostic reorientation is not merely a theoretical innovation but responds directly 

to practical demands expressed by interviewees. The call for maturity-adaptive tools, 

cross-functional alignment mechanisms, and decision-support functionality demon-

strates that organizations require evaluation frameworks that act as coordination instru-

ments, enabling collaboration, traceability, and learning, rather than merely assessment 

instruments. 

The reconceptualized framework presented in Section 4.3 reflects these insights through 

its elevation of organizational and human factors as foundational, its modular structure 

for navigating evaluation trade-offs, and its emphasis on guiding rather than prescribing 

evaluation processes. The framework thus supports a strategic, adaptive, and business-

relevant approach to ML evaluation grounded in the organizational realities surfaced 

through empirical investigation. 

5.1.5 Synthesis – Answering the Main Research Question 
The main research question guiding this study asked: 

How can machine learning model evaluation frameworks be adapted to better re-

flect the business-specific needs, constraints, and values of organizations? 

The findings across RQ1–RQ4 collectively demonstrate that effective ML evaluation in 

organizational contexts must move beyond static, prescriptive models and toward adap-

tive, diagnostic frameworks that reflect the embedded nature of ML decision-making in 

complex business environments. 

First, the investigation showed that organizational context is not a passive backdrop but 

an active determinant of evaluation strategy. Factors such as regulatory pressure, re-

source availability, and analytics maturity shape not only which models are feasible but 

also which evaluation criteria are meaningful. This supports a foundational framework 

zone dedicated to Strategic Context Assessment, affirming that any evaluation process 

must begin with a diagnostic understanding of organizational conditions (RQ1). 

Second, current evaluation practices reveal a strong reliance on informal, tacit 

knowledge—consultations, shared experience, and contextual expertise—rather than 
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formal tools like CRISP-DM or AutoML platforms. These frameworks, while useful in ab-

stract or prototyping contexts, fail to accommodate the nuanced, evolving needs of or-

ganizational deployment. Practitioners demand tools that provide structure without rigid-

ity, tools that supplement rather than replace informal practices (RQ2). 

Third, the study uncovered that trade-offs between competing priorities—such as ex-

plainability versus performance, or standardization versus adaptation—are not imple-

mentation anomalies but permanent, structural features of ML evaluation. These trade-

offs cannot be resolved through technical optimization alone; they must be navigated 

through deliberate, context-sensitive decisions that reflect the specific strategic and op-

erational realities of the organization (RQ3). 

Fourth, participants emphasized that to be useful, frameworks must support variation in 

role-based priorities and organizational maturity. Rather than enforcing a uniform dimen-

sional assessment, evaluation should proceed through modular, adaptable pathways 

that reflect stakeholder differences and support cross-functional coordination. This led to 

the reconceptualization of the framework into a three-zone architecture, shifting from 

checklist-based dimensional evaluation to navigable diagnostic structures (RQ4). 

Together these findings offer a clear answer to the main research question: 

Machine learning model evaluation frameworks must be reconceptualized as adaptive, 

diagnostic tools that prioritize organizational context, support navigation of trade-offs, 

and enhance cross-functional coordination. Rather than providing prescriptive evaluation 

steps, such frameworks must offer structured, theory-informed scaffolding that enables 

organizations to build their own evaluation capabilities according to their specific needs, 

constraints, and objectives. 

The developed three-zone diagnostic framework—comprising Strategic Context Assess-

ment, the Translation Interface, and the Multi-Dimensional Evaluation Core—embodies 

this shift. It does not dictate how evaluation should occur in every context but provides 

flexible, analytically grounded architecture for organizations to interpret, communicate, 

and prioritize evaluation decisions in a manner aligned with their business realities. 

5.2 Multi-Level Translation Gap as Structural Challenge 

The empirical findings revealed a persistent and structurally embedded translation gap 

between executives and practitioners in organizational ML evaluation processes. This 

gap arises from fundamentally different evaluation logics, shaped by divergent respon-

sibilities, success criteria, and temporal orientations across stakeholder groups. Execu-

tives tend to prioritize strategic alignment, governance, and regulatory compliance, 
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whereas practitioners emphasize technical feasibility, resource limitations, and imple-

mentation practicality. 

These role-based differences are not the result of poor communication or isolated misa-

lignment but rather reflect legitimate and enduring variations in organizational function. 

Executives focus on long-term strategic value and reputational risk, while practitioners 

concentrate on short-term technical performance and operational constraints. Such 

asymmetries produce evaluation friction that cannot be effectively addressed through 

standardization or one-size-fits-all frameworks. 

Participant F6’s comment— “often, the person defining the use case is not the one build-

ing the model”—captures this challenge succinctly. It points to a structural decoupling of 

strategy and execution that, if unaddressed, can hinder effective model evaluation and 

adoption. The tension is not just epistemic but organizational: different roles operate with 

different definitions of success, timelines, and acceptable trade-offs. 

This finding directly informed the creation of the Translation Interface zone within the 

diagnostic framework. Rather than seeking to homogenize evaluation logic across roles, 

this zone provides mechanisms for explicitly navigating the intersection of strategic and 

technical perspectives. It enables organizations to maintain necessary differentiation 

while fostering cross-functional coordination through structured diagnostic elements 

such as trade-off navigation, stakeholder alignment prompts, and maturity-adjusted eval-

uation criteria. 

In this light, the translation gap should not be viewed merely as a problem to be resolved, 

but as an organizational reality to be systematically managed. Effective frameworks must 

create infrastructure for ongoing translation, ensuring that decisions made at the tech-

nical level reflect strategic priorities, and that strategic visions are grounded in opera-

tional feasibility. The Translation Interface thus operates not as a corrective mechanism, 

but as a coordination infrastructure that supports alignment across the inherently diverse 

evaluation logics present within real-world organizations. 

5.3 From Prescriptive to Diagnostic: Reconceptualizing Evalu-
ation Frameworks 

The empirical analysis demonstrated that effective ML evaluation in organizational set-

tings requires three distinct forms of assessment capability: (1) evaluation of organiza-

tional context, (2) structured navigation of trade-offs, and (3) selective emphasis of rele-

vant evaluation dimensions. These are not merely implementation considerations but 

foundational evaluation logics that organizations employ to navigate the complexity of 
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real-world ML adoption. Crucially, these logics do not collapse neatly into integrated di-

mensional models. Instead, they require an architectural reconceptualization of evalua-

tion frameworks themselves. 

This insight fundamentally challenges several core assumptions in prevailing evaluation 

literature. First, the assumption that comprehensive, systematic evaluation frameworks 

are inherently superior to informal approaches is contradicted by evidence of the con-

sistent efficacy of informal, context-sensitive practices. Second, the notion that universal 

frameworks can be effectively adapted through minor contextual modifications does not 

hold in light of the structural differences observed across industries, organizational ma-

turity levels, and stakeholder roles. Finally, the belief that better frameworks directly lead 

to improved evaluation practices ignores the more fundamental issue: many challenges 

stem not from methodological inadequacy, but from organizational constraints, compet-

ing priorities, and stakeholder misalignment. 

Participant C4 summarized this sentiment clearly: “Few formal frameworks are in use. 

Decisions are often pragmatic and context dependent.” This pragmatic orientation re-

flects a reality in which frameworks must support, not override, organizational complex-

ity, and where guidance must be adaptive, not prescriptive. 

Frameworks as Organizational Learning Infrastructure 

The findings indicate that ML evaluation frameworks function more effectively as social 

coordination mechanisms than as technical assessment tools. Participants consistently 

emphasized the value of frameworks for facilitating shared understanding, supporting 

stakeholder dialogue, and promoting accountability, rather than for delivering optimal or 

algorithmically justified outcomes. 

Participant C7’s suggestion to "put more weight on the human element—maybe even 

make 'organization and people' its own category" highlights the necessity of foreground-

ing human-organizational infrastructure in evaluation. Change management, cultural 

readiness, and stakeholder buy-in were identified as core determinants of whether eval-

uation frameworks were used meaningfully. The diagnostic framework directly incorpo-

rates this insight by making human and organizational considerations a primary evalua-

tion dimension, not an auxiliary concern. 

Innovative Framework Architecture: Operationalizing Diagnostic Evaluation 

To address the empirical gaps identified in current practices, the diagnostic framework 

introduces a novel architectural approach that moves beyond dimensional integration. It 

comprises three interconnected evaluation zones and introduces a color-coded pathway 

system that supports navigation through organizational complexity. 
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This color-coded system directly operationalizes the empirical finding that evaluation pri-

orities are dictated by contextual realities, not abstract hierarchies of criteria. Organiza-

tions with different levels of maturity, regulatory exposure, or resource availability will 

naturally emphasize different aspects of the framework. As participant C5 noted, being 

“realistic about what companies can do based on their maturity level” is critical, a princi-

ple the framework translates into practical guidance. 

The pathway system also includes arrow weighting, a feature that determines which 

evaluation dimensions should be emphasized in specific contexts. Rather than assuming 

that more evaluation is always better, this system supports satisficing, where organiza-

tions seek contextually adequate solutions rather than universal optimization. The frame-

work thus aligns with how decisions are made in practice: under constraints, with com-

peting priorities, and through negotiation between stakeholders. 

Diagnostic Navigation Rather Than Prescriptive Optimization 

The framework’s four diagnostic navigation elements—Explainability vs. Performance, 

Standardization vs. Adaptation, Comprehensive vs. Rapid, and Proven vs. Innovative—

respond directly to the persistent trade-offs observed in the empirical data. These ele-

ments do not prescribe fixed answers but instead support structured reflection, helping 

stakeholders identify which tensions are most salient in their specific context and what 

trade-offs are acceptable. 

This diagnostic approach respects the role of experience, tacit knowledge, and local ad-

aptation in evaluation. It does not seek to replace these elements with standardized pro-

cedures but to augment them with conceptual tools and shared language. In doing so, 

the framework acknowledges that effective evaluation is not a technical exercise alone, 

it is an organizational craft, shaped by context, expertise, and dialogue. 

Ultimately, the framework reconceptualizes ML evaluation as a situated, organizationally 

embedded process requiring coordination, adaptability, and reflection. It offers a struc-

tured yet flexible approach that mirrors the complexity of real-world ML adoption, sup-

porting practitioners and decision-makers as they navigate the intertwined technical, 

strategic, and human dimensions of evaluation. 
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6. CONCLUSION 

This final chapter brings together the main findings of the thesis and places them within 

the wider academic and practical discussion on machine learning (ML) evaluation in or-

ganizations. It reviews the research process, summarizes the key results, outlines the 

study’s theoretical and methodological contributions, and reflects on its limitations and 

directions for future research. By shifting focus from technical optimization to a diagnostic 

and context-sensitive approach, the thesis lays a strong foundation for more flexible and 

business-aligned ML evaluation practices. 

6.1 Research Achievement and Summary of Key Findings 

This thesis set out to address a critical gap between machine learning (ML) evaluation 

theory and the realities of its implementation in organizational settings. The central re-

search objective was to investigate how ML evaluation frameworks can be adapted to 

more accurately reflect the business-specific needs, constraints, and values that shape 

decision-making in practice. Through systematic empirical inquiry, the study challenged 

the prevailing paradigm of ML evaluation as a purely technical optimization problem and 

established a novel theoretical foundation rooted in organizational complexity, stake-

holder diversity, and context-dependent trade-offs. 

The research progressed through three interconnected phases: (1) identifying concep-

tual shortcomings in existing evaluation methodologies through a comprehensive litera-

ture review, (2) constructing a preliminary multi-dimensional framework based on theo-

retical gaps, and (3) conducting qualitative expert interviews to test, refine, and ultimately 

reconceptualize the framework. This abductive process enabled iterative movement be-

tween theory and empirical insight, resulting in both academic contributions and practical 

tools for organizations navigating the complex intersection of technical performance, 

strategic alignment, and institutional accountability. 

6.1.1 Addressing the Sub-Questions 
The four research sub-questions were systematically examined through thematic analy-

sis of seven expert interviews with participants spanning executive and practitioner roles 

across finance, consulting, and manufacturing sectors. The core empirical findings for 

each question are summarized below: 

RQ1: Organizational Context as Primary Evaluation Determinant 
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The study revealed that organizational conditions—such as regulatory constraints, ana-

lytical maturity, infrastructure readiness, and strategic orientation—do not merely serve 

as background factors but fundamentally shape how ML models are evaluated. Regula-

tory compliance emerged as a key gating mechanism, often defining the boundaries of 

acceptable solutions. As one participant from financial services noted, “everything is for-

bidden unless explicitly permitted,” illustrating the extent to which regulation governs 

evaluative logic. Similarly, data maturity was shown to be a prerequisite for any mean-

ingful evaluation, captured by a compelling metaphor: “If there’s no proper track, it 

doesn’t matter how good your car is.” 

Moreover, the findings highlighted consistent role-based divergence: executives priori-

tized strategic alignment, regulatory defensibility, and organizational reputation, while 

practitioners focused on technical feasibility, performance metrics, and resource limita-

tions. This reinforces the view that ML evaluation is an organizationally embedded prac-

tice rather than a purely technical procedure. 

RQ2: Systematic Inadequacy of Prescriptive Evaluation Paradigms 

Across all cases, participants characterized formal evaluation frameworks—such as 

CRISP-DM and enterprise AutoML tools—as disconnected from the realities of practice. 

Instead, organizations relied heavily on informal, emergent processes involving peer 

consultation, contextual judgment, and iterative learning. These socially constructed 

evaluation practices were described as more adaptable and effective than rigid formal 

methodologies. Rather than indicating a failure to implement standard frameworks, the 

absence of formalization reflected a deeper methodological misalignment. The recurring 

observation that “few formal frameworks are in use” despite widespread ML adoption 

underscores the organizational demand for evaluation approaches that accommodate 

complexity and context. 

RQ3: Trade-offs as Permanent Organizational Features Requiring Navigation 

The study further demonstrated that trade-offs—such as accuracy versus interpretability 

or standardization versus adaptation—are not temporary technical challenges but endur-

ing structural tensions embedded in organizational ML adoption. Rather than aiming for 

optimal solutions, participants described satisficing approaches focused on achieving 

“acceptable” results given institutional constraints. One participant stated, “Even a model 

with 95% accuracy can be rejected if people don’t understand it,” highlighting how stake-

holder buy-in and explainability can outweigh technical performance. These insights 

challenge the dominant view that evaluation should prioritize objective performance and 
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instead underscore the importance of frameworks that support structured trade-off navi-

gation in context-sensitive ways. 

RQ4: Paradigmatic Framework Reconceptualization 

The empirical findings did not simply refine the preliminary framework, they necessitated 

a fundamental reconceptualization of how ML evaluation should be structured. The final 

framework adopts a three-zone architecture consisting of: 

1. Strategic Context Assessment 

2. Translation Interface 

3. Multi-Dimensional Evaluation Core 

This design reflects the structural complexity revealed in the interviews and responds 

directly to the persistent translation gap between executive priorities and practitioner 

concerns. The inclusion of a color-coded pathway system enables organizations to dy-

namically derive evaluation priorities based on context, maturity, and stakeholder con-

figuration. In doing so, the framework offers a coherent yet adaptable structure that bal-

ances analytical rigor with real-world feasibility. 

6.2 Theoretical Contributions 

This study advances the theoretical discourse on machine learning (ML) evaluation by 

introducing a paradigmatic reconceptualization that challenges prevailing assumptions 

and establishes a diagnostic foundation for understanding ML evaluation as an organi-

zationally embedded practice. Rather than offering incremental refinements to existing 

frameworks, the research proposes three interrelated theoretical contributions that col-

lectively redefine how ML evaluation is conceptualized, practiced, and theorized in or-

ganizational settings. 

Diagnostic Evaluation Theory marks a fundamental shift from prescriptive optimization 

models to adaptive, diagnostic approaches. This reorientation positions evaluation 

frameworks not as universally applicable decision-making tools, but as organizational 

sense-making instruments designed to support context-sensitive interpretation, iterative 

learning, and cross-functional alignment. Evaluation is thus reframed as an ongoing in-

quiry process embedded within organizational systems, rather than a discrete act of al-

gorithmic selection. The theory foregrounds the inherently social, interpretive, and adap-

tive nature of ML decision-making. 

Organizational Embeddedness Theory extends understanding of evaluation by situat-

ing it within the broader institutional fabric of organizations. Empirical findings reveal that 



107 
 

evaluation practices simultaneously serve multiple institutional functions, including tech-

nical validation, strategic alignment, stakeholder coordination, and organizational learn-

ing. This challenges the adequacy of technically focused models, which tend to isolate 

evaluation from its socio-organizational context. Instead, evaluation emerges as a multi-

faceted practice shaped by internal structures, regulatory constraints, and institutional 

dynamics. 

Translation Gap Theory theorizes the structural misalignment between the evaluation 

logics of technical practitioners and strategic decision-makers. Rather than a communi-

cation problem, this gap reflects deep-rooted differences in risk perception, value priori-

tization, and decision-making criteria across organizational roles. By extending boundary 

object theory to ML evaluation contexts, this contribution conceptualizes frameworks as 

coordination infrastructures, tools that help mediate divergent perspectives and enable 

shared understanding without requiring consensus. 

Together, these contributions articulate an integrated theoretical foundation defined by 

four core principles: context primacy, adaptive capability, translation infrastructure, and 

emergent practice orientation. This framework not only advances the scholarly conver-

sation in ML evaluation, but also contributes to broader debates in organizational theory, 

information systems, and responsible AI. It invites future research on how organizations 

build and institutionalize evaluation capabilities in dynamic, high-stakes environments 

where strategic objectives, technical constraints, and stakeholder expectations must be 

continuously reconciled. 

6.3 Methodological Contributions 

The study's abductive research design proved exceptionally well-suited for developing 

paradigmatic theoretical contributions while maintaining rigorous empirical grounding. 

The methodological approach enabled the fundamental theoretical breakthrough of rec-

ognizing ML evaluation as organizationally embedded practice rather than technical op-

timization process through iterative confrontation between preliminary theoretical con-

structs and organizational realities revealed through expert interviews. 

The strategic deployment of a literature-derived preliminary framework as both analytical 

scaffold and empirical catalyst exemplifies sophisticated methodological design that en-

abled theoretical development transcending the limitations of both purely deductive hy-

pothesis testing and atheoretical inductive analysis. The systematic inclusion of partici-

pants across organizational hierarchies and sectoral contexts proved essential for iden-

tifying the translation gap as central theoretical phenomenon, contributing to theoretical 
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insights about organizational coordination mechanisms rather than simply documenting 

evaluation practices. 

Beyond enabling specific theoretical insights, this research demonstrates the value of 

abductive methodology for developing new theoretical understanding in rapidly evolving 

technological domains where existing frameworks prove inadequate. The integration of 

multi-stakeholder perspectives and iterative framework development provides methodo-

logical template for investigating organizational adoption of emerging technologies as 

complex socio-technical phenomena, contributing to applied AI research by demonstrat-

ing how qualitative methods can reveal organizational dynamics that quantitative ap-

proaches systematically overlook. 

6.4 Practical Implications and Implementation Guidance 

The findings of this study offer transformative practical implications for organizations aim-

ing to enhance their machine learning (ML) evaluation practices. The diagnostic frame-

work introduces a novel paradigm for organizational ML governance, one that bridges 

the gap between technical potential and business viability by emphasizing contextual 

sensitivity, stakeholder coordination, and adaptive decision-making. 

6.4.1 Strategic and Operational Leadership 
For senior leaders, the study underscores the need to move beyond technology acquisi-

tion toward developing sustainable organizational capabilities. The observed prevalence 

of informal, adaptive practices suggests that long-term success depends less on stand-

ardized procedures and more on fostering cross-functional learning environments. 

Strategic Guidance: 

Executives should reframe ML evaluation as an organizational learning process. This 

requires investment in enabling infrastructure, such as cross-functional collaboration 

mechanisms, stakeholder alignment routines, and governance structures that encourage 

reflective decision-making. Organizations may benefit from establishing ML Evaluation 

Centers of Excellence as internal hubs that foster the development of context-specific 

evaluation practices, rather than enforcing rigid, top-down frameworks. 

Operational Implementation: 

Operational managers should integrate diagnostic evaluation principles directly into ex-

isting project workflows. Stakeholder Alignment Workshops can be conducted at key 

milestones to jointly assess strategic context, technical constraints, and multi-dimen-
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sional performance expectations. By embedding these principles into standard pro-

cesses (e.g., project gates, business case development, and risk assessments), organ-

izations can ensure that evaluation becomes an integral, adaptive component of ML im-

plementation rather than a separate, compliance-driven activity. 

6.4.2 Organizational Change and Cross-Functional Coordina-
tion 

The empirical identification of the persistent translation gap between strategic and tech-

nical actors points to the need for structural coordination mechanisms. The diagnostic 

framework can act as a boundary object, a shared referential structure that facilitates 

communication across differing knowledge domains and organizational roles. 

Translation Infrastructure: 

Organizations should introduce dedicated translation facilitation roles within ML teams. 

These individuals would bridge strategic objectives and technical execution, ensuring 

that evaluation decisions are understood and justified from both perspectives. This also 

entails developing communication standards that require dual justification, where tech-

nical teams explain business implications and business leaders clarify technical expec-

tations. 

Capability Development: 

Rather than mandating rigid compliance, organizations should focus on cultivating inter-

nal capacity for adaptive evaluation. This includes providing tools, frameworks, and train-

ing that empower teams to develop context-appropriate practices. Creating cross-project 

learning mechanisms—such as forums for sharing evaluation challenges and emerging 

practices—can foster continuous improvement while building an evaluative culture 

rooted in practical relevance. 

6.4.3 Sector-Specific and Technological Implications 
The framework's flexibility allows it to be tailored across industries with differing con-

straints and evaluation logics. It accommodates both the rigor demanded by regulated 

environments and the agility required by innovation-driven sectors. 

Industry Adaptation: 

• In regulated industries, emphasis should be placed on auditability, ethical com-

pliance, and long-term traceability, without losing sight of operational relevance. 



110 
 

• Innovation-focused sectors can benefit from the framework’s support for explor-

atory evaluation approaches, enabling teams to experiment while maintaining 

strategic alignment. 

• Mature organizations can use the diagnostic structure to enhance existing gov-

ernance systems, focusing on closing translation gaps and building shared eval-

uative capacity across silos. 

Implications for Evaluation Technology Design: 

Developers of ML evaluation tools should design for diagnostic support, not prescriptive 

automation. Tools should help teams navigate organizational complexity and stake-

holder expectations rather than simply deliver optimization scores. Integration with exist-

ing enterprise systems and project management infrastructure is essential for ensuring 

adoption. In this context, the tools act not as decision-makers, but as enablers of organ-

izational learning and evaluative dialogue. 

6.5 Limitations of the Study 

This study contributes methodologically by demonstrating the effectiveness of an abduc-

tive research design in generating theoretically grounded, paradigm-shifting insights into 

machine learning (ML) evaluation practices. The abductive approach characterized by 

iterative movement between theory and empirical data, was particularly well-suited for 

uncovering the organizational embeddedness of ML evaluation, a dimension that con-

ventional deductive or inductive strategies may have failed to illuminate. 

The use of a literature-derived preliminary framework as both an analytical scaffold and 

an empirical catalyst exemplifies a sophisticated methodological strategy. This dual func-

tion enabled the research to move beyond the constraints of hypothesis-driven testing 

or purely emergent coding, supporting a dynamic engagement between theoretical con-

structs and the complex organizational realities surfaced through expert interviews. The 

iterative confrontation between conceptual assumptions and practical insights was in-

strumental in recognizing ML evaluation not as a neutral technical task, but as a socially 

situated and institutionally embedded organizational process. 

Crucially, the purposive inclusion of participants across organizational levels (executives 

and practitioners) and industry sectors enabled the identification of the translation gap 

as a core theoretical phenomenon. This cross-level design allowed the study to surface 

systemic role-based divergences in evaluation logic, thereby generating new insights 

into organizational coordination mechanisms that extend beyond descriptive accounts of 

evaluation practices. 
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More broadly, this research demonstrates the methodological utility of abductive reason-

ing in emerging technological contexts, where existing theoretical frameworks often lag 

behind practice. The integration of multi-stakeholder perspectives with iterative frame-

work refinement offers a replicable model for qualitative inquiry into complex socio-tech-

nical systems. In doing so, this study contributes to the methodological toolkit of applied 

AI research, showing how qualitative methods can yield deep, explanatory insights into 

the institutional dynamics that shape technology adoption, insights that remain obscured 

by conventional quantitative designs. 

6.6 Future Research Directions 

The theoretical and empirical contributions of this study establish a solid foundation for 

a new research agenda that conceptualizes machine learning (ML) evaluation as an or-

ganizationally embedded, context-sensitive, and socially coordinated practice. Future re-

search should seek to deepen, extend, and operationalize the diagnostic evaluation par-

adigm introduced in this thesis. These directions span implementation research, cross-

contextual validation, technological integration, and regulatory alignment. 

Implementation and Validation Research 

To demonstrate the practical relevance of the diagnostic evaluation paradigm, future 

studies should pursue longitudinal implementation research that examines how organi-

zations develop ML evaluation capabilities over time. Action research designs where re-

searchers collaborate with organizations throughout real-world ML project lifecycles, are 

particularly suitable for studying how the three-zone framework (Strategic Context As-

sessment, Translation Interface, and Multi-Dimensional Evaluation Core) supports learn-

ing, stakeholder alignment, and decision-making quality. Such research could also in-

vestigate the organizational enablers and barriers to embedding the framework into ex-

isting workflows, project structures, and governance mechanisms. 

Cross-Cultural and Contextual Extension 

Given the framework’s emphasis on contextual adaptation, comparative studies across 

cultural, regulatory, and institutional environments are essential. Future research should 

explore how ML evaluation practices vary across regions (e.g., emerging markets vs. 

mature economies), sectors (e.g., public vs. private), and organizational maturities. 

These studies could provide insights into how cultural values, institutional logics, and 

governance traditions influence evaluation logic and shape the nature of the translation 

gap. Such findings would support both refinement of the framework and its responsible 

generalization across global contexts. 
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Technology-Mediated Evaluation 

Rather than automating decision-making, future technologies should be designed to aug-

ment human judgment and facilitate collaborative evaluation processes. Research 

should explore how digital platforms and decision-support tools can operationalize diag-

nostic evaluation principles, supporting stakeholder coordination, real-time trade-off nav-

igation, and organizational learning. Particular emphasis should be placed on tools that 

facilitate structured cross-functional dialogue, capture contextual diagnostics, and dy-

namically tailor evaluation pathways. This line of inquiry would advance both human-

computer interaction (HCI) scholarship and the practical development of ML governance 

solutions aligned with the framework. 

Policy and Regulatory Alignment 

The study highlights how regulatory mandates often function as binding constraints on 

ML evaluation, particularly in high-risk sectors. Future research should investigate how 

diagnostic frameworks can support compliance with evolving governance regimes such 

as the EU AI Act, the NIST AI Risk Management Framework, and industry-specific reg-

ulations. Scholars might examine how diagnostic approaches help organizations balance 

compliance with adaptability, and how the framework can be leveraged to design audita-

ble, explainable, and legally defensible evaluation processes. This direction contributes 

to both AI ethics research and policy-oriented implementation studies. 

6.7 Final Reflections 

This thesis concludes by offering a paradigmatic reconceptualization of machine learning 

(ML) evaluation as an organizationally embedded, context-sensitive, and socially coor-

dinated process. The diagnostic framework developed through this study marks a fun-

damental shift in both theory and practice: it moves beyond the dominant paradigm of 

technical optimization and instead foregrounds evaluation as an institutional capability 

shaped by organizational context, stakeholder diversity, and persistent trade-offs. 

The framework’s architecture—comprising the Strategic Context Assessment, Transla-

tion Interface, and Multi-Dimensional Evaluation Core—positions diagnostic decision-

support as a more appropriate foundation for guiding ML adoption in complex organiza-

tional environments. It recognizes that evaluation is not a neutral, technical exercise but 

a dynamic coordination process involving competing priorities, evolving capabilities, and 

varying roles. This reorientation provides both a conceptual model for understanding 

evaluation complexity and a practical tool for improving evaluation quality and stake-

holder alignment. 
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The research advances theoretical understanding of ML evaluation by demonstrating 

that effective frameworks must function as learning infrastructures—supporting capabil-

ity development, cross-functional collaboration, and adaptive governance—rather than 

as static comparison mechanisms or rule-based templates. It builds on empirical insights 

from diverse organizations to show that informal evaluation practices, often dismissed in 

academic literature, provide crucial value in contexts where standardized solutions are 

either infeasible or inappropriate. 

Methodologically, this study exemplifies the value of abductive research in emerging do-

mains where theoretical clarity remains underdeveloped. The iterative process beginning 

with a literature-informed preliminary framework, refined through qualitative expert in-

sights, and culminating in a reconceptualized model, shows how qualitative inquiry can 

generate theoretically grounded yet practically relevant innovations. The integration of 

context-dependency, stakeholder variation, and trade-off navigation into the framework’s 

core design demonstrates how qualitative methods can surface dimensions of organiza-

tional practice that quantitative models often overlook. 

The resulting three-zone diagnostic framework provides a structured yet flexible ap-

proach to ML evaluation. It allows organizations to assess their readiness, identify role-

specific priorities, and navigate the inevitable tensions between technical, strategic, and 

ethical demands. Its color-coded pathway system further operationalizes the empirical 

insight that evaluation priorities should emerge from organizational conditions, not be 

imposed by abstract standards, facilitating stakeholder-specific interpretation and deci-

sion-making. 

This reconceptualization contributes meaningfully to the broader scholarly discourse on 

ML governance, AI adoption, and organizational learning. It challenges the prevailing 

assumption that increased dimensional coverage, or automation, leads to better evalua-

tion. Instead, it advocates for frameworks that preserve practitioner autonomy, enable 

context-sensitive deliberation, and support institutional learning. 

Looking forward, the framework offers a scalable foundation for future theoretical and 

applied research. Its adaptive design makes it suitable for extension into sector-specific 

applications—such as regulated industries, innovation-driven enterprises, and public 

service contexts—without compromising its theoretical coherence. It invites researchers 

and practitioners alike to reframe evaluation as an ongoing negotiation between capabil-

ity, constraint, and context. 

In sum, this study establishes the diagnostic framework as both a theoretical advance-

ment and a practical guide for navigating the enduring complexities of ML evaluation in 
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real-world organizational settings. By challenging reductionist models and promoting a 

holistic, role-sensitive, and learning-oriented approach, it contributes to bridging the long-

standing divide between ML theory and business implementation. Through this contribu-

tion, the thesis lays the foundation for a new generation of evaluation frameworks that 

are not only methodologically sound but also organizationally meaningful. 
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APPENDIX A: INTERVIEW GUIDE 

Interview Title: 

Exploring Business-Oriented Machine Learning Model Evaluation Practices 

Interview Format: 

• Duration: Approx. 45–60 minutes 

• Method: Remote interview via Microsoft Teams 

• Language: Finnish or English, depending on participant preference 

• Recording: Yes (with consent) 

• Transcription: Automated + manual correction 

• Framework artefact: Shared mid-interview for live discussion 

Structure and Estimated Timing 

Segment Duration (mins) Purpose 

1. Welcome and Consent 5 Clarify purpose, obtain consent 

2. Background Questions 5 Understand role, context 

3. Thematic Interview Questions 30 Explore core themes 

4. Framework Discussion 10–15 Co-evaluate and refine preliminary artefact 

- make a summary or/ask if any questions or more information to be shared 

5. Closing 5 Thank you, ask if participant wants results 

Interview Themes and Questions 

Warm-up and Background (5–7 min) 

• Could you briefly describe your current role and how it relates to machine learning 

projects? 

• What types of machine learning systems or models are used in your organiza-

tion? 

• How involved are you personally in the evaluation or selection of ML models? 

Interviewer notes: Use this section to assess the participant's perspective (strategic, 

managerial, or technical). Adjust emphasis on later questions accordingly. 

Theme 1: Current ML Evaluation Practices 
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Objective: Understand actual evaluation procedures in daily work. 

 

• Can you describe a recent situation where your team had to evaluate or select a 

machine learning model? 

• What kinds of criteria are typically used in your organization for model evaluation? 

• Who is involved in making model evaluation decisions? 

• Are there any tools, templates, or checklists that guide the evaluation process? 

Prompts: Ask for concrete examples. Clarify if evaluation criteria differ across project 

types. 

Theme 2: Business and Regulatory Constraints 

Objective: Reveal how broader organizational or regulatory requirements influence eval-

uation. 

• What business factors usually influence model selection in your organization? 

• Are there any compliance or legal requirements that affect how models are eval-

uated? 

• Do you have to align with internal governance or external reporting standards? 

• Have you ever had to reject or modify a model due to business or regulatory 

constraints? 

Prompts: Probe for issues related to explainability, fairness, risk, compliance, or internal 

stakeholder alignment. 

Theme 3: Perceived Limitations of Existing Frameworks 

Objective: Elicit opinions on current evaluation frameworks and practices. 

• Have you worked with evaluation frameworks like CRISP-DM, AutoML scoring, 

or internal scoring systems? 

• What limitations have you noticed in these approaches? 

• Are they flexible enough to handle the kinds of trade-offs you encounter? 

• Do you feel these frameworks reflect the needs of your business context? 

Prompts: If participant is unfamiliar with specific frameworks, ask how evaluation typically 

proceeds instead. 

Theme 4: Balancing Technical and Business Priorities 
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Objective: Explore how organizations deal with competing metrics and priorities. 

• How do you balance model accuracy with other concerns like interpretability, ro-

bustness, or cost? 

• Are performance trade-offs ever made explicit during evaluation? 

• Are sustainability, energy use, or social impact ever considered in your evaluation 

process? 

• How do different stakeholder groups (e.g., management vs. engineers) value dif-

ferent metrics? 

Prompts: Ask for internal conflicts or alignment strategies. Mention energy efficiency or 

carbon footprint if relevant. 

Theme 5: Evaluation Framework Co-Development 

Objective: Use framework artefact to refine and stress-test the conceptual model. 

• I'd like to show you a preliminary version of a multi-metric evaluation framework. 

What are your initial impressions? 

• Are any important dimensions missing or unclear? 

• Do you think this framework could be used in your organization? Why or why not? 

• How would you adapt this framework to your domain or team? 

Prompts: Encourage critique and elaboration. Use this section to gather practical recom-

mendations for refinement. 

Closing 

• Is there anything else you’d like to add or emphasize that we didn’t cover? 

• Would you like to receive a summary of the results once the research is com-

plete? 

• Thank you for your time and valuable insights. 
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APPENDIX B: OVERVIEW OF THE RESPONSES 
TO RESEARCH QUESTIONS 

Research 

Question 

Interviewee Key Themes Identified 

RQ1 M1 Business problem identification drives model selection; 

Model transferability limited by problem and data context; 

Data maturity often the bottleneck 

RQ1 S2 Cost constraints shape technical decisions; Client tech 

stack determines feasibility; Early-stage projects prioritize 

cost minimization 

RQ1 C3 Informal evaluation processes predominate; Tacit 

knowledge gathering across organization; Created per-

sonal scoring tables 

RQ1 C4 Regulation major factor in finance; Data privacy para-

mount in citizen-serving sectors; Business unit AI sugges-

tions often unsuitable 

RQ1 C5 Customer segmentation for upselling focus; Data quality 

and organizational maturity universal issues; Different cli-

ent maturity levels 

RQ1 F6 Financial services require explainability due to regulation; 

Fraud detection prioritizes latency and precision-recall; 

Strong governance and ownership needed 

RQ1 C7 Customer segmentation for sales optimization; High-value 

customer identification common use case 

RQ2 M1 No formal framework used; Business problem identifica-

tion approach; Need for structured approach acknowl-

edged 

RQ2 S2 Decisions based on team expertise and client tech stack; 

No formal frameworks in use 
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RQ2 C3 Created simple scoring table for tool assessment; Process 

mostly informal with colleague consultation; Tacit 

knowledge gathering 

RQ2 C4 Few formal frameworks in use; Decisions pragmatic and 

context-dependent 

RQ2 C5 Case-by-case approach relying on experience; No frame-

works encountered at working scale in Finland 

RQ2 F6 Internal standards built due to lack of suitable external 

frameworks 

RQ2 C7 CRISP-DM used but "maybe a bit outdated at times"; 

Mostly ad hoc processes with little structure 

RQ3 M1 Model transferability vs. problem specificity; Reusability 

depends on problem and data 

RQ3 S2 Cost vs. technical sophistication; Infrastructure costs can 

force abandonment of technical approaches 

RQ3 C3 [Limited evidence of specific trade-offs in quotes] 

RQ3 C4 [Limited evidence of specific trade-offs in quotes] 

RQ3 C5 Explainability vs. accuracy (95% accuracy can be rejected 

if not understood); Black-box models rarely reach produc-

tion 

RQ3 F6 Simple models preferred if acceptable results and easier 

to explain; Latency and precision-recall vs. general accu-

racy in fraud detection 

RQ3 C7 [Limited evidence of specific trade-offs in quotes] 

RQ4 M1 Include organization's data maturity in framework; Data 

quality often the bottleneck rather than model 

RQ4 S2 Framework solid, explainability often overlooked but im-

portant 

RQ4 C3 [Limited evidence of specific framework feedback in 

quotes] 
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RQ4 C4 [Limited evidence of specific framework feedback in 

quotes] 

RQ4 C5 Checklist would be useful for companies; Funnel with 

yes/no questions about regulation, data volume, complex-

ity; Realistic about client maturity levels 

RQ4 F6 Framework could bridge technical and strategic evalua-

tion; Adapt to different maturity levels; Lack of coordina-

tion between business and technical teams; Need strong 

governance and end-to-end ownership 

RQ4 C7 Put more weight on human element; Make 'organization 

and people' its own category 

 


