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Despite decades of research, the evaluation of health information systems 

continues to be characterised by unresolved disagreements regarding 

evidence, success and accountability. These tensions are intensifying as 

artificial intelligence is increasingly integrated into clinical systems. The 

critical literature review examines current research on health information 

system evaluation from information systems and medical informatics journals 

published between 2000 and 2025 to analyse how controversies are shaped 

by underlying assumptions about technology and the expected goals of 

evaluation. Using a matrix framework that relates technology concepts to 

evaluation purposes, the analysis identifies connections between 

instrumental, sociotechnical, and institutional perspectives and corresponding 

evaluation logics, showing that controversies reflect ontological and 

normative differences rather than methodological pluralism. For AI-enabled 

health information systems, the study identifies a growing risk that 

governance-driven legitimisation could stabilise systems through standards 

and compliance before a practice-based understanding has been developed. 

The study proposes a socially embedded evaluation approach for future 

research that emphasises how AI is reshaping agency, accountability and 

learning in clinical practice. 

1. Introduction 

The increasing legitimation and mobilisation of 

artificial intelligence (AI) mark a new 

technological era, with healthcare among the 

most affected sectors (Davenport & Kalakota, 

2019; Topol, 2019). In the United States alone, 

widespread AI adoption is projected to generate 

net savings of approximately 200 to 350 billion 

US dollars within the next five years (Sahni et 

al., 2023). When embedded in health information 

systems (HIS), AI is expected to transform not 

only diagnostic and therapeutic practices (Serin 
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et al., 2025), but also how hospitals 

communicate, coordinate work, and distribute 

authority (Cross et al., 2024; Olawade et al., 

2025). Understanding these shifts requires 

attention to evaluation as a mechanism through 

which control, learning, and legitimation are 

produced (Avgar et al., 2018; Mohsin Khan et 

al., 2025; Rozenblit et al., 2025). 

Evaluation of HIS has a long tradition in 

information systems (IS) and medical 

informatics (MI), generating an extensive body 

of research (Neame et al., 2020; Yusof et al., 
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2007). Nevertheless, there is still considerable 

debate about how HIS should be evaluated, what 

constitutes success, and whose perspectives 

should inform such assessments (Adjerid et al., 

2018; Venkatesh et al., 2011). As AI becomes 

increasingly embedded in HIS, these debates 

gain renewed urgency, as existing evaluation 

approaches are confronted with AI systems 

whose adaptive and probabilistic operation 

complicates interpretability in clinical practice 

(Lebovitz et al., 2021). Based on these 

considerations, this literature review examines 

how established approaches to HIS evaluation 

are shaped by underlying assumptions about 

technology and the expected goals of evaluation, 

and how these assumptions are reinforced as AI 

becomes increasingly integrated into clinical 

systems. Subsequently, the following research 

question arises: “How do divergent 

technological ontologies and evaluative purposes 

underpin persistent controversies in HIS 

evaluation, particularly considering the 

increasing implementation of AI-enabled 

systems?” 

The literature review addresses this question by 

critically analysing the latest HIS evaluation 

research contributions from the last 25 years. The 

review adopts a critical rather than a systematic 

approach and is informed by targeted research in 

IS and MI journals, including empirical studies, 

conceptual framework contributions, and 

systematic reviews. To ground the analysis 

theoretically, a matrix-based framework is 

employed integrating two complementary 

theoretical perspectives. The first examines 

technology through instrumental, sociotechnical, 

and institutional lenses (Goodhue & Thompson, 

1995; Kling & Iacono, 1989; Orlikowski, 2000). 

The second draws on evaluation theory to 

distinguish between control-, learning-, and 

legitimation-oriented purposes of evaluation 

(Chelimsky, 1997; Preskill & Torres, 1999; 

Dahler-Larsen, 2012). Structurally, the 

underlying theoretical frameworks will be first 

introduced, followed by the analysis of HIS 

evaluation research through the matrix 

framework, before areas of convergence and 

controversy will be synthesised and implications 

for evaluating AI-enabled HIS will be discussed. 

 

2. Theoretical Framework 

The theoretical framework integrates two 

analytical lenses, capturing how conceptions of 

technology shape understandings of HIS at a 

meta-level while distinguishing core evaluative 

purposes at a functional level. 

2.1 Instrumental, Sociotechnical and 

Institutional Views of Technology 

Research on information systems and 

organisations can be distinguished by three 

dominant perspectives on technology that imply 

different understandings of HIS and their effects. 

Instrumental perspectives, rooted in early IS 

success and task–technology fit models, 

conceptualise technology as a bounded 

functional artefact whose value is assessed 

through measurable performance, efficiency, and 

usage outcomes (DeLone & McLean, 1992; 

Goodhue & Thompson, 1995). Human and 

organisational factors are treated primarily as 

variables influencing effectiveness, reinforcing 

managerial logics of optimisation and control 

(Kling, 1987; Latour, 1987). Sociotechnical 

perspectives challenge this view by rejecting 

assumptions of technological neutrality and 

instead conceptualising technology as enacted 

through ongoing interactions between social 

structures and material artefacts (Orlikowski, 

1992; Orlikowski, 2000). Technological effects 

are understood as emergent and contextual, 

shaped through use and adaptation, shifting 

analytical attention from system performance to 

technology-in-use within organisations. 

Institutional perspectives share a similar set of 

assumptions on social embeddedness but extend 

the analytical focus to macro-level conditions 

under which technologies and their evaluation 
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acquire legitimacy. Technologies are embedded 

in political and regulatory frameworks that 

determine what is defined as necessary and 

acceptable (Avgerou, 2000; Kling & Iacono, 

1989). Thus, evaluation is examined as an 

institutional process through which 

technological trajectories are authorised and 

organisational actions stabilised (Klecun & 

Cornford, 2005; Klecun et al., 2014). 

2.2 Evaluation as Control, Learning and 

Legitimation 

Across evaluation theory and organisational 

research, evaluation is predominantly associated 

with three analytically distinct but overlapping 

purposes: control, learning, and legitimation. 

Control-oriented traditions conceptualise 

evaluation as a mechanism of accountability and 

performance steering, closely linked to audit 

practices, comparability, and managerial 

oversight (Behn, 2003; Chelimsky, 1997; Power, 

1997). As captured in March’s (1991) 

exploitation–exploration distinction, these 

approaches risk prioritising optimisation over 

adaptability. Learning-oriented perspectives 

respond to this tension by framing evaluation as 

a developmental process through which actors 

reflect on experience, revise assumptions, and 

adapt practices over time (Preskill & Torres, 

1999). Legitimacy-oriented perspectives 

emphasise the role of evaluation in creating 

credibility, acceptance and consistency with 

institutional expectations, thereby supporting 

organisational action in political, regulatory and 

professional environments (Dahler-Larsen, 2012; 

Meyer & Rowan, 1977). 

3. Critical Review Methodology 

The review adopts a critical rather than 

systematic approach, reflecting a deliberate 

epistemological choice rather than a 

methodological limitation. Critical literature 

reviews are oriented toward conceptual 

interrogation, examining how a field constructs 

its objects of inquiry, what ontological and 

normative assumptions underpin dominant 

approaches, and where structural tensions and 

explanatory gaps persist across the accumulated 

body of scholarship (Hart, 1998; Snyder, 2019; 

Torraco, 2005). Rather than treating the literature 

as a repository of findings to be understood, 

critical surveys engage with it as an intellectual 

field whose controversies are analytically 

significant in themselves and require explanation. 

The evaluation of HIS represents precisely such 

an area, since despite decades of empirical 

contributions, framework developments and 

systematic reviews, there remain profound 

differences of opinion about what constitutes 

success, what counts as valid evidence, and 

whose perspectives should be taken into account 

in the evaluation (Ammenwerth et al., 2003; 

Greenhalgh et al., 2017; Neame et al., 2020). 

Thus, a critical approach is analytically 

necessary to move beyond cataloguing 

methodological variation toward explaining why 

controversies persist and what assumptions 

sustain them. 

The literature corpus was constructed through 

targeted searches across Google Scholar, 

PubMed, and the ACM Digital Library, using 

search terms combining “health information 

system evaluation”, “HIS evaluation 

framework”, “digital health evaluation theory”, 

and “AI health information system evaluation”. 

Searches were concentrated on peer-reviewed 

contributions from journals central to IS and MI 

scholarship. Additional contributions were 

identified through backward citation tracing 

from highly cited empirical evaluation, 

framework and review papers, ensuring 

foundational theoretical works were 

incorporated even where they predated the 

primary search window. The search covered 

publications from 2000 to 2025, capturing 

contemporary developments in HIS evaluation, 

including emerging challenges associated with 

AI (Ammenwerth et al., 2003; Cresswell et al., 
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2024; Neame et al., 2020). The final corpus 

comprised 50 empirical studies, conceptual 

contributions, and systematic reviews.  

Table 1: Classification of the Reviewed Literature by Perspective and Type of Contribution

  
 

Empirical Evaluations Evaluation Framework  Literature Reviews** 

Instrumental 

perspective* 

Adjerid et al. (2018) 

Barber et al. (2006) 

Farzandipour et al. 

(2022) 

Menon et al. (2000) 

Tsiknakis & Kouroubali 

(2009) 

Ancker et al. (2012) 

Dixon et al. (2010) 

Ji et al. (2021) 

Ahmadian et al. (2015) 

Andargoli et al. (2017) 

Ammenwerth et al. 

(2003) 

Ammenwert et al. 

(2004) 

Nykänen & Kaipio 

(2016) 

Wronikowska et al. 

(2021) 

Sociotechnical 

perspective* 

Greenhalgh et al. (2013) 

Hendy et al. (2025) 

Ostervang et al. (2024) 

Westbrook et al. (2007) 

Yusof (2015) 

Effken (2002) 

Greenhalgh et al. (2017) 

Jacob et al. (2025) 

Kaplan & Harris-

Salamone (2009) 

Kaplan & Shaw (2004) 

Lagsten (2011) 

Reddy et al. (2021) 

Shaw (2002) 

Sockolow et al. (2012) 

Yusof et al. (2008) 

Cresswell & Sheikh 

(2014) 

Holden & Karsh (2010) 

Lilford et al. (2009) 

Neame et al. (2020) 

Sligo et al. (2017) 

Yusof et al. (2007) 

Institutional 

perspective* 

Abdelgawad et al. 

(2024) 

Addo & Aqyepong 

(2025) 

AlHussainan & 

Alhuwail (2025) 

Ha et al.(2025) 

Lebovitz et al. (2021) 

Woods et al. (2024) 

Klecun & Cornford 

(2005) 

Klecun et al. (2014) 

Takian et al. (2012) 

Vassey et al. (2022) 

Cresswell et al. (2024) 

Magrabi et al. (2016) 

Noël et al. (2022) 

Sacramento et al. (2025) 

* The perspectives and corresponding allocation of papers displayed represent the dominant conceptual 

framing of each study, while recognising that many contributions incorporate multiple, overlapping theoretical 

logics. 

** The allocation reflects the prevailing analytical orientation of each literature review rather than a rigid 

theoretical assignment, acknowledging that review studies in particular frequently integrate multiple 

perspectives on technology and evaluation. 
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Studies were selected to achieve theoretical 

breadth across instrumental, sociotechnical, and 

institutional perspectives rather than exhaustive 

coverage, prioritising contributions that 

explicitly engage with questions of evaluation 

purpose, methodology, or theoretical framing. 

Each study was analysed to identify the 

dominant theoretical perspective underlying its 

primary conceptual framing of technology and 

its stated or implied evaluative orientation, 

drawing on established distinctions in IS and 

evaluation theory to guide the interpretive 

process (Hart, 1998; Klecun & Cornford, 2005; 

Orlikowski, 2000). Where contributions drew on 

multiple perspectives, classification reflected the 

overarching analytical logic of the study rather 

than a rigid categorical assignment, 

acknowledging that theoretical boundaries in the 

field are frequently porous and contested. The 

interpretive dimensions of this process are 

consistent with the epistemological 

commitments of critical review methodology, in 

which analytical judgement is not a source of 

weakness but a condition of theoretically 

informed engagement with the literature (Snyder, 

2019; Torraco, 2005). Table 1 provides an 

overview of the reviewed literature classified by 

perspective and contribution type. 

4. Critical Analysis of Theoretical 

Perspective 

4.1 Instrumental HIS Evaluation: Technology as 

Tool 

Instrumental HIS evaluation is dominated by a 

logic of control that frames success as the 

optimisation of predefined objectives like 

efficiency, cost reduction, and adoption (Ancker 

et al., 2012; Barber et al., 2006; Menon et al., 

2000). Despite methodological diversity, the 

instrumental strand shares the assumption that 

HIS system value can be rendered visible 

through quantifiable outcomes and standardised 

indicators that enable causal attribution between 

implementation and effects (Dixon et al., 2010; 

Ji et al., 2021). Economic evaluations 

operationalise success through productivity and 

expenditure effects (Adjerid et al., 2018; Menon 

et al., 2000), while safety and usability studies 

rely on standardised performance metrics 

(Ancker et al., 2012; Barber et al., 2006; 

Farzandipour et al., 2022; Wronikowska et al., 

2021). Framework and review contributions 

reinforce this orientation by formalising what is 

evaluated and how, thereby privileging rigour, 

validity, and comparability as core evaluative 

criteria (Ahmadian et al., 2015; Ammenwerth et 

al., 2004; Andargoli et al., 2017; Nykänen & 

Kaipio, 2016). 

The instrumental evaluative logic is grounded in 

an ontology that treats HIS as bounded technical 

artefacts whose effects can be analytically 

separated from their social context of use 

(Goodhue & Thompson, 1995). HIS are framed 

as tools acting upon organisations, with impacts 

assumed to be identifiable through performance 

indicators, economic models, or usability metrics 

(Dixon et al., 2010; Farzandipour et al., 2022; 

Menon et al., 2000). Fit based approaches extend 

the analytical scope to human and organisational 

factors while retaining the assumption that 

misalignments can be resolved through 

improved design and measurement (Tsiknakis & 

Kouroubali, 2009). Consequently, instrumental 

evaluation prioritises functions such as 

performance monitoring, risk management, and 

accountability, aligning evaluation closely with 

managerial oversight and external reporting 

requirements (Adjerid et al., 2018; Barber et al., 

2006; Menon et al., 2000). Learning remains 

largely confined to incremental system 

refinement rather than reflective engagement 

with changing practices, while legitimation 

operates implicitly by stabilising narratives of 

efficiency and safety that justify continued 

investment and policy support without becoming 

explicit objects of evaluation (Ammenwerth et 
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al., 2004; Ji et al., 2021; Menon et al., 2000). 

Although instrumental approaches enable 

standardisation and comparability, they obscure 

how meanings, responsibilities and practices 

evolve in use. An omission that has 

consequences for AI-enabled HIS, where 

systems achieve good indicator values but 

simultaneously reshape clinical reasoning 

(Lebovitz et al., 2021). 

4.2 Sociotechnical HIS Evaluation: Technology 

as Practice 

In contrast to instrumental approaches, 

sociotechnical HIS evaluation treats outcomes as 

emergent rather than predefined, directing 

analytical attention to use and practice 

(Orlikowski, 2000). Thus, evaluation focuses on 

implementation trajectories, appropriation, and 

the reconfiguration of work practices, shifting 

attention away from retrospective assessments of 

system effects (Greenhalgh et al., 2013; 

Westbrook et al., 2007). Success is understood 

through integration into clinical routines, 

professional judgement, and organisational 

coordination instead of performance indicators 

alone (Cresswell & Sheikh, 2014; Westbrook et 

al., 2007). This understanding supports the use of 

qualitative, mixed method, and longitudinal 

designs that foreground situated use, stakeholder 

interpretations, and temporal dynamics (Kaplan 

& Shaw, 2004; Lagsten, 2011; Ostervang et al., 

2024; Sligo et al., 2017). Methodological 

pluralism is therefore treated as necessary for 

capturing the emergent character of HIS 

practices, including variation across 

organisational layers (Hendy et al., 2025; Lilford 

et al., 2009; Neame et al., 2020). 

At a conceptual level, sociotechnical evaluation 

rests on a relational view of technology that 

rejects assumptions of neutrality and fixed 

effects. HIS are understood as socio material 

arrangements whose meanings and 

consequences arise through enactment in 

practice rather than residing in technical artefacts 

alone (Effken, 2002; Orlikowski, 2000). 

Outcomes emerge from recursive interactions 

among material features, organisational routines, 

professional norms, and local adaptations, 

rendering variation in usage analytically 

informative rather than symptomatic of failure 

(Greenhalgh et al., 2017). Sociotechnically 

informed fit and acceptance models, including 

the HOT fit framework, reflect this view by 

incorporating human, organisational, and 

contextual dimensions into evaluation (Holden 

& Karsh, 2010; Yusof et al., 2007; Yusof et al., 

2008; Yusof, 2015). Hence, sociotechnical work 

foregrounds learning through reflection, 

adaptation, and sensemaking, while control-

oriented mechanisms are frequently questioned 

for obscuring the complexity of clinical work 

(Kaplan & Harris-Salamone, 2009; Shaw, 2002; 

Sockolow et al., 2012). Legitimation tends to 

remain implicit, as evaluations may reinforce 

confidence and continued investment by 

demonstrating adaptive implementation without 

being articulated as an explicit evaluative aim 

(Jacob et al., 2025; Reddy et al., 2021). By 

foregrounding learning and situated use, 

sociotechnical studies provide critical insight 

into why technologies succeed or fail in real 

clinical settings (Cresswell & Sheikh, 2014; 

Westbrook et al., 2007). At the same time, 

sociotechnical research often resists stabilised 

success criteria, which can limit its capacity to 

inform large scale decision making, regulation, 

and resource allocation (Lilford et al., 2009; 

Neame et al., 2020). In AI-enabled HIS, this 

tension can become particularly salient, as richly 

contextualised insights must compete with 

demands for standardisation, comparability, and 

actionable evaluation outputs (Greenhalgh et al., 

2013; Kaplan & Shaw, 2004). Without 

mechanisms linking sociotechnical learning to 

governance, learning risks remaining localised. 

4.3 Institutional HIS Evaluation: Technology as 

Power, Legitimacy and Political Artefact 
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Institutional perspectives conceptualise HIS 

evaluation as a constitutive practice through 

which technologies become authorised and 

stabilised within healthcare systems (Avgerou, 

2000; Kling & Iacono, 1989). Rather than 

treating stability as the result of demonstrable 

technical effectiveness, the literature emphasises 

how alignment with regulatory expectations, 

professional norms, and policy agendas enables 

technologies to endure and expand (Klecun & 

Cornford, 2005; Klecun et al., 2014; Takian et al., 

2012). Evaluation is therefore not positioned as 

an external judgement applied after 

implementation, but as an institutional process 

that shapes technological trajectories by defining 

what counts as acceptable evidence, appropriate 

risk, and responsible innovation (Avgerou, 2000; 

Dahler-Larsen, 2012; Meyer & Rowan, 1977). 

From this viewpoint, evidence itself is 

understood as institutionally produced and 

interpreted, meaning that evaluation participates 

directly in constructing the criteria by which 

technologies are judged and legitimised. 

As a result, HIS operate as governance artefacts 

by embedding regulatory rules and professional 

hierarchies directly into technical systems 

(Klecun & Cornford, 2005; Abdelgawad et al., 

2024; Addo & Aqyepong, 2025). Through this, 

they shape the organisation’s actions by 

determining which activities can be monitored, 

compared or sanctioned, and thus often guide 

behaviour without the need for direct action on 

the part of management or supervisory 

authorities (Avgerou, 2000; Woods et al., 2024). 

Subsequently, evaluation plays a central role in 

this process by establishing evidentiary 

thresholds, compliance practices, and 

accountability mechanisms that support system 

level oversight (AlHussainan & Alhuwail, 2025; 

Noël et al., 2022; Sacramento et al., 2025). 

Legitimation emerges as the dominant evaluative 

function, particularly in AI-enabled HIS, where 

standards, reporting requirements, and early 

clinical evaluations constitute the conditions 

under which algorithmic systems are recognised 

as credible clinical actors (Cresswell et al., 2024; 

Lebovitz et al., 2021; Vasey et al., 2022). Control 

is exercised mainly through governance 

mechanisms, with evaluation enabling oversight 

by defining standards, accreditation 

requirements, and compliance procedures rather 

than by directly enforcing performance targets 

(Noël et al., 2022; Sacramento et al., 2025). 

Learning remains present but is largely 

channelled through institutional mechanisms, as 

safety incidents or failures prompt regulatory 

recalibration while being constrained by 

concerns over public trust, investment protection, 

and reform continuity (Ha et al., 2025; Magrabi 

et al., 2016). Subsequently, a central risk of 

institutional evaluation is that legitimacy may be 

secured faster than critical learning can occur. In 

AI-enabled HIS, systems may therefore become 

stabilised through compliance and standards 

before their organisational and clinical 

consequences are fully understood, making later 

contestation or redesign difficult (Avgerou, 2000; 

Dahler-Larsen, 2012; Lebovitz et al., 2021). 

Addressing this risk ultimately requires 

evaluation approaches that move beyond 

compliance-oriented legitimation toward 

socially embedded practices capable of keeping 

pace with the evolving organisational and 

clinical consequences of AI integration. 

5. Critical Synthesis 

Across three decades of HIS evaluation research, 

a set of shared orientations and persistent points 

of contention can be identified. Despite 

substantial theoretical and methodological 

diversity, the literature broadly converges on the 

recognition that HIS interventions unfold in 

complex, context-dependent, and multi-actor 

environments, limiting the plausibility of purely 

technical or decontextualised evaluation 

approaches (Ammenwerth et al., 2003; 

Cresswell & Sheikh, 2014; Klecun et al., 2014). 

There is also growing agreement that single-
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method and purely cross-sectional designs are 

insufficient to capture temporal dynamics, 

unintended consequences, and adaptive 

processes associated with digital health 

interventions (Lilford et al., 2009; Neame et al., 

2020; Sligo et al., 2017). Moreover, scholars 

increasingly emphasise the inclusion of multiple 

stakeholder perspectives, including clinicians, 

managers, patients, and regulators, to avoid 

systematically partial representations of HIS 

effects (Cresswell et al., 2024; Magrabi et al., 

2016; Yusof et al., 2007). These areas of 

convergence indicate a gradual shift away from 

narrow technical notions of evaluation toward 

more relational and process-sensitive 

understandings. 

At the same time, the literature remains 

structured by enduring controversies that resist 

resolution. Central among these is disagreement 

over what constitutes “successful” HIS 

evaluation and who is entitled to define it. 

Instrumental approaches prioritise efficiency, 

safety, and cost containment, sociotechnical 

studies emphasise situated usefulness and 

practice change, and institutional analyses 

foreground legitimacy, policy alignment, and 

regulatory credibility, producing evaluative 

logics that remain only partially commensurable 

(Ammenwerth et al., 2003; Greenhalgh et al., 

2017). Closely related tensions concern whether 

standardised evaluation frameworks can be 

meaningfully transferred across heterogeneous 

organisational, national, and technological 

contexts (Sligo et al., 2017; Yusof et al., 2007; 

Sacramento et al., 2025). Further controversy 

surrounds the status of objectivity, as 

sociotechnical and institutional research 

repeatedly demonstrates how evaluation 

outcomes are shaped by governance 

arrangements, professional interests, and 

epistemic conventions rather than neutral 

measurement alone (Lebovitz et al., 2021; 

Magrabi et al., 2016). An overview of these areas 

of consensus and controversy is provided in 

Figure 1. 

Figure 1: Areas of Consensus and Controversy in HIS Evaluation Literature 
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While Figure 1 summarises points of consensus 

and controversy, the matrix analysis offers a 

deeper explanation of why disagreements persist 

across the HIS evaluation literature. By 

systematically relating technological ontologies 

to evaluative purposes, the matrix, being 

illustratively summarised in Figure 2, reveals 

that debates are rooted in divergent assumptions 

about what technology is, how effects are 

produced, and what evaluation is meant to 

achieve (Greenhalgh et al., 2017; Klecun & 

Cornford, 2005). Disagreement therefore does 

not primarily arise from insufficient data or 

inadequate methods, but from structurally 

different configurations that shape what is 

rendered visible, relevant, and actionable 

through evaluation. 

Instrumental configurations couple a 

technology-as-tool ontology with control-

oriented evaluation, producing a logic centred on 

verification, optimisation, and risk management 

(Ammenwerth et al., 2003; Ahmadian et al., 

2015). Within this configuration, success is 

framed in terms of efficiency, safety, and cost 

containment, while organisational dynamics and 

professional judgement are treated as secondary 

or confounding factors (Menon et al., 2000; 

Barber et al., 2006). The matrix clarifies that 

controversies surrounding narrow success 

definitions or claims of objectivity follow 

directly from these assumptions about causal 

attribution and evaluative authority (Nykänen & 

Kaipio, 2016).

Figure 2: HIS Evaluation Literature Matrix Analysis  

Sociotechnical configurations align a 

technology-as-practice ontology with learning-

oriented evaluation. Evaluation here is oriented 

toward understanding appropriation, adaptation, 

and sensemaking in use, rather than enforcing 

predefined performance targets (Westbrook et al., 

2007; Cresswell & Sheikh, 2014; Greenhalgh et 

al., 2017). The matrix can help explain why 

sociotechnical studies keep questioning 

standardised indicators and cross-context 

comparability, since these criticisms originate 

from an ontology that sees results as emerging 

and context-dependent rather than stable effects 

(Lilford et al., 2009; Sligo et al., 2017). At the 
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same time, the analysis reveals internal tensions 

in which learning-oriented evaluation struggles 

to translate local findings into forms that are 

readable for policymakers and large-scale 

decision-making processes (Neame et al., 2020). 

Institutional configurations link technology as an 

institutional artefact with legitimacy-oriented 

evaluation and redefine evaluation as a 

mechanism of governance rather than an 

instrument for performance assessment (Klecun 

& Cornford, 2005; Takian et al., 2012). Within 

this configuration, evaluation stabilises reform 

processes, approves investments and ensures the 

credibility of regulation, particularly in the case 

of large-scale digital programmes and AI-

supported systems (Klecun et al., 2014; 

Cresswell et al., 2024; Lebovitz et al., 2021). The 

analysis illustrates that institutional control does 

not work through performance indicators, but 

rather through the establishment of standards, 

accreditations and evidence conventions, thereby 

shaping what is considered an acceptable risk, 

responsibility and knowledge (Magrabi et al., 

2016; Noël et al., 2022). 

Across all three configurations, the matrix 

analysis indicates that control, learning, and 

legitimation are rarely absent, but rather are 

hierarchically ordered and articulated differently 

depending on the prevailing technological 

ontology. These findings contribute to 

explaining why efforts to “improve” HIS 

assessment by adding methods or expanding 

indicator sets often fail to resolve the underlying 

controversies (Ammenwerth et al., 2003; 

Greenhalgh et al., 2017). Without considering 

the configuration of technological assumptions 

and evaluation purposes, interventions risk 

reproducing existing tensions rather than 

overcoming them. Therefore, the matrix offers a 

diagnostic perspective that goes beyond merely 

cataloguing approaches and explains the 

structural persistence of disagreements in HIS 

evaluation research. 

6. Implications for AI in HIS 

The analysis provides a basis for rethinking how 

AI-enabled HIS should be evaluated. AI 

exacerbates familiar evaluation problems by 

replacing stable system behaviour with adaptive 

and probabilistic processes that fundamentally 

complicate assessment in clinical practice (Cross 

et al., 2024; Lebovitz et al., 2021). Instrumental 

indicators such as accuracy and performance 

benchmarks remain necessary but are 

insufficient on their own, as relying on them 

exclusively risks reproducing the limitations of 

tool-oriented evaluation approaches that abstract 

technology from its conditions of use (Ji et al., 

2021; Vasey et al., 2022). Quantitative metrics 

are therefore most analytically productive when 

embedded within sociotechnical evaluation 

designs that examine how algorithmic outputs 

are interpreted in clinical reasoning and how 

responsibility and trust are redistributed between 

clinicians and systems (Cresswell & Sheikh, 

2014; Greenhalgh et al., 2017; Westbrook et al., 

2007). 

From an institutional perspective, AI evaluation 

increasingly functions as a site of legitimation, 

where standards, governance frameworks, and 

early clinical evaluation protocols shape the 

conditions under which AI becomes acceptable 

in healthcare (Cresswell et al., 2024; Olawade et 

al., 2025; Vasey et al., 2022). A key risk arising 

from the situation is that legitimisation creates a 

learning gap in which institutional legitimisation 

outpaces sociotechnical understanding. 

Compliance with standards, reporting 

requirements, and early trials may stabilise AI 

systems before their implications for clinical 

reasoning, professional authority, and work 

practices are adequately understood. Empirically, 

the gap manifests as rapid regulatory approval 

and organisational adoption alongside limited 

insight into how AI systems are enacted, adapted, 

or contested in everyday clinical practice 

(Magrabi et al., 2016; Mohsin Khan et al., 2025). 
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As identified in section 4.3, existing institutional 

frameworks are not structurally equipped to 

close this gap, precisely because their evaluative 

logic privileges legitimation over learning. 

AI-enabled HIS therefore require a shift from 

universal evaluation models toward approaches 

that are explicitly sensitive to the organisational 

and social contexts in which algorithmic systems 

are embedded (Cross et al., 2024). For narrowly 

scoped applications with relatively stable 

workflows and limited discretion, traditional 

evaluation designs may remain sufficient. As AI 

systems increasingly reconfigure clinical 

decision-making, professional authority, and 

accountability structures, however, evaluation 

must move beyond outcome validation to 

examine how agency and responsibility are 

redistributed between human and algorithmic 

actors in practice (Anthony et al., 2023; Lebovitz 

et al., 2021). This demands an evaluative 

orientation that treats learning not as a terminal 

assessment of system performance but as an 

ongoing, reflexive process through which 

clinicians, organisations, and governance bodies 

collectively develop understanding of AI in use. 

These considerations together point toward a 

socially embedded evaluation approach as a 

necessary corrective to the limitations identified 

across all three configurations. Such an approach 

would be distinguished by four analytical 

principles. First, evaluation is treated as 

constitutively embedded in social and 

organisational practice rather than applied to it 

from the outside (Klecun & Cornford, 2005; 

Orlikowski, 2000). Second, agency and 

accountability are analysed as distributed across 

human and algorithmic actors rather than 

assigned to systems or individuals in isolation 

(Anthony et al., 2023; Lebovitz et al., 2021). 

Third, learning is foregrounded as a continuous 

and reflexive process rather than a terminal 

judgement of system effectiveness (Preskill & 

Torres, 1999; Westbrook et al., 2007). Fourth, 

institutional legitimation mechanisms are 

subjected to critical scrutiny rather than adopted 

as evaluative endpoints, ensuring that 

governance processes remain responsive to 

emerging sociotechnical understanding (Dahler-

Larsen, 2012; Meyer & Rowan, 1977). 

Operationalising these principles requires 

evaluation designs that integrate longitudinal, 

qualitative, and participatory methods with 

governance-level analysis, thus moving beyond 

the partial commensurability of existing 

configurations toward a more integrated and 

reflexive evaluative practice (Greenhalgh et al., 

2017; Kaplan & Shaw, 2004; Neame et al., 2020). 

7. Limitations 

The critical literature review is subject to several 

limitations that must be considered. First, the 

analysis does not follow a completely systematic 

protocol for literature review. Although the 

selected literature is broad and theoretically 

sound, it inevitably remains selective and cannot 

claim to be exhaustive. The implication is that 

relevant contributions may not have been 

included. Second, the review deliberately 

focuses on literature from the last 25 years to 

reflect current developments in the field of HIS 

and digital transformation. Earlier fundamental 

work is therefore only considered selectively, 

which may limit the historical depth of the 

analysis. Third, the overview takes a conceptual 

perspective at the meta-level and does not 

provide a detailed examination of specific 

technologies, implementations, or individual 

evaluation frameworks. As a result, important 

domain-specific dynamics may be 

underrepresented. Fourth, the classification of 

studies according to instrumental, sociotechnical, 

and institutional perspectives, as well as the 

distinction between control-, learning-, and 

legitimation-oriented evaluation purposes, is 

interpretive in nature. Although grounded in 

theory, the categorisation inevitably simplifies 

more nuanced positions within the literature. 



 

 

C.A.M. Ziegler / iSCHANNEL 20(1): 90-106 

 

101 

Fifth, the analysis relies exclusively on published 

research findings and is therefore subject to 

publication bias, including an overrepresentation 

of large-scale programs and positive results. 

Finally, the discussion of AI-related evaluations 

is limited by the nascent nature of this field of 

research and the currently limited empirical 

evidence base. 

8. Conclusion 

By critically examining the literature, the review 

demonstrates that evaluation practices in HIS are 

shaped not only by methodological choices but 

by underlying assumptions about technology and 

the purposes evaluation is expected to serve. By 

systematically linking instrumental, 

sociotechnical, and institutional concepts of 

technology with control-, learning-, and 

legitimacy-oriented evaluation, the analysis 

reveals that persistent disagreements over 

success, evidence, and accountability reflect 

structurally different couplings of technological 

ontology and evaluative purpose rather than 

methodological pluralism. This shifts attention 

from improving evaluation techniques to 

interrogating how evaluation itself produces 

authority, learning, and legitimacy. From this 

perspective, a central tension for AI-supported 

HIS becomes apparent as institutional 

legitimation may advance faster than the 

organisational learning emphasised by 

sociotechnical approaches, stabilising 

technologies through standards and compliance 

before their organisational and clinical 

consequences are fully understood. 

The synthesis further suggests that these tensions 

become particularly consequential in the context 

of artificial intelligence, where established 

notions of evidence, agency, and accountability 

are increasingly destabilised. Under these 

conditions, evaluation cannot be reduced to 

technical validation alone but acquires 

heightened significance as a mechanism through 

which organisational learning, professional 

authority, and institutional trust are negotiated. 

Against this backdrop, the socially embedded 

evaluation approach proposed in this critical 

literature review offers a path forward that 

integrates sociotechnical learning with 

institutional analysis, treats agency and 

accountability as distributed across human and 

algorithmic actors, and positions evaluation as a 

continuous and reflexive practice rather than a 

terminal governance mechanism. Ultimately, 

evaluation itself emerges not only as a 

methodological activity but as a central arena in 

which the consequences of digital transformation 

in healthcare are critically shaped. 
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