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How explanations from XAI-based decision support affect human task 
performance: a meta-analysis
Felix Haag

Chair of Information Systems and Energy Efficient Systems, University of Bamberg, Bamberg, Germany

ABSTRACT
Artificial intelligence (AI) increasingly supports human decision-making across domains. 
Yet, many AI-based decision support systems (DSS) rely on machine learning models that 
are ‘black boxes’ to humans. This opacity has driven the development of explainable AI 
(XAI) methods that explain model outputs in human-understandable terms. Empirical 
findings, however, remain inconsistent regarding whether and how such explanations 
affect users’ decision performance: some studies report improvements, while others find 
negligible or even negative effects. To reconcile these inconsistencies, we conduct 
a meta-analysis with 4589 participants comparing XAI-supported decisions to unaided 
decisions and 7706 participants comparing XAI-supported to AI-only supported deci-
sions. Our analyses indicate that, on average, XAI-based decision support is associated 
with higher task performance compared to no support, whereas the additional gains of 
explanations over AI-only support are small. We also find that studies’ risk of bias levels 
are associated with the magnitude of reported effects, suggesting larger reported 
performance gains in studies with higher risk of bias. Interestingly, explanation type 
alone does not show a significant moderating effect on task performance across studies. 
Overall, these findings provide a better understanding of how XAI explanations influence 
human decision-making and inform the design of XAI-based DSS.
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1. Introduction

Artificial intelligence (AI) is increasingly driving automation across a broad range of tasks, achieving levels of 
accuracy that often match or surpass those of human experts (see, e.g. Esteva et al., 2017; Silver et al., 2016). Yet, 
even as AI takes on a central role in automating tasks, responsibility for the resulting outcomes ultimately rests 
with human actors (Sturm et al., 2023). In response to the tension between automation and accountability, 
decision systems research has increasingly incorporated AI – particularly machine learning (ML) – to augment 
decision-making processes (Hopf et al., 2023; Mollá et al., 2024; Sekine et al., 2025).

The effective adoption of such AI-based decision support appears to depend on how well they meet user 
expectations. Specifically, users expect AI-based decision support systems (DSS) to be complementary, 
adaptive, and transparent in their outputs (Hemmer et al., 2022). Among these attributes, transparency 
has particularly emerged as a critical determinant of success: DSS that provide explanations for their outputs 
can improve users’ satisfaction (Li & Gregor, 2011), trust (Wang & Benbasat, 2007), and decision performance 
(Gregor & Benbasat, 1999). However, a major challenge with powerful yet complex AI-based decision support 
lies in the reliance on ML models that are often not interpretable in human-understandable terms 
(Coussement et al., 2024; Kucklick, 2024). This lack of interpretability can hamper the broader adoption 
and effectiveness of decision support (Hemmer et al., 2022; Yeomans et al., 2019). To tackle this shortcoming, 
research has developed methods aimed at explaining accurate but opaque ‘black box’ ML model decisions 
(see, e.g. Lundberg et al., 2020; Mothilal et al., 2020). The tension between explainability and model 
performance, and the need for explainability from a user’s perspective (Gregor & Benbasat, 1999), has fuelled 
the rise of explainable AI (XAI) (Adadi & Berrada, 2018; Bauer et al., 2021).

Given the desirable properties of explanations in DSS, XAI has gained traction as a means to support 
decision-making (see, e.g. Senoner et al., 2021). The interest in using explanations from XAI methods as an 
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additional source of information has led to research exploring the collaboration of humans and XAI (Bauer 
et al., 2021, 2023). The use of XAI-based explanations can effectively help realise the full potential of AI in DSS, 
such as by minimising cognitive biases (Haag et al., 2023; Wang et al., 2019). Although XAI has attracted 
considerable attention, empirical evidence on its influence on task performance remains inconsistent. 
Certain studies demonstrate enhanced performance with XAI-supported decision-making (see, e.g. Lai 
et al., 2020; van der Waa et al., 2021), whereas others reveal negligible or negative effects (see, e.g. Bauer 
et al., 2023; Carton et al., 2020).

These inconsistent findings pose a practical dilemma for the design of DSS. Explanations in AI outputs are 
frequently assumed to be beneficial and are often required for reasons of transparency and accountability 
(Coussement et al., 2024; Meske et al., 2020). However, if explanations do not reliably improve – and may 
even impair – human task performance, DSS designers face uncertainty about when and how explanations 
should be provided.

By synthesising evidence across available empirical studies, this paper seeks to clarify how XAI-based 
explanations affect human performance in DSS and under which conditions they may benefit or hinder 
decision-making. Since most of the available studies evaluate subjects’ performance when selecting among 
predefined decision options (see, e.g. Bauer et al., 2023; Lai et al., 2020), our analysis concentrates on 
classification tasks. Accordingly, our first research question (RQ) is

RQ1: To what extent does XAI-based decision support affect human performance in classification tasks, considering the 
current body of empirical studies?

In the design of DSS, an important consideration is what defines an effective explanation that can 
meaningfully assist human decision-making. Building on theories from the social sciences, Miller (2019) 
contends that an effective – or in some sense, a ‘good’ – explanation is linked to the social and cognitive 
processes involved in transferring knowledge gained from XAI-based decision support to humans. 
Cognitive fit theory (CFT) posits that task performance depends on the degree of fit between task 
requirements and information presentation, such that an appropriate presentation can increase decision 
performance (Vessey, 1991). Consistent with this line of reasoning, prior research in XAI-based DSS 
suggests that different ways of presenting explanations may lead to different performance outcomes 
(Herm, 2023), although empirical findings remain overall heterogeneous (Carton et al., 2020; Haag et al.,  
2023; Kuhl et al., 2023).

Adopting the theoretical lens of CFT, our paper examines how different XAI explanation types – under-
stood as alternative forms of information presentation – relate to human task performance in DSS. We 
thereby focus on the currently most prevalent explanation types for decision support: (i) feature attribution, 
(ii) counterfactual, and (iii) example-based explanations (see, e.g. Bauer et al., 2023; Herm, 2023; van der Waa 
et al., 2021). Hence, the second RQ is

RQ2: To what extent do (i) feature attribution, (ii) counterfactual, or (iii) example-based explanations affect human 
performance in classification tasks, considering the current body of empirical studies?

The diversity among study setups, explanation types, but also common empirical errors (e.g. potential 
bias in results reporting) might account for the inconsistent findings of studies that revolve around the 
effect of explanations from XAI on human task performance. Meta-analyses are a powerful tool to resolve 
such contradictory effects in literature. Given their capabilities to account for the heterogeneity of study 
findings, they also allow for more reliable results than single empirical studies (King & He, 2005; Templier 
& Paré, 2018). Yet, current literature studies on XAI primarily focus on qualitative meta-reviews, e.g. to 
categorise technical methods, concepts, and related studies (Schwalbe & Finzel, 2023). To date, only one 
early meta-analysis conducted by Schemmer et al. (2022) quantitatively examined performance effects of 
XAI-based decision support across nine articles, reporting an overall positive effect. However, this analysis 
was necessarily limited by the small number of available studies at the time and did not examine 
explanation types, risks of bias in studies, or further moderators related to users’ decision-making. 
Extending prior meta-analytic work, this paper draws on a more recent body of empirical studies, triples 
the number of included articles (N = 27), conducts differentiated sub-analyses of explanation types 
relevant for decision-making, and explicitly assesses the risk of bias in included studies. This allows us 
to estimate not only overall effects, but also whether explanation types and study quality systematically 
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shape performance outcomes, based on a broader and more robust empirical foundation. To address 
these limitations and advance understanding of how XAI-based explanations affect human task perfor-
mance, we conduct a meta-analysis following three main steps. First, we perform a structured literature 
review to identify relevant studies within the existing research landscape. Second, we apply regression 
analysis to compare task performance under basic decision support (either none or AI-based decision 
support) versus XAI-based decision support. Third, we perform subgroup analyses to assess whether bias 
levels and explanation types moderate the observed effects.

Improving the understanding of the collaboration between humans and XAI is of high interest to 
information systems (IS) research (Bauer et al., 2021; Berente et al., 2021; Coussement et al., 2024). 
Whether and how contemporary explanations in AI can benefit human decision-making remains widely 
unclear. Accordingly, this paper presents a comprehensive and up-to-date overview of how XAI-based 
decision support influences task performance, along with detailed analyses of the moderating factors 
underlying these effects. We anticipate that our findings will offer both theoretical and practical contribu-
tions to IS and decision systems research by advancing the understanding of (a) human-XAI collaboration and 
(b) the design of DSS that incorporate explanations obtained from XAI.

2. Background

Starting from the definition of relevant decision support configurations and prior work on human–(X)AI 
collaboration in DSS, we outline key methodological properties of XAI, introduce the most prevalent 
explanation types for decision support, and describe cognitive fit theory as a theoretical lens for interpreting 
empirical findings.

2.1. Human-(X)AI collaboration in DSS

Prior DSS research and practice have focused on descriptive and diagnostic decision-aid (Power, 2008) and 
more recently on AI-based DSS that offer decision support of predictive and prescriptive nature (Berente 
et al., 2021). In particular, the latter has put forth remarkable examples of aid: DSS that complement human 
decision-making processes by encapsulating AI-based support have already proven effectiveness, e.g. in the 
operation management domain (Gonçalves et al., 2021).

Research exploring these complementary processes – emerging from the combined forces of humans 
and AI – is commonly described as ‘human-AI collaboration’ (Lai et al., 2021; Wilson & Daugherty, 2018). 
As this conjunction involves one or multiple human subjects as well as technical components (Seeber 
et al., 2020; Zschech et al., 2021), it can be described as a socio-technical process in which two or more 
entities (i.e. multiple humans and an AI system in this context) engage mutually in activities to 
accomplish common objectives (Lai et al., 2021). Human-AI collaboration is therefore a counter- 
concept to full task automation through AI and aims to achieve superior decision performance by 
compensating for the respective weaknesses (Seeber et al., 2020). For example, state-of-the-art chatbots 
can process large amounts of text data and provide concise summaries, while humans are able to 
contextualise the output through nuanced domain understanding (Daugherty & Wilson, 2018). In DSS, 
human-AI collaboration typically involves an individual teaming up with AI that relies on complex ML 
models to predict discrete classes or continuous outputs (Hemmer et al., 2022; Jussupow et al., 2021). 
This paper adopts this view and conceptualises AI as a collaborator in the decision-making process. 
Accordingly, AI-based decision support in this paper refers to predictive support, where AI provides 
outcome predictions intended to inform human judgement.

Due to the interest in explanations encapsulated in IS, research on human-XAI collaboration has 
begun to investigate the interaction between humans and XAI. Although it resembles the concept of 
human-AI collaboration (i.e. the parties join forces), the emphasis here lies on how explanations 
influence factors such as reliance and trust (Bussone et al., 2015), situational information processing, 
mental models (Bauer et al., 2023), and task performance (Lai & Tan, 2019). With respect to task 
performance, Wang et al. (2019) assume that XAI explanations can encourage people to discard 
personal initial hypotheses (e.g. caused by a fixation on initial decisions) and explore alternative 

JOURNAL OF DECISION SYSTEMS 3



ones, thus, helping to avoid cognitive biases. On the contrary, Bauer et al. (2023) show that XAI 
explanations strongly alter the situational weighting of available information and mental models, 
leading to decision bias and, ultimately, to lower task performance. Despite the increasing use of 
XAI, this ambiguity shows that there is still great uncertainty as to whether and how XAI affects task 
performance.

2.2. XAI method properties and explanation types

XAI research has developed a broad range of methods (Schwalbe & Finzel, 2023), along with corresponding 
categorisations to distinguish between them (see, e.g. Adadi & Berrada, 2018; Arrieta et al., 2020; Meske et al.,  
2020) and resulting systems (see, e.g. Kucklick, 2024). We summarise three of the mentioned characteristics 
in the literature that are relevant to our data collection and analysis: First, XAI methods can be distinguished 
based on whether additional procedures are necessary to make the patterns identified by an ML model 
understandable to users (Adadi & Berrada, 2018). Approaches that are applied to an already trained model 
are known as post-hoc methods (e.g. permuting input data and observing corresponding changes in the 
model’s output). In contrast, intrinsic methods are inherently interpretable by design (e.g. linear models) and 
therefore do not require extra steps to achieve explainability. Second, XAI methods differ in their flexibility 
regarding the types of ML models they can explain (Meske et al., 2020). Model-specific approaches are 
confined to certain algorithmic families, such as kernel-based or tree-based models. Model-agnostic 
approaches, on the other hand, can be applied to any model, making them independent of a particular 
model architecture or type. Third, the level of interpretation. Global interpretable methods focus on the 
model as a whole unit and attempt to explain the general logic and behaviour leading to all the outcomes. 
Local interpretable methods explain predictions at the level of a single instance (Mohseni et al., 2021). While 
these three properties can categorise many XAI approaches, some fall in between or cover several properties 
simultaneously, such as methods that provide global and local explanations (see, e.g. Lundberg et al., 2020).

The combinations of various technical properties have led to a plethora of methods and different types of 
how explanations are presented to users (Adadi & Berrada, 2018). Mohseni et al. (2021) summarise the most 
prevalent explanation types in a method and property-independent way by formulating questions a user 
would direct to an ML model to retrieve explanations. We outline these types, assign resulting explanation 
representations, and describe them accordingly (Table 1). Our study focuses on types and associated 
representations that are employed for decision support rather than, e.g. for developer’s diagnostic purposes 
to evaluate ML models (see, e.g. Herm, 2023). These are explanations of the types a) ‘Why?’, ‘Why not?’, and 
‘How?’ in the form of feature-attribution and feature-importance explanations, b) ‘What-else?’ represented by 
example-based explanations, and c) ‘How-to?’ in the form of counterfactual explanations, which in our case 
also encompass anchor explanations – similar in interpretive intent but representing the logical opposite of 
counterfactuals (i.e. feature value changes that do not alter the prediction; Molnar, 2019). Hereafter, we 
describe these representation forms as ‘explanation types’.

Building on these distinctions and focus on specific explanation types, we define XAI-based decision 
support as AI-driven decision support that incorporates explanations of the types included above to enhance 
users’ understanding of model reasoning and outcomes. These explanations—whether feature-attributions, 

Table 1. Outline of XAI explanation types based on Mohseni et al. (2021).
Type Representation Form Description

Why? Feature-attribution/feature- 
importance 
(local and global 
interpretation)

Identify which input features contributed (why) or not contributed (why not) to a model’s prediction. 
Why-not explanations enable contrastive insights by highlighting distinctions between the predicted 
and the anticipated outcomes. Feature-attribution methods highlight how individual inputs 
contribute to a specific prediction, whereas feature importance explanations indicate the relevance of 
features for prediction (Lundberg et al., 2018).

Why 
not?

How? Offer an overview of the model’s internal decision logic, how the model works. Common visualizations 
include, for example, heatmaps and saliency maps (Molnar, 2019).

How-to 
?

Counterfactual 
(local interpretation)

Depict small, hypothetical changes to a model’s input that would lead to a different output. These 
counterfactual examples illustrate what must change for an alternative prediction to occur (Mothilal 
et al., 2020).

What- 
else?

Example-based 
(global interpretation)

Provide comparable examples from the dataset that produce outcomes similar to the model’s 
prediction. Specifically, what-else explanations use these similar examples to explain model behavior.
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example-based, or counterfactual in nature—could serve to make predictive outputs more understandable 
to human decision-makers and to support them in learning from AI, that is, in deriving new insights to the 
problem or task at hand based on the explanatory information provided (Meske et al., 2020).

2.3. Cognitive fit theory and task-representation alignment in XAI-based DSS

Whether explanations in AI-driven DSS are effective – and whether they enable users to derive new insights 
about the problem at hand – seems to depend on the cognitive processes involved in transferring knowl-
edge from an XAI-based DSS to human decision-makers (Herm, 2023; Miller, 2019).

CFT formalises this perspective by positing that task performance depends on the degree of fit between 
the task and information presentation in IS (Vessey, 1991). When this fit is low, users must engage in 
additional cognitive effort to apply the presented information to the task, which can impair task performance 
(Nuamah et al., 2020). Indeed, prior IS research has shown that decision performance varies systematically 
with the way information is presented for a specific task, with CFT providing an explanation for these 
differences (see, e.g. Herm, 2023; Vessey & Galletta, 1991).

In the context of XAI-based DSS, CFT offers a theoretical lens to explain the effects of explanations in AI- 
based decision support on human decision-making (see, e.g. Ebermann et al., 2023; Herm, 2023); Figure 1 
displays the key elements of cognitive fit theory and maps these elements to XAI-based DSS. The decision 
task and its associated task requirements and cognitive demands define the (i) Problem-Solving Task, while AI- 
generated outputs, the explanation type, and the associated visual or symbolic representation form con-
stitute a part of the external (ii) Problem Representation (Hudon et al., 2021; Vessey, 1991). Different explana-
tion types, such as ‘why’ and ‘how-to’ explanations, present model reasoning in different representational 
forms, which may vary in how well they align with the cognitive requirements of the task (Herm, 2023). 
According to CFT, the degree of alignment between the (i) Problem-Solving Task and the (ii) Problem 
Representation influences the user’s (iii) Mental Representation of the problem, that is, the internal representa-
tion through which the decision-maker understands, structures, and reasons about the task (Herm, 2023; 
Vessey, 1991). With increasing alignment (i.e. cognitive fit) between the task and the problem representation, 
users are more likely to form appropriate mental representations, facilitating an effective (iv) Problem Solution 
and ultimately achieving higher (v) Problem-Solving Performance, i.e. increased task performance (Shaft & 
Vessey, 2006). Conversely, cognitive misfit may require additional mental transformations and cognitive 
effort; end-users are therefore unlikely to build a representative mental representation of the task problem, 
which could result in reduced task performance (Herm, 2023; Vessey, 1991).

Figure 1. CFT in the context of XAI-based DSS (illustration based on Dickhaut et al. 2022; Ebermann et al. 2023; Herm 2023; 
Shaft and Vessey 2006).
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As task requirements and explanation formats differ across decision contexts and study designs, 
variation in cognitive fit or misfit could help explain why XAI-based decision support improves 
performance in some settings but yields negligible or even negative effects in others. While CFT 
emphasises the importance of task-representation alignment (Vessey, 1991), a substantial share of 
empirical XAI studies focuses primarily on comparing explanation types (see, e.g. Nguyen et al., 2021; 
van der Waa et al., 2021), often without explicitly considering how the task and the respective XAI- 
based decision support align. This raises the question of whether explanation type alone, as part of 
the problem representation, is sufficient to account for performance differences, or whether the 
effects of explanations are contingent on task-representation alignment, as proposed by CFT.

3. Method

We start from the literature search process to obtain a final selection of eligible studies and 
subsequently outline the approach for statistical effect estimation and risk of bias assessment.

3.1. Literature search and data collection

When gradually developing the string for searching literature databases, we considered various 
aspects to cover a broad spectrum of articles. We first integrated multiple acronyms and synonyms 
for XAI and human task performance, as they are used interchangeably in the field (Arrieta et al.,  
2020). In addition to explanation types, we searched for common linked terms such as ‘hypothetical’ 
for counterfactual explanations and ‘contrastive’ for feature attribution explanations (Mohseni et al.,  
2021). We also integrated the abbreviations of the XAI methods Local Interpretable Model-Agnostic 
Explanations (LIME) and SHapley Additive exPlanations (SHAP) in the string, as they are among the 
most frequently cited approaches (Slack et al., 2020). Finally, we considered studies conducted in 
empirical contexts, including field and laboratory research. Our initial literature screening resulted in 
the following search string:

Explanation 
types

("explainable artificial intelligence" OR "xai" OR "explainable AI" OR 

"interpretable machine learning" OR "interpretable ml" OR "explainable 

machine learning" OR "explainable ml" OR ("machine learning" OR 

"artificial intelligence" OR "AI" AND (interpret* OR explain* OR 

"explanation"))) AND

XAI

("instance based" OR "example based" OR "counterfactual" OR 

"hypothetical" OR "causal" OR "anchor" OR "contrastive" OR "feature 

attribution" OR "feature importance" OR "LIME" OR "SHAP") AND

("task performance" OR "decision performance" OR "human accuracy" OR 

"human performance" OR "user study" OR "empirical study" OR "field 

experiment" OR "online experiment" OR "human experiment" OR "human 

evaluation" OR "user evaluation" OR ((behavior* OR behaviour*) AND 

"experiment"))

User 
studies
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The documentation of our literature search process adheres to the Preferred Reporting Items for Systematic 
Reviews and Meta-Analyses (PRISMA) 2020 standard (see Figure 2) introduced by Page et al. (2021). To capture 
a comprehensive range of current empirical research, we conducted searches across three academic databases: 
EBSCOhost, Web of Science, and Scopus (‘Identification of new studies via databases’). To review literature in an 
unbiased manner, our process ensured that all screening and assessment tasks were performed independently 
by the author and a research assistant; all resulting deviations were resolved in joint discussion rounds. 

After filtering for duplicates, the search in databases yielded a total of 786 records. We initially 
screened titles, abstracts, and keywords on potential relevance, resulting in 221 reports (i.e. articles) 
for the full-text assessment. To ensure the inclusion of a complete set of relevant reports in 
a subsequent forward-backward search, we divided the assessment for eligibility into two stages. 
In the first step, we only screened the full texts according to the criteria C1-C3 to ensure the 
inclusion of all thematical relevant reports for the following forward-backward search (‘Reports 
excluded C1-3’). Relevant reports had to be related to at least one of the selected explanation 
types (i.e. feature attribution, counterfactual, or example-based explanations) (C1), describe the 
results of a behavioural experiment (C2), and report a quantitative measure for human task perfor-
mance (C3). This assessment led to the exclusion of 154 reports. The remaining 67 reports form the 
basis of the forward-backward search (‘Identification of new studies via other methods’). We identified 
69 potentially relevant records from backward citation searching and 154 reports through forward 
citation searching relying on abstract, title, and keywords. For assessment of the resulting 223 
reports, we again initially filtered reports according to criteria C1-3.

Identification of new studies via databases
Id

en
tif

ic
at

io
n

S
cr

ee
ni

ng
In

cl
ud

ed
Identification of new studies via other methods

Records identified from:
Databases sum (n = 1.015)

Scopus (n = 458)
Web of Science (n = 349)

EBSCO Host (n = 208)

Records removed before 
screening:

Duplicate records (n = 229)

Records screened for title, 
abstract, and keywords

(n = 786)

Records excluded
(n = 565)

Reports sought for retrieval
(full text screening)

(n = 221)

Reports assessed for eligibility
(n = 221)

Reports not retrieved
(n = 0)

Reports excl. C1-3 (n = 154):
C1: Not related to chosen 
explanation types (n = 44)
C2: No user study (n = 27)
C3: No human task 
performance (n = 83)

Reports excl. C4-8 (n = 57):
C4: No control group (n = 19)
C5: Unsuitable design (n = 19)
C6: No obj. binary decision 
performance (n = 12)
C8: No explanation during the 
task (n = 7)

Studies included in review
(n = 33)

Reports of included studies
(n = 27)

Reports sought for retrieval
(n = 223)

Reports assessed for eligibility
(n = 223)

Reports not retrieved
(n = 0)

Reports excl. C1-3 (n = 55):
C1: Not related to chosen 
explanation types (n = 37)
C3: No human task 
performance (n = 18)

Reports excl. C4-9 (n = 151):
C4: No control group (n = 63)
C5: Unsuitable design (n = 28)
C6: No obj. binary decision 
performance (n = 25)
C7: No SD received (n = 8)
C8: No explanation during the 
task (n = 12)
C9: Model-related (n = 15)

Records identified from:
Backward citation searching

(n = 69)
Forward citation searching

(n = 154)

Figure 2. Literature search (PRISMA flow diagram).
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To align with the requirements of the meta-analysis, we conducted an additional curation step, refining 
the report sets retrieved from both the initial and forward–backward searches (i.e. ‘Reports excluded C4-8’ 
and ‘Reports excluded C4-9’). This step was necessary to ensure a sufficiently low level of heterogeneity 
across studies (e.g. stemming from variations in research designs and tasks), the use of a common target 
measure, and the overall quality of the included studies (Harrer et al., 2021).

To this end, we further trimmed the set of reports according to the following criteria: To have a common ground 
for comparison, we could only include reports that comprise studies with a control group (i.e. no or AI-based 
decision support) (C4). Also, we excluded studies employing within-subject designs in which participants were 
exposed to multiple decision support conditions (e.g. no support and XAI-based support), as learning and 
carryover effects inherent to such designs render effect estimates not directly comparable to those obtained 
from between-subject designs (C5). Including both design types in a single meta-analysis would therefore risk 
biasing the pooled effect estimates, as participants’ performance in later conditions may be systematically 
influenced by prior exposure (Harrer et al., 2021). Our analysis focuses on task performance operationalised as 
binary decision outcomes (e.g. correct vs. incorrect), reflecting the primary focus on classification tasks in the 
human-XAI literature; accordingly, we required eligible studies to either report such outcomes directly or provide 
sufficient information to allow a transformation into binary form (C6). We also excluded reports from which it was 
not possible to extract or calculate an exact standard deviation for task performance from its content or any other 
source (i.e. published datasets or other meta-analysis) (C7). To remedy this issue, we contacted the authors by 
email but received no responses from eight of them. In addition, we excluded reports in which participants did not 
receive XAI-based decision support during task completion but, for example, only afterwards for the next task, to 
minimise heterogeneity across studies (C8). Finally, we excluded ‘model-related’ studies in which users were asked 
to predict what a model would predict, thereby improving the comparability between studies (C9). In total, we 
identified 27 eligible reports, which are summarised in the appendix of this paper.

The data collection relied on three upfront specified decision support configurations: If a human receives 
a prediction from an AI system when solving a task, we refer to this as ‘AI-based decision support’; when no 
aid is provided, we assign a ‘No decision support’ label. If participants receive AI-based support and are 
additionally provided with an explanation treatment in the AI system’s output, we call such support ‘XAI- 
based decision support’. Based on these decision support configurations, we extracted all study conditions 
and recorded them as separate tuples in a database. For example, if a study compared a control group with 
no decision support to two XAI treatments, our database documented each of the three conditions 
individually. For studies lacking an exact standard deviation, we used the summary statistics from the subset 
of articles that overlapped with those analysed by Schemmer et al. (2022). In total, our data collection 
resulted in 33 studies and the results of 131 individual study groups.1

The specified minimum number of studies required to perform valid statistical analyses varies in literature 
between two (see, e.g. Pigott, 2012) and ten studies (see, e.g. Higgins & Green, 2008). Given that our data 
collection yielded 33 studies, we assume that we obtained a suitable number to conduct meaningful analyses.

3.2. Statistical analyses and risk of bias assessment

The target variable task performance was measured as the ratio of correctly made binary decisions to the total 
number of decisions, providing a consistent performance indicator. For the comparisons between study condi-
tions, we calculated the Standardized Mean Difference (SMD) using Hedges’ g (Hedges, 1981), which helps prevent 
overestimation of the effect size in studies with a sample size of N ≤20 (Higgins & Green, 2008). We anticipated that 
the studies included do not have a common true effect size (i.e. a fixed effect), as the experimental designs, tasks, 
and sample characteristics differ substantially across studies (see appendix). Therefore, instead of fixed-effects 
regression models, we used random-effects models to estimate the average effect size, referred to as the ‘pooled 
effect’. To assess the significance of the pooled effect, the analyses employed the Knapp-Hartung adjustment, 
which reduces the likelihood of false-positive effect estimates (Hartung & Knapp, 2001). The variance of the 
model’s estimated true effect was quantified using I2 statistic (Higgins & Thompson, 2002), which indicates the 
percentage of variability in effect sizes not attributable to sampling error (Harrer et al., 2021). To control for 
repeated comparisons against a single group, we adjusted the sample size of each study’s control group by 
dividing it by the number of conditions incorporated into the model (Higgins & Green, 2008). The robustness of the 
pooled estimates was examined using leave-one-out sensitivity analyses, in which the meta-analytic model is 
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recalculated after iteratively excluding one study (Harrer et al., 2021). In addition, we used standardised-residual 
diagnostics to identify potentially influential study conditions. The statistical analyses of this paper relied on the 
R packages ‘meta’ by Schwarzer et al. (2015) and ‘dmetar’ by Harrer et al. (2021).

A thorough evaluation of the included studies and the quantification of their impact on the meta-analysis 
results are crucial components of research synthesis. This is because the estimation of effect sizes and the 
testing of hypotheses in statistical analyses may be strongly driven by biases arising from study design, 
conduct, and reporting (Templier & Paré, 2018). Hence, this meta-analysis conducted a risk of bias analysis by 
employing the Cochrane Risk of Bias 2 (RoB 2) tool for randomised trials (Sterne et al., 2019). RoB 2 is divided 
into five risks of bias domains, where each domain contains a series of signalling questions (e.g. ‘Was the 
allocation sequence random?’) aimed at obtaining information on characteristics of studies relevant to bias. 
The judgement for the risk posed by a domain was calculated from an algorithm and results from the 
answers to the signalling questions. Ratings regarding studies’ risk of bias can result in having Low, Some 
concerns, or High bias (see Sterne et al. (2019) for more details on RoB 2). Finally, we assessed the included 
studies for potential publication bias using Egger’s regression test (Egger et al., 1997).

4. Results

We begin by comparing (a) XAI-based decision support with no decision support and (b) XAI-based decision 
support with AI-based support, followed by an examination of how the studies’ risk of bias influences the 
results (RQ1). Finally, we investigate whether there is a moderating effect of the explanation type (RQ2).

4.1. Main effect of XAI-based decision support on human task performance

The analysis for RQ1 starts with examining the effect of XAI-based decision support compared to no decision 
support. The corresponding forest plot (Figure 3) arranges the study conditions in ascending order based on their 
effect sizes. In total, this analysis includes approximately 4589 participants, while the analysis on the difference 
between XAI- and AI-based decision support (i.e. the marginal effect of explanations in XAI-based decision 
support) involves 7706 participants. The influence of each condition is weighted by the inverse of its variance.

Figure 3. Forest plot on the comparison of XAI (treatment) versus no (control) decision support.
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The random-effects model estimates a pooled SMD of 0.52 SMD with a 95% confidence interval (CI) of 
[0.28, 0.76], suggesting a moderate positive effect (Harrer et al., 2021) of XAI-based decision support relative 
to no decision support. The analysis reveals substantial heterogeneity across studies (I2 = 86%; Q(37) =  
265.51, p < 0.001) (Higgins & Thompson, 2002), supporting the appropriateness of the random-effects 
model for this analysis. Testing the null hypothesis of no true effect with a t-test shows a statistically 
significant deviation of the SMD from zero (t(37) = 4.45, p < 0.001).

To further probe the heterogeneity observed in this comparison, we conduct sensitivity analyses. Leave- 
one-out analyses indicate that the pooled estimate remains stable across exclusions of effect-size estimates 
(g = 0.47–0.55), suggesting that no single study disproportionately drives the overall effect. In addition, 
standardised-residual diagnostics identify three influential estimates (|z| > 2). Excluding these estimates 
reduces the pooled effect to g = 0.40 (95% CI [0.21, 0.60]), which remains statistically significant (p < 0.001), 
while heterogeneity remains high (I2 = 84%; Q(34) = 206.00, p < 0.001). These results indicate that the 
observed performance advantage of XAI-based decision support over no support is not dependent on 
a small number of extreme study results. At the same time, the persistence of substantial heterogeneity 
shows that the magnitude of the effect varies across tasks and decision support implementations.

Overall, the findings for this analysis suggest that XAI-based decision support leads to a significant 
improvement in human task performance for classification tasks compared to having no decision support. It 
should be noted that this comparison does not disentangle the specific added value of explanations for task 
performance beyond AI-only support but rather reflects the overall benefit of XAI-based decision support (i.e. 
AI predictions with explanations) relative to having no support.

To further isolate the specific effect of explanations, the subsequent analysis compares XAI-based decision 
support with AI-only decision support (Figure 4). The model reports an I2 value of 50%, indicating a moderate 
level of heterogeneity between studies (Higgins & Thompson, 2002). The test of heterogeneity (Q(67) =  
133.48, p < 0.001) additionally supports the application of a random-effects model. The pooled SMD is 0.09 
with a 95% CI of [0.01, 0.16], suggesting a small positive effect (Harrer et al., 2021) of XAI-based decision 
support on task performance relative to AI-only decision support. Testing the null hypothesis of no true 
effect with a t-test revealed that the pooled effect size differs significantly from zero (t(67) = 2.39, p = 0.02).

Sensitivity analyses further qualify this effect estimate. Leave-one-out analyses show that the pooled 
effect is robust to the exclusion of any single study, with effect sizes ranging from g = 0.08 to g = 0.10. 
Standardised-residual diagnostics identify five potentially influential effect estimates (|z| > 2). Removing 
these estimates yields a similar, statistically significant pooled effect (g = 0.10, 95% CI [0.04, 0.16], p < 0.05) 
while markedly reducing heterogeneity (I2 = 15%; Q(62) = 73.30, p = 0.15). This suggests that most between- 
study variability is driven by a small number of influential study conditions rather than widespread incon-
sistency across the studies included, likely reflecting contextual differences between studies. Importantly, the 
small performance advantage of XAI-based over AI-only decision support across studies remains stable and is 
not driven by these conditions.

In sum, these results indicate that while explanations in XAI-based decision support seem to provide 
a statistically significant improvement over AI-only support, their added value is small in magnitude. Thus, 
we conclude that explanations in XAI-based decision support enhance human task performance in classification 
tasks compared to AI-only support; however, the magnitude of this effect remains modest across the studies 
included.

4.2. Risk of bias assessment

To better understand the main effect of XAI-based decision support on human task performance (RQ1), we 
next outline the results of the risk of bias analysis. All responses to the signalling questions were cross- 
checked by an independent, non-authoring assistant. In summary, the algorithm rated the overall risk of bias 
as Low in seventeen studies, Some concerns in twelve, and High in four (Figure 5).

A major concern in the included studies was the risk of bias arising from the randomization process 
(D1). This is due to a lack of information on the studies’ procedure for group allocation and missing 
tests for baseline differences between intervention groups (e.g. based on participants’ characteristics). 
Bias due to deviations from an intended intervention (D2) arose from a post-randomised exclusion of 
eligible subjects. Another source for risk in D2 resulted from the potential interaction between 
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participants before or during the experiment, which may be difficult to control due to the study 
setting. In general, there were no concerns about bias due to missing outcome data (D3) or bias in the 
measurement of the outcome (D4). A risk of bias due to selectively reported results (D5) primarily 
concerned studies that do not link a pre-specified analysis plan or approval (e.g. a study protocol) or 
exclude more than 10% of the participants from the analysis.2

The overall judgement deviated from the RoB 2 algorithm, as we assume an overall ‘Low’ risk for studies 
where concerns arose only from a missing study protocol. We made this decision because it is uncommon to 
pre-register studies in many research areas and for certain kinds of publications (e.g. conference proceed-
ings). Additionally, Egger’s regression tests (Egger et al., 1997) reveal no signs of publication bias in either 

Figure 4. Forest plot on the comparison of XAI (treatment) versus AI (control) decision support.
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comparison: for XAI-based versus no decision support, the intercept was 0.72 (95% CI [−2.44, 3.87]; t = 0.44, p  
= 0.66); for the case XAI-based versus AI-based decision support, the intercept was 0.27 (95% CI [−0.54, 1.07]; 
t = 0.65, p = 0.52). These results indicate no signs of funnel plot asymmetry, suggesting that selective 
publication of results is unlikely to have biased the observed effects.

Figure 5. Risk of bias assessment using RoB 2.
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Building on the previously outlined comparison cases, we investigated whether there is 
a moderating effect of studies’ risk of bias (Table 2). In the comparison of XAI-based versus no decision 
support, studies that have a low risk of bias label show a statistically significant positive effect (SMD =  
0.62, ptype < 0.001), indicating that XAI-based decision support substantially improves task performance 
in these studies. In contrast, studies rated with some concerns display a smaller, statistically significant 
effect on the trend level (SMD = 0.37, ptype = 0.06). The test for subgroup differences does not reveal 
a significant moderation by risk of bias (Q(1) = 1.03, psubgroup = 0.31), suggesting that the overall effect 
is relatively robust across bias levels. Overall, this pattern runs counter to the expectation that studies 
with higher risk of bias overestimate treatment effects (Harrer et al., 2021); studies with low risk of bias 
show a stronger effect on human task performance than those rated as having some concerns. We 
therefore conclude that, in this comparison, the observed performance benefits of XAI-based decision 
support are not affected by the studies’ risk of bias.

When comparing XAI-based decision support with AI-only decision support, a clear trend emerges in 
which the effect size grows alongside the level of study bias. Studies assessed as having a low risk of bias 
reveal only a minor, statistically non-significant effect (SMD = 0.05, ptype = 0.38). In contrast, those rated as 
having some concerns show a slightly larger, statistically significant effect (SMD = 0.11, ptype = 0.02). 
Notably, studies categorised as high risk of bias demonstrate a statistically significant effect that is the 
largest among the categories (SMD = 0.28, ptype < 0.01). The test for subgroup differences indicates that 
the variations in effect sizes across bias levels are statistically significant (Q(2) = 7.39, psubgroup = 0.02). 
These findings indicate that the level of the risk of bias seems to be systematically associated with 
observed outcomes with higher risk of bias linked to greater reported performance gains from explana-
tions in XAI-based decision support. Accordingly, although XAI seems to deliver a small advantage over 
AI-only support (Figure 4), the bias analysis suggests that the pooled estimate may be overstated. 
Consistent with this pattern, excluding studies assessed as having a high risk of bias reduces the pooled 
effect to g = 0.07 (95% CI [−0.01, 0.15]), with the corresponding test for the pooled effect not reaching 
conventional statistical significance (t(58) = 1.88, p = 0.06), while heterogeneity remains moderate (I2 =  
53%). Thus, the genuine contribution of explanations within AI-driven decision support likely remains even 
smaller across the examined studies, raising doubts about the overall benefits of current XAI-based 
decision support for task performance.

4.3. Effect of explanation types on human task performance

In response to the second RQ of this paper, our analysis starts by exploring how the different 
explanation types affect human task performance when comparing XAI-based decision support to 
no support. Although we identified significant differences between explanation types (psubgroup <  
0.001), the implications of these findings are somewhat limited. This is because these differences only 
point to variations within certain forms of AI support that also provide explanations for their decisions 
compared to no decision support. Consequently, this analysis does not provide conclusive evidence 
on whether the explanation type moderates the effect of XAI-based decision support.

To further explore this research question, we conduct this subgroup analysis for the case XAI- 
based versus AI-only decision support (Table 3). Feature attribution explanations produce a small yet 
statistically significant positive effect on human task performance (SMD = 0.11, ptype < 0.01). In con-
trast, example-based explanations (SMD = 0.07, ptype = 0.62) and counterfactual explanations (SMD =  
−0.02, ptype = 0.83) show no significant effect on human task performance. The subgroup analysis 

Table 2. Subgroup analysis results of risk of bias assessment.

Case XAI vs. no decision support XAI vs. AI decision support

Risk of Bias Low
Some  

concerns Low
Some  

concerns High

SMD 0.62 0.37 0.05 0.11 0.28
[95% CI] [0.34, 0.91] [−0.08, 0.81] ½–0.04, 0.14] ½�0.04, 0.25] [0.11, 0.45]
ptype <0.001 <0.001 0.38 0.02 <0.01
psubgroup 0.31 0.02

Note: For the case “XAI vs. no decision support”, we did not observe studies with an overall high risk of bias.
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indicates no statistically significant differences across explanation types (Q(2) = 1.43, psubgroup = 0.49), 
suggesting that the type of explanation does not account for variations in the observed effect of 
XAI-based decision support on task performance. We conclude that the type of explanation does not 
systematically affect human task performance in classification tasks.

5. Discussion

This meta-analysis led to three main findings (Table 4). We discuss these findings, outline practical and 
theoretical implications for research on human-XAI collaboration and DSS design, note key limitations, and 
finally outline future research opportunities.

5.1. Findings and implications

The first key finding (Table 4) indicates that the overall impact of XAI-based decision support on human task 
performance is small and varies across studies. Compared to AI-only decision support, the pooled effect size 
(SMD = 0.09) indicates only a minor improvement when explanations accompany AI predictions, suggesting 
that most performance gains stem from AI itself rather than from the explanations. This finding is consistent 
with Schemmer et al. (2022), who reported a similarly small effect through explanations over AI-only support 
that was non-significant, likely due to the limited number of nine articles included in their analysis. When 
XAI-based support is compared to having no decision support at all; however, the effect is considerably 
larger (SMD = 0.52), indicating that some forms of AI-based decision support accompanied by explanations can 
still improve performance when compared to no support. Notably, these pooled estimates were accompa-
nied by substantial between-study heterogeneity (I2 = 86% for XAI vs. no decision support and I2 = 50% for 
XAI vs. AI-based decision support). Sensitivity analyses show that while the magnitude of the pooled effects 
remains stable across analyses, heterogeneity in the comparison of XAI versus AI-based decision support is 
largely driven by a small number of influential study conditions. This pattern indicates that, although the 
overall effect estimate is robust, it does not generalise uniformly across settings; rather, it reflects an 
amalgam of highly diverse results across task contexts and explanation instantiations. In other words, the 
results suggest that the impact of XAI explanations on human task performance seems highly contingent. 
For DSS design, these results indicate that the inclusion of XAI-based explanations cannot be assumed to 
improve task performance by default; instead, their effectiveness seems to depend on the conditions under 

Table 4. Overview of main findings and implications.

# Main finding
Human-XAI collaboration 
(theoretical implications)

Design of DSS 
(practical implications)

1 The overall effect of XAI-based decision 
support on human task performance is 
small and inconsistent across studies.

Reinforces that explanations in XAI-based 
decision systems are not universally 
beneficial.

Suggests that the inclusion of XAI 
explanations cannot be assumed to 
improve task performance by default.

2 Studies with higher risk of bias tend to 
report larger effects of XAI-based decision 
support on human task performance 
relative to AI-only support.

Indicates that variations in methodological 
quality and reporting practices among 
studies contribute to differences in 
reported effect sizes on human task 
performance.

Indicates that findings on XAI-based 
decision support should be interpreted in 
light of studies’ risk of bias when deriving 
implications for the design of DSS.

3 The explanation type alone cannot account 
for the variation in reported task 
performance.

Shifts the focus from explanation types 
toward understanding how task- 
representation alignment and cognitive 
mechanisms shape the effects of XAI- 
based decision support on task 
performance.

Suggests that current evidence does not 
support ‘one-size-fits-all’ design 
recommendations for XAI-based DSS that 
rely solely on explanation type.

Table 3. Subgroup analysis results on explanation types (XAI vs. AI based decision support).

Explanation Type
Counterfactual 

How-to?
Feature attribution 

Why?/Why not?/How?
Example-based 

What-else?

SMD −0.02 0.11 0.07
[95% CI] [−0.26, 0.21] [0.02, 0.19] [−0.14, 0.27]
ptype 0.83 <0.01 0.62
psubgroup 0.49
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which explanations are provided and used – an observation consistent with CFT’s emphasis on alignment 
between information representation and task demands.

The second finding (Table 4) concerns the subgroup analysis examining the relationship between studies’ 
risk of bias and the reported effects of explanations on human task performance. This analysis provides 
a more detailed understanding of the effect estimate, revealing that studies with a higher risk of bias tend to 
report larger performance effects. This pattern implies that the true underlying effect of explanations – when 
compared to AI decision support without explanations – may be even smaller. In other words, some of the 
apparent performance improvement in such studies may result from methodological shortcomings rather 
than genuine effects of explanations. This observation underscores the importance of critically evaluating 
study quality when interpreting empirical findings and when translating these findings into DSS design 
principles. From a perspective of human-XAI collaboration, it highlights that variations in methodological 
rigour and reporting practices can substantially influence observed outcomes in the XAI literature. 
Consequently, future studies and meta-analyses should explicitly control for risk of bias to ensure that effect 
estimates are robust and not driven by low-quality evidence. For DSS developers, this finding highlights the 
need to interpret conclusions about XAI design carefully and to contextualise them based on the metho-
dological soundness of the underlying studies.

The third finding (Table 4) revolves around the role of explanation type as a potential moderator of 
differences in human task performance. While prior literature has emphasised the importance of explanation 
design in the context of DSS and XAI-based decision support (see, e.g. Herm 2023), the current meta-analysis 
suggests that explanation type alone cannot explain the variability in reported effects. Specifically, the 
subgroup analysis on explanation types (Table 3) shows that none of the examined explanation types 
systematically outperforms the others in terms of task performance when compared to AI-only decision 
support. This indicates that the influence of explanations on task performance is shaped by a broader set of 
interacting factors, such as user comprehensibility and preferences (see, e.g. Wastensteiner et al., 2021), as 
well as characteristics of the task. Hence, these findings point to boundary conditions for the effectiveness of 
XAI explanations, suggesting that explanation effects cannot be understood independently.

Viewed through the lens of CFT, this pattern is plausible: user performance depends on the degree of 
alignment between the cognitive demands of a decision task and the way relevant information is repre-
sented (Vessey, 1991). Explanation types primarily differ in how model reasoning is externalised (e.g. 
symbolic feature weights, hypothetical alternatives, or concrete examples), but they do not uniquely 
determine whether this representation fits a given task. The explanation type therefore constitutes 
a comparatively coarse determinant of cognitive fit. In other words, the same explanation type may support 
cognitive fit in one task context but lead to cognitive misfit in another, depending on factors such as the 
nature of the task (e.g. diagnostic vs. prescriptive), the required mental operations, and the specific 
instantiation of the XAI explanation (e.g. visual versus textual presentation).

This interpretation is also reflected in prior empirical works. For instance, Herm (2023) shows for a medical 
image classification task that ‘Why?’/‘Why not?’ explanations are associated with substantially lower reported 
mental effort and higher task performance compared to more information-intensive types such as ‘How?’ or 
‘How-to?’ explanations that could require users to integrate broader or hypothetical content. Similarly, Bauer 
et al. (2023) demonstrate that ‘Why?’ explanations systematically reshape users’ mental models and informa-
tion weighting in an investment task, sometimes resulting in performance decrements, an effect that may be 
partly explained by explanation-induced attention that does not support the requirements of the decision 
task. Results from earlier studies point in a similar direction when viewed from the perspective of task 
demands: explanation types that encourage hypothetical reasoning, such as ‘How-to?’ explanations, can 
support exploratory or learning-oriented tasks (see, e.g. Kuhl et al., 2023), whereas in rapid classification 
tasks – where such reasoning is not required – ‘Why?’ explanations have been shown to provide little or no 
performance benefits (see, e.g. Carton et al., 2020).

As a result, the current findings do not support ‘one-size-fits-all’ design recommendations for XAI-based 
DSS based on explanation type alone. Instead, it suggests that effective XAI-based decision support depends 
on how well the decision task is aligned with the way AI outputs and explanations are represented, 
encompassing not only the explanation type, but also the associated visual or symbolic form through 
which model reasoning is externalised (see section 2.3). From a CFT perspective, this alignment matters 
because it shapes users’ cognitive processing, such as how easily they can form task-appropriate mental 
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representations and integrate explanatory information into their decision-making (Vessey, 1991). 
Consequently, the potential benefits of explanations should be evaluated in relation to the specific task 
and its cognitive demands, rather than assumed a priori.

5.2. Limitations and future research

Despite our best efforts, the findings of this meta-analysis should be interpreted in light of several 
limitations. First, our findings are limited to specific study settings. For example, we had to exclude 
studies during data collection in which explanations were provided only after task completion to 
support learning in subsequent tasks. While these restrictions enhance comparability across studies, 
they may limit the scope of interpretation. Second, this meta-analysis focuses on classification tasks, 
which constrains the generalisability of the results to other types of decision-making, such as con-
tinuous or ranking tasks. These restrictions – both in the type of study setting and the common target 
variable – were necessary to ensure a common target measure and ground for comparison. In addition, 
the operationalisation of task performance in this meta-analysis was necessarily restricted to objective 
classification accuracy to ensure comparability across studies. While accuracy represents a widely used 
and important performance metric, it does not capture other potentially relevant outcomes of human- 
XAI collaboration, such as decision time, cognitive load, trust calibration, confidence, or longer-term 
learning effects. As a result, the present findings provide only a partial view of the impact of 
explanations on human behaviour and performance. Third, the scope of the subgroup analyses was 
necessarily limited. In our analysis, we focused on the risk of bias in studies and the type of 
explanation for subgroup analyses, as literature points to them as important factors that may explain 
variance in the target. Other potential influences, such as prediction accuracy, explanation validity, 
specific explanation approaches, AI literacy, and user trust, could not be included because relevant 
measures were not reported in most studies or exhibited high homogeneity (e.g. a dominance of post- 
hoc explanation approaches among the included studies). Fourth, the aggregation of different forms of 
AI-only decision support could have introduced additional heterogeneity. We treated AI-based decision 
support without explanations as a unified reference condition, although underlying implementations 
differed slightly across studies (e.g. prediction-only support versus prediction accompanied by 
a confidence score). While this aggregation was necessary to enable a common reference condition 
for meta-analytic comparison and sufficient statistical power, differences in baseline support may 
influence the estimated marginal effects of explanations. Finally, the temporal validity of our conclu-
sions is limited. The number of studies on human-XAI collaboration is constantly increasing, leading to 
new insights into the mechanisms that determine its effectiveness with respect to human task 
performance. As the understanding of effective XAI-based decision support grows, the nature of 
such support (i.e. the treatment) is likely to evolve, which may in turn influence the overall effect 
size estimate. Hence, our results should be viewed as a snapshot of the current research landscape 
rather than a definitive assessment of the contribution of explanations to decision performance – 
a contrast to meta-analyses in other domains, such as psychology, where experimental studies (e.g. 
memory tasks) might tend to produce more stable effect estimates over time.

Based on the results and limitations of this meta-analysis, several directions for future research 
emerge. The compiled dataset could provide a foundation for such efforts and offers multiple avenues 
for extension. Researchers could continuously expand and update the dataset as new empirical studies 
on human-XAI collaboration are published. Doing so would make it possible to examine additional 
moderators of task performance, which could further contribute to an in-depth understanding of the 
collaboration of humans and XAI in DSS. Future research could also broaden the scope of performance 
evaluation by incorporating complementary outcome measures beyond accuracy, such as desirable 
learning effects or decision time, to enable a more comprehensive assessment of XAI-based decision 
support. In addition, future research could explore differences in task performance between decision 
support that relies on post-hoc explanation methods versus interpretable ML, as more user studies in 
the future might focus on the latter (see, e.g. Rosenberger et al., 2025). With a growing body of 
empirical evidence, it could also be valuable to include studies with estimation tasks on a continuous 
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scale (see, e.g. Haag et al., 2023). Overall, building on the current dataset and broadening its analytical 
scope will enable future research to further refine theoretical understanding of human-XAI collabora-
tions, and guide the design of DSS to more effectively integrate human and XAI capabilities.

6. Conclusion

This meta-analysis synthesises available empirical evidence on how explanations from XAI-based decision support 
affect human task performance in classification tasks. The results indicate that while AI-based decision support 
can enhance human task performance, explanations do not consistently translate into additional performance 
gains beyond AI predictions alone. Reported positive effects tend to be associated with studies at higher risk of 
bias, while the type of explanation alone does not explain systematic differences across studies. By clarifying these 
relationships, this analysis contributes to a better understanding of how explanations can support human 
decision-making and highlights the importance of alignment between task demands and information represen-
tation, as emphasised by CFT (Vessey, 1991). From a practical perspective, the findings suggest that explanations 
should not be assumed to be universally beneficial in XAI-based DSS. In sum, this meta-analysis advances 
theoretical discussions on human-XAI collaboration and outlines constraints for DSS design.

Notes

1. To facilitate the reproducibility of the results, we will provide the repository containing the dataset used in this 
meta-analysis upon request.

2. Upon request, we share further details on the answers to the signalling question and the risk of bias judgement.
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