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Abstract

Explainable AI (XAI) aims to support human decision-making by
improving understanding and fostering calibrated trust. Yet, it re-
mains unclear whether specific explanation types consistently help
users make better decisions, and how user traits such as Need for
Cognition (NFC) influence their effects. We present a confirmatory
analysis of two controlled user studies in different domains (loan
approval and job candidate screening), comparing local, feature-
based, and global, model-centric explanations. We analyze decision
accuracy and over-reliance as a function of Al confidence and cor-
rectness, while accounting for individual differences in NFC.

Across both tasks, Al confidence emerged as the strongest pre-
dictor of human accuracy: users were significantly more likely to
follow correct Al recommendations when confidence was high.
Local explanations further boosted accuracy on correct predictions.
When the Al was wrong and low-confident, explanation effects var-
ied by user trait: local explanations reduced over-reliance among
low-NFC participants but had the opposite effect for high-NFC
individuals. These results highlight that explanation effectiveness
depends on model correctness, user traits, and context. We con-
clude with design implications for confidence-aware, trait-sensitive
XAI systems that adapt explanation delivery to user profiles and
prediction uncertainty.
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1 Introduction

Artificial Intelligence (AI) systems are increasingly deployed to
assist human decision-making in high-stakes domains such as fi-
nance, recruitment, and healthcare. A central promise of explainable
AT (XAI) is to provide insights into algorithmic decisions, helping
users make more accurate and fair judgments while avoiding over-
reliance on automated suggestions [1]. Despite this promise, the
real-world benefits of different explanation types remain a matter
of contention. In particular, it is unclear whether users benefit more
from specific explanation scopes such as local or instance-level expla-
nations, versus model-centric summaries or other interface factors,
including the AT model’s expressed confidence in its predictions.

In this paper, we investigate how explanation scope and model
confidence affect user decisions in two Al-assisted scenarios in-
volving consequential judgments: loan approvals and job candidate
screening. Both scenarios are prototypical high-stakes tasks involv-
ing structured tabular data, where Al and humans team together.
Our analysis focuses on interaction conditions in which the AI
provides its prediction and the estimated confidence, together with
either (i) local feature-based explanations or (ii) model-centric sum-
maries (e.g., rules or global indicators). Our research questions are
the following:

RQ1 How do explanation scope and model confidence influence
decision accuracy and overreliance in Al-assisted high-stakes
tasks?

RQ2 Do individual differences in Need for Cognition reduce over-
reliance on incorrect Al predictions through explanations?

Prior work has suggested that local feature-based explanations
(e.g., SHAP [26]) can enhance user understanding of specific predic-
tions, especially when paired with well-calibrated confidence esti-
mates [15, 21]. However, others have found that such explanations
may increase cognitive load or reinforce overreliance, especially
when the model is wrong [16]. Global or model-centric summaries
may be less cognitively demanding but offer weaker support for
task-level reasoning [18, 19, 24].

In addition to interface-level factors, we also consider whether
individual cognitive traits affect user behavior. Specifically, we ex-
amine Need for Cognition [14] (NFC), a stable psychological trait
that reflects a person’s tendency to engage in and enjoy effortful
cognitive activities. Prior work has suggested that users with higher
NFC may be more inclined to scrutinize Al recommendations and
resist blind reliance, particularly in ambiguous or error-prone sce-
narios [2, 10, 23, 28].

To explore this space, we evaluate two hypotheses: local expla-
nation coupled with high model confidence leads to higher human
decision accuracy than a model-centric explanation (H1), and on
trials where the model is wrong and expresses low confidence, the
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need for cognition (NFC) traits moderates the effectiveness of the ex-
planation scope. We test these hypotheses with consistent interface
designs and calibrated model outputs across two tasks. Our results
show that explanation effects are most beneficial when paired with
high-confidence, correct model predictions, and that the reliance
of participants with low NFC benefit from local explanations.

Our contribution is twofold. We (1) present an empirical com-
parison of explanation scope and model confidence effects across
tasks, and (2) discuss implications for building more adaptive, user-
centered decision support systems.

2 Related Work

Explainable AI (XAI) aims to improve human understanding of
Al-generated decisions, particularly in high-stakes domains where
trust, accuracy, and appropriate reliance are critical. However, the
literature reveals persistent disagreements over which explanation
types are helpful, how model confidence should be communicated,
and how individual cognitive traits shape the impact of Al expla-
nations. This section synthesizes previous work on these aspects,
drawing from studies that examined the effects of explanation styles,
model confidence, and personality traits on decision-making within
human-AI teams.

2.1 Explanation Style in XAI

The effectiveness of different explanation styles in improving user
outcomes is a core question in XAl Most empirical work has fo-
cused on local, feature-based techniques such as SHAP or LIME,
which highlight the contribution of input features to a specific pre-
diction [2, 3]. Some studies find that local explanations improve
decision accuracy when the Al is correct [2, 4], but others sug-
gest they can increase overreliance, especially when the model is
wrong [3, 6].

Alternative styles, such as rule-based [11] and counterfactual
explanations [27], are often proposed to enhance interpretability,
but their comparative effectiveness remains underexplored. Cau
and Spano [18] found that counterfactual explanations reduced cog-
nitive load and improved accuracy when the Al was correct, despite
being rated as harder to understand. Feature-based explanations,
by contrast, were more familiar to users but did not significantly
boost performance. These findings add to growing evidence that the
benefits of specific explanation styles are highly context-dependent
and may not generalize across tasks or users [2, 10].

2.2 Communicating Confidence and Calibrating
Trust

Another key factor in XAl is how model confidence is communi-
cated. Providing Al confidence scores has been shown to influence
user trust, sometimes more than the model’s accuracy [3, 6]. Users
tend to follow high-confidence predictions even without strong
accuracy guarantees. Cau and Spano [18] found that confidence
alone substantially impacted user behaviour, increasing reliance
while reducing cognitive load. In contrast, when confidence was
low, users were more likely to engage in analytical reasoning and
reject Al suggestions.

These findings align with prior work suggesting that Al confi-
dence can act as a "trust anchor" [9], especially when users must
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quickly assess the reliability of the model. However, overly con-
fident AI outputs can mislead users into accepting incorrect pre-
dictions, raising the need for well-calibrated and transparent con-
fidence communication [8, 22]. Balancing informativeness with
caution in how confidence is presented remains a key challenge for
XAI design.

2.3 Overreliance and Task Context

A recurring issue in human-AI collaboration is overreliance: users
accepting Al suggestions even when the model is wrong. Prior
studies have shown that explanation style and interface design can
influence overreliance, but task framing and perceived stakes also
play a large role [7, 25].

In contrast, using an on-demand explanation paradigm, no sig-
nificant reduction in overreliance across explanation types was
found [19]. The results suggest that giving users the option to re-
quest explanations might reduce automatic compliance, but this
effect depends on the user’s cognitive engagement and the clarity
of the information presented.

2.4 Need for Cognition and User Traits

Need for Cognition (NFC) is a stable personality trait that reflects
an individual’s motivation to engage in and enjoy analytical think-
ing [14]. High-NFC individuals are typically more reflective and
less prone to heuristic shortcuts, leading to the hypothesis that
they might benefit more from detailed explanations in Al-assisted
decision-making. However, empirical findings on this relationship
are mixed.

Prior work found that high-NFC individuals might benefit from
conditions that trigger deeper cognitive processing, such as cog-
nitive forcing interventions [10]. For instance, showing explana-
tions only after an initial decision or requiring users to request
them on demand may better leverage individual differences in NFC.
Nevertheless, recent work [12, 13, 19] highlights that cognitive in-
tervention might not be enough to reduce overreliance on Al for
individuals with high-NFC.

For example, Cau and Spano [18] found no main effect of NFC
on decision accuracy or cognitive load but did observe some differ-
ences in how low and high NFC individuals prioritized interface
elements, while in [19] NFC showed positive correlations with
other curiosity-related measures (e.g., Epistemic Curiosity, CEI-II)
and was associated with greater self-reported confidence. How-
ever, NFC did not reduce overreliance, and high-NFC users did not
perform better when exposed to complex or hybrid on-demand
explanations.

3 Methods

To investigate the effects of explanation scope and model confidence
on human-Al decision-making, we analysed the data available from
two controlled studies focused on Al-assisted decisions in high-
stakes settings: loan approval and job candidates selection [18, 19].
Both studies share a common structure: users receive instances to
decide on (i.e., a loan or job applications), and a prediction from a
calibrated Al system. Experimental conditions vary the explanation
scope (local or model-centric) and Al confidence levels (high or
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Figure 1: XAl interface for loan application decision. The
interface consists of two parts: the instance and Al prediction
group, where the interface presents information about the
current application and the Al suggested decision, and the
explanation group, which could include either local feature
(top part) or model-centric explanations (bottom part).

low). The participant’s task is to decide whether to accept or reject
a given job or loan application.

By analyzing two distinct tasks, we aim to strengthen the ex-
ternal validity of these findings. Each task reflects a realistic, high-
stakes decision scenario with structured input data and varying
class imbalance. While the tasks differ in context, their structure is
consistent: both present a series of binary classification decisions,
with users supported by Al predictions and explanations, under
experimental control of explanation scope and model confidence.

3.1 Loan Approval Task

The loan approval task was based on the publicly available Loan
Prediction dataset!, which includes 614 real-world loan applications.
Each instance describes an applicant using twelve attributes (e.g.,
credit history, income, loan amount). We trained a Random Forest
Classifier (RFC) with 100 estimators using an 80:20 stratified train-
test split, reaching 83% test accuracy. Model confidence scores were
derived from Shannon entropy-based uncertainty estimates, scaled
to a 0-100 range. Instances were categorized as low-confidence
(<44.3) or high-confidence (>61.6) based on the lower and upper
quartiles of the confidence distribution.

For the study, participants were shown eight Al-assisted in-
stances (plus a separate practice set), balanced by Al correctness
(correct vs. wrong), confidence (low vs. high), and predicted class.
The user interface displayed either a feature-based explanation
(via SHAP attributions) or a rule-based explanation (via Anchor
rules), alongside the Al prediction and confidence. Each participant
was assigned to one explanation condition in a between-subjects
design. The study included attention checks and a monetary incen-
tive scheme (£0.12 per correct answer) to encourage engagement
and simulate real-world stakes. Figure 1 shows an example decision
instance.

!https://www.kaggle.com/datasets/altruistdelhite04/loan-prediction- problem-
dataset
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Figure 2: XAl interface for job application decision. The in-
terface organization is the same as in Figure 1.

3.2 Job Candidate Screening Task

The other task involved evaluating job applicants based on struc-
tured profiles derived from a preprocessed version of a large job
application dataset. Each application consisted of ten features, in-
cluding age, education, and years of programming experience. We
trained and calibrated an Extreme Gradient Boosting (XGB) model
using a 60:20:20 train-calibration-test split, achieving test accuracy
around 78.5%. Confidence levels were computed from calibrated out-
put probabilities and binned into three categories; for our analysis,
we only retained high (>0.8) and low (<0.55) confidence instances.

The study used a between-subjects design with four explanation
conditions. For our purposes, we isolate two: local model-centric
explanations (akin to SHAP-style feature contributions) and global
model-centric explanations (summarized through global rule sets
or model behaviour descriptions). Each participant completed ten
main decision trials, preceded by a practice session. Figure 2 shows
an example decision instance.

3.3 Common Procedure and Measures

Both studies followed a similar structure. Participants were re-
cruited online through the Prolific platform and completed atten-
tion checks to ensure data quality. Tasks were implemented in
LimeSurvey, with consistent timing, compensation rates (£2.7 base
+ bonuses), and incentive framing. Participants were randomly as-
signed to one explanation condition, with instances controlled for
balance across correctness and confidence. We measured NFC using
the NCS-6 six-item five-point scale (1 = extremely uncharacteristic
of me; 5 = extremely characteristic of me) as defined in [20], assign-
ing participants to low or high levels by comparing their score to
the distribution median.

For each trial, we recorded participants’ decisions, Al correct-
ness, confidence level, and explanation condition. Across tasks,
dependent variables include: (1) decision accuracy, whether the
user aligned with the ground truth; and (2) overreliance, measured
as agreement with incorrect Al predictions. In both studies, con-
fidence and correctness were manipulated within-subjects, while
explanation scope was a between-subjects factor.
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3.4 Sample Size and Hypothesis Testing Strategy

We designed this analysis to test two pre-specified hypotheses
regarding the influence of explanation scope, model confidence, and
individual cognitive traits on user decision quality and overreliance
in Al-assisted tasks. These hypotheses were grounded in prior work
on explainable Al trust calibration, and cognitive motivation [11,
14, 15]:

H1. When the Al prediction is correct, both explanation scope and
model confidence will have independent effects on user decision
accuracy.

H2. When the Al prediction is wrong and expresses low confidence,
Need for Cognition (NFC) moderates the effect of explanation
scope on overreliance.

To test these hypotheses, we reanalyzed data from two previ-
ously conducted user studies involving Al-assisted decision-making.
We selected only participants from conditions that presented either
local or model-centric explanations and excluded hybrid, coun-
terfactual, and no-AI conditions to minimize interface variation.
This resulted in 96 participants from the job application screening
task [19] and 146 participants from the loan approval task [18], for
a total of 242 participants.

We tested each hypothesis using separate mixed-effects logistic
regression models:

e For H1, we restricted the data to trials where the Al predic-
tion was correct and modelled decision accuracy (1 = correct,
0 = incorrect) as a function of explanation scope (local vs.
model-centric), model confidence (high vs. low), and their
interaction.

e For H2, we restricted the data to trials where the Al pre-
diction was incorrect and modelled overreliance (1 = copied
incorrect Al 0 = disagreed) as a function of NFC, explanation
scope, and model confidence.

Both models included random intercepts for participants to ac-
count for repeated measures. Predictors were effect-coded, and
statistical significance was assessed using likelihood ratio tests
at a = .05. We report coefficient estimates, odds ratios, and 95%
confidence intervals to support interpretation.

4 Results

4.1 H1: Decision accuracy with correct, high
confident Al predictions and local
explanations

To test H1, we considered only trials in which the classifier’s pre-

diction was correct and the reported confidence was low or high

The resulting analysis set contains N = 1066 decisions (472 from

the loan-approval task, 594 from the job-screening task).

We fitted a logistic model with participant accuracy (1 = correct)
as the dependent variable:

accuracy ~ scope X confidence,

where confidence = 1 for “high” and 0 for “low”, and scope = 1 for
the feature-based explanation (SHAP/sXAI) and 0 for the model-
centric alternative (Anchor/MCE?). Table 1 shows the results.

2Model-Centric Explanation (MCE)
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Table 1: Logistic regression on Al-correct trials (med confi-
dence excluded).

Predictor p SE OR p
Intercept (low, model-centric) —0.03 0.11  0.97 77
High confidence +1.04 0.18 2.83 <.001
Local explanation +0.38 0.17 146 .030
Local x High conf. +0.06 0.18 1.06 73

Table 2: Logit model on AI-wrong, low-confidence trials (bi-
nary NFC tails).

Predictor p SE OR p
Intercept (hiring, model, low NFC) +1.44 048 4.22 .003
Local explanation -0.94 0.58 039 .10
High NFC -0.74 059 048 .21
Local x High NFC +1.64 080 5.16 .041

Moving from a low-confidence to a high-confidence prediction
nearly triples the odds that the human decision is correct (OR = 2.8).
Independent of the confidence effect, a local, feature-based expla-
nation increases accuracy by about 6% (odds ratio = 1.46) compared
with a model-centric summary. The interaction term is small and
non-significant, indicating that the local-explanation advantage
holds across the binary confidence split. Taken together, these
results support H1: when the Al is correct, combining high confi-
dence with a local explanation yields the most reliable human-AI
performance.

4.2 H2: Overreliance when the Al is wrong &
low-confident

We retained only trials in which the classifier was wrong and de-
clared low confidence, yielding N = 133 decisions. Overreliance
was coded 1 whenever the participant copied the AI’s incorrect
answer. The logistic model was

overreliance ~ scope X nfc

where local = 1 for feature-based explanations and nfc, is the
standardised Need-for-Cognition score. Table 2 reports the coeffi-
cients.

The significant interaction ( = 1.64, p = .041) confirms that
NFC moderates how explanation scope affects overreliance, sup-
porting H2. The moderation is a crossover: for low-NFC partici-
pants, a local explanation reduces over-reliance (from roughly 28 %
with a model-centric summary to 11 %), but for high-NFC partici-
pants the same local explanation increases copying (from 17 % to
about 24 %). In other words, feature-based explanations help less
analytical users resist an uncertain, wrong Al while inadvertently
persuading analytical users to follow it.

4.3 Summary

H1 was supported: when the Al prediction was correct, decision
accuracy increased with local explanations and high confidence.
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Figure 3: Overall effects of confidence, explanation scope, and Need for Cognition (NFC). On the left, we show the decision
accuracy on trials where the Al prediction was correct. Bars compare model-centric (blue) and local, feature-based explanations
(magenta) at low and high model-confidence levels. On the right, we show the overreliance rate—probability of copying the AI’s
recommendation—on trials where the AI was wrong and low-confident, split by low vs high NFC.

H2 was supported: NFC moderates the explanation scope with a
crossover interaction: low NFC participants benefit from local ex-
planations, while for high NFC participants, the same explanations
increase overreliance.

5 Discussion

Local explanations and confidence boost accuracy when Al is cor-
rect. Our findings support H1: in trials where the Al was correct,
users were more likely to make correct decisions when supported by
high model confidence and local, feature-based explanations. This
confirms prior research showing that instance-specific explanations
can align human and model reasoning, improving decision accuracy
in high-stakes tasks [2, 4]. While model-centric summaries offer
structured insights into global logic, they may lack the specificity
users need when evaluating a single instance.

In addition, Al confidence served as a strong cue for the final
outcome: participants consistently performed better when the AI
expressed high certainty. This confirms past findings on the effect
of a high AI confidence in guiding user trust more than explanation
content [3, 6, 17]. The additive effects observed here suggest that
explanation scope and confidence play a meaningful role in helping
users align with correct Al predictions.

Overreliance patterns depend on explanation scope and NFC. Our
second hypothesis, H2, was also supported. We observed a signifi-
cant crossover interaction: participants with low Need for Cogni-
tion (NFC) were less likely to overrely on incorrect, low-confidence
Al predictions when given local explanations. In contrast, high-
NFC participants showed increased overreliance under the same
condition.

One possible interpretation is that low-NFC users benefit from
the concreteness of local explanations, which reduce ambiguity
and discourage blind copying. This matches prior observations
that feature-based explanations help users stay grounded when Al
predictions are uncertain [25]. Conversely, high-NFC users may

engage more deeply with the explanation content, leading to greater
rationalization of the Al’s prediction, even when wrong. This effect
echoes concerns raised in [18, 25], where explanation richness
sometimes backfired by reinforcing the perceived plausibility of
incorrect predictions.

Implications for explanation design and personalization. Our re-
sults underscore the importance of tailoring XAI interfaces to
system-level and user-level factors. While confidence and explana-
tion scope independently support decision accuracy when the Al
is correct, their effects on overreliance depend on cognitive traits
like NFC. This challenges the idea that more explanation is always
better and supports a more adaptive approach to explanation deliv-
ery [5, 25].

One promising direction is the use of confidence-aware and user-
sensitive explanation policies. Prior studies have proposed adaptive
explanation timing and selective disclosure [2], particularly when
the model is uncertain or the user is cognitively disengaged. Our
results suggest these strategies could be improved by factoring in
user traits like NFC. For instance, local explanations might be em-
phasized for low-NFC users but withheld or reframed for high-NFC
users when model confidence is low. Further research is required to
identify other traits that could foster building appropriate reliance
on the Al’s suggestion.

Toward trait-sensitive, context-aware XAIL The findings in this pa-
per contribute to the current shift in XAl research from evaluating
static explanation formats to designing interfaces that respond to
users and context. Past studies have shown that explanation scope,
user agency, and perceived stakes all shape behaviour in human-Al
interaction [3, 17, 25]. However, besides the AI confidence, it is
difficult to find consistent predictors to optimize the Al-user team-
ing accuracy. Our study adds to this literature by demonstrating
that even validated user traits like NFC can reverse the effects of
explanation scope under specific conditions.
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Future XAI systems will need to go beyond focusing on com-
puting metrics about relevant aspects of the instance and the Al
model, or defining an appropriate visualization. They must detect
when explanations are helpful, for whom, and under what condi-
tions. Our findings suggest that combining calibrated confidence
displays with adaptive explanation strategies could be a promising
step toward more effective human-AlI collaboration.

6 Conclusion

This paper examined how explanation scope, model confidence,
and user traits affect decision quality and reliance in Al-assisted
decision-making. Motivated by inconsistent findings in prior XAI
literature, we analyzed two tasks, loan approval and job screening,
focusing on the specific conditions under which explanations help
or hinder human-AI collaboration.

Our results show that when the Al prediction is correct, combin-
ing high confidence with local, feature-based explanations leads
to the highest user accuracy. However, when the Al is wrong and
low-confident, explanations offer no consistent protection against
overreliance. Moreover, individual differences matter: participants
with low Need for Cognition benefited from local explanations
when the Al was wrong and uncertain, whereas for high-NFC users,
the same explanations increased the likelihood of over-reliance.

Future work should expand this investigation along several di-
mensions. First, replication across additional domains and expla-
nation types—such as counterfactuals, contrastive rationales, or
hybrid approaches—would clarify the generality of these effects.
Second, real-time or longitudinal studies could assess how trust
and reliance evolve over repeated interactions. Finally, adaptive
systems that personalize explanation complexity or trigger user
reflection in uncertain cases hold promise for building more robust
and equitable human—-AI partnerships.
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