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Abstract

Integrating artificial intelligence (Al) into decision-
making is most effective when Al complements human
weaknesses and enhances strengths. Our study explores
this by training a specialized Al model to classify ECG sig-
nals that are difficult for humans. We evaluated its perfor-
mance against a baseline model and conducted an online
study to assess how nudging strategies influence human
reliance on Al suggestions. Results show that training Al
on human-difficult cases boosts performance in resource-
limited settings, maximizing its complementary potential.
Nudging strategies also significantly impact collaboration,
with effectiveness depending on task complexity and the
accuracy of both Al and humans. Our Intelligent Nudg-
ing approach improved human-Al collaboration accuracy
by 20%. Embedding complementarity into Al training and
using tailored nudges presents a practical path to enhance
decision-making, especially in critical domains like med-
ical diagnostics. These findings offer valuable insights
for designing effective human-Al teams that leverage each
party’s strengths for better outcomes.

1. Introduction

In recent years, artificial intelligence (AI) has demon-
strated remarkable performance across a wide range of
applications [1]. However, in clinical settings, where
Al suggestions may have life-or-death consequences, re-
liance (i.e., if the human follows the suggestion of the
Al or not) on Al must be approached with care. To im-
prove human-Al collaboration, recent research has focused
on explainable Al (XAI), which includes methods aimed
at increasing the transparency of machine learning mod-
els [2]. While XAI improves our understanding of Al
decision-making, it does not directly tackle the challenges
of human decision making or the optimization of overall
performance in human-Al collaboration. While humans
and AI have their own capabilities in medicals tasks, the
collaboration between humans and Al is far from optimal.
As recent research found out, this is mainly because hu-
mans struggle to assess their capabilities compared to the
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Al and therefore fail to properly recognize when making a
medical decision on their own or rely on the Als sugges-
tion [3]. In contrast, Als are better than humans to assess
the capabilities.

To address this, we propose Intelligent Nudging as a
strategy to improve Al reliance in challenging decision-
making contexts. Intelligent Nudging aims to subtly guide
users toward more effective Al-collaboration, particularly
in high-stakes environments. In this study, we explore
the potential of Intelligent Nudging to improve human-
Al collaboration in medical diagnostics. Using data from
the PhysioNet Challenge 2017 [4], we categorized elec-
trocardiograms (ECGs) into “easy” and “difficult” signals
based on their classification difficulty for humans. To fur-
ther study Al reliance, we conducted a two-phase survey
with 96 participants who had medical training or ECG un-
derstanding. A pre-study with 27 participants validated
our classification of difficulty levels. Afterwards, the main
study compared an Intelligent Nudging group to a control
group to assess how different forms of Al nudges affect
the performance of the human-Al collaboration, measured
by the accuracy of correctly classified ECG signals. In the
main study, participants did not interact with an actual Al
model; instead, we simulated Al assistance to explore how
Al-generated suggestions could be presented effectively.

2. Methods

For the study design, the PhysioNet 2017 dataset was
analyzed, and criteria for identifying easy and difficult
samples were defined. From now on easy and difficult
datasets describe the difficulty for humans to classify this
data, unless otherwise stated. This section introduces our
approach to detecting uncharacteristic data points within
the dataset. Furthermore, nudging as a tool to steer human-
Al collaboration is presented, followed by its implementa-
tion in an online survey to evaluate its effectiveness.

2.1. Dataset

For this study, we use the PhysioNet Challenge 2017
dataset, as we assume that single-lead ECGs are generally
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straightforward for humans to classify [4]. Additionally,
benchmark models are available, which we can use to eval-
uate Al-complementarity.
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Figure 1. Kernel density estimation of coefficient of vari-
ation of R-R intervals for each class.

The dataset consists of four classes: Normal Sinus
Rhythm (NSR), Atrial Fibrillation (AF), Other Rhythm
(OR), and Noise. To distinguish between easy and diffi-
cult samples, we analyze the coefficient of variation of R-
R intervals (C'VgR) using kernel density estimation. This
allows us to identify peculiar data points that deviate from
typical patterns.

Figure 3 shows the kernel density plot of CVyg for all
ECG signals in the dataset. The coefficient of variation
CVRR is calculated as the ratio of the standard deviation
(SDgR) to the mean R-R interval (RR):

CVRr = — ey

To differentiate between easy and difficult samples, we
use the intersections between the density plots as boundary
markers. These boundaries, highlighted in Figure 3, delin-
eate distinct regions within the data distribution. More-
over, the plot exhibits three distinguishable peaks corre-
sponding to three classes in the dataset. Data points that
fall outside the defined boundaries are considered atypical
and classified as difficult samples. OR shows no distin-
guishable peak, therefore we consider all OR signals as dif-
ficult data points. For the online survey, we only consider
the classes NSR, AF, and OR. To confirm our assumption
about easy and difficult data, we did an in-depth pre-study.

2.2. Al Complementarity

To test Al complementarity, we trained a model on two
different datasets, both of which are subsets of the com-
plete PhysioNet 2017 dataset. To maintain the overall dis-

tribution of the dataset, we applied stratified sampling. For
the complementary model, data points with atypical R-
R intervals were preferred, as described in Section 2.1,
while randomly selected data points were used for train-
ing a baseline model. To ensure comparable results, all
datasets contained the same number of samples. We per-
formed an 80/10/10 split for training, validation, and test-
ing, and evaluated the models on the test set. The model ar-
chitecture used was ResNet1D by Hong et al., the winning
entry of the PhysioNet Challenge 2017 [5]. We trained
the models using the Adam optimizer and CrossEntropy-
Loss as the loss function. Both models were trained for 50
epochs, with early stopping employed as a countermeasure
to overfitting. The results on the test sets are presented in
Table 2.

2.3. Nudging

As explained, Al is better than humans at determining if
the human or the Al should make the decision [3]. There-
fore, we propose Intelligent Nudging as a means to lever-
age this strength of the AI while keeping the human in the
loop. The concept of Nudging refers to influencing human
behavior without restricting available choices [6]. While
nudging can effectively guide human behavior toward bet-
ter human-Al collaboration, its traditionally static nature
limits adaptability in scenarios where tasks vary—shifting
whether the human or Al is better suited to decide. To
overcome this, we propose two key ideas for how the Al
should nudge the human: (1) Nudging strategies should
vary depending on the relative capabilities of the human
and AI; (2) Nudging should be applied intelligently, i.e.,
task-dependently, to optimize overall accuracy.

In our main study, we implemented an Al able to give
a suggestion to the human for a specific case, but the hu-
man always makes the final decision. We then vary the in-
tensity of assistance based on relative accuracy. In cases
where humans are predicted to outperform the Al, the
nudge should be non-intrusive, so Al assistance is mostly
ignored. When the Al is predicted to be better, it should
use an intrusive nudge, so humans use the provided assis-
tance with higher likelihood.

We used four different nudging types in our experi-
ment. We vary the invocation of assistance, since invo-
cation strongly influences whether a human follows it [7].
The four nudging types are, ranked by increasing intrusive-
ness:

o Control: The human does not see the assistance of the
AL

« Reactive Nudge: The user must explicitly request Al
assistance to receive a suggestion.

o Proactive Nudge: The Al provides a suggestion by de-
fault without user solicitation.
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o Preselection Nudge: The Al presents a suggestion and
pre-fills the response form accordingly.

We define Intelligent Nudging as the adaptive applica-
tion of these strategies based on varying tasks. Specifically,
the Al should nudge the human more intrusively when its
expected accuracy exceeds that of the human.
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Figure 2. Strategy used for assignment of nudge condi-
tions in the main study.

2.4. Survey Implememtation

For the survey implementation, we used the online tool
SoSci hosted on our own servers. The study was pre-
registered for better transparency before any data was col-
lected [8]. The target audience consisted of participants
capable of classifying ECG signals, e.g., medical doctors,
medical students, nurses, etc. The survey was divided into
a pre-study and a main study. In total, we reached 96 par-
ticipants, of which 27 took part in the pre-study and 69
in the main study. The participants’ exact distribution and
professional background are shown in Table 1. Note that
eleven participants were excluded from the main study due
to one or more of the following reasons: not completing
the survey in time, lacking sufficient prior knowledge, or
providing meaningless responses.

Table 1. All participants and the exact professions of the
main study and all responses.

All Responses Main Study
(n=85) (n=58)
Gender Male Female Male Female
57 28 45 13
Paramedic 25 25
Medical Student 10 5
Medical Staff 16 4
Other 34 24

2.4.1. Main Study

Control Condition Proactive Help

Atrial Fibrillation Atrial Fibrillation
Normal Sinus Rhythm Normal Sinus Rhythm
Other Rhythm Other Rhythm

Al diagnosis:

Normal Rhythm (sinus rhythm)

Preselection
Atrial Fibrillation

© Normal Sinus Rhythm
Other Rhythm

Reactive Help
Atrial Fibrillation
Normal Sinus Rhythm
Other Rhythm

Ask Al for help

Figure 3. Presentation of nudges in the main study.

Al diagnosis:

Normal Rhythm (sinus rhythm)

For the main study, 58 participants successfully com-
pleted the survey. They were evenly divided into a
test group and a control group, with the former receiv-
ing nudges intelligently and the latter receiving the same
nudges but randomly assigned to the tasks. The main study
involved the classification of 16 ECGs, selected from the
pre-study as relevant cases. The ECG signals were pre-
sented as 30-second segments printed on paper to simulate
a more realistic clinical setting, similar to what medical
staff would encounter in practice. After each classification
task, participants were asked to self-report their confidence
in their decision-making.

3. Results

The results are presented in two parts. First, we eval-
uate complementary training as a method to improve Al
model performance and support effective Al-human col-
laboration. Second, we report findings from the online sur-
vey, which assessed the feasibility of Intelligent Nudging
in improving accuracy.

3.1. Complementary Training

Table 2 summarizes the performance of the comple-
mentary and baseline models. As hypothesized, train-
ing primarily on difficult samples improved overall perfor-
mance. The complementary model achieved an F1-score
0.033 higher than the randomly trained model. Interest-
ingly, it also outperformed the baseline model on the easy
data subset. These results indicate that, particularly in
resource-constrained settings, focusing on difficult sam-
ples during training may be beneficial. We attribute the
performance gain to the greater variability introduced by
our data-splitting strategy.
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Table 2. Performance metrics of the models on the easy
and difficult test datasets

Performance Metric

Complementary Baseline

Easy Data

Accuracy 0.672 0.660
F1-Score 0.679 0.665
Difficult Data

Accuracy 0.722 0.696
F1-Score 0.712 0.679

3.2. Influence of Intelligent Nudging

To analyze the influence of Intelligent Nudging on over-
all performance, we compare the results of the four nudg-
ing strategies across the intelligent and random groups.
The performance results are presented in Table 3. We com-
pare performance across easy, hard, and all data points.
The intelligent group outperforms the random group on
both easy and hard tasks. Overall, the intelligent group
achieves an accuracy that is approximately 20 % higher
than that of the random group, a difference that is statisti-
cally significant (p < 0.0035).

Table 3. Accuracy for the intelligent and random group.
The p-value for a one-sided t-test comparing the perfor-
mance of all collected data points against each other is
shown. Values less than 0.05 are considered significant
and are highlighted.

Accuracy
Intelligent Random p-Value
Easy Tasks 0.754 0.669 0.0812
Difficult Tasks 0.293 0.203 0.0479%
All Data 0.524 0.435 0.0035%*

4. Discussion

Our results show that training AI models on human-
difficult ECG signals can significantly improve perfor-
mance on challenging inputs, highlighting the value of
complementary training. This approach allows scarce la-
beling and compute resources to be directed toward cases
where Al adds the most value. However, our definition
of easy and difficult data was based on handcrafted fea-
tures. While we consider this sufficient for our work, fu-
ture work could explore whether Al models themselves
can identify samples that are inherently difficult for hu-
mans. Our second key finding is that Intelligent Nudging

improves human-AlI collaboration by aligning Al support
with task difficulty. Participants exposed to both Intelli-
gent Nudging performed better than the random nudging
group. In conclusion, combining complementary train-
ing with Intelligent Nudging offers a promising framework
for enhancing decision-making in high-stakes domains like
healthcare. Future studies should evaluate these strategies
in more diverse populations and real-world clinical envi-
ronments.
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