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Abstract

The Clever Hans effect occurs when machine learning models rely on spurious
correlations instead of clinically relevant features and poses significant challenges
to the development of reliable artificial intelligence (AI) systems in medical imag-
ing. This scoping review provides an overview of methods for identifying and
addressing the Clever Hans effect in medical imaging AT algorithms. A total of
173 papers published between 2010 and 2024 were reviewed, and 37 articles were
selected for detailed analysis, with classification into two categories: detection and
mitigation approaches. Detection methods include model-centric, data-centric,
and uncertainty and bias-based approaches, while mitigation strategies encom-
pass data manipulation techniques, feature disentanglement and suppression, and
domain knowledge-driven approaches. Despite the progress in detecting and miti-
gating the Clever Hans effect, the majority of current machine learning studies in
medical imaging do not report or test for shortcut learning, highlighting the need
for more rigorous validation and transparency in Al research. Future research
should focus on creating standardized benchmarks, developing automated detec-
tion tools, and exploring the integration of detection and mitigation strategies to
comprehensively address shortcut learning. Establishing community-driven best
practices and leveraging interdisciplinary collaboration will be crucial for ensuring
more reliable, generalizable, and equitable Al systems in healthcare.

Keywords: Clever Hans, Shortcut Features, Shortcut Learning, Medical Imaging,
Machine Learning, Review
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Detecting and Mitigating the Clever Hans Effect
in Medical Imaging: A Scoping Review

Abstract

The Clever Hans effect occurs when machine learning models rely on spurious
correlations instead of clinically relevant features and poses significant challenges
to the development of reliable artificial intelligence (AI) systems in medical imag-
ing. This scoping review provides an overview of methods for identifying and
addressing the Clever Hans effect in medical imaging AT algorithms. A total of
173 papers published between 2010 and 2024 were reviewed, and 37 articles were
selected for detailed analysis, with classification into two categories: detection and
mitigation approaches. Detection methods include model-centric, data-centric,
and uncertainty and bias-based approaches, while mitigation strategies encom-
pass data manipulation techniques, feature disentanglement and suppression, and
domain knowledge-driven approaches. Despite the progress in detecting and miti-
gating the Clever Hans effect, the majority of current machine learning studies in
medical imaging do not report or test for shortcut learning, highlighting the need
for more rigorous validation and transparency in Al research. Future research
should focus on creating standardized benchmarks, developing automated detec-
tion tools, and exploring the integration of detection and mitigation strategies to
comprehensively address shortcut learning. Establishing community-driven best
practices and leveraging interdisciplinary collaboration will be crucial for ensuring
more reliable, generalizable, and equitable AT systems in healthcare.

Keywords: Clever Hans, Shortcut Features, Shortcut Learning, Medical Imaging,
Machine Learning, Review

1 Introduction

Artificial Intelligence (AI) has shown remarkable potential in medical imaging, promis-
ing to enhance diagnostic accuracy and efficiency (Ting et al. (2018); Huang et al.
(2022)). However, ensuring the reliability of these Al systems is crucial given the high
stakes in healthcare decisions(Balagurunathan et al. (2021); Dvijotham et al. (2023)).
One significant challenge is the Clever Hans Effect (Samhita and Gross (2013)), also
referred to as shortcut learning (Kauffmann et al. (2020)).

The Clever Hans effect is named after a famous horse, Hans, from the early 20th
century, who was claimed to perform arithmetic and other intellectual tasks. Later
investigation revealed that ”Clever Hans” was actually responding to involuntary



cues in the body language of his human trainer, who was unaware of providing such
cues. In AI, the Clever Hans effect occurs when models appear to excel at certain
tasks but are actually relying on unintended or irrelevant features in the data rather
than learning the underlying logic they were intended to capture (Lapuschkin et al.
(2019)). This phenomenon is of particular concern in the field of medical imaging,
where algorithms must not only be accurate but also adhere to clinical logic and
be interpretable to prevent misdiagnosis, inappropriate treatment recommendations,
or inequitable outcomes. For instance, an Al system trained to detect pneumonia in
chest X-rays (CXR) might inadvertently learn to recognize chest tubes and portable
radiographic markers rather than actual signs of the disease (Banerjee et al. (2023),
Bellamy et al. (2022)). Understanding how the Clever Hans effect manifests in clini-
cal data is thus crucial for ensuring the reliability and effectiveness of Al applications
in healthcare. It raises important questions about the trustworthiness of Al decisions
(Hatherley (2020); Zhang and Zhang (2023)), the potential for biases in healthcare
delivery (Gichoya et al. (2023)), and the need for rigorous validation of Al systems
before clinical deployment (Esmaeilzadeh (2024)).

This study conducts a scoping review of the existing literature so as to provide
a comprehensive overview of the Clever Hans effect with regard to Al algorithms for
medical images. This review focuses on identifying methods for detecting shortcut
learning in medical imaging A, exploring strategies for mitigating this effect, and
examining how the reliability and equity of Al-driven medical image analysis may be
enhanced.

2 Review

2.1 Review protocol

This scoping review focuses on the literature available for the Clever Hans effect on
AT algorithms applied to medical images and uses the PRISMA Extension for Scoping
Reviews PRISMA-ScR Checklist (Moher et al. (2010)) as the review protocol. The
automatic search strategy was performed in the following databases: PubMed, Embase,
Web of Science, Academic Search Premier, and APA Psycinfo. The search strategy
consisted of common terms related to the Clever Hans effect along with terms related
to Al and imaging modalities and included years 2010 to 2024. There was no language
limit. The exact search strategy can be found in Online Resource 1. All articles from
peer-reviewed journals that aimed to detect or mitigate the Clever Hans effect on Al
algorithms applied to medical images were included. Articles were excluded if they
only mentioned the Clever Hans effect without addressing it, applied the terms in a
different context (such as non-medical imaging or unrelated AI applications), or were
review articles. The search strategy was initially performed in October 2023. The
search was repeated twice, in May 2024 and October 2024, to include more recent
articles. The de-duplication of citations was performed first in EndNote and then again
later in Covidence.

Gray literature, consisting of peer-reviewed articles manually searched in Google
Scholar and known to the authors but not retrieved through traditional database
searches, was included to ensure the review captures all significant contributions. These



additional sources, although peer-reviewed, are often overlooked by standard search
strategies but are vital for presenting a more comprehensive and nuanced understand-
ing of the Clever Hans effect in medical imaging Al. Gray literature was included up
to October 2024, after the initial database search was completed.

2.2 Study Selection

The screening and eligibility analysis of the retrieved articles was performed by the
authors using the software Covidence. Article assessment was performed in two steps:
(1) screening by title and abstract, and (2) eligibility assessment by full-text review.
In each step of the PRISMA-ScR methodology, articles are reviewed twice, with a
third review in case of disagreement. The included articles were analyzed by two teams
of medical Al practitioners and clinicians, including all authors, so as to determine
whether the goal of the paper was to detect the Clever Hans effect or to mitigate it.

2.3 Results

2.3.1 Search Strategy

The search strategy (Figure 1) yielded 207 articles. Further, 5 articles were included as
7gray literature,” which refers to articles on the topic that were not originally retrieved
by the search strategy. From the initially identified records 39 were duplicates. The
remaining 173 articles were screened based on title and abstract evaluation, resulting
in 105 exclusions. The articles were then analyzed for full text, leading to exclusion
of 24 articles, and a total of 37 articles thus included for the final analysis. These
articles were classified as detection, mitigation, or both, according to their proposed
approaches, resulting in 13, 19, and 4 articles, respectively, as summarized in Table
1. The single remaining article was classified as ”definition.” The 17 medical imaging
modalities covered by the included articles are shown in Table 2.
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Fig. 1: Flow diagram for article inclusion and exclusion based on PRISMA method-
ology



Table 1: Detection and Mitigation Methods for Clever Hans Effect in Medical Al

Taxonomy

Methods

Articles

Detection Methods:

Model-Centric Approaches

Performance Replication and
Feature Generalization

DeGrave et al. (2021)

Identifying Confounding
Factors

Qu et al. (2024), Compton
et al. (2023)

Model Interpretation
Techniques

Chen and Lin (2024), Sun
et al. (2023), Wainwright et al.
(2023), DeGrave et al. (2021)

Data-Centric Approaches

Dataset Bias Abduction

DeGrave et al. (2021)

Attribution Maps and
Shortcut Detection

Pedrosa et al. (2022), Arias-
Londono and Godino-Llorente
(2024), Zhang et al. (2023)

Occlusion Tests

Haynes et al. (2024), Wallis
and Buvat (2022),Mahmood
et al. (2021)

Uncertainties and
Biases-Based Methods

Counterfactual Explanations

Thiagarajan et al. (2022)

Fairness as Proxies

Brown et al. (2023), Souza
et al. (2023), Bottani et al.
(2023)

Data Acquisition Bias
Quantification

Ong Ly et al. (2024)

Mitigation Methods:

Data Manipulation Techniques

Data Balancing and
Preprocessing

Compton et al. (2023), Brown
et al. (2023), Ben Ahmed

et al. (2022), Luo et al.
(2022), Aliverti et al. (2021)

Data Augmentation

Wang et al. (2024), Ouyang
et al. (2022), Chen et al.
(2022), Zare and Nguyen
(2022), Huang et al. (2023),
Chen et al. (2022)

Feature Disentanglement and
Suppression

Feature Decoupling and
Regularization

Trivedi et al. (2022), Pohjonen
et al. (2022), Zhao et al. (2020)

Shortcut Removal via
Attention and Heatmaps

Miiller et al. (2023), Bassi
et al. (2024), Bottani et al.
(2023)

Causal Intervention and
Information Minimization

Qu et al. (2024), Fay et al.
(2023), Luo et al. (2022)

Domain Knowledge-Driven
Approaches

Semantic Labeling and Data
Representation

Xiong et al. (2022)

Domain-Specific Preprocessing

Wu et al. (2023),
Arias-Londono and
Godino-Llorente (2024)

Improving Model Robustness

Jabbour et al. (2020), Hooper
et al. (2024)




Table 2: Medical Imaging Modalities of Included Clever Hans Articles

Modality

Papers

Chest X-ray

Bellamy et al. (2022), Pedrosa et al. (2022),
Thiagarajan et al. (2022), Zhang et al. (2023),
Arias-Londofio and Godino-Llorente (2024), Ong Ly
et al. (2024), Chen and Lin (2024), Haynes et al.
(2024), Sun et al. (2023), Wainwright et al. (2023),
DeGrave et al. (2021), Ben Ahmed et al. (2022),
Brown et al. (2023), Luo et al. (2022), Luo et al.
(2022), Trivedi et al. (2022), Zare and Nguyen
(2022), Bassi et al. (2024), Wang et al. (2024),
Pohjonen et al. (2022), Ong Ly et al. (2024),
DeGrave et al. (2021), Compton et al. (2023),
Hooper et al. (2024), Jabbour et al. (2020)

Brain MRI

Bottani et al. (2023), Souza et al. (2023), Wallis and
Buvat (2022), Souza et al. (2024), Chen et al. (2022),
Fay et al. (2023)

Lung CT

Mahmood et al. (2021), Xiong et al. (2022), Ong Ly
et al. (2024)

ECG, lung CT, Auscultation, EHR

Ong Ly et al. (2024)

Prostate Pathology slides

DeGrave et al. (2021)

Brain fMRI

Aliverti et al. (2021)

Abdominal CT-MRI, cardiac MRI,
prostate MRI

Ouyang et al. (2022)

Brain MRI, hand X-Ray

Zhao et al. (2020)

Pancreatic CT

Qu et al. (2024)

Ultrasound Images

Huang et al. (2023)

Retinal Fundus Photos

Wu et al. (2023).

2.3.2 Methodologies for Detecting the Clever Hans Effect

Medical imaging Al algorithms face significant challenges related to the Clever Hans
Effect, where models exploit shortcuts or non-clinically relevant features in datasets,
leading to inflated performance metrics. Several methods have emerged to address this
issue from different perspectives, including model-centric and data-centric approaches,
as well as uncertainties and biases-based methods.

I. Model-Centric
Performance Replication and Feature Generalization

Model-centric approaches assess how machine learning models may depend on spurious
features by testing them on internal datasets and validating their performance on
external datasets. When models perform poorly on external data, it suggests that
they may be relying on source-specific features rather than clinically relevant patterns.
DeGrave et al. (2021) demonstrated that models often fail to generalize due to their
reliance on features specific to the training data, particularly when the data is sourced
from different origins. They highlighted this issue in the context of COVID-19 CXR
classification, where multiple public datasets, often compiled without standardized
protocols, exacerbated the model’s dependence on spurious, source-specific features.



Identifying Confounding Factors

Identifying confounding factors is crucial for understanding how models may learn
spurious correlations. Structural causal models (SCMs, Pearl et al. (2000)) represent
the causal relationships between variables, allowing researchers to disentangle con-
founders and assess their impact on model predictions. By explicitly modeling these
confounders, such as intensity variations and texture differences, SCMs can help clar-
ify how models may rely on non-clinically relevant features. Qu et al. (2024) applied
SCMs to pancreatic cancer diagnosis models on CT scans, identifying key confounders:
intensity variations from contrast agent metabolism and scanning times, as well as tex-
ture differences caused by individual non-cancerous factors. Their work demonstrated
these confounders can lead models to learn spurious correlations. Similarly, Comp-
ton et al. (2023) identified hospital-specific artifacts as confounding factors in CXR.
By analyzing worst-group accuracy and probing model embeddings, they revealed
that models often rely on non-disease-related signals, such as hospital origin, to make
predictions, thereby reducing generalizability and leading to shortcut learning. Both
studies underscore the importance of identifying and addressing confounding factors
to improve model robustness and avoid reliance on spurious correlations.

Model Interpretation Techniques

Model interpretation techniques, such as Guided Backpropagation (Springenberg et al.
(2014)), Gradient-weighted Class Activation Mapping (Grad-CAM, Selvaraju et al.
(2017)), and SHapley Additive exPlanations (SHAP, Lundberg and Lee (2017)), are
valuable tools for detecting the Clever Hans effect in medical imaging classifiers. By
analyzing the model’s sensitivity to artificial confounders and comparing the expected
outcomes with the model’s predictions, researchers can identify the model’s reliance on
spurious correlations. Furthermore, methods like attention visualization, uncertainty
estimation, and low-dimensional data representations aid in detecting and visualiz-
ing data quality issues, enhancing the assessment of trustworthiness and reliability in
deep learning models. Sun et al. (2023) and Chen and Lin (2024) used model inter-
pretation techniques to detect shortcut learning in classifiers trained on CXR. datasets
with artificially introduced confounders, such as hospital tags and occlusions. They
introduced two metrics: Confounder Sensitivity (CS), which measures confounder
attribution accuracy, and Normalized Cross Correlation (NCC), which assesses the
similarity of model output to predicted changes. Their findings suggest that models
increasingly relying on spurious correlations should exhibit higher CS and lower NCC
values, emphasizing the need for robust model evaluation methods. Similarly, Wain-
wright et al. (2023) employed attention visualization, uncertainty measurements, and
low-dimensional data representations to detect and visualize data quality issues in
CXR disease classification, contributing to the broader analysis of model trust and
reliability. DeGrave et al. (2021) further illustrated how deep learning models for
COVID-19 detection in CXR can exploit spurious features using saliency maps based
on expected gradients. These maps highlighted not only the lung fields but also irrele-
vant features, such as laterality markers and image edges, that influenced predictions.
This reliance on dataset-specific artifacts, like differences in radiographic projection
or annotations, contributed to poor generalization on external datasets. Finally, they
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emphasized the importance of explainable AT methods like saliency maps for identify-
ing such confounds, recommending population-level audits to ensure models are not
driven by irrelevant patterns.

II. Data-Centric
Dataset Bias Abduction

Data-centric approaches to detecting the Clever Hans effect focus on uncovering biases
within the training data. Generative adversarial networks (GANs, Goodfellow et al.
(2020)) can be employed to transform images and abduct dataset-specific biases. By
simulating positive and negative cases with varying source-specific features, researchers
can identify these biases and highlight the importance of collecting data that accu-
rately represents the target population. DeGrave et al. (2021) employed this approach,
emphasizing the need for target population-based data collection to minimize the influ-
ence of dataset-specific features. Using GANs to simulate positive and negative CXR,
COVID-19 cases, they discovered that the network added or removed laterality mark-
ers and annotations, thereby reinforcing the presence of source-specific features in the
training data.

Attribution Maps and Shortcut Detection

Shortcut detective models can be trained to identify intrinsic shortcuts that may
affect the model’s generalizability. Pedrosa et al. (2022) developed an automatic label
detection framework using YOLOv3 to obscure written labels, markers, and equip-
ment identifiers in CXR images, which can introduce spurious correlations in medical
image classification tasks. The model successfully identified labels of varying font
sizes, brightness, and positions, demonstrating its robustness across multiple datasets.
Their approach not only promoted the learning of generic, clinically relevant features
by obscuring non-clinical artifacts but also provided a method for retrospectively
analyzing trained models to infer whether shortcuts related to image markers were
learned.

On the other hand, attribution maps generated by techniques like Layer-wise
Relevance Propagation (LRP; Bassi and Attux (2021)) and Deep Learning Impor-
tant Features (DeepLIFT, Shrikumar et al. (2017)) can highlight the relevance of
input features to a model’s predictions, helping researchers identify reliance on non-
clinically relevant features. Arias-Londofio and Godino-Llorente (2024) applied LRP
and DeepLIFT to CXR to elucidate the impact of input features on COVID-19 detec-
tion. Zhang et al. (2023) built upon this approach by developing shortcut detective
models to uncover intrinsic shortcuts, such as contrast and sharpness. Their find-
ings revealed that these shortcuts were present in the COVIDx dataset. In contrast,
datasets curated by medical professionals showed no evidence of such shortcuts. This
comparison highlights how intrinsic biases can arise from poorly curated datasets,
ultimately impacting model performance.

Occlusion Tests

Occlusion tests are effective methods for detecting shortcut learning in medical imaging
classifiers. Occluding clinically relevant regions, such as the lungs in CXR, allows
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researchers to assess whether a model retains its discriminative power. If a model
continues to perform well despite these occlusions, it suggests reliance on irrelevant,
non-pathological features, indicating shortcut learning. Additionally, training models
to predict attributes like sex, originating site, or scanner type using the feature space of
a pre-trained classifier can reveal the inadvertent encoding of site-related information,
which may serve as shortcuts for disease classification.

Haynes et al. (2024) introduced a novel occlusion test to detect shortcut learning
in COVID-19/non-COVID classification model. By occluding the lung region with a
black box, they demonstrated that models maintaining discriminative power despite
the occlusion were likely exploiting irrelevant, non-pathological features. Similarly,
Wallis and Buvat (2022) performed brain tumor classification using a widely-used
publicly available T1-weighted contrast-enhanced MRI dataset, revealing that models
could achieve high classification accuracy even when the tumor was obscured or when
only the skull was visible. This suggested that the models were leveraging anatomical
location cues or other irrelevant features rather than non-tumor-specific information.
In this case, the dataset (Cheng (2017)) was biased from its construction, as the rep-
resentative slices were extracted by a human expert. While this bias did not affect the
dataset’s original purpose—radiomics and tumor segmentation—it became problem-
atic to the classification task, ultimately impacting the model’s clinical performance.
In a similar context, Mahmood et al. (2021) provide a compelling case study demon-
strating the use of sanity tests in a deep learning system designed to classify pancreatic
cancer from CT scans. They propose a series of tests, including evaluating models
trained on target-present and target-absent datasets, as well as noise images and back-
ground patches. In their case, the removal of the pancreas from scans revealed that the
model could still perform well, exposing its reliance on confounding factors unrelated
to the disease itself. Similarly, training with noise images and testing on unseen regions
of interest further demonstrated how these models can learn shortcuts rather than
focusing on medically relevant features. These findings underscore the importance of
testing for such biases early in the development phase, as these flaws could lead to
significant performance drops when systems are applied to generalization datasets.

IIT. Uncertainties and Biases
Counterfactual Explanations

Counterfactual explanations, which help reveal how small changes in input data affect
a model’s predictions, have become a key tool in detecting biases and unintended short-
cuts in AT models, especially in medical imaging. Thiagarajan et al. (2022) introduce
TraCE (Training Calibration-based Explainers), a method that uses uncertainty-based
calibration to generate meaningful counterfactuals for clinical image predictors. By
leveraging an auto-encoding network and the Learn-by-Calibrating technique, TraCE
enables progressive transitions between normal and abnormal states (e.g., pneumo-
nia severity in chest X-rays) while avoiding reliance on spurious features such as
background pixels. In their studies, TraCE effectively detected biases, such as mod-
els incorrectly focusing on synthetic features, and explored relationships between
attributes like age and diagnosis. Overall, TraCE provides a powerful framework for
improving the interpretability and trustworthiness of AI models in healthcare.

12



Fairness as Proxies

Fairness-based approaches can effectively detect shortcuts in machine learning models
by using demographic information to uncover hidden biases and unintended correla-
tions. Brown et al. (2023) introduced ShorT (Shortcut Testing), a method for detecting
and mitigating Clever Hans-like behavior in clinical AI models by assessing how much
sensitive attribute information, such as age or race, is encoded in a model’s features.
Rather than focusing on the mere presence of sensitive attribute encoding, ShorT
tests whether this encoding leads to unfair performance by varying the strength of the
encoding through a demographic prediction head.

Additionally, Souza et al. (2023) conducted a comprehensive investigation into
whether site-related effects and other confounding variables, such as sex and scanner
type, are encoded within the feature space of a deep learning model for classifying
Parkinson’s disease (PD) based on T1-weighted brain MRI. Using a diverse dataset
of 1880 subjects across 41 different sites, they analyzed how the model incorporates
these variables, even when not explicitly provided during training. They trained new
models to predict sex, originating site, and scanner type based on using the feature
space of a pre-trained PD classifier, achieving high levels of accuracies (75%, 71%, and
79%, respectively). These findings suggest that the PD classifier inadvertently encoded
spurious correlations, raising concerns about the potential use of these variables as
shortcuts in disease classification, which may compromise the model’s clinical utility.

On the other hand, Bottani et al. (2023) investigated fairness concerns in machine
learning models for detecting dementia from T1-weighted brain MRI scans, empha-
sizing the need to address shortcuts while preserving predictive accuracy across
demographic groups. Their study identified significant biases caused by training set
imbalances, particularly due to gadolinium contrast agent injection and varying image
quality, which inflated accuracy by over 17 percentage points in models exhibiting
the Clever Hans effect. Through their approach, they revealed that classifiers trained
on clinical data performed poorly, particularly when trained on biased datasets,
underscoring the challenges of generalizing models from research to clinical settings.

Data Acquisition Bias Quantification

Quantifying the impact of data acquisition biases (DAB) in training data is essential
for accurately estimating Al model performance on unseen external data. Ong Ly et al.
(2024) highlight the significance of quantifying DAB to accurately assess Al model
performance on unseen external data, revealing that traditional evaluation methods
can overestimate accuracy by up to 20% due to DAB-induced shortcut learning. Their
novel DAB-induced shortcut learning metric enables more precise predictions of exter-
nal dataset performance, demonstrating an average improvement of 16% over existing
methods. The study underscores the variability in data collection across different
hospitals and acquisition settings, which can lead AI models to rely on spurious fea-
tures instead of clinically relevant signals. While focusing on DAB, the research also
acknowledges the importance of addressing demographic biases and encourages fur-
ther exploration into additional unstructured data modalities. Overall, the proposed
methodology aims to enhance the reliability of Al model evaluations in healthcare,
facilitating safer integration into clinical workflows.
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These methodologies offer valuable insights into detecting the Clever Hans effect
in AT algorithms used in medical imaging. Ranging from model-centric approaches to
data-centric techniques for handling uncertainties and biases, each study contributes
to a deeper understanding of the challenges and opportunities in developing more
robust and equitable Al systems for medical image analysis. Table 3 summarizes the
advantages and weaknesses of each detection approach, providing a clear comparison
of their effectiveness. By proactively addressing biases early in the development phase
and ensuring models rely on clinically relevant features, these methodologies lay the
groundwork for enhancing diagnostic accuracy and improving patient care in clinical
settings.
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Table 3: Advantages and weaknesses of methodologies for detecting the Clever Hans effect

in medical imaging Al models.

Taxonomy Methods Advantages ‘Weaknesses
Model-Centric Performance Enables the identification of May fail to detect subtle
Approaches Replication spurious correlations by biases if external datasets do
and Feature evaluating model performance  not adequately represent
Generalization across internal and external clinical diversity. Requires
datasets. It facilitates model access to multiple,
generalization and robustness well-curated datasets.
across diverse data sources.
Identifying Structural Causal Models Requires detailed knowledge
Confounding (SCMs) allow the of confounders, making
Factors disentanglement of implementation complex. Its
confounding factors from effectiveness depends on the
clinically relevant features, quality of the causal model
thus revealing the reliance on design.
non-medical cues.
Model Provides transparency by These techniques can be
Interpretation visualizing the model’s computationally intensive,
Techniques decision-making process, and their applicability varies

helping to identify reliance on
non-clinically relevant
correlations.

depending on model
architecture. Interpretation
can be subjective.

Data-Centric Dataset Bias

Highlights biases embedded

Bias detection can be

Approaches Abduction within the dataset, incomplete if datasets lack
emphasizing the need for diversity; mitigating biases
collecting data that represents  introduced by augmentation
the target clinical population. may not fully eliminate

spurious correlations.

Attribution Uses techniques like LRP and Interpretation of the visual
Maps and DeepLIFT to visually maps requires domain
Shortcut highlight the importance of expertise, and the method can
Detection input features, allowing for be sensitive to noise or

the detection of spurious irrelevant features in the

shortcuts. dataset.
Occlusion Tests the model’s reliance on Augmentation may introduce
Tests irrelevant features by applying  artifacts, and occlusion may

occlusion to critical regions of not reveal more complex

input data or augmenting shortcuts. There is also a risk

datasets to disrupt of generating unrealistic data

correlations. Helps validate distributions.

model reliance on meaningful

patterns.

Uncertainties Counterfactual ~ Offers insights into the Generating counterfactuals

and Explanations sensitivity of model can be computationally

Biases-Based predictions to small changes expensive and complex, and

Methods in input data, effectively their results may not always

detecting reliance on
unintended features. Promotes
model interpretability.

be intuitive for non-experts.

Fairness as
Proxies

Leverages demographic
attributes (e.g., race, age, sex)
to uncover hidden biases and
spurious correlations in model
predictions, contributing to
fairness evaluations in clinical
Al

Requires access to sensitive
demographic information,
which might raise privacy
concerns. Balancing fairness
with model accuracy can be
challenging.

Data
Acquisition
Bias
Quantification

Provides a]fheans to quantify
biases introduced during data
acquisition, enhancing
understanding of how such
biases impact model
performance and
generalization.

Complex to implement due to
the need for detailed
knowledge about data
acquisition protocols. While it
quantifies bias, it does not
directly address it.
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2.3.3 Methodologies for Mitigating the Clever Hans Effect

This section discusses several strategies for addressing the Clever Hans effect in medical
imaging AI, focusing on three main categories: data manipulation techniques, feature
disentanglement and suppression, and domain knowledge-driven approaches.

I. Data Manipulation
Data Balancing and Preprocessing

Data balancing and preprocessing techniques aim to reduce the impact of spurious
correlations and biases. In deep learning, these methods help prevent models from
learning shortcuts by ensuring the training data is more representative of the target
population and less influenced by confounding factors. Compton et al. (2023) empha-
size data balancing as a key mitigation strategy in their large-scale study on CXR.
They demonstrated that balancing datasets to equalize disease prevalence across differ-
ent hospitals can reduce spurious correlations, such as those between hospital-specific
artifacts and disease labels. While this approach often improves worst-group accuracy,
the authors caution that balancing alone is not always sufficient, as it may still lead
to performance degradation in some cases. Their work highlights the importance of
combining data balancing with other preprocessing strategies to effectively mitigate
reliance on shortcuts.

Other techniques include applying visual inspection and curation, and using fine-
grained labels to encourage models to focus on clinically relevant features. Brown et al.
(2023) proposed a framework for mitigating shortcut learning, focusing on the use
of gradient reversal to reduce correlations between sensitive attributes like age and
race and model outcomes. Their approach allows creating models with varying levels
of mitigation to explore the trade-offs between fairness and performance. While they
find that methods like dataset balancing and gradient reversal can improve fairness
without always harming performance, they also acknowledge that some mitigation
strategies may degrade model accuracy. Their framework thus offers a flexible approach
to detecting and mitigating shortcuts, ensuring fairer clinical Al systems.

Similarly, Ben Ahmed et al. (2022) proposed a pipeline to mitigate shortcut learn-
ing in CNN-based disease diagnosis models by reducing the performance gap between
internal and external tests. improve model generalization on CXR from different
sources. Their approach involves data preprocessing techniques like lung segmentation
and cropping, histogram equalization, and noise reduction to improve model general-
ization. They demonstrated that these methods significantly reduce the performance
drop when testing on unseen data.

The Clever Hans effect can also arise from insufficiently specific data labels, leading
models to explore irrelevant features. Luo et al. (2022) investigated the impact of
fine-grained lesion annotations on deep learning models for disease classification and
detection in CXR. By comparing two models—CheXNet, trained with radiograph-level
labels, and CheXDet, trained with lesion-level labels—they found that fine-grained
annotations, such as bounding boxes, helped mitigate shortcut learning by enabling
the model to focus on the correct pathological patterns. Additionally, Aliverti et al.
(2021) addressed the challenge of spurious correlations in high-dimensional data, such
as batch effects and race, by proposing a method to preprocess data using a constrained
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form of matrix decomposition. This approach ensures statistical independence from
nuisance variables while minimizing information loss. Their method is agnostic to
model type and aims to improve its generalizability.

Data Augmentation

Data augmentation is a widely used technique in deep learning to improve model
generalization and robustness. In mitigating shortcut learning, data augmentation
introduces variations in the training data to disrupt spurious correlations between
input features and target labels. Techniques such as image transformations, noise
addition, and cross-domain simulation expose models to a more diverse set of examples,
reducing their reliance on shortcuts and improving generalization to unseen data.

Wang et al. (2024) demonstrated that training a model using augmented CXR
images reduced error rate disparities among racial groups (-5.45%), age groups (-
13.94%), and sex (-22.22%). For Alzheimer’s disease detection, the model trained with
augmented MRI images showed reductions of 53.11% and 31.01% in error rate dispar-
ities among age and sex groups, respectively. Augmentation diminished the model’s
reliance on demographic attributes, leading to improved clinical performance.

Ouyang et al. (2022) introduced a data augmentation technique for cross-domain
medical image segmentation that simulates data in a shifted domain and effectively
removes spurious correlations through causal intervention. Zare and Nguyen (2022)
applied Invariant Risk Minimization (IRM, Arjovsky et al. (2019)) to augment CXR
data, a method designed to learn invariant features by using predefined environments
based on confounders like age and sex. These approaches help reduce correlations
between sensitive attributes and outcomes, thereby mitigating the effects of shortcut
features on model training. Nevertheless, completely eliminating spurious correlations
is challenging due to inherent data biases.

In ultrasound imaging, Huang et al. (2023) proposed Combining Foreground And
Background (CFAB), an online data augmentation technique that helps convolutional
neural networks (CNNs) focus on key features without requiring foreground anno-
tations. CFAB disrupts correlations between backgrounds and labels by changing
different backgrounds for a single sample, thus reducing spurious correlations in medi-
cal image classification. For multi-site neuroimaging studies, Chen et al. (2022) created
Correcting Covariance Batch Effects (CovBat), a method that addresses site effects
across mean, variance, and covariance. This method first corrects mean and variance
shifts, then uses principle component analysis to align within-site covariance matrices
to the pooled covariance structure, which improves data harmonization across multiple
sites.

II. Feature Disentanglement and Suppression
Feature Decoupling and Regularization

Feature decoupling and regularization techniques in deep learning seek to differentiate
clinically relevant features from spurious ones. Methods such as spectral decoupling
and invariant feature learning encourage models to concentrate on features directly
related to the target task and suppress the impact of confounding factors. These
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approaches help reduce shortcut learning by promoting the development of more
robust and generalizable representations.

In COVID-19 studies, shortcut learning often stemmed from poor-quality CXR
datasets. Introducing feature disentanglement has been shown to improve general-
ization on unseen datasets. For instance, Trivedi et al. (2022) demonstrated that
incorporating feature disentanglement into training helps models focus on target-
related features while penalizing irrelevant ones. Similarly, Pohjonen et al. (2022)
observed that spectral decoupling (Pezeshki et al. (2021)), which involves adding an L2
penalty to network logits, reduces overfitting on shortcut features. Although spectral
decoupling effectively mitigated shortcut learning in prostate cancer histopathological
images, it was less effective for COVID-19 CXR datasets, likely due to differences in
acquisition protocols. Trivedi et al. (2022) also observed that preprocessing techniques
like lung masking and histogram equalization, which are typically thought to enhance
model generalization, were ineffective in preventing shortcut learning. Meanwhile,
Zhao et al. (2020) introduced an end-to-end method for deriving features invariant
to confounding factors while accounting for intrinsic correlations between confounders
and predictions. This approach combined traditional statistical methods with recent
invariant feature-learning techniques to ensure features reflect clinical outcomes rather
than confounding variables.

Shortcut Removal with Attention and Heatmaps

Attention mechanisms in deep learning enhance model interpretability and perfor-
mance by focusing on relevant features. To address shortcut learning, attention-based
methods can be employed to identify and eliminate shortcuts in input data. By learning
attention maps that highlight regions contributing to shortcut learning and replacing
them with more pertinent information, models are guided to concentrate on clinically
significant features, reducing reliance on spurious correlations. Miiller et al. (2023)
introduced the “Lens” network, which targets shortcut features in CXR for COVID-19
detection through an adversarial obfuscation mask learning approach. The framework
comprises two U-Net modules: the attention module, which identifies shortcuts and
produces a mask, and the replacement module, which generates suitable replacements
for these shortcuts. Both modules are trained using the classifier’s inverted gradients
and an adversarial loss to balance the obfuscation of shortcut features with the utility
of the modified images. Qualitative analysis of the attention maps indicated that the
”Lens” approach effectively removed irrelevant information, such as text and icons,
from the X-ray images.

Similarly, Bassi et al. (2024) introduced ISNet, a classifier architecture designed
to mitigate shortcut learning caused by background bias in CXR. They demonstrated
that optimizing LRP heatmaps could minimize the influence of spurious correlations
between background features and image classes, highlighting how these techniques
combined with architectures like ISNet, can prevent non-clinically relevant features
from influencing model predictions. On the other hand, Bottani et al. (2023) addressed
the Clever Hans effect by tackling biases in machine learning models used to detect
dementia from brain MRI scans. Their study shows how non-causal factors, like
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gadolinium contrast agent injections and variations in image quality, can lead to spuri-
ous correlations, significantly inflating model accuracy. To mitigate these biases, they
introduce an image translation technique to homogenize the appearance of images,
reducing the model’s reliance on non-causal features and improving fairness across
demographic groups. This approach helps ensure more reliable and generalizable
machine learning applications in clinical settings, emphasizing the importance of bias
control in medical imaging.

Causal Intervention and Information Minimization

Causal intervention and information minimization techniques in deep learning target
shortcut learning by explicitly modeling the causal relationships between input fea-
tures, confounding factors, and target labels. Methods such as causal intervention,
orthogonality constraints, and mutual information minimization encourage models to
learn representations that are invariant to confounding factors, aligning more closely
with the true causal mechanisms of the data. These approaches help mitigate shortcut
learning by promoting the learning of more robust and generalizable features.

Qu et al. (2024) propose a confounding effects reduction scheme for pancreas imag-
ing through a causal intervention strategy. By decoupling causal features (e.g., tumor
characteristics) and non-causal confounders (e.g., intensity and texture variations),
their approach reduces the influence of spurious correlations. They employ continu-
ous image generations and feature diversification methods to simulate and randomize
non-causal factors, forcing the model to focus on the correct, disease-related features.
Orthogonality constraints further ensure independence between causal and non-causal
factors, enhancing the model’s generalization and clinical applicability. Fay et al.
(2023) introduced the Mutual Information Minimization Model (MIMM) to mitigate
spurious correlations. MIMM divides feature vectors into independent components for
primary task prediction and spurious factor predictions, using a Mutual Information
Neural Estimator (MINE) to reduce mutual information between these components.
This approach facilitates causal, counterfactual invariant predictions, demonstrating
robustness to data distribution shifts and adaptability to various tasks associated with
brain MRI. Similarly, Luo et al. (2022) proposed a pseudo bias-balanced learning algo-
rithm that initially trains a highly-biased model to generate pseudo-bias labels, which
are then used to train a debiased model capable of avoiding shortcut features, thereby
improving model generalization.

III. Domain Knowledge-Driven Approaches
Semantic Labeling and Data Representation

Providing detailed, well-defined categories based on expert knowledge encourages
models to focus on meaningful patterns in the data rather than relying on short-
cuts. Additionally, employing domain-specific data representations, such as multi-
orientation slices and attention mechanisms, can further enhance the model’s ability
to capture clinically relevant features and minimize the impact of spurious correla-
tions. For instance, Xiong et al. (2022) addressed pulmonary nodule classification by
introducing five semantic classification labels and a multi-center, multi-label pipeline
designed to extract robust features with true relational connections. Senior radiologists
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from two hospitals classified CT scans into five well-defined categories, and fifteen 2D
slices from different orientations were extracted to augment the training set, improv-
ing generalization. They utilized a BotNet architecture, which combines CNNs with
self-attention mechanisms, to enhance CT scan representations by focusing on both
detailed and broader features. Additionally, they re-weighted the training samples
using Random Fourier Features (RFF) to eliminate spurious correlations, particularly
in out-of-distribution testing scenarios across multiple centers. This pipeline and its
augmentation methods successfully improved predictive performance and mitigated
overfitting in both validation and testing.

Domain-Specific Preprocessing

Domain-specific preprocessing techniques leverage expert knowledge to mitigate short-
cut learning in deep learning models. By tailoring preprocessing steps to the unique
characteristics of the data and the clinical task, such as vessel segmentation and
obfuscation in retinal scans, models are encouraged to focus on clinically relevant fea-
tures rather than relying on shortcuts. This approach helps ensure that the learned
representations are more closely aligned with the underlying clinical phenomena. In
ophthalmology, Wu et al. (2023) developed a vessel segmentation and obfuscation
framework based on the understanding that vascular regions in the eye are closely
correlated with gender information. Their approach effectively removed most gender-
related information from retinal scans, thereby reducing gender disparities in diagnosis.
Similarly, Arias-Londono and Godino-Llorente (2024) applied semantic segmentation
of lung regions in CXR images to guide deep learning models in detecting COVID-19
by focusing on areas with causal relationships to the disease. This technique minimized
learning shortcuts and reduced the model’s reliance on irrelevant artifacts or biases,
such as external textures, ultimately leading to more interpretable and clinically useful
outcomes.

Improving Model Robustness

Leveraging domain-specific knowledge is a key strategy for improving model robust-
ness in medical image classification tasks. By incorporating prior knowledge from
related diagnostic tasks, models can be guided to focus on clinically relevant features,
reducing the risk of relying on spurious correlations or shortcuts. In their study on
CXR, Jabbour et al. (2020) proposed a transfer learning method to address the issue
of models exploiting spurious correlations like patient demographics or image prepro-
cessing artifacts. By first training the model on a source task that lacks these biases
(e.g., pneumonia diagnosis), the learned features act as domain priors, helping the
model focus on clinically relevant patterns. The model’s encoder is then frozen, and
only the final layer is fine-tuned on the target task (e.g., congestive heart failure). This
approach significantly reduces shortcut learning, improving the model’s generalization
to unseen patient populations. Another approach to improving model robustness is
reframing traditional image classification tasks as segmentation tasks. In their work,
Hooper et al. (2024) proposed that segmentation can mitigate the Clever Hans effect by
encouraging models to focus on pixel-level, disease-specific features, rather than irrel-
evant background information. This shift ensures that models learn features directly
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related to the pathology, reducing the risk of shortcut learning and improving both
interpretability and generalization. By summarizing segmentation masks into clas-
sification labels, this method enhances model reliability across datasets, even when
spurious correlations are present.

Mitigating the Clever Hans effect in medical imaging Al requires a multi-faceted
strategy. The methodologies discussed in this section, including data manipulation
techniques, model architecture and training strategies, and domain knowledge-driven
approaches, provide a comprehensive toolkit for developing more robust and generaliz-
able models. Table 4 highlights the pros and cons of each mitigation strategy, offering
a useful comparison to guide the selection of the most appropriate techniques. Fur-
ther study and refinement of these methods is essential to ensure the development of
models that can truly benefit patient care and outcomes.
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Table 4: Advantages and weaknesses of methodologies for mitigating the Clever Hans
effect in medical imaging Al models.

Taxonomy Methods Advantages ‘Weaknesses
Data Data Reduces the impact of While helpful, balancing may
Manipulation Balancing and spurious correlations by not fully eliminate biases, and
Techniques Preprocessing ensuring training data is more  preprocessing techniques like
representative of the target segmentation may lead to loss
clinical population. Ensures of valuable information.
better generalization by
balancing dataset
characteristics.
Data Introduces variability in the May unintentionally introduce
Augmentation training data through artifacts or unrealistic
transformations, noise patterns. Success largely
addition, or synthetic data depends on the quality and
generation, reducing reliance diversity of augmentation
on shortcut learning and techniques.
enhancing generalization.
Feature Disen- Feature Improves robustness by Requires careful tuning to
tanglement Decoupling isolating clinically relevant avoid over-regularization,
and and features and suppressing the which may degrade
Suppression Regularization influence of confounding or performance. Feature
irrelevant features through decoupling can be complex
regularization techniques like and computationally
spectral decoupling. demanding.
Shortcut Uses attention-based methods Can overlook subtler shortcuts
Removal via to focus on clinically if not carefully designed. May
Attention and significant features, while incur a high computational
Heatmaps eliminating irrelevant cost, especially when
information from input data. employing advanced attention
Enhances interpretability by mechanisms.
localizing attention to
important regions.
Causal Intervenes in causal Effective in reducing reliance
Intervention relationships by separating on spurious correlations, but
and confounders from clinical these techniques can be
Information features, using approaches like  complex to implement and
Minimization mutual information may require substantial
minimization and domain knowledge.
orthogonality constraints to
promote generalization.
Domain Semantic Uses domain knowledge to Heavily reliant on expert
Knowledge- Labeling and label and represent data in annotations, which may be
Driven Data clinically meaningful ways, time-consuming and
Approaches Representation  helping models focus on resource-intensive to generate.
relevant features and reducing  Generalization depends on the
the risk of learning shortcuts quality of the labeling.
from irrelevant patterns.
Domain- Tailors preprocessing steps to Solutions tend to be highly
Specific the specific clinical task, task-specific, which can limit
Preprocessing helping to remove non-clinical ~ generalizability to other tasks
features like background noise  or data types. Strong reliance
or gender markers, ensuring on expert-designed pipelines.
models rely on relevant
information.
Improving Incorporates domain-specific May require reframing
Model knowledge or redefines tasks existing tasks and using
Robustness (e.g., segnie@tation) to transfer learning, which could

encourage the model to focus
on clinically relevant,
disease-specific features rather
than spurious correlations.

increase the complexity of
model training. Effectiveness
depends on the availability of
strong domain expertise.
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3 Discussion

Addressing the Clever Hans effect is not just a matter of improving model performance;
it is essential for developing Al systems that are both reliable and equitable in diverse
healthcare settings. The reviewed articles fell into two categories: detection and mitiga-
tion approaches for the Clever Hans effect. We identified that many machine learning
models, especially in CXR and brain MRI, still rely on non-clinical features, leading
to spurious predictions. Key detection strategies (see Table 3) include model-centric,
data-centric, and uncertainty and bias-based methods. While these approaches help
uncover spurious correlations and hidden biases—model-centric methods by revealing
feature reliance, data-centric methods by identifying dataset biases, and uncertainty-
based methods by quantifying biases—they are limited by computational complexity,
reliance on specific datasets, and challenges in standardizing their use across diverse
clinical environments. For instance, the need for extensive computational resources
and model interpretability tools may be a barrier in smaller healthcare institutions,
which lack the infrastructure to support these techniques. Furthermore, the clinical
translation of these detection methods remains limited due to the variability in data
quality and patient demographics across healthcare settings, making it difficult to
generalize findings.

Mitigation strategies (see Table 4) include data manipulation techniques, feature
disentanglement and suppression, and domain knowledge-driven approaches. Data
manipulation methods, such as data balancing and augmentation, reduce spurious cor-
relations by making training data more representative and diverse, though they may
introduce new biases or unrealistic patterns. Feature disentanglement approaches, like
decoupling and attention-based shortcut removal, help focus models on clinically rel-
evant features, but can be computationally expensive and may still overlook certain
shortcuts. Domain knowledge-driven methods leverage expert input to guide mod-
els towards clinically meaningful features, yet they tend to be time-consuming and
resource-intensive, requiring extensive domain expertise for effective implementation.
In clinical settings, these challenges could hinder the widespread adoption of these
strategies. For example, the need for extensive computational resources and domain
expertise may limit their application in smaller or under-resourced healthcare institu-
tions. Additionally, the requirement for large, diverse datasets for data manipulation
methods could be difficult to meet, particularly in hospitals that serve homogeneous
patient populations. Without addressing these practical barriers, these strategies may
fail to fully translate into real-world clinical environments, where the ability to gener-
alize Al models to different patient demographics and settings is crucial for equitable
and reliable care.

As this is still an emerging area of research, these methods are not yet standard-
ized or widely adopted, highlighting the urgent need for consistent benchmarks and
robust validation techniques. Although significant progress has been made in identify-
ing and mitigating shortcut learning, the reliance on labor-intensive manually designed
tests, poses a significant challenge to scalability across diverse datasets or modali-
ties. Future research should focus on developing standardized, automated tools that
can be integrated into Al pipelines to ensure that models are systematically validated
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against shortcut learning. This will enable faster adoption of trustworthy Al systems
in healthcare, with less risk of biased or misleading predictions.

Another critical aspect of overcoming the Clever Hans effect is fostering com-
munity collaboration, particularly between computer science and medical fields. The
complexity of medical data and the prevalence of shortcut features make it essential
to leverage interdisciplinary expertise. Collaboration between these fields can lead to
more advanced detection and mitigation strategies that combine the strengths of both
domains. This collaboration could also foster the creation of multi-center studies that
test models on diverse datasets, increasing the robustness of Al systems in different
medical settings and patient populations. In addition, lessons from other industries
provide valuable insights into how to address the Clever Hans effect. For example, in
finance, biases in Al systems used for credit scoring or loan approvals have prompted
the development of stringent regulatory measures and explainability standards to
ensure fairness and accountability (Shah and Sureja (2024)). Similarly, in Natural Lan-
guage Processing (NLP), Large Language Models (LLMs) have been shown to exploit
dataset biases as shortcuts, significantly compromising their generalization and robust-
ness across diverse tasks. Research in NLP highlights that addressing these biases
through adversarial training and data augmentation techniques can improve model
performance on out-of-distribution samples (Dogra et al. (2024)). Medical imaging Al
could benefit from adopting these techniques, particularly in developing models that
can generalize across diverse clinical settings and patient populations.

A grassroots movement to share best practices for detecting and mitigating the
Clever Hans effect could greatly accelerate progress in the field. Many researchers are
independently developing effective strategies for their models, but these innovations
often remain isolated within individual institutions or research groups. A concerted
effort to share methods, tools, and insights through workshops, conferences, or online
platforms, could benefit the entire community. Moreover, this movement could lead to
the establishment of community-driven guidelines that promote transparency, repro-
ducibility, and collaboration across research groups, helping to build Al systems that
are both fair and clinically relevant. In addition to sharing best practices, the cre-
ation of a repository of known shortcut features for different imaging modalities and
public datasets would be invaluable. Such a resource could include detailed descrip-
tions of common spurious correlations found in modalities such as CXR, CT scans,
MRI, and retinal images. This would serve as a reference point for researchers and
clinicians, helping them identify potential shortcuts early in the development process.
Over time, this repository could evolve into a living database, continually updated
with new knowledge as models and data evolve. This initiative would not only aid in
the early detection of shortcuts, but also encourage more rigorous model validation
and testing across diverse datasets.

Finally, the detection and mitigation of the Clever Hans effect should be incor-
porated into AI education and training programs. As medical AI becomes more
widespread, it is critical that future practitioners, researchers, and developers are
trained to recognize the risks associated with shortcut learning. Educational curricula
should emphasize the ethical implications of shortcut learning, especially in high-
stakes fields like healthcare, where biased Al systems can have serious consequences
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for patient outcomes. By incorporating these topics into courses, workshops, and cer-
tifications, we can build a generation of Al professionals equipped to develop more
reliable and equitable models.

Moving forward, addressing the Clever Hans effect in Medical Imaging Al requires
a multifaceted approach that combines detection and mitigation strategies while
promoting community collaboration and knowledge-sharing. Key priorities include:

e Standardized benchmarks and datasets: create diverse, real-world datasets that
assess Al robustness and prevent reliance on shortcut features.

® Systematic detection methods: develop automated, standardized tools to consis-
tently identify shortcut features across imaging modalities.

® Comprehensive strategies: combine model-centric and data-centric approaches to
thoroughly detect and mitigate shortcut learning.

® Community-driven collaboration: foster interdisciplinary efforts across fields to
advance detection and mitigation techniques.

® Repository of shortcut features: establish a shared database cataloging known
shortcut features across imaging modalities.

® Transfer learning and domain adaptation: enhance model generalization by leverag-
ing pre-trained models and adapting them to diverse clinical settings.

® Education and training: incorporate shortcut detection and mitigation into Al
curricula to prepare future researchers and developers.

® Best practices and tools: promote the development of user-friendly platforms and
formal guidelines for consistent shortcut detection and mitigation.

By prioritizing these initiatives, the medical AT community can make significant
progress in developing Al systems that are not only robust and generalizable, but also
equitable. This focus will ensure the safe and effective integration of AI technologies
into diverse healthcare settings, ultimately improving patient outcomes and fostering
trust in Al applications.

4 Summary

This scoping review examines the Clever Hans effect in medical imaging, where
machine learning models rely on non-clinical, spurious features rather than medi-
cally relevant ones. The study analyzes 173 papers published between 2010 and 2024,
with a focus on detection and mitigation strategies for identifying and addressing
this phenomenon in Al systems. Detection methods are divided into model-centric,
data-centric, and uncertainty and bias-based approaches, each with its strengths and
limitations. Model-centric approaches test models on external datasets to expose
shortcuts, while data-centric methods focus on biases within the training data.
Uncertainty-based methods quantify hidden biases but face challenges in scalability
and computational expense.

On the mitigation side, strategies include data manipulation, feature disentangle-
ment, and domain knowledge-driven approaches. Data manipulation techniques like
augmentation and balancing aim to reduce bias, though they may introduce new pat-
terns. Feature disentanglement methods help models focus on relevant features, but
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they can be resource-intensive. Domain knowledge-driven approaches integrate expert
input to improve model training, though they are time-consuming. The review high-
lights the need for standardized benchmarks, automated tools, and interdisciplinary
collaboration to ensure Al systems in healthcare are both reliable and equitable.

Looking ahead, future research should prioritize community-driven best practices,
multi-center studies, and the creation of a repository cataloging known shortcuts in
medical imaging datasets. By fostering collaboration between the AI and medical
communities, the field can advance detection and mitigation techniques, ensuring more
robust and generalizable Al applications across diverse healthcare settings.
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