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Abstract

In the last decades, the utility of Machine Learning (ML) in the biomedical domain has
been demonstrated repeatedly. Their inherent opacity need augmenting ML with explain-
ability techniques. A common practice in model explainability however, is to focus solely
on the explanatory values themselves without accounting for both the main and interac-
tion effects. While this approach simplifies interpretation, it potentially overlooks critical
medical information since the nature of the interactions may provide clues to the underly-
ing biological mechanisms. This article introduces a novel method for analyzing explana-
tory values of machine learning (ML) models, in the form of a comprehensive graphical
visualization. The method not only emphasises the individual contributions of the features
but also gives insights about the interactions they share with one another. Designed for
local additive explanation methods, the proposed tool effectively translates the complex
and multidimensional nature of these values into an intuitive single-graph format. It offers
a clear window into how feature interactions contribute to the overall prediction of the

ML model while aiding in the identification of various interaction types, such as mutual
attenuation, positive/negative synergies or dominance of one feature over another. This
approach provides insights for generating hypotheses, improving the transparency of

ML models, particularly in the context of biology and medicine since living organisms are
characterised by a multitude of parameters in complex interactions, a complexity that
ensures the “stability” and robustness of structures and functions.
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Author summary

The use of machine learning (ML) represents a breakthrough in the biomedical field due
to its ability to uncover complex relationships between features. SHAP explainability
then makes it possible to understand the key factors that contributed to the prediction.
This article introduces a novel method for analyzing explanatory values of ML models,
in the form of a comprehensive graphical visualization. The method not only emphasizes
the individual contributions of the features but also offers a more detailed view of how
features interact with each other. This results in a directed graph where both interaction
strength and directionality are encoded, enabling the discovery of higher-order patterns
such as mutual attenuation or dominant influences. Such representations are particularly
suited to biomedical systems, where understanding the interplay between variables is
often key to interpreting complex physiological mechanisms.

Introduction
The need of explainability for the biomedical domain

In the last decades, the utility of Machine Learning (ML) in the biomedical domain has been
demonstrated repeatedly [1,2]. Advanced models, including ensemble approaches and neu-
ral networks, have offered high predictive accuracy while leveraging increasingly complex and
voluminous datasets. These advancements have significantly contributed to various break-
throughs in diagnostic accuracy and overall healthcare management [3]. However, using
such sophisticated models often introduce one major drawback: their inherent opacity, often
referred as the “black-box” dilemma [4]. This lack of transparency not only restricts the

trust in and adoption of ML but also raises ethical concerns, particularly in sensitive sectors
like healthcare, where decision justification for patients and practitioners is crucial [4,5]. In
response to this challenge, emphasis has been placed on augmenting ML with explainability
techniques in an attempt to shed light on the reasoning behind the algorithmic decisions [6].
This is all the more important as this explainability can also lead to a better understanding of
pathophysiology and the underlying biological mechanisms, even if the inference of causality
must be carefully considered.

Explainability techniques for ML

Explainability techniques can be broadly categorised into local and global methods. Local
techniques focus on individual predictions, detailing why a model makes a specific decision,
while global techniques provide an overview of the general model behavior. Interestingly,
insights gained from local explanations can also be aggregated into global explanations to
study both local and global behaviors of the model [6].

Examples of popular local explainability tools for ML are LIME [7] (Local Interpretable
Model-Agnostic Explanations), SHAP [7] (SHapley Additive exPlanations), and coalition-
based methods [6]. Such methods are described as being additive since for a single instance
they produce a single vector of weights representing the contribution of each feature (includ-
ing its interactions with other features) to the prediction. In each case, the contributions
approximately sum up to the prediction minus the average prediction for the model. While
each method has unique merits [6], SHAP stands out as one of the most utilised framework,
notably for its ease of use, adaptability to diverse ML methods, and extensive library of func-
tions and visualisation tools.
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The intuition behind SHAP comes from cooperative game theory and the need for an
equitable allocation of “payouts” among “players” using Shapley values. When transposing the
idea to the context of ML, the “payouts” and the “players” take the form of the model predic-
tions and the features, respectively. The exhaustive method, referred as the complete method,
involves evaluating every possible coalition of features, with and without each feature. As
coalitions are being evaluated, the impact on the prediction of the presence or absence of a
feature in conjunction with other features is used to compute the feature’s contribution [7].
Since the complete method is particularly expensive to compute, SHAP provides us with a
more accessible solution creating perturbations to simulate the absence of a feature. SHAP
unifies several XAI methods from the literature, in particular LIME, a linear local model
used to approximate the change in the prediction. The resulting contributions exhibit the
previously mentioned additive properties and are referred as SHAP values [7].

For a specific feature and a given sample, the SHAP value represents the additional contri-
bution it provides to the prediction when combined with the set of features used to perform
the prediction. By essence, for a given feature and a given prediction, the SHAP value hence
encapsulates (i) the main effect, as the individual contribution of the feature when ignoring its
interactions with other features and (ii) half the contributions arising from the interactions of
the feature with all other features [7].

Interactions, often forgotten in the explanations

One of the major benefits of ML in the context of biology, and more particularly medicine, is
its ability to approximate complex interactions between parameters, regardless of their nature.
Indeed, living organisms are characterized by a multitude of parameters interacting in a com-
plex way, a complexity that ensures the “stability” and robustness of structures and functions.
A common practice in model explainability however, is to focus solely on the explanatory val-
ues themselves (i.e. SHAP values) without accounting for the decomposition between main
and interaction effects. While this approach simplifies interpretation, it potentially overlooks
critical medical information since the nature of the interactions (e.g. synergy, mutual atten-
uation) may provide clues to the underlying biological mechanisms that are not immediately
apparent when examining individual predictors.

Despite the growing popularity of SHAP-based tools, current visualization methods such
as summary plots, force plots, dependence plots, decision plots or interaction value plots
remain limited when it comes to interpreting complex patterns of feature interactions. These
visualizations either provide local insights that are difficult to aggregate, or global overviews
that become unreadable as the dimensionality of the model increases. Several complementary
tools—such as SHAPash [8], DALEX [9], InterpretML [10], or SHAP-IQ [11]—offer interac-
tive dashboards or simplified feature-attribution views, but do not provide intuitive overviews
of interaction dynamics. No existing method simultaneously visualizes both main effects and
interaction effects of features in a unified, interpretable, and scalable format.

For a model with # features, there are n(n-1) sets of SHAP interaction values as well as
n sets of SHAP main effect values to analyze, resulting in a total of n” sets of data points to
handle. Visualizing each of the n? SHAP dependence plots quickly becomes out of reach
as n increases, hence complicating the task of finding patterns, groupings, and generalising
findings for models with many features.

Consequently, this article introduces a novel graph-based visualization method that
bridges this gap, offering a compact and biologically relevant representation of SHAP inter-
action patterns. The method not only emphasises the individual contributions of the features
but also gives insights about the interactions they share with one another.
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Materials and methods
Ilustration context

In order to illustrate the proposed method, the explainable machine learning framework and
database to predict physiological aging was considered [12]. This database involves 48 routine
laboratory biological variables obtained for 60,322 individuals from the National Health and
Nutrition Examination Survey (NHANES) database (1999 - 2018). All details were provided
in the dedicated article [12]. As detailed previously, an XGBoost model was trained to predict
chronological age based on the 48 biological variables as predictors (performance of 0.72 and
8.1 on the test dataset for R2 and MAE, respectively). The SHAP interactions values were sub-
sequently extracted using TreeExplainer from the shap python library. The SA-Heart dataset
was also used [13]. It was originally collected as part of an epidemiological investigation

into coronary heart disease in South Africa. The dataset comprises clinical records from 462
individuals, with features including age, systolic blood pressure, cholesterol levels, tobacco
use, family history of heart disease, and obesity-related metrics. A binary outcome variable
indicating the presence or absence of coronary heart disease is also included (the prediction
target). A RandomForest classifier was trained obtaining 0.76 and 0.8 F1-score for the test and
train dataset, respectively.

Interaction tensor

In the context of tree-based models (TreeExplainer, shap python library), the first layer of
interactions can be extracted, corresponding to a 3-dimensional tensor of shape (n_samples,
n_features, n_features) where n_samples and n_features respectively represent the number of
instances and features in the dataset. The diagonal entries of the tensor (across the last two
dimensions) provide the main effect of each feature on the model prediction for each sample,
without accounting for any interactions. The off-diagonal entries represent the interactions
between pairs of features. Specifically, the entry at position (i, j, k) represents the interaction
between feature j and feature k for sample i. These entries capture the combined effect of the
two features that can not be attributed to their individual contributions. Such interactions
are symmetric, meaning that for sample i, the interaction between feature j and feature k is
identical to that between feature k and feature j.

Detection of the interaction trends

To inform about whether the interaction between a feature and another tends to amplify or
attenuate the main effect of the feature itself, each interaction is multiplied by the sign of
the SHAP contribution of the main effect. For instance, when the SHAP interaction value
of Glycohemoglobin with Triglycerides (Fig 1B) is multiplied by the sign of the SHAP main
effect of Glycohemoglobin (Fig 1A), it becomes clear that high values of Triglycerides tend
to amplify the main (positive) effect of Glycohemoglobin (Spearman correlation coefficient
p =0.78, Fig 1C, 1D). In contrast, high values of Cholesterol and ALT tend to attenuate the
main (positive) effects of Glycohemoglobin and Cholesterol, respectively (o = -0.78, p = -0.82,
Fig 1A-1D).

Formally, if I is the 3-dimensional interaction tensor returned by TreeExplainer, a new
3-dimensional interaction tensor S can be computed so that:

Slis k. j] = sign(1[i,j,j1) - I[i.j, k] (1)
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Fig 1. Representation of the treatment process to build the interaction graph. (A) Partial dependance plots displaying the SHAP main effect of each variable as a
function of its raw value. Here, Glycohemoglobin, Cholesterol and Triglycerides have positive main effects while ALT has a negative main effect. (B) Partial dependence
plots displaying SHAP interaction values for a pair of features as a function of the first feature’s raw values (x-axis) and the second feature’s raw values (color gradient).
(C) Same as (C) but displaying SHAP interaction values after their multiplication with the sign of the first feature’s SHAP main effect values from (A). For example, high
values of Cholesterol tend to attenuate the main effect of Glycohemoglobin whereas high values of Triglycerides tend to amplify the main effect of Glycohemoglobin. (D)
Detection of the interaction trends through Spearman’s correlation coefficient. Glycohemoglobin X Cholesterol as well as Cholesterol X ALT will result in blue arrows on
the graph whereas Glycohemoglobin X Triglycerides will result in a red arrow.

https://doi.org/10.1371/journal.pcsy.0000060.9001

where I[i,j,j] is the main effect of feature j (diagonal entry). The resulting tensor has been
transposed along its last 2 dimensions (S[7,k,j] instead of S[i,j,k]) so that when feature j inter-
acts with feature k, it is possible to see whether the values of feature k amplify or attenuate the
main effect of feature j.

Consequently, computing the Spearman correlation coefficient allows to extract the
direction and the strength of this association. The Spearman coefficient was chosen for its
ability to detect monotonic non-linear relationships and its sign indicates the direction of
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monotonicity. However, Pearson’s correlation coefficient was also computed for its ability to
detect monotonic linear relationships. A correlation threshold of -0.3 to 0.3 was chosen based
on standard interpretation guidelines for Spearman’s rank correlation coeflicient, where val-
ues within this range are typically considered weak [14]; this allows us to visually highlight
only moderate to strong monotonic relationships, while minimizing noise in the graphical
representation.

Results

Each node of the graph (Fig 2) represents a biological variable, i.e. feature. Its size relates to
the mean SHAP value of this feature’s main effect while its color relates to the direction of
the effect (i.e. red and blue for positive and negative correlation with predicted age, respec-
tively). As an example for the prediction of physiological age, Triglycerides, Cholesterol and
Glycohemoglobin are red nodes (positive correlation with predicted age) while ALT is a blue
node (negative correlation with predicted age).

Each arrow from feature k to feature j indicates whether an increase in feature k amplifies
or attenuates the main effect of feature j. High values of Glycohemoglobin amplify the pre-
viously identified positive main effect of Triglycerides, resulting in a red arrow on the graph
but attenuate the previously identified positive main effect of Cholesterol, resulting in a blue
arrow on the graph. High values of Cholesterol amplify the previously identified negative main
effect of ALT, resulting in a red arrow on the graph. Additionally, a threshold can be set on
the mean absolute SHAP values of nodes and arrows to allow only those of a certain impor-
tance to be displayed. In contrast, it is possible to observe situations in which the mean abso-
lute SHAP value is high but the choice of color for the node or arrow is not straightforward.
When Spearman’s coefficient is between -0.3 and 0.3 (default value, parameter of the function
[14]), the correlation is considered weak, the arrow is rendered dashed and particular atten-
tion must be paid to the visual analysis. In addition if Spearman’s and Pearson’s coefficients
are of opposite signs, the corresponding node or arrow is rendered black as a warning. Such
situations suggest a careful graphical analysis of the relationship is necessary.

The summary plot based on the SA-Heart dataset shows that the most important variables
are age, tobacco, famhist, Idl, and adiposity. These also correspond to the most clearly inter-
pretable explanations (Fig 3A). However, the explanations attributed to obesity may reflect
interactions with other variables, particularly those related to metabolism (such as Id] or
adiposity). Dependence plots do not clearly highlight any direct interaction between adiposity
and obesity, whereas an interaction between Idl and adiposity appears more evident (Fig 3B,
3C). Nevertheless, capturing the full complexity of these interactions remains challenging.
The interaction plot (Fig 3D) confirms the absence of a direct interaction between adiposity
and obesity, but reveals strong positive synergistic interactions between adiposity and Idl, and
between fambhist and obesity.

Discussion and conclusion

This proposal shows the benefit of dissociating raw contributions from interaction contribu-
tions in additive explanation models in machine learning.

Compared to existing visualization methods for SHAP explanations, our proposed graph-
based approach offers a novel way to capture the structure of feature interactions in a single,
comprehensive figure. Unlike dependence plots that focus on pairwise relationships without
contextualizing global effects, or heatmaps that are limited by scalability and visual clarity,
our approach emphasizes a graphical and systemic representation of interaction dynamics.

It provides an intuitive and information-rich view, particularly well-suited for biomedical
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Fig 2. Representation of the interaction graph for Physiological Age. Each feature is a node whose size is proportional to the main effect
and whose color indicates the sign of the correlation. Arrows between nodes are interaction values whose color indicates amplification or
attenuation of the main effect of a feature when the other feature increases. When the correlation is weak (Spearman’s correlation between
-0.3 and 0.3), the arrow is rendered dashed. If Spearman’s and Pearson’s coefficients are of opposite signs, the corresponding node or arrow
is rendered black as a warning. This graph displays the top 22% of feature interactions based on their mean absolute SHAP interaction
values. This threshold was empirically chosen to balance readability and informational richness, and can be adjusted directly via a slider in
the interactive graph to explore more or fewer interactions.

https://doi.org/10.1371/journal.pcsy.0000060.9002
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Fig 3. Analysis of feature contributions and interactions in the SA-Heart dataset. (A) SHAP summary plot of the top-10 most influ-
ential features in predicting coronary heart disease (CHD). All features, except obesity, exhibit a clearly positive contribution to CHD
risk. (B) SHAP dependence plot illustrating the effect of the obesity feature on the model’s predictions, with color indicating the corre-
sponding adipositiy level. While obesity has a nonlinear impact on CHD risk (Spearman’s r = 0.46, p < 0.0001), a clear interaction with
adiposity is not observed: both low and high adiposity levels are associated with strong positive SHAP values, suggesting the absence of
a consistent modifying effect. (C) SHAP dependence plot illustrating the effect of the Idl feature on the model’s predictions (Spearman’s
r=0.97, p < 0.0001), with color indicating the corresponding adipositiy level. The SHAP values increase linearly with Idl values, indicating
a strong main effect. Additionally, higher adiposity values appear to amplify the effect of Id] on predictions, indicating a potential syner-
gistic interaction between these two features. (D) Representation of the interaction graph with a interaction threshold of 0.2. The graph
confirms the absence of a direct interaction between obesity and adiposity, but reveals significant positive interactions between adiposity
and /dl (Spearman’s r = 0.34, p < 0.0001), and between obesity and famhist (Spearman’s r = 0.69, p < 0.0001).

https://doi.org/10.1371/journal.pcsy.0000060.9003

models where variables often interact in complex and subtle ways. While tools like SHAPash
[8] and InterpretML [10] provide useful visual interfaces, they primarily focus on individual-
level explanations or variable importance, and do not directly address interaction dynamics.
Our approach complements these tools by enabling a higher-level systemic understanding of
model behavior through interaction patterns. While SHAP-IQ [11] is useful for identifying
and quantifying top interactions through scoring metrics, it lacks an integrative visual layout
that reveals how multiple features collectively influence one another. Our method leverages
the complete SHAP interaction tensor and computes signed correlations to uncover whether
a feature tends to amplify or attenuate the effect of another. This results in a directed graph
where both interaction strength and directionality are encoded, enabling the discovery of
higher-order patterns such as mutual attenuation or dominant influences. Such represen-
tations are particularly suited to biomedical systems, where understanding the interplay
between variables—rather than isolated pairwise effects—is often key to interpreting complex
physiological mechanisms.

Different approaches to obtain interaction values are possible such as Accumulated Local
Effects (ALE) plots [15] or Friedman’s H-statistic [16]. Accumulated Local Effects (ALE)
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plots overcome key limitations of partial dependence plots (PDP) by isolating feature effects
through localized prediction differences within feature intervals, avoiding PDP’s unrealistic
extrapolations from marginal distributions when features are correlated. For interaction anal-
ysis, Friedman’s H-statistic quantifies interaction strength by comparing joint partial depen-
dence effects to individual feature contributions, using decomposition principles to measure
both pairwise and total interaction strengths. However, these methods typically offer lim-
ited resolution at the instance level and do not distinguish between amplifying or attenuating
effects in a directional manner. In contrast, our method explicitly leverages SHAP interaction
values to construct a directed graph that captures both the strength and polarity of interac-
tions, enabling a more interpretable and biologically meaningful synthesis. A combination

of ALE and our proposed method could yield especially informative and complementary
insights.

Even if this visualization only highlights monotonic trends, it may be possible to supple-
ment statistical evaluations with correlation statistics adapted to non-monotonic relationships
[17], although this type of relationship makes interpretation extremely difficult. In addition,
although the present work is based on the explanations provided by SHAP (TreeExplainer), it
applies to all local explanation techniques that make it possible to dissociate the main effect
from that of interactions such as complete or coalitionnal methods [6]. This optimized visu-
alization reveals the central role of Glycohemoglobin, that not only directly strongly impacts
the prediction of physiological age but is in interaction with a large number of features. The
patterns of pairwise interactions demonstrate a dominant effect of Glycohemoglobin for sev-
eral interactions as well a positive synergy with Triglycerides and a mutual attenuation with
Cholesterol. Such mutual attenuation may reveal homeostatic regulatory mechanisms. The
same applies to the prediction of coronary heart diseases, where the graphical representation
clearly illustrates the complexity of interactions between the various risk factors. In particular,
it highlights that adiposity and obesity capture different physiological phenomena and interact
with distinct sets of variables.

While this representation effectively captures the dynamics of interactions, it increases
the dimensionality of the information to be analyzed (raw data, individual variable contribu-
tions, interaction contributions, and interaction dynamics). As a result, it becomes necessary
to reduce the exploration space and to give the user control over this exploration. We propose
here a simple filtering approach based on the top percentage of mean absolute SHAP inter-
action values, retaining only the most relevant feature pairs; this percentage can be adjusted
interactively via a slider on the graph. For future applications involving larger feature sets,
the framework can be extended to incorporate dimensionality reduction techniques such as
UMAP or PCA, or unsupervised clustering methods like hierarchical clustering, to identify
coherent groups of interacting features while preserving global interpretability.

By incorporating interaction effects, the explanation space evolves into a higher-
dimensional, information-rich representation, enabling deeper insight into the model’s
decision-making process and supporting knowledge discovery. More than just a way of ren-
dering information, such a methodology could be applied to many biomedical contexts,
including RNA-sequencing, enabling us to improve our understanding of pathophysiology.
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