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Abstract

Activated PI3K§ Syndrome (APDS) is a rare
genetic immune disorder caused by variants in
PIK3CD or PIK3R1, with highly heterogeneous
symptoms that often delay diagnosis. Early recog-
nition is hampered by overlapping clinical presen-
tations and limited clinician awareness, motivat-
ing systematic, data-driven approaches to detect
APDS-associated phenotypic patterns in routine
electronic health records. Traditional linear scor-
ing systems cannot capture complex symptom in-
teractions, while deep learning models, though ex-
pressive, often lack interpretability. To bridge this
gap, we propose Shapley regression, a novel game-
theoretic model replacing the linear predictor with
a k-additive cooperative game, explicitly modeling
co-occurrence of symptoms while maintaining the
transparency and convexity of logistic regression.
We carry out an empirical study ‘of our lightweight
method on eight public biomedical datasets, show-
ing that a 2-additive model with ¢, regularization
achieves an optimal trade-off between predictive
power and noise robustness. We apply it to a real-
world cohort of 222 patients, on which Shapley re-
gression accurately distinguished APDS cases from
matched controls, confirming and validating phe-
notypes known to be associated with APDS, and
facilitating the exploration of pairwise interactions
between symptoms, validated by clinical experts.

1 Introduction

Rare primary immunodeficiencies pose a substantial diag-
nostic challenge due to their low prevalence, heterogeneous
presentation, and overlap with common immune disorders
[Faviez er al., 2020]. Activated PI3K$ Syndrome (APDS)
exemplifies these difficulties. Caused by pathogenic vari-
ants in the PIK3CD or PIK3R1 genes, APDS affects an es-
timated 1-2 individuals per million [Lougaris ef al., 2024;

Thouenon et al., 2021]. However, its true global prevalence
is unknown and likely underestimated due to underdiagno-
sis and incomplete registry reporting [Maccari et al., 2023;
Mahlaoui et al., 2017]. Moreover, APDS was only geneti-
cally characterized in 2013 [Angulo er al., 2013]. Confirmed
cases demonstrate that APDS patients can develop recurrent
infections, lymphoproliferation, autoimmunity, bronchiecta-
sis, and an increased risk of malignancy; however, the specific
combination and severity of symptoms vary widely among in-
dividuals [Zhu et al., 2024; Singh et al., 2020]. Because many
clinical manifestations overlap with other primary immun-
odeficiencies, early recognition is difficult and often delayed
[Lougaris et al., 2024; Tavakol et al., 2020]. Moreover, lim-
ited awareness among healthcare providers frequently results
in prolonged morbidity and missed opportunities for targeted
interventions before a definitive genetic explanation is avail-
able [Vanselow et al., 2023]. Given this, it is likely that a sub-
stantial number of APDS cases remain undiagnosed world-
wide, further obscuring the true disease burden and delaying
access to appropriate genetic testing and care.

From an ML perspective, diagnosing rare diseases like
APDS presents a specific “small data, high complexity”
dilemma. On the one hand, traditional linear models such as
standard Logistic Regression offer stable learning on small
datasets but are inherently limited by their purely additive
structure (unless one includes interaction terms manually);
they assume that each symptom contributes independently
and cannot capture situations in which the joint presence of
two symptoms conveys more information than the sum of
their individual effects. On the other hand, high-capacity non-
linear models (like neural networks) can capture these inter-
actions but are prone to severe overfitting on small cohorts
and lack the transparency required for clinical adoption.

To address this challenge, we propose Shapley regression,
a game-theoretic extension of logistic regression in which the
affine form is replaced by a cooperative game. We provide
the implementation on our github repository.'

'https://github.com/tomasbrogueira/shapley _regression


https://github.com/tomasbrogueira/shapley_regression

PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

1. Model Non-Linearity: Our proposed approach can ac-
count for crucial interaction effects (synergy and redun-
dancy) between features.

2. Maintain Interpretability: We parameterize the model
using Shapley Interaction Indices. This means the
model’s weights are not abstract values, but direct game-
theoretic measures of how much each feature (or feature
pair) contributes to the diagnosis.

3. Ensure Stability: We utilize a k-additive formulation,
limiting interactions to a specific order (e.g., k = 2 for
pairwise interactions). This drastically reduces the pa-
rameter space, preventing the curse of dimensionality.

4. Theoretical guarantees and explanations by design:
Our lightweight solution can account for the optimal
trade-off between model performance and complexity.
Moreover, its parameters correspond to importance cri-
teria and their usefulness is attested on the medical do-
main, through an empirical study on the detection of
APDS diganosis.

For extensive benchmarking, validation, and ablation studies,
see [Alsaidi et al., 2026], which provides additional insights
into the model’s behaviour and game-theoretic structure.

2 Related Work

Rare diseases affect hundreds of millions of individuals
worldwide, yet they remain vastly underdiagnosed, often tak-
ing years to be correctly identified due to their low preva-
lence, clinical heterogeneity, and symptom overlap with com-
mon conditions [Phillips er al., 2024; Alves et al., 2016].
In recent years, machine learning (ML) and artificial in-
telligence (AI) have been increasingly explored to address
these challenges [Topol and Verghese, 2019; Rajkomar ef al.,
2019]. A 2020 scoping review identified over 200 studies
applying ML methods to 74 different rare diseases, with a
strong emphasis on diagnostic and prognostic tasks [Schae-
fer et al., 2020]. However, the review also highlighted per-
sistent methodological limitations, including small sample
sizes, severe class imbalance, and a lack of external valida-
tion or systematic comparison with clinical expertise, under-
scoring the need for more robust and clinically grounded ap-
proaches. Despite the increasing interest in computational
diagnosis of rare diseases generally, there is limited pub-
lished work specifically addressing ML based classification
of primary immunodeficiency disorders such as APDS. Cur-
rent diagnostic practice primarily relies on clinical evaluation
combined with genetic testing, while only a limited number
of proof-of-concept studies in related primary immunodefi-
ciency disorders have explored the use of ML models and
feature-importance analyses to support differential diagnosis
[Méndez Barrera et al., 2023].

A fundamental obstacle in applying ML to rare diseases
such as APDS is data scarcity and imbalance. Many rare con-
ditions have fewer than 100 documented cases in electronic
health records (EHRs), making it difficult to train models that
generalize beyond the training cohort [Mitani and Haneuse,
2020]. To mitigate these challenges, prior work has pro-
posed pipelines that integrate phenotype extraction, seman-

tic similarity measures, and imbalance-aware learning strate-
gies to amplify informative clinical signals while reducing
noise from dominant control populations [Faviez et al., 2024;
Patrick er al., 2022]. Equally critical is the issue of explain-
ability and clinical credibility. High-performing black-box
models often fail to provide transparent reasoning for their
predictions, thus limiting clinical trust and adoption [Raposo,
2025]. As a result, there has been increasing interest in inter-
pretable modeling approaches that produce human-readable
explanations, align with domain knowledge, and can be eval-
uated in conjunction with expert clinical review [Ronicke et
al., 2019; Rider et al., 2025]. Such explainable approaches
are particularly valuable in diseases like APDS, where diag-
nostic patterns are subtle and require specialized immunolog-
ical expertise to interpret.

Within this context, capacities and their associated Cho-
quet integrals offer a principled framework for modeling
complex feature interactions while maintaining interpretabil-
ity. These aggregation functions have been extensively stud-
ied in multi-criteria decision making (MCDM) [Torra and
Narukawa, 2007; Grabisch et al., 2008], and their con-
nections to cooperative game theory—particularly through
the Shapley value and interaction indices—provide powerful
tools for quantifying feature importance and interdependen-
cies in a real-world setting. The integration of Choquet in-
tegrals as an aggregation function for a classification prob-
lem, in specific for logistic regression, was first proposed
by [Tehrani et al., 2011], who introduced “Choquistic re-
gression”. Their approach yielded a monotone, interaction-
aware model that outperformed standard logistic regression
while maintaining interpretability. More recently, [Peleg-
rina et al., 2025] proposed a game-theoretic logistic regres-
sion framework that eliminated the need for monotonicity
constraints while still capturing complex feature interactions.
Various parameterizations and computational efficiency im-
provements have since been explored to address the prac-
tical challenges of learning these models [Tehrani, 2021;
Pelegrina et al., 2022].

3 Proposed Method

To tackle the “small data, high complexity” challenge inher-
ent to rare disease diagnosis, we propose Shapley Regression
(SR). This framework extends the standard logistic regression
(LR) model by incorporating non-linear interactions derived
from Cooperative Game Theory.

LR assumes that features contribute additively to a diagno-
sis2, however, biological systems are rarely additive. Instead,
they often exhibit synergistic effects (e.g., two features jointly
provide much stronger evidence for a diagnosis than either
feature alone) or redundant effects (e.g., two features convey
overlapping information, such that the presence of one re-
duces the additional diagnostic value of the other). To capture
this while maintaining the interpretability of a linear model,
we use cooperative games that can be parametrized by “Shap-
ley Interaction Indices” [Grabisch, 2016]. In this section we
recall the necessary background of our proposed model and

’Le., the risk of Feature A + Feature B is Risk A + Risk B.
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the subsequent theoretical analysis, and provide further de-
tails in Appendix A [Alsaidi ef al., 2026].

3.1 Shapley Regression Formulation

We consider a binary classification task with a feature vec-
tor x = (x1,...,%,) normalized to [0, 1]”. We define the
probability of the positive class (APDS) as:

Py=1x)=c 8+ 3 I(4) 6ax) ],

ACF,A#D

where F = {1,...,n} is the set of clinical features, o(-)
is the sigmoid function, and ( is the bias. Here, the learn-
able coefficients I(A) are exactly the Shapley Interaction
Indices associated with a subset of features A. The basis
functions ¢ 4(x) are constructed to allow this direct game-
theoretic interpretation. For any coalition of features A, the
basis function is defined as [Pelegrina et al., 2022]:

(—1)lAl=ler
pa(x) = Z m Izrélé'le (D)

This formulation allows us to learn a non-linear decision
boundary where the weights directly represent the marginal
contribution of features (and feature combinations) to the pos-
itive class probability.

3.2 2-Additive Complexity and Interpretation

A fully general Choquet integral would require 2" parame-
ters, which is computationally intractable and prone to over-
fitting. To ensure stability on small medical cohorts, we en-
force k-additivity, specifically setting & = 2. This choice
provides the optimal performance-complexity as empirically
attested. This restricts the model to learning only main ef-
fects (singletons, |A| = 1) and pairwise interactions (|A| =
2). Higher-order interactions are forced to zero: This reduces
the parameter space from exponential to quadratic (O(n?)),
specifically n + (g) coefficients. The resulting model offers
a transparent interpretation for clinicians:

Main Effects (/({7})): The independent contribution of clin-
ical feature ¢ (analogous to standard LR coefficients).
Pairwise Interactions (/({7,5})):

Synergy: I > 0. The presence of both features increases the
probability of APDS more than the sum of their individual
parts (complementarity).

Redundancy: I < 0. The features provide overlapping infor-
mation; observing the second adds less diagnostic value if the
first is already present.

Independence: I ~ (. The features act independently.

3.3 Model Training

To train the model, we construct a design matrix ® € RN *p
where each column corresponds to a basis function ¢ 4(x)
for |A| < 2. The model is then trained as a standard logistic
regression on this expanded feature space by minimizing the
regularized negative log-likelihood:

N

£0.8) = = > [y 5O+ (1=yD) m(1=p) |-+ AT .
i=1

where I is the vector of Shapley indices. We employ /5 regu-
larization (¢ = 2, Ridge), which encourages smoothness and,
as shown in the following section, guarantees the stability of
the explanations.

3.4 Theoretical Generalisation and Stability
Analysis

To interpret the empirical performance of the k-additive Cho-
quet model, we analyse the generalisation gap—the differ-
ence between expected and empirical risk—using Structural
Risk Minimization (SRM). We examine three distinct com-
plexity regimes. Our goal is to explain why regularised mod-
els (Regimes 2 and 3) succeed in high-order settings where
unregularised models (Regime 1) fail.

Notation. Let H;, denote the hypothesis class of k-additive
Choquet integrals defined with respect to a cooperative game
v. The complexity of this class depends on the dimension

Dy = Z?Zl (). We seekto bound the generalisation gap
R(Rh) — Ry (h), where R and R denote respectively the true
and empirical risk (error rate).

Validation Protocol for Theoretical Bounds

To empirically validate the generalisation bounds derived
in the following sections, we conducted controlled experi-
ments using random synthetic data (X ~ UJ[0,1]",y ~
Bernoulli(0.5)). Using pure noise ensures that our measure-
ments capture the intrinsic capacity and stability of the hy-
pothesis class Hy, itself, independent of any signal in the
data. This “worst-case” testing confirms that the bounds hold
for any data distribution. Unless otherwise stated, validation
plots use N = 100 samples and n = 10 features.

Regime 1: Unregularised (Baseline VC Bound)

In the absence of constraints, the model’s capacity is deter-
mined purely by the count of its parameters. The generali-
sation gap is bounded using the Vapnik-Chervonenkis (VC)

dimension dyc = Dy, + 1: R(h) — Ry (h) < O ( ?\;f) .

Limitation: This bound scales linearly with v/Dj. Since
Dy, grows polynomially with n (O(n*)), this bound becomes
loose rapidly. It predicts that without regularisation, increas-
ing k requires an exponentially larger dataset to prevent over-
fitting.

Regime 2: /; Regularisation (Rademacher Bound)

When applying ¢; regularisation, we restrict the hypothesis
class to functions with bounded norm ||@||; < B. The VC
bound is overly pessimistic here because it ignores this con-
straint. A tighter bound is provided by the Rademacher Com-
plexity, which measures the ability of the constrained class to

fit random noise: R(h) — RN(h) <0 <B ln(]?k))

Comparison: The crucial improvement over the VC bound
is that the dependence on dimension Dy, improves from poly-
nomial (v/Dy) to logarithmic (v/In D;). This implies that
{1-regularised models are significantly less sensitive to the
“curse of dimensionality.” Mathematically, this justifies why
we can explore high-order interactions (large k) using Lasso:
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the cost of adding extra dimensions is negligible, provided
the underlying true model is sparse.

Regime 3: /5 Regularisation (Algorithmic Stability)
The {5 penalty (Ridge) induces strict convexity in the loss
function. This allows us to move away from counting pa-
rameters (VC dimension) and instead analyze the Algorith-
mic Stability of the optimiser. Stability bounds guarantee that
if the algorithm is robust to small changes in the training set,
it will generalize well.
The Bound: For a loss function with Lipschitz constant
L and regularisation strength ), the generalisation gap is
bounded by the stability coefficient 3:
- 212
E[R(h) — R ()] < B < 377

where the term L represents the Lipschitz constant of the
loss function with respect to the parameters. In our context,
L scales with the maximum Euclidean norm of the feature
vectors, L = sup,, ||k (x)]||2-
Comparison: While the numerator L? does grow with & (as
feature vectors get longer), this bound offers a crucial control
mechanism that VC theory lacks: the regularisation parame-
ter A in the denominator.In the Unregularised (VC) regime,
the complexity is fixed by the architecture (v/Dy). Overfit-
ting is inevitable as k grows.In the /5 Stability regime, we
can actively counteract the growth of the feature space by in-
creasing A.

The Effective Dimension Bound (Refined Capacity)

The combinatorial VC bound (Dj) overestimates capacity
because the Shapley basis functions are structurally corre-
lated. We propose a tighter bound based on the Effective
Dimension (d.).

Definition Let ¥ = E[®(x)®(x) '] be the covariance ma-
trix of the feature mapping ®(x). The effective dimension, or
stable rank, is defined as:

Ly (ThN)
S T e

where \; are the eigenvalues of 3.

Result For kernel-based methods (including Ridge regres-
sion on the Shapley basis), the refined bound replaces Dy,
with deg:

ROW< Rs(h) + O ( ivff) .

Stability of Game-Theoretic Explanations
While the previous sections established bounds on the predic-
tive error, we now assess the robustness of our model’s expla-
nations. An advantage of our architecture is that it is param-
eterised directly in the Shapley basis (Eq. 1). Indeed, unlike
models that require post-hoc attribution methods, which often
introduce approximation noise, the coefficients of our model
are the Shapley Interaction Indices.

We now formalise the connection between the regularisa-
tion used during training and the reliability of these game-
theoretic explanations.

Proposition 1 (Interaction Index Stability). Let 0 be the esti-
mated parameter tuple, and 0" be the true tuple of the under-
lying game. In the Shapley-basis formulation, where the pa-
rameter 04, A C [n)], is the Shapley Interaction Index I(A),
the {5 regularisation provides a direct bound on the expla-
nation variance. More precisely, if the parameter estimation
error is bounded by ¢ in the Euclidean norm, then the error
in the interaction index for any coalition A is bounded by ¢.

Proof. We leverage the fundamental property of the Shapley
basis parameterisation [Grabisch, 1997]: there is an identity
mapping between the regression coefficient 6 4 and the Shap-
ley Interaction Index I(A) for any coalition A. Therefore, an
error in the explanation is exactly an error in the correspond-
ing coefficient: |I(A) — I*(A)| = |04 — 07%].

We now relate this individual error to the total model er-
ror. Let e = O — 0™ be the vector of estimated errors. The
magnitude of any single component |e;| is strictly bounded by
the Euclidean norm (¢2-norm) of the vector, i.e., |e;| < ||e||2-
Since ¢, regularisation explicitly constraints the global pa-

rameter norm || — 8* || < & it follows immediately that:
1(4) =L (4)| < |16 — 672 < e

This shows that constraining the global model complexity via
Ridge regression imposes a hard ceiling on the instability of
every individual interaction explanation. O

This result establishes a theoretical isomorphism between
the model’s algorithmic stability and its interpretability.
While standard stability bounds (Regime 3) only guarantee
robust predictions, Proposition 1 guarantees robust expla-
nations. Because /o regularisation explicitly minimizes the
norm ||@)|2, it imposes a hard ceiling on the variance of ev-
ery Shapley interaction index (see Appendix E [Alsaidi ef al.,
2026]). As empirically demonstrated in Figure 1, tighten-
ing the regularisation (lower C') linearly reduces the sensitiv-
ity 3, which directly translates to trustworthy, noise-invariant
game-theoretic explanations.

4 Experimental Design: APDS Cohort

In this section, we detail the data sourcing, phenotype extrac-
tion, and classification framework for the detection of APDS.

4.1 Data Source and Cohort Selection

We used French EHRs from the Necker hospital data ware-
house (Dr. Warehouse) [Garcelon et al., 2018] and identified
222 patients (29 APDS and 193 Controls) from the Immunol-
ogy department, with at least one hospital admission be-
tween 2018 and 2023. For APDS patients, the diagnosis date
was approximated using the first mention of relevant terms
in clinical notes, including: “APDS”, “APDS1”, “APDS2”,
“PIK3CD”, “PIK3R1”, “PI3K”, and “PI3KCD”. To avoid in-
formation leakage, all notes from the diagnosis date onward
were excluded. In addition, we also excluded mentions of the
phenotypic term “primary immunodeficiency,” as this typi-
cally indicates that a diagnosis had already been established.

Controls were selected from the same department and
matched to APDS cases based on sex, age, follow-up duration
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Figure 1: Empirical Validation of Algorithmic Stability. We measure sensitivity (Euclidean shift ||95 =0 ||2 after flipping a single label)
across varying regularisation strengths C'. The dashed line represents the theoretical linear bound (3 oc C') derived in Regime 3. Crucially,
the empirical points follow this linear trend in the high-regularisation regime (small C) but naturally deviate and saturate around C ~ 1.5
as the logistic gradients vanish. This confirms that the model adheres to the stability bound while being strictly more robust than predicted in

low-regularisation settings.

(+£10%), time between first and last visit, number of clinical
events, and care pathways using a structured query, with a 2:1
control-to-case ratio.

4.2 Preprocessing

We applied interquartile range (IQR) filtering to the number
of clinical documents on the full dataset. Based on the IQR-
derived lower and upper bounds, we retained only the first 20
notes in chronological order for each patient, and excluded
patients with fewer than three notes to ensure sufficient clini-
cal history for classification.

4.3 Automated Phenotyping

As structured phenotype data was unavailable, clinical notes
were automatically phenotyped following [Vincent et al.,
2022]. This approach combines a dictionary-based search
for phenotypic terms with context-aware detection using deep
learning. The dictionary relies on a subset of terms from
the UMLS 2023AB vocabulary. The deep learning modules
further enhance the extraction by performing disambigua-
tion, subject attribution, and negation detection. This process
yielded a feature space of 2,563 unique phenotypes. Con-
sequently, each patient 7 is represented by a binary vector
x; € {0,1}?°03, where z;; = 1 indicates the presence of
phenotype j in the patient’s history. No dimensionality re-
duction was applied to preserve interpretability.

4.4 Classification Framework

We formulated APDS detection as a binary classification task
(y = 1 for APDS, y = 0 for controls).

Baselines. We compared the proposed 2-additive SR with:
Logistic Regression (LR) [Hosmer Jr ef al., 2013], Random
Forest (RF) [Breiman, 2001], XGBoost [Chen and Guestrin,
20161, and a feed-forward neural network (NN) [Goodfel-
low et al., 2016].

Protocol. < All. models were trained using nested 5-fold
cross-validation, with 3-fold inner-loop used for hyperpa-
rameter tuning and outer loop assessed performance. Due to
the class imbalance (29 vs. 193), we optimized for F1-score
and report balanced accuracy, ROC-AUC, and PR-AUC.

5 Results and Discussion

This section presents the empirical evaluation of SR, covering
predictive performance, interpretability, and interaction.

5.1 Predictive Performance

Table 1 reports the classification performance across the
nested cross-validation. The 2-additive SR model achieved
the highest performance across several metrics, specifically
reaching a Balanced Accuracy of 0.941, outperforming the
linear baseline (0.907) and the non-linear XGBoost (0.884).
Crucially for rare disease screening, the SR model demon-
strated the highest Sensitivity (over 0.933), meaning it suc-
cessfully identified the highest proportion of actual APDS pa-
tients. While RF achieved higher specificity (fewer false pos-
itives), it did so at the cost of missing significant true cases
(Sensitivity of 0.613). XGBoost demonstrated intermediate
behavior, with higher variance across folds and lower bal-
anced accuracy compared to the SR model.

Despite comparable ROC-AUC values across models, dif-
ferences in PR-AUC and Fl1-score highlight the importance
of metrics that explicitly account for class imbalance in this
setting. These results indicate that models achieving simi-
lar global discrimination may nonetheless differ substantially
in their ability to detect rare cases. By optimizing for F1-
score on the imbalanced cohort, our method strikes a clin-
ically safer balance, prioritizing the detection of rare cases
while maintaining high specificity (0.948).
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Model Balanced Acc.  Sensitivity (Recall) Specificity Precision F1-Score ROC-AUC PR-AUC
LR 0.907 £ 0.063 0.860 £ 0.127 0.953 £ 0.050 0.789 £ 0.212 0.798 +£0.123 0.985 £+ 0.013 0.941 £+ 0.044
RF 0.804 + 0.052 0.613£0.113 0.995+0.010 0.960+0.080 0.737 +£ 0.060 0.962 £ 0.043 0.893 £+ 0.071
XGBoost  0.884 £ 0.081 0.793 £ 0.163 0.974 £ 0.001 0.810 £ 0.033 0.795 £+ 0.104 0.914 £ 0.061 0.853 £ 0.086
NN 0.916 £ 0.057 0.893 £ 0.088 0.938 £ 0.053 0.723 £0.198 0.784 £0.138  0.988 £0.012 0.952 £0.035
SR (k=2) 0.941 £+ 0.064 0.933 £0.133 0.948 + 0.046 0.760 £0.168 0.821 +£0.121  0.982 + 0.019 0.936 £ 0.062

Table 1: Detailed clinical performance metrics across models using /2 regularization. Results are reported as mean + standard deviation
over 5-nested cross-validation folds. Best-performing results are highlighted in bold. Underlined values indicate competing methods with

comparable performance when standard deviation intervals overlap.

Finally, we address practical clinical deployment con-
straints through empirical evaluation on several benchmark
datasets with varying characteristics. Results on the Pima
Indians Diabetes dataset® are provided in Appendix C [Al-
saidi ef al., 2026]. The proposed model proved computation-
ally lightweight for both training and inference on a standard
CPU-based system, supporting its feasibility for broad clini-
cal deployment without specialized hardware. CPU configu-
ration details for the APDS experiments are provided in Ap-
pendix G [Alsaidi et al., 2026].

5.2 Shapley Regression Interaction Analysis

To analyze relationships among clinical phenotypes, we
leveraged the game-theoretic structure of the SR model to
decompose predictions into main effects and pairwise inter-
actions. Firstly, we extracted Shapley-based coefficients from
each fold of the nested cross-validation to identify phenotypes
contributing to positive APDS predictions. The top 20 pheno-
types, ranked by mean coefficients across folds, were subse-
quently reviewed by a clinical expert to distinguish known
APDS manifestations (Appendix G [Alsaidi et al., 2026]).
Secondly, we examined pairwise interactions learned by the
SR model. For each trained model, the interaction coef-
ficients were arranged into a symmetric interaction matrix,
where entry (4, j) represents the learned interaction strength
between phenotypes ¢ and j. These interaction matrices were
then aggregated across cross-validation folds by computing
the mean interaction strength for each phenotype pair, yield-
ing a consensus interaction matrix that reflects stable interac-
tion patterns across training splits.

We focused the analysis on the most influential pheno-
types, we computed a global interaction strength score for
each phenotype by summing the absolute values of its inter-
actions with all other phenotypes. The top 30 phenotypes
with the highest total interaction strength were selected, and
the interaction matrix was restricted to this subset. To ensure
robustness, we further assessed the stability of each interac-
tion by calculating the fraction of folds in which the corre-
sponding interaction coefficient was non-zero. Interactions
observed in fewer than 70% of folds were considered unsta-
ble and excluded from visualization. For the selected set of
phenotypes, we examined both individual main effects, illus-
trated as a bar plot (Figure 2), and pairwise phenotype interac-
tions, represented as an interaction matrix (Figure 4 [Alsaidi
et al., 2026]). The filtered interaction matrix was visualized

3https://www.kaggle.com/datasets/uciml/
pima-indians-diabetes-database

as a heatmap, with color intensity indicating the mean inter-
action strength and sign across folds. Both the main effects
plot and the interaction heatmap were jointly reviewed with
a clinical expert to evaluate the plausibility of the interaction
patterns identified by the SR model. Among the 30 pheno-
types analyzed, 17 were identified as core clinical manifesta-
tions associated with APDS.

As shown in Figure 2, fetanus and rhonchi emerged as
positive predictors of APDS. This finding aligns with pre-
vious analyses discussed in Appendix G [Alsaidi er al.,
20261, where tetanus was attributed to vaccination records,
and rhonchi reflected respiratory signs associated with other
symptoms. Interestingly, two phenotypes recognized by the
clinical expert as APDS-associated (pleural effusion and al-
lergy) appeared to help classifying individuals as not having
APDS. This counterintuitive pattern likely reflects overlap-
ping phenotypes present in both APDS and control cohorts.

To further explore these relationships, the filtered interac-
tion matrix was visualized as a heatmap (Figure 4 [Alsaidi
etal., 2026)), illustrating the pairwise interactions among the
selected phenotypes. In this heatmap, five core APDS pheno-
types—immunodeficiency, splenomegaly, lymphopenia, lym-
phadenopathy, and superinfection—displayed predominantly
negative interactions with many other phenotypes. Within the
SR framework, such negative interactions reflect redundancy
rather than antagonism: these features are already highly in-
formative individually, and their co-occurrence with addi-
tional phenotypes contributes limited incremental informa-
tion to the model. This behavior is consistent with clinical
manifestations commonly reported for APDS patients in Or-
phanet [Pavan ef al., 20171, indicating that the model appro-
priately captures their central role in disease characterization.
Other APDS-associated phenotypes, including otorrhea, cer-
vical lymphadenopathy, bronchitis, CD4 T-cell lymphopenia,
hypogammaglobulinemia, bronchiectasis, combined immun-
odeficiency, hyperplasia, pneumonia, allergy, and infection,
exhibited a more heterogeneous pattern of positive, negative,
and neutral interactions. Notably, several of these phenotypes
showed negative interactions with core APDS features, again
suggesting partial redundancy with already informative im-
munological and lymphoproliferative manifestations. This
variability indicates that their contribution to APDS charac-
terization might be context-dependent and modulated by the
presence of other clinical findings.

In contrast, although pleural effusion and allergy appeared
negatively associated with APDS in isolation, they demon-
strated strong positive interactions with phenotypes not tra-
ditionally linked to APDS. For example, pleural effusion
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Figure 2: Marginal contribution (main effects) among phenotypes in APDS dataset.

showed positive associations with pain, anesthesia, and de-
formity, among others. The interaction matrix also highlights
the role of phenotypes not classically associated with APDS,
including pain, anesthesia, cyst, deformity, and cephalal-
gia, which tended to interact positively with multiple other
phenotypes, both APDS-associated and non-associated. For
instance, positive interactions were observed among non-
APDS phenotypes themselves, such as nausea and cepha-
lalgia. These patterns suggest that such phenotypes may
reflect downstream clinical consequences, comorbidities, or
procedural contexts rather than primary drivers of the dis-
ease. Interestingly, pain exhibited widespread positive inter-
actions with both APDS and non-APDS phenotypes, despite
not emerging as a strong individual predictor of APDS. This
observation is consistent with clinical expectations, as pain
is a non-specific symptom whose diagnostic significance de-
pends largely on its context and association with other clinical
manifestations rather than its isolated occurrence.

Overall, the interaction analysis distinguishes strong stan-
dalone APDS predictors from context-dependent phenotypes
whose importance arises through interactions. This high-
lights the utility of the game-theoretic framework in disen-
tangling redundant, complementary, and context-dependent
clinical signals, providing an interpretable view of symptom
co-occurrence patterns in APDS.

6 Conclusion

We presented a framework for interpretable rare disease di-
agnostic support, evaluated on APDS. By employing a 2-
additive Shapley model with robust regularization, we effec-
tively addressed the high dimensionality and data scarcity in-

herent to this domain. Our results show that SR is competi-
tive with state-of-the-art models such as XGBoost in predic-
tive accuracy. In our use case, it also improves sensitivity,
albeit with a modest decrease in specificity, while providing
a key advantage: explanatory global Shapley Interaction In-
dices that offer insights into phenotype interactions.

This framework confirms known APDS-associated pheno-
types reported in Orphanet [Pavan ef al., 2017] and by clini-
cians (Appendix G [Alsaidi ef al., 2026]). More importantly,
it enables systematic analysis of how phenotypes jointly con-
tribute through interactions rather than in isolation. This
interaction-focused analysis provides a complementary per-
spective on symptom co-occurrence patterns not captured by
traditional models and has the potential to improve our under-
standing of disease mechanisms and clinical manifestations.
Although cohort size limits predictive conclusions, expand-
ing the APDS patient pool would enable more robust valida-
tion, improved performance, and greater confidence in clin-
ical relevance. These findings suggest that game-theoretic
models such as SR serve as useful exploratory tools for un-
derstanding complex phenotypic interactions in rare diseases.

As future work, we plan to further investigate theoretical
bounds (Sec. 3.4), considering dataset characteristics and ca-
pacity distributions. Also, we saw that SR outperforms the
other models considered in terms of time complexity, when
the number of features is reasonable (see Appendix C [Al-
saidi ef al., 2026]). However, sampling techniques should be
developed for high number of features. Finally, negative in-
teractions, which are of particular interest for medical appli-
cations like APDS detection, will be explored in collaboration
with our clinical team.



PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

Ethical Statement

We propose a lightweight approach that achieves perfor-
mance competitive while remaining computationally effi-
cient. Notably, the proposed method can be easily imple-
mented on standard personal computers using only CPU re-
sources.
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04171640. The study relied exclusively on collected clini-
cal data that were fully de-identified prior to analysis, and
all computational findings were reviewed in conjunction with
expert clinical interpretation. A language model (ChatGPT)
was used to assist in editing text for clarity and readability.
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