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Abstract. 37 

Background: 38 

Activated phosphoinositide 3-kinase delta syndrome (APDS), first described in 2013, is a rare 39 

primary immunodeficiency with an estimated prevalence of 1–2 cases per million. Caused by 40 

mutations in PIK3CD or PIK3R1, it leads to immune dysregulation, lymphoproliferation, 41 

recurrent infections, and malignancy. Early identification is critical to enable timely initiation 42 

of personalized targeted therapies. This study aimed to evaluate whether machine learning 43 

applied to clinical narratives could support earlier identification of APDS patients using 44 

information extracted from electronic clinical notes. 45 

Results: 46 

Two approaches derived from clinical notes were evaluated: transformer-based embeddings 47 

and phenotype vectors based on UMLS concepts. Machine learning models were trained on 48 

222 patients, including 29 APDS patients. Both approaches achieved strong performance on 49 

the full dataset (F1 = 0.82 ± 0.13 and 0.80 ± 0.12, respectively). Phenotype-based analyses 50 

included statistical testing, feature importance, ablation studies, and expert review. These 51 

analyses identified clinically relevant features including immunodeficiency, adenopathy, 52 

lymphopenia, and splenomegaly. Performance remained robust when evaluated on a 53 

temporally constrained subset using only pre-diagnosis data (F1 = 0.79 ± 0.14 and 0.74 ± 54 

0.19), supporting the feasibility of earlier detection. Post hoc validation on an independent 55 

cohort of 100 patients further supported real-world applicability. 56 

Conclusions: 57 

Machine learning approaches based on clinical narratives can reliably identify APDS 58 

patients, including prior to diagnosis. These findings suggest that such methods could support 59 
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earlier detection of undiagnosed APDS patients, reducing diagnostic odyssey and improving 60 

patient care.  61 

Keywords.  62 

Activated phosphoinositide 3-kinase delta syndrome 63 

Primary immunodeficiency 64 

Machine learning 65 

Patient representation learning 66 

Clinical text embeddings 67 

Phenotype-based classification 68 

Early diagnosis 69 

Clinical decision support 70 



Alsaidi 5 

Background 71 

Rare diseases collectively affect an estimated 6% of the global population, corresponding to 72 

approximately 300 million people worldwide [1,2]. Their clinical manifestations are often 73 

highly variable, even among patients with the same disorder, and may overlap with other 74 

conditions [3]. This variability, coupled with clinicians’ limited experience, frequently leads 75 

to prolonged diagnostic journeys, often referred to as a “diagnostic odyssey”, that can span 76 

years or decades[3-6].  77 

Accurately representing patient health using diverse clinical data is key to improving 78 

diagnosis, assessing risk, and providing personalized care [7-18]. Traditional clinical research 79 

mainly relies on structured variables like laboratory values, demographics, and predefined 80 

risk factors [7,9,13]. In contrast, modern healthcare systems produce large amounts of 81 

unstructured data, including hospitalization reports and discharge summaries, which contain 82 

detailed descriptions of symptoms, disease progression, and clinician reasoning [11]. 83 

However, unstructured data is difficult to analyze due to its heterogeneity and free-text 84 

format, requiring advanced natural language processing (NLP) techniques to extract 85 

meaningful information.  86 

Recent advancements in artificial intelligence, especially NLP and large language models 87 

(LLMs), have enabled the automatic extraction of meaningful patterns from unstructured text 88 

[12-18]. Transformer-based models such as BERT enable text representation learning, 89 

transforming unstructured clinical narratives into dense numerical embeddings [12-16]. If one 90 

considers that a patient’s healthcare trajectory can be summarized as a collection of clinical 91 

documents describing their care journey, then text representations derived from these 92 

documents can be aggregated to form patient-level representations through a process, 93 

commonly referred to as patient representation learning [13-18]. These representations can 94 
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then be applied in various tasks, such as disease classification and outcome prediction, and 95 

are particularly promising for rare diseases characterized by clinical heterogeneity [23,24].  96 

Activated PI3Kδ Syndrome (APDS) is a rare genetic immune disorder caused by pathogenic 97 

variants in either PIK3CD or PIK3R1, with an estimated prevalence of 1-2 affected people 98 

per million [25-27]. Affected patients typically experience recurrent infections, immune 99 

dysregulation, and increased malignancy risk, though clinical expression varies widely 100 

between individuals [26-33]. Many of these features overlap with other primary immune 101 

disorders, contributing to substantial diagnostic uncertainty [23,24,27]. Registry data 102 

indicates that only a small fraction of APDS cases are currently identified, highlighting 103 

substantial underdiagnosis [31-33]. Importantly, the genetic defects causing APDS were only 104 

described in 2013 [34,35], meaning that many patients accumulated extensive clinical 105 

histories before a definitive diagnosis became possible [31-36]. 106 

In this context, systematically identifying APDS patients from clinical documentation could 107 

substantially accelerate diagnosis [36]. Clinical notes often capture early symptoms, 108 

treatment responses, and physician impressions prior to genetic diagnosis. Learning patient 109 

representations from such text enables models to capture latent disease signatures [37]. Such 110 

approaches are particularly useful in rare diseases, where subtle phenotypic patterns may 111 

otherwise remain hidden. In parallel, leveraging phenotype codes extracted via the Unified 112 

Medical Language System (UMLS) from clinical notes allow clinical features to be 113 

standardized into machine-readable concepts, facilitating patient stratification and analysis.  114 

Previous work has proposed pipelines combining phenotype extraction, semantic similarity, 115 

and imbalance-aware learning strategies, such as cost-sensitive learning or resampling 116 

techniques, to address the challenges of rare disease classification. Together, these 117 

approaches aim to amplify informative clinical signals while reducing noise introduced by 118 
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large control populations [38]. More recently, studies have also explored the use of LLMs for 119 

APDS classification, offering the ability to capture complex contextual and linguistic patterns 120 

beyond predefined phenotype ontologies. However, their application to APDS remains 121 

limited and challenging due to the scarcity of labeled cases, high class imbalance, and the risk 122 

of overfitting in small datasets [39]. Recent work, such as DeepRare [40], has begun to 123 

address these challenges by combining deep learning with phenotype-driven representations 124 

and rare disease–specific modeling strategies, demonstrating improved performance in low-125 

sample settings. This has led to growing interest in interpretable models that produce human-126 

readable explanations, align with domain knowledge, and can be evaluated in conjunction 127 

with expert clinical review [41,42].  128 

In this study, we evaluate the feasibility of accurately classifying APDS patients using 129 

unstructured clinical narratives, with a focus on documentation collected prior to diagnosis to 130 

APDS diagnosis. Specifically, we leverage French-language clinical models to derive patient 131 

embeddings and compare their performance with representations based on UMLS-extracted 132 

phenotypes from clinical documents. To assess early diagnostic potential, we restrict part of 133 

the analysis to clinical records predating diagnosis, including cases documented before APDS 134 

was first described in 2013. By comparing transformer-based and phenotype-based 135 

representations, we demonstrate that phenotype representations capture much of the same 136 

signal while offering enhanced interpretability. Overall, this work contributes to the growing 137 

field of rare disease diagnosis and demonstrates the potential of patient representation 138 

learning to support earlier identification of underdiagnosed disorders such as APDS. 139 
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Methods 140 

1. Dataset 141 

We used the Necker Hospital data warehouse (Dr. Warehouse), which comprises 142 

approximately 11 million pseudonymized clinical documents covering a wide range of rare 143 

diseases [43]. From this resource, we identified 49 confirmed APDS patients and 196 144 

controls from the Immunology department, all selected with at least one hospital admission 145 

between 2018 and 2023.  146 

For APDS patients, we determined each patient’s date of diagnosis by identifying the first 147 

occurrence of relevant terms in their clinical notes, including: “APDS,” “APDS1,” “APDS2,” 148 

“PIK3CD,” “PIK3R1,” “PI3K,” and “PI3KCD.” We also excluded the phenotypic term 149 

primary immunodeficiency, which typically indicates that the patient had already been 150 

diagnosed. All clinical notes dated from the diagnosis date onward were excluded. Controls 151 

were selected from the same department, using a structured query to match APDS patients on 152 

key clinical and demographic characteristics, i.e., sex, age, follow-up duration (±10%), time 153 

between first and last visit, number of clinical events, and care pathways. A ratio of two 154 

control patients per APDS case was used. 155 

Following dataset construction, we applied a series of preprocessing steps to standardize the 156 

clinical note data and ensure comparability across patients. We first applied interquartile 157 

range (IQR)–based filtering on the full dataset. Patients with fewer than three notes (below 158 

the lower bound) were excluded and patients with more than 20 notes were truncated by 159 

retaining their earliest 20 notes in chronological order. This threshold was selected to limit 160 

the overrepresentation of control (non-APDS) patients as APDS patients had a maximum 161 

number of notes of 20. The final dataset included 222 patients (29 APDS patients and 193 162 

controls), with a total of 2,627 clinical notes (mean number 11.83 ± 6.02 notes per patient).  163 
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In addition, each patient is also associated with a set of UMLS phenotypes by applying the 164 

automated phenotyping pipeline described in Vincent et al. [44], which combines a 165 

dictionary-based search for phenotypic terms with context-aware detection using deep 166 

learning. The dictionary relies on a subset of terms from the UMLS 2023AB vocabulary, 167 

focusing on semantic types related to phenotypes. The deep learning modules further enhance 168 

the extraction by performing disambiguation (filtering mentions unrelated to phenotypes), 169 

subject attribution (assigning mentions to the patient versus family members), and negation 170 

detection (identifying whether a phenotype is affirmed or negated). This resulted in 2,563 171 

unique phenotypes, with a mean number of 40.25 ± 48.36 unique phenotypes per patient.  172 

To rule out temporal leakage, we verified the time between the last 173 

recorded clinical event and the APDS diagnosis date for all APDS 174 

patients. The shortest interval was 16 days, confirming that no 175 

post-diagnosis data were present during model training in the full 176 

dataset. With the objective of testing if early diagnosis would be 177 

possible, we designed a restricted dataset to test the robustness 178 

of our approach in a more challenging setting. To this aim, we 179 

measured the temporal distance between the last clinical event 180 

and the diagnosis date and computed the median of this gap across 181 

APDS patients (154 days) and retained only those whose last event 182 

occurred ≥154 days before diagnosis. This produced our constrained 183 

subset, which is composed of 14 APDS patients, including 7 patients whose last available 184 

document predates 2013, i.e., before APDS genetic diagnosis was first established. This 185 

subset contains a total of 2,485 clinical notes (mean: 12.00 ± 5.91 notes per patient). In 186 
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addition, 2,516 unique phenotypes were included, with a mean number of 40.36 ± 49.6 187 

unique phenotypes per patient. 188 

2. Experimental Design 189 

We defined the APDS diagnosis task as a binary classification problem, where a patient 190 

representation Xi maps to an output label Yi. Depending on the experiment, Xi represents the 191 

patient i with an embedding that is either: 192 

a. A vector representation learned by a transformer model from the patient’s clinical 193 

notes, or 194 

b. A multi-hot encoding vector representing UMLS phenotypes extracted from the same 195 

notes. 196 

The output label Yi equals 1 if the patient 𝑖 has APDS and 0 otherwise.  197 

2.1. Patient Representation Learning  198 

2.1.1. Transformer-based Embeddings 199 

Based on prior work on French clinical document embeddings, we selected CamemBERT-bio 200 

[45], CamemBERT-base [46], and DrBERT [47] to generate transformer-based 201 

representations from clinical documents. Due to the variability in clinical note length, 202 

document encoding was performed using a sliding-window and hierarchical pooling strategy 203 

adapted from prior work [48]. The overall pipeline is illustrated in Figure 1. Briefly, token-204 

level embeddings were aggregated into sentence-, document-, and patient-level 205 

representations using mean–max pooling. Full implementation details are provided in 206 

Appendix A in the Additional File 1. 207 
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 208 

Figure 1. APDS Patient Representation Pipeline Overview. Legend: Starting from raw 209 

clinical documents, two parallel processing strategies are applied: (1) extraction of 210 

phenotypes using a UMLS-based pipeline, and (2) direct encoding of unstructured text using 211 

transformer models. These representations are then used to train classification models. 212 

Quantitative and Qualitative analysis are conducted on both phenotypes and transformer-213 

based encodings. Interpretability analyses (ANOVA, feature importance, and ablation) are 214 

conducted exclusively on phenotype-based representations, followed by expert clinical 215 

validation. A post hoc evaluation on an independent dataset is performed to assess the clinical 216 

validity of phenotype-based predictions. 217 

2.1.2. UMLS Phenotype-Based Representations 218 

To encode patient representations in a consistent way, each patient is represented as a multi-219 

hot vector over the full set of extracted phenotypes, indicating the presence (1) or absence (0) 220 
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of each concept. No dimensionality reduction was applied to enable a thorough investigation 221 

of potentially relevant phenotypic concepts. 222 

3. Model Training and Evaluation Protocol 223 

Each representation is used as input to train three different classifiers: Logistic Regression 224 

(LR), Random Forest (RF), and XGBoost (XGB). Performance was evaluated using 5-fold 225 

cross-validation, with three folds used for hyperparameter tuning. The evaluation metrics 226 

included balanced accuracy, precision, sensitivity, specificity, F1-score, the area under the 227 

receiver operating characteristic curve (AU-ROC), and the area under the precision–recall 228 

curve (AU-PRC). Balanced accuracy was used to account for class imbalance and is defined 229 

as the average of sensitivity and specificity. 230 

To address class imbalance, we applied SMOTE [49] oversampling with a ratio of 0.5 for 231 

transformer-based representations. For the phenotype-based representation, class weights 232 

were used. The optimal strategy for each representation was selected based on preliminary 233 

experiments conducted on the full dataset. 234 

4. Phenotype Importance Analysis 235 

To enhance clinical interpretability, particularly given the limited transparency of 236 

transformer-based models, phenotype-based models were analyzed using three 237 

complementary methods: univariate statistical testing (ANOVA), model-based feature 238 

importance (LR, RF, and XGB), and ablation studies to assess the contribution of individual 239 

phenotypes. Details on each method in terms of statistical association, predictive 240 

contribution, and discriminative necessity is presented in Table C1 in the Additional File 3.  241 

Univariate ANOVA was used to evaluate the statistical association between each phenotype 242 

and APDS status, producing an F-value that reflects the strength of this association. Model-243 
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based feature importance was computed for each classifier across cross-validation folds and 244 

aggregated at the phenotype level. For LR, feature importance was computed using the model 245 

coefficients. Coefficients were extracted from each fold and averaged across folds to obtain a 246 

mean coefficient per phenotype. For the RF, feature importance was assessed using SHAP 247 

(SHapley Additive exPlanations) values computed with a TreeExplainer. SHAP values were 248 

calculated for the positive class, and the mean absolute SHAP value for each phenotype was 249 

averaged across samples and folds. For XGB, SHAP values were also computed using a 250 

TreeExplainer, with explanations generated on the raw prediction margin (log-odds), as 251 

recommended for gradient-boosted tree models [50]. Mean absolute SHAP values were then 252 

aggregated across samples and folds to rank features by global importance. We conducted 253 

ablation studies using our best performing classifier, where each phenotype was removed 254 

from the feature set, and the resulting decrease in weighted AU-ROC was measured to assess 255 

its impact on model performance. These analyses were complemented by expert clinical 256 

review. 257 

5. Constrained Subset Evaluation 258 

To assess model robustness in early clinical settings, the full evaluation pipeline was repeated 259 

on the constrained subset. Phenotype-based analyses (ANOVA and model-based feature 260 

importance) and expert validation were also conducted to determine whether key signals were 261 

also present in earlier clinical records. 262 

6. Post hoc Experiment 263 

To further assess the clinical validity of phenotype-based predictions, we performed an 264 

additional post hoc evaluation using an independent dataset of 100 randomly selected patients 265 

(12 APDS, 88 controls) from the immunology department. We conducted a blinded clinician 266 

review focusing solely on the misclassified cases. Each patient’s phenotype profile, 267 
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containing all documented clinical features used by the model, was compiled into a 268 

spreadsheet with anonymized patient identifiers for expert validation. 269 

Results 270 

1. Model Performance on the Full Dataset and the Constrained Subset 271 

 Table 1 reports performance of the best-performing model for each representation, selected 272 

based on the F1 score. Across all experiments, LR consistently emerged as the best-273 

performing classifier. Among transformer-based models, CamemBERT-bio achieved the best 274 

overall performance and was therefore selected for the main comparison. Results on the full 275 

and constrained dataset are provided in Appendix B in the Additional File 2. 276 

On the full dataset, transformer-based representations achieved strong performance, a 277 

balanced accuracy of 0.86 ± 0.09, with high precision (0.96 ± 0.09) and an F1 score of 0.82 ± 278 

0.13. Sensitivity was more moderate (0.73 ± 0.19), indicating that while most APDS cases 279 

were correctly identified, some cases were missed. Nevertheless, discriminative performance 280 

remained high, as reflected by high AU-ROC (0.96 ± 0.03) and AU-PRC (0.89 ± 0.07) 281 

values. For comparison, the best-performing phenotype-based model, reported in our 282 

previous study [51], achieved a comparable F1 score of 0.80 ± 0.12. Notably, sensitivity was 283 

higher (0.86 ± 0.13), while precision was lower (0.79 ± 0.21), suggesting that phenotype-284 

based models are more effective but at the cost of increased false positives. This 285 

configuration achieved the highest discriminative performance, with AU-ROC of 0.98 ± 0.01 286 

and AU-PRC of 0.94 ± 0.04.  287 

On the constrained subset, performance remained high. Transformer-based representations 288 

achieved an F1-score of 0.79 ± 0.14, with balanced accuracy of 0.85 ± 0.09. Although 289 

sensitivity remained moderate 0.70 ± 0.18, AU-ROC (0.91 ± 0.12) and AU-PRC (0.80 ± 290 
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0.17) indicated that discriminative signals persist in earlier clinical records. For phenotype-291 

based representations, sensitivity reached 0.93 ± 0.13, indicating strong detection of APDS 292 

cases even in the constrained setting. However, precision decreased (0.64 ± 0.23), reflecting 293 

increased uncertainty and a higher number of false positives. Balanced accuracy remained 294 

high (0.94 ± 0.08), and AU-ROC (0.99 ± 0.01) and AU-PRC (0.97 ± 0.07) values confirmed 295 

strong discriminative power. 296 

Table 1. Performance of LR Across Representations and Datasets.  297 

Dataset Repr B. Acc 
(Mean 
± Std) 

Precision 
(Mean  
± Std) 

Sens 
(Mean 
± Std) 

Spec 
(Mean 
± Std) 

F1 
(Mean 
± Std) 

AU-ROC 
(Mean 
 ± Std) 

AU-PRC 
(Mean  
± Std) 

Full Text 0.86 ± 
0.09 

0.96 ± 
0.09 

0.73 ± 
0.19 

0.99 ± 
0.01 

0.82 ± 
0.13 

0.96 ± 
0.03 

0.89 ± 
0.07 

Phen - 
2563 
features 

0.91 ± 
0.06 

0.79 ± 
0.21 

0.86 ± 
0.13 

0.95 ± 
0.05 

0.80 ± 
0.12 

0.98 ± 
0.01 

0.94 ± 
0.04 

Cons. 

subset 

Text 0.85 ± 
0.09 

0.93 ± 
0.15 

0.70 ± 
0.18 

0.99 ± 
0.01 

0.79 ± 
0.14 

0.91 ± 
0.12 

0.80 ± 
0.17 

Phen - 
2516 
features 

0.94 ± 
0.08 

0.64 ± 
0.23 

0.93 ± 
0.13 

0.95 ± 
0.05 

0.74 ± 
0.19 

0.99 ± 
0.01 

0.97 ± 
0.07 

Legend: Performance of the best-performing classifier (LR) for each data representation and 298 

experimental settings. Metrics are reported as mean ± standard deviation across cross-299 

validation folds. Abbreviations: Cons.: Constrained; Repr: Representation; B. Acc = 300 

Balanced Accuracy; Sens = Sensitivity; Spec = Specificity; F1 = F1 score; AU-ROC = Area 301 

Under the Receiver Operating Characteristic Curve; AU-PRC = Area Under the Precision-302 

Recall Curve. 303 
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2. Phenotype Analysis on the Full Dataset 304 

To gain clearer insight into the key manifestations driving classification, we performed a 305 

detailed analysis of our phenotype-based representations.  306 

2.1. Univariate Analysis (ANOVA) 307 

ANOVA revealed strong associations between several phenotypes and APDS status. 308 

Immunodeficiency emerged as the dominant phenotype, followed by combined 309 

immunodeficiency, CD4 T-cell lymphopenia, bronchiectasis, lymphopenia, hyper IgM 310 

syndrome, and adenopathy (Figure 2). Additional features such as bronchitis, splenomegaly, 311 

and otitis also ranked highly were also among the top-ranked phenotypes.312 

 313 

Figure 2. Top 20 APDS-Associated Phenotypes (ANOVA) on the Full Dataset. Legend: 314 

Phenotypes are ranked by F-value from ANOVA, indicating the strength of their statistical 315 

association with APDS. Higher F-values correspond to stronger associations. 316 
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2.2. Model-Based Feature Importance 317 

Feature importance across LR, RF, and XGB models consistently prioritized core immune 318 

and infectious phenotypes. An expert-driven review was conducted by two clinical experts 319 

and a biologist indicated that 21 of the 27 features (78%) are directly consistent with known 320 

APDS manifestations, while the remaining underlined phenotypes were not immediately 321 

interpretable as primary APDS features (Table 2).  322 

Table 2. Top APDS-Associated Phenotypes Across Models on the Full Dataset.  323 

Group Phenotypes 

Shared across all three 

models (LR, RF, XGB) 

Immunodeficiency, Splenomegaly, Adenopathy, Lymphopenia, 

CD4 T-cell lymphopenia, Rhinorrhea, Otitis, 

Hypogammaglobulinemia, Hyperplasia, Tetanus, 

Bronchiectasis, Infection 

Shared across LR & RF Combined immunodeficiency, Cervical lymphadenopathy 

Shared across LR & XGB Hypothyroidism, Otorrhea, Bronchitis, Viral load 

Shared across RF & XGB Pain, Anesthesia, Pneumonia, Vomiting, Cough 

Unique to LR Superinfection, Thrombocytopenia 

Unique to RF Hypertrophy 

Unique to XGB Fever 
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Legend: Top APDS-associated phenotypes identified by LR, RF, and XGB on the full 324 

dataset. Underlined phenotypes indicate features not directly associated with core APDS 325 

manifestations based on the expert-driven review. 326 
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2.3. Ablation Analysis 327 

Ablation studies confirmed the importance of key phenotypes, where the removal of 328 

immunodeficiency caused the largest performance drop (0.354), followed by cervical 329 

lymphadenopathy, lymphopenia, CD4 T-cell lymphopenia, and splenomegaly (Figure 3).  330 

 331 

Figure 3. Ablation Study of Phenotype Contributions to APDS Classification using the 332 

Full Dataset. Legend: Bars show the decrease in weighted AU-ROC when individual 333 

phenotypes are removed from the LR model, highlighting the features with the strongest 334 

impact on APDS discrimination. 335 

These findings confirmed that immune-related and lymphoproliferative features are not only 336 

statistically associated and predictive but also essential for accurate classification. 337 

3. Phenotype Analysis on the Constrained Subset 338 

Phenotype analysis on the constrained subset yielded similar results. The results from the 339 

ANOVA analysis closely mirrored those from the full dataset (Figure 4). Phenotypes such as 340 
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immunodeficiency, combined immunodeficiency, CD4 T-cell lymphopenia, bronchiectasis, 341 

chronic and recurrent infections, hypogammaglobulinemia, chronic cough, cervical 342 

lymphadenopathy, splenomegaly, hyper IgM syndrome, humoral immunodeficiency, and 343 

mediastinal lymphadenopathy consistently ranked among the top features.  344 

 345 

Figure 4. Top 20 APDS-Associated Phenotypes (ANOVA) on the Constrained Dataset. 346 

Legend: Phenotypes are ranked by F-value from ANOVA, indicating the strength of their 347 

statistical association with APDS. Higher F-values correspond to stronger associations. 348 

Expert analysis on the model-based feature importance revealed that 22 of the 30 features 349 

(73%) were directly consistent with known APDS manifestations (Table 3). Several 350 

additional phenotypes not observed in the full dataset emerged, including crackles, hyper IgM 351 

syndrome, rhonchi, pulmonary infection, asthenia, lymphoma, allergy, nausea, and xerosis. 352 

Five features – tetanus, pain, vomiting, fever, and anesthesia – were also previously 353 

identified as non-specific in the full dataset.  354 
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Table 3. Top APDS-Associated Phenotypes Across Models on the Constrained Dataset.  355 

Group Phenotypes 

Shared across all three 

models (LR, RF, XGB) 

Immunodeficiency, Infection, CD4 T-cell lymphopenia, 

Adenopathy, Rhinorrhea, Otitis, Pneumonia, 

Hypogammaglobulinemia 

Shared across LR & RF Splenomegaly, Cervical lymphadenopathy, Crackles, Rhonchi, 

Hyper IgM syndrome 

Shared across LR & XGB Superinfection, Pulmonary infection, Tetanus 

Shared across RF & XGB Pain, Anesthesia, Cough, Vomiting, Asthenia 

Unique to LR Hypothyroidism, Combined immunodeficiency, Chronic cough, 

Lymphoma 

Unique to RF Nausea 

Unique to XGB Fever, Allergy, Xerosis, Bronchiectasis 

Legend: Top APDS-associated phenotypes identified by LR, RF, and XGB on the 356 

constrained dataset. Underlined phenotypes indicate features not directly associated with core 357 

APDS manifestations based on the expert-driven review. 358 
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4. Post hoc Experiment Results 359 

On the independent dataset, the phenotype-based model correctly identified all 12 APDS 360 

patients, achieving perfect sensitivity. Among the 88 control patients, 15 were misclassified 361 

(false positives). 362 

The blinded clinician review showed: 363 

● For 9 cases, all reviewers unanimously agreed that the patient did not have APDS. 364 

● In 2 cases, 2 of 3 reviewers suggested possible APDS or recommended genetic 365 

testing. 366 

● In 4 cases, 1 reviewer suggested APDS. 367 

Overall, all 15 cases achieved majority agreement among reviewers (i.e., at least two of three 368 

reviewers agreed on the classification). These results suggest that the model prioritizes 369 

sensitivity and may flag patients who could still warrant further clinical evaluation. 370 

Discussion 371 

1. Model Performance and Robustness 372 

A clear distinction was observed between representations: phenotype-based models 373 

consistently achieved higher sensitivity, whereas transformer-based models favored 374 

precision. These differences likely reflect how each representation interacts with linear 375 

classifiers and decision thresholds, resulting in distinct precision–sensitivity trade-offs 376 

[52,53]. While F1 ranking slightly favored text-based models, phenotype-based 377 

representations achieved higher AU-ROC values, suggesting stronger overall discriminative 378 

ability and indicating that threshold optimization could yield comparatively improved F1 379 

performance for phenotype-based approaches. 380 
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 In rare diseases such as APDS, where positive cases are inherently scarce, sensitivity is 381 

particularly important. Clinically, identifying as many true cases as possible is essential, as 382 

missed cases may delay diagnosis and treatment. In this light, the higher sensitivity of 383 

phenotype-based representations suggests greater suitability for pre-screening applications, 384 

despite lower precision. 385 

Despite these differences, both representations showed strong performance using LR, which 386 

is consistent with rare-disease settings where simpler, regularized models often generalize 387 

more effectively from limited data [54]. These findings were further supported by the high 388 

performance observed on the constrained subset, despite the reduced sample size and stricter 389 

temporal constraints. Overall, these results demonstrate that both narrative clinical text and 390 

phenotypic data contain early, informative signals enabling retrospective identification of 391 

APDS.  392 

2. Error Analysis  393 

Qualitative review through detailed case-by-case examination of misclassified cases in 394 

collaboration with an immunologist revealed several sources of error. For transformer-based 395 

models, false negatives were primarily attributable to the lack of sufficiently distinctive 396 

APDS-related information in clinical documentation prior to diagnosis. False positives 397 

frequently arose in patients with a family history of APDS, introducing misleading contextual 398 

signals. Across both representations, some misclassifications reflected the clinical 399 

heterogeneity of APDS and its overlap with other primary immunodeficiencies. These 400 

findings highlight the inherent ambiguity of free-text narratives in rare and phenotypically 401 

diverse diseases. 402 
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3. Phenotypic Insights and Clinical Relevance 403 

Our phenotype-based analysis consistently identified immune dysregulation and 404 

lymphoproliferative features as core indicators of APDS across both datasets. In contrast, 405 

underlined features in Tables 2 and 3 were interpreted as secondary or contextual variables, 406 

reflecting vaccination records, diagnostic procedures, or nonspecific infection-related 407 

episodes rather than disease-defining characteristics. 408 

Comparison with authoritative rare disease resources, specifically Orphanet 409 

(ORPHA:397596) [55], further supported these findings as seen in Table C2 in the Additional 410 

File 3. This concordance indicates that the features identified by the model are both 411 

statistically robust and biologically meaningful rather than spurious associations.  412 

Beyond classification, these findings have important clinical implications. Phenotype-driven 413 

models may support earlier detection of APDS and similar rare diseases, particularly when 414 

genetic testing is unavailable or delayed. The identified phenotypes could also help define 415 

clinical archetypes, supporting patient stratification, personalized care, and the development 416 

of realistic synthetic data for training and validating clinical decision support systems. 417 

4. Post hoc Findings and Interpretation 418 

The post hoc evaluation provided additional evidence of clinical relevance. Notably, the 419 

model correctly identified all APDS patients in the independent cohort, ensuring that no 420 

affected patients were overlooked. 421 

The blinded clinician review revealed that many of the 15 misclassified patients were not 422 

arbitrary errors, where 10 out of the 15 patients exhibited substantial overlap with APDS-423 

associated phenotypes. Several reviewers suggested genetic testing for a subset of these 424 

patients, highlighting that the model’s false positives may still correspond to clinically 425 
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relevant cases that warrant additional attention. This behavior aligns well with the intended 426 

use of the model as a clinical triage tool and highlights the importance of combining 427 

computational tools with human expertise. In practice, this may facilitate earlier identification 428 

of atypical or complex cases and support more timely referral for genetic testing, improving 429 

early detection and reducing underdiagnosis. 430 

Taken together, these findings reinforce the potential of phenotype-based models to support 431 

rare disease diagnosis by prioritizing sensitivity, highlighting clinically meaningful patterns, 432 

and assisting clinicians in identifying patients who may benefit from further evaluation. 433 

Future work should focus on improving specificity while preserving this high sensitivity and 434 

validating these approaches in larger and more diverse populations. 435 

Conclusions 436 

This study demonstrates that machine learning approaches applied to clinical narratives can 437 

reliably identify patients with Activated phosphoinositide 3-kinase delta syndrome (APDS), 438 

including before formal diagnosis. Both transformer-based and phenotype-based 439 

representations achieved strong predictive performance, while phenotype-driven approaches 440 

provided greater interpretability and sensitivity, making them particularly suitable for early 441 

screening applications in rare disease settings. 442 

Importantly, the consistent identification of clinically relevant immune and 443 

lymphoproliferative features across datasets supports the biological validity of the learned 444 

signals and highlights the value of phenotype-based analyses beyond prediction alone. The 445 

robust performance observed in temporally constrained settings further suggests that 446 

meaningful disease-related patterns are present in early clinical records and can be leveraged 447 

for retrospective identification. 448 
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These findings are particularly relevant for the rare disease field, where diagnostic delays 449 

remain a major challenge. By enabling earlier identification of patients who may benefit from 450 

targeted genetic testing or specialized clinical evaluation, such approaches could help reduce 451 

diagnostic odysseys, improve patient management, and facilitate timely access to 452 

personalized therapies. More broadly, this work supports the potential of artificial 453 

intelligence–driven analysis of routine clinical data as a scalable strategy for improving rare 454 

disease detection and clinical decision support. 455 
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