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A B S T R A C T

Background and Objective: Pediatric celiac disease (CD) is characterized by marked clinical and immunological 
heterogeneity that is not fully captured by the current symptom-based Oslo classification. Data-driven compu
tational phenotyping may enable the identification of more homogeneous patient subgroups by integrating 
multimodal clinical information. This study proposes a topological data analysis (TDA)-based computational 
framework (pheTDA) to identify and characterize novel sub-phenotypes of pediatric CD from multicentric 
clinical data.
Methods: A retrospective multicentric cohort of 2,922 pediatric CD patients described by 34 demographic, 
clinical, serological, genetic, and histological variables was analyzed. Mixed-type data were processed using 
Gower distance and mapped through a semi-supervised TDA Mapper pipeline, followed by Louvain community 
detection. The resulting communities were characterized through statistical testing and supervised machine 
learning. pheTDA was benchmarked against t-SNE followed by DBSCAN and agglomerative hierarchical clus
tering (AHC), and sensitivity analyses repeated pheTDA using clinical variables only and diagnostic-test variables 
only.
Results: pheTDA identified seven relatively balanced sub-phenotypes with distinct combinations of symptoms, 
serological profiles, histological damage, growth delay, and autoimmune comorbidities. Compared with pheTDA, 
DBSCAN generated a markedly imbalanced nine-cluster partition, whereas the four-cluster AHC solution was 
dominated by sex. pheTDA showed a clinically broader effect-size profile, with its leading discriminators 
spanning clinical, serological, genetic, and histological domains. Clinical-only pheTDA communities were 
strongly aligned with the symptom-based Oslo categories, whereas diagnostic-test-only communities were more 
fragmented and reflected specific test combinations. Random Forest classifiers achieved a higher mean AUC for 
pheTDA communities than for Oslo classes (0.94 vs. 0.88).
Conclusions: Multimodal pheTDA provides an exploratory and reproducible framework for identifying clinically 
interpretable pediatric CD sub-phenotypes. Benchmarking and feature-domain sensitivity analyses support the 
value of integrating clinical and diagnostic information while emphasizing that the resulting communities are 
data-dependent computational representations rather than definitive disease classes.

1. Introduction

Celiac disease (CD) is a chronic immune-mediated disorder caused 
by the ingestion of gluten, that is a protein complex contained mainly in 

cereal grains such as common wheat and barley, characterized by an 
autoimmune response that causes small bowel inflammation in suscep
tible individuals [1]. The global CD prevalence is around 1%, with some 
geographical and ethnic variations, and with differences according to 
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sex, with a documented higher prevalence in women (1.5 times the 
prevalence in men). CD can develop at any age, but its prevalence in 
children is two times higher than in adults [2]. While the awareness of 
clinicians and the widespread availability of diagnostic tests are 
increasing, the worldwide prevalence of CD is increasing, with approx
imately 95% of celiac patients remaining undiagnosed [3].

The clinical presentation of CD is very wide, and generally labelled 
using the Oslo definitions [4]. This categorization provides the defini
tion of asymptomatic CD, as individuals who do not present symptoms 
even in response to direct questioning at initial diagnosis; classical CD, 
as individuals who presents signs and symptoms of malabsorption; 
non-classical CD, as individuals with CD who do not present signs and 
symptoms of malabsorption; subclinical CD, when the CD is below the 
threshold of clinical detection. However, this broad categorization fails 
in fully depicting CD phenotypes, or in capturing the risk of complica
tions, as documented by the scientific literature which reports that 
classical CD patients are more prone to the development of complica
tions with respect to the asymptomatic and the subclinical CD [5], but 
no significant differences are reported between the other categories. In 
addition, the clinical manifestation of CD in pediatric patients is het
erogeneous and varies by age, e.g. symptoms in infants and toddlers are 
different than those experienced by older children, and usually occur 
between 4 and 24 months of age after introducing gluten in their diets, 
preceded by a possible latent period that could complicate the diagnosis 
[6].

For pediatric patients, as reported by the European Society Paedi
atric Gastroenterology, Hepatology and Nutrition (ESPGHAN) Guide
lines, the CD diagnosis follows different steps comprising serological 
tests and the histological evaluation of the intestinal tissue [7]. This 
former is performed through a biopsy, that is generally evaluated in the 
clinical practice with two classifications systems: the Marsh classifica
tion [8], modified by Oberhuber et al. [9], is the standard in the 
ESPGHAN guidelines, however, it is criticized by some clinicians for 
being complex and subjective; and the Corazza and Villanacci approach, 
which is often preferred since simpler [10]. As evident, the steps per
formed during the CD diagnosis inevitably comprise the evaluation of 
different kind of data, and recent works have shown that data-driven 
methods can be leveraged to redefine the phenotypes of CD, revealing 
partial overlaps with the Oslo classification and suggesting that simply 
grouping symptoms is not sufficient to consider the broader spectrum of 
CD [11].

Computational phenotyping can be defined as a data-driven process 
in which sub-groups of samples with similar characteristics are identi
fied from a population. The application of computational phenotyping in 
clinical setting characterized by the use of large repository of structured 
and unstructured patients data, i.e. Electronic Health Record (EHR), is 
referred to as electronic phenotyping [12]. Halpern et al. [13] concep
tualize a learning framework with the underlying hypothesis that pa
tients are characterized by latent variables that cannot be observed 
directly from the EHR, but for which the analysis of EHR can provide 
meaningful information. This is possible by leveraging pre-existing 
domain knowledge in the definition of anchoring observations, called 
anchors, that represent a noisy but meaningful view of the underlying 
latent variables, which can be used to guide the computational defini
tion of novel phenotype of interest [14].

Topological Data Analysis (TDA) is a branch of mathematics that 
extracts information and characterizes the data by using quantitative 
geometric features [15]. One of the two main TDA frameworks, the 
Mapper algorithm, generates a graph that characterizes and summarizes 
the topology of the dataset, providing a tool for data visualization and 
exploration [16]. In the biomedical field, Mapper has found large usage 
in the task of computational phenotyping [17], specifically, considering 
identifying subgroups of patients within a population and affected by 
the same disease or condition of interest, such as Type 2 Diabetes Mel
litus (T2DM) [18], aortic stenosis [19] and asthma [20], but with 
different characteristics. Recently, publicly available tools relying on 

TDA Mapper are proposed to specifically address the computational 
definition of novel phenotypes, starting from an initial clinical definition 
to anchor the observation to the Mapper graph [21,22].

In this work, we apply the TDA-based pheTDA framework to a large 
multicentric cohort of pediatric CD patients to identify and characterize 
multimodal computational sub-phenotypes. The resulting stratification 
is evaluated through statistical characterization and supervised machine 
learning, benchmarked against conventional clustering pipelines, and 
examined through sensitivity analyses based on clinical-only and 
diagnostic-test-only feature domains. The Oslo classification is retained 
as a clinical reference rather than as a ground-truth partition.

2. Celiac disease diagnosis according to the ESPGHAN guidelines

Pediatric CD diagnosis integrates serological testing, genetic sus
ceptibility, and histological assessment, but intestinal biopsy is not 
performed in all patients. This produces a heterogeneous dataset in 
which unavailable measurements may reflect the diagnostic pathway 
rather than random missingness. A detailed description of the Marsh- 
Oberhuber and Corazza-Villanacci classifications, the ESPGHAN diag
nostic pathway, and the corresponding flowchart is provided in Sup
plementary Section 5.1 and Supplementary Fig. 13.

3. Materials and methods

The initial multicentric dataset belongs to a previous study focusing 
on diagnostic delay in pediatric CD and comprises n = 3,241 pediatric 
patients from n = 9 Italian hospitals, diagnosed between 2010 and 2022; 
the details of the dataset as well as the ethical considerations have 
already been reported in the previous paper [23]. The data had been 
completely anonymised after previous publication. Differently, in the 
current work we only present a sub-analysis addressing the identifica
tion of novel pediatric CD sub-groups, starting from an initial CD clas
sification. This is provided by the clinicians with the labels ‘Major, 
‘Minor and ‘Silent’, that can be mapped to the Oslo classes ‘Classical’, 
‘Non-classical’, and ‘Subclinical’, respectively, in accordance with the 
existing literature [1]. For each patient different types of features are 
available, such as symptoms, demographic data and laboratory tests, 
and immunological, histological and genetic data (see Bianchi et al [23] 
for the complete list of demographic and clinical variables). We per
formed data pre-processing following the clinicians suggestions about 
the variables to include, and missing data imputing according to the CD 
diagnostic process (Section 3.1). The pheTDA framework was then used 
to discover seven novel CD sub-phenotypes for which we performed a 
clinical characterization with TDA enrichment and statistical tests 
(Section 3.2). Lastly, we evaluated the identified sub-phenotypes clini
cally with feature selection methods and supervised ML classification 
models, trained in one-vs rest binary classification tasks as many as the 
number of the new sub-phenotypes, and comparing their classification 
performance with the ones obtained considering the initial Oslo classi
fication (Section 3.4). The complete pipeline of the study is reported in 
Fig. 1. Additional benchmarking against conventional clustering and 
feature-domain sensitivity analyses are described in Sections 3.3 and 
3.5.

3.1. Data pre-processing and dataset consolidation

Growth-related variables were initially evaluated against age- and 
sex-specific WHO child-growth standards. This assessment was used to 
derive the Growth Delay variable and to address its missing values 
before the phenotyping analysis. The complete procedure and the cor
responding height and weight boxplots are reported in Supplementary 
Section 5.2 and Supplementary Fig. 14.

Besides growth delay, other variables related to the patients’ initial 
cohort presented missing values. Specifically, for the variables repre
senting serological exams and histological classification we pre-process 
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the variables as follows.
Serological exams. We first encoded the IgA variable with cate

gorical values. Specifically, a new variable called IgA was created, with 
the following levels: “negative” indicates that the IgA value is < 20 mg/ 
dL or not detectable if the patient has a selective deficit of IgA are 
expressed by a specific variable; “normal” indicates that the IgA values 
are between 20 mg/dL and ten times the URL; “high” indicates that the 
IgA values are greater than ten times the URL; “not classified” (NC) if the 
IgA presents missing value (32.37% of the initial values) and the Corazza 
histological score is available. Secondly, we encoded the EMA levels in 
“positive” and “negative”, if the EMA test was positive or negative, 
respectively; in addition, we added the level “not performed” (NP) if 
EMA had missing values (30.06% of the initial values) and IgA was 
“normal” or “negative”, since it is reasonable to assume that the biopsy is 
directly performed, whereas if IgA was “high”, the level “not available” 
(NA) was used to impute the EMA variable. Finally, a binary variable for 
the human leukocyte antigen (HLA) was created by looking at the 
presence of the D2Q and DQ8 haplotypes, and specifically, if at least one 
of the two is present, then the HLA variable has value 1, 0 otherwise.

Corazza histological score. In the dataset both the Marsh- 
Oberhuber and the Corazza classifications were provided for the histo
logical scores. We chose to use the Corazza classification since this is 
often preferred as it considers a lower number of categories, and pre
vious work reported that its adoption leads to a higher interobserver 
agreement within pathologists [24]. In addition to the levels already 
present in the considered dataset, we created two new levels: (i) “not 
performed” (NP), which represents the case in which missing values are 
present for the Corazza classification (27.68% of the initial values) and 
duodenum endoscopy is not performed, or IgA is “high” and simulta
neously EMA is “positive”, or HLA is “positive”; and (ii) “not available” 
(NA), when missing values are present and none of the previous con
dition is verified.

We discarded the patients for which sex was not registered (n = 1), 
IgA or EMA was not performed (n = 13), almost all variables were 

missing (n = 45), and the initial CD classification was not provided (n =
260). We obtained a dataset of n = 2,922 pediatric patients, and 34 
clinical variables. In Table 1 we report for each of the preprocessed 
variables, and by grouping patients according to the initial CD classifi
cation, the mean and the standard deviation, and the frequency and the 
percentage, for numerical and categorical variables, respectively, for the 
dataset given in input to the pheTDA framework. For a complete list of 
the variables including demographic and other clinical data we refer to 
Bianchi et al. [23].

Fig. 1. Complete pipeline of the study: the starting point is a multicentric dataset of pediatric patients for which different variables and the initial Oslo categories are 
available [23]. Then pheTDA is used to discover communities that are first clinically characterized, and then evaluated by the use of feature selection strategies and 
ML models, that are trained in as many supervised one-vs-rest binary classification tasks as the number of the new sub-phenotypes. The obtained classification 
performances are compared with the ones obtained considering the initial Oslo classes.

Table 1 
Patient characteristics pre-processed and presented as number and percentage 
for categorical variables and mean±standard deviation for numerical variables, 
grouped by patients initial diagnosis. For the complete list of variables see 
Bianchi et al. [23].

Variable Major (n =
1500)

Minor (n =
928)

Silent (n =
494)

Growth delay 620 (41.3) 247 (26.6) 39 (7.9)
Human leukocyte antigen 

(HLA)
1077 (71.8) 737 (79.4) 364 (73.7)

Corazza histology: 
A 
B1 
B2 
Not performed (NP) 
Not available (NA)

34 (2.3) 
490 (32.7) 
515 (34.3) 
418 (27.9) 
43 (2.9)

22 (2.4) 
374 (0.3) 
359 (8.7) 
151 (6.3) 
22 (2.4)

13 (2.6) 
227 (6.0) 
170 (4.4) 
72 (14.6) 
12 (2.4)

Immunoglobulin (IgA): 
Negative 
Normal 
High 
Not classified (NC)

120 (8.0) 
197 (13.1) 
779 (51.9) 
404 (26.9)

74 (8.0) 
117 (2.6) 
375 (0.4) 
362 (9.0)

54 (10.9) 
80 (16.2) 
232 (7.0) 
128 (5.9)

Anti-endomysium antibodies 
(EMA): 
Negative 
Positive 
NP 
Not classified (NC)

65 (4.3) 
1016 (7.7) 
10 (0.7) 
409 (27.3)

25 (2.7) 
522 (6.2) 
18 (1.9) 
363 (9.1)

19 (3.8) 
343 (69.4) 
6 (1.2) 
126 (5.5)
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The most prevalent CD classification in the considered patients’ 
population is Major (n = 1500 patients of which 62.9% female), fol
lowed by Minor (n = 928 patients), and Silent (n = 494 patients).We 
note that the Silent category comprises a higher proportion of patients 
with an EMA positive test and that patients initially classified as Minor 
have the highest proportion of Corazza’s histology classifications B1 and 
B2 but also of NP (32.7%, 34.3% and 27.9%, respectively), and have the 
highest proportion of IgA’s high and NC levels (51.9% and 21.6%, 
respectively).

3.2. Computational phenotyping with pheTDA

In this work, the aim is to identify novel sub-phenotypes of CD in 
pediatric patients. To this end, and we leverage a TDA-based framework 
called pheTDA comprising two main steps: firstly, the Mapper algorithm 
is employed in a semi-supervised way, guiding the creation of the to
pological graph from the input dataset by leveraging the initial pheno
typic definition as anchoring, then the second steps of computational 
phenotyping introduces a new stratification in the population, while 
characterizing the new subgroups according to the most discriminative 
features with predictive models.

Following the schematic definition of pheTDA reported in Fig. 2, the 
framework starts by computing the distance between the n samples of 
the dataset X in input to create a n × n distance matrix D, by using a 
distance function suitable for the types of the dataset’s variables. In our 
case the input dataset consists of both numerical, i.e. age, and categor
ical variables, and we select the Gower’s distance [25]. For two samples i 
and j having F variables, the similarity between them is defined as: 

Sij =

∑F
k=1wijksijk
∑F

k=1wijk
, (1) 

where wijk are non-negative weights typically set to 1, and sijk is the 
similarity between two data points considering the variable k − th. When 
dealing with binary or ordinal variables, the similarity is equal to 1 in 
case the samples have the same value, otherwise the similarity is 0, 
while when dealing with continuous variables, which have a range of 
values Rk, the similarity is computed as: 

sijk = 1 −

⃒
⃒xik − xjk

⃒
⃒

Rk
. (2) 

The Gower’s distance can be computed straightforwardly from the 
Eq. (1), as Dij = 1 − Sij. Note that before computing the distance, 
continuous variables are scaled in the [0, 1] range.

In the following step, pheTDA applies TDA Mapper on the distance 
matrix. The algorithm first projects the distances in a lower-dimensional 
space, here in R2, by the means of a lens function f, e.g. principal 
component analysis (PCA), second divide the projection space with an 
open cover U by using a series of overlapping bins u1,u2,…,ur. Third, it 
applies a clustering method for each of the subset of samples that in the 
lower dimensional space fall in correspondence to an intersection of 
bins. Finally, Mapper create a graph G = (V, ε), where V = {v1, v2,…,

vN} is the set of nodes that are identified as the cluster obtained from the 
previous step, and ε = {ε1, ε2,…, εM} is the set of edges that indicates 
the intersection between them, i.e. an edge exists between two nodes if 
they share at least one data point. This algorithm comprises different 
hyperparameters: resolution (r), i.e. the number of bins to use for each 
dimension of the lower projection space, gain (g), i.e. the percentage of 
overlap between the bins, the clustering method to choose, and eventual 
hyperparameters related to the lens function. pheTDA guides the choice 
of these hyperparameters with a two-step grid search. In the first step, 
the values of the Mapper hyperparameters, namely resolution, gain and 
cluster method are kept fixed, and the framework selects the lens and its 
hyperparameters that minimize the graph entropy H(G), defined as: 

H(G) =
∑N

i=1H(vi)|vi|
∑N

i=1|vi|
, (3) 

in which node entropy H(vi) is computed for each node vi of size |vi|, with 
respect to the proportion of the initial phenotypic label P(vi)as: 

H(vi) = −
∑ϕ

i=1
P(vi) ∗ log2P(vi). (4) 

In the second step, the Mapper hyperparameters and the clustering 
methods are selected by visually evaluating statistics computed by 
pheTDA on the graph created.

After the identification of the best hyperparameters, pheTDA applies 
a community detection algorithm, i.e. a clustering algorithm that works 
on a graph, to partition the resulting topological graph and identify 
communities. In particular, we choose the Louvain algorithm, that 
works similarly to an agglomerative clustering by joining pairs of nodes: 
it starts by assigning every node to its own community, and then for each 
of them it tries to find the maximum positive modularity gain by moving 
each node to all of its neighbouring communities [26]. Modularity is a 
graph property that measures the relative density of edges inside com
munities with respect to edges outside communities [27], computed as 
follows: 

Q(G) =
1

2M
∑

ij

(

Aij − γ
kikj

2M

)

δ
(
cicj

)
, (5) 

where A is the graph adjacency matrix in which an element Aij = 1 if 
existing an edge εm between two nodes vi and vj, otherwise is equal to 0, 
ki and kj are the degree of the node vi and vj, respectively, expressing the 
number of connections in which the nodes are involved, δ(cicj) = 1 if vi 
belongs to community ci, vj belongs to community cj, and ci = cj, i.e. the 
nodes belong to the same community, otherwise δ(cicj) = 0.

Subsequently, each patient is assigned to the community of the nodes 
in which he/she appears, introducing a new stratification ϕʹ in the 
population cohort. Note that one patient may appear in more than one 
node in the graph, therefore the assignment to a community may be 
controversial; pheTDA resolves ties by assigning these patients to the 
community that appeared most frequently in the nodes which they are 
associated to, or otherwise to the community belonging to the nodes 
with largest size.

Lastly, predictive modeling is used to characterize the new sub- 
phenotypes. For each of them, pheTDA trains a machine learning (ML) 
model - specifically we selected Elastic Net logistic regression [28] - and 
tunes the hyperparameters with a 5-fold cross-validation in one-vs-rest 
binary classification tasks, involving the prediction of P(ϕʹ = ϕʹ|X), 
representing the probability to belong to a specific sub-phenotype, given 
the dataset features. Then, the tool selects the model that achieves the 
highest Area under the Receiver Operating Characteristic (ROC) Curve 
(AUC) to extract the most important features Xϕʹ for each of the new 
sub-phenotype ϕʹ, corresponding to the variables with the highest 
feature importance. The selected variables are then used by pheTDA to 
enrich the topological graph, i.e. to colour it according to the distribu
tion of a specific variable. The comprehensive list of lens function 
available, and the ranges of the hyperparameters evaluated during the 
grid search, are reported in previous work [21] and in the pheTDA code 
repository1.

3.3. Comparison with traditional clustering methods

To compare pheTDA with conventional clustering strategies, 
DBSCAN and agglomerative hierarchical clustering (AHC) were applied 

1 https://github.com/Sep905/pheTDA
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to the same preprocessed dataset after t-SNE dimensionality reduction, 
using the same Gower distance representation. For DBSCAN, the 
neighborhood parameter was selected with the elbow method and k =
15 was retained, yielding nine clusters after exclusion of noise obser
vations. For AHC, the number of clusters (2–10) and linkage criterion 
(single, complete, or average) were selected by grid search using the 
Silhouette Coefficient; the optimal solution used complete linkage and 
four clusters (Silhouette = 0.41). Across all solutions, binary and 
multilevel categorical variables were compared with Pearson’s chi- 
square test and summarized using bias-corrected Cramér’s V, while 
age was evaluated with the Kruskal–Wallis test and epsilon-squared. P- 
values were adjusted with the Benjamini–Hochberg procedure. Because 
the variables used for these comparisons also contributed to cluster 
derivation, effect sizes were interpreted descriptively rather than as 
independent validation. Full results are provided in Supplementary 
Sections 1–3.

3.4. Comparison with the current classification

In order to compare the TDA communities with the current Oslo 
groups, we applied a supervised learning framework to automatically 
classify patients according to either classification systems, and we 
assessed the models’ predictive performances for both cases. Several 
models have been trained in one-vs-rest binary classification, in order to 
select the best performing ones, after a thorough feature selection pro
cess that was performed both to increase the models’ performances and 
to identify the most influential variables for both the Oslo and the TDA 
classification. In particular, for both classification schemes, i.e. the 3 
classes of the Oslo classification and the 7 sub-phenotypes identified 
with pheTDA, we applied identical ML pipelines, in which numerical 
features are scaled in the [0, 1] range - to be consistent with the scaling 
performed when computing the Gower’s distance-, and categorical 
variables are encoded with one-hot encoding, i.e. all the h levels of the 
variable are kept with the creation of a separate variable for each level, 
leading to a total of n = 44 variables.

Feature selection was performed using four complementary methods 
implemented in the scikit-learn Python’s package [29]: 

• SelectKBest: a univariate filter-based approach that selects features 
with the highest statistical relevance measured with the F-statistic;

• Recursive Feature Elimination (RFE): a wrapper method that 
iteratively removes the least important features based on a classifier 
model performance [30];

• Random Forest (RF) [31] features importance, leveraging 
ensemble-based variable ranking;

• Histogram-Based Gradient Boosting (HistBoost) [32] features 
importance, extracting variable importance as in the RF case.

Each feature selection method was executed twice—once optimizing 
for overall accuracy and once for the AUC. This process yielded eight 
feature lists in total. A final consensus feature set was obtained by 
retaining variables that appeared in at least six of the eight lists, 
ensuring robust selection of features consistently deemed informative 
across multiple algorithms and criteria.

Using the selected features, we trained three supervised classification 
models for each labelling system: RF, Logistic Regression (LR), and 
HistBoost. Model performance was evaluated using standard classifica
tion metrics, including accuracy, precision, recall, F1-score, and AUC. 
The best-performing algorithm was selected separately for the Oslo- 
based and TDA-based classifications to ensure a fair comparison. 
Finally, we compared the predictive performance achieved on the Oslo 
classes versus the TDA communities. Beyond classification metrics, we 
also examined the most influential features driving model decisions to 
identify differences in the underlying clinical determinants of each 
classification framework. This analysis provided insight into whether 
the TDA-derived communities captured additional or more nuanced 
dimensions of disease heterogeneity than the Oslo definitions.

3.5. Sensitivity analysis by feature domain

To assess the sensitivity of the phenotypic structure to the informa
tion domain supplied to pheTDA, the complete pipeline was repeated 
with two restricted feature sets: (i) clinically observable variables, 
including demographic characteristics, symptoms, and comorbidities; 
and (ii) diagnostic-test variables, comprising IgA, EMA, HLA, Corazza 
histology, and immunoglobulin-deficiency indicators. The resulting 
graphs, communities, and their composition according to the Oslo 

Fig. 2. PheTDA consists of two main components. The first reported on top, is a semi-supervised TDA pipeline that takes as input a tabular patient dataset X with n 
samples and for each F variable, and a clinical phenotype ϕ. It computes a squared distance matrix D, projects it into R2 space using a lens function f, covers the 
projection with overlapping bins, and applies clustering within each bin intersection to create a graph G = (V, ε). The second component, reported in the lower part of 
the Fig., deals with computational phenotyping, which starts from the topological graph produced by Mapper, and applies a community detection algorithm to 
partition the graph and to generate a new stratification ϕʹ. These subgroups are then characterized by key features extracted from a one-vs-rest predictive model.
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categories were compared descriptively with the full multimodal solu
tion. Detailed community profiles are reported in Supplementary Sec
tion 4.

4. Results

4.1. pheTDA identifies novel sub-phenotypes of pediatric CD

The lens function and clustering method selected in the pheTDA 
pipeline were t-SNE [33] and spectral clustering [34], respectively. The 
optimal values of t-SNE’s hyperparameters selected by pheTDA were 
perplexity = 10, learning rate = 300, and number of iterations = 1500, 
while the Mapper hyperparameters’ values selected were resolution = 16 
and gain = 0.5. This combination allowed us to obtain a connected 
graph, shown in Fig. 3A in which the overall patient population is rep
resented in n = 382 nodes, where each node comprises on average 31 
patients, and has a mean node degree of 9.1, i.e. on average, a node is 
connected to approximately nine other nodes. From the resulting topo
logical graph, the Louvain algorithm identified ϕ’ = 7 communities, 
whose nodes are coloured in Fig. 3B according to the highest proportion 
of initial CD classification category. From this Fig. we can observe that 
the patients classified as Silent CD are more prevalent in communities 3, 
5, 6, and 7, situated in the bottom and left part of the graph, and com
munities 1 and 2 are mainly composed of patients classified as Major. 
These results can be observed also in the Sankey diagram reported in 
Fig. 3D, which shows the composition of each community in terms of 
initial CD classification.

We report the heatmap comparing the Gower’s distance matrices 
computed on the input dataset, and by ordering the patient according to 
the initial CD classification and with the new stratification ϕ’ introduced 
by pheTDA, respectively, in Fig. 3C. The average pair-wise distance 
between patients initially classified as Major is 0.209±0.067, which is 
higher compared to both the average pair-wise distance of the Minor and 
Silent groups, with a value of 0.192±0.062 and 0.132±0.05, respec
tively. This observation highlights the initial hypothesis that classifying 
CD patients according exclusively to the clinical manifestation could 
result in heterogeneous groups. We observe that pheTDA introduces a 
stratification in which groups contain patients that have a lower average 
pair-wise distance. In particular, the sub-phenotype 1 (n = 291) has a 
mean pair-wise distance of 0.155±0.059, the sub-phenotype 2 (n = 569) 
has a mean pair-wise distance of 0.164±0.059, the sub-phenotype 3 (n =
457) has a mean pair-wise distance of 0.139±0.054, the sub-phenotype 
4 (n = 194) has a mean pair-wise distance of 0.132±0.051, the sub- 
phenotype 5 (n = 528) has a mean pair-wise distance of 0.152±0.054, 
the sub-phenotype 6 (n = 392) has a mean pair-wise distance of 0.141 

±0.06, and the sub-phenotype 7 (n = 491) has a mean pair-wise distance 
of 0.163±0.061. We also note from the heatmap that the new stratifi
cation introduced by pheTDA leads to a lower inter-cluster distance, 
considering that TDA Mapper is able to discover related groups 
providing better insights on how individual samples relate to the whole 
population.

Enrichment plots are reported in Fig. 4, and show the distribution of 
the most important variables, extracted by the trained models, and in 

Fig. 3. Topological representation of the input dataset obtained with pheTDA. (A) The pheTDA framework selects t-SNE as lens function, the Mapper hyper
parameters value and spectral clustering to obtain a topological representation of the input dataset as a graph. (B) Topological graph in which the identified n = 7 
communities are drawn disconnected, and nodes are coloured according to the highest proportion of initial CD classification category. (C) Heatmap showing Gower’s 
distance matrices between pair of patients and computed from the input dataset, in which patients are ordered by initial CD classification in the bottom triangular 
matrix, and by the new stratification introduced by pheTDA in the upper triangular matrix. (D) Sankey diagram showing the composition of the new stratification, i.e. 
the identified CD sub-phenotypes, according to the initial CD classification.
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common between the new sub-phenotypes. In the topological graphs 
reported, nodes are coloured in black if the patients that belong to them 
present the value of the feature of interest, in grey otherwise. Differ
ently, edges are coloured according to the communities’ colours re
ported by the Sankey diagram (Fig. 5D). Additionally, each enrichment 
plot reports in the title the name and the value of the variables of in
terest. Considering the IgA and EMA serological tests, we observe that 
these have a strong impact on the definition of the new stratification, 
since they split the patients into two well-distinct regions, spatially 
positioned on the top and bottom portions of the plot. Indeed, the sub- 
phenotypes 6 and 7 are prevalently composed of patients with both 
values of IgA and EMA that is equal to “NC” (6 has percentage of IgA =
NC and EMA = NC of 95.66 % and 95.92%, respectively, while 7 has 

percentage of IgA = NC and EMA = NC of 98.98 % and 99.59%, 
respectively). Sub-phenotypes 1, 3 and 4 are prevalently composed of 
patients with IgA = “high” (93.81%, 96.28% and 81.44%, respectively), 
and considering also the sub-phenotypes 2 and 5, these are mainly made 
by patients with EMA = “positive”. Differently, patients with the vari
able HLA = “positive” are present in all the sub-phenotypes, but more 
prevalent in sub-phenotype 3 (86.65 %), 4 (75.77%) and 7 (96.74%).

When assessing the enrichment plots by focusing on other variables, 
we observe that these are less impactful in the global definition of the 
patients’ groups, but their combination locally defines the new sub- 
phenotypes. For example, female subjects are spread on the entire 
network while characterizing the sub-phenotypes 2, 3 and 6 (82.07%, 
71.99% and 83.42%, respectively); the prevalence of familiarity is 

Fig. 4. Enrichment plots showing the distribution of selected variables in the nodes of the Mapper graph. We report the variables extracted from the optimal logistic 
regression model that are selected as the most important for each sub-phenotypes, and shared across them. For each of these variables, we colour the graph’s node by 
black, if the variable is present in the node, otherwise we colour the node by grey. Edges are coloured according to the sub-phenotypes colours, as reported in the 
Sankey diagram.
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higher in sub-phenotypes 5 and 6 (43.37% and 35.97%, respectively); GI 
symptoms characterize the sub-phenotype 1, where the 86.25% expe
riences diarrhea, and the subphenotype 2 has the highest percentage of 
patients with experienced abdominal pain; growth delay is more 
frequent in sub-phenotypes 1 (44.67%), 3 (55.58%), and 7 (49.90%). 
Considering the histological evaluation, patients with Corazza histo
logical class equals to B1 are more concentrated in the sub-phenotypes 5 
and 6, with a proportion of 61.55% and 65.82%, respectively, while also 
present in a lower proportion in 2, 4 and 7; patients with Corazza his
tological class equals to B2 are more present in the sub-phenotypes 7 
(72.71%) and 2 (40.60%). Note that pheTDA is able to discover com
munities consistently with what suggested by the referring physician, 
related to Corazza histological class equals to “NP”: these patients are 
present in the sub-phenotypes 1 and 3, for which the histological eval
uation is not performed, since the diagnosis is confirmed by the results of 
laboratory and genetic testing, i.e. HLA is “positive” and IgA is “high” for 
the sub-phenotype 3, and EMA is “positive” and IgA is “high” for the sub- 
phenotype 1.

Lastly, we summarize these findings in a single plot in Fig. 5, showing 
the characterization of all the sub-phenotypes according to the previous 
variables, and adding a clinical perspective with the aim of providing a 
more practical tool for the physicians on case one need of identify a 
possible sub-phenotypes based on patients characteristics.

For the sub-phenotype 1, in addition to EMA and HLA, several GI 
symptoms (diarrhea, weight loss, GI upper) are present. A possible 
interpretation may be that these symptoms can predispose to malab
sorption, potentially leading to growth delay. These patients also show 
notable immune response, as IgA = “High” and EMA = “positive” are 
present. Sub-phenotypes 2 and 6 are characterized by the presence of 
female patients and abdominal pain; interestingly, the latter is defined 
by EMA = “NC” and IgA = “NC”, therefore the two phenotypes may be 
separated by different levels of immune response or, more probably, 
they could be merged. Moreover, given the absence of severe symp
tomatology, the sub-phenotype 6 may correspond to a less severe 
pathophysiology. The sub-phenotype 2 is characterized by patients with 
relevant immune response, genetic predisposition and female sex. No 
particular symptoms are identifiable, but growth delay is frequently 
present as well as microcytic anaemia. Sub-phenotype 4 is similar to 3, 
but it is composed mainly by male patients. The presence of other 
autoimmune diseases is notable, as type 1 diabetes, dermatitis herpeti
formis and skin/tissue autoimmune diseases are present. Sub-phenotype 

5 is characterized by “normal” or “negative” IgA levels, with “positive” 
as result for EMA test, therefore a selective immune response is present. 
Furthermore, histological damage is denoted by the presence of B1 and 
B2 levels of Corazza classification, with higher proportion of B1 type. 
Therefore, this phenotype manifests an evident histological alteration. 
The sub-phenotype 7 is characterized by severe histological damage; 
more in particular, it distinguishes it from the 5 since this shows a mi
nority of Corazza B2 cases. These severe intestinal damages can likely 
lead to growth delay, that is another feature that characterizes sub- 
phenotype 7, where also a genetic predisposition is observed.

4.2. Comparison with traditional clustering methods

DBSCAN identified nine clusters after excluding 24 observations as 
noise. The solution was markedly imbalanced: cluster 0 included 1,549 
patients (53.5%) and cluster 3 included 681 (23.5%), while each 
remaining cluster represented no more than 7.0% of the analyzed 
cohort. Its largest effects involved familiarity (Cramér’s V = 0.569), 
EMA (0.557), IgA (0.550), HLA (0.536), and sex (0.424). AHC produced 
four more balanced clusters (13.1%–32.3% of the cohort), but separa
tion was strongly dominated by sex (Cramér’s V = 0.802), followed by 
EMA (0.559), IgA (0.551), HLA (0.343), and abdominal pain (0.331).

In contrast, the seven pheTDA communities ranged from 6.6% to 
19.5% of the cohort. Their five leading discriminators were IgA 
(Cramér’s V = 0.641), diarrhea (0.581), EMA (0.562), HLA (0.417), and 
Corazza histology (0.417), spanning serological, clinical, genetic, and 
histological domains. The Oslo categories were primarily differentiated 
by clinical manifestations, with diarrhea showing the largest effect 
(0.391). Thus, although the between-group tests are descriptive rather 
than independent validation, pheTDA yielded a relatively balanced 
partition with a broader multimodal clinical profile than the two con
ventional pipelines. Fig. 6 summarizes the strongest effect sizes; com
plete distributions, heatmaps, and tests are provided in Supplementary 
Sections 1–3.

4.3. Sensitivity analysis by feature domain

pheTDA identified 10 communities when restricted to clinical vari
ables and 14 communities when restricted to diagnostic-test variables. 
In the clinical-only analysis, most communities were dominated by a 
single Oslo category, and the optimized graph entropy was 0.989, 

Fig. 5. Enrichment plot with summarized clinical perspective of the sub-phenotypes. Similar to an enrichment plot, we report the topological graph where edges are 
coloured by the colour assigned to the specific sub-phenotype. For each of them, the clinical considerations that can be taken by looking at the most important 
variables are reported.
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consistent with the visual separation of Major, Minor, and Silent pre
sentations in Fig. 7A. The diagnostic-test-only solution had higher en
tropy (1.374) and showed substantial mixing of Oslo categories 
(Fig. 7B); its communities were chiefly defined by combinations of IgA, 
EMA, HLA, and histological states. These findings indicate that clinical 
variables alone tend to recover the symptom-oriented organization 
represented by Oslo, whereas diagnostic variables describe a different 
and more fragmented structure. The full multimodal analysis integrates 
these complementary dimensions. Detailed community compositions 
are reported in Supplementary Tables 5 and 6.

4.4. Comparison between Oslo classification and TDA with supervised ML

For both the original Oslo classes and the TDA communities, RF is the 
ML model that reported the best mean classification performances, as 
shown in Table 2. Looking at all the classification metrics reported in 
Table 2, precision, recall, F1-score and accuracy appear slightly lower in 

general for the models applied to the TDA communities with respect to 
those applied to the Oslo groups, however it should be noted that there 
are seven TDA communities and only three Oslo classes, and increasing 
the number of classes increases the chance of misclassification in each 
single class leading to a natural decrease of these classification metrics. 
AUC however, which is the most robust metric when increasing the 
number of classes, is higher for TDA communities, suggesting that TDA 
communities are generally slightly easier to detect using a classification 
approach, and therefore groups patients in more clinically characterized 
categories.

Fig. 8 shows the confusion matrices and ROC curves for the RF model 
applied to both classification systems. Regarding the Oslo classification, 
it can be noticed that the asymptomatic group, although less numerous 
than the other two, is the most accurately predicted, denoting that the 
clinical distinction between classical and non-classical is fainter. Look
ing at the TDA communities classification, the most misclassified com
munity is community 4, which is often labelled as 5 or 3, probably due to 

Fig. 6. Variables with the largest effect sizes across the four partitions: (A) DBSCAN, (B) agglomerative hierarchical clustering, (C) pheTDA communities, and (D) 
Oslo classification. Cramér’s V is reported for categorical variables and epsilon-squared for age. These descriptive effect sizes quantify between-group separation 
within each solution; they do not constitute independent validation because the same variables contributed to cluster construction.
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the similarities that these groups share in terms of presence of autoim
mune comorbidities or types of immune response.

4.5. Histology distribution

Although sometimes not collected in children, gut histology remains 
the main indicator of the presence of active CD, as the clinical presen
tation and the possible development of complications depends on the 
level of malabsorption. The exclusion of the histological examination 
from some patients led to a high number of missing data in the original 
dataset used to train the supervised classifiers, however, statistical tests 
show that each TDA community presents notable differences in their 
typical histological presentation. Table 3 shows the percentage of each 
Corazza histology category for each community; pairwise Chi-square 

tests with the correction of Bonferroni were applied to all pairs of 
communities obtaining P-values lower than 0.001. Although this result 
is not unexpected, since the histological information was used in the 
creation of TDA communities, it shows that the same communities are 
easy to predict by a ML algorithm even without including this infor
mation, and therefore the level of intestinal damage could be estimated 
even in absence of a biopsy. Particularly, community 7, which is asso
ciated with the lowest classification error, is the one that contains the 
highest percentage of high histological damage, i.e. Corazza B2.

5. Discussion and conclusion

Although very common and widely studied, numerous mechanisms 
characterizing the etiology and clinical presentation of CD are still un
known. Plus, the heterogeneity of symptoms and the high prevalence of 
asymptomatic or subclinical forms make CD an extremely under
diagnosed disease, with an estimated 95% of patients still not discovered 
at this time [3]. For these reasons, clinical characterization of CD is 
extremely important, as understanding the possible disease phenotypes 
is a first step towards the creation of precise diagnostic and prognostic 
strategies that consider the individual risk of complications and disease 
trajectory. In this context, data-driven approaches can be a useful tool to 
find patterns in such heterogeneous data. Although classical clustering 
methods have been shown to be effective in past studies on adult data
sets [11], pediatric CD presents a much more complicated case, as it can 
present a higher number and diversity of symptoms, and requires more 
sophisticated sub-phenotyping approaches. In fact, the current standard 
categorization of CD is still made of the Oslo definitions, which are based 

Fig. 7. Feature-domain sensitivity analysis. pheTDA graphs generated using (A) clinical variables only and (B) diagnostic-test variables only. For each analysis, the 
uncolored graph is shown on the left and the same graph color-coded by the Oslo classification on the right.

Table 2 
Performances for the three classification models trained on both the Oslo classes 
and TDA communities in one-vs-rest binary classification tasks. For each model 
the mean values of precision, recall, F1-score, accuracy and Area Under the 
receiver operating characteristic Curve (AUC) are reported, by averaging their 
values on all the binary tasks. The best values are reported in bold.

Classification Model Precision Recall F1-score Accuracy AUC

Oslo RF 0.76 0.76 0.76 0.76 0.88
LR 0.67 0.66 0.65 0.66 0.84
HistBoost 0.72 0.71 0.71 0.72 0.86

pheTDA RF 0.71 0.70 0.71 0.72 0.94
LR 0.57 0.54 0.55 0.54 0.87
HistBoost 0.66 0.66 0.65 0.66 0.92
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mainly on symptoms and are defined in the same way for both adult and 
pediatric patients, in spite of their clearly different clinical patterns 
which are confirmed also by the different diagnostic criteria.

The study presented in this paper represents a first attempt to create 
a more precise clinical characterization of pediatric CD, identifying 
recognizable sub-phenotypes that integrate the inherent complexity and 
multimodality of CD-related data. Our approach is based on a graph 
representation learning method that leverages topological data analysis 
called pheTDA, which has shown good performances in past applica
tions on small datasets. In particular, our approach finds seven sub
groups, all characterized by different prevailing clinical traits. The 
higher performance demonstrated by independent supervised classifiers 
in identifying these subgroups with respect to the original Oslo classes 
suggests that the identified subgroups capture patterns that are more 

readily separable from the available clinical variables than the original 
Oslo classes . In particular, all these phenotypes appear to be highly 
related to intestinal damage, as demonstrated by the final statistical 
tests. These findings further suggest that non-histological clinical in
formation contains signals associated with the identified phenotypic 
patterns, although prospective validation would be required before 
considering their use for the classification of new patients. .

The benchmarking analysis further clarifies the contribution of 
pheTDA. DBSCAN produced a highly imbalanced solution, whereas AHC 
was largely separated by sex; in contrast, pheTDA generated more 
balanced communities whose leading discriminators represented all 
major data domains. The sensitivity analysis also showed that using 
clinical manifestations alone tended to reconstruct an Oslo-like organi
zation, while diagnostic-test variables alone generated narrower test- 

Fig. 8. Classification results on the Oslo classes and TDA Communities. (A) Confusion matrix obtained on the Oslo classes. (B) Confusion matrix obtained on the TDA 
communities. (C) ROC curves obtained on the Oslo classes with AUC values for each initial class reported in the legend. (D) ROC curves obtained on the TDA 
communities with AUC values for each community reported in the legend.

Table 3 
Number of observations and related percentage of each Corazza histological category for each pheTDA community.

Corazza histology pheTDA community

1 2 3 4 5 6 7

Normal 3 
(1.03%)

- 6 
(1.31%)

- - 1 
(0.26%)

-

A 2 
(0.69%)

11 (1.93%) 5 
(1.09%)

11 (5.67%) 26 (4.92%) 8 
(2.05%)

6 
(1.23%)

B1 32 
(11%)

249 (43.76%) 34 (7.44%) 65 (33.51%) 325 (61.55%) 256 (65.64%) 127 (26.02%)

B2 50 (17.18%) 231 (40.60%) 74 (16.19%) 97 (50%) 114 (21.59%) 121 (31.03%) 355 (72.75%)
Not Performed 204 (70.10%) 78 (13.71%) 338 (73.96%) 32 (10.82%) 63 (11.93%) 4 

(1.03%)
-
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pattern groups. Together, these findings support multimodal integration 
as the defining contribution of the proposed phenotyping strategy rather 
than similarity to the Oslo categories, which were used as a clinical 
reference rather than as a ground-truth partition.

Arguably, this study presents some limitations. For example, the high 
missingness rate of the data required intensive imputation based mostly 
on previous knowledge (e.g. the creation of a “not performed” variable 
for histology). Missing values, in fact, were not uniformly treated as 
randomly missing observations. Where clinically justified by the pedi
atric CD diagnostic pathway, missingness was encoded using explicit 
categories (e.g., “not performed” or “not available”), thereby preserving 
information regarding whether a diagnostic examination was omitted 
according to the clinical workflow. These clinically informed encodings 
should therefore be distinguished from conventional statistical impu
tation of an unobserved value. This procedure however, although 
important to maximize the clinical information contained in the data, 
could lead to an increase in overfitting, as artificial variables are used for 
clustering. This effect might be made even worse by the underlying 
dependences between different variables. Plus, as with other unsuper
vised and topology-based approaches, the representation generated by 
Mapper depends on the preprocessing strategy, the distance metric, the 
lens function, and the Mapper hyperparameters. Therefore, the com
munities identified by pheTDA should be interpreted as data-driven 
structures resulting from the adopted analytical configuration rather 
than as unique or intrinsic disease classes. Nevertheless, the supervised 
reclassification procedure shows that the found communities are easy to 
identify by an automated machine learning algorithm, with higher 
performances compared to the current classes in spite of the probable 
presence of some overfitting.

Overall, approaches such as pheTDA can be promising tools to find 
underlying sub-phenotypes of complex, multifactorial diseases such as 
CD, allowing to properly find groups of patients that share clinically 
relevant characteristics that are difficult to identify by the common 
clinical practice or standard clustering algorithms. Future studies should 
assess the reproducibility of the identified phenotypes in independent 
and prospectively collected pediatric CD cohorts and investigate 
whether additional molecular or longitudinal data can further refine the 
resulting patient stratification.
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