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A B S T R A C T

Objective: To develop and evaluate a multimodal electronic health record (EHR)-based phenotyping pipeline 
integrating structured and unstructured clinical data to identify disease subgroups and characterize longitudinal 
trajectories in a real-world setting.
Materials and methods: We conducted a retrospective multicenter study including 1,598 patients with autoim
mune gastritis. Structured demographic and clinical variables were combined with longitudinal endoscopic and 
histological data extracted from routine care. A consensus clustering strategy integrating partitioning (K- 
medoids) and hierarchical approaches was applied to identify robust patient subgroups. Free-text endoscopic 
reports were processed using a fine-tuned transformer-based natural language processing (NLP) model to 
automatically extract structured phenotypic features. To address irregular follow-up intervals, time-normalized 
progression indices were developed to capture both severity and temporal dynamics of disease evolution.
Results: After preprocessing, 607 patients were included in the analysis. The consensus clustering approach 
identified three clinically distinct subgroups. The NLP model demonstrated high performance in extracting 
endoscopic features (accuracy 90.2%, balanced accuracy 89.3%). Application of the proposed progression 
indices revealed significant differences in longitudinal patterns of mucosal damage across clusters (p < 0.01).
Conclusion: This study demonstrates the feasibility of integrating clustering techniques and transformer-based 
clinical NLP within a unified EHR phenotyping pipeline. The proposed approach supports scalable secondary 
use of structured and narrative clinical data for subgroup discovery and trajectory modeling in chronic diseases.

1. Introduction

Autoimmune gastritis (AIG) is a chronic immune-mediated disorder 
characterized by progressive destruction of the oxyntic mucosa, leading 
to gastric atrophy and functional impairment [1]. Although its reported 
prevalence ranges from 0.5% to 4.5% depending on population char
acteristics [2], AIG is frequently under-recognized due to its heteroge
neous and often nonspecific clinical presentation. Over time, disease 
progression may result in micronutrient deficiencies, anemia, 

neurological manifestations, and an increased risk of gastric neoplasia 
[3–7].

Diagnosis relies on a combination of serological, endoscopic, and 
histological findings, including parietal cell antibody positivity and 
corpus-predominant atrophy [8–10]. However, patients present at var
iable stages and with diverse clinical profiles, and tools for systematic 
phenotypic stratification and longitudinal risk assessment remain 
limited. As a consequence, management often focuses on treating com
plications rather than anticipating disease trajectories.
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From a clinical informatics perspective, AIG represents a prototypi
cal example of a heterogeneous chronic condition documented through 
both structured variables and narrative clinical reports within electronic 
health records (EHRs). Leveraging these multimodal data sources for 
subgroup identification and progression modeling requires methods 
capable of integrating mixed data types and handling irregular follow- 
up intervals.

In this study, we developed a multimodal EHR-based phenotyping 
pipeline combining consensus clustering, transformer-based natural 
language processing of endoscopic reports, and time-normalized pro
gression indices. Using AIG as a real-world use case, we illustrate a 
scalable approach for data-driven subgroup discovery and trajectory 
characterization in routine clinical datasets.

2. Methods

2.1. Description of the datasets

This paper presents a sub-analysis of a previously published study on 
an Italian cohort comprising two complementary datasets that included 
information on 1598 patients with AIG diagnosed across nine referral 
centres. The original study protocol was approved by the local ethics 
committee (Fondazione IRCCS Policlinico San Matteo, protocol number 
P3599/2017).

The first dataset contained cross-sectional data collected at the time 
of diagnosis, including demographic and clinical characteristics. The 
second dataset consisted of longitudinal data, including endoscopic 
findings and histological atrophy scores obtained during follow-up.

2.1.1. Cross sectional dataset
The cross-sectional dataset included the following variables: 

• Demographic variables: Age, Sex, Marital Status and Socioeconomic 
Status.

• Risk-related behaviours: Smoking, Alcohol use, use of gastro- 
protectors.

• Clinical variables: blood count, homocysteine, past Helicobacter 
Pylori infection, Gastrin and Chromogranin, parietal cell antibodies 
(PCA).

• Symptoms and Complications: presence and typology of gastroin
testinal and neurological symptoms, presence of complications.

• Autoimmune comorbidities: presence of one or more autoimmune 
comorbidities among vitiligo, thyroid disease, Addison Disease, ce
liac disease, psoriasis, type 1 diabetes, other.

• Family history and reasons for diagnostic work-up.

2.1.2. Longitudinal dataset
The longitudinal dataset comprised data collected during oesopha

gogastroduodenoscopies (OGDs). At each examination, patients under
went both macroscopic assessment of the gastric mucosa and 
histological evaluation of the corpus atrophy.

Each patient underwent up to four OGDs, with non-uniform follow- 
up intervals. For each procedure, the following information was 
recorded: 

• A free-text clinical note in Italian describing the main endoscopic 
findings.

• A histological atrophy score of the gastric corpus ranging from 0 (no 
atrophy) to 3 (severe atrophy) was provided.

2.2. Variable selection and missing data imputation

Several variables in the cross-sectional dataset exhibited missing 
values, exceeding 60% for some features. Socioeconomic indicators and 
blood count parameters showed the highest rates (>50%) and were 
excluded from primary analyses to minimize bias while preserving 

sample size.
For the remaining variables, a complete-case approach was adopted, 

except for gastrointestinal symptoms and PCA, for which clinically 
informed imputation was applied: 

• Gastrointestinal symptoms: Missing entries were interpreted as 
absence of symptoms, based on documentation practices and 
confirmed through consultation with treating physicians, who re
ported that symptoms are recorded only when present.

• PCA antibodies: PCA values were missing in 9.19% of cases. Given 
their central diagnostic role, imputing these values allowed retention 
of a larger cohort. We hypothesized that missing results reflected 
negative tests. To assess this assumption, patients with missing PCA 
values were compared with those with documented negative results 
using age and prevalence of autoimmune comorbidities as reference 
variables.

• Age distributions were compared using the Mann–Whitney U test 
and proportions using the χ2 test. Patients with positive PCA differed 
significantly from those with negative PCA, whereas no significant 
differences were observed between missing and negative cases. 
Missing PCA values were therefore considered compatible with 
negative results and imputed accordingly.

• Age, Sex, Autoimmune Diseases, Familiarity, Complications and 
Helicobacter Pylori infection: unfortunately, also these variables 
presented several missing data, and no information about their cause 
was available. Therefore, in order to avoid introducing bias in the 
data, we just removed the lines presenting missing information. This 
caused the loss of a large number of patients, but ensured the 
maximum informativeness of the remaining ones.

2.3. General methodology

Since a standard classification framework for AIG is currently lack
ing, the primary objective of this study was to identify clinically 
meaningful disease subtypes using a data-driven approach.

The analytical framework consisted of two main steps (see Fig. 1): 

1) Identification of disease subgroups: Unsupervised learning tech
niques were applied to o demographic and clinical variables to un
cover latent patient subgroups. To enhance robustness and minimise 
algorithm-specific bias, a consensus clustering strategy combining 
two complementary clustering methods was implemented.

2) Clinical validation through longitudinal analysis: The clinical 
relevance of the identified clusters was assessed by analysing disease 
trajectories over time using longitudinal OGD data. This step 
involved the development of a dedicated NLP pipeline to extract 
structured information from free-text endoscopic reports, allowing 
quantitative evaluation of progression patterns across clusters.

Fig. 1 shows the general pipeline of the study.

2.3.1. Consensus clustering
Consensus Clustering was adopted to identify robust patient sub

groups while mitigating the variability inherent to single-algorithm 
approach. Since no prior assumptions regarding the optimal number 
of clusters required were available, a multi-step unsupervised frame
work was implemented.

First, a partitional approach was applied using K-Medoids. Given the 
mixed nature of the dataset (continuous and categorical variables), 
pairwise dissimilarities were computed using Gower’s distance. The 
optimal number of clusters (K) was determined based on the average 
silhouette width.

Second, a hierarchical clustering analysis was performed using 
divisive hierarchical clustering with Gower’s distance, allowing explo
ration of the underlying data structure from a complementary perspec
tive. The cutoff was selected through visual inspection of the 
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dendrogram.
Finally, results from the two approaches were integrated through a 

meta-clustering step using the K-Modes algorithm, again with silhouette 
optimization to choose the best number of clusters, which generated the 
final consensus clusters.

This multi-algorithm strategy improves cluster stability and en
hances the likelihood of identifying clinically meaningful sub- 
phenotypes.

The combination of K-medoids and hierarchical clustering was 
chosen to leverage complementary properties of partitioning and hier
archical approaches in the context of mixed-type clinical data. K- 
medoids, using Gower distance, provides robustness to outliers and is 
well suited for mixed variables, while hierarchical clustering allows 
exploration of the underlying data structure without pre-specifying the 
number of clusters. The subsequent K-modes meta-clustering step was 
introduced to integrate the results from both methods and reduce 
algorithm-dependent variability, in line with established consensus 
clustering strategies.

2.3.2. NLP approach
Free-text clinical notes from OGDs were analysed using a supervised 

NLP pipeline to automatically extract structured clinical variables.
Annotation
An experienced physician at the San Matteo Polyclinic Hospital in 

Pavia (MVL) manually annotated 13 predefined features: 

- Twelve binary variables describing mucosal findings (i.e., atrophy, 
hypotrophy, and hyperemia of the antrum, corpus, and fundus; hiatal 
hernia; NET; carcinoma)

- One categorical multi-class variable describing polyp burden (cate
gorized as absent, isolated of small size, isolated of large size, mul
tiple, or multiple of small size).

Model architecture
Due to the shortness of the clinical text notes (all under 512 tokens), 

a lightweight encoder-decoder transformer model trained for Italian 
language tasks (IT5 model − it5/it5-base-question-answering, Hugging 
Face) [11] was fine-tuned in a question-answering framework, using 
predefined questions and answer options to facilitate structured infor
mation extraction.

Training, Validation, Testing
Data were split into training (70%), validation (15%), and test (15%) 

sets. Model fine-tuning was performed using the training and validation 
sets on 10 of the 13 features. Three rare outcomes —hiatal hernia, NET, 
and carcinoma—were excluded due to class imbalance. To address class 
imbalance, polyp categories were collapsed into absent, isolated, and 

multiple.
Model performance was assessed on the test set. Evaluation metrics 

included strict accuracy (defined as the exact match between the 
model’s prediction and the reference annotation), as well as precision, 
recall, specificity, F1-score, and balanced accuracy. Except for strict 
accuracy, all metrics were computed using a binary classification 
framework, considering answers equal to present, isolated, and multiple 
as positive cases, and absent as negative.

2.3.3. Longitudinal analysis
Longitudinal OGD data provided both endoscopic and histological 

indicators of disease evolution, i.e. histological corpus atrophy score, 
with severity ranging from 0 to 3, and information about the presence 
and localization of atrophy, hypotrophy hyperaemia, polyps and 
cancerous lesions.

Because follow-up intervals and number of examinations varied 
across patients, conventional time-series modelling was not feasible 
without significant approximation. Therefore, averaged measures 
resuming information about both the severity and the timing of the 
disease progression were designed. In particular, corpus atrophy histo
logical scores were scaled as follows: 

Score(i) =
MaximumAthrophy(i) − MinimumAtrophy(i)

YearofMaximumAtr.(i) − YearofMinimumAtr.(i)

Meaning that for each ith patient a score ranging from 0 to 3 is obtained, 
with higher numbers corresponding to a higher atrophy progressing in a 
shorter time period. Exceptions were made to this calculation in the 
following cases: 

• If the minimum atrophy value ever reported was 3, the Score value 
was forced to 3.

• If both the minimum and maximum atrophy values were reported for 
the same year, the denominator is set to 1 in order to avoid dividing 
by zero.

Similarly, a set of scores for all the endoscopic features, i.e. atrophy, 
hypotrophy, hyperaemia and polyps variables obtained from the clinical 
notes was calculated. In this case, the reported values for each patient/ 
OGDs consisted in only 0 or 1 indicating the absence or presence of 
atrophy, hypotrophy, hyperaemia and polyps. Therefore, the summa
rized scores for each metric were calculated as follows: 

Score(i) =
1

Yearof(Metric(i, j) = 1 ) − FirstEGDSyear(i, j)
; ifmetric(i, j) = 1 

where i indicates the patient and j indicates the specific atrophy, 

Fig. 1. Pipeline of the study, based on the combination of consensus clustering for the static dataset containing data at the moment of diagnosis, and NLP and atrophy 
scores accounting for temporal dynamics in the dynamic EGDS dataset..
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hypotrophy or hyperaemia metric. Similarly to the histological atrophy 
score, a number ranging from 0 to 1 is obtained, where 1 indicates that 
the metric is already present at the first OGD, whereas 0 indicates that 
the specific metric is never observed in all visits. In short, the presence of 
the specific OGD prognostic marker is weighted by the time that 
occurred before its presentation from the first procedure. If two OGDs 
were performed during the same year and the atrophy developed be
tween the two, the denominator was set to 1.

A Cox proportional hazard model was also performed (Results re
ported in the Supplementary Material), however the scarceness and high 
variability of time frames required the application of the Last Observa
tion Carried Forward method to regularize the data.

3. Results

Following preprocessing and handling of missing data, 607 patients 
from the original cohort were retained for analysis. Their main charac
teristics are reported in Table 1. Excluded cases lacked sufficient infor
mation for inclusion in the clustering and longitudinal analyses. Since 
the proportion of excluded patients is relatively high, we performed a 
statistical analysis in order to demonstrate the absence of selection bias. 
The results are reported in the Supplementary Material (Table S1).

3.1. Clustering results

The consensus clustering pipeline was applied to the selected cohort 
using nine clinically relevant variables: age, sex, PCA, presence of 
gastrointestinal symptoms, autoimmune comorbidities, family history, 
disease complications, and previous Helicobacter pylori infection.

Additional variables with high missingness (smoking, alcohol con
sumption, blood count parameters, NET, and carcinoma) were not 
included in cluster derivation but were used for clustering validation.

Using K-Medoids clustering with Gower distance, the silhouette co
efficient indicated two clusters as the optimal partition (Fig. 2).

Divisive hierarchical clustering was then performed to explore 
alternative structures. Based on dendrogram inspection, a cutoff dis
tance of 0.38 was selected to obtain five different clusters, containing 
23, 24, 9, 267 and 294 observations respectively (Fig. 3).

Finally, K-modes was applied on the clustering results from the two 
previous algorithms, again using the Silhouette coefficient to select the 
proper number of clusters, resulting in 3 final clusters.

Table 2 reports the results in terms of cluster dimensions and average 
age.

A one-way ANOVA combined with a multiple comparison test was 
applied on the age variable to find whether there were any differences 
among the three clusters, enlightening a statistically significant differ
ence between the first two clusters (P < 0.001).

Fisher’s exact test identified PCA positivity, autoimmune comor
bidities, sex, and family history as the variables most strongly associated 
with cluster membership (all p < 0.001), whereas complications, H. 
pylori infection, and gastrointestinal symptoms showed weaker or non- 
significant associations (Table 3).

The main features of the clusters can be summed up as follows: 

• Cluster 1: younger patients, predominantly female, high PCA posi
tivity and high prevalence of autoimmune comorbidities.

• Cluster 2: older patients, higher proportion of males, low prevalence 
of autoimmune comorbidities.

• Cluster 3: small subgroup characterised by low PCA prevalence and 
higher family history rates.

The p-value of the test related to the presence of gastrointestinal 
symptoms was also significant, however the multiple comparisons 
within groups, applying the correction of Bonferroni, did not return any 
significant results.

Statistical tests (Chi-squared) were then performed on external var
iables not used for clustering, in order to check whether the new clusters 
were associated with them as well. These variables are: smoking, alcohol 
consumption, anaemia, gastric carcinoma, NET. All p-values were not 
significant, however it should be noted that some variables, such as NET 
and carcinoma, had an extremely low number of positive cases.

3.2. NLP performance

The IT5 model was applied to 425 textual clinical notes randomly 
extracted from the 693 available in the dataset. 297 of these entries were 
used as training set, 64 as validation set and 64 as test set, following the 
70:15:15 proportion. Results of the model performances on the test set 
are reported in Table 4, and class-wise metrics are reported in Table S3
of the Supplementary Materials. From these results it is possible to 
notice that the model has generally high performances, especially in 
terms of accuracy and recall.

Fig. 4 shows the confusion matrices for the model’s predictions of the 
various categories, where it can be noticed that the model predicts most 
of the categories correctly, even in the presence of a strong data 

Table 1 
Characteristics of the patients selected after preprocessing and removal of 
missing entries.

Variable Female (n =
449)

Male (n =
158)

p-value Test used

Age (years) 56 (45–67) 58.00 
(46–69)

0.119 Mann- 
Whitney U

PCA Ab negative 107 (23.8%) 37 (23.4%) 1.000 Chi-square
PCA Ab positive 342 (76.2%) 121 (76.6%) ​ ​
Autoimmunity − No 184 (41.0%) 95 (60.1%) <0.001* Chi-square
Autoimmunity −

Yes
265 (59.0%) 63 (39.9%) ​ ​

Familiarity − no 372 (82.9%) 138 (87.3%) 0.231 Chi-square
Familiarity − yes 77 (17.1%) 20 (12.7%) ​ ​
Complications − yes 84 (18.7%) 33 (20.9%) 0.632 Chi-square
Complications − no 365 (81.3%) 125 (79.1%) ​ ​
Previous H. Pylori −

No
341 (75.9%) 133 (84.2%) 0.041* Chi-square

Previous H. Pylori −
Yes

108 (24.1%) 25 (15.8%) ​ ​

NET − negative 397 (88.4%) 141 (89.2%) 0.893 Chi-square
NET − positive 52 (11.6%) 17 (10.8%) ​ ​
Carcinoma −

negative
447 (99.6%) 158 

(100.0%)
1.000 Fisher’s exact

Carcinoma −
positive

2 (0.4%) 0 (0.0%) ​ ​

Smoking – yes/ex 49 (10.9%) 31 (19.6%) 0.008* Chi-square
Smoking – no 400 (89.1%) 127 (80.4%) ​ ​
Alcohol − yes 49 (10.9%) 31 (19.6%) 0.008* Chi-square
Alcohol − no 400 (89.1%) 127 (80.4%) ​ ​

Fig. 2. Silhouette score plot for the K-Medoids clustering.
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imbalance for several of them, such as polyps, hyperaemia, atrophy and 
antrum hypotrophy. With a more detailed error analysis, however, it 
was possible to notice that most of the errors made by the model were 
due to the occasional use of infrequent synonyms or conditions related 
to the categories (e.g., “inflammation” or “hyperplasia” were used in a 
couple of notes to indicate the presence of hyperaemia), a few were due 
to mistakes made by the clinicians who made the reference annotations, 
and some were due to ambiguous notes (e.g. “some polyps” without 

specifying whether they were numerous or isolated).

3.3. Histological and endoscopic progression scores

Fig. 5 shows the distribution of the atrophy scores for the first two 
clusters. All patients in Cluster 3 had a score equal to zero, denoting the 
absence of progressive atrophy despite the presence of other markers, 
suggesting a phenotype of potential AIG.

A Kruskal-Wallis test was performed on the three distributions, 
obtaining a p-value equal to 0.025. However, pairwise comparisons 
applying the Bonferroni correction did not return any significant results.

Concerning the endoscopic scores, among 359 patients with avail
able endoscopy follow-up, only 4 patients belonged to Cluster 3; 
therefore this cluster was removed from the subsequent analyses.

Concerning Clusters 1 and 2, a series of Mann-Whitney tests were 
performed, with results visible in Table 5. All were higher in Cluster 2, 
suggesting earlier or more rapid manifestation of these features.

A cumulative endoscopic damage score was also computed for each 
patient, summing the number of values equal to 1 by the last endoscopy, 
leading to a distribution of values ranging from zero to ten. Mann- 
Whitney test results showed that there is a significant difference also 
in the distribution of these values across the two clusters, with a p-value 
of 0.0007. Also in this case, the highest ranks belong to Cluster 2. Cox 
Regression and Kaplan-Meier analysis (Table S2 and Figs. S1 and S2 in 
the Supplementary Material) also show a significant higher risk of pro
gression for Fundus Atrophy, diffuse Hypotrophy and Polyps in Cluster 
2, confirming the possible identification of a patient group characterized 
by a faster disease progression.

4. Discussion

The increasing availability of electronic health records (EHRs) offers 
new opportunities for data-driven phenotyping of complex diseases. 
However, real-world clinical datasets are characterized by mixed 
structured and unstructured data [12,13], heterogeneous documenta
tion practices, and irregular follow-up intervals [14], which complicate 
subgroup identification and longitudinal modeling. In this study, we 
implemented a multimodal framework integrating structured clinical 
variables, longitudinal endoscopic–histological data, and transformer- 
based natural language processing (NLP) to identify disease sub- 
phenotypes and characterize their progression trajectories in autoim
mune gastritis (AIG).

Fig. 3. Dendrogram resulting from the divisive hierarchical clustering.

Table 2 
Dimension and average age of the three clusters found by the consensus clus
tering procedure.

Cluster Numerosity Average age

Cluster 1 342 53.6
Cluster 2 228 58.7
Cluster 3 37 57.7

Table 3 
Fisher’s exact test results on the variables influencing the clusters.

Variable Clus.1 
(yes/ 
no)

Clus.2 
(yes/ 
no)

Clus.3 
(yes/ 
no)

P-Value Notes

APCA 278/64 180/48 5/32 ≪0.001*** ​
Autoimmunity 314/28 5/223 9/28 ≪0.001*** ​
Female Sex 289/53 141/87 19/18 ≪0.001*** Not significant 

clusters 2–3
Familiarity 59/283 24/204 14/23 0.00005 Not significant 

clusters 1–2
Complications 66/276 47/181 4/33 0.37 ​
H.Pylori 82/260 45/183 6/31 0.33 ​
GI Symptoms 153/ 

189
76/152 14/23 0.0236 Not significant 

pairwise 
comparisons

Table 4 
Results of IT5′s performances.

Strict Accuracy Format 
Accuracy

F1 Precision Recall Balanced 
Accuracy

90.2 (95% CI: 
82.9%– 
97.5%)

100 78.45 71.15 87.4 89.3
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Using a large multicenter cohort, consensus clustering identified 
three phenotypes, partly consistent with previous observations [8]. A 
predominantly autoimmune cluster with female predominance and high 
PCA positivity contrasted with an older, male-predominant subgroup 
with fewer autoimmune comorbidities and more rapid progression of 
endoscopic and histological damage. A smaller subgroup exhibited 
minimal progression, suggesting a potential early or incomplete 
phenotype [15]. These findings align with prior reports describing 

heterogeneity in AIG presentation and evolution [7,9,16], but provide a 
structured framework linking baseline characteristics with longitudinal 
patterns.

The identification of a subgroup with fewer autoimmune features but 
faster progression raises possible explanations, including differences in 
immune regulation, environmental exposures, or diagnostic timing. 
Previous studies have reported variability in disease course and 
neoplastic risk without a clear phenotypic framework [7,9,16]. Our re
sults suggest that data-driven clustering may help formalize this het
erogeneity and support risk-adapted monitoring strategies, in line with 
current efforts toward personalized management of chronic gastroin
testinal diseases [17–22].

Our findings suggest that differences in underlying pathobiology, — 
potentially reflecting immune response intensity, environmental modi
fiers, or diagnostic timing, — may translate into distinct trajectories of 
mucosal damage. Recognizing these trajectories could help refine 
endoscopic surveillance intervals, earlier monitoring of micronutrient 
deficiencies, and careful assessment of neoplastic risk. Currently, clin
ical management of AIG relies on monitoring complications rather than 
anticipating disease evolution, therefore these results may lead to the 
definition of more personalized treatment strategies.

Beyond the clinical findings, the primary contribution of this study 
lies in the proposed informatics framework. First, the integration of 

Fig. 4. IT5 Confusion Matrices for each one of the tested variables. The rows represent the true labels, while the columns represent the labels predicted by the 
IT5 model.

Fig. 5. Distribution of the scores for Cluster 1 and Cluster 2.

Table 5 
P-Values of the Mann-Whitney test on the endoscopic 
scores in Cluster 1 and 2.

Variable p-value

Atrophy antrum 0.4325
Atrophy corpus 0.0966
Atrophy fundus 0.0450
Hypotrophy antrum 0.0198
Hypotrophy corpus 0.5097
Hypotrophy fundus 0.5781
Hyperemia antrum 0.0028
Hyperemia corpus 0.8063
Hyperemia fundus 0.2378
Polyps 0.3288
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partitioning and hierarchical approaches within a consensus clustering 
strategy enhances subgroup robustness and mitigates algorithm- 
dependent bias. Second, transformer-based NLP enabled automated 
extraction of structured features from routine narrative endoscopic re
ports, achieving high balanced accuracy despite variability in clinical 
language. This demonstrates the feasibility of leveraging unstructured 
documentation to enhance phenotypic resolution without requiring 
changes to clinical workflows. Third, the introduction of time- 
normalized progression indices provides a pragmatic approach for 
modeling disease trajectories in the presence of irregular follow-up in
tervals, a common limitation in retrospective EHR-based research. 
Together, these components illustrate how combining structured and 
unstructured data sources can generate insights not accessible through 
single-modality analyses.

Several limitations should be acknowledged. The retrospective 
design and extended inclusion period may have introduced heteroge
neity in documentation and diagnostic practices. A substantial propor
tion of patients were excluded due to missing data, limiting the power of 
the results and leading to the risk of selection bias. Irregular follow-up 
intervals precluded standard time-to-event modeling; therefore, the 
proposed progression indices represent a simplified summary of tem
poral dynamics. Cox regression could be applied also after a substantial 
pre-processing operation that lead to an oversimplification of the time 
progression of the disease through the LOCF method, which is known to 
have some important limitations [23], therefore more frequent follow- 
ups and advanced longitudinal analysis could improve the results. 
Although the NLP pipeline demonstrated strong performance, some 
misclassification—particularly for rare findings—remains possible. 
Even if the classification metrics show good performances overall, 
addressing data imbalance directly in the model architecture could 
improve the identification of minority classes even more [24–26]. 
Furthermore, clustering validation could refine the clusters even more in 
order to have better defined clinically significant groups. From a clinical 
point of view, the exclusion of rare outcomes such as NET and carcinoma 
is an important limitation, as prediction of these outcomes is important 
in AIG. Unfortunately the extremely low number of observations (2 
observations with carcinoma and 13 with NET in total) made it impos
sible to perform a reliable analysis, signaling the necessity to gather 
more complete datasets for future analyses. Finally, the identified phe
notypes were derived within a single national cohort and require 
external validation to assess reproducibility and clinical utility. 
Although computational cost was not a limiting factor in the present 
study, parallelization strategies may support future applications to 
larger EHR datasets.

Despite these possible improvements, this study demonstrates the 
feasibility of integrating consensus clustering, clinical NLP, and longi
tudinal normalization within a unified EHR-based phenotyping pipeline. 
Applied to AIG, this approach identified subgroups with distinct pro
gression patterns and provides a scalable strategy for data-driven sub
group discovery and trajectory modeling in heterogeneous chronic 
diseases.
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