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Abstract: Background/Objectives: Given the limited success in treating functional gastrointestinal
disorders (FGIDs) through conventional methods, there is a pressing need for tailored treatments that
account for the heterogeneity and biopsychosocial factors associated with FGIDs. Here, we considered
the potential of novel subtypes of FGIDs based on biopsychosocial information. Methods: We
collected data from 198 FGID patients utilizing an integrative approach that included the traditional
Korean medicine diagnosis questionnaire for digestive symptoms (KM), as well as the 36-item
Short Form Health Survey (SF-36), alongside the conventional Rome-criteria-based Korean Bowel
Disease Questionnaire (K-BDQ). Multivariate analyses were conducted to assess whether KM or
SF-36 provided additional information beyond the K-BDQ and its statistical relevance to symptom
severity. Questions related to symptom severity were selected using an extremely randomized trees
(ERT) regressor to develop an integrative questionnaire. For the identification of novel subtypes,
Uniform Manifold Approximation and Projection and spectral clustering were used for nonlinear
dimensionality reduction and clustering, respectively. The validity of the clusters was assessed
using certain metrics, such as trustworthiness, silhouette coefficient, and accordance rate. An ERT
classifier was employed to further validate the clustered result. Results: The multivariate analyses
revealed that SF-36 and KM supplemented the psychosocial aspects lacking in K-BDQ. Through the
application of nonlinear clustering using the integrative questionnaire data, four subtypes of FGID
were identified: mild, severe, mind-symptom predominance, and body-symptom predominance.
Conclusions: The identification of these subtypes offers a framework for personalized treatment
strategies, thus potentially enhancing therapeutic outcomes by tailoring interventions to the unique
biopsychosocial profiles of FGID patients.

Keywords: functional gastrointestinal disorders; UMAP; nonlinear clustering; subtype identification

1. Introduction

Functional gastrointestinal disorders (FGIDs) are chronic, heterogeneous intestinal
tract illnesses characterized by a combination of gastrointestinal (GI) symptoms that cannot
be explained by structural abnormalities, with functional dyspepsia (FD) and irritable
bowel syndrome (IBS) being the most prevalent [1]. Despite not being life-threatening,
FGIDs exhibit a negative impact on quality of life and work output and impose a high
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medical cost on both the individual and society, with more than 40% of people worldwide
having FGIDs [2,3].

However, conventional medical treatment for FGIDs is generally ineffective [4], pos-
sibly due to a one-size-fits-all approach. Just a subset of patients whose symptoms are
targeted by the relevant medications benefit from treatment [5], with only a 50–60% efficacy
improvement [6]. Due to treatment difficulties and insufficient patient response to standard
routine management of FGIDs, a novel and more effective management approach that
considers FGIDs’ heterogeneity and biopsychosocial characteristics and provides tailored
care is needed.

Considering the heterogeneity of FGIDs, various approaches have been conducted
to identify distinct subtypes. First, according to the Rome IV diagnostic criteria, the stan-
dard criteria for FGID [7], FGIDs are classified into 33 categories by anatomical location,
including IBS and FD, with validated symptom-based criteria for each category [1]. These
diagnostic criteria are primarily based on the most predominant symptoms. However,
FGID patients who have different diagnoses frequently exhibit considerable overlap among
symptoms [8–10]. Diverse multivariate approaches [11–14], including latent class anal-
ysis [15], have been utilized to better classify patients and improve treatment for these
conditions. Despite their objective, data-driven methods, these approaches have only
addressed the biological symptoms. To overcome these limitations of previous research, it
is necessary to include not only biological symptoms, but also psychosocial aspects closely
related to FGID among patients.

As reports that the complex interactions of environmental, psychological, and bio-
logical factors contribute to the development and maintenance of FGIDs increase, more
attention is being paid to the biopsychosocial aspects of FGID. Thus, a more holistic-
approach-based tailored treatment is required. One promising complementary strategy is
traditional medicine. Traditional Korean medicine has almost three millennia of practice
and treatment observation. Traditional Korean medicine emphasizes mind–body interac-
tion and psychological pathogenicity, notably in stomach illnesses [16]. Patients receive
personalized treatment based on their symptom patterns, a generalization of various symp-
toms and signs occurring at a certain stage of a disease, and the causes, pathogenesis,
location, and type of the disease are investigated. Given the outstanding performance of
traditional medicine, traditional medicine has already been used for diagnostic instruments
and treatments [17,18].

Therefore, this study used the Rome-criteria-based Korean Bowel Disease Question-
naire (K-BDQ), a health-related quality of life questionnaire, the 36-item Short Form Health
Survey (SF-36), and a traditional Korean medicine diagnosis questionnaire for digestive
symptoms (KM). The Rome-criteria-based K-BDQ, while being a gold standard, might not
encapsulate all of the multifaceted aspects of FGID. To complement the lacking psychoso-
cial aspects, the KM and SF-36 were utilized. KM captured psychological and personality
dimensions, as well as perspectives highly valued in traditional Korean medicine, which
emphasizes a holistic approach (gathering information not just on digestive symptoms
but on the entire body). The SF-36 is universally accepted for measuring health-related
quality of life and encompasses psychological and social questions. By integrating these
multifaceted biopsychosocial features of FGID, our objective was to delineate novel FGID
subtypes through a data-driven exploration of the complex, nonlinear structure of FGID,
using the graph-based dimensionality reduction method, UMAP, and the density-based
clustering algorithm, spectral clustering.

2. Materials and Methods
2.1. Subjects

The 198 study subjects were enrolled from patients who visited the gastroenterol-
ogy clinic at Keimyung University Dongsan Hospital in Daegu, Korea between March
2020 and February 2021. The inclusion criteria were as follows: provision of consent to
participate in the study, aged 18–80 years, no organic problem in upper endoscopy and
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colonoscopy, and abdominal imaging studies (abdominal ultrasound or abdominopelvic
computed tomography). The exclusion criteria were as follows: age < 18 or > 80 years,
organic GI disease, such as malignancy, etc., previous gastrectomy, relevant comorbidities
(e.g., moderate to severe cardiovascular, respiratory, hepatobiliary, pancreatic, renal, or
neurologic disorder), recent use of medications that may affect GI symptoms (e.g., proton
pump inhibitors, anti-histamine agents, or antibiotics), and pregnant or breastfeeding status
among women. The study protocol was approved by the Institutional Review Board of
Keimyung University Dongsan Medical Center (DSMC 2020-02-036). Informed consent
was obtained from all study participants for the use of their medical records data.

2.2. Diagnostic Questionnaires

All subjects were requested to complete three types of questionnaires: the Rome-
criteria-based K-BDQ, KM, and SF-36. Because the Rome-criteria-based questionnaire, the
golden standard for diagnosis of FGID, was insufficient to provide psychosocial aspects of
patients with FGID, KM and SF-36 were additionally collected.

The Rome-criteria-based K-BDQ, a validated questionnaire translated from the original
Bowel Disease Questionnaire, contains questions on upper and lower GI-related symptoms,
mental symptoms, sociodemographic status, medical history, smoking, alcohol habits,
marital status, educational level, and employment status [19–21]. For mental symptoms,
the hospital anxiety depression scale score was used [22]. Among them, 14 questions
regarding the presence of upper GI symptoms (e.g., dyspepsia, postprandial distress,
epigastric pain, and reflux symptom), lower GI symptoms (e.g., abdominal pain associated
with bowel movement, decreased bowel movement, hard or lumpy stool, a feeling of
incomplete bowel movement, use of finger enema, and loose or watery stool) during the
previous 6 months were analyzed [2]. Symptom severity was calculated by summing the
severity scores of a total of 14 upper and lower GI symptom questions.

The KM questionnaire was made by combining four previously developed question-
naires: the spleen-qi-deficiency pattern questionnaire (SQDQ [23]), the scale for stomach-qi-
deficiency pattern (SSQD [24]), the food retention questionnaire (FRQ [25]), and the person-
ality questionnaire of the Sasang constitutional analysis tool (SCAT [26]). These question-
naires have been evaluated for their reliability and validity, and they have been employed in
various research on GI diseases [27,28]. We constructed the KM questionnaire by combining
these questionnaires and removing some duplicated questions (Supplementary Table S1).

SF-36 is a patient-reported questionnaire that measures health-related quality of life,
and the version presented here is the RAND SF-36 [29]. The SF-36 covers eight health
domains: physical functioning (10 items), bodily pain (2 items), role limitations due to
physical health problems (4 items), role limitations due to personal or emotional problems
(4 items), emotional well-being (5 items), social functioning (2 items), energy/fatigue
(4 items), and general health perceptions (5 items).

2.3. Data Preprocessing

All of the categorical variables were converted to numerical values via one-hot encod-
ing. The get_dummies function of the Pandas package was used for the encoding process.
All of the ordinal variables (Likert scale) were set such that the higher score represented
the more severe condition. All of the variables were normalized between zero and one
using the min–max scaler function of the Scikit-learn package [30]. As a result, a total of
167 variables comprised of 63 Rome-criteria-based K-BDQ variables, 65 KM variables, and
36 SF-36 variables (plus sex, age, and BMI) were used in this study.

2.4. Comparison between Questionnaires
2.4.1. Canonical Correlation Analysis

In order to figure out whether KM and SF-36 obtain additional information over
K-BDQ, we performed Canonical Correlation Analysis (CCA) on the Rome-criteria-based
K-BDQ, KM, and SF-36. CCA is a multivariate statistical method that seeks a linear
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correlation between two sets of variables [31]. It enables a direct comparison of data groups,
making it apt for our dataset consisting of dozens of questions.

2.4.2. Multiple Linear Regression (MLR)

To measure the quantity of additional information that KM and SF-36 have over
K-BDQ at individual variable levels, MLR models were created for each questionnaire.
In each MLR model, linear combinations of K-BDQ questions were used as explanatory
variables, and each variable of SF-36 and KM was used as an outcome variable. Adjusted
R2 was used as the performance evaluation index of each model.

2.5. Questionnaire Data-Based Clustering

The graph-based dimensionality reduction methods, Uniform Manifold Approxima-
tion and Projection (UMAP [32,33]), and the density-based clustering algorithm, spectral
clustering, were used for subtype classification. UMAP reduces dimension while maintain-
ing the topological structure of the original dataset, i.e., retaining most of the data structure
even in a reduced dimensional space, thus allowing for visualization and easier clustering
of data. The spectral clustering algorithm clusters data points based on their similarity in
the reduced space, making it efficient in identifying non-convex clusters. Their combined
usage is crucial for uncovering inherent FGID subtypes. For hyperparameter optimization,
we conducted a grid search for “n_neighbors” of UMAP (value of 3, 5, 10, 30, 50, and 100)
and “n_clusters” of spectral clustering (value of 2, 3, 4, 5, and 6). The result is the average
of 100 repeated measurements for each condition.

To evaluate the goodness of clustering analysis comprehensively, three types of metrics
were used: trustworthiness, silhouette coefficient, and accordance rate. The n_neighbors
and n_clusters were selected considering these three metrics altogether. The n_neighbors
with the highest silhouette coefficient among those with a trustworthiness greater than 0.8
was selected. The n_clusters was selected among those with the optimized n_neighbors
showing the highest accordance rate. However, to avoid the risk of overfitting, if the accor-
dance rate was smaller than 0.8, the n_neighbors was changed to one that had a lower sil-
houette coefficient until the accordance rate was greater than 0.8 (Supplementary Table S2).

Trustworthiness measures how well a datum’s structure is preserved after dimension-
ality reduction in a value between 0 and 1 [34].

Trustworthiness = 1 − 2
nk(2n − 3k − 1)∑

n
i=1 ∑j∈U(k)

i
(r(i, j)− k),

where r(i, j) represents the rank of the data point j when the data vectors are ordered based
on their Euclidean distance from the data vector i in the original data space, and U(k)

i
represents the set of points that are among the k nearest neighbors in the low-dimensional
space but not in the high-dimensional space.

The silhouette coefficient measures the average value of how similar an object is to
its own cluster (cohesion) compared to other clusters (separation) [35]. For one data point
i ∈ CI (data point i in the cluster CI),

Silhouette coe f f icient(i) =
b(i)− a(i)

max{a(i), b(i)} ,

where a(i) = 1
|CI |−1 ∑j∈CI ,i ̸=j d(i, j) and b(i) = min

J ̸=I
1

|CJ |∑j∈CJ
d(i, j).

a(i) is the mean distance between i and all other data points in the same cluster, i.e.,
intra-cluster distance, where |CI | is the number of points belonging to cluster CI , and
d(i, j) is the distance between data points i and j in the cluster CI . b(i) is the smallest mean
distance of i to all points in any other cluster, i.e., the nearest-cluster distance. The silhouette
coefficient is the mean Silhouette coe f f icient(i) across all data of the entire dataset.
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The accordance rate is a metric to evaluate generalizability, considering sample vari-
ability. The accordance rate is calculated using the adjusted mutual information score [36]
between the assigned labels when using all of the samples (n = 198) and when using
randomly selected smaller samples (n = 188). This metric was used to avoid overfitting the
data samples and to provide generalizability of the clustering result.

2.6. FGID-Related Feature Selection

To select clinically relevant variables indicating the severity of FGID, an extremely
randomized tree (ERT) regressor algorithm was trained to predict the FGID symptom’s
severity score. ERT regressor can provide the importance value of each variable for the
trained model. For hyperparameter optimization, a randomized search on hyperparameters
with nested cross-validation (double cross-validation [37]) was conducted to avoid data
leakage. The hyperparameter configuration could be varied across the folds because the
hyperparameters were tuned for each fold. Supplementary Table S3 summarizes the
searched hyperparameters and their range for the ERT regressor model.

The ERT regressor was trained and evaluated in a stratified k-fold cross-validation
(k = 3) setting. The performance was evaluated using the coefficient of determination of
the prediction

(
R2).

2.7. Validation of the Identified Subtypes

To confirm the credibility of the clustered result, an ERT classifier was applied [38]. The
ERT classifier was trained to decode each derived cluster label using the feature-selected
questionnaire data. Hyperparameter optimization was conducted as in Supplementary Table S3.

The ERT classifier was trained and evaluated in stratified k-fold cross-validation
(k = 2). The area under the receiver operating characteristic (AUROC) curve was calculated
to evaluate how well the ML model distinguishes the subtypes with the questionnaire
information of each patient.

All of the analyses were conducted using the Scikit-learn Python package, except for
the UMAP clustering and the trustworthiness calculation [33]. Throughout our analysis,
appropriate statistical tests were employed to ascertain the significance of findings. For
comparisons between two groups, the t-test was used. ANOVA with post hoc Tukey’s test
was employed for comparing multiple groups. A p-value less than 0.05 was considered
statistically significant.

3. Results

In the pursuit of a deeper understanding of FGID, this study aimed to delineate novel
subtypes using an integrative questionnaire-based approach (Figure 1). We firstly delved
into the comparative nuances of the three different questionnaires. Our initial analysis
evaluated the synergistic information these questionnaires provide, with particular em-
phasis on discerning the supplementary value KM and SF-36 present relative to K-BDQ.
Furthermore, to uncover the potential of KM and SF-36 questions in revealing crucial
information for categorizing FGID subtypes, we conducted a nonlinear dimensionality
reduction and clustering analysis using information from each questionnaire. Intriguingly,
distinct clustered structures and their relevance to symptom severity emerged for each
questionnaire, suggesting all three questionnaires’ effectiveness in identifying new FGID
subtypes. To narrow down meaningful clinical information that contributes to the predic-
tion of symptom severity, we trained an ERT regressor and selected the top 50 variables,
thus making an integrative questionnaire. Leveraging the top 50 variables, we conducted
dimensionality reduction and clustering analyses to identify novel FGID subtypes. Our
findings underscored the existence of four distinct FGID subtypes, each characterized by
a unique interplay of body and mind symptoms, including mild, severe, mind-symptom
predominance, and body-symptom predominance subtypes.
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Figure 1. Overview of the whole analysis procedure. K-BDQ, Rome-criteria-based Korean Bowel
Disease Questionnaire; KM, traditional Korean medicine diagnosis questionnaire for digestive symp-
toms; SF-36, 36-item Short Form Health Survey; CCA, Canonical Correlation Analysis; MLR, Multiple
Linear Regression; FGID, functional gastrointestinal disorder; ERT, extremely randomized tree.

3.1. Assessing Complementary Information Obtained through KM and SF-36 Questionnaires
Relative to K-BDQ

We quantified the correlations between KM, SF-36, and K-BDQ to determine if they
provide more information than K-BDQ. K-BDQ and KM pairs, KM and SF-36 pairs, and
K-BDQ and SF-36 pairs were initially compared using CCA. The K-BDQ and KM pair had
the highest CCA score (0.0912), followed by the KM and SF-36 pair (0.0141) and the K-BDQ
and SF-36 pair (0.0111). This result indicates that KM contains information obtained from
both K-BDQ and SF-36 (Figure 2A). KM handles not only patients’ digestive symptoms but
also aspects of their quality of life.
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Figure 2. Exploring the similarity between each questionnaire. (A) Result of CCA between each pair
of questionnaires, K-BDQ, KM, and SF-36. The width of the arrows represents the strength of the
canonical correlation. (B) Distribution of adjusted R2 values from MLR models to explain KM and
SF-36 variables with a combination of upper and lower gastrointestinal symptom variables in K-BDQ.
CCA, Canonical Correlation Analysis; MLR, Multiple Linear Regression; K-BDQ, Rome-criteria-based
Korean Bowel Disease Questionnaire; KM, traditional Korean medicine diagnosis questionnaire for
digestive symptoms; SF-36, 36-item Short Form Health Survey.

To determine how much additional information KM and SF-36 provide over K-BDQ
at individual variable levels, we built MLR models that describe each variable in KM and
SF-36 with a combination of variables in K-BDQ and sorted the R2 values in ascending
order (Supplementary Table S4). Psychosocial and pattern identification questions were less
explained by K-BDQ. The former includes questions like “Are your actions quick or slow?”,
“Are you an extrovert or introvert?”, and “Are you active or passive?”, with adjusted R2

values of −0.053, −0.032, and −0.025, respectively, while the latter includes “How many
times do you urinate in the middle of the night?” and “Which do you dislike more, cold or
heat?”, with adjusted R2 values of −0.074 and −0.069, respectively. Physical functioning
and general health SF-36 variables were less explained by K-BDQ factors. “Does your
health now limit you in moderate activities, such as moving a table, pushing a vacuum
cleaner, bowling, or playing golf?”, “How true or false is the following statement for you: ‘I
expect my health to get worse’?”, and “Does your health now limit you in climbing several
flights of stairs?” had adjusted R2 values of 0.013, 0.024, and 0.031, respectively.

We observed the distribution of the adjusted R2 values when each variable in KM and
SF-36 was explained with a combination of K-BDQ variables using MLR models (Figure 2B).
The difference between the two distributions was due to the heterogeneous question
composition of the two questionnaires, KM and SF-36. The KM distribution’s broad range
and bimodal form indicate the traditional-Korean-medicine-specific and various digestive-
symptom-related questions. However, the comparatively narrow SF-36 distribution in
the middle reflects the general questions focused on quality of life rather than digestive
problems. These findings suggest that SF-36 and KM could supplement the psychosocial
aspects lacking in the K-BDQ.

3.2. Revealing the Relationship between Complementary Information from KM and SF-36 and
FGID Symptom Severity through Nonlinear Clustering Analysis

To explore the possibility of KM and SF-36 questions being considered candidates for
novel and meaningful clinical information required for the determination of the subtypes
of FGID, we conducted a nonlinear dimensionality reduction and clustering analysis
using information from each questionnaire and analyzed the relevance of the clustered
structure and the symptom severity. UMAP [39] and the spectral clustering algorithm were
employed for nonlinear dimensionality reduction and nonlinear clustering analysis. K-BDQ,
KM, and SF-36 patient data were clustered into six, three, and two clusters, respectively
(Figure 3A). Color-coding KM and SF-36 findings showed no grouping, indicating that
each questionnaire had its own grouped structure (Figure 3B). Despite being obtained from
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the same patient samples, separate clustered structures were discovered, confirming that
each questionnaire focused on different patient-related information.

Figure 3. Relevance of the nonlinear clustered structure and the symptom severity. Each dot corre-
sponds to a patient. Each axis corresponds to the UMAP dimensions 1, 2, and 3. (A) Result of dimen-
sionality reduction and clustering analysis after hyperparameter tuning using each questionnaire’s in-
formation. Each color represents the result of clustering analysis. Patients’ data from K-BDQ, KM, and
SF-36 were divided into six (n_neighbors = 10, n_clusters = 6, trustworthiness = 0.87, silhouette coef-
ficient = 0.48, accordance rate = 0.83), three (n_neighbors = 30, n_clusters = 3, trustworthiness = 0.83,
silhouette coefficient = 0.43, accordance rate = 0.84), and two (n_neighbors = 10, n_clusters = 2, trust-
worthiness = 0.87, silhouette coefficient = 0.64, accordance rate = 0.88) clusters. (B) Data embedding
of K-BDQ was color-coded with the clustering result of 2A (the clustered labels when using K-BDQ,
KM, and SF-36 information). Each color indicates the label colors of the clustering analysis (the same
color as 2A). (C) Relevance of the clustered structure and the symptom severity when using K-BDQ,
KM, and SF-36 information, respectively. Color intensity indicates the symptom severity. K-BDQ,
Rome-criteria-based Korean Bowel Disease Questionnaire; KM, traditional Korean medicine diagno-
sis questionnaire for digestive symptoms; SF-36, 36-item Short Form Health Survey; C1, cluster 1; C2,
cluster 2; C3, cluster 3.
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Different aspects alone cannot be considered meaningful. The questions should be useful
as medical information. To ensure that the clustered structure that the other two question-
naires capture contains medically meaningful information, we investigated the relevance of
the clustered structure and the FGID symptom severity (Figure 3C). Symptom severity was
calculated by adding the severity scores (from 0 to 1) of upper and lower GI symptoms of the
K-BDQ. Except for one pair, the K-BDQ clusters differed significantly in symptom severity
(one-way ANOVA with post hoc Tukey’s HSD test (p < 0.05), F = 130.10, p = 1.08 × 10−59, p = 0.9
for C1 compared with C4 and p < 0.05 for the rest of the pairs). The relevance between KM
subtype results and symptom severity was partially significant (one-way ANOVA with post
hoc Tukey’s HSD test (p < 0.05), F = 4.68, p = 0.01, p = 0.03 for C1 compared with C2, p = 0.01 for
C1 compared with C3, p = 0.9 for C2 compared with C3). SF-36 subtype and symptom severity
were significantly associated (t-test, T = 4.93, p = 2.54 × 10−6).

Combining these, the nonlinear clustered structures were diverse, but they were
related to FGID symptom severity. Therefore, all three questionnaires can be used to
identify a novel subtype of FGID.

3.3. Development of a Novel Integrative Questionnaire Using the Clinically Relevant Information

To find meaningful clinical information that contributes to the prediction of symptom
severity, we trained a regression model (ERT regressor) using all 167 variables in the three
questionnaires (cross-validated mean train performance = 0.985, cross-validated mean test
performance = 0.836). The top 50 feature importance variables that were highly related
to the symptom severity were extracted (Table 1). Variables with higher importance were
extracted from the Rome-criteria-based K-BDQ, as expected, given that the target variable
was derived from the K-BDQ. Several KM and SF-36 variables were ranked highly, such
as “Decrease in concentration”, “Bloated stomach”, and “Feeling lethargic” in KM and
“Feeling so down” and “Feeling calm” in SF-36.

Table 1. Top 50 features showing high importance in the regressor model with data from multiple
questionnaires.

Feature Name Importance Feature Name Importance
Feeling of being slowed down 0.0997 Softer stool with abdomen pain 0.0074

Worrying thoughts in mind 0.0918 Decrease in the amount of food one eats 0.0069
Feeling like butterflies in the stomach 0.0559 Feeling of incomplete emptying 0.0066

Sudden feelings of panic 0.0450 Feeling calm 0.0061

Looking forward to things with enjoyment 0.0425 Abdomen pain disappearing after a bowel
movement 0.0060

Bloating 0.0363 Vomiting 0.0054
Getting frightened feeling 0.0351 Food coma 0.0053

Burning pain in the chest (heartburn) 0.0316 Bodily pain interfering with normal work 0.0053
Feeling cheerful 0.0285 Having energy 0.0052

Being able to feel relaxed 0.0255 Tenderness below sternum 0.0049
Feeling tense 0.0253 Bodily pain 0.0048

Enjoying things I used to enjoy 0.0250 Nausea 0.0047
Feeling restless 0.0217 Frequent indigestion 0.0045

Food getting stuck in the chest 0.0191 Unhappy person 0.0045
Decrease in concentration 0.0172 Harder stool with abdomen pain 0.0044

Bloated stomach 0.0169 Unable to be as careful as usual (emotional) 0.0043
Feeling lethargic 0.0157 Loss of appetite 0.0043

Being able to laugh 0.0127 General health 0.0039
Feeling so down 0.0119 Full of pep 0.0038

Having lost interest in appearance 0.0119 Mushy or watery stools 0.0038
Acid reflux 0.0115 Feeling worn out 0.0037

Bloated stomach after meals 0.0099 Pale face 0.0036
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Table 1. Cont.

Feature Name Importance Feature Name Importance
Nausea 0.0095 Weight loss 0.0035

No energy to talk 0.0088 Indigestion 0.0035
Listless body 0.0081 Acid reflux 0.0034

Orange, K-BDQ; purple, KM; green, SF-36.

3.4. Novel Subtype Identification Using the Integrative Questionnaire

To identify novel subtypes of FGID, we conducted the dimensionality reduction and
cluster analysis to capture a data-driven, nonlinear structure behind our data using the top
50 variables (questions) that contributed to predicting the symptom severity. Four subtypes
were derived as a result (Figure 4A). In addition, we confirmed the subtype identification
result using a machine learning model (ERT classifier) for the subtype label classification.
Two-fold cross-validation performance showed 0.97 for macro- and micro-average receiver
operating characteristic curves (Figure 4B).

Figure 4. Subtype identification result of FGID patients using the integrative questionnaire informa-
tion. (A) Result of dimensionality reduction and clustering analysis after hyperparameter tuning using
the integrative questionnaire information. Patients’ data from the integrative questionnaire were di-
vided into four (n_neighbors = 30, n_clusters = 4, trustworthiness = 0.84, silhouette coefficient = 0.39,
accordance rate = 0.85) clusters. Each color indicates different subtypes. Each dot corresponds to
a patient, and each axis corresponds to the UMAP dimensions 1, 2, and 3. (B) Receiver operating
characteristic curves and corresponding area under the curve statistics for the prediction of subtype
label based on the integrative questionnaire information. S1, subtype 1; S2, subtype 2; S3, subtype 3;
S4, subtype 4.

We explored the characteristics of each subtype. The top 50 variables were composed
of 29 body-symptom-related questions and 21 mind-symptom-related questions. By calcu-
lating the normalized average score of these body and mind questions for each subtype,
subtype 1 showed relatively higher scores for both body and mind questions, while subtype
4 showed relatively lower scores for both body and mind, contrastingly (Figure 5). Subtype
2 showed a higher mind score than the body score, while subtype 3 had a higher body
score than mind score, suggesting the “mind-symptom predominance subtype” and the
“body-symptom predominance subtype”, respectively.
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Figure 5. Characteristics of each FGID subtype. Line plot indicates the normalized average score of
29 body-symptom-related questions and 21 mind-symptom-related questions. Dot plot represents
the normalized average score of each question for each subtype. S1, subtype 1; S2, subtype 2; S3,
subtype 3; S4, subtype 4.

Some mind-symptom-related questions, such as “Worrying thoughts in mind”, “Feel-
ing cheerful”, “Enjoying things I used to enjoy”, and “Having lost interest in appearance”,
were among those for which subtype 2 (mind-symptom predominance subtype) had a
higher score than subtype 3 (body-symptom predominance subtype) (Table 2). Some
body-symptom-related questions, such as “Indigestion”, “Bloated stomach after meals”,
“Decrease in the amount of food one eats”, and “General health”, were among the variables
for which subtype 3 (body-symptom predominance subtype) had a normalized score of
> 0.5. Subtype 1 showed the highest average score for all 50 questions, while subtype
4 showed the lowest average score for all 50 questions. Together, we identified novel
subtypes of FGID using integrative questionnaire data.

Table 2. Normalized average score of each subtype for the mind and body variables (top 50 variables).

Variable Name S1 S2 S3 S4

Body-symptom-related
questions

Feeling of being slowed down 0.60 0.13 0.48 0.10
Bloating 0.63 0.20 0.39 0.10

Burning pain in the chest (heartburn) 0.59 0.13 0.38 0.09
Feeling of being slowed down 0.75 0.38 0.41 0.17

Nausea 0.40 0.07 0.16 0.05
Acid reflux 0.47 0.11 0.27 0.06

Softer stool with abdomen pain 0.39 0.13 0.23 0.09
Harder stool with abdomen pain 0.20 0.09 0.20 0.10

Vomiting 0.26 0.01 0.04 0.01
Mushy or watery stools 0.28 0.14 0.15 0.09

Abdomen pain disappearing after a bowel movement 0.24 0.14 0.21 0.10
Feeling of incomplete emptying 0.19 0.11 0.18 0.05

Indigestion 0.76 0.20 0.66 0.21
Bloated stomach 0.74 0.28 0.48 0.15
Feeling lethargic 0.70 0.25 0.42 0.12

Bloated stomach after meals 0.74 0.29 0.52 0.16
Listless body 0.74 0.35 0.47 0.15

Tenderness below sternum 0.55 0.18 0.47 0.13
Decrease in the amount of food one eats 0.68 0.36 0.55 0.17

No energy to talk 0.57 0.21 0.29 0.05
Nausea 0.50 0.11 0.27 0.08

Pale face 0.46 0.17 0.35 0.05
Weight loss 0.43 0.32 0.38 0.07
Acid reflux 0.55 0.21 0.33 0.14

Frequent indigestion 0.54 0.20 0.41 0.13
Food coma 0.53 0.18 0.32 0.10
Bodily pain 0.57 0.28 0.46 0.12

Bodily pain interfering with normal work 0.45 0.18 0.26 0.07
General health 0.85 0.67 0.76 0.53
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Table 2. Cont.

Variable Name S1 S2 S3 S4

Mind-symptom-related
questions

Worrying thoughts in mind 0.63 0.36 0.35 0.12
Feeling cheerful 0.69 0.54 0.44 0.17

Enjoying things I used to enjoy 0.60 0.40 0.24 0.05
Feeling like butterflies in the stomach 0.53 0.25 0.27 0.05

Having lost interest in appearance 0.48 0.37 0.21 0.07
Feeling tense 0.56 0.27 0.30 0.10

Looking forward to things with enjoyment 0.56 0.30 0.21 0.06
Sudden feelings of panic 0.53 0.31 0.29 0.08

Getting frightened feeling 0.51 0.25 0.24 0.07
Being able to feel relaxed 0.59 0.41 0.38 0.18

Being able to laugh 0.38 0.25 0.15 0.10
Feeling restless 0.32 0.15 0.18 0.03

Decrease in concentration 0.69 0.34 0.48 0.12
Loss of appetite 0.56 0.31 0.47 0.11

Unable to be as careful as usual (emotional) 0.67 0.16 0.20 0.06
Feeling worn out 0.49 0.29 0.32 0.14
Having energy 0.76 0.55 0.56 0.32

Feeling so down 0.54 0.21 0.22 0.13
Full of pep 0.79 0.62 0.55 0.38
Feeling calm 0.66 0.48 0.47 0.31

Unhappy person 0.66 0.51 0.44 0.36

Orange color: K-BDQ; purple color: KM; green color: SF-36. Bold face in feature name: normalized average score
of S3 > 0.5; italic face in feature name: normalized average score of S2 > S3. S1, subtype 1; S2, subtype 2; S3,
subtype 3; S4, subtype 4.

Summing up, this study aimed to provide novel subtypes using an integrative questionnaire-
based approach. Firstly, this study discerned the supplementary value KM and SF-36 present
relative to K-BDQ. In addition, distinct clustered structures and their relevance to the
symptom severity emerged for each questionnaire, suggesting that their collective use
could improve FGID subtype identification by including comprehensive biopsychosocial
information. This study proposed an integrative questionnaire providing meaningful
clinical information that contributes to the prediction of symptom severity. Lastly, this
approach uncovered four new FGID subtypes characterized by varying degrees of symptom
severity and a complex interaction of physical and mental health components (mild, severe,
mind-symptom predominance, and body-symptom predominance subtypes), paving the
way for more personalized treatment strategies.

4. Discussion

In this study, we aimed to address the insufficient patient response to conventional
management of FGID by identifying biopsychosocial-information-based novel subtypes
using integrative questionnaire data. We observed that KM and SF-36 could supplement
psychosocial aspects lacking in the Rome criteria. We found clinically relevant infor-
mation contributing to the prediction of FGID severity among questions in these three
questionnaires. The FGID-relevant clinical information contains psychosocial traits, such as
“Decrease in concentration”, “Feeling lethargic”, “Feeling so down”, and “Feeling calm”.
Nonlinear clustering analysis revealed four distinct FGID subtypes: mild, severe, mind-
symptom predominance, and body-symptom predominance. This data-driven approach
offers a new perspective on understanding and managing the complexity of FGID patients.

Compared to the current Rome IV classification, which is primarily based on symp-
toms in anatomic regions [7], our results suggested subtypes by considering more closely
psychological factors, and they go beyond the limitation of symptom localization. The sub-
types suggested in our study considered the severity between mind and body symptoms,
rather than just the predominant symptoms. The importance of considering biopsychoso-
cial factors in understanding and managing FGIDs has been increasingly recognized [40,41].
Recent studies have shown that patients with overlapping FGIDs exhibit higher symptom
severity and psychosocial burden compared to those with single FGIDs [42], suggesting
that the complex interplay of biological, psychological, and social factors contributes to
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the heterogeneity and severity of FGIDs. Emotional factors have long been linked to FGID
symptoms, and the importance of emotional causes has grown [7,43]. In one study, 87%
of FD patients had a diagnosis of psychosis compared to 25% of general dyspepsia pa-
tients [44]. In addition, a structural equation modeling study of 259 FGID patients found
statistical significance between depression, somatization, gastric emptying, and the existing
empirically derived symptom-based subgroups [45]. In conclusion, our findings align with
the growing evidence supporting the biopsychosocial model in FGIDs and offer a novel
approach to subtype identification based on integrative patient data.

For reliable subtype identification, we utilized nonlinear dimensionality reduction
and nonlinear clustering analysis. UMAP is a recently proposed nonlinear graph-based
dimensionality reduction method, which is known for improving clustering accuracy by
seeking to accurately represent local structure and to better incorporate global structure [39].
There have been many successful cases of UMAP applications in medical fields [46–48].
Meanwhile, there have been concerns regarding the reliability of the results due to the
unsupervised nature of the procedure. To ensure the credibility of our findings, we em-
ployed a two-step validation approach. First, we introduced the accordance rate, which
assesses the consistency of clustering results across multiple iterations and when applied
to randomly selected subsets of the dataset. A high accordance rate indicates the reliability
of the clustering results and mitigates potential variability arising from limited dataset
sizes. Second, we utilized the ERT classifier, a supervised machine learning algorithm, to
validate the distinctness of the identified clusters. A high AUROC score demonstrates that
the identified subtypes are indeed distinct and not merely an artifact of the clustering algo-
rithm. While the sample size of our study (n = 198) may be considered modest, the rigorous
statistical methods employed effectively address concerns regarding the robustness and
reliability of our results.

Our research is limited in that the investigation is based on patient-reported symptoms
rather than objective physiological information, such as biomarkers. However, considering
that the diagnosis of FGID is highly dependent on the Rome-criteria-based questionnaire
worldwide [49], we believe that our research on questionnaire-data-based identification of
subtypes can be of great help. Especially in some countries, such as the U.S., Helicobacter
pylori tests and endoscopies can be performed only when symptom-based drug treatment
fails [50]. In addition, the current study is limited by its small sample size of n = 198.
Despite the limited circumstances of the small sample size, we tried to provide credibility
by double-validating the identified subtype result by confirming the accordance rate and
the classification performance of the ERT classifier. Nevertheless, future clinical research
with an increased sample size is required to provide a more robust result.

As a possible future study, a follow-up study with the participating patients in this
study would be worthwhile. Comparison of disease progress, gut microbiome, and metabo-
lite distribution for each subtype would be useful for validating the reliability of the
presented subtypes, which might allow for the discovery of biomarkers for subtype diagno-
sis or provide insights for tailored treatment. Furthermore, using the developed integrative
questionnaire and trained subtype classification model, we can predict the subtypes of
unseen FGID patients.

5. Conclusions

We discovered important clinical information regarding FGID using multidimen-
sional patient-reported questionnaires, the Rome-criteria-based K-BDQ, SF-36, and KM,
suggesting the biopsychosocial integrative questionnaire. We developed a reliable metric
for evaluating nonlinear dimensionality reduction and clustering analyses. Based on our
analysis using the metric, we observed four potential FGID subtypes—mild, severe, mind-
symptom predominance, and body-symptom predominance. While further validations
with larger sample sizes and external datasets are necessary to solidify these findings, these
subtypes provide a promising avenue for personalized treatment considerations.
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