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Abstract

Background: Cholangiocarcinoma (CCA) is a critical public health problem in Thailand. The prevalence is much higher than
other areas in the world. Data about CCA are stored in different data sources and standards between research-based data
collection and electronic health records (EHR).

Objective: This study aims to integrates and analyzes cholangiocarcinoma (CCA) data from various sources to investigate risk
factors and develop prediction models using the Cholangiocarcinoma Ontology (CCAO).

Methods: Datasets from Thailand were annotated with CCAO and analyzed using ontology-based term enrichment methods. We
apply ontology term enrichment analysis, similar to that used with the Gene Ontology, for identifying significant risk factors for
suspected CCA and patients with CCA. Our program provides a list of significant terms associated with CCA and a visualization
of ontology hierarchy with significant terms highlighted. The outputs of the term enrichment analyses have been used as the
inputs to machine learning classification tasks.

Results: The results confirmed that indicators for CCA include dilated bile ducts, periductal fibrosis, and hepatic mass, based on
ultrasound findings from several years prior. Our analysis also revealed demographic and lifestyle risk factors such as male
gender, having no education, alcohol consumption, smoking, being a farmer, and having diabetes. We seeded a random forest
classifier with the term enrichment results and predicted CCA patients with average 0.92 precision-recall curve score (0.023
standard deviation) with age, dilated bile ducts, periductal fibrosis, suspected CCA, and hepatic mass as the top five important
features.

Conclusions: These findings can be used to focus and monitor populations at risk for CCA. Expanding CCAO with molecular
data related to CCA using ontology-driven term enrichment analysis and machine learning will help us to discover new
hypotheses to decrease the morbidity and mortality of CCA in Thailand.
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Abstract

Background: Cholangiocarcinoma (CCA) is a critical public health problem in Thailand. The 
prevalence is much higher than other areas in the world. Data about CCA are stored in different data 
sources and standards between research-based data collection and electronic health records (EHR).
Objective: This study aims to integrates and analyzes cholangiocarcinoma (CCA) data from various 
sources to investigate risk factors and develop prediction models using the Cholangiocarcinoma 
Ontology (CCAO).
Methods: Datasets from Thailand were annotated with CCAO and analyzed using ontology-based 
term enrichment methods. We apply ontology term enrichment analysis, similar to that used with the 
Gene Ontology, for identifying significant risk factors for suspected CCA and patients with CCA. 
Our program provides a list of significant terms associated with CCA and a visualization of ontology 
hierarchy with significant terms highlighted. The outputs of the term enrichment analyses have been 
used as the inputs to machine learning classification tasks.
Results: The results confirmed that indicators for CCA include dilated bile ducts, periductal fibrosis, 
and hepatic mass, based on ultrasound findings from several years prior. Our analysis also revealed 
demographic and lifestyle risk factors such as male gender, having no education, alcohol 
consumption, smoking, being a farmer, and having diabetes. We seeded a random forest classifier 
with the term enrichment results and predicted CCA patients with average 0.92 precision-recall curve
score (0.023 standard deviation) with age, dilated bile ducts, periductal fibrosis, suspected CCA, and 
hepatic mass as the top five important features. 
Conclusions: These findings can be used to focus and monitor populations at risk for CCA. 
Expanding CCAO with molecular data related to CCA using ontology-driven term enrichment 
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analysis and machine learning will help us to discover new hypotheses to decrease the morbidity and 
mortality of CCA in Thailand.
Keywords:  Biomedical  Ontology,  Ontology,  Term  Enrichment  Analysis,  Machine  Learning,
Cholangiocarcinoma

Introduction

Cholangiocarcinoma (CCA) is a major public problem in Thailand. The prevalence of CCA in
Thailand is much higher than in other areas worldwide, especially in the northeastern Thailand. The 
main risk factor for CCA is liver fluke, infections, which is associated with eating raw, fermented, 
pickled, and undercooked cyprinid fish, which is a cultural tradition in the region. O. viverrini 
infections produce hepatic bile duct and portal connective tissue inflammation. Chronic infections 
and inflammation have been indicated to be risk factors for carcinogenesis [1, 2]. 

Data about O. viverrini and CCA (OVCCA) are deposited in several repositories in Thailand. 
The Cholangiocarcinoma Screening and Care Program (CASCAP) maintains one of the largest and 
most comprehensive databases on OVCCA. Data is collected based on six data collection forms: 
CCA-01, “Demographic Information, Enrollment,” CCA-02, “Ultrasound,” CCA-02.1, 
“Confirmatory Diagnosis,” CCA-03, “Diagnosis and Treatment,” CCA-04, “Final Staging 
Diagnosis,” and CCA-05, “Post Operation Follow-up” [3, 4]. Moreover, electronic health records 
(EHR) from general and community hospitals in Thailand also contain data and information on 
patients with or suspected of suffering from CCA including symptoms, clinical findings, treatments, 
and diagnoses. 

These databases store data elements using different standards. For EHRs, the International 
Statistical Classification of Disease and Related Health Problems, 10th revision, Thai Modification 
(ICD-10-TM) is being used for morbidity and mortality coding in health services statistics, as well as
for billing and payment [5, 6]. In contrast, the CASCAP study collects data and information as 
research-based data elements that capture details about CCA more specific than those in ICD-10-TM.
Working with data from different sources and standards poses challenges of comparability. 

In order to understand the complexity of risk factors for CCA and to integrate data from 
different sources, the Cholangiocarcinoma Ontology (CCAO) [7] has been built as an application 
ontology under the Basic Formal Ontology (BFO) [8]. CCAO relies upon BFO to provide an upper-
level framework to structure the ontology. CCAO represents all data elements in the research cohort 
and electronic health records (EHR) from the Kalasin Provincial Public Health Office, Thailand, and 
contains more than 430 classes specific to the CCA, and also includes classes from external 
ontologies such as the Ontology for General Medical Sciences (OGMS) [9], and the Uber-anatomy 
ontology (Uberon) [10].

Ontologies have long been used to designate all entities within an area of reality and all 
relationships between those entities in a way that makes them interpretable by both humans and 
computers [11]. One of the main uses of ontology is to conduct term enrichment analysis (TEA) on 
sets of genes. TEA is commonly used with the Gene Ontology (GO) to determine statistically 
significant over- or under-representation of GO terms associated with a particular set of genes [12], 
to identify particular biological processes, molecular functions, or cellular components that may be 
of importance in a particular experimental setting. If a certain set of genes is up-regulated under 
certain conditions, the enrichment analysis allows for the development of new hypotheses regarding 
the experimental system that can be tested through further experimentation [13]. Studying gene-
disease and disease-disease associations provides insights into analysis for the high-throughput data 
such as a list of genes or genes products to elucidate molecular processes of complex diseases, help 
to describe biological questions in the disease context, and discover unanticipated functions [14]. 

TEA has three categories: first-generation - over-representation analysis (ORA), second-
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generation - Functional Class Scoring (FCS), and third generation - Pathway-Topology Based (PBD).
This study focuses on the ORA approach, which we use to develop our computing program and 
conduct data analysis. The ORA provides the results with a list of the most relevant ontology terms, 
labeled as over- or under-represented, and then ordered based on multiple-test corrected P-values. 
The main advantage of using ORA is its ability to generate hypotheses which can be tested them 
using other statistical or experimental methods. ORA remains one of the most common methods for 
hypothesis generation from high-throughput datasets [15, 16]. ORA can perform a hypothesis-driven 
task, such as asking whether an association with a particular disease is significantly enriched or 
depleted in a set of genes. 

There are a few tools outside GO that develop and apply TEA methods to profile other sets of
interest, such as patient cohorts from electronic medical records, using a variety of ontologies 
including SNOMED CT, Ontology for General Medical Sciences (OGMS), and other biomedical 
ontologies [12]. TEA [12, 17, 18] is not only a useful tool for analyzing the results of high-
throughput experiments, but also TEA can generate hypotheses for clinical and public health 
research. TEA can be utilized as an exploratory tool to generate hypotheses for clinical research by 
analyzing data annotations with various biomedical ontologies on medical records or biomedical 
research databases in conjunction with data annotations of molecular datasets. Using TEA to identify 
common pairs of ontology terms can help to find combinations of demographic information and co-
morbidities, or risk factors and clinical findings that are in common in the population. 

Our work aims to develop and apply the TEA workflow implementing to clinical, and public 
health datasets by integrating with well-defined sources of biomedical ontologies. Moreover, we 
believe the ontology-driven ORA method can facilitate and improve the model performances of 
machine learning classifications for participants with suspected cholangiocarcinoma (CCA) and 
patients with CCA.

Methods

Development of Cholangiocarcinoma Ontology 

The Cholangiocarcinoma Ontology (CCAO) has been developed in OWL format using 
Protégé based on data about demographics, ultrasound findings, diagnoses and treatments, and post-
operative outcomes from areas of Thailand where CCA is endemic due to O. viverrini [7]. CCAO 
also represents CCA diagnosis data from EHRs (Figure 1). Datasets from Thailand were annotated 
with CCAO and analyzed using ontology term enrichment to compare specific subpopulations to the 
participant group as a whole.
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Figure 1. Flow diagram of selecting ontologies for CCAO.

Sample

We received IRB approval (UB IRB ID: STUDY00006059) from the University at Buffalo to
obtain and de-identify data from the Kalasin Provincial Public Health Office (KPH). We also 
received approval from the Chief Executive (Physician) of KPH to obtain and use the data in our 
study. The data included participants who live in Kalasin, Thailand, and who participated in verbal 
and ultrasound (VUS) screenings with KPH. Also via KPH, we received data from Electronic Health 
Records (EHR) databases of individuals who were diagnosed with CCA, and other disorders and 
symptoms related to CCA. Data cover the study period between January 1, 2016, and May 31, 2022.

Data management

We use R version 4.2.2 with package ‘Tidyverse’ within RStudio for data wrangling and 
management. We imported the verbal screening dataset containing 56,805 observations and the 
ultrasound screening dataset containing 35,570 observations. Per our approved IRB, we performed 
exact matching using citizen identification numbers (CID) to identify patients across verbal 
screening, ultrasound screening databases and EHR databases. We deidentified the identifiable data 
to coded data based on the IRB approval using R package ‘anonymizer’ version 0.2.2 [19]. We 
merged verbal and ultrasound screening datasets using CID to identify participants who participated 
in both screenings. We excluded the incomplete records and outlier participants under 20 years old 
and over 100 years old. The final datasets contain 21,038 participants receiving VUS screenings and 
676 patients visiting hospitals with participated in VUS screenings. Per the IRB, the original data 
was secured and not referenced again during the course of the study.

Creating ontology classes to represent EHR data elements

Data elements from the EHR dataset contain diagnoses related to CCA of patients who visited
the hospitals during the study period. The diagnoses are represented by International Statistical 
Classification of Diseases and Related Health, 10th. Revision Thai Modification (ICD-10 TM) in the 
EHR databases with twenty-three ICD-10 TM codes used. We created new CCAO terms under 
‘OGMS: Clinical finding’ to express the data elements of the ICD-10 TM codes and labels. For 
instance, we created a class ‘CCAO_00436: finding about intrahepatic cholangiocarcinoma’ with a 
logical definition 'finding about cholangiocarcinoma' and ('is about' some 'intrahepatic 
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cholangiocarcinoma') to represent ‘ICD10-TM_C221: Intrahepatic bile duct carcinoma, 
Cholangiocarcinoma’. All new terms were imported to CCAO using Protégé [20].

Data annotation

We developed a Python script to generate data subsets as inputs for term enrichment analysis 
using Python 3.9.12. The script annotates data values of variables in the prepared datasets to the 
ontology classes in CCAO. For instance, participants with suspected CCA (value = 1) were annotated
with ‘CCAO_00292: finding about suspected cholangiocarcinoma’. The script can generate either a 
code or label output version based on the selected variables and values as a text file. For inputs of 
term enrichment analysis, we generate two text files consisting of a universal set, which includes 
data elements of all participants annotated to CCAO classes, and an experimental set, which includes
subgroups of interest among all participants annotated to CCAO classes.

Statistical Analysis

Descriptive analysis

Descriptive statistics were used to describe demographic characteristics of participants. We 
used frequency and percentage for categorical data. For continuous data, we used mean and standard 
deviation (SD) if data was normal distribution and used median and min-max if data was non-normal
distribution.

Term enrichment analysis

Data annotated to CCAO classes were analyzed using TEA to compare the specific 
subpopulations that match certain criteria, such as age group, gender, or OV infection status, to the 
participant group as a whole. For TEA, P-values were calculated using the hypergeometric 
distribution test and were adjusted using the Bonferroni correction for multiple testing [16]. The 
results of the program were validated with MATLAB, Microsoft Excel, and other online statistics 
calculators. The program for TEA was developed previously by Alexander Diehl using the Perl 
programming language [21]. The program  creates the output file of terms with summed up 
annotations and P-values. The output files are used to generate a visualized hierarchy of the result 
using Graphviz version 2.36 [22]. Significant P-values less than 0.05 are represented as over-
represented and under-represented classes using different shades of colors with correspond to the 
magnitude of the P-values ( ). 
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Figure 2. P-values Color Legend for P-values of term enrichment results.

Machine Learning Classifications

We performed the machine learning classifications for participants with suspected CCA and 
patients with CCA using the PyCaret library version 3.1.0 in Python [23].  PyCaret is an open source,
low-code machine learning library in Python. The library is an end-to-end machine learning and 
model management tool and a Python wrapper around several machine libraries and framework such 
as scikit-learn, XGBoost, LightGMB, CatBooost, spaCy, and etc. 

For suspected CCA classification, we included 21,038 participants who participated in verbal 
and ultrasound screening in the data analyses. The dataset contained 100 variables which included 99
features and designated suspected CCA as the target variable. The target variable is binary data in 
which ‘0’ is non-suspected CCA and ‘1’ is suspected CCA. Features were selected based on 
statistically significant over-represented classes from the term enrichment results for suspected CCA 
plus age (Figure 3), resulting in the inclusion of 45 of 101 features for developing classification 
models (Indicator model). In order to control for the effect of main indicator variables used in the 
diagnoses of suspected CCA, we excluded dilated bile duct, periductal fibrosis, and hepatic mass 
variables from the models (Non-indicator model) and compared the model performance between the 
indicator models and non-indicator models using Student's t-test with a significance level of 0.05. 

We used the “ClassificationExperiment()” function from PyCaret and split data 70% for 
training set (n = 14,726), and 30% for test set (n = 6,312), respectively. We trained and evaluated 
parameters using stratified 10-fold cross validation. The various classifiers that were used in the 
comparison models were the gradient boosting classifier, logistic regression, random forest classifier,
light gradient boosting machine, linear discriminant analysis, and naive Bayes. Based on 10 separate 
executions of the classifier using different random number seeds, mean and standards deviation of 
AUROC, AUPRC, precision, recall, and F1 were calculated for model selection and evaluation in 
order to control for effect of using different random number seeds in the machine learning models
[24, 25]. 

For CCA classification in subjects who went on to develop CCA, we included 676 patients in 
the data analyses who participated in verbal and ultrasound screening and who visited the hospitals 
and received a CCA related diagnosis as determined by assigned ICD codes. The dataset contained 
112 columns which included 111 features and CCA as a target variable. The target variable is binary 
data which ‘0’ is non-CCA and ‘1’ is CCA. Features were selected based on statistically significant 
over-represented classes from the term enrichment results for CCA plus age at hospital visits (Figure 
9). As a result, we included 40 features from original features for developing classification models 
(Indicators models). To control for the effect of main indicator variables used in the diagnoses of 
patients with CCA, we excluded dilated bile duct, periductal fibrosis, and hepatic mass, and 
suspected CCA variables from the models (Non-indicator model) and compared the model 
performance between the indicator models and non-indicator models using Student's t-test with a 
significance level of 0.05. We split the data 70% for training set (n = 473), and 30% for test set (n = 
203), respectively. We then used the same procedure as the machine learning classification for 
suspected CCA.  
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Results

Baseline characteristics

The majority of participants in verbal and ultrasound screenings (n = 21,038) were female 
(60%) and 56 years old on average (Table 1). Most participants attended primary school (71%), and 
the main occupation was working as a farmer (81%). Almost a half of the participants reported 
having no fecal examination for liver flukes (48%), having had one fecal examination (34%), or 
having had more than one fecal examination (11%), respectively. More than half of the participants 
reported never received treatment with antiparasitic drug (64%), having once received treatment with
antiparasitic drug (26%), or having more than once received treatment with antiparasitic drug (4.9%),
respectively. Moreover, participants reported consumption of raw fresh-water fish or raw fermented 
fish (1.3%), smoking (22%), and alcohol drinking (38%).

Majority of participants in verbal screening, ultrasound screening, and visiting hospitals 
related to CCA (n = 676) were male (65%) and 64 years old on average (Table 2). Most participants 
attended primary school (79%), and the main occupation was working as a farmer (72%). More than 
half of the participants reported having no fecal examination for liver flukes (55%), having had one 
fecal examination (30%), or having had more than one fecal examination (8.4%), respectively. More 
than half of the participants reported never received treatment with antiparasitic drug (65%), having 
once received treatment with antiparasitic drug (25%), or having more than once received treatment 
with antiparasitic drug (4.9%), respectively. Moreover, participants reported consumption of raw 
fresh-water fish or raw fermented fish (5.6%), smoking (46%), and alcohol drinking (56%).

Table 1. Characteristics of participants in verbal and ultrasound screenings (N = 21,038)

Characteristic Frequency (%)
Age 55.26 (9.88) a

< 40 years old
40 – 50 years old
51 – 60 years old
> 60 years old

607 (3%)
5,640 (27%)
7,986 (38%)
6,805 (32%)

Gender
Male 8,350 (40%)
Female 12,688 (60%)

Highest education level
No education 112 (0.5%)
Primary school 14,837 (71%)
Junior school 2,217 (11%)
Senior school 2,907 (14%)
Certificate degree 340 (1.6%)
Bachelor’s degree 523 (2.5%)
Master or higher degree 102 (0.5%)

Occupation
Unemployed 1,061 (5.0%)
Farmer 16,964 (81%)
Freelancer 1,491 (7.1%)
Private Business 605 (2.9%)
Civil Servant 550 (2.6%)
Other 367 (1.7%)

Fecal examination for liver flukes

https://preprints.jmir.org/preprint/76443 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Pengput et al

Characteristic Frequency (%)
Never 10,144 (48%)
1 time 7,225 (34%)
2 times 2,347 (11%)
3 times 594 (2.8%)
More than 3 times 328 (1.6%)
I cannot remember 400 (1.9%)

Prior findings of liver fluke eggs
Never examined 10,154 (48%)
Examined, but not found 5,677 (27%)
Examined and found 4,667 (22%)
I cannot remember 540 (2.6%)

Prior  treatment  with  anti-parasite  medicine
(praziquantel)

Never 13,540 (64%)
1 time 5,453 (26%)
2 times 1,032 (4.9%)
3 times 266 (1.3%)
More than 3 times 266 (1.3%)
I cannot remember 481 (2.3%)

Reported consumption of raw fresh-water fish or
raw fermented fish

277 (1.3%)

Reported smoking 4,594 (22%)
Reported alcohol consumption 7,960 (38%)
a Mean (SD)
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Table 2. Characteristics of participants participated in verbal and ultrasound screenings and visiting 
hospitals related to cca (N = 676)

Characteristic Frequency (%)
Age 64.01 (12.47) a

< 40 years old
40 – 50 years old
51 – 60 years old
> 60 years old

15 (2.2%)
79 (12%)
147 (22%)
435 (64%)

Gender
Male 438 (65%)
Female 238 (35%)

Highest education level
No education 4 (0.6%)
Primary school 534 (79%)
Junior school 63 (9.3%)
Senior school 51 (7.5%)
Certificate degree 8 (1.2%)
Bachelor’s degree 14 (2.1%)
Master or higher degree 2 (0.3%)

Occupation
Unemployed 99 (15%)
Farmer 489 (72%)
Freelancer 45 (6.7%)
Private Business 17 (2.5%)
Civil Servant 20 (3.0%)
Other 6 (0.9%)

Fecal examination for liver flukes
Never 375 (55%)
1 time 202 (30%)
2 times 57 (8.4%)
3 times 16 (2.4%)
More than 3 times 8 (1.2%)
I cannot remember 18 (2.7%)

Prior findings of liver fluke eggs
Never examined 374 (55%)
Examined, but not found 148 (22%)
Examined and found 130 (19%)
I cannot remember 24 (3.6%)

Prior  treatment  with  anti-parasite  medicine
(praziquantel)

Never 440 (65%)
1 time 166 (25%)
2 times 33 (4.9%)
3 times 8 (1.2%)
More than 3 times 4 (0.6%)
I cannot remember 25 (3.7%)

Reported consumption of raw fresh-water fish or 38 (5.6%)
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Characteristic Frequency (%)
raw fermented fish
Reported smoking 313 (46%)
Reported alcohol consumption 377 (56%)
a Mean (SD)

Term enrichment analyses

Suspected CCA group

For suspected CCA, 380 participants were annotated with ‘finding about suspected 
cholangiocarcinoma’ in CCAO based on ultrasound results among 21,038 participants in study group
having both verbal screening and ultrasound results. In Figure 3, the TEA result indicated annotated 
classes were significantly over-represented among participants with suspected CCA including having
alcoholism, alcohol consumption, smoking, no education, male gender, diagnosed with diabetes by 
clinician, diagnosed with other diseases by clinician, dilated bile duct, dilated common bile duct, 
dilated right lobe of bile duct, dilated left lobe of bile duct, cyst in kidney, cyst in left kidney, cyst in 
right kidney, left kidney parenchyma with atypical abnormal function, abnormal liver parenchymal 
echo, liver parenchyma with atypical abnormal structure, cirrhosis, periductal fibrosis type 1, 
periductal fibrosis type 2, periductal fibrosis type 3, hepatic cyst, hepatic mass low echo, left lobe 
hepatic mass low echo, right lobe hepatic mass low echo, hepatic mass high echo, left lobe hepatic 
mass high echo, right lobe hepatic mass high echo, hepatic mass mixed echo, left lobe hepatic mass 
mixed echo, right lobe hepatic mass mixed echo, gallbladder not seen, mass in wall of gallbladder, 
single mass in wall of gallbladder, thickening of wall of gallbladder, diffuse thickening of wall of 
gallbladder, stone in gallbladder, multiple stone in gall bladder, abdominal swelling, enlarged liver, 
appetite loss, weight loss, and jaundice (Figure 3 - Figure 8).

Figure 3. Term enrichment analysis results for the subgroup of having suspected CCA among
participants who underwent verbal and ultrasound screening. A red arrow indicates the ‘finding about

suspected cholangiocarcinoma’ class.
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Figure 4. Zoomed-in term enrichment analysis results for the subgroup of having suspected CCA
among participants who underwent verbal and ultrasound screening.

Figure 5. Zoomed-in term enrichment analysis results for the subgroup of having suspected CCA
among participants who underwent verbal and ultrasound screening.
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Figure 6. Zoomed-in term enrichment analysis results for subgroup of having suspected CCA among
participants who underwent verbal and ultrasound screening.

Figure 7. Zoomed-in term enrichment analysis results for subgroup of suspected CCA among
participants who underwent verbal and ultrasound screening.
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Figure 8. Zoomed-in Term enrichment analysis results for subgroup of suspected CCA (n = 380)
among participants who underwent verbal and ultrasound screening.

Intrahepatic CCA patient group

For CCA, 186 participants were annotated with ‘finding about intrahepatic 
cholangiocarcinoma’ in CCAO based diagnoses in EHRs among 21,038 participants in study group 
having both verbal screening and ultrasound screening. In Figure 9, the term enrichment analysis 
result indicated annotated classes were significantly over-represented among patients with 
intrahepatic CCA including alcohol consumption, smoking, no education, farmer, attending primary 
school, completing bachelor degree, male gender, diagnosed with diabetes by clinician, diagnosed 
with other diseases by clinician, dilated bile duct, dilated common bile duct, dilated right lobe of bile 
duct, dilated left lobe of bile duct, cyst in kidney, cyst in right kidney, left kidney parenchyma with 
atypical abnormal function, abnormal liver parenchymal echo, liver parenchyma with atypical 
abnormal structure, cirrhosis, periductal fibrosis type 1, periductal fibrosis type 2, periductal fibrosis 
type 3, hepatic cyst, single hepatic mass, multiple hepatic mass, hepatic mass low echo, left lobe 
hepatic mass low echo, right lobe hepatic mass low echo, hepatic mass high echo, left lobe hepatic 
mass high echo, right lobe hepatic mass high echo, hepatic mass mixed echo, left lobe hepatic mass 
mixed echo, right lobe hepatic mass mixed echo, gallbladder not seen, mass in wall of gallbladder, 
single mass in wall of gallbladder, thickening of wall of gallbladder, diffuse thickening of wall of 
gallbladder, appetite loss, weight loss, jaundice, suspected CCA (Figure 9- Figure 16). 
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Figure 9. Term enrichment analysis results for subgroup of CCA patients among participants who
underwent verbal and ultrasound screening. A red arrow indicates ‘finding about suspected

cholangiocarcinoma’ class.

Figure 10. Zoomed-in term enrichment analysis results for the subgroup of intrahepatic CCA
patients among participants who underwent verbal and ultrasound screening.

Figure 11. Zoomed-in term enrichment analysis results for the subgroup of intrahepatic CCA
patients among participants who underwent verbal and ultrasound screening.
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Figure 12. Zoomed-in term enrichment analysis results for the subgroup of intrahepatic CCA
patients among participants who underwent verbal and ultrasound screening.

Figure 13. Zoomed-in term enrichment analysis results for the subgroup of intrahepatic CCA
patients among participants who underwent verbal and ultrasound screening.
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Figure 14. Zoomed-in term enrichment analysis results for the subgroup of intrahepatic CCA
patients among participants who underwent verbal and ultrasound screening.

Figure 15. Zoomed-in term enrichment analysis results for the subgroup of intrahepatic CCA
patients among participants who underwent verbal and ultrasound screening.
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Figure 16. Zoomed-in term enrichment analysis results for the subgroup of intrahepatic CCA
patients among participants who underwent verbal and ultrasound screening.

Machine learning classification for suspected CCA

We applied machine learning to the task of predicting the finding of suspected CCA using the 
PyCaret library, which can simultaneously run multiple machine learning algorithms. We used the 
over-represented variables identified in our term enrichment study as the input variables to the ML 
algorithms (Indicator model). The Random Forest Classifier (RF) outperformed other classification 
algorithms on the suspected CCA testing dataset (Table 3).  In the confusion matrix, the number of 
true positives is 105 and of true negatives is 6,194, while the number of false positives is 4 and of 
false negatives is 8 (Figure 17). The RF classifier demonstrates excellent performance in 
distinguishing suspected CCA and non-suspected CCA with AUC of 0.9998, and the AUPRC of also 
confirms the model performance with average precision of 0.99 for the imbalanced data along with 
accuracy of 0.9979, recall of 0.921, and F1 of 0.9741. 

In order to control for effect of using random number seeds in the machine learning models
[24, 25] and control for the effect of main indicator variables used in the diagnoses of suspected 
CCA, the means and standard deviations (SD) of 10 executions of the RF classifier using different 
random number seeds for the indicator and non-indicator models are reported in Table 4. In non-
indicator model, we removed the main indicators including dilated bile duct, periductal fibrosis, and 
liver mass variables. The results showed that all model performance metrics were decreased, 
especially, from 0.946 to 0.700 in AUPRC and from 0.850 to 0.544 in Recall when compared to the 
indicator model. The main indicators clearly improve the model performances for prediction of 
suspected CCA . Moreover, the RF classifier reveals the top ten features of importance in the 
indicator model including dilated bile duct, age, dilated right bile duct, dilated common bile duct, 
dilated left bile duct, periductal fibrosis, liver mass, abnormal liver parenchymal echo, education, and
liver parenchyma with atypical abnormal structure, respectively (Figure 18). 

Table 3. Comparison of Model Performances for Predictions of Participants with Suspected CCA on
the Test set 
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Model Accuracy AUC AUPRC Recall Precision F1
GBC 0.9935 0.9977 0.88 0.7193 0.9011 0.8000
LR 0.9892 0.9951 0.77 0.5351 0.8026 0.6421
RF 0.9979 0.9998 0.99 0.9211 0.9633 0.9417
LIGHTGB
M

0.9976 0.9995 0.98 0.9211 0.9459 0.9333

LDA 0.9818 0.9946 0.77 0.9211 0.4976 0.6462
NB 0.9604 0.9849 0.38 1.0000 0.3132 0.4

GBC = Gradient Boosting Classifier, LR = Logistic Regression, RF = Random Forest Classifier, 
LIGHTGBM = Light Gradient Boosting Machine, LDA = Linear Discriminant Analysis, NB = Naive 
Bayes, AUC = Area Under the ROC Curve, AUPRC = Area under Precision-Recall Curve

Table 4. Means and Standard Deviations for 10 Executions of the RF Classifier for the Indicator 
Model and the Non-Indicator Model for Suspected CCA.

Metrics Target

Features 

Mean

difference P-value

Indicator Model

Non-Indicator

Model

Mean SD Mean SD

AUC Suspected CCA 0.997 0.003 0.935 0.012 0.062 4.128e-08*

AUPRC Suspected CCA 0.946 0.013 0.700 0.034 0.246 7.014e-10*

Accuracy Suspected CCA 0.996 0.001 0.990 0.001 0.006 1.652e-08*

F1 Suspected CCA 0.873 0.017 0.669 0.034 0.204 4.06e-09*

Precision Suspected CCA 0.903 0.027 0.872 0.038 0.031 0.1042

Recall Suspected CCA 0.850 0.031 0.544 0.041 0.306 1.042e-10*

The indicator model includes all over-represented classes from term enrichment results as 
input features. The non-indicator model excludes dilated bile duct, PDF, liver mass, and 
suspected CCA variables. SD = Standard Deviation, * P-value < .05
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Figure 17. Random Forest Classifier Confusion Matrix for suspected CCA for the Indicator Model
(0 = Non-suspected CCA, 1 = Suspected CCA).

Figure 18. Feature Importance Plot of the Random Forest Classifier for suspected CCA for the
Indicator Model. 

Machine Learning Classification for CCA

We also applied machine learning to the task of predicting the finding of patients with CCA 
using the PyCaret library. We used the over-represented variables identified in our term enrichment 
study as the input variables to the ML algorithms (Indicator model). The Random Forest Classifier 
(RF) also outperformed the other classification algorithms on the CCA test set (Table 5). In the 
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confusion matrix, the number of true positives is 52 and of true negatives is 136, while the number of
false positives is 9 and of false negatives is 6 (Figure 19). The RF classifier demonstrates excellent 
performance in distinguishing CCA patients and non-CCA patients with AUC of 0.9828, and the 
AUPRC of 0.96 also confirms the model performance for the imbalanced data along with accuracy 
of 0.9261, recall of 0.8966, precision of 0.8525, and F1 of 0.8739 (Table 6) dilated left bile duct, 
periductal fibrosis, suspected CCA, liver mass, alcohol consumption, occupation, and education, 
respectively (Figure 20).

As before, in order to control for effect of using random number seeds in the machine 
learning models [24, 25] and control for the effect of main indicator variables used in the diagnoses 
of patients with CCA, the means and standard deviations of 10 executions of the  RF classifier with 
10 different random number seeds for the indicator and non-indicator models are reported in Table 6.
In non-indicator model, we removed the main indicators including dilated bile duct, periductal 
fibrosis, liver mass, and suspected CCA variables. The results showed that all model performance 
metrics were slightly decreased, for instances, from 0.920 to 0.900 in AUPRC and from 0.849 to 
0.778 in Recall when compared to the indicator model. The main indicators also impact the model 
performances for prediction of CCA. 

Table 5. Comparison of Model Performances for Predictions of CCA Patients on the Test Set
Model Accuracy AUC AUPRC Recall Precision F1

GBC 0.8621 0.8745 0.79 0.6552 0.8261 0.7308
LR 0.8177 0.7954 0.70 0.5345 0.7561 0.6263
RF 0.9261 0.9828 0.96 0.8966 0.8525 0.8739
LIGHTGB
M

0.9261 0.9735 0.94 0.8261 0.8772 0.8696

LDA 0.8177 0.8001 0.72 0.5172 0.7692 0.6186
NB 0.7783 0.7903 0.59 0.6379 0.6066 0.6218

GBC = Gradient Boosting Classifier, LR = Logistic Regression, RF = Random Forest Classifier, 
LIGHTGBM = Light Gradient Boosting Machine, LDA = Linear Discriminant Analysis, NB = Naive
Bayes, AUC = Area Under the ROC Curve, AUPRC = Area under Precision-Recall Curve

Table 6. Means and Standard Deviations for 10 Executions of the RF Classifier for the Indicator 
Model and the Non-Indicator Model for CCA Patient Prediction.

Metrics Target

Features 

Mean-

Difference
P-valueIndicator Model Non-indicator Model

Mean SD Mean SD

AUC CCA 0.950 0.021 0.937 0.022 0.013 0.03158*

AUPRC CCA 0.920 0.023 0.900 0.026 0.02 0.04435*

Accuracy CCA 0.920 0.013 0.906 0.021 0.014 0.0119*
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Metrics Target

Features 

Mean-

Difference
P-valueIndicator Model Non-indicator Model

Mean SD Mean SD

F1 CCA 0.856 0.028 0.824 0.044 0.03207 0.007462*

Precision CCA 0.880 0.025 0.879 0.026 0.00096 0.9191

Recall CCA 0.849 0.066 0.778 0.066 0.07115 0.00602*

Indicator models included all over-represented classes from term enrichment results as input 
features. While non-indicator models excluded dilated bile duct, PDF, liver mass, and suspected 
CCA variables. SD = Standard Deviation, *P-value<.05
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Figure 19. Random Forest Classifier Confusion Matrix for CCA on the test set (0 = non-CCA,    1 =
CCA).

Figure 20. Feature Importance Plot of Random Forest Classifier for CCA on the test set.

Discussion

Datasets from Thailand were annotated with CCAO and analyzed using term enrichment to 
compare specific subpopulations to the participant group as a whole. Using term enrichment, we 
have identified significant risk factors in participants with suspected CCA and patients with CCA. 

The results confirmed the main indicators seen in prior CASCAP results for suspected CCA
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[3] including findings about having dilated bile ducts, dilated common bile duct, dilated right lobe of 
bile duct, dilated left lobe of bile duct, hepatic mass, hepatic mass low echo, hepatic mass high echo, 
hepatic mass mixed echo, periductal fibrosis, and periductal fibrosis types I, II, or II. Accordingly, 
Thinkhamrop et al. (2022) indicated that liver mass and dilated bile duct have significantly strong 
association with CCA, and histological findings of PDF among CCA patients indicates that PDF is 
associated with a severe bile duct disorder and CCA [26]. We found additional significant 
echography results that are overrepresented in patients with suspected CCA such as findings about 
thickening of the wall of gall bladder, and jaundice. 

Moreover, our analysis revealed demographic and lifestyle risk factors that confirmed current
knowledge [27, 28] based on verbal screening of participants, including reporting having alcoholism,
alcohol consumption, smoking, no education, and male gender. Rayubkul et al. (2022) reported 
participants having diabetes were less likely to be associated with suspected CCA, while our TEA 
results indicate that participants with diabetes are over-represented as being associated with 
suspected CCA. Meta-analyses indicated that diabetes has a slightly positive relationship with CCA 
and may increase the development of CCA [29-31]. 

Furthermore, diabetes is significantly associated with fatty liver disease (FLD) which might 
facilitate the development of CCA because FLD is one of the pre-conditions for CCA [31].  In 
contrast to our TEA results, finding about fatty liver is not enriched in both participants with 
suspected CCA and patients with CCA. There should be more focus on patients with diabetes during 
and after the US screening in order to understand the relationship between diabetes and CCA better. 
There are very few studies focusing on suspected CCA, and more research is needed to investigate 
about risk factors so that we can improve the screenings.

Among CCA patients, the TEA results replicated the demographic and behavior risk factors 
matching the current evidence including male gender, alcohol consumption, smoking, no education, 
farmer, attending primary school, education, and diabetes [32-34]. However, history of O. viverrini 
infection, which is the one of the main risk factors for CCA in Thailand, is not enriched in our TEA 
results. Many studies that indicate that a history of O. viverrini infection, analyzed using data from 
the actual findings of fecal or specimen examinations, has a strong association with CCA [33, 35, 
36]. The demographic and behavior information (verbal screening) from the dataset used in this 
study was obtained from self-reported questionnaires, leading to potential bias in diagnoses of O. 
viverrini infection, liver fluke treatment, and underlying diseases [27, 37]. Laboratory tests for O. 
viverrini infection are required to validate the accuracy of results from the interview data. 

For ultrasonography findings, the TEA results also matched the current evidence [37-39] 
including having dilated bile duct, periductal fibrosis, liver parenchyma with atypical abnormal 
structure (liver parenchymal change), liver mass, cirrhosis, appetite loss, weight loss, and jaundice. 
Based on our TEA from CCAO, our approach reveals more details about anatomical locations 
identified using US methods, such as dilated right or left lobe of bile duct, periductal fibrosis type 1-
3, hepatic mass from low, high, and mixed echo, mass in wall of gallbladder, and thickening of wall 
of gallbladder. This in-depth knowledge can be used to guide clinicians and healthcare professionals 
to monitor the high-risk populations before the development of malignant tumors.

We performed machine learning classifications using enriched terms from the TEA outputs as
features for developing prediction models. In this work, the indicator model using the RF classifier 
outperforms in differentiating participants with suspected CCA on the test set among six classifier 
algorithms that were trained using the same patient cohort. A feature importance plot of the indicator 
model shows that age at hospital visit, dilated right bile duct, dilated bile duct, dilated right bile duct, 
periductal fibrosis, suspected CCA, hepatic mass, alcohol consumption, occupation, and education 
were the top ten most influential predictors of patients with CCA. The age variable in our model 
matches a previous meta-analysis reporting that older people are 7-35 times more likely to have CCA
than younger people [32]. 

A recent study indicates that dilated bile duct has a strong relationship with CCA, followed 

https://preprints.jmir.org/preprint/76443 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Pengput et al

by hepatic mass [38]. Periductal fibrosis is a potential sign of CCA caused by O. viverrini infection 
that can be detected early by US screening [26, 40]. A referral with suspected CCA from the US 
screening is one of the heavily weighted risk factors in the indicator model for CCA. This finding 
supports that screening through ultrasonography is an efficient tool for the early detection of 
suspected CCA among populations residing in high-risk areas and general population CCA [38, 41]. 
In addition, the model performances dropped when we excluded these main indictors from the 
machine learning prediction models for suspected CCA and patients with CCA as illustrated in
Figure 21 in order to avoid the biases of the models and reports means and Standard Deviations for 
ten executions of the RF Classifier for the Indicator Model and the Non-Indicator Model in order to 
evaluate the robustness of the models. This finding shows that ultrasonography should be used as a 
key screening tool for CCA in an endemic population regularly. Patients with pre-malignant lesions 
achieved the most benefit from US screening and can be possibly cured [42]. Moreover, our indicator
model demonstrated excellent performance in predicting suspected CCA and also establishes the top 
five features of importance including dilated bile duct, hepatic mass and, periductal fibrosis (Figure 
20), in line with the current evidence [27, 37, 38]. 

 Studies of CCA and suspected CCA risk factors have differentiated between demographic 
and behavior and ultrasound findings in each study [27, 33, 38, 43-45]. Our term enrichment analysis
can investigate all demographic and behavior risk factors, ultrasound findings, and electronic health 
records in a single analysis step, enabling researchers and health professionals to identify the 
overview and the combinations of the risk factors for patient cohorts simultaneously. Furthermore, 
the TEA approach can facilitate identifying the appropriate subsets from various features as inputs 
for improving machine learning model performances because the enriched terms illustrate the 
predictors associated with outcomes. Based on our analyses, TEA can reduce many features by 
excluding irrelevant features (non-enriched ontology terms), reducing unnecessary complexity in the 
prediction models, and the results are therefore more easily interpreted [46]. 

Limitations

The demographic information is based on self-reported responses to a questionnaire, and it is 
possible participants might not remember exactly about their medical history information such as 
history of liver fluke examinations and treatments, which may lead recall and measurement biases. 
Moreover, there may be biases due to co-morbidities such as O. viverrini infection, diabetes, 
hepatitis B, and hepatitis C [27]. 

Comparison with Prior Work

As noted above, some of our findings echo previous work, such as the association of diabetes 
with an increased risk of CCA, and the association of morphological changes in the bile duct as 
detected by US with later development of CCA.  As noted, our work does not confirm the association
of dietary habits with CCA, which may be due to the use of demographic surveys in which 
participants misreport their dietary habits.

In any case, our approach of using ontology-driven term enrichment coupled to machine 
learning analysis provides a new method for analysis of public health data not seen in earlier work.

Conclusions

Our findings can be used to focus and monitor populations at risk for suspected CCA and 
patients with CCA and can be validated using other statistical methods and serve as the basis for new
studies. Expanding CCAO with molecular data related to CCA using ontology-driven term 
enrichment analysis and machine learning will help us to discover new hypotheses to decrease the 
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morbidity and mortality of CCA in Thailand.  

Figure 21. Mean and standard deviation of model performances for suspected CCA and patients with
CCA comparing between full indicators and non-indicators models.
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