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Machine learning to predict the early recurrence of intrahepatic
cholangiocarcinoma: A systematic review and meta-analysis
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Abstract. The prediction of early recurrent of intrahepatic
cholangiocarcinoma (ICC) has been widely investigated;
however, the predictive value is currently insufficient. To
determine the effectiveness of machine learning (ML) for the
diagnosis of early recurrent intrahepatic cholangiocarcinoma
(ICC), particularly in comparison with clinical models, the
present study aimed to determine which ML model had the best
diagnostic performance for inpatients with recurrent ICC. In
order to search for studies which could be included, three elec-
tronic databases were screened from inception to November
2023. A pairwise meta-analysis was performed to evaluate the
diagnostic accuracy of the random effects model. A network
meta-analysis was performed to identify the most effective
ML-based diagnostic model based on the surface under the
cumulative ranking curve score. A total of 5 studies of accept-
able quality containing 1,247 patients with ICC were included
in the present study. Following pairwise meta-analysis, it was
found that the ML-based diagnostic accuracy was greater than
that of clinical models (surface under the cumulative ranking
curve score closer to 1, with significant differences), which
initially proved that the ML-based diagnostic power was more
optimal than that of clinical models. According to the network
meta-analysis, the nomogram performed the best, indicating
that this ML model achieved the best diagnostic accuracy for
patients with recurrent ICC. In conclusion, the application of
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ML-based diagnostic models for patients with recurrent ICC
was more optimal than the application of the clinical model.
The nomogram model ranked first among the models and is
therefore recommended for patients with recurrent ICC.

Introduction

The global prevalence of intrahepatic cholangiocarcinoma
(ICC) is 0.01-0.46%, accounting for 15-20% of all primary
liver cancer cases, and its incidence has increased in recent
years (1,2). ICC is characterized by no specific symptoms in
the early stage of disease, a high degree of malignancy, and
high recurrence and metastasis rates. In total, 65% of patients
with ICC have reached an advanced stage of disease when
symptoms appear at first diagnosis, and only chemotherapy
agents are suitable for treatment (3). Research on targeted
therapy for ICC is scarce, and the sensitivity to chemical
agents is low, which directly leads to susceptibility to late-stage
ICC and metastasis, with a poor 5-year survival rate of only
5-20% (1,2). Therefore, the early diagnosis of recurrent ICC is
an important scientific problem that urgently requires further
study.

Machine learning (ML) can process patient clinical data
and imaging reports, as well as analyze these data to discover
potential patterns and associations (4). Furthermore, ML can
detect patterns and features that are difficult to detect, thus
providing more accurate predicted diagnostic outcomes (5,6).
Therefore, ML can provide decision support to physicians,
improving the understanding and interpretation of clinical
data. ML can also provide physicians with probability and
risk assessments regarding tumor recurrence, leading to
more optimal treatment planning (7,8). The ML model is a
reliable tool for predicting early recurrence in patients with
cancer following curative resection due to exhibiting superior
performance compared with other models, including clinical
models (9,10). However, it is still unknown which ML-based
model is more suitable for identifying patients with early
recurrence of ICC.

Therefore, the objective of the present study was to
determine the effectiveness of ML for early recurrent ICC
diagnosis, particularly in comparison with clinical models.
Furthermore, determining which ML model has the best
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diagnostic performance for patients with recurrent ICC is
novel and clinically significant. To the best of our knowledge,
although some related studies have focused on topics similar
to those of the present study (11,12), no previous publications
have examined this topic using a networks meta-analysis.

Materials and methods

Preferred reporting items for systematic reviews and
meta-analyses (PRISMA). The present study was conducted
in accordance with the PRISMA 2020 guidelines (13,14). The
study protocol is registered in the International Prospective
Register of Systematic Reviews (no. CRD42024487932;
https://www.crd.york.ac.uk/PROSPERO/display_record.php?
RecordID=487932) (15).

Search strategies and study selection. A systematic search
of the PubMed (https://pubmed.ncbi.nlm.nih.gov/), Embase
(www.embase.com) and Cochrane Library databases
(https://www.cochranelibrary.com/) from their inception until
November 2023 was performed using the following search
terms: ‘Machine learning’, ‘recurrent intrahepatic cholan-
giocarcinoma’ and their Medical Subject Headings (MeSH)
terms, with no language restrictions. In the present study,
early recurrence was defined as recurrence within 1 year after
surgery, and a liver imaging report was the standard for deter-
mining whether a patient had experienced recurrence. In total,
two reviewers independently screened the original studies that
met the following predefined selection criteria: Studies that
reported the diagnostic accuracy of ML models and studies
that reported the diagnostic area under the curve (AUC) of
early recurrence in ICC. All superiority, non-inferiority, retro-
spective and prospective studies were included, and the clinical
Tumor-Nodes-Metastasis (TNM) stage was considered the
control group in comparison with the ML-based group. The
recorded outcomes included the diagnostic AUC, accuracy,
sensitivity, specificity, negative predictive value and positive
predictive value. Studies that met any of the following criteria
were excluded from the present study: No diagnostic data can
be extracted for meta-analysis.

Data extraction, risk of bias assessment and quality of evidence.
In total, two independent reviewers extracted data from the
original studies using a standardized Excel table, and disagree-
ments were discussed and double-checked with an additional
experienced reviewer. The extracted data included the basic
characteristics of the studies, such as imaging, artificial intel-
ligence (AI) model, sample size (including % of male patients),
diagnosis of cirrhosis (yes/no), presence of viral hepatitis
(yes/no), extent of resection, major vascular invasion, microvas-
cular invasion, perineural invasion, histological grade, adjuvant
therapy and the outcomes reported. In addition, the sources of
bias were assessed using the Newcastle-Ottawa Scale (NOS)
score (16), with a score >4 considered acceptable. In addition,
the Grading of Recommendations Assessment, Development
and Evaluation framework was used to assess the quality of
evidence contributing to each estimated network outcome (17).

Data and statistical analyses. Pairwise and frequent network
meta-analyses were used to determine the diagnostic efficacy

71 publications identified through electronic database searching
15 PubMed, 55 EmBase, 1 Cochrane library

—ﬁ 16 excluded as duplicates ‘
A

A

55 publications screened by checking title and abstract ‘

38 publications removed
14 reviews and guidelines
15 radiographic results
9 case report

A 4

17 full-text articles assessed for eligibility

12 records removed
2 supplementary data
8 no diagnostic data
2 no useful data

A 4

5 original studies included in meta-analysis

Figure 1. Flowchart of the included studies.

of different AI models. Subgroup outcomes were grouped
into the training and validation cohorts. The hazard ratios
(HRs) with 95% confidence intervals for all outcomes are
summarized. P<0.05 or I>>50% in the forest plots indicated
heterogeneity in the outcomes, and a random effects model
was used. Furthermore, Begg's and Egger's tests were
performed to assess publication bias for the available compari-
sons, and P<0.05 was considered to indicate the existence of
publication bias.

The surface under the cumulative ranking curve (SUCRA)
is presented as a percentage and was used to determine the
probability of a treatment being the most effective by treatment
hierarchy. A higher SUCRA score (close to 100%) indicated
that the ML model was most efficient for the early diagnosis of
recurrent ICC. A greater HR indicated that the ML model was
more effective. Global and local methods were used to avoid
inconsistency (18,19). In addition, the certainty of evidence was
determined using the Confidence in Network MetaAnalysis
framework (20). Moreover, a comparison-adjusted funnel plot
was used to detect potential publication biases among the
outcomes. All analyses were performed using StataSE version
15.1 (StataCorp LP) and R version 4.2.3 (R Foundation for
Statistical Computing).

Results

Study characteristics and quality. In total, 5 eligible studies
published between September 2018 and May 2023 involving
1,247 patients were selected to confirm the diagnostic
accuracy of different AI models for recurrent ICC (21-25).
The literature search process is shown in Fig. 1. Table I
(further details in Table SI) shows that the characteristics
of the included studies and the baseline data were relatively
balanced, and all included studies were of acceptable quality
according to the NOS (Table SII). The included studies
used three different AT models: Random forest (21,23),
Light Gradient Boosting Machine (LightGBM) (22) and
nomograms (24,25).



SPANDIDOS

J PUBLICATIONS
A Effect
Subgroup and author (year) (95% Cl)

Training cohort

ONCOLOGY LETTERS 28: 385, 2024

%

Weight

Alaimo L(a) (2023) % 0.90(0.87,093) 6.12
Song Y(a) (2023) | %099 (0.95,1.00) 6.13
Jolissaint JS(a) (2022) > 0.88(0.82,0.94) 590
Guo HL(a) (2022) #'  0.75(0.75,0.75) 6.19
Guo HL(c) (2022) #  078(0.78,0.78) 6.19
Guo HL(e) (2022) @ 0.78(0.78,0.79) 6.19
Liang W(a) (2018) 0.90 (0.83,0.94) 5.94
)

Subgroup, DL (1°=99.4%, P<0.00i)

Validation cohort

0.84 (0.82, 0.86) 42.67

Alaimo L(b) (2023) 0.78 (0.71, 0.85) 5.79
Song Y(b) (2023) 0.86 (0.67, 0.96) 4.79
Song Y(c) (2023) 0.87 (0.79, 0.95) 5.63
Song Y(d) (2023) 0.88 (0.80, 0.96) 5.67
Jolissaint JS(b) (2022) 0.84 (0.73, 0.95) 5.30
Guo HL(b) (2022) . 0.52 (0.52, 0.52) 6.19
Guo HL(d) (2022) * 0.55 (0.54, 0.55) 6.19
Guo HL(f) (2022) 0.84 (0.84, 0.85) 6.19
Liang W(b) (2018) 0.84 (0.78, 0.89) 5.94
Liang W(c) (2018) 0.86 (0.76, 0.93) 5.63
Subgroup, DL (1?>=100.0%, P<0.00i) 0.78 (0.67, 0.89)57.33

Heterogeneity between groups: P=0.340
Overall, DL (1?=100.0%, P<0.00i)

0

NOTE: Weights and betv test are from random-effects model

0.81 (0.74, 0.88) 100.00
T
1

B Effect %
Subgroup and author (year) (95% CI) Weight
Training cohort

Song Y(a) (2023) =%~ 0.72(0.63,0.80) 8.35
Jolissaint JS(a) (2022) -  0.66 (0.57,0.76) 8.27
Guo HL(a) (2022) it 0.65 (0.65, 0.65) 8.70
Guo HL(c) (2022) \ & 0.76(0.75,0.76) 8.70
Guo HL(e) (2022) | & 0.73(0.73,0.74) 8.70
Subgroup, DL (I>=99.9%, P<0.00i) E() 0.71 (0.65, 0.76) 42.74

Validation cohort E
Song Y(b) (2023) —s— 0.69 (0.51,0.86) 7.39
Song Y(c) (2023) —— 0.70 (0.58, 0.82) 8.02
Song Y(d) (2023) +%— 0.71(0.58,084) 7.92
Jolissaint JS(b) (2022) —+— 0.69 (0.55,0.83) 7.82
Guo HL(b) (2022) * E 0.35 (0.35,0.36) 8.70
Guo HL(d) (2022) * ! 0.24 (0.24,0.24) 8.70
Guo HL(f) (2022) * 0.62 (0.62, 0.63) 8.70
Subgroup, DL (1>=100.0%, P<0.00i) <> 0.56 (0.41,0.71) 57.26

1

Heterogeneity between groups: P=0.079 1
Overall, DL (1>=100.0%, P<0.00i) <§ 0.62 (0.50, 0.75) 100.00

1 T

-1

0 1

NOTE: Weights and be

test are from rand

Figure 2. Forest plots to determine the accuracy of predicting early recurrence of intrahepatic cholangiocarcinoma. (A) Forest plot of the machine learning
model. (B) Forest plot of the clinical model. CI, confidence interval; DL, deep learning.

Pairwise meta-analysis outcomes. The AUC, accuracy, sensitivity,
specificity, negative predictive value and positive predictive value
of the HR data were used to determine the diagnostic accuracy
of ML for ICC. Significant differences were detected in almost
all overall and subgroup outcomes (Fig. 2; Table II) for the AUC,
accuracy, sensitivity, specificity, negative predictive value and
positive predictive value. Low to substantial heterogeneity was
found in the aforementioned subgroups, with no publication bias,
and low to high grade due to the influence of included study types.
For the aforementioned outcomes, it was found that the ML-based
diagnostic accuracy was greater than that of the clinical models
(SUCRA score closer to 1, with significant differences), which
initially proved that the ML-based diagnostic power was better
than that of clinical models.

Network meta-analysis outcomes. It remained unclear which
ML model had the best diagnostic accuracy. Therefore, due to
the small number of included studies, a network meta-analysis
was performed to determine the diagnostic accuracy ranking
of the ML and clinical models based on the AUC. Fig. 3 shows
the network diagram of the Al models with AUC. No inter-
section between the ML-based models was found, and thus,
clinical staging was used as a reference parameter in compar-
ison with the ML-based group in the networks meta-analysis.
A league table was generated according to the SUCRA score,
and it was found that Nomogram-T (training cohort) ranked
first, followed by Light GBM-T, Random forest-T, Light GBM-V
(validation cohort), Random forest-V, Nomogram-V and TNM
stage. In addition, significant differences between most models
were found (Fig. 4). Of note, the training cohorts ranked
higher than the validation cohorts, possibly due to the larger
sample size of the training cohort, resulting in an improved
training performance. The nomogram ranked first, meaning
that this model had the best diagnostic accuracy for patients
with recurrent ICC.

Random forest-V

Random forest-T

TNM staging

LightGBM-V

Nomogram-V

Nomogram-T

Figure 3. Network of eligible ML models for diagnosis accuracy using area
under the curve in intrahepatic cholangiocarcinoma. The nodes represent
the ML models among studies. The size of the nodes is proportional to the
number of patients. The width of the lines and the number of trials comparing
each pair of models are in direct ratio. GBM, Gradient Boosting Machine;
ML, machine learning; TNM, Tumor-Nodes-Metastasis; T, training cohort;
V, validation cohort.

Discussion

The present study focused on the diagnostic value of ML-based
models for recurrent ICC via pairwise and network meta-anal-
yses. First, 5 studies that included 1,247 patients with ICC were
selected and it was determined that the quality of the studies
was acceptable. Second, from the pairwise meta-analysis, it was
found that the ML-based diagnostic accuracy was greater than
that of clinical models (closer to 1, with significant differences),
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Figure 4. Network comparisons of the diagnostic accuracy when using area under the curve in all ML models included in the present study, reported in order of
the diagnosis effect according to the surface under the cumulative ranking curve score. The data in each grid represent the HRs and 95% ClIs, which is used to
compare the row vs. the column. An HR of >0 is favorable for the models stated in the rows. "P<0.05. CI, confidence interval; ES, effect size; GBM, Gradient

Boosting Machine; HR, hazard ratio; ML, machine learning; TNM, Tumor-Nodes-Metastasis; T, training cohort; V, validation cohort.

which initially proved that the ML-based diagnostic power was
more optimal than that of the clinical models. Third, according
to the network meta-analysis, the nomogram achieved the best
diagnostic accuracy for patients with recurrent ICC.

Patients with ICC may have jaundice, abdominal pain,
weight loss, loss of appetite and other symptoms. The presence
of these symptoms may indicate abnormalities in the intrahe-
patic bile ducts that require further examination. Abnormal
liver function is typically an early indicator of ICC, which
can reflect the functional status of the hepatobiliary system
of the patient and whether there is liver function damage. For
patients with ICC, ultrasound, CT, MRI and other imaging
examinations can help physicians find abnormalities in the
hepatobiliary system, judge whether there is bile duct dilata-
tion, stones and other conditions, and preliminarily assess the
possible presence of cholangiocarcinoma. A space-occupying
lesion of >2 cm may indicate the presence of ICC. Abnormal
a-fetoprotein (AFP) blood concentration is also a diagnostic
marker for ICC. When the AFP blood concentration is
=400 ng/ml and imaging examination shows the presence
of space-occupying lesions, the possibility of ICC should
be highly suspected. Histological examination is the gold
standard for diagnosis of ICC. Pathological examination of
resected tissues can also clarify important information such
as tumor type, grade and invasion degree, which guides the
choice of treatment plan (26,27). ML algorithms can effec-
tively process and analyze large-scale, high-dimensional data.
In the medical field, this means that valuable information can
be extracted from large amounts of clinical data, imaging data
and biomarkers, providing support for diagnosis. Traditional
methods typically rely on observational tumor features (large
and irregular in shape, unclear in margin and high in density)
for diagnosis, while ML algorithms can automatically learn
and extract useful features from raw data. This makes the
diagnostic model more flexible and accurate, and able to adapt
to the complexities of different diseases and individuals.

The comprehensive nomogram constructed in the study by
Bu et al (28) is a promising and convenient tool for evaluating
the risk of frailty in patients with diabetes and can aid clini-
cians in screening high-risk populations. In addition, it was
concluded that the nomogram constructed by Lin ez al (29) was
highly predictive for gastric cancer. It was also concluded by
Chong et al (30) that a preoperative radiomics-based random
forest nomogram is a potential biomarker of microvascular

invasion and recurrence-free survival prediction for patients
with a solitary hepatocellular carcinoma <5 cm. These find-
ings indicate that nomograms can have important roles in
improving diagnostic efficiency.

Random forest is an algorithm based on ensemble learning
that constructs multiple decision trees and integrates their
outputs to obtain more stable and accurate prediction results.
The advantages of Random forest include high parallelism
of training, ability to process high-dimensional features and
insensitivity to partial feature loss. However, this approach
also has several shortcomings; for instance, features with
more values easily have a greater impact on the decision, thus
affecting the stability of the Random forest model. LightGBM
is a ML model based on the gradient boosting decision tree
(GBDT). The main goal of LightGBM is to address the effi-
ciency and scalability issues of GBDT during the training
process. LightGBM has a wide range of applications in
multiple fields, particularly in handling high-dimensional and
large-scale datasets. A nomogram is a visualization tool for
predicting outcomes from multiple factor conditions. A nomo-
gram network uses a series of parallel lines to represent the
range and influence of different input factors. Users can obtain
the predicted values of the output factors by intersecting
different lines. This visualization allows users to intuitively
understand the relationships between factors and quickly
make predictions. Nomograms have important application
value in data analysis and decision-making processes (31,32).
Therefore, similar to our previous conclusions, nomogram
models are recommended for recurrent ICC.

In the present study, it was also found that the training cohort
ranked ahead of the validation cohort, which was a notable result
due to the frequently higher values of the combined results. ML
algorithms rely on a large amount of data in the training set to
predict recurrent tumor diagnosis, but due to the particularity and
difficulty of data acquisition, there may be data bias and sample
imbalance problems. This can compromise model performance
and generalization and requires appropriate processing and
optimization (33,34). For further research, the training cohort
used in the present study should be optimized for model stability
and reliability, and then research should be conducted using the
same ML-based model or a group of models that could increase
the stability of the model, and the ML-based diagnostic tumor
model was a unique innovation of the present study. There were
also some limitations to the present study. First, only 5 studies
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were included in the analysis, and the quality of these studies
was deemed acceptable. Follow-up studies could expand the
assessed disease types, such as from ICC to all liver cancer or
digestive tract tumors, and incorporate high-quality controlled
trials published in the future. Second, the heterogeneity from the
pairwise meta-analysis was large due to clinical factors. Third,
only one outcome could be included in the network meta-analysis
due to the small sample size.

In summary, the present meta-analysis concluded that the
application of an ML-based diagnostic model for patients
with recurrent ICC was more optimal than that of a clinical
model, and the nomogram model, which was ranked first,
is recommended for patients with recurrent ICC.
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