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ABSTRACT ARTICLE HISTORY

Background and aims: Currently, there are still no definitive consensus in the treatment of Received 20 September 2022

intrahepatic cholangiocarcinoma (iCCA). This study aimed to build a clinical decision support Revised 6 December 2022

tool based on machine learning using the Surveillance, Epidemiology, and End Results (SEER) ~ Accepted 13 December 2022

database and the data from the Fifth Medical Center of the PLA General Hospital in China.

Methods: 4,398 eligible patients from the SEER database and 504 eligible patients from the hos- | : . -
. . . . . . ntrahepatic cholangiocarci

pital data, who presented with histologically proven iCCA, were enrolled for modeling by cross- noma; machine-learning;

validation based on machine learning. All the models were trained using the open-source prognostic system;

Python library scikit-survival version 0.16.0. Shapley additive explanations method was used to clinical decision

help clinicians better understand the obtained results. Permutation importance was calculated

using library ELI5.

Results: All involved treatment modalities could contribute to a better prognosis. Three models

were derived and tested using different data sources, with concordance indices of 0.67, 0.69,

and 0.73, respectively. The prediction results were consistent with those under actual situations

involving randomly selected patients. Model 2, trained using the hospital data, was selected to

develop an online tool, due to its advantage in predicting short-term prognosis.

Conclusion: The prediction model and tool established in this study can be applied to predict

the prognosis of iCCA after treatment by inputting the patient’s clinical parameters or TNM

stages and treatment options, thus contributing to optimal clinical decisions.

KEYWORDS

KEY MESSAGES

e A prognostic model related to disease staging and treatment mode was conducted using the
method of machine learning, based on the big data of multi centers.

e The online calculator can predict the short-term survival prognosis of intrahepatic cholangio-
carcinoma, thus, help to make the best clinical decision.

e The online calculator built to calculate the mortality risk and overall survival can be easily
obtained and applied.

Introduction However, many patients are found to be in the

Intrahepatic cholangiocarcinoma (iCCA) is the second  advanced stage and lose the opportunity to undergo
most common primary liver cancer, accounting for the radical surgery. In addition, after iCCA patients
10-15% of all primary liver cancers [1], with rising inci- undergoing radical surgery, the five-year survival still
dence and mortality rate globally [2]. Radical surgery ~ remains poor, less than one-third [3]. Achieving opti-
is the curative treatment for early-stage iCCA patients. ~ mal outcomes depends on a skilled, multidisciplinary
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team that is experienced with the management of
advanced biliary disease [4]. The alone or combination
of the following methods, chemotherapy, locoregional
therapies (such as percutaneous ablation, transarterial
chemoembolization and external radiation) and sys-
temic therapy, represent valid options to improve sur-
vival in iCCA patients, especially for patients who are
poor candidates for resection [5]. Gemcitabine and cis-
platin combination regimen is recommended as the
standard first-line systemic therapy for iCCA patients
[6]. The role of targeted therapy and immunotherapy
is still inconclusive, and patient subgroups that can
benefit from monotherapy or combination therapy
with standard-of-care chemotherapy remains to be
identified [4].

There is still no mature recommended regimen for
the multidisciplinary treatment of iCCA. Therefore, the
retrospective studies based on historical data are of
great significance in clinical decision-making. This
study aimed to retrospectively analyze the staging,
treatment, and prognosis of iCCA patients from data-
base of the Fifth Medical Center of PLA General
Hospital in China (hospital data) and the Surveillance,
Epidemiology, and End Results (SEER) database, which
is supported by the Surveillance Research Program of
the NCI Division of Cancer Control and Population
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Sciences [7], and anticipate to build a predictive
model that correlates treatment methods to assist
doctors and patients in making the optimal clin-
ical decisions.

Methods
Study design and cohort

Patients histologically diagnosed with iCCA at the Fifth
Medical Center from 2010 to 2020 were enrolled.
Patients were excluded if they meet the following cri-
teria: (1) pathological diagnosis of iCCA performed at
other institutions; (2) patients with extra CCA or gall-
bladder cancer; (3) patients with mixed or combined
hepatocellular carcinoma-CCA; (4) patients who died
within one month after operation; and (5) patients
who were hospitalized only once without a second
follow-up (Figure 1(a)).

Patients with histologically proven iCCA who had
valid follow-up data from 2000 to 2018 in the SEER
Plus database were included. Meanwhile, the patients
were required to have documented ethnicity and clear
TNM staging. Patients were excluded if they were
diagnosed with iCCA through autopsy or death certifi-
cates only. ICD-10-CM codes C22.1 and ICD-O-3 code
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Figure 1. Data screening process from the hospital database (1a) and SEER database (1b).



8160/3 were used for screening. The data selection
process for the SEER database was shown in
Figure 1(b).

Intervention and outcome variables

The common variables were extracted from both data
sources, including sex, age, race, tumor size, tumor
number, peritoneal invasion, vascular invasion, perfor-
ation of visceral peritoneum, local extrahepatic struc-
ture invasion, lymph node metastasis, and distant
metastasis. The fibrosis score was discarded, due to
missing values among approximately 90% of the
patients in the SEER database. Tumor staging was
coded and unified according to the seventh or eighth
edition of the TNM staging system of the American
Joint Committee on Cancer of the United States [8].
Interventions were classified as surgical therapy,
locoregional therapy, radiation, and systemic therapy,
which mainly involve chemotherapy in this study and
a small amount of targeted therapy and immunother-
apy. The variable labeled ‘Specific Surgery of Primary
Site Codes’ in the SEER database was split into surgical
therapy and locoregional therapy, with the variable
coded 10-17 as locoregional therapy and the others
as surgical therapy.

Data analysis and model construction

In this study, the prognostic models that could predict
survival by inputting information of tumor stage and
treatment options were explored and validated to
help clinicians making the optimal decisions. The vari-
ables, such as age, sex, tumor characteristics, TNM
stages, and treatment modalities, were subjected to
univariate Cox regression analysis.

The data consist of a binary value representing
whether the patient died or alive and a time value
representing survival time or observation and follow-
up time. The random survival forest, an extension of
the random forest model, which is suitable for analyz-
ing time-to-event data, was chosen to construct the
prognostic models in the open-source Python library
scikit-survival version 0.16.0 (Python version 3.7.6)
[9,10]. Three models, generated and validated using
different data sources, were built and compared. The
training and testing sets for the three models were
obtained as follows:

e Model 1: The model was trained using 4398
patients from the SEER dataset and tested with 504
patients from hospital data.
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e Model 2: Training was conducted using 504
patients from the hospital, while testing was con-
ducted among 499 Asian patients from the SEER
dataset, which had comparative maximum and
minimum survival times with the training set. Since
the training set is from single center, bootstrap
resampling was used for internal validation.

e Model 3: The two datasets were mixed and ran-
domly formed a training set of 80% (3661) and a
test set of the remaining 20% (916) after remov-
ing duplicates.

The performance of the models was tested based
on the concordance index (C-index) of the training
and test datasets, as well as the C-index based on the
out-of-bag estimate of the training sets. Cumulative/
dynamic time-dependent areas under the receiver
operating characteristic (ROC) curve (AUC) was also
calculated to evaluate the models [9]. As part of the
evaluation of Model 3, a 95% confidence interval (Cl)
was calculated for each performance assessment by
bootstrapping a sample (60%) from the training set
and test set 500 times.

To evaluate the effect of the features, permutation
importance was calculated by measuring the reduc-
tions in the test score after randomly shuffling each
feature [11]. Shapley additive explanations (SHAP) was
also used to explain these models [12,13]. SHAP is a
model interpretation package developed in Python
that can interpret the output of any machine-learning
model. For each predicted sample, the SHAP value
was assigned to each feature. The absolute value of
the SHAP was larger, the influence of the feature was
greater. The sign of the value indicated whether the
feature positively or negatively influenced the result,
and the red and blue colors represented the value of
the feature. If the color of the dot was more on the
red side, then the value of the feature was relatively
high in all the samples. Similarly, it is bluer, the value
was lower. Permutation importance was calculated
using the library ELI5 (version 0.11.0), and SHAP
Python framework (version 0.40.0).

Results
Baseline characteristics

Data of 4,398 eligible patients with iCCA from the
SEER database and 504 eligible patients from hospital
data were extracted (Table 1). For the 4,398 eligible
patients, the mean age was 65years, 50.16%
(n=2206) patients were male. White race accounted
for 77.44% (n=3406), followed by Asian or Pacific
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Islander (12.61%), Black (9.11%), and American Indian/
Alaska Native race (0.84%). The proportion of patients
in stage IV was the highest at 42.43% (n=1866), fol-
lowed by stage | (20.05%), stage IlIB (16.60%), stage I
(15.39%), and stage IlIA (5.53%). Systemic therapy was
most common in 2429 patients (55.23%). A total of
1122 (25.51%) patients underwent surgical therapy,
687 (15.56%) patients received radiation, and only 114
(2.59%) patients received locoregional therapy, 25.74%
patients did not receive any of the above treatment,
which could roughly be regarded as palliative care.
For the 504 patients from the hospital data, the mean
age was 55years, and 69.04% were male. The propor-
tion of patients in stage Il iCCA was the highest
(44.44%; n=224), followed by stages | (25.99%), IV
(15.08%), llIB (12.70%), and IlIA (1.79%). Locoregional
therapy was the most common treatment modality in
293 patients (58.13%), followed by resection in 231

patients (45.83%), systemic therapy in 64 patients
(12.7%), and radiation in 56 patients (11.11%), 37.9%
of patients didn't receive any of the above treatment.

As shown in Table 2, univariate Cox regression ana-
lysis was performed to describe the possible prognos-
tic factors with the overall survival. Considering the
common variables of the two databases, the hazard
ratios and the corresponding P values and Cls of age,
sex, race, TNM stage, and the treatment methods on
the prognosis were only described. For the SEER data,
the risk of death in males was greater than that in
females, and the risk increased with age and TNM
stage, and all treatments could reduce the risk, how-
ever race was not a significant factor that can affect
the prognosis of iCCA patients,. For hospital data, only
indicated surgery and TNM stage had the same signifi-
cant influence on the patients’ prognosis, which might
be due to few patients with certain data variables.

Table 1. Demographic characteristics from SEER database and the Fifth Medical Center of PLA General

Hospital dataset.

Features SEER database (N=4398) Hospital database (N =504)
Sex
Male 2206 (50.16%) 348 (69.04%)
Female 2192 (49.84%) 156 (30.95%)
Race
Black 401 (9.11%) —
White 3406 (77.44%) —
Asian or Pacific Islander 554 (12.61%) 504
American Indian/Alaska Native (0.84%) —
Age (Mean +SD) 65.01£11.95 54.94+£10.32
TNM stage
| 882 (20.05%) 131 (25.99%)
Il 677 (15.39%) 224 (44.44%)
A 243 (5.53%) 9 (1.79%)
1B 730 (16.60%) 64 (12.70%)
\% 1866 (42.43%) 76 (15.08%)
Surgical Therapy
Yes 1122 (25.51%) 231 (45.83%)
No 3276 (74.49%) 273 (54.17%)
Systemic Therapy
Yes 2429 (55.23%) 64 (12.70%)
No 1969 (44.77%) 440 (87.30%)
Radiation
Yes 687 (15.62%) 56 (11.11%)
No 3711 (84.37%) 448 (88.89%)
Loco-regional Therapy
Yes 114 (2.59%) 293 (58.13%)
No 4284 (97.41%) 211 (41.87%)
Table 2. Univariate cox regression analysis of two database.
SEER database Hospital database
Features HR p value 95% Cl HR p value 95% Cl
Sex 1.232 <0.001 1.153-1.316 1.139 0.252 0.911-1.424
Race 0.957 0.047 0.916-0.999 —
Age 1.015 <0.001 1.012-1.018 1.012 0.015 1.002-1.022
TNM stage 1.313 <0.001 1.284-1.343 1.246 <0.001 1.155-1.343
Surgical Therapy 0.277 <0.001 0.254-0.303 0.363 <0.001 0.291-0.452
Radiation 0.698 <0.001 0.636-0.767 1.003 0.986 0.731-1.375
Systemic Therapy 0.733 <0.001 0.686-0.784 0.757 0.153 0.517-1.109
Loco-regional Therapy 0.590 <0.001 0.474-0.735 1.158 0.177 0.936-1.432




Model performance

All eight variables in Table 1 were used to predict the
overall survival in the different models. The perform-
ance evaluation measurements of the models were
summarized in Table 3. The test C-indexes for model
1, 2, and 3 were 0.67, 069 and 0.73 (95% Cl:
0.71-0.73), respectively. The C-index of internal valid-
ation for model 2 was 0.7 by bootstrap resampling
100 datasets from the hospital data of length 400 to
500. The time-dependent AUCs at 15-time points,
which were selected within the 5th and 95th percen-
tiles from the survival time distribution of each

Table 3. Model performance summary.
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model’s corresponding test set, were shown in Figure
2. Model 3 outperformed Models 1 and 2 at all-time
points, and Model 1 was better at predicting long-
term survival status (after 15 months), while Model 2
was better at predicting short-term survival status
(within 15 months).

Feature importance of the three models

The feature importance rankings based on permuta-
tion importance for all three models were listed in
Table 4. All of these were calculated using the test
datasets described in the Methods section. SHAP was
also used to explain the models, and the summary
plots were shown in Figure 3. In all three models,
‘Surgical Therapy’, ‘Systemic Therapy’, and ‘TNM Stage’
were the three most primary variables in predicting
the survival time of iCCA patients. From the SHAP
summary plots, the following patterns were observed:

Model 1 Model 2 Model 3
Train C index 0.7459 0.7173 0.7316 (0.7311-0.7486)
Test C index 0.6680 0.6909 0.7270 (0.7142-0.7285)
Oob C index 0.7361 0.6581 0.7169 (0.7172-0.7345)
Average AUC 0.7502 0.7478 0.8096 (0.7860-0.8077)
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Figure 2. Time-dependent AUC for the three models (Dash-line: mean AUC).

Table 4. Feature importance calculated based on permutation importance.

Model 1 Model 2 Model 3
Weight Feature Weight Feature Weight Feature
0.1169 +0.0347 Surgical Therapy 0.1141 +£0.0089 Surgical Therapy 0.1170£0.0107 Surgical Therapy
0.0356 + 0.0228 TNM Stage 0.0788 +0.0073 Systemic Therapy 0.0583 +0.0089 Systemic Therapy
0.0116 +0.0044 Systemic Therapy 0.0350+0.0037 TNM Stage 0.0515+0.0192 TNM Stage
0.0051+0.0036 Age 0.0170+0.0033 Radiation 0.0064 +0.0036 Age
0.0048 +0.0027 Radiation 0.0048 +0.0028 Age 0.0047 +0.0027 Loco-regional Therapy
0.0041 £ 0.0055 Loco-regional Therapy 0.0031+0.0016 Sex 0.0038 £ 0.0026 Radiation
0.0004 +0.0015 Sex 0+0.0000 Race 0.0004 +0.0013 Sex
0+0.0000 Race -0.0006 + 0.0004 Loco-regional Therapy 0.0004 + 0.0006 Race
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Figure 3. SHAP summary plots of three models.

Note: Each point on the plot represents a particular feature of a particular patient. Its y-coordinate is determined by the feature that the point represents,
and its x-coordinate is determined by its impact on the model's output, which, in our case, is the risk score. The color of the point indicates its value from
high to low, according to the color bar on the right. The features on the y-axis are ordered by their importance.

e TNM Stage: An advanced stage yielded a higher

risk score.

e Systemic therapy: Similar to

Surgical therapy: Patients with history of surgical
therapy had lower risk scores, while those without
history of surgical therapy had higher risk scores.
Locoregional therapy: Without previous locore-
gional therapy, there was no significant impact on
the risk score, but with history of locoregional ther-
apy would lower the risk score.

surgical therapy,
patients with history of systemic therapy had lower
risk scores, while those without history of systemic
therapy had higher risk scores.

Radiation: The absence of previous radiotherapy
did not significantly influence the risk scores, but a
history of radiotherapy lowered the risk scores.
Age: Older patients tended to have higher
risk scores.
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Survival month Survival status Sex Race Age TNM Stage Surgical Therapy  Radiation Systemic Therapy Loco-regional Therapy
0 12,1 Dead Male Asian 63 1\ No Yes No No
1 23.8 Dead Male Asian 58 \Y No Yes No Yes
2 87.2 Dead Male Asian 62 | Yes No No Yes
3 10.5 Alive Male Asian 64 \Y) No Yes Yes No
4 34,5 Alive Male Asian 59 1B No No Yes No
5 118.3 Alive Female Asian 47 1l Yes No No No
Model 1 Model 2 Model 3
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Figure 4. Six random patients’ survival functions and cumulative hazard functions were predicted by three different models.

o Sex: Males were more likely to have higher risk
scores than females.
e Race: No significant influence.

Model demonstration on random patients

To visualize the prediction results of the models, six
patients were randomly selected from the hospital
data, the features of patients were input into three
models for prediction, and the results were shown in
Figure 4. The upper three subfigures showed the sur-
vival functions of each model, which demonstrate the
change in survival probability over time for different
patients. The lower three subfigures showed the
cumulative hazard function of each model, which
reflected the cumulative risk of death of patients at
different time points. The curves consisted of the true
survival times of the patients.

Model output

Since the overall survival of patients with iCCA was
relatively poor, short-term prediction was more helpful
for tailoring clinical decision making. In addition,
Model 2 was trained using the hospital data and
tested using Asian patients in the SEER database, it
was more suitable for Chinese patients, considering
the etiological differences between different races and
the treatment disparity of different cohorts [14]. Thus,

we chose to develop a web application based on
Model 2, which was generated from hospital data,
using the public website (http://icc-predict.dr-gobroad.
com/). Overall survival and mortality risk could be
quickly estimated by inputting clinical parameters,
TNM stage, and treatment options (Supplementary
Fig. 1).

Discussion

In this study, the machine learning-based model pro-
vided a convenient tool not only for predicting the
outcome of iCCA but also for improving the outcome
by helping physicians to make the optimal clinical
decision. Although many studies focusing on the
prognosis or predictive models of ICC, few studies
were involved in the main treatment methods, thus
could not be directly used for the option of multidis-
ciplinary treatmentoption. Apart from the prognostic
factors in 8th AJCC staging system, other variables
such as microvascular invasion, tumor budding and
perineural invasion are also strong independent pre-
dictors of survival for the iCCA patients after resection,
however these variables can only be accurately eval-
uated in those patients who have undergone surgery
[14,15]. To explore the common prognostic factors of
different stages of iCCA, we also used the hospital
data to generate a nomogram involving ALB, LDH,
serum iron, FIB, Ca125, Ca199, tumor number, lymph


http://icc-predict.dr-gobroad.com/
http://icc-predict.dr-gobroad.com/
https://doi.org/10.1080/07853890.2022.2160008
https://doi.org/10.1080/07853890.2022.2160008

222 (&) S-N.ZHOU ET AL.

node invasion and distant metastasis [16]. There are
many other serum indicators reported to be related to
the prognosis of iCCA, such as CRP [17,18], CEA [19],
D-dimer [20], etc. Cal199 is a frequently mentioned
prognostic marker of iCCA, and it is also closely
related to the diagnosis of iCCA [21]. Due to its miss-
ing in SEER database, Ca 199 was not included in this
study. Considering the main purpose of this study, the
power of prognostic factors and the accessibility of
data, we finally used the variables including age, sex,
the factors in the TNM stage and the main treatment
methods to build the model. In the context of
absence of mature recommendations, models built
with treatment options to predict survival can serve as
a powerful tool for new subjects [22,23].

Machine learning has been increasingly applied in
clinical settings to assist physicians with better recom-
mendations [24,25]. Compared with traditional data
analysis, machine learning is easier to process the
complex and multi-dimensional big data [26]. In this
study, the machine learning involved big data with
obvious heterogeneity, such as regional differences,
ethnic differences and year-related treatment methods
differences, and different combination of treatment
methods. It was an innovative attempt to help us
build a relatively stable model from the complex data.

Due to the different data sources, the inclusion/
exclusion criteria of the SEER and hospital data were
not completely consistent. The same criteria were
used to select the data, for example, the same version
of the TNM stage. Therefore, we believed the two
datasets could be used to validate each other. A limi-
tation of this study was that the number of subjects in
a local hospital was relatively small. Although we used
data from the SEER database for external validation,
there remains lacking of some important variables
because of the differences between the two data sour-
ces. For example, we could not directly obtain infor-
mation regarding the underlying causes of liver
disease from the SEER database. In addition, because
of the sample size, the treatment methods could only
be generally divided into surgical therapy, locoregional
therapy, radiation, and systemic therapy. A few
patients received immunotherapy, thus they could
only be included in the systemic therapy. To minimize
the data inconsistency, model 2 was trained using the
hospital data and tested with selected ethnicity and
survival time to generate the network calculator. Thus,
this prediction tool should have a better prediction
effect among the Chinese and Asian populations.

Novel detection and treatment methods should be
explored to predict poor prognosis in iCCA patients.

Genomic and transcriptome profiling can be used to
identify mutations or aberrations of targeted genes
(such as TP53, KRAS, IDH1/2 and FGFR) for novel
therapies (such as IDH1/2 inhibitors and FGFR inhibi-
tors) [27]. Liquid biopsies could play a major role as
minimally invasive screening and diagnostic bio-
markers, prognostic tools and therapeutic monitoring
targets [28]. Furthermore, they can also be referred to
or encouraged to enter ongoing clinical trials and
ultimately strive for the best outcomes.

With the emergence of new treatment methods,
current prediction models are need to be updated to
meet the clinical standards through incorporating
more valuable data. We are also exploring a dynamic
artificial intelligence model that can continuously inte-
grate and learn new medical records, thus achieving a
more accurate prediction. Our machine learning-based
prediction model for iCCA is expected to serve as an
effective tool for supplementing high-evidence clinical
practice and contribute to physicians’ clinical decisions
conveniently.
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