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Background: Currently, surgical resection is the mainstay for colorectal liver metastases (CRLM)
management and the only potentially curative treatment modality. Prognostication tools can support patient
selection for surgical resection to maximize therapeutic benefit. This study aimed to develop a survival
prediction model using machine learning based on a multicenter patient sample in Hong Kong.

Methods: Patients who underwent hepatectomy for CRLM between 1 January 2009 and 31 December
2018 in four hospitals in Hong Kong were included in the study. Survival analysis was performed using
Cox proportional hazards (CPH). A stepwise selection on Cox multivariable models with Least Absolute
Shrinkage and Selection Operator (LASSO) regression was applied to a multiply-imputed dataset to build a
prediction model. The model was validated in the validation set, and its performance was compared with that
of Fong Clinical Risk Score (CRS) using concordance index.

Results: A total of 572 patients were included with a median follow-up of 3.6 years. The full models for
overall survival (OS) and recurrence-free survival (RFS) consist of the same 8 established and novel variables,
namely colorectal cancer nodal stage, CRLM neoadjuvant treatment, Charlson Comorbidity Score, pre-
hepatectomy bilirubin and carcinoembryonic antigen (CEA) levels, CRLM largest tumor diameter,
extrahepatic metastasis detected on positron emission-tomography (PET)-scan as well as KRAS status. Our
CRLM Machine-learning Algorithm Prognostication model (CMAP) demonstrated better ability to predict
OS (C-index =0.651), compared with the Fong CRS for 1-year (C-index =0.571) and 5-year OS (C-index
=0.574). It also achieved a C-index of 0.651 for RFS.

Conclusions: We present a promising machine learning algorithm to individualize prognostications for
patients following resection of CRLM with good discriminative ability.
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Introduction

Colorectal cancer (CRC) has the third highest incidence
and second highest mortality among all malignancies
globally (1). In Hong Kong, CRC is the most common
malignancy and second highest cause of cancer-related
mortality, with over 20% of patients having metastasis at
initial presentation (2). The liver is the most common site,
accounting for approximately 50% of colorectal cancer
metastases (3).

Despite contemporary advances in chemotherapy,
hepatectomy remains the only curative treatment option
for resectable CRLM (4). However, recurrence occurs
in nearly three-quarters of patients within 16 months
post-resection (5). As such, prognostication tools have been
developed for the selection of patients to receive surgical
resection, to maximize therapeutic benefit (Table S1).

Of these, the most commonly cited is the Fong Clinical
Risk Score (CRS) for Colorectal Cancer Recurrence (6),
which considers overall survival (OS) based on 5 variables.
As all factors were equally weighted in a multivariable
analysis, this may have oversimplified the prognostic
impact of each. Since it was based on a single institution
with a limited number of patients, its external validity
and applicability in diverse population groups remain
controversial (7,8). Aside from CRS, other older but well-
established models include those from Nordlinger ez 4l (9)
and Iwatsuki ez /. (10).

More recent scoring systems such as the Genetic And
Morphological Evaluation (GAME) score (11) and modified
clinical score (m-CS) (12) have adapted to the modern
age of genomic and chemotherapeutic advancements by
including KRAS mutational status. However, as scores, they
still suffer from the same limitations as CRS and are not as
widely validated. There have been fewer studies on Asia-
Pacific populations, with existing literature based on single-
institution samples in Korea and China respectively (13,14)
and a multi-center cohort in Japan (15).

This study aimed to develop a survival prediction
model using machine learning on a multicenter patient
sample in Hong Kong incorporating established and novel
demographic, and clinicopathological variables. We present
this article in accordance with the TRIPOD reporting
checklist (available at https://hbsn.amegroups.com/article/
view/10.21037/hbsn-21-453/rc).
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Methods
Ethical approval

All research processes were conducted in accordance with
the Declaration of Helsinki (as revised in 2013). This study
was approved by the Institutional Review Board of The
University of Hong Kong and the Hong Kong West Cluster
of Hospital Authority, Hong Kong (Reference number UW
21-471).

Data source and variables

Data were anonymously extracted from electronic health
records from the Clinical Management System (CMS) and
Clinical Data Analysis and Reporting System (CDARS),
an electronic healthcare database managed by the Hong
Kong Hospital Authority. Patient-related variables were
extracted from patient records. This included dates of CRC
and CRLM diagnoses, dates of colorectal resection and
hepatectomy, sex, age, Charlson Comorbidity Score (16),
pre-hepatectomy bilirubin and carcinoembryonic antigen
(CEA) levels, and the use of systemic treatments including
neoadjuvant and adjuvant chemotherapy/radiotherapy for
CRC and CRLM. Post-hepatectomy variables including
follow-up status at the conclusion of the study, date of last
follow-up, date of death, postoperative mortality and cause
of death were also recorded if applicable.

Surgical variables for CRC [e.g., primary tumor location,
operation category (emergency or elective)], hepatectomy
approach (laparoscopic or open), hepatectomy extent [major
involving 3 or more segments, or minor operation involving
less than 3 segments (17)] and whether patients underwent
combined radiofrequency ablation (RFA) treatment were
recorded from operation reports. Pathological variables for
CRC, namely the largest tumor diameter, lymphovascular
invasion, venous infiltration, resection margin, tumor
differentiation, number of positive lymph nodes, and KRAS
status; for CRLM, namely number of tumor nodules, largest
tumor diameter, lymphovascular invasion, resection margin,
lobar involvement, and the new Edmondson grading for
differentiation were extracted from pathology reports.

Findings from the positron emission-tomography (PET)
imaging reports for CRLM were also noted, including
tumor location, number of tumors, largest tumor diameter,
and the presence of extrahepatic metastasis along with the
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Figure 1 The research pipeline for data preparation, analysis as well as model building and validation. All results from analyses on imputed
datasets were pooled. QMH, Queen Mary Hospital; CDARS, Clinical Data Analysis and Reporting System; LASSO, Least Absolute

Shrinkage and Selection Operator; OS, overall survival; RFS, recurrence-free survival.

number and location of extrahepatic lesions. Additionally,
whether extrahepatic lesions were resected and the timing
of resection were also noted when applicable.

The manuscript adheres to the Transparent Reporting
of multivariable prediction models for Individual Prognosis
or Diagnosis (ITRIPOD) statement (18). Investigators were
not blinded from the outcome or predictor variables.

Study population

Patients who underwent hepatectomy for CRLM between
1 January 2009 and 31 December 2018 in four hospitals
in Hong Kong (two teaching hospitals and two peripheral
hospitals) were included in this study. Patients were
excluded for the following: (I) unresected primary colorectal
malignancy before/during the entire study period, (II) first
liver metastasis treated by RFA only, (III) postoperative
mortality, and (IV) multiple synchronous primary
malignancies.

Statistical analysis

Statistical analysis and model building were performed
using R 4.0.6. (Figure 1).

Data preparation

Using the mice (Multivariate Imputation by Chained
Equations) statistical package (19), multiple imputation was
performed to handle missing data and to increase statistical
power and reduce bias. Missing values were replaced by five
plausible data values, predicted upon other baseline values
and/or outcomes. For all imputations, the results generated
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from analyses of the multiply imputed data were pooled,
i.e., the results were averaged and the total variance was
computed over the repeated analyses by Rubin’s rules (20).
Multiple imputation has been shown to provide more
validity than simple ad-hoc approaches such as excluding
entries with missing data or mean imputation (21,22).
Certain continuous variables were made categorical using
cutoffs derived from existing scoring systems including
preoperative CEA level and bilirubin levels, whereas and
the number of colorectal cancer lymph nodes affected was
grouped according to TNM nodal status staging. OS (time
between date of hepatectomy and the date of death), and
recurrence-free survival (RFS) (time between the date of
hepatectomy and the date of recurrence) were calculated.

Data analysis

Univariate Cox proportional hazards analysis was performed
on the data using the survival package (23), investigating the
association between all variables and the OS and RFS, as
well as their statistical significance.

Model building and selection

Data was randomized into training and validation sets in a
70:30 ratio. To address multicollinearity, arising from the
inevitable correlations between clinical predictors, Least
Absolute Shrinkage and Selection Operator (LASSO)
regression was performed using the glmnet package (24)
to shrink the estimates of collinear predictors to zero
and improve stability of predictions (25). With Cox
multivariable analysis as the foundation of the model,
backward model selection was applied on the non-zero
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variables using the mice package (19). Each variable was
removed in turn, and the pooled likelihood ratio P value
was calculated and compared between the Cox multivariable
models with and without the variable. If the P value of
the comparison between the two models was >0.05, the
corresponding variable would be removed. The procedure
was repeated on the smaller model until all significant
variables were removed.

The predictive model built on the training set predicts
both OS and RFS, and was internally validated on the
validation set, using Harrell’s Concordance index (C-index),
which handles censored data (26). The C-indices of our
model were compared with those of CRS. Comparison with
other more recent scoring systems such as GAME and m-CS
could not be done since the predicted survival probabilities
at different time points were not accessible.

Results
Baseline characteristics

Six hundred and fifty-two patients were screened, and a
total of 572 patients were included with a median follow-
up of 3.6 years [interquartile range (IQR): 2.5-5.7].
During the 9-year study period, 329 patients died. The
important clinical and pathologic characteristics of the
population are summarized in 7able 1, and further detailed in
"Table S2. 62.9% of patients were male, and the median age
was 62 (range, 24-94). Overall, left-sided CRC was the most
common primary tumor location (38.5%). 61.4% patients
presented with synchronous liver metastasis, but only 30.4%
received synchronous resection. The median Charlson
Comorbidity Index was 10 (IQR: 9.0-11.0). The median pre-
CRC resection CEA was 9.7 ng/mL (IQR: 3.9-42.0), and
the median pre-hepatectomy CEA was 12.0 ng/mL (IQR:
4.6-45.4). 33.3% of patients received 6 cycles of 5-FU-based
neoadjuvant chemotherapy prior to hepatectomy.

Regarding pathology, the median largest CRC and CRLM
diameters were 4.0 cm (IQR: 3.0-5.0) and 3.0 cm (IQR:
2.0-4.0) respectively. 41.2% of patients had KRAS mutations.
More than two thirds of the patients (69.3%) had unilobar
liver metastasis, and the median number of CRLM nodules
was 2 (IQR: 1.0-3.0; range, 0-8). This result was consistent
with the preoperative PET scan, which also showed 10.6% of
patients having extrahepatic metastasis.

There were no statistically significant differences
between the data distributions of the training and validation
sets (Table S2).

© HepatoBiliary Surgery and Nutrition. All rights reserved.
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Table 1 Baseline characteristics of the population

Variables Total (n=572)
Sex, n (%)
Male 360 (62.9)
Female 212 (37.1)

Age (years), median (Q1, Q3); range (min- 62 (56.8, 69.0);

max) (24-94)
Charlson Comorbidity Score, median (Q1, 10 (9.0, 11.0);
Q3); range (min-max) (8-16)

Presence of co-existing cancers (Hong Kong Top 10), n (%)

No 557 (97.4)
Yes 15 (2.6)
Number of lymph nodes positive in primary 1(0, 4.0
CRC, median (Q1, Q3)
Colorectal liver metastasis
Pre-treatment PET scan findings®
Number of tumor nodules, median (Q1, 1(1.0, 3.0);
Q3); range (min-max) (0-12)
Tumor location, n (%)
Unilobar 343 (70.6)
Bilobar 143 (29.4)
Largest tumor diameter (cm), median 2.5(1.6, 4.0);
(Q1, Q3); range (min-max) (0-16.8)
Extrahepatic metastasis, n (%)
No 423 (89.4)
Yes 50 (10.6)
Extrahepatic metastasis site, n (%)
Lung metastasis 28 (56.0)
Bone metastasis 6(12.0)
Other metastasis 16 (32.0)
Extrahepatic metastasis number, n (%)
Single extrahepatic metastasis 47 (94.0)
Multiple extrahepatic metastases 3(7.0)

Extrahepatic metastasis resection status, n (%)

Not resected 28 (56.0)
Resected before hepatic resection 10 (20.0)
Resected during hepatic resection 6 (12.0)
Resected after hepatic resection 6 (12.0)

Table 1 (continued)

HepatoBiliary Surg Nutr 2023;12(4):495-506 | https://dx.doi.org/10.21037/hbsn-21-453


https://cdn.amegroups.cn/static/public/HBSN-21-453-Supplementary.pdf
https://cdn.amegroups.cn/static/public/HBSN-21-453-Supplementary.pdf

HepatoBiliary Surgery and Nutrition, Vol 12, No 4 August 2023

Table 1 (continued)

499

Table 1 (continued)

Variables Total (n=572)

Variables Total (n=572)

Pre-operative investigations
Albumin (g/L), median (Q1, Q3) 40.0 (36.0, 43.0)

Bilirubin (umol/L), median (Q1, Q3); range
(min-max)

8.2 (6.0, 12.9);
(2.0-51.0)

Liver CEA (ng/mL), median (Q1, Q3); 12.0 (4.6, 45.4);

range (min-max) (0.7-4,040.0)
Liver pathology report findings
Largest diameter of liver metastasis (cm), 3.0 (2.0, 4.0);
median (Q1, Q3); range (min-max) (0.4-18.0)
Number of tumor nodules, median 2 (1.0,3.0);
(Q1, Q3); range (min-max) (0-8)
Lymphovascular invasion, n (%)
No 84 (52.5)
Yes 76 (47.5)
Tumor lobar involvement, n (%)
Unilobar 395 (69.3)
Bilobar 175 (30.7)
KRAS, n (%)
No mutation 250 (58.8)
Mutation 175 (41.2)
Treatment received
Neoadjuvant treatment, n (%)
No 378 (66.7)
Yes 189 (33.3)
Adjuvant chemotherapy, n (%)
No 161 (28.1)
Yes 411 (71.9)

Patients who received only neoadjuvant therapy, n (%)
No 523 (91.6)
Yes 48 (8.4)

Patients who received only adjuvant therapy, n (%)

No 302 (53.2)
Yes 266 (46.8)

Patients who received both neoadjuvant and adjuvant
chemotherapy, n (%)

No 427 (75.2)
Yes 141 (24.8)

Table 1 (continued)
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Follow-up

Status, n (%)

Censored (alive at the end of the study 243 (42.5)

or was lost to follow up)

Dead 329 (57.5)
RFS, median (Q1, Q3), days 419.0

(186.5, 1,159.8)

0OS, median (Q1, Q3), days 1,169.0
(771.5, 1,893.0)

DFI, median (Q1, Q3), days 0 (0, 218.0)

This table summarizes patient data on key clinically significant
variables only. Additional data on all the 65 variables
extracted from patient records is summarized in Table S2. 28,
For all patients, data was extracted from their pretreatment/
baseline PET scan, where available; for patients who received
neoadjuvant chemotherapy, data was extracted from their initial
PET scan prior to commencing any neoadjuvant treatment;
for the 24 patients who only had PET scan data available
after commencing treatment, this was not considered to be
representative of their baseline characteristics and thus their
PET scan data was not included in analysis. CRC, colorectal
cancer; CEA, carcinoembryonic antigen; PET, positron emission-
tomography; RFS, recurrence-free survival; OS, overall survival;
DFl, disease free interval.

Univariate cox proportional hazard analysis

Univariate analysis revealed that OS and RFS were
significantly associated with 27 and 22 variables respectively
(P<0.05) (Table S3). Significant variables for both OS
and RFS included CRLM clinical risk scores and their
parameters, CRC and CRLM pathological factors, liver
PET scan parameters, and treatment factors. Patient
demographic factors were not associated with either OS
or RFS.

Final model results

LASSO regression returned 17 non-zero variables for
both OS and RFS (Tible 2). Nine additional variables were
eliminated using backward model selection. The final
models for OS and RFS were conducted with the same list
of shortlisted 8 predictors (1able 2).

Kaplan-Meier curves plotted on the model’s predictions
on the imputed validation cohort demonstrated good
accuracy compared with the actual survival in the same
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Table 2 Predictors considered and selected for the final models

Overall survival

Recurrence-free survival

Final model Global P value: 2.583e-08

Global P value: 6.005e-06

Survival probability is 1 at baseline, which is the date of surgery Survival probability is 1 at baseline, which is the date of

Predictor variables

—_

. Bilirubin (>35 pmol/L) pre-hepatectomy

. Extrahepatic Metastasis detected on PET-scan
. CEA pre-hepatectomy (>200 ng/mL)

. Neoadjuvant treatment for CRLM

. CRC N stage

. KRAS mutation status

. Charlson Comorbidity Score

0 N o o A~ W N

. CRLM largest tumor diameter

Other non- 1. Adjuvant Chemotherapy following CRLM resection
0 predictors

Number of CRLM
from LASSO
regression . CRLM lymphovascular invasion
excluded . Largest CRLM tumor diameter on PET-scan
from the
final model

2.

3

4

5. CRC # of lymph nodes
6. CRC lymphovascular invasion

7. CRC resection margin

8. Disease free interval >1 year (Fong Score)
9

. Laparoscopic hepatectomy

Pooled
coefficient

0.41
0.25
0.28
0.25
0.18
0.17
0.06

surgery
Predictor variables Pooled
coefficient

2.31 1. Bilirubin (>35 pmol/L) pre-hepatectomy 1.46
2. CEA pre-hepatectomy (>200 ng/mL) 0.51
3. Neoadjuvant treatment for CRLM 0.43
4. Extrahepatic Metastasis detected on PET-scan  0.30
5. CRC N stage 0.30
6. KRAS mutation status 0.18
7. Charlson Comorbidity Score 0.12
8. CRLM largest tumor diameter 0.06

—_

. Adjuvant Chemotherapy following CRLM resection
. Number of CRLM

. Number CRLM >3 (Nordlinger)

. CRLM lymphovascular invasion

. Bilobar CRLM on PET-scan

. CRC lymphovascular invasion

. CRC resection margin

o N o o A~ W N

. Disease Free interval >1 year (Fong Score)

9. Laparoscopic hepatectomy

LASSO, Least Absolute Shrinkage and Selection Operator; PET, positron emission-tomography; CEA, carcinoembryonic antigen; CRLM,

colorectal liver metastases; CRC, colorectal cancer.

dataset, for both OS and RFS (Figure 2).

Our model gives OS and RFS predictions at continuous
time points with a global C-index for OS and RFS
respectively. Since CRS only gives 1-year and 5-year OS
predictions, our C-indices could only be compared with
those of CRS at these two timepoints. Validated in the
imputed validation cohort, our model demonstrated better
ability to predict OS, with a C-index of 0.651, compared
with the CRS for 1-year and 5-year OS, with a relative
improvement of 13.9% and 13.5% respectively. Our model
achieved a C-index of 0.651 for RFS (Table 3).

Discussion

Given that long-term outcomes post-hepatectomy may
vary widely among patients, prognostic tools are crucial in

© HepatoBiliary Surgery and Nutrition. All rights reserved.

facilitating individualized patient care and multidisciplinary
discussion and in identifying patients who may benefit from
specific therapeutic modalities. While a few traditional
scoring systems (6,9,10) have been validated in international
cohorts, they largely rely on histopathological variables and
do not consider newer treatment regimens or molecular
variables. More recent scores (11,12) which address KRAS
mutation status and neoadjuvant chemotherapy are not yet
widely validated in external cohorts, and their integer risk
scores inherently limit their accuracy in reflecting nonlinear
and complex interaction effects between predictors,
especially in the modern era of computed recording and
prediction.

We developed and internally validated a model that
predicts survival of patients with CRLM post-hepatectomy
for colorectal liver metastasis using data from 572 patients
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Figure 2 Kaplan-Meier curves plotted on the model’s predictions on the imputed validation cohort, compared with the actual survival and
the OS predicted by CRS. CRS, Clinical Risk Score; OS, overall survival.

Table 3 The performance of our model compared with CRS

Our model

Fong CRS Relative improvement

Overall survival
1-year survival 0.651 (95% CI: 0.537-0.765)
5-year survival

Recurrence-free survival 0.651 (95% CI: 0.597-0.705)

0.571 (95% ClI: 0.514-0.628) 13.9%

0.574 (95% Cl: 0.517-0.630) 13.5%

CRS, Clinical Risk Score; Cl, confidence interval.

across 4 major public hospitals in Hong Kong. This is the
first prognostication tool for CRLM patients in this locality.
When validated in an internal validation set, our model
CMAP demonstrated better ability to predict OS (C-index
=0.651), compared with the Fong CRS for 1-year (C-index
=0.571) and 5-year OS (C-index =0.574). It also achieved a
C-index of 0.651 for RFS.

In addition to tailoring to the local population, CMAP
accounts for recent advances in CRLM treatment by
integrating holistic prognostic information about a patient’s
premorbid status, genetic profile, imaging and blood test
findings as well as management in predicting patients’
recurrence and survival post-hepatectomy. The need
for individualized prognostication is being increasingly
emphasized in the modern era of precision medicine (27).

© HepatoBiliary Surgery and Nutrition. All rights reserved.

Instead of giving generalized estimates of survival by
categorizing patients into subgroups, our model is able to
account for 8 unique variables that are clinically important
in the current standard of care and provide individualized
predictions for recurrence and survival at continuous points
of time. This can facilitate more discussions tailored to each
patient’s unique situation depending on their priorities and
expectations of the disease course.

Furthermore, each variable of our model is independently
weighed in our machine learning model to enable more
accurate prediction of both OS and RFS. The a-CS model
developed by Paredes et al. (28), like ours, incorporated
machine learning to improve their robustness. Although
they reported higher discriminatory ability than the CRS
and m-CS, this comparison’s significance is debatable as
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their model calculates RFS, whereas CRS and m-CS predict
OS (29). In our model-building process, predictors for
RFS and OS were analyzed separately and while the final
model consists of the same list of variables, each model
accounts for different weights and interactions between the
variables. To ensure a fair comparison, only the OS model’s
performance was compared with that of CRS, which only
predicts OS.

Variables included in our model which are supported
in existing scoring systems include preoperative CEA
(6,11,14,15,28,30) size of liver metastases (6,9,10,12,14,
15,28,30), the presence of extrahepatic metastasis
(11,14,15,28,30), and positive nodal status of primary CRC
(6,11,12,30). Preoperative CEA has been found in studies to
impact OS and RFS as well as response to systemic therapy
(6,31). The largest tumor diameter of CRLM was used as
a continuous rather than a dichotomized variable as studies
have shown that binary cut-off values for this parameter
may not accurately represent its prognostic significance (32).
Existing literature reports that positive primary tumor
nodal status in patients with resectable CRLM predicts
poor RFS (33). The presence of extrahepatic metastasis
was previously considered an absolute contraindication to
hepatectomy; however, this notion has been challenged with
the advent of novel systemic therapeutic agents which have
expanded the criteria for surgical resectability (34). Our
model joins recent scoring systems which have similarly
included extrahepatic disease as a poor prognostic factor for
both OS and RFS (11,14,28,30). Further investigation into
specific factors impacting survival outcomes for surgically
fit patients with extrahepatic disease should be conducted
with the aim of identifying clearer determinants of surgical
fudlity.

In addition to these variables, the current model also
includes newer prognostic variables including the use of
neoadjuvant chemotherapy and KRAS mutation status,
similar to the recent m-CS and GAME score (11,12).
Patients with KRAS mutant status have poorer prognostic
outcomes given their associated resistance to Epidermal
Growth Factor Receptor (EGFR)-targeted therapies as
well as more aggressive tumor behavior (31); this has been
echoed in existing studies (35,36).

Neoadjuvant chemotherapy pre-hepatectomy was found
to be associated with worse OS and RFS, a result also
reported to be of interest in other studies (11,28,37,38).
This association may be due to the heterogeneity of
chemotherapy regimens used, interactions between

© HepatoBiliary Surgery and Nutrition. All rights reserved.

underlying factors such as tumor molecular status (11), or
the fact that patients receiving neoadjuvant chemotherapy
often have worse disease status and poorer surgical
prognosis to begin with (28). Upon additional retrospective
analysis of our study population, patients who received
neoadjuvant therapy were more likely to have had bilobar
liver metastasis (45.2% vs. 23.3%, P<0.001) and multiple
liver lesions (64.9% vs. 42.3%, P<0.001), when compared
to those directly undergoing hepatectomy. Future research
should assess the prognostic impact of patients’ baseline
disease status as well as specific therapeutic regimens
including chemotherapeutic agents used, number of cycles,
and objective parameters to measure treatment response.

Our inclusion of Charlson Comorbidity Score and
pre-hepatectomy bilirubin level reflects our effort to
include clinically available and practical predictors,
especially in this era where there is increasing evidence
for the use of parenchymal-sparing approaches for patient
tolerability (39). A high Charlson comorbidity score
was associated with higher short-term and long-term
mortality in patients by Robertson et /. (40), and was also
deemed useful in predicting lower OS in CRC patients
over 75 years of age in Japan (41). Yang et al. (42) reported
that pre-treatment direct bilirubin was an independent
prognostic factor for OS in stage IV CRC patients. Ma
et al. (43) found that a bilirubin level of >35 mmol/L was a
significant predictor of poor post-hepatectomy outcomes
for primary and secondary liver tumors. Additionally,
we utilized preoperative PET-CT results to detect the
presence of extrahepatic metastasis. Although some
studies suggest that preoperative PET-CT is not related
to improvements in OS or DFS in CRLM patients (44),
PET-CT has demonstrated high sensitivity for detecting
distant metastases (45). With PET-CT becoming a more
popular preoperative staging tool, future studies may fare
better should they incorporate the value of PET findings in
prognostic models.

However, certain variables included in previous scoring
systems were not found to be significant within this
model, including the number of metastatic hepatic lesions
(6,9,10,15,28,30) and a shorter disease-free interval (DFI)
(6,9,10,28). For the number of hepatic lesions, Jang ez al. (46)
also reported no statistically significant difference in OS
between patients with 1-2 CRLM nodules, compared to
those with 3-8 nodules. The advent of modern treatment
modalities may explain similar survival outcomes regardless
of the number of liver metastases (12). Similarly, other
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newer scores have also excluded DFT as a variable including
the m-CS (12,47) which did not find DFI to significantly
predict OS. Conversely, there is expanding literature regarding
the worse prognosis of metastases detected after surgical
resection (i.e., metachronous lesions) and adjuvant therapy for
the primary tumor compared to those synchronously detected,
potentially due to unfavorable biological characteristics such
as chemotherapy-resistance (12,48).

Our tool takes a holistic view of the patient, integrating
prognostic information about their premorbid status,
genetic profile, imaging and blood test findings as well
as management, allowing for more individualized risk
estimates that can be applied to complex clinical scenarios.
It will be deployed as a web-based or phone-based clinical
decision tool for clinicians to easily input 8 clinical data
points. Since our tool supports the predictions of OS and
REFS at continuous points in time, this can facilitate more
discussions tailored to each patient’s unique situation
depending on their priorities and expectations of the disease
course.

Limitations

Retrospective data extraction meant that potentially
important investigation results and reports, especially
those from in the private sector, were not always accessible
through electronic health records. Variables with a high
proportion of missing data included BRAF status (98.4%),
New Edmondson grading for colorectal cancer histology
(79.7%), and the presence of CRLM lymphovascular
invasion (72.0%). Additionally, certain molecular variables
such as NRAS status were not available on patient records.
Although the study included consideration of potential
confounders such as age and sex, others, like socioeconomic
status were not closely examined; this may warrant further
analysis. Furthermore, the retrospective nature of this study
may have introduced potential selection bias with respect
to the variables examined. This was minimized by a priori
inclusion of 68 clinically available raw variables for analysis
to avoid selective reporting or inclusion.

Data was collected on several other prognostic variables
that have been reported in existing literature such as
BRAF mutation status and PET findings, however there
was insufficient information from our database to draw
meaningful conclusions. BRAF mutation status was
found by recent studies and a meta-analysis to be strongly
associated with worse prognosis (49,50). However,
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information on BRAF status was only available for 1.6% of
patients in our database, thus precluding further conclusions
from being drawn. Tumor pathological response to
chemotherapy has also been associated with improved
survival (51,52). While we collected data on the use of
neoadjuvant chemotherapy, data unavailability prevented
measurement of tumor response by either radiological (e.g.,
RECIST) or circulating tumor cells (e.g., CyCAR) criteria,
both found to be independent prognostic factors for OS (53).

One of the variables in our model, the largest liver tumor
diameter, was determined post-operatively using pathology
reports. This is a common limitation faced by other
prognostication tools (6,11,32,54). It does not necessarily
affect the utility of the tool since CT imaging, as the
mainstay for CRLM diagnosis, can be readily substituted as
an accurate tool for determining the size of metastases (55).
However, future studies should attempt to build models
solely with pre-operative findings and compare them with
those built with post-operative findings to account for CT%
limitations as well as the differences between the initial CT
scan and operation.

The statistical methodology’s weaknesses should also be
considered when interpreting the results. Every statistical
model comes with certain assumptions in which the model’s
validity can be threatened if they are not met (56). A key
assumption in the Cox model is the proportional hazard
assumption, meaning the ratio of hazards (the output of a
Cox model) is constant over time. Future research should
include external validation in diverse cohorts as well as
prospective studies both locally and internationally to
assess accuracy. In addition, Margonis et /. (29) pointed
out the inherent limitation of building “One size fits
all” prediction models in heterogeneous populations. To
account for effect modification by factors that potentially
affect CRLM prognosis, patients should be stratified into
more homogenous groups according to variables such as
comorbid status, extrahepatic metastases, and biological
markers to increase accuracy and applicability. Future
research can use machine learning to better develop
personalized predictions for these sub-stratified populations
as identified through the preliminary findings of clinically
significant variables in this study. Additionally, given the
rapid progress in the field of newer oncological therapies
for late-stage cancers, we believe our model provides a
backbone for future analyses in this locality, allowing for
the incorporation of newer therapeutic regimens in future
models.
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Conclusions

We presented a promising machine learning algorithm for
survival prediction for patients following resection of CRLM.
Our model was built on multicenter patient data in Hong
Kong, considered new variables and addressed missing data
and multicollinearity. Our model demonstrated superior
performance than CRS for OS prediction, and an excellent
concordance index for both RFS and OS predictions.

In the future, other machine learning algorithms
should also be considered to further improve the model
performance. The deployment of the model, its evaluation
and external validation is reserved for a future publication as
it merits more discussion than can be included here.
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