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Abstract

Background Skeletal muscle loss during treatment is associated with poor survival outcomes in patients with ovarian
cancer. Although changes inmusclemass can be assessed on computed tomography (CT) scans, this labour-intensive pro-
cess can impair its utility in clinical practice. This study aimed to develop a machine learning (ML) model to predict mus-
cle loss based on clinical data and to interpret the MLmodel by applying SHapley Additive exPlanations (SHAP)method.
Methods This study included the data of 617 patients with ovarian cancer who underwent primary debulking surgery
and platinum-based chemotherapy at a tertiary centre between 2010 and 2019. The cohort data were split into training
and test sets based on the treatment time. External validation was performed using 140 patients from a different ter-
tiary centre. The skeletal muscle index (SMI) was measured from pre- and post-treatment CT scans, and a decrease
in SMI ≥ 5% was defined as muscle loss. We evaluated five ML models to predict muscle loss, and their performance
was determined using the area under the receiver operating characteristic curve (AUC) and F1 score. The features
for analysis included demographic and disease-specific characteristics and relative changes in body mass index
(BMI), albumin, neutrophil-to-lymphocyte ratio (NLR), and platelet-to-lymphocyte ratio (PLR). The SHAP method
was applied to determine the importance of the features and interpret the ML models.
Results The median (inter-quartile range) age of the cohort was 52 (46–59) years. After treatment, 204 patients
(33.1%) experienced muscle loss in the training and test datasets, while 44 (31.4%) patients experienced muscle loss
in the external validation dataset. Among the five evaluated ML models, the random forest model achieved the highest
AUC (0.856, 95% confidence interval: 0.854–0.859) and F1 score (0.726, 95% confidence interval: 0.722–0.730). In
the external validation, the random forest model outperformed all ML models with an AUC of 0.874 and an F1 score
of 0.741. The results of the SHAP method showed that the albumin change, BMI change, malignant ascites, NLR
change, and PLR change were the most important factors in muscle loss. At the patient level, SHAP force plots demon-
strated insightful interpretation of our random forest model to predict muscle loss.
Conclusions Explainable ML model was developed using clinical data to identify patients experiencing muscle loss af-
ter treatment and provide information of feature contribution. Using the SHAP method, clinicians may better under-
stand the contributors to muscle loss and target interventions to counteract muscle loss.
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Introduction

Ovarian cancer is the most lethal gynaecological malignancy,
with approximately 313 959 new cases and 207 252 deaths
worldwide in 2020.1 The treatment for ovarian cancer is
cytoreductive surgery with adjuvant or neoadjuvant chemo-
therapy. However, skeletal muscle loss occurs during treat-
ment and compromises the survival outcomes.2–7 Muscle loss
can be overlooked and may not be identified by changes in
body weight.5 Therefore, muscles in these patients should
be assessed to identify loss and target interventions to pre-
serve and recover muscle.

Skeletal muscle mass can be objectively measured using
cross-sectional computed tomography (CT) at the level of the
third lumbar vertebra (L3).8 Previous studies have revealed
the usefulness of CT-based muscle measurements in patients
with ovarian cancer.3–6 However, the utility of such measure-
ments may be limited in clinical practice because the required
process is labour-intensive and time-consuming.9 To assess
changes in muscle, pre- and post-treatment CT scans should
be processed by specific software, and the muscle is manually
or semi-automatically segmented on a cross-sectional image
at L3 to calculate the area of skeletal muscle. The skeletal mus-
cle index (SMI) is then calculated using themuscle area and pa-
tient height, and the changes in muscle mass are evaluated.10–
12 However, the CT scans at L3 may be unavailable for analysis.
Therefore, simpler methods to identify patients with muscle
loss in clinical practice should be devised.

Machine learning (ML) has recently demonstrated
favourable performance in predicting clinical information,
such as outcomes and diagnoses. Compared to traditional
statistical methods, ML can handle complex interactions
and non-linear relationships, leading to its increased use in
clinical research where the outcomes of interest often de-
pend on complex relationships between many factors.13–15

While ML has undergone significant and continuous progress
in the past decade, ML models are often considered black
boxes that are difficult to interpret. Recent advances in ex-
plainable artificial intelligence methods can help to interpret
ML models. Explainable artificial intelligence is a set of
methods that allows clinicians and researchers to compre-
hend the decision-making processes and output created by
ML algorithms. This approach has also been proposed to
make ML models more transparent and thus help advance
the adoption of artificial intelligence in clinical practice.16

Therefore, we hypothesized that ML models may enable clini-
cians to predict muscle loss from clinical data, and using ex-
plainable artificial intelligence methods may enable clinicians
to interpret the ML model predictions for a patient and pro-
vide deeper insights into muscle loss.14

This study aimed to develop an explainable ML model
using clinical data to predict skeletal muscle loss during treat-
ment in patients with ovarian cancer and to assess the feasi-
bility of explainable ML models in clinical practice.

Materials and methods

Study population

This retrospective cohort study examined ML models to pre-
dict skeletal muscle loss in patients with ovarian cancer. This
study was approved by Institutional Review Board of MacKay
Memorial Hospital (MMH) and Changhua Christian Hospital
(CCH), and the requirement for informed consent was waived
because the study met the criteria for minimal risk to the
study participants. We followed the reporting guidelines in
TRIPOD (transparent reporting of a multivariate prediction
model for individual prognosis or diagnosis).

The dataset was obtained from the institutional gynae-
cological cancer database of MMH and CCH. The data from
MMH were used to train and test ML models, whereas the
data from CCH were used for external validation. We re-
viewed patients diagnosed with International Federation of
Gynecology and Obstetrics (FIGO) stage IC–IVA ovarian can-
cer and treated with primary debulking surgery (PDS) and ad-
juvant platinum-based chemotherapy at MMH between
January 2010 and December 2019 and at CCH between
January 2017 and December 2019. Patients were included
in the analysis if they had CT scans within 2 weeks before
PDS and within 3 months after adjuvant chemotherapy and
blood tests within 1 week before each CT scan. We excluded
patients with any of the following characteristics: (1) refusal
to undergo chemotherapy, (2) no follow-up data, (3) CT scans
of insufficient quality, and (4) missing blood test data. From
937 screened patients from these two institutions, 757 pa-
tients were included in this study (Figure S1).

Data processing

Feature selection was performed using domain expertise, and
features with potential discriminative power to predict
muscle loss were selected.5,13,17–19 Demographic features in-
cluded age, Eastern Cooperative Oncology Group (ECOG) per-
formance status, and body mass index (BMI). Disease-specific
features included FIGO stage, histological type and grade,
residual disease status after PDS, and malignant ascites.
Systemic inflammatory features included serum albumin,
neutrophil-to-lymphocyte ratio (NLR), and platelet-to-lym-
phocyte ratio (PLR). The relative changes (%) in BMI,
albumin, NLR, and PLR were calculated based on the corre-
sponding values at the times of pre- and post-treatment CT
scans. Changes in these features were selected for analysis
because changes in BMI and systemic inflammation are
dynamic and associated with muscle loss during treatment.9

Using longitudinal data also provides more useful informa-
tion than using values at a single timepoint in ovarian
cancer.6 The data for the included patients were complete
because records with missing values were excluded, and
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the application of an imputation method was not required.
For data standardization, features were rescaled with respect
to the z scores.

Outcome variable

Skeletal muscle change was calculated using pre- and post-
treatment CT scans acquired before PDS and within 3 months
of adjuvant chemotherapy completion, respectively. One re-
searcher, who was blinded to the patient information, used
the 3D Slicer software (Version 4.11) to measure the
cross-sectional area (cm2) of the skeletal muscle on a single
axial CT image at L3. Hounsfield units between �29 and
+150 were used to define skeletal muscle areas,8 which were
normalized based on the patient’s height to determine the
SMI (cm2/m2). The change (%) in SMI during treatment was
calculated as

SMI change %ð Þ ¼ SMIpost � treatment � SMIpre � treatment

SMIpre � treatment
� 100

According to the current definition of cachexia and our
previous studies, a decrease in SMI of at least 5% is classified
as muscle loss, while a decrease below 5% or gain of SMI is
classified as muscle maintain.5,20

Machine learning models

We split the data from MMH into training and test sets based
on the treatment time. Data from patients treated between
January 2010 and December 2016 were selected for the
training set to construct the models, while data from patients
treated between January 2017 and December 2019 were
used for the model internal testing. The data from CCH were
used for external validation.

We constructed and tested five supervised ML models:
logistic regression (LR), random forest (RF), k-nearest neigh-
bour (K-NN), support vector machine (SVM), and extreme
gradient boosting (XGBoost). The Python Scikit-learn library
(Version 1.0.1, https://github.com/scikit-learn/scikit-learn)
was used to build the ML models: (1) LR (LogisticRegression),
(2) RF (RandomForestClassifier), (3) K-NN (KNeighborsClas-
sifier), (4) SVM (SVC), and (5) XGBoost (XGBClassifier).21 The
training set was randomly split into two subsets for training
(70%) and validation (30%). The bootstrap method was
implemented with 500 replications to derive the confidence
interval (CI) of the area under the receiver operating charac-
teristic curve (AUC), sensitivity, specificity, precision, and F1
score. The AUC and F1 score were the major indices of the
model performance comparison.22,23 The five ML models
were implemented using their default hyperparameter set-
tings in the Python Scikit-learn library.

We used the SHapley Additive exPlanations (SHAP)
method to interpret the ML models and determine the ef-
fects of features on predictions. The SHAP method is useful
for interpreting ML models at the cohort or patient level.24

The SHAP values of each feature for all the patients were sep-
arately aggregated and averaged to investigate the impor-
tance of the features for prediction. The SHAP feature impor-
tance plot shows the global importance of each feature
where a larger mean absolute SHAP value of a feature indi-
cates higher importance of the feature for model prediction.
The SHAP summary plot shows the effect of each feature on
the prediction model. Each dot on the SHAP summary plot
represents a SHAP value for a feature per patient, and the
colour from red to blue represents the feature value from
high to low. SHAP dependence plots were created to explain
the influence of certain features on the model prediction. The
SHAP method was implemented in Python using SHAP
Version 0.40.0.

Statistical analyses

Continuous data are presented as mean and standard devia-
tion or median and inter-quartile range (IQR), and categorical
data are presented as frequencies and percentages. The pa-
tient and tumour characteristics between groups were com-
pared using the chi-squared test for categorical variables
and independent-samples t test for continuous variables.
Changes in body composition and inflammatory parameters
were assessed using paired t tests. All analyses were con-
ducted using Python Version 3.7.3 and IBM SPSS (Version
26.0; IBM, Armonk, NY, USA). Statistical significance was set
at P < 0.05 (two-sided).

Results

Basic characteristics

A total of 757 were included in this study. Comparing pre-
and post-treatment CT scans in the entire cohort, the SMI
decreased by 1.7% (41.2 vs. 40.3 cm2/m2; 95% CI: �1.1 to
�0.6; P < 0.001). The changes in SMI were not significantly
different between two institutions (�1.8% vs. �1.7%;
P = 0.89). Among the patients, 204 (33.1%) patients experi-
enced muscle loss during treatment in the training and test
datasets, while 44 (31.4%) patients experienced muscle loss
during treatment in the external validation dataset. The me-
dian (IQR) duration of CT scans was not significantly different
between the groups (Table 1).

The patient characteristics are summarized in Table 1. The
median (IQR) age of the entire cohort was 52 (46–59) years.
The distribution of age, ECOG, and disease-specific features
did not significantly differ between the training and test sets
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and external validation set. Patients with ECOG 1, FIGO stage
III–IVA, higher histological grade, residual disease, and malig-
nant ascites were more likely to experience muscle loss dur-
ing treatment. In addition, patients in the muscle loss group
had a significantly decreased BMI during treatment com-
pared with patients in the muscle maintain group. Patients
with muscle loss had significantly decreased albumin levels
and increased NLR and PLR during treatment compared with
patients with muscle maintenance in the training and test
sets and external validation set.

Model evaluation and interpretation

Of the ML models used to predict muscle loss in the train-
ing set, RF and SVM exhibited the highest AUC (RF: 0.856,
95% CI: 0.854–0.859; SVM: 0.856, 95% CI: 0.853–0.859)
(Figure 1A and Table 2). The F1 score was used to further
compare the performances of the ML models because the
F1 score measures the accuracy in imbalanced datasets
and reflects a harmonic combination of precision and

recall, where precision is the positive predictive value and
recall is the sensitivity.22,23 The RF model achieved the
highest F1 score (0.726, 95% CI: 0.722–0.730). In the test
set, the RF model also achieved a higher AUC value of
0.844 and F1 score of 0.706 (Figure 1B and Table S1). With
the independent external validation data (n = 140), the
SVM and RF models exhibited higher AUC values (SVM:
0.880; RF: 0.874) among the five ML models (Figure 1C),
while the RF model achieved the highest F1 score of
0.741 (Table 3). Therefore, downstream analysis was per-
formed using the RF model.

The SHAP feature importance for the RF model is shown in
Figure 2A. The evaluated features are ordered from the
highest to lowest mean absolute SHAP values, ranking the
impact of features on the prediction. The top 5 important
features were the albumin change, BMI change, malignant
ascites, NLR change, and PLR change. The SHAP summary plot
of the RF model shows the impact of features on the predic-
tion model (Figure 2B). Based on the prediction model, a
higher SHAP value of a feature indicates a greater likelihood
of muscle loss. For example, patients with decreased albumin

Table 1 Patient and tumour characteristics

Characteristics

Training and test sets (n = 617) External validation set (n = 140)

Muscle loss
(n = 204)

Muscle maintain
(n = 413) P value

Muscle loss
(n = 44)

Muscle maintain
(n = 96) P value

Demographic data
Age (years) 53 (46–59) 51 (45–58) 0.19 52 (48–57) 53 (46–61) 0.75
ECOG performance status 1 91 (44.6) 84 (20.3) <0.001 18 (40.9) 21 (21.9) 0.02
Pre-treatment BMI (kg/m2) 22.8 ± 3.9 22.1 ± 3.1 0.02 22.7 ± 3.0 22.2 ± 2.6 0.29
Post-treatment BMI (kg/m2) 22.5 ± 3.9 22.6 ± 3.1 0.81 22.4 ± 2.8 22.4 ± 2.7 0.99
Change in BMI (%) �1.2 ± 5.8 2.3 ± 3.9 <0.001 �1.2 ± 4.4 1.1 ± 3.4 <0.001

Disease-specific data
FIGO stage III–IVA 131 (64.2) 209 (50.6) 0.001 31 (70.5) 49 (51.0) 0.03
Serous carcinoma 115 (56.4) 214 (51.8) 0.29 26 (59.1) 51 (53.1) 0.51
Histological grade 0.002 0.02
Grade 1 24 (11.8) 93 (22.5) 4 (9.1) 23 (24.0)
Grade 2 73 (35.8) 145 (35.1) 13 (29.5) 36 (37.5)
Grade 3 107 (52.5) 175 (42.4) 27 (61.4) 37 (38.5)

Residual disease after PDS <0.001 0.03
No residual disease 96 (47.1) 293 (70.9) 24 (54.5) 68 (70.8)
Residual disease ≤1 cm 63 (30.9) 83 (20.1) 12 (27.3) 23 (24.0)
Residual disease >1 cm 45 (22.1) 37 (9.0) 8 (18.2) 5 (5.2)

Malignant ascites 135 (66.2) 125 (30.3) <0.001 30 (68.2) 31 (32.3) <0.001
Systemic inflammatory data
Albumin (g/L)
Pre-treatment 38.8 ± 5.4 40.7 ± 5.0 <0.001 40.4 ± 2.9 41.1 ± 3.5 0.21
Post-treatment 35.4 ± 6.4 41.6 ± 4.9 <0.001 36.6 ± 4.0 41.9 ± 2.9 <0.001
Change (%) �8.7 ± 11.7 2.6 ± 9.6 <0.001 �9.3 ± 9.4 2.3 ± 7.5 <0.001

NLR
Pre-treatment 4.6 ± 4.4 4.3 ± 4.2 0.54 4.8 ± 3.5 4.5 ± 3.5 0.63
Post-treatment 5.1 ± 5.1 2.4 ± 1.5 <0.001 5.0 ± 2.7 3.1 ± 2.0 <0.001
Change (%) 48.7 ± 144.7 �21.0 ± 52.9 <0.001 36.6 ± 86.7 �10.1 ± 50.4 <0.001

PLR
Pre-treatment 273.4 ± 194.1 260.0 ± 279.9 0.54 237.1 ± 127.5 267.0 ± 205.6 0.38
Post-treatment 265.5 ± 185.4 164.8 ± 78.0 <0.001 223.0 ± 120.0 193.0 ± 119.8 0.17
Change (%) 21.6 ± 86.4 �15.8 ± 47.9 <0.001 18.3 ± 87.2 �9.1 ± 52.8 0.02

Duration between CT scans
(days)

174 (167–187) 175 (164–186) 0.84 176 (166–184) 176 (169–184) 0.70

Note: Data are median (IQR), mean ± standard deviation, or number (%). Abbreviations: BMI, body mass index; CT, computed tomogra-
phy; ECOG, Eastern Cooperative Oncology Group; FIGO, International Federation of Gynecology and Obstetrics; IQR, inter-quartile range;
NLR, neutrophil-to-lymphocyte ratio; PDS, primary debulking surgery; PLR, platelet-to-lymphocyte ratio.
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levels during treatment are more likely to develop muscle
loss compared to those with increased levels. In addition,
patients with elevated NLR or PLR during treatment are more
likely to develop muscle loss than those with decreased
ratios. Furthermore, the SHAP dependence plot shows the ef-
fect of a feature on the RF prediction (Figure 3). Patients with
decreased albumin levels and BMI (decrease in the x-axis
value) were associated with a higher SHAP value, indicating
a higher likelihood of muscle loss (increase in the y-axis
value). Additionally, increased NLR and PLR values were asso-
ciated with higher SHAP values.

Figure 1 Receiver operating characteristic curves showing the muscle loss predictive performance of the machine learning models in (A, B) the training
and test datasets and (C) external validation dataset. K-NN, k-nearest neighbour; LR, logistic regression; RF, random forest; SVM, support vector ma-
chine; XGBoost, extreme gradient boosting.

Table 2 Evaluation of model performance in the training set

AUC Sensitivity Specificity Precision F1 score

LR 0.845 (0.842, 0.848) 0.630 (0.624, 0.636) 0.921 (0.918, 0.923) 0.800 (0.794, 0.806) 0.702 (0.698, 0.707)
RF 0.856 (0.854, 0.859) 0.685 (0.679, 0.690) 0.903 (0.900, 0.906) 0.780 (0.775, 0.785) 0.726 (0.722, 0.730)
K-NN 0.806 (0.803, 0.809) 0.579 (0.573, 0.585) 0.905 (0.903, 0.908) 0.754 (0.748, 0.760) 0.652 (0.648, 0.657)
SVM 0.856 (0.853, 0.859) 0.609 (0.604, 0.615) 0.929 (0.927, 0.932) 0.812 (0.807, 0.818) 0.694 (0.689, 0.698)
XGBoost 0.849 (0.846, 0.852) 0.682 (0.677, 0.688) 0.894 (0.891, 0.897) 0.764 (0.758, 0.770) 0.718 (0.714, 0.722)

Abbreviations: AUC, area under the receiver operating characteristic curve; K-NN, k-nearest neighbour; LR, logistic regression; RF, random
forest; SVM, support vector machine; XGBoost, extreme gradient boosting.

Table 3 Evaluation of the model performances in the external validation
set

AUC Sensitivity Specificity Precision F1 score

LR 0.832 0.704 0.854 0.688 0.696
RF 0.874 0.750 0.875 0.733 0.741
K-NN 0.811 0.568 0.906 0.735 0.641
SVM 0.880 0.727 0.875 0.727 0.727
XGBoost 0.865 0.750 0.854 0.702 0.725

Abbreviations: AUC, area under the receiver operating characteris-
tic curve; K-NN, k-nearest neighbour; LR, logistic regression; RF,
random forest; SVM, support vector machine; XGBoost, extreme
gradient boosting.
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Explanation of machine learning model at the
patient level

To evaluate the contributions of features for individual pa-
tients using the RF model, we applied the SHAP method to ex-
plain the individual predictions from two patients (Figure 4).
The colour represents the contributions of each feature, with
red being positive and blue being negative. The length of the

colour bar represents the contribution strength. For Patient A,
who was in the ‘true positive’ group, the RF model predicted
a 92.0% probability of muscle loss (Figure 4A). For Patient B,
who was in the ‘true negative’ group, the RF model predicted
a 12.0% probability of muscle loss (Figure 4B).

Patient A was a 57-year-old woman with ECOG 1. She was
diagnosed with FIGO stage III ovarian cancer, high-grade
serous carcinoma, and malignant ascites. The patient

Figure 2 (A) SHapley Additive exPlanations (SHAP) feature importance shown according to the mean absolute SHAP value of each feature. (B) SHAP
summary plot showing the distribution of the SHAP values of each feature. Each dot represents a SHAP value for a feature per patient. The x axis rep-
resents the SHAP value, and the colour varying from red to blue represents the feature value from high to low, respectively. BMI, body mass index;
ECOG, Eastern Cooperative Oncology Group; FIGO, International Federation of Gynecology and Obstetrics; NLR, neutrophil-to-lymphocyte ratio;
PLR, platelet-to-lymphocyte ratio.
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Figure 3 SHapley Additive exPlanations (SHAP) dependence plots of model features: (A) albumin change, (B) body mass index (BMI) change, (C) neu-
trophil-to-lymphocyte ratio (NLR) change, and (D) platelet-to-lymphocyte ratio (PLR) change. The y axis represents the SHAP values of features, and the
values of certain features are shown in the x axis. Each dot represents a SHAP value for a feature per patient, and colour from red to blue represents
the feature’s value from high to low. SHAP values for specific features exceeding zero represent an increased risk of muscle loss development.

Figure 4 SHapley Additive exPlanations (SHAP) force plot of (A) Patient A (true positive) and (B) Patient B (true negative). The colour represents the
contributions of each feature, with red being positive and blue being negative. The length of the colour bar represents the contribution strength. BMI,
body mass index; ECOG, Eastern Cooperative Oncology Group; NLR, neutrophil-to-lymphocyte ratio; PLR, platelet-to-lymphocyte ratio.
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underwent complete resection with no macroscopic residual
disease after PDS. Then, after adjuvant chemotherapy, the
patient’s SMI decreased by 6.3% and the BMI increased by
5.0%. She showed decreased albumin levels by 15% (40 vs.
34 g/L), increased NLR by 104.7% (1.6 vs. 3.2), and increased
PLR by 92% (140.2 vs. 269.2). The results suggest that
decreased albumin, ECOG 1, increased PLR and NLR, and
the presence of malignant ascites are the main contributors
to obtaining accurate muscle loss predictions.

Patient B was a 52-year-old woman with ECOG 0. The pa-
tient was diagnosed with FIGO stage III ovarian cancer with
high-grade serous carcinoma. Malignant ascites were not
observed. The patient underwent complete resection with
no macroscopic residual disease after PDS. After treatment,
she exhibited an increased SMI by 17.5% and increased BMI
by 4.1%. In terms of systemic inflammatory markers, she
showed increased albumin levels by 21.2% (33 vs. 40 g/L), de-
creased NLR by 35.5% (3.6 vs. 2.3), and decreased PLR by
26.6% (197.8 vs. 145.3). The results suggest that increased
albumin, decreased NLR, absence of malignant ascites,
decreased PLR, and ECOG 0 are the main contributors of
muscle maintenance.

Discussion

This is the first study to use ML models to predict muscle loss
after PDS and adjuvant chemotherapy in patients with
ovarian cancer. We evaluated five ML methods for prediction,
with the RF model showing the highest performance. The RF
model was also validated using external data from another
hospital to ensure the credibility and generalizability of the
results. Furthermore, we explored explanations of the RF
model using the SHAP method. The most important features
were the albumin change, BMI change, presence of malig-
nant ascites, NLR change, and PLR change.

ML models for predicting CT-based muscle loss in patients
with oesophageal cancer have been evaluated in a previous
study.9 An ensemble model of LR and SVM using only changes
in BMI and laboratory data as inputs achieved an AUC of
0.808. In addition to these data, we included other clinical
and disease-specific features to develop ML models, and
the RF model achieved an AUC of 0.856 and F1 score of
0.726. In the external validation dataset, the RF model also
outperformed the ML models with an AUC of 0.874 and F1
score of 0.741. To interpret our RF model, we identified the
top predictors of muscle loss for the population using SHAP
summary and dependence plots and for individual patients
using SHAP force plots. The SHAP results showed that
changes in BMI, albumin, NLR, and PLR, which can be easily
evaluated in clinical practice, are important features for the
ML model to predict muscle loss. In addition, the presence
of malignant ascites is important in the RF model, suggesting

catabolic effects of ascites on muscle mass in patients with
ovarian cancer.18

Systemic inflammation is a dynamic process, and its in-
crease may trigger muscle breakdown.17 Albumin has been
recognized as a negative inflammatory marker related to
systemic inflammation. The serum concentration of albumin
decreases during the acute phase response associated with
acute and chronic illness and inflammation.25 Conversely,
NLR and PLR are positive inflammatory markers.19,26

Integrating serum albumin, NLR, and PLR in ML models
may provide more comprehensive information regarding
the patient’s inflammatory state.27 Notably, the SHAP
dependence plot shows the effect of inflammatory features
on the RF prediction. In the two patients whose outcomes
were correctly predicted, changes in these inflammatory
features were the main contributors to the prediction, with
additional contributions provided by the ECOG performance
status and the presence of malignant ascites. Therefore,
patients with muscle loss would likely present increased
systemic inflammation after treatment, which triggers
muscle breakdown.17 These findings suggest that anti-
inflammatory interventions may modulate systemic inflam-
mation to help preserve muscle during treatment for
these patients. Nutrition and physical activity had been
suggested to maintain muscle; however, the effectiveness
of nutrition and physical activity can be limited in patients
with increased systemic inflammation.28–30 Potential
anti-inflammatory interventions include eicosapentaenoic
acid and some targeted anti-inflammatory medications in-
cluding anti-interleukin-6 (IL-6) therapy or combined beta-
blocker and cyclooxygenase 2 inhibition.31–35 Exercise may
also help reduce systemic inflammation and improve muscle
in cancer patients.36,37 However, whether these interven-
tions based on the model predictions can modulate the
inflammatory association of body composition with cancer
outcomes remains unclear and needs to be investigated in
future studies.

This study has various limitations. First, although our ML
model was trained and tested using data from a single
high-volume gynaecological oncology centre and validated
using a single external institution that is also a high-volume
gynaecological oncology centre, a more diverse population
from multiple institutions is needed to further train and vali-
date the ML model. Second, this study could not identify the
timepoint at which patients experienced significantly lowered
muscle mass during treatment because we could only analyse
pre- and post-treatment CT scans acquired during routine
cancer care. In real-world clinical practice, CT scans during
treatment would be acquired only when clinically indicated.
Therefore, in this study, CT scans for more diverse timepoints
during surgery and adjuvant chemotherapy were unavailable
for most patients. This study was also unable to identify
whether surgery or chemotherapy was the major cause of
muscle loss. Further studies with CT scans involving more
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timepoints may provide more comprehensive information to
evaluate the prediction of muscle loss. Third, several
variables were neglected in the models, including nutritional
status, handgrip strength, physical activity, and other sys-
temic inflammatory markers (e.g., C-reactive protein and IL-
6), which may influence the model performance. Fourth,
the ML model of this study may not be applicable to patients
who undergo neoadjuvant chemotherapy and interval
debulking surgery. PDS followed by adjuvant chemotherapy
is the primary treatment for ovarian cancer, and all the pa-
tients in this study underwent such treatments.38 Neoadju-
vant chemotherapy followed by interval debulking surgery
is an alternative treatment option for ovarian cancer when
PDS is not possible because of poor surgical candidates or a
low likelihood of optimal cytoreduction. Although these two
treatments have similar clinical outcomes,39 the differences
in sequence of surgery and chemotherapy may contribute
to different variations of muscle mass. Models for muscle loss
predictions in patients who undergo neoadjuvant chemother-
apy followed by interval debulking surgery need to be
developed in future studies.

Conclusions

ML models using easily available clinical data can identify pa-
tients with muscle loss after PDS and adjuvant chemotherapy
for ovarian cancer. The SHAP method allows the interpreta-
tion of predictions provided by ML models, leading to ex-
plainable ML models for clinical application. The explanations
generated by the SHAP plots provide valuable insights into

the sources of muscle loss for individual patients. This
information may support patient counselling and targeted
interventions to counteract muscle loss.
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