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Abstract
Context: Accurate prognosis prediction for cancer patients in palliative care is critical for clinical decision-
making and personalized care. Traditional statistical models have been complemented by machine learning
approaches; however, their comparative effectiveness remains underexplored.

Objectives: To assess the prognostic accuracy of statistical and machine learning models in predicting 30-
day survival in patients with advanced cancer using objective data, such as the result of the blood test.

Methods: A secondary analysis of the Japan-Prognostic Assessment Tools Validation (J-ProVal) study was
performed from September 2012 to April 2014. We used data from 58 palliative care services in Japan and
enrolled 915 patients. Four models, fractional polynomial (FP) regression, Kernel Fisher discriminant
analysis (KFDA), Kernel support vector machine (KSVM), and XGBoost, were compared using 17 objective
clinical characteristics. Models were evaluated with the area under the receiver operating characteristic
curve (AUC) as the primary metric.

Results: The KSVM model demonstrated the highest predictive accuracy (AUC: 0.834), outperforming the FP
model (AUC: 0.799). XGBoost showed comparatively lower performance; however, it was likely limited by the
size of the dataset.

Conclusions: Machine learning, particularly KSVM, has high predictive accuracy in palliative care when
sufficient data are available. However, our findings suggest that traditional statistical models offer
advantages in stability and interpretability, underscoring the importance of tailored model selection based
on data characteristics.

Categories: Palliative Care
Keywords: advanced cancer patients, machine learning models, palliative and end-of-life care, prognostic prediction,
traditional statistical models

Introduction
Accurate prognosis prediction is essential for informed clinical decision-making, resource allocation, and
patient-centered treatment options and goals of care discussion [1-4]. However, predicting the prognosis of
cancer patients is challenging due to a complex interplay of various factors. Physician-based prognostication
is often inaccurate, with a tendency to overestimate survival [5].

Prognostic models for cancer patients in palliative care have evolved over the years. Since the 1990s,
subjective data, such as physical symptoms, have been incorporated into these models [6]. Recently, there
has been a shift toward using objective data, including laboratory test results. Previous studies reported that
objective data-based models offer superior performance in palliative care settings [7,8].

Fractional polynomials (FP) modeling is a method that is recommended by the Guidelines for Transparent
Reporting of a Multivariable Model for Individual Prognosis or Diagnosis [9]. Our previous study reported
that FP modeling had better accuracy than existing prediction models using only objective data in palliative
care [7].

Traditional statistical methods, such as FP, have been the primary approach for developing objective data-
based prognostic models in palliative care. However, machine learning techniques for developing prediction
models have emerged as a promising alternative method in recent years [10,11]. The FP model is an
extension of traditional regression in statistics that expresses the relationships between the outcome and
the patient characteristics. In this study, we apply three machine learning techniques. Kernel Fisher
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discriminant analysis (KFDA) and Kernel support vector machines (KSVM) are methods that use Kernel
techniques to handle complex, nonlinear patterns in data. XGBoost is a tree-based method that combines
multiple decision trees to improve prediction accuracy, offering features like nonlinear prediction and
efficient computation. Statistical models enable us to understand relationships within data, emphasizing the
evaluation of statistical parameters and their inference by confidence intervals and hypothesis testing. They
prioritize interpretability, allowing for clear insights into the influence of each variable. In contrast,
machine learning techniques aim to learn patterns from data to enhance prediction and classification
accuracy. They often prioritize predictive performance over interpretability, seeking to generalize to future
data.

Although there is a burgeoning interest in using machine learning for prognostication, the comparative
performance of statistical and machine learning models in palliative care remains to be elucidated. We
aimed to compare the prognostic accuracy of statistical and machine-learning models in predicting the
survival of cancer patients using objective data in palliative care.

Materials And Methods
We performed a secondary analysis of the Japan-prognostic assessment tools validation (J-ProVal) study.
The J-ProVal was a multicenter prospective cohort study that was performed to investigate the feasibility
and accuracy of existing prognostic tools. The methodology has been reported in detail elsewhere [12-14].

We compared the prediction performances of various statistical methods or machine learning methods in
predicting the prognosis of patients with advanced cancer. Data were obtained from 58 palliative care
services in Japan from September 2012 through April 2014. The participating services included 19 hospital
palliative care teams, 16 palliative care units, and 23 home-based palliative care services. The primary
physician of each patient performed an evaluation and recorded the demographic and clinical characteristics
of the participants. Data from laboratory tests were only obtained if the patient underwent blood tests as a
clinical necessity within one week after enrolment.

The J-ProVal study was conducted in accordance with the ethical standards of the Declaration of Helsinki
and the ethical guidelines for research presented by the Ministry of Health, Labour, and Welfare of Japan.
The Institutional Review Boards of all participating services approved this study and the use of the existing
J-ProVal data for secondary analysis. The authors did not have access to any information that could identify
individual participants during or after data collection.

Patients
Eligible patients were enrolled consecutively as they were referred to the participating services throughout
the study period. All services were asked to evaluate and collect data on a specific number of patients, such
as 20, 40, 60, 80, or 100, based on the size of the service. Patients were eligible for the study if they were
adults (aged 20 years or older); had locally advanced or metastatic cancer (including hematopoietic
neoplasms); and had been admitted to a palliative care unit, referred to a hospital palliative care team, or
were receiving home-based palliative care.

Measurements and variables
Survival time was defined as the period from the day of referral to the date of death. If patients survived for
<6 months after enrollment, survival time was defined as 180 days and they were censored at that time.

The physician assessed variables on the day of admission, including the patient's age, sex, site of the
primary tumor and metastases, anticancer treatment during the one-month period before assessment (such
as chemotherapy, hormone therapy, or radiotherapy), symptoms and general condition, vital signs (heart
rate and respiratory rate), and the results of blood tests performed during the one-week period before
assessment.

We also recorded the demographic and clinical characteristics of the participants, including the age, gender,
site of primary cancer, metastatic site, Eastern Cooperative Oncology Group performance status, and
anticancer therapy (including chemotherapy, hormone therapy, and radiotherapy).

Statistical analysis
We collected the following patient characteristics: heart rate, respiratory rate, leukocyte count ( /L),
neutrophil count ( /L), lymphocyte count ( /L), platelet count ( /L), urea (mg/dL), creatinine
(mg/dL), alanine transaminase (U/L), alkaline phosphatase (U/L), total bilirubin (mg/dL), lactate
dehydrogenase (U/L), albumin (g/dL), and C-reactive protein (mg/dL). Using patient characteristics as
features, we predicted whether patients would survive 30 days after enrollment.

We also included additional features calculated from these 14 patient characteristics: neutrophil to
lymphocyte ratio [15], prognostic nutritional index (prognostic indicator derived from serum albumin levels

 

2024 Hamano et al. Cureus 16(12): e76227. DOI 10.7759/cureus.76227 2 of 8

javascript:void(0)
javascript:void(0)


and total lymphocyte count) [16], and platelet to lymphocyte ratio [17]. Thus, we used a total of 17 features
in the analysis, which is the same as the analyses conducted in our previous study [7]. Four models were used
for prediction: FP regression [18], KFDA[19], KSVM[20], and XGBoost [21].

FP model 
In this study, we apply the logistic regression model as a statistical method. The logistic regression model
expresses (the logarithms of) the odds of the outcomes  by a weighted sum such as 

, where s are patient characteristics (explanatory variables). FP model is an
extension of the logistic regression model by using the exponent of explanatory variables, hence the odds are
expressed by . In our analysis, we use the same value of s

in Hamano et al. (2018). This model is called a linear model even when  or  is used in the context of

statistical models because the outcome is expressed by the sum of them (linear combination). While this
model is less flexible than the machine learning techniques that will be described below, it has advantages in
the sense that we can understand the influence of each variable  to  by the magnitude of , evaluate its
stability by the confidence intervals, and test its significance.

KFDA and KSVM 
KFDA and KSVM are commonly used discriminative models. KFDA discriminates classes of observations
with a -dimensional feature vector  using the function , where a is the d-dimensional

coefficient vector. In KFDA, a is determined by maximizing the ratio of the between-group variance to the
within-group variance [19].

KSVM is a method that discriminates sets by maximizing the distance (margin) between two parallel
hyperplanes  and  that separate the two classes of data. KSVM discriminates
classes of observations with the -dimensional feature vector  using the function ,

where  is a -dimensional coefficient vector and  is a constant. In KSVM, sets are discriminated such
that  for a feature  and an objective function . However, this condition
only applies in linearly discriminative cases; thus, the constraints are relaxed and set ,
where ξ is the slack variable and represents the degree of violation between two hyperplanes 
and . In KSVM, the sum of slack variables increases as the margin increases. KSVM
discriminates sets by increasing the margin while keeping the sum of slack variables as small as possible [19].

In practice, linear discriminant methods, such as KFDA and KSVM, sometimes fail to discriminate data. In
such cases, discriminant performance can be improved by applying nonlinear transformations to the data.
For example, Figure 1 below shows data that were difficult to discriminate linearly, but by applying the
transformation , linear discrimination became possible (Figure 2).

FIGURE 1: Example of nonlinear transformation (colors indicate groups)
Data that cannot be discriminated linearly
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FIGURE 2: Example of nonlinear transformation (colors indicate groups)
Data after transformation to allow for linear discrimination

The kernel method is an efficient method for computing the inner product of data with such nonlinear
transformations. Using the kernel method, the inner product of the transformed values  and 
by a nonlinear function  is represented by the kernel function . In
many analytical methods, it is not necessary to explicitly express the nonlinear transformation; rather, it is
sufficient to perform an inner product calculation [22]. This technique, known as the kernel trick, achieves
calculations in complex nonlinear spaces. Thus, KFDA and KSVM are methods that apply kernel methods to
KFDA and KSVM, respectively [19,20]. Both of these methods use the kernel method for flexible nonlinear
discrimination. On the other hand, they differ in terms of dimensionality compression, robustness against
outliers, and computational speed. KFDA performs dimensionality reduction to avoid the "curse of
dimensionality," in which accuracy is reduced when the number of features is large. Compared to KFDA,
KSVM is less affected by outliers and can reduce the number of calculations by using only part of the data
[20,23]. For the purpose of the study, a kernel function called Gaussian kernel 

 was used.

XGBoost
One of the methods for discrimination is based on decision trees. A decision tree is a method that repeatedly
divides the data according to the conditions related to the feature values and discriminates the observed
values by the assigned leaf nodes. While decision trees are easy to interpret, they often exhibit poor
generalization ability for unknown data [10]. One solution to this issue is ensemble learning. Among the
various ensemble techniques, boosting is a method that improves predictive performance by sequentially
adding weak classifiers, thereby reducing the discrepancy between predicted and observed values. For the
present study, we used XGBoost, a boosting method using decision trees. XGBoost is characterized by the
regularization of the objective function, an efficient split-finding algorithm, the ability to handle sparsity
caused by missing values and dummy variables, and fast execution speed. XGBoost has demonstrated
excellent results in data analysis [21].

Evaluation 
In the analysis, we used the area under the receiver operating characteristic curve (AUC) for evaluation
according to our previous study [7]. To evaluate generalization performance for unknown data, five-fold
cross-validation was conducted for four methods, and the test AUC values were compared. Training AUC
values were used. For the FP model, the variables and degrees determined in our previous study were used.
For statistical analyses, KFDA, kernlab, and XGBoost packages in R were used.

Results
From the total of 2426 patients, those who had missing values for the 17 features or whose date of death was
missing were excluded. Therefore, 915 patients were included in the analysis. Table 1 shows the descriptive
statistics of each feature for all patients and for the patients that were included in the analysis. The results
of the prediction of 30-day survival for each method are shown in Table 2. Based on the AUC values, the FP
model, which is an extension of the polynomial model, outperformed KFDA and XGBoost, which are more
flexible methods. On the other hand, the prediction performance of KSVM, which is similar to KFDA in
terms of the use of the kernel method, exceeded that of the FP model.
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Characteristic N %

Age (mean, SD) 68.3±12.9  

Gender   

Male 562 61.4

Site of primary cancer   

Lung 222 24.7

Gastrointestinal 244 27.2

Gynecological 47 5.2

Urogenital 44 4.9

Breast 47 5.2

Other 293 32.7

Metastatic site   

Anywhere 767 84.0

Liver 378 41.5

Bone 256 28.1

Lung 314 34.4

Central nervous system 113 12.4

ECOG performance status   

0-1 63 6.9

2 163 17.9

3 332 36.4

4 355 38.9

Anticancer therapy   

Chemotherapy 191 20.9

Hormone therapy 7 0.8

Radiotherapy 43 4.7

TABLE 1: Patient characteristics

Methods FP model KFDA KSVM XGBoost

ROC-AUC (95%CI) 0.799 (0.734-0.864) 0.765 (0.696-0.835) 0.834 (0.807-0.861) 0.784 (0.713-0.848)

TABLE 2: Predictive accuracy of 30-day survival
ROC-AUC, receiver operating characteristic-area under the curve; FP, fractional polynomial; KFDA, Kernel Fisher discriminant analysis; KSVM, Kernel
support vector machine

Discussion
To the best of our knowledge, this is the first survey to compare the prognostic accuracy of statistical and
machine-learning models in predicting the survival of cancer patients using only objective data in palliative
care. The most important finding of our study was that KSVM, which is one of the machine learning models,

 

2024 Hamano et al. Cureus 16(12): e76227. DOI 10.7759/cureus.76227 5 of 8



had better prognostic accuracy for 30-day survival among cancer patients in palliative care. The superior
predictive ability of KSVM compared to FP may be attributed to the nonlinear nature of the function, which
can flexibly define discriminant boundaries even when the data are distributed in a complex manner using
the kernel method [24,25]. However, because the confidence intervals largely overlap with those of FP, it is
reasonable to consider that FP possesses some predictive capability, despite being a relatively simple
statistical model, rather than viewing KSVM as inherently superior. It is important to compare the accuracy
of the statistical models, such as FP, and machine learning techniques, such as KSVM, because the
performance of predictive accuracy depends on the size of training data and intrinsic characteristics of the
data itself [26]. It is expected that machine learning techniques will perform better than statistical methods
as the size of the dataset increases; however, when the results of the two are comparable, the latter has
beneficial aspects thanks to the stability and interpretability of the results [27-29]. Notably, XGBoost showed
inferior predictive ability compared to predictive models developed using statistical methods. One possible
interpretation is that the decision tree used in XGBoost may not effectively approximate linear models,
whereas the FP model approximates a linear model [30]. Another possible interpretation is that XGBoost
does not perform well on small data sets [31-33]; therefore, XGBoost may not be the optimal method for
developing prognostic models in palliative care when working with limited data.

In this study, we analyzed the data by dichotomizing survival time as an outcome, thereby placing it in a
more tractable supervised learning setting. The development of predictive models with survival time itself as
the outcome remains a methodological challenge. Future investigations may explore the use of statistical
methods based on the proportional hazards model and its implementation in machine learning techniques
[34-36]. Such survival-time response regression models for survival time response often focus on the
estimation of hazard ratios, which requires the potentially unrealistic assumption of proportional hazards.
Alternative approaches, such as methods that use pseudo-values to directly estimate the survival function,
or those that focus on the restricted mean survival time as the primary outcome [37,38], could offer
promising solutions. These statistical and machine learning-based techniques are still in development, and
their performance on datasets of the size we analyzed needs to be thoroughly validated in future studies.

Our study had several limitations. The first limitation was that this validation study was conducted only in
patients who required blood tests in ordinary clinical settings. In the J-ProVal study, 1263 patients (52.1 %)
had no laboratory data and were excluded from the present analysis. For this reason, 1106 (46.8%) patients
were excluded. The possible reason with no laboratory data could be the physician’s practice policy, the
patient’s refusal, and the patients with too serious conditions. A second limitation is that the patients with
missing values for the 17 characteristics or missing date of death were excluded. As a result, only 915
patients (37.7%) could be included in the analysis. Therefore, the results of this study must be interpreted
with caution because of selection bias. A third limitation is that our study only included Japanese
participants, so caution is needed when applying our results to other ethnic groups.

Conclusions
Our findings suggest that when a large amount of data is available on cancer patients receiving palliative
care, a machine learning method, such as KSVM, could be a viable option for developing a prognostic
prediction model using only objective data. However, further studies are needed to compare the accuracy of
the KSVM and FP models, as the accuracy of KSVM may vary depending on the size of the training data,
whereas the FP model demonstrates stable and consistent accuracy.
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