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Background: Statistical models developed in frequentist and Bayesian context along with machine learning al
gorithms can encompass the multifactorial effect of the prognostic factors in predicting the outcome. This paper
is aimed to compare the effect estimates and predictive performance of Bayesian, frequentist and machine
learning algorithm in predicting the two-year mortality of patients diagnosed with squamous cell carcinoma
(SCC) of oral cavity.
Materials and methods: Logistic regression (LR), Binary Discriminant analysis (BDA), Naïve Bayes (NB), Bayesian
regression (BLR), K nearest neighbor (KNN), Artificial neural network (ANN) and Random Forest (RF) models
were built. The effect estimate of each prognostic factor was estimated and compared by LR and BLR model. 10fold cross-validation was performed for internal validation of the models. The predictive performance of the
models was assessed and compared.
Results: BLR model had lower and narrower effect estimates in comparison to LR model. Age and smoking are the
biggest prognostic risk factors for SCC whereas surgery had the best response amongst the mode of treatment.
Random forest had an AUROC of 0.86 (0.82, 0.90) whereas it was estimated to be 0.77 (0.71, 0.82) for both BLR
and LR models.
Conclusions: BLR model had better precision in estimating the effect size of prognostic factors and can be an
alternative for predicting mortality in patients with SCC of oral cavity. Machine learning classifiers had the best
predictive ability as compared to statistical models.

1. Introduction
Head and neck cancer (HNC) accounts for nearly 4.8% of the cancers
and a similar percentage of mortality due to cancer around the world.1
Among the various subsites of HNC, ninety percentage of it is associated
with the squamous epithelial cells along the lining of the oral cavity.
Oral cavity squamous cell carcinoma (OCSCC) is a huge burden for
health care setting and is the sixth most common cancer in the world and
more than 50% of the patients have advanced stage of cancer at the time
of diagnosis.2 Pathological tumor (pT) stage and Pathological node (pN)
stage of the cancer along with the age, perineural invasion and margin
status of the patients are considered to be important factors affecting the

prognosis of OCSCC.3
Statistical models in health care have been extensively developed to
help in medical decision-making.4 These models assist in the process of
making important decisions to achieve specific clinical outcomes and
also in managing resources to be allocated. Prognostic modelling has
had immense application in the field of medicine.5 They estimate the
probability of an outcome of a condition and also explore the relation
ship of factors affecting this outcome. Unlike other models which
incorporate a single explanatory variable and consider other variables as
confounders, prognostic models can combine the effect of all variables in
the model to predict the outcome.5
Logistic Regression (LR) model is the preferred method for modelling
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8th edition.10 Pathological tumor (pT) stage and Pathological node (pN)
stages were considered for only patients who underwent surgery. Stage
of the cancer was characterized for each patient based on the TNM
staging. The histological differentiation of the tumor was also consid
ered as studies have shown that poorly differentiated tumor has lower
survival rate. The outcome variable considered in the study was death
due to any reasons by end of two years of follow-up from the date of
diagnosis.

the prognosis of disease outcome when the outcome variable is binary.
LR model encompasses the effect of predictor variables on the binary
dependent variable by linearizing the relationship using a log-link
function.6 Although the performance of LR as a prognostic model has
been good, practically, various assumptions of the models are generally
violated.7 One of the most important assumptions of LR model is that the
predictor variables are independent of one another. This assumption is
almost never true in medical research, especially in the context of
prognostic model. Logistic regression models have other assumptions of
independence of error terms, homoscedasticity among the predictor
variables and linearity for continuous variables in logit/probit which are
regularly violated. In spite of these assumptions being violated, LR
model is widely used. Alternative prognostic models are proposed in
literature which uses a wide range of different algorithms to predict the
disease outcome. Each of these models under consideration have specific
assumptions associated with them. In the application of these models for
real world data, these assumptions are hardly satisfied. Under such
conditions, we are bound to consider the models which are not sensitive
to the assumptions being violated while performing the classification.
This study would further provide evidence on the prowess of each
prognostic model being considered in the ability to predict the mortality.
It will also help us in shaping the prognostic tools to be used by clini
cians. Many studies have suggested that the application machine
learning algorithms have a better outcome in predictive ability as
compared to traditional logistic regression or Cox regression models.
Various types of cancers have been studied with different sets of vari
ables being considered for prediction.
The objective of this study was to compare the predictive accuracy of
various prognostic models developed in frequentist, Bayesian and ma
chine learning approaches for predicting mortality in patients diagnosed
with head and neck cancer. We hypothesize that machine learning al
gorithms will outperform traditional statistical models in predictive
ability with limited number of prognostic variables and average sample
size.

2.2. Models
Predictive models assign subjects into groups based on the predicted
probabilities estimated from the effects of a set of predictor variables.
Although the principal idea of these models is to predict the outcome
variable, they can also estimate the effect of the covariates on the
outcome variable. Each of the models has underlying principles based on
which they are built and the performance of these models are assessed
using metrices on classification accuracy.
Logistic regression is a method used to model the relationship be
tween a set of explanatory variables and categorical outcome variable.7
It models the effect of independent variables, linearises the relationship
to the outcome variable and estimates the probability of occurrence of
each of the possible event in the outcome variable. In binary LR model,
the probability of occurrence of the event, Y = 1 for given set of cova
riates is given by,
P(Y = 1|X) =

eβ0 +β1 X1 +β2 X2 +…+βk Xk
1 + eβ0 +β1 X1 +β2 X2 +…+βk Xk

(1)

where k is the number of independent variables (X). Based on the pre
specified cut-off in this predicted probability, the classification is carried
out in the regression model.
Binary discriminant analysis is a procedure that classifies subjects
into groups based on the posterior probability of the outcome variable. It
denotes group membership of the outcome variable by assuming a joint
normal distribution of the explanatory variables, which results in a
linear discriminant function.11 The linear discriminant function is pre
sented as,
{
} (
)
)T − 1 (1)
1( (1)
L(x) = x −
x + x(2)
x + x(2)
S
(2)
2

2. Methodology
2.1. Dataset and variables
The dataset for this analysis was obtained as a secondary data from a
cohort study conducted at a tertiary care hospital in South India after
ethical clearance from the Institute Ethics Committee (IEC). The data
collection for the primary study was collected retrospectively between
the period from 2014 to 2017 and had a minimum of two years of follow
up for all patients. There was a total of 437 patients in the study with no
missing data for any of the variables considered for the study. Smoking
and alcohol consumption have been documented risk factors for the
development of oral cavity cancer.8 Smokeless/Chewing tobacco has
also been documented as one of the most important carcinogenic factors
which has a complicated pathway and affects the prognosis of the dis
ease. Patients in the dataset had been subjected to three different modes
of treatment namely Surgery, Radical Radiotherapy (RT) and Radical
Concurrent Radiotherapy (CCRT). It was also considered whether neo
adjuvant chemotherapy (NACT) was given to the patients. Age and
gender have also considered as potential prognostic factors. The age of
the patients was categorized as more than or less than 50 years to have
played a part in the prognosis of the condition. The subsite of the oral
cavity cancer was grouped as Gingivo buccal complex which consisted of
buccal mucosa, alveolus and retromolar trigone, tongue and floor of the
mouth, hard palate and lip. Each subsite has different degree of
aggressive prognosis and vary in their survival performance. The tumor
related variables such as the cT staging, cN staging, histological grading
and tumour thickness have also been recognised as significant prog
nostic factors for SCC of oral cavity.9 The clinical and pathological tumor
and node stage of the patients in the study were categorized based on the
AJCC (American Joint Committee on Cancer) cancer staging manual –

where x(i) are the sample mean vectors for i = 1, 2, …, n for n different
categories and S is the sample covariance matrix.
Naïve Bayes classifier models are probabilistic classifiers that is
based on Bayes theorem which uses the properties of conditional inde
pendence to compactly represent high-dimensional probability distri
bution.12 Bayes theorem in classification is framed as estimating the
conditional probability of experiencing the outcome given the data.
P(Outcome|Data) =

P(Data|Outcome)*P(Outcome)
P(Data)

(3)

The joint probability distribution of NB model accounting for the
assumption is given by,
n
∏

P(Y, X1 , …, Xn ) = P(Y)

P(Xi |Y)

(4)

i=1

where n is the number of predictors in the model, Y is the outcome
variable and X1 , …, Xn are the set of independent variables.
Bayesian logistic regression model is a statistical method for
modelling relationship between explanatory variables and categorical
outcome variable with Bayesian inference providing for effective
method of regularization.13 Using prespecified prior distribution and
link function corresponding to the prior, the group assignment is given
by,

2
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argmaxw p(w|D) ∝ p(w)p(D|w)

(5)

Table 1
Definition of accuracy measures for the model used for predicting mortality in
squamous cell carcinoma patients.

In the study, we assumed a Beta (1,1) distribution for the outcome
variable as a non-informative prior and binomial link function to esti
mate the posterior distribution of the variables.
K-Nearest neighbor model assigns group to the unknown sample by
considering the labels of the ‘k’ most similar examples in the dataset
using Euclidean distance.14
√̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(6)
Euclidean distance = (X2 − X1 )2 + (Y2 − Y1 )2

P(Ci |t)2

Proportion of patients who were correctly classified as dead or
alive from each model.
Ability of the model to detect mortality of the patients correctly.
This is also termed as positive predictive value (PPV).
A metric which combines the PPV and sensitivity of the model
by their harmonic mean.
Proportion of patients whose death status was correctly
predicted by the model.
Proportion of patients whose alive status was correctly
predicted by the model.
The overall discriminative ability of the model.

F1 score
Sensitivity
Specificity
Area under the
curve

observed that there was underestimation of effect estimates in BLR
model in comparison to LR model.
The 10-fold cross-validation gave satisfactory results for each of the
model considered. The kappa statistic was found to be 0.36 for LR, 0.36
for LDA, 0.35 for BLR, 0.39 for KNN, 0.56 for ANN, 0.38 for NB and 0.52
for RF. The machine learning models of ANN and RF had the best
averaged accuracy of cross-validated samples with 0.78 and 0.76
respectively whereas it was comparable accuracy for all the models in
testing dataset.
The predictive accuracy of all the models were assessed by various
metrices in both training and testing dataset (Table 4). In training
dataset, it was observed that RF model had the best AUROC of 0.86
whereas it was 0.85 for ANN model whereas it was estimated to be 0.77
for both LR and BLR models. RF had the best precision of 0.81 whereas it
was 0.71 for BLR and LR models. F1 scores were the highest for ANN
model with 0.82, whereas it was estimated to be 0.70 for BLR and LR
models. The sensitivity was estimated to be 89.5 for ANN and 72.2 for RF
whereas BLR and LR models had an estimate of 68.5 each. The speci
ficity was estimated to be the best for RF model at 80.6 whereas BLR and
LR model had 67.6 each. In the testing dataset, it was found that BLR,
KNN and LR models had the estimated AUROC of 0.76. The precision of
RF and BDA was 0.80 which was the highest whereas BLR and LR models
had a good precision 0.78 each. F1 scores were estimated to be the best
for BLR, BDA and ANN with 0.75 each whereas it was estimated to be
0.74 for LR model. The sensitivity of ANN was estimated to be 0.79
whereas it was estimated to be 71.6 and 70.4 for BLR and LR model
respectively. The specificity of BDA and RF was estimated to be 74.6
whereas it was estimated to be 70.9 for both BLR and LR models.
The overall predictive accuracy was the best for machine learning
algorithms like RF and ANN models even with a relatively smaller
sample size. While comparing the predictive accuracy of the models, we
could observe that there was no overfitting due to cross validation, and
the metrices were showing lower values for testing dataset as compared
to training dataset.

where Ti k is the largest tangent function value for the output unit k and
Oi k is the output value. Outputs of +1 and − 1 corresponds to two labels
of the outcome variable. In the study, we used a multilayer perceptron
with backpropagation given above to obtain the output value.
Random forests are ensemble learning algorithms that combines
bagging and random selection of variables which develops into a
collection of decision trees by selecting the best node to split on.17 The
classification of the outcome is carried out by measuring the impurity in
the data by Gini index given by
N
∑

Definition

Accuracy
Precision

The choice of ‘k’ is arbitrarily chosen for which the accuracy of crossvalidation and classification is maximum. In the study, we considered,
five nearest neighbors to be optimum for classification.
Artificial Neural network algorithm can be modelled as a set of
interconnected nodes which adapt, process and store information be
tween input and output layer.15 The nodes are connected by edges,
which are given weights that are adjusted through iterative training. To
obtain the predicted probability, a relative error function16 of back
propagation defined by,
]
∑[1 (
)
)
1 + Ti k 1 (
1 − Ti k
k
Ei =
1 + Ti k log
1
−
T
(7)
log
+
i
2
1 + Oi k 2
1 − Oi k
k

Gini (t) = 1 −

Measure

(8)

i=1

where t is a condition, N is the number of categories in the data and Ci is
the ith class label of the dataset.
2.3. Validation and accuracy of prognostic models
Validation of any statistical model is to establish whether the model
is able to perform well generally for the target population.18 The entire
sample was split into a ratio of 70:30 as training and testing dataset. All
the models were built using the training dataset and validated inde
pendently in testing dataset. Internal validation was carried out in the
training dataset using 10-fold cross-validation technique.19 The kappa
statistic and accuracy of the model was estimated to assess the reliability
of the cross-validation. Sensitivity, specificity, F1 score, precision and
AUROC curve was estimated to assess the predictive ability of each
model. The accuracy measures that were estimated are described in
Table 1 and Fig. 1.

4. Discussion

3. Results

In the current study, our primary objective was to compare the
predictive performance of chosen set of statistical and machine learning
models. In that context, we had chosen logistic regression model,
Bayesian logistic regression model, binary discriminant function, Naïve
Bayes model, Brieman’s random forest, K-nearest neighbour algorithm
and artificial neural network model for assessing the predictive accuracy
for two-year mortality of patients diagnosed with squamous cell carci
noma of oral cavity. We found that machine learning models were
significantly better in their predictive ability as compared to statistical
models developed both in frequentist and Bayesian approach. Consid
ering F1 score and AUC to be the benchmark metric for assessing the
predictive accuracy of models, both RF and ANN models outperformed
other statistical models. This indicates that although individual models

All the statistical analysis was performed in R Studio Version
1.2.133520 and SPSS Version 19.21 Chi-square test/Fisher’s exact test
results suggested that subsite, smoking status, stage of cancer, treatment
modality, differentiation status and age had significant association with
mortality at the end of two years follow up (Table 2). The effect esti
mates of each factor on the mortality of the patients were estimated
using multiple LR and BLR models. It was found that smoking, alcohol,
stage of cancer, treatment modality and age were significant prognostic
factors from both the models (Table 3). It was observed that although
the results were similar in both the models, the interval estimates were
narrower and hence the precision was greater in BLR model. It was also
3
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Fig. 1. Receiver operating characteristic (ROC) curves of the prognostic models.
Table 2
Distribution of the prognostic factors according to mortality status at two years
follow up among the patients diagnosed with squamous cell carcinoma of the
oral cavity.
Variables

Gender
Subsitea

Smoking
Alcohol
Tobacco
Stage
Treatment
NACT
Differentiationa

Age

Outcome

Male
Gingivo Buccal
complex
Tongue and floor
of mouth
Hard palate
Lip

Advanced
Surgery
Radical CCRT
Radical RT
Well differentiated
Moderately
differentiated
Poorly
differentiated
>50 years

Table 3
Effect estimates of prognostic factors from multiple logistic and Bayesian logistic
regression models in predicting the two-year mortality of patients diagnosed
with squamous cell carcinoma of oral cavity.

P-value

Death
(N = 243)

No death
(N = 194)

156 (64.2)
126 (51.9)

122 (62.9)
119 (61.3)

108 (44.4)

67 (34.5)

5 (2.1)
4 (1.6)
89 (36.6)
47 (19.3)
159 (65.4)
200 (82.3)
110 (45.3)
63 (25.9)
70 (28.8)
32 (13.2)
172 (70.8)
68 (28)

1 (0.5)
7 (3.6)
53 (27.3)
38 (19.6)
114 (58.8)
124 (63.9)
165 (85.1)
13 (6.7)
16 (8.2)
31 (16)
160 (82.5)
30 (15.5)

3 (1.2)

4 (2.1)

169 (69.5)

116 (59.8)

Variables

Gender
Subsite

0.777
0.048

Smoking
Alcohol
Tobacco
Stage
Treatment

0.039
0.949
0.153
<0.001
<0.001

NACT
Differentiation

0.406
0.005

Age

Male
Tongue & floor
of mouth
Hard palate
Lip

Advanced
Radical CCRT
Radical RT
Moderately
differentiated
Poorly
differentiated
>50 years

Logistic regression
OR (95% confidence
interval)

Bayesian logistic
regression OR (95%
credible interval)

1.15 (0.69, 1.95)
1.46 (0.89, 2.40)

1.11 (0.69, 1.78)
1.35 (0.86, 2.12)

2.81 (0.26,
0.67 (0.17,
2.05 (1.01,
0.44 (0.22,
0.93 (0.56,
2.84 (1.66,
5.61 (2.79,
6.82 (3.58,
0.71 (0.38,
1.36 (0.78,

2.46 (0.35,
0.67 (0.19,
1.82 (0.96,
0.50 (0.27,
0.90 (0.58,
2.46 (1.48,
4.48 (2.42,
4.95 (2.93,
0.74 (0.42,
1.22 (0.78,

30.62)
2.50)
4.16)
0.88)
1.56)
4.87)
11.28)
13.01)
1.34)
2.39)

23.86)
2.32)
3.56)
0.94)
1.52)
3.97)
8.26)
9.17)
1.35)
2.10)

0.27 (0.05, 1.44)

0.33 (0.07, 1.50)

1.91 (1.19, 3.05)

1.65 (1.12, 2.62)

†Reference category: Gender – Female; Subsite – Gingivo Buccal complex;
Smoking – No; Alcohol – No; Tobacco – No; Stage – Early; Treatment – Surgery;
NACT – No; Differentiation – Well differentiated; Age - < 50 years.

0.033

NACT – Neoadjuvant chemotherapy, RT – Radiotherapy, CCRT – Radical
Chemo-radiotherapy.
a
Fishers exact P-value.

robust. Although significant progress has been made in the prognosis of
oral cavity cancer, due to the lack of awareness and aggressive nature of
the cancer, the mortality rates are high in tertiary care hospitals in
India.23 Therefore, depending upon the diagnostic stage of the patients,
statistical models are supposed to help clinicals take decisions on
treatment modality. In this context, predictive models need to be concise
with regularly assessed prognostic variables and validated across
different datasets. The aim of this study was to compare the approach of
predictive model building and to understand the accuracy of models
developed with these approaches in oral cavity cancer.
Studies have shown that machine learning models performed better
in predictive accuracy as compared to other statistical models.24,25 As

differ in application, the approach to predictive modelling seems to be
significantly better in machine learning algorithms.
The overall predictive accuracy of all the models were average
considering that the sample size was significantly large. The patients
considered in our study were non-metastatic patients diagnosed with
squamous cell carcinoma of oral cavity with treatment given with
curative intent. As about 90% of oral cavity cancer patients have similar
characteristics, the generalizability of the results from the study is
4
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Table 4
Performance statistic of the prognostic models in predicting the two-year mortality of patients diagnosed with squamous cell carcinoma of the oral cavity.
Model
Logistic regression
Naïve Bayes model
Binary Discriminant analysis
Bayesian Logistic regression model
K-Nearest neighbor model
Artificial Neural Network
Brieman’s Random Forest
a

Accuracy
Training
Testing
Training
Testing
Training
Testing
Training
Testing
Training
Testing
Training
Testing
Training
Testing

0.68 (0.63,
0.71 (0.62,
0.69 (0.64,
0.70 (0.61,
0.67 (0.61,
0.72 (0.64,
0.68 (0.62,
0.71 (0.63,
0.69 (0.64,
0.71 (0.62,
0.78 (0.73,
0.69 (0.61,
0.76 (0.71,
0.71 (0.62,

0.73)
0.78)
0.74)
0.77)
0.72)
0.79)
0.73)
0.79)
0.75)
0.78)
0.83)
0.77)
0.81)
0.78)

F1 score

Precision

Sensitivity

Specificity

AUCa (95% confidence interval)

0.70
0.74
0.70
0.73
0.69
0.75
0.70
0.75
0.71
0.74
0.82
0.75
0.76
0.73

0.71
0.78
0.73
0.78
0.70
0.80
0.71
0.78
0.73
0.78
0.75
0.72
0.81
0.80

68.5
70.4
67.9
69.1
69.1
70.4
68.5
71.6
69.1
70.4
89.5
79.0
72.2
67.9

67.6
70.9
70.5
70.9
64.8
74.6
66.9
70.9
69.8
70.9
65.5
54.6
80.6
74.6

0.77 (0.71,
0.76 (0.68,
0.75 (0.69,
0.74 (0.68,
0.75 (0.70,
0.75 (0.66,
0.77 (0.71,
0.76 (0.68,
0.79 (0.73,
0.76 (0.68,
0.85 (0.80,
0.74 (0.65,
0.86 (0.82,
0.74 (0.66,

0.82)
0.85)
0.81)
0.79)
0.81)
0.83)
0.82)
0.85)
0.84)
0.85)
0.89)
0.82)
0.90)
0.83)

Area under the ROC curve.

the sample size increases, machine learning algorithms performs better
than statistical models.26 Therefore, with an increase in the sample size
in the present context of the study would only boost their performance.
Machine learning algorithms like KNN, RF and ANN gave very good
predictive results. Studies based on the prognosis of oral cavity cancer
previously comparing the machine learning models have also showed
machine learning models outperform conventional methods.27 There are
several studies that have pointed out that ANN have performed well in
predicting the oral cavity cancer outcome in comparison to logistic
regression model.24,28 This prompts us to note that predictive models are
to be developed specific to disease condition. It also suggests that the
inter-relationship between the prognostic factors is important to be
considered in the model and there is a need to explore other crucial
variable which play a role in the prediction of mortality in these
patients.
In our study, we also found that smoking, age, stage of cancer and
treatment modality had significant association with the mortality at the
end of follow-up at two years. It was noted that the significance of the
effect estimates for each of the potential prognostic factors associated
with the outcome were similar in both LR and BLR models. But it was
consistently observed that the confidence interval from former model
was wider as compared to the credible interval from the latter.
Although, there are studies which have compared the Bayesian
approach to LR model approach in predictive accuracy,22 we observed
that BLR model performed on par with LR model in terms of predictive
metric.
Implementation of any prognostic model requires rigorous valida
tion, within the available data as well as external validation before
bringing it into clinical practice. Validation of models with a larger
dataset would provide crucial information about the robustness of the
prognostic accuracy. In the current study, although cross-validation was
done for internal validation, the developed models were not tested on an
independent dataset.29 Calibration plots and discriminative ability of
these models for external validation needs to be performed. Our sample
size may not have been sufficiently large for the number of variables
considered in the model building. The application of the models in a
large dataset and external validation would be crucial in understanding
the enhanced performance of the above considered models for the
prognosis of squamous cell carcinoma of oral cavity patients. The cur
rent study aimed at assessing the importance of considering machine
learning alternate approaches in developing prognostic model in oral
cavity cancer. It is also important to understand that the models need to
considered specifically for particular disease condition and should be
modelled with variables that are routinely considered in clinical diag
nosis. Online application of these models as web-based tools can have a
bedside impact, although that can only be looked at after sufficient
external validation of the models.

5. Conclusion
Our study shows that, machine learning algorithms, including ANN,
RF, and KNN algorithms outperformed conventional models in the
predictive accuracy for the two-year survival of squamous cell carci
noma of oral cavity. It also showed that BLR model estimated the risk
factors with more precise interval estimates and had on par predictive
accuracy as compared to LR model.
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Mäkitie AA, Salo T, Leivo I, Almangush A. Machine learning application for
prediction of locoregional recurrences in early oral tongue cancer: a Web-based
prognostic tool. Virchows Archiv. 2019 Oct;475(4):489–497.
29 Datema FR, Ferrier MB, Vergouwe Y, Moya A, Molenaar J, Piccirillo JF, et al. Update
and external validation of a head and neck cancer prognostic model. Head & Neck.
2013;35(9):1232–1237.

10 Doescher J, Veit JA, Hoffmann TK. The 8th edition of the AJCC cancer staging
manual: updates in otorhinolaryngology, head and neck surgery. Hno. 2017 Dec 1;65
(12):956–961.
11 Hand DJ. A comparison of two methods of discriminant analysis applied to binary
data. Biometrics. 1983 Sep 1:683–694.
12 Rish I. An empirical study of the naive Bayes classifier. InIJCAI 2001 workshop on
empirical methods in artificial intelligence. 2001 Aug 4;3(22):41–46.
13 Wakefield J. Bayesian and Frequentist Regression Methods. Springer Science & Business
Media; 2013 Jan 4.
14 Parry RM, Jones W, Stokes TH, Phan JH, Moffitt RA, Fang H, et al. k-Nearest
neighbor models for microarray gene expression analysis and clinical outcome
prediction. Pharmacogenomics J. 2010 Aug;10(4):292–309.
15 Uddin S, Khan A, Hossain ME, Moni MA. Comparing different supervised machine
learning algorithms for disease prediction. BMC medical informatics and decision
making. 2019 Dec;19(1):1–6.
16 Street WN. A neural network model for prognostic prediction. InICML. 1998 Jul 24:
540–546.
17 Fawagreh K, Gaber MM, Elyan E. Random forests: from early developments to recent
advancements. Systems Science & Control Engineering: An Open Access Journal. 2014
Dec 1;2(1):602–609.
18 Steyerberg EW, Harrell Jr FE, Borsboom GJ, Eijkemans MJ, Vergouwe Y,
Habbema JD. Internal validation of predictive models: efficiency of some procedures
for logistic regression analysis. Journal of clinical epidemiology. 2001 Aug 1;54(8):
774–781.
19 Refaeilzadeh P, Tang L, Liu H. Cross-validation. Encyclopedia of database systems.
2009 Jan;5:532–538.
20 RStudio Team. RStudio. Boston, MA: Integrated Development for R. RStudio, Inc.;
2018 (URL http://www.rstudio.com/.

6

