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Abstract

Objectives: The area under the ROC curve (AUC) is a common criterion to assess the overall classification performance of
the markers. In practice, due to the limited classification ability of a single marker, we are interested in combining markers
linearly or nonlinearly to improve classification performance. Ramp AUC (RAUC) is a new statistical AUC-based method
which can find such optimal combinations of markers. In this study, RAUC was used to find the optimal combinations of
care indicators related to functional limitation as a complication of diabetes and accurately discriminate this outcome
based on its underlying markers.

Materials and Methods: This cross-sectional study was conducted on 378 diabetic patients referred to diabetic centers
in Ardebil and Tabriz during 2014 and 2015. To have an accurate classification of diabetic patients according to their
functional limitation status, RAUC method with RBF kernel was employed to look for an optimal combination of care
indicators. Classification performance of the model was evaluated by AUC and compared with logistic regression, support
vector machine (SVM) and generalized additive model (GAM) via training and test validation method.

Results: Out of 378 diabetics, 67.46% had functional limitation. RAUC had an AUC of 1 for the test dataset and outperformed
logistic (AUC=0.079), GAM (AUC=0.082), SVM with linear kernel (AUC=0.67) and was slightly better than SVM with
RBF kernel (AUC=0.98).

Conclusions: There was a strong nonlinearity in data and RAUC with RBF kernel which is a nonlinear combination of
markers could detect this pattern
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Introduction

Diabetes is the most common metabolic disorder and one
of the most important causes of death in the world (1).
In type 2 diabetes, due to its chronicity, morbidity and
disability and the need for lifelong patient care, the quality
of life is severely affected (2) which would have different
consequences for a diabetic patient (3).

Functional limitation is one of the most important
health-related concerns among people with diabetes.
Many studies have shown the effect of diabetes on the
daily functioning (4-7). Functional limitation is defined as
existing any impairment in physical function, performing
various daily activities such as walking, taking shower,
shopping and so on (5,8,9).

Identifying factors which affect the functional limitation
caused by type 2 diabetes can be effective for diagnosis
and second-level preventive planning in these patients. In
addition, by reducing the amount of functional limitation,

the quality of life and the quality of care can be improved.

On the other hand, we are often interested in biomedical
studies to predict or classify an outcome based on its
underlying markers. In practice, a single marker has
limited power to classify or predict an outcome, and there
may exist some special linear or nonlinear combinations of
markers in relationships between them and outcome and
considering such combinations in classification process
can improve the performance of the classifiers.

In the ordinary regression models, we do not have
enough knowledge about the nature and form of the
relationship between the dependent and independent
variables and usually, variables are entered into the model
just with their linear form, while in the case of more
complex associations and nonlinear relationships in data,
ignoring such complex patterns in the model leads to a
decrease in efficiency and increase in misclassification
rate of the model.
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In such cases, we would like to find optimal combinations
of marker to have a better classification performance.
AUC is a commonly used criterion to assess classification
ability of the classifiers (10, 11). Therefore, in our attempt
to find optimal combinations, the combination that led to
the greatest AUC, was desirable.

Up to now, several statistical methods have been
introduced to maximize AUC based on combinations
of markers (12-16), but these methods have 2 major
limitations:

First, most of the existing method can only find the
best linear combination of the markers, which will not be
effective if there is a nonlinear and complex association
between them and outcome. Second, they use gradient-
based algorithms to search for optimal combinations.
This algorithm often leads to suboptimal local solutions.
To solve these 2 limitations, a new kernel-based AUC
optimization method called ramp AUC (RAUC) was
proposed in 2016 (17).

Due to the importance of the accurate classification of
diabetic patients according to their functional limitation
status, in this study, RAUC method was used to identify
the optimal combination of the care indicators and its
performance was compared with some existing method
including logistic regression, GAM and SVM.

Materials and Methods

The data for this study are obtained from 2 cross-sectional
studies that have been done in the northwest of Iran.
Individuals who had a definite diagnosis of diabetes, those
who referred to referral diabetes clinics of Ardabil and
Tabriz during 2014 to 2015 and those who were eligible
to enter the study were selected by convenience sampling
method.

Further details on these studies are provided in several
articles (18,19). In the present study, by integrating the
data of these 2 studies and removing cases with missing
data for the required variables, 378 subjects with complete
data remained for the modeling process.

According to the rule of thumb, the sample size needed
for the classification of functional limitation was sufficient
(20).

Some demographic and clinical characteristics that
were available and have been shown were related to poor
control of diabetes (21,22) and consequently related to
functional limitation (6), which is mentioned in this
study as “care indicators”, including age, gender, duration
of diabetes, body mass index (BMI), hemoglobin A1C
(HbA1C), systolic blood pressure (SBP), diastolic blood
pressure (DBP), cholesterol (Chol), triglycerides (TG),
fasting blood sugar (FBS) and high-density lipoprotein
(HDL) that were collected through a checklist and patient
care records. The physical function subscale of 36-item
short form health survey questionnaires (SF36) was
used to measure functional capacity in patients. This
questionnaire consisted of 10 questions, and participants

were asked to indicate whether they had any problem and
limitation in doing moderate and severe physical activities
such as lifting, shopping, climbing, walking, bending,
kneeling, bathing and wearing clothes. Based on 3 options
and assigning 2 points to the option “I have no problem at
all”, one point to “I have a little problem” and zero for the
“I have a lot of problems”, the total performance score for
each person was calculated as percentages. Based on the
score, the status of functional disorder was divided into 2
groups, so that total score =90 showed normal functional
capacity and score <90 indicated functional limitation in
the diabetic patient (9,23).

Statistical Analyses

The RAUC method, logistic regression, GAM and SVM
procedures were applied to find the optimal combination
of the care indicators (sex, age, duration of diabetes, BMI,
FBS, hemoglobin A1C, SBP, DBP, Chol, TG and HDL) in
detecting the functional limitation. AUC, as the overall
classification performance of the models, was assessed
for all models via training and test validation method. To
do this, from total 378 sample data, 70% were randomly
selected as the training set and the remaining 30% were
considered as the test set. Models were fitted to the training
set and then the fitted models were evaluated on the test
set. The AUC criteria of the methods were compared
with each other using Delong test. Statistical analysis was
performed by R 3.3.2 software (“mgcv’, “e1071”, “aucm”
and “AUC” packages) and P values <0.05 were considered
to indicate statistical significance.

Brief Explanations About Criterions and Methods
Employed in This Study

AUC

The plot of the true positive rate (TPR) against the false
positive rate (FPR) for different cut-points of a marker
is called ROC (receiver operating characteristic
curve). Each point on the ROC indicates a sensitivity-
specificity pair related to a specific decision threshold(s).
The area under the curve (AUC) is given by:

AUC = [ " TPR(s)(~FPR(s))ds

AUC is a measure of the discrimination ability of a
marker to discriminate between 2 groups of subjects (11).

Logistic Regression

Logistic regression is a statistical method to find the best
model to describe the relationships between independent
variables and binary outcome. Logistic regression is a
member of generalized linear model (GLM) family in
which response variable has a probability density function
from the exponential family and the relationships between
independent variables and outcome are considered as
linearity and dependent variable assumed to be affected
by independent variable only through their linear
combination (24).
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Generalized Additive Models

Generalized Additive Model (GAM) extends the
parametric form of the predictors in GLM to
nonparametric forms using a link function to establish
an association between the mean of the response variable
and a smoothed function of the independent variables.
The GAM approach replaces the simple products of
parameter values, time and the predictor values with
aspline smoother of each predictor. The degrees of
freedom is specified for the spline smoothers by GAM
(25).

In this study, GAM with logit link function and
generalized cross validation (GCV) function based on
the expected prediction error was used to choose the
smoothing parameters of the model.

Support Vector Machine

Support vector machine (SVM) is a supervised machine
learning algorithm that can be used for both classification
and regression approaches (26,27). Much of the benefit
of SVMs comes from the fact that they are not restricted
to being linear classifiers. In classification approach, in
contrast to the parametric models, which depend on a
pre-determined and specific form of relationship between
independent variables and outcome, SVM distinguishes
between groups by generating hyperplanes that can
separate groups after transformation of the input variables
into a high-dimensional space via kernel function. The
linear kernel employed by SVM which means the decision
boundary is a straight line defined as: K(xi,xj) = (xi,xj) and
RBF kernel as a nonlinear transformation of the input
variables is:

K(xi’xj) = exp(_7 ” x]' _xi ||2)

where||xj—xi |[*is the squared Euclidean distance

between . y is a parameter to control the complexity of the
model and C is the penalty for misclassifying a data point.

In this study, SVM with classification approach and
both linear and nonlinear kernel (RBF kernel) was used to
classify functional limitation. Gamma and C Parameters
were set as 1.

The RAUC Method

RAUC is a kernel-based method that approximates the
empirical AUC loss function with a ramp shape function
which finds the best combination by a difference of convex
functions algorithm (DCA). If the best combination is not
among the linear combinations of the markers, the feature
space can be expanded by basis expansion and finds the
best linear combination in the enlarged feature space by
mapping the input vector of markers to a feature space
without having to specify the mapping explicitly (kernel
trick) (17).

Results

Of the 378 diabetic patients, 255 (67.46%) had functional
limitation. This outcome was more prevalent in females
compared to males as 72.3% of the females (249) had
functional limitation while this proportion was 58.1%
in males (P=0.005). The basic clinical characteristics
of diabetic patients according to functional limitation
status are presented in Table 1. According to the results
of ordinary logistic regression model that consider only
degree of 1 form of the explanatory variables in linear
model, sex (P<0.001), age (P<0.001), BMI (P=0.046),
SBP (P=0.043), HDL-cholesterol (P=0.043) and TG
(P=0.019) were significantly associated with functional
limitation. Although other variables were not significantly
associated with the outcome, they were considered in the
overall linear combination with coefficients yield from

Table 1. Demographic and Care Indices According to Different Subgroups of Functional Limitation

Variables Without Functional Limitation (n=123) With Functional Limitation (n=255) P Value
Sex? 0.005
Female 69 (27.7) 180 (72.3)
Male 54 (41.9) 75 (58.1)
Age'ly) 51.02+8.67 58.65+7.72 <0.001
BMIP (kg/m2) 27.76+3.86 29.74+4.87 <0.001
Hemoglobin AT1C" (%) 7.85+1.85 8.03+1.94 0.390
FBS® (mg/dL) 150 (67) 150 (78) 0.958
SBP® (mm Hg) 127.19+17.01 125.52+17.38 0.380
DBP" (mm Hg) 75.16x£10.59 75.13£9.53 0.981
Chol® (mg/dL) 174.55+40.87 174.38+43.86 0.971
HDL® (mg/dL) 45 (14) 48 (16) 0.100
TG (mg/dL) 150 (93) 164 (106) 0.185
Diabetes duration® (y) 7.80+5.60 9.45+6.28 0.014

2Sex was described as number (%) and compared between 2 groups via chi-square test.
b Normally distributed variables have been described as mean + SD and were compared using independent ¢ test between 2 groups.
© Non-normally distributed variables have been described as median (interquartile range) and compared using Mann-Whitney U test between

2 groups.
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logistic regression. According to the results of training
—test validation method, AUC for the test dataset, as the
overall discrimination ability of this linear combination
was 0.79.

Furthermore, the results of GAM model that can find
nonlinear forms of association between variables show
thatage (P<0.001) and TG (P=0.02) with degree of 1, BMI
with the cubic form (P=0.02), and SBP with a quadratic
form (P=0.01) were significantly associated with the risk
of functional limitation. The degree of freedom for each
variable shows the shape of association of that variable
with the outcome. AUC for the nonlinear combination
obtained from GAM model in the test set was 0.82.

To detect functional limitation using SVM, accuracy,
sensitivity and specificity for this model with RBF kernel
(that is a nonlinear combination of underlying variables)
were 0.99, 1 and .97 respectively. AUC in SVM with RBF
kernel was 0.98. This value for SVM with linear kernel was
obtained 0.67 (Table 2).

Regarding RAUC method, the results showed that
AUC in the RAUC model with RBF kernel was gained
1, which was significantly higher than the logistic model
(AUC=0.79), GAM (AUC=0.82), SVM with linear kernel
(AUC=0.67) (P=0.001) but was not significantly different
from SVM with RBF kernel (AUC=0.98).

Discussion

The aim of this study was to search for the optimal
combination of the independent variables to have a more
accurate classification of diabetic patients according to
their functional limitation. To do this, the new RAUC
method with penalized loss function was used and its
classification performance was compared with other
existing methods such as logistic, SVM and GAM.

The results showed that the RAUC method can find
the best combination of underlying variables and reveal
the pattern of the relationship between variables using
RBF kernel. According to the results, the linear classifiers
including logistic regression and SVM with linear kernel
had lower classification ability rather than nonlinear
classifiers including GAM, SVM with RBF and RAUC with
RBF kernel and these nonlinear methods outperformed
the linear classifiers. Based on this data, the best nonlinear
classifier was RAUC with RBF kernel which had an AUC
of 1 for the test dataset and can perfectly classify subjects
according to their functional limitation status without any
misclassification. GAM had the lowest AUC among the
nonlinear classifiers, but still had better performance than
the linear classifiers.

Although both of the SVM and RAUC methods with

RBF kernel could find a consistent nonlinear combination
of markers, and the AUC criteria of them were close to
each other, the DCA algorithm used by RAUC is less likely
to be stuck in suboptimal local solutions compared to the
algorithm employed by SVM. Furthermore, RAUC is
much robuster than SVM in the presence of outliers (17).

In our data, the RAUC method with the RBF kernel
function, which is a nonlinear combination of markers,
outperforms logistic, GAM and SVM with linear kernel
methods and is slightly better than SVM with RBF kernel.
It shows that there is a strong non-linear relationship in
the data and RAUC with nonlinear kernels could detect
this nonlinear pattern and improve classification accuracy
compared to the existing alternative methods. As the result
showed, employing more efficient statistical methods
could improve classification performance from 0.79 (for
logistic as the routine and simple method) to 1 (for RAUC
as the kernel-based method). This shows that we have to
search in the data to discover real nature of associations.
Keeping relationships very simple (for example, only linear
relationship) leads to weak classification or prediction
performance and high rate of misclassification while
detection pattern of the relationship can lead to perfect
performance (AUC=1) as we could see in the present
study.

The acceptable ability of underlying variables in
detecting the functional limitation is expected because
most of these variables are care indicators and previous
studies about the risk factors of functional limitation in
the diabetic patients have been shown that poor control
of diabetes (based on Hemoglobin A1C) is related with
disorder in functional performance, and people with
worse controls and higher Hemoglobin A1C, are more
likely to suffer from daily dysfunction and disability than
those with better control of the disease (6).

The results of a study by Salehi et al in Iran on
determining risk factors for retinopathy using GAM in
diabetic patients show significant non-linear relationships
between diabetes duration, hemoglobin A1C and systolic
blood pressure with diabetic retinopathy. Therefore, the
duration of diabetes and hemoglobin A1C (degree 5) and
systolic blood pressure (degree 2) were associated with
retinopathy outcome (28).

In addition, several studies have shown the efficiency
of the SVM method in the correct classification of data. A
systematic review of the applications of machine learning
algorithms and data mining techniques in the various field
of diabetes research consisting of prediction and diagnosis,
complications, genetic background and environment,
and health care and management showed that SVM was

Table 2. The AUC criteria as the Overall Classification Performance of the Considered Methods

Area under the curve (AUC)

Model
Logistic GAM

SVM (Linear Kernel)

SVM (RBF Kernel) RAUC (RBF Kernel)

AUC 0.79 0.82

0.67 0.98 1
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the most successful and widely used algorithm (29). In
addition, in one study that has examined the capability of
machine learning methods in diabetes research, SVM and
other data mining techniques were used to diagnose and
predict diabetes; the results showed better performance of
the SVM algorithm rather than other methods (30).

There is no study which used RAUC method to assess
functional limitation or other complications of diabetes,
however, it was employed for finding the combinations of
biomarkers from blood samples to assess vaccine-induced
protection (17).

In another study, the extended form of the RAUC
algorithm has been used to select the best variables in the
presence of a large number of candidate markers (31).

Conclusions

Due to the importance of the accuracy of the result in
medical studies, identification and consideration of
complex and nonlinear relationships in the data can be so
helpful to have accurate prediction or classification of an
outcome.

Limitations

Although, the sample size for analysis is appeared to be
sufficient, and the results indicate an acceptable precision
of the estimations, missing data and the lack of complete
information of all patients are the limitations of this study.
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