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Abstract The clinical symptoms of metabolic disorders
during neonatal period are often not apparent. If not treated
early, irreversible damages such as mental retardation may
occur, even death. Therefore, practicing newborn screening
is essential, imperative to prevent neonatal from these
damages. In the paper, we establish a newborn screening
model that utilizes Support Vector Machines (SVM) tech-

niques and enhancements to evaluate, interpret the Methyl-
malonic Acidemia (MMA) metabolic disorders. The model
encompasses the Feature Selections, Grid Search, Cross
Validations as well as multi model Voting Mechanism. In
the model, the predicting accuracy, sensitivity and specificity
of MMA can be improved dramatically. The model will be
able to apply to other metabolic diseases as well.

Keywords Newborn screening . Tandemmass
spectrometry . Support vector machines .

Methylmalonic acidemia

Introduction

Tandem Mass Spectrometry (MS/MS) has been used for
years to identify and measure inborn errors of metabolism
[1, 2]. In National Taiwan University Hospital (NTUH),
Taiwan, MS/MS is used to quantify concentrations of up to
35 metabolites simultaneously from a single blood spot. It
leads high dimension data of each newborn. The primary
markers are selected by clinical experience and then tested
against patient and control groups to maximize diagnostic
accuracy. According to the most important feature, cut-off
value is applied to be a threshold of concentration value of
metabolism [3]. The newborn’s data, which exceed the cut-
off values in the primary tests, are submitted to the
confirmatory tests with the same cards. If the result is
successively positive, the case will be diagnosed of suspect
positive. For some diseases, it has already been demon-
strated that sensitivity and specificity can be improved by
taking into account combinational features rather than
single feature alone. For example, for methylmalonic
acidemia (MMA) disease, the features of C3 and C4DC
have been proven useful.
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Machine learning has been widely and successfully
applied to many real world classification problems such as
text categorization, face detection, protein secondary
structure prediction, etc. In the most cases, the generaliza-
tion performance of machine learning is outstanding. The
basic idea of machine learning, for example, a Support
Vector Machine (SVM) which is a classifier that the set of
binary labeled training data vectors can be separated by a
hyperplane. In the simplest case of a linear hyperplane there
may exist many possible separating hyperplanes. There are
many possible linear classifiers that can separate the data, but
among them, the SVM classifier seeks the separating
hyperplane that produces the largest separation margin (max-
imizes the distance between it and the nearest data point of
each class). This linear classifier is termed to the optimal
separating hyperplane. The hyperplane with maximal margin
is the ultimate learning goal in statistical learning theory, and
will probably perform well in classifying the new data.

Finding good features of the data for the learning
algorithms [10], in the form of suitable features, is known
to have high influence on the performance of the resulting
classifiers. This task is addressed by feature selection and
feature cross validation techniques, which are directed at
optimizing the data representation for subsequent data-
driven learning algorithms.

In the following sections of the paper, we first elaborate
the method of our proposed adaptive feature selection and
SVM. The experiment results as well as comparison with
original method in NTUH and published results will be
illustrated in ‘Experimental results’. Finally, the paper
concludes in ‘Conclusion’.

Methodology

We propose a proper supervised classification [4] data flow
to enhance the accuracy and sensitivity of the Newborn
Screening process, as depicted in Fig. 1. In the diagram, the
Train Dataset undergoes learning to produce the SVM
prediction model; the New Dataset processes the same
methods to obtain the prediction result according to the
trained model. Before training or predicting, the dataset is
preprocessed by the MS/MS machine. The Feature Selec-
tion part will generate the most relevant features by a
Pearson-like formula [5]. The Scaling method is used to
avoid biasing and to improve computing efficiency. The
SVM machine learning with Grid Search then generates the
prediction model for the New Dataset.

Preprocessing

Tandem mass spectrometry (MS/MS) has been used for
years to identify and measure carnitine ester concen-

trations in blood and urine of children suspected of
having inborn errors of metabolism. MS/MS permits very
rapid, sensitive and, with internal standards, accurate
quantitative measurement of many different types of
metabolites by conversion of raw mass spectra into
clinically meaningful results.

Feature selection

We apply a Pearson-like Correlation coefficient for the
feature selection method. After ranking the features’
coefficients, we choose the most relevant features for the
continued machine learning model and the new predicted
datasets. For a series of n measurements of X and Y, written
as xi and yi where i=1…, n, the Correlation coefficient
formula as the form:

rxy ¼
P

xi � xð Þ yi � yð Þ
n� 1ð Þsxsy ; ð1Þ

Where x and y are the sample means of X and Y, sx and sy
are the sample standard deviations of X and Y and the sum
is from i=1 to n.

Scaling

The range of the feature’s raw data is not always the same,
and can be either too large or too small. Therefore, all
features must be scaled to a proper range. The training and
predicting processes will be faster, and they can avoid
certain large value features so as not to induce a learning
model bias. The most common range is [0, 1] or [−1, 1].

SVM training

The central idea of SVM classification [8] is to use a linear
separating hyperplane to create a classifier. The vector
which can effect the separation is called a “support vector”.

Fig. 1 Data flow model for newborn screening
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Given a training set of instance–label pairs:

xi; yið Þ; i ¼ 1; . . . ; l; xi 2 Rn;y 2 1; � 1f gl ð2Þ

The hyper-plane can be expressed as follows:

< wT � x > þb ¼ 0 ð3Þ

Where

w ¼ w1;w2; . . . ;wn½ �T ; x ¼ x1; x2; . . . ; xn½ �T

Then the definition of a decision function is

f xð Þ ¼ sign wTf xð Þ þ b
� � ð4Þ

with the largest possible margin, which apart from being an
intuitive idea has been shown to provide theoretical
guarantees in terms of generalization ability.

If the data is distributed in a highly nonlinear way,
employing only a linear function causes many training
instances to be on the wrong side of the hyperplane, which
results in underfitting occurs and the decision function does
not perform well. Thus SVM non-linearly transforms the
original input into a higher dimensional feature space. More
precisely, the training data x is mapped into a (possibly
infinite) vector

Φ xð Þ ¼ f1 xð Þ; f2 xð Þ � � � � � � ; fi xð Þ; � � �ð Þ
In this higher dimensional space, it is more possible that
data can be linearly separated. We therefore try to find a
linear separating plane in a higher dimensional space.

min
w;b;x

1
2 w

Twþ C
Pl
i¼l

xi

subject to yi wTxi þ bð Þ � 1� xi
xi � 0

ð5Þ

The parameters ξi are called the slack variables, and they
ensure that the problem has a solution in case the data is not
linear separable. The constraints in (5) contain a penalty
term, C �PL

i¼1 xI , where C>0, and the parameter is chosen
by the user to assign a penalty to errors. Usually this
problem is called a primal problem. After the data are
mapped into a higher dimensional space, the number of
variables (w, b) becomes very large or even infinite. We
handle this difficulty by solving the dual problem [6, 7].

A Kernel for a nonlinear SVM projects the samples to a
feature space of higher dimension via a nonlinear mapping
function. Among the nonlinear kernels, the radial-based
function (RBF) is defined as

K xi; xj
� � ¼ exp �g xi � xj

�� ��2� �
;g > 0 ð6Þ

Where γ is a kernel parameter.

Parameter optimization and cross validation

There are two parameters while using RBF kernels: a
penalty (C) and a gamma (γ). It is not known beforehand
which C and γ are best for a given problem; consequently,
some kind of model selection (parameter search) must be
performed. The goal is to identify a good set of (C, γ) such
that the classifier can accurately predict unknown data (i.e.,
testing data). Note that it may not be useful to achieve a
high training accuracy (i.e., the classifiers accurately predict
training data whose class labels are already known).
Therefore, a common method is to separate the training
data into two parts where one part is considered unknown
in training the classifier. Then, the prediction accuracy on
this set can more precisely reflect the performance in
classifying the unknown data. An improved version of this
procedure is a k-fold cross-validation.

Experimental results

In the experiment, we intend to build a robust model, as
depicted in Fig. 2, to classifier the MMA cases by using the
data mining system we proposed. In addition, the model
will be implemented in the decision support system to help
the NTUH staff of Screening Department identify the
MMA cases.

Data set

During the experiment, we collected 350 samples for
SVM training. The samples were divided into five parts

Fig. 2 Experimental processes in robust model
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equally; in a part, we randomly selected 35 sick
samples and 35 normal samples, i.e., the total data
comprising (35+35)×5=350 samples. We utilized the
data to build five models and to tune the model
weights. Afterwards, we took 60 sick samples and 60
normal samples from the origin MS/MS data set to be
the New Data, and we used the new data to evaluate
our voting mechanism.

Experimental steps

At beginning, we decide weight ratios [8] and adjust
different misprediction penalties (Fig. 3). While a positive
case being predicted as a negative one is a very serious
problem which should be avoided. However, a negative
case being erroneously predicted as a positive one is not
imperative. Under the current NTUH Newborn Screening
Diagnoses MMA rule, it allows 1.6% false positive ratios
[9]. In here, we require a higher specificity and a more
accurate classification model.

Secondly, we randomly separate the samples into N parts
(N Folds), with each part possessing the same number of
sick and normal cases (currently N=5). During a Cross
Validation, we choose N−1 parts as the training data and
the remaining part (i.e., FoldN) as the prediction data. In
the Grid Search, we select the different feature number, C
and γ values for iteration in order to generate the weight
ratio parameter. In the Search, all parameters are using the
default values initially. After the N−1 parts are trained to
generate the Train Model, we then verify the parameters.
We utilize the N-th part to be the prediction fold and obtain
the weight ratio. After N iterations, N weight ratios are
generated to decide the individual model weight for voting
mechanism later.

In the third step, we use all models to predict a New
Data set and create Results. Finally, based on the Results
and the model weights, we apply the voting rule to decide
whether the case is positive or negative. The voting
algorithm will be illustrated later.

Weight ratio

We randomly chose 235 sick samples and 235 normal
samples in order to tune the weight ratio. This was different
from the data set which we used to train the models. Using
an equal number of sick and normal samples can avoid
biasing the learning model. We used five-part cross
validation for the weight ratio result.

A cross validation was performed for these experiments.
We had 235 abnormal sample data points, so we divided the
samples into five parts. Each part included the screening
data of the same case, and 200 randomly chosen normal
cases were added to each part. One part was used for the
prediction, and the others were used as the training data.
(i.e., part 1 was used to predict, and parts 2–5 were used to
train). We performed the experiment five times, and took
the average of the results.

Since we wanted the model to identify the sick cases as
best as possible, we needed to check the sensitivity, and we
were not overly concerned about the accuracy or specificity.
Figures 4 and 5 shows that weight ratios of 3.2 and 3.9
performed well in classifying the sick samples. In this
work, we decided to use 3.9 as the weight ratio result.

Grid search with feature numbers

A grid search was conducted on the features selected as
indicated in red rectangular of Fig. 4. In the diagram, by the
definition of correlation, a coefficient greater than 0.8

Weight Ratio

95.00%

96.00%

97.00%

98.00%

99.00%

100.00%

101.00%

0 1 2 3 4 5 6

Accuracy Sensitivity Specificity

Fig. 3 Weight ratio results

Fig. 4 Features ranking and selection
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means strong correlation; between 0.6 to 0.8 means high
correlation; and between 0.4 to 0.6 means intermediate
correlation. Therefore, we set the Features Numbers
Ranking threshold equal to 0.5. In the experiment, we
decide to use the most relevant features to build the model.
All 6 features selected are greater than 0.5.

After determined six features, we plan to find the best
model in each iteration repeatedly by tuning the parameters:
Feature, C and Gamma. For example, we can obtain the
best Trained Model1 via the highest accuracy of Grid
Search involving the top five correlation coefficient as the
selected Features. In Fig. 5, it indicates the best Trained
Model of mode1 having the best parameters C=7, γ=−3
and Feature Number=5. In addition, in each Grid Search,
the Cross Validation is performed to prevent over fitting
problem.

From Fig. 5, we can fix one axis and run through the
other axis values. We can then analyze the trend of the log
(C) and log(γ) for five feature numbers. We present this
figure to show that the best parameter set (denoted by
100%), which is the model parameter chosen in model 1.

Figure 6 shows that in the log(C) and log(γ) space, point
accuracy results above 98% are concentrated on the right
side, which is the good region [11]. @(model) denotes that
the point is the model1 parameters we chose, and #(default)
denotes the default parameter of the model. The default
parameters gave a poor result, with the accuracy lower than
90%.

Model parameters and model weight

In Fig. 7, the above graph shows the results for the five
models with their parameters respectively, and the table
below shows the predicted results. We decided the weight-
ing of the model by the weight results. Models 4 and 5
yielded better results, so they were given higher weights of
3. Model 3 gave the worst result, and were given the lowest
weight of 1. Models 1 and 2 were between model 3 and
models 4 and 5 in terms of accuracy, so the weight value
was chosen to be between the weight values of model 3 and
models 4 and 5.

Voting

The last step of the experiment was voting. We proposed a
voting algorithm, which is implemented in our system and
was introduced below.

Fig. 6 Comparison of default C & γ parameters # (default) with the
best Trained Mode1 ones @(model)

Fig. 7 Model parameters and model prediction results
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Fig. 5 The accuracy from Grid Search with five features in model1 to
obtain the best Trained Model1
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Model set M = {M1, M2,...Mn}; 

Wi = weight of Mi; 

Ri = predicted results of Mi; 

Ss is the sick score with an initial value of 0; 

Ns is the normal score with an initial value of 0; 

For i = 1 to n 

          If Ri = sick, then Ss = Ss + weight * 1; 

          If Ri = normal, then Ns = Ns + weight * 1; 

End of for 

          If Ss >=Ns then vote result of Q = sick 

else vote result of Q = normal; 

Consider that, if we want to predict a sample Q, the
model sets M includes {M1, M2,…Mn}. Wi means the
weight of Mi, and Ri equals the predicted result values of
Mi (i=1, 2…,n). Then we evaluate the Si (the score of sick
score) and Ni (the score of normal case) by a for loop.
Finally to determine if the predicted case is sick or normal.
When the model weights are determined, we follow the
algorithm to decide the voting results based on a sample
having 60 sick ones and 60 normal ones.

Figure 8 show that the voting result has a better
performance than the original models; 99.17% was the
highest accuracy, although the specificity of the vote was
poor for models 1 and 3. The sensitivities of model 1 and
model 3, however, were poor. The two models missed some
sick samples, so that the vote system was still better. The
predicted results of the five models are shown as the below
part of Fig. 8.

The algorithm is only biased for sick samples when Ss=
Ns, i.e., when the sick score equals to the normal score, and
we judge the voting results as sick. In our experiment, there
are five different models.

Conclusion

In the paper, we design and develop a model for Newborn
Screening System. The model provides Support Vector
Machines (SVM) classification techniques and enhancements
to evaluate, interpret, and determine whether a newborn has
MMA metabolic disorders. The model encompasses the
Feature Selections, Grid Search, Cross Validations and multi
model Voting Mechanism. In the model, the predicting
accuracy, sensitivity and specificity of MMA can be improved
dramatically. The model will be able to apply to other
metabolic diseases as well.

Fig. 8 The voting results
with accuracy, sensitivity
and specificity
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