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Abstract- This paper provides a nonparametric discriminant stepwise algorithm to discriminate two multivariate populations
and an optimal decision rule for classification of a member to either of the two populations. This ‘two-way-stepwise algorithm’
is a combination of the '‘forward-stepwise' and the ‘backward-stepwise’ approaches recently proposed for the same
classification problem by Padmanaban and William (2016a, b). As has been done in the above-referred papers, this paper
relaxes the 'equal variance-covariance matrices' condition traditionally imposed and develops a discrimination-classification
procedure by including variables that contribute to effective discrimination in a ‘forward’ manner one-by-one and excluding
variables that do not contribute to effective ‘discrimination’ in a ‘backward’ manner one-by-one. The inclusion of variables in
the discriminant is determined on the basis of maximum discriminating ability and exclusion is on the basis of least
‘discriminating ability' as reflected in 'difference’ between the distributions of the discriminant in the two populations. A
decision-rule for classification or membership-prediction with a view to maximizing correct predictions is provided as done in
the forward and backward approaches referred above.

The proposed algorithm is applied to develop an optimal discriminant for predicting respiratory tract disease(RD) among
newborns of mothers with PPROM in the city of Chennai, India, and its performance is compared with logistic regression.

Keywords-Classification, Discriminant, Kolmogorov-Smirnov Statistic.

I. INTRODUCTION

The question of effective discrimination of objects belonging to two populations and the associated question of ‘correct’
classification of members to the two groups have been interesting questions for many years now. In the literature on
discriminant analysis, the requirement for a non-parametric setting is that the two populations must have equal variance-
covariance matrices, while this is not needed for multivariate normal populations. The inclusion of variables in the discriminant
is generally carried out by comparing their means in the two populations. Further, the classification of an object to one of the
two populations is made based on distances from the centroids of the two populations.

Recently, Padmanaban and William (2016 a, b) introduced two new algorithms to building discriminant models under a non-
parametric setting removing the restrictions traditionally imposed. A new optimality criterion was considered and the ‘optimal
discriminant’ was obtained using two different model-building algorithms. The ‘Forward Method’ or ‘Variable Selection
Algorithm’ proposed in Padmanaban and William (2016 a) starts with one variable that is selected based on ‘maximum
discriminatory ability’ followed by inclusion of variables one-at-a-time based on the same criterion. The ‘Backward Method’
or ‘Variable Elimination Algorithm’ proposed in Padmanaban and William (2016 b) starts with ‘all’ variables and eliminates
the variables one-at-a-time based on reduced discriminatory ability. The aim of this paper is to develop a two-way stepwise
algorithm for obtaining an optimal discriminant that would have ‘good’ ability to classify objects to two populations. The
algorithm to be presented here combines both the ‘forward’ and ‘backward’ procedures and works step-by-step to achieve a
discriminant model that would give an effective classification rule by including the significant ‘discriminating’ variables while
at the same time maintaining parsimony of the model. Like the one-way algorithms referred above, the stepwise algorithm has
a wider scope of application than the traditional discriminant analysis.

In real-life situations with multivariate data, joint normality or equality of variance-covariance matrices in the two populations
is not guaranteed. It is well known that, if the datasets follow the multivariate normal law, the equality of variance-covariance
matrices can be tested and if the hypothesis of equality is accepted, one can apply the traditional linear discriminant analysis. If
the test results in rejection of the hypothesis of equality, quadratic discriminant function based on normal law can be used. If

© 2018, IISRMSS All Rights Reserved 123


http://www.isroset.org/

Int. J. Sci. Res. in Mathematical and Statistical Sciences Vol. 5(6), Dec 2018, ISSN: 2348-4519

the variables are not jointly normal, the distribution-free Fisher’s discriminant analysis is applicable, subject to the condition
that the variance-covariance matrices in the two populations are equal. However, there is no known procedure to test whether
this condition is satisfied. Practitioners mostly ‘assume’ equality and apply the traditional discriminant analysis. This gap
between theoretical requirements and practical situations remained unabridged until recently when Padmanaban and William
(2016 a) brought about a distribution-free approach removing the traditional restriction on variance-covariance matrices.

In the work referred above, Padmanaban and William (2016 a) developed a discrimination-classification procedure for a non-
parametric setting without imposing the equality constraint on the variance-covariance matrices and a model-building
algorithm for the inclusion of variables in the discriminant function. This algorithm has been termed ‘forward method' in line
with the term usually used in predictive modeling. Following this, Padmanaban and William (2016 b) introduced a ‘backward
method" which involves starting the model with all the candidate variables and eliminating the variables that reduce the
discriminating capacity one-by-one until we have only those variables that are capable of effectively discriminating the two
populations. In this paper, we propose a stepwise process to obtain the ideal discriminant function. This process operates in two
ways, starting like the ‘forward method” to allow entry of variables in the model, but re-evaluates the already-entered variables
on their discriminating ability in the presence of the subsequently entering variables, like the ‘backward method’. The
theoretical framework for this work was developed by Padmanaban and William (2016 a). Like the ‘forward’ and ‘backward’
methods, the proposed ‘stepwise’ method is applicable without the restrictions that limit the traditional approaches.

The traditional theory of multivariate discriminant analysis has gone through an interesting history of development over the
past many years due to the contributions made by several scholars. Different approaches to develop discriminant models
consider the issue of identifying the important variables to serve as inputs into the discriminant function. A few of the early
contributions on this topic include those of Chang (1983) who suggested the use principal components for discriminating a
mixture of two multivariate normal populations and a paper of Bensmail and Celeux (1996) who discussed Gaussian
discriminant analysis through eigenvalue decomposition. A stepwise algorithm using ‘Bayesian Information Criterion” was
given by Murphy et al. (2010) following Raftery and Dean (2006) who suggested a similar approach for model-based
clustering. The above contributions apply to parametric settings and are limited in their scope of applications.

There are other extensions of discriminant analysis to non-parametric settings that exist in the literature. Hastie et. al. (1994)
proposed a nonparametric discriminant analysis with nonlinear classifiers applicable to situations with a large number of input
variables. Baudat and Anouar (2000) gave a ‘kernel approach’ to nonlinear discriminant analysis which is theoretically close
to supporting vector machines. Nonparametric discriminant analysis with adaptation to nearest-neighbor classification was
developed by Bressan and Vitria (2003). Chiang and Pell (2004) proposed combining genetic algorithms with discriminant
analysis for identifying key variables. In these works, a common question of concern was on the inclusion of relevant variables
that would be effective in discriminating the populations under consideration.

This paper follows the approach given by Padmanaban and William (2016 a, b) which is different from the ideas presented in
the above-mentioned works on two-population discriminant analysis. Interestingly, the new approach adheres well to the basic
spirit and mathematical objective of the classical discriminant analysis. We seek to develop a two-way stepwise process as an
alternative method to the forward and backward methods developed by Padmanaban and William (2016 a, b) for constructing
an effective discriminant model. The stepwise method proposed here seeks to obtain an ideal discriminant model by including
variables that contribute most to a discriminatory capacity of the model and excluding variables already selected if found to be
ineffective discriminators on re-evaluation in the light of the additional input variables included. For a discussion on the 'model
performance' measure to evaluate the classification ability of the discriminant model and the decision rule for identifying the
optimal cut-off point for classification, reference is made to the original paper of Padmanaban and William (2016 a).
Hence, the objectives of the present work are:

i To present a stepwise method for discriminating two populations and an easy-to-apply procedure for classification of

objects.
ii.  To apply the algorithm to a biomedical phenomenon and compare its classification-performance with that of logistic
regression.

This paper is organized as follows: Following this introductory section, a review of the recently introduced nonparametric
discriminant procedure given by Padmanaban and William (2016) is given briefly. The new Stepwise Algorithm for building
an efficient discriminant model is discussed in Section 3. As an application of the proposed methodology, the prediction of
respiratory tract disease(RD) among newborns of mothers with PPROM in the city of Chennai is considered. We discuss the
phenomenon of PPROM, a potential risk that pregnant woman face, and the possible factors associated with the phenomenon.
The stepwise algorithm of discriminant model building is applied to predict Respiratory tract disease among newborn 0f200
mothers with Preterm premature rupture of membranes, who delivered babies in Institute of Social Obstetrics, Government
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Kasturba Gandhi Women and Children Hospital, Chennai, India, during the twelve month period of May 2016 to April 2017.
Finally, a comparison of our discriminant model with the binary logistic model for the same response variable (RD) is carried
out.

1. AREVIEW OF THE RECENTLY INTRODUCED PROCEDURE

Consider two multivariate populations m; and m,whose relative sizes are in the proportions p; and p,. The discrimination of the
members of the two classes is to be carried out based on multivariate data on a random vector, say, X = (X, Xy,..., Xp)T. The
classification or membership-prediction of objects is a pertinent issue when there is a ‘significant’ difference between the
distributions and the ‘correctness’ or ‘incorrectness’ of classifications, therefore, becomes a matter of concern.
Let the mean-vectors of Xin the two populations bep;=E;(X), i = 1, 2, and the variance-covariance matrices of Xin the two
populations be %, i = 1, 2. From Padmanaban and William (2016 a), we have the following theoretical results:

(i) For a random vector X and another random object W, the relationship between the unconditional and conditional

mean vectors and variance-covariance matrices is given by

E(X) = Ew[Exw (X)] and V(X) = En{Vxw(X)} + Vw{ Exw(X)}. .. (2.1)

(i) The overall variance-covariance matrix of the combined population is given by
= piZit PoZot Po(l-Pr) o | +Pa(1-P2) Ho Mo — PrPa(ba o' F 2 ). - . (2.2)

In Discriminant Analysis, the multivariate observations (X) are transformed to univariate observations (Y) by considering
linear combinations of the X;’s. For any linear combination Y = €"X, where € is a px 1 vector of constants, the means of Y in
the two populations are p;y = 0"y andpsy = €'y, and in the combined population it is given bypy = p10p; + po0 pe. And, the
variance of Y in the combined population is given by V(Y) =" X {.

The linear combination that gives the maximum (squared) distance between p;y and pyy relative to the variation in Y in the
combined population would help best in discriminating the two populations. That linear combination of the Xj's which
maximizes the scaled difference is the ‘optimum discriminant function' based on X. We shall call it "X-based optimal
discriminant’ and it is given by

Y=(u-pw)TX...(23)

For reasons of parsimony, it may not be proper to construct the optimal discriminant function using the entire set of variables
Xy, Xa,...0 X, that the investigator considers for the study, and only a subset of the variables may be found as important and as
effective discriminators. Let the subset of the variables used to build the optimal discriminant be X). Denote the mean vectors
of X in the two populations as ) and p) and the ‘overall’ variance-covariance matrix of X as X). The X()-based optimal
discriminant is

Y= (e — o) T eXy - - (24)

Generally, the parameters are replaced by the sample estimates in practice. Computing the variable Y ) for all members in both
the samples, the performance of the X-based optimal discriminant is measured by the two sample Kolmogorov-Smirnov
Statistic based on the Y measurements. Denoting the (empirical) cumulative distribution functions of Y, for the two
populations as Fy()(-) and Fo)(+), the performance measure is given by

KS = m;::lX (l Fl(s) (y) - F2(s) (Yl ) .. (2.9)

Given two sub-vectors Xy and X, the optimal X)-based discriminant is said to be 'more efficient' than the optimal Xs»-
based discriminant if KSy;)> KSs,). If there exists a sub vector X for which KSs> KS, for every other sub vector X, then
the corresponding optimal discriminant Y+ is the 'most efficient' discriminant.

However, the process of obtaining the 'most efficient' discriminant is computationally prohibitive in the presence of a very
large number of predictor variables (i.e.) in case of the very high dimension of the underlying random vector X. For instance,
with ‘p’ input variables, one has to build as many as 2P~ models to identify the ‘best’ one. This is true of every model-
building situation involving a large number of predictor variables. To avoid this problem, different algorithms are suggested to
'build’ improved models sequentially instead of considering ‘all possible’ models to get the 'most efficient'.

With this view, Padmanaban and William (2016 a) introduced a ‘forward model-building’ algorithm to build a ‘sequence’ of
models, starting with a single variable and ‘select’ variables one-by-one evaluating their ability to ‘add’ to the discriminatory
ability of the model. Following this, Padmanaban and William (2016 b) gave a ‘backward’ algorithm wherein the process starts
with the ‘largest” model involving all the ‘p’ variables under consideration and eliminates the least relevant variables one-by-
one to arrive at the optimal model. In the same spirit, the next section presents a stepwise algorithm to construct a 'sequence’ of
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models starting with one variable which has the maximum discrimination capacity and adding/removing variables depending
on their capacity to increase/reduce the discriminatory ability of the discriminant, ultimately leading to an efficient
discriminant model. The proposed algorithm takes the view that a variable that has already entered the model needs to be re-
evaluated on its continuing effectiveness in the presence of variables that enter the model in later steps.

I1l. THE PROPOSED STEPWISE ALGORITHM

The proposed stepwise model-building algorithm evaluates each of the candidate input variables in a sequential manner and, in
each step, brings in a single variable that contributes ‘most’ in improving the discriminatory capacity of the model and re-
evaluates the already entered variables in each step to remove the one that loses its discriminatory ability in the presence of the
latest entered variable. It starts like the ‘forward method’ of Padmanaban and William (2016 a) and also proceeds like the
‘backward method’ of Padmanaban and William (2016 b) as the model becomes ‘larger’ with more variables included in the
discriminant function. In this context, we refer to the work of Habbema and Hermans (1977) who considered variable-selection
for Gaussian discriminant analysis on the basis of F-statistics and error rates. We also refer to the paper by Pfeiffer (1985) who
considered smoothing factors of kernel functions for nonparametric discriminant analysis with different criteria like distances,
error rates and density-ratios.

As in the classical discriminant analysis. the discriminant scores form the basis for comparing the two populations. The
inclusion or ‘entry’ of a variable in any step of the process is based on maximum differentiation between the distributions of
the discriminant scores in the two populations. In contrast, the exclusion or ‘exit’ of a variable in any step is based on least
differentiation between the discriminant scores in the two populations. These are measured by the two-sample Kolmogorov-
Smirnov (KS) statistic used for comparison of two distributions. The discriminatory capacity of a model is measured by this
statistic and we seek to maximize this statistic’s value as the distributions of the discriminant score need to be ‘significantly’
different for effective discrimination and separation. The exact stepwise model building process is described below.

Let Xy, Xy, . ., X, be the candidate input variables and denote the vector (Xy, Xy, . ., Xp) as X.

Step 1 (Forward): With one variable at a time, ‘p’ discriminants Yy, Y).... .Y (5, Where Yy is the discriminant based on
single input variable X;, and their corresponding scores are obtained for each individual record in the data. Let the
Kolmogorov-Smirnov Statistic for Y, be denoted as KS). If

KSi> KSy for every j #1
then among the individual variables considered on a one-at-a-time basis, X; is the top discriminator between the two
populations. The significance of this KS; statistic is evaluated and if found significant at the desired level, X; first ‘enters' the
model and model building continues.

Step 2 (Forward) : With X; having been already selected, we take one additional variable at a time and obtain (p-1)
discriminants having input-pairs (X1,X),....,(Xi.1, Xi),(Xi1,Xi),.....(Xp,Xi). Denote the discriminants as Y1y, Y2 Yi1,
Y i+, - Y(ip and the corresponding Kolmogorov-Smirnov statistics as KSj 1), KS(2),....KSgii.1), KS(ijis1),..., KS(i ). If for some
m'

KS(iym)> KS(”‘) for €V€I'yj ;é m, and KS(iym)> KS(i),
then X, enters the model as the second variable. It is to be noted that the significance of KSn, is guaranteed because of the
significance of KS; in the first step. In contrast, if

KS(i'm)> KS(i'j) for everyj 76 m, but KS(iym) < KS(i),

then X, does not enter the model, nor any of the remaining X;'s enter, as its entry leads to reduced discriminatory ability and
the model building stops with only one input variable. Clearly, no other variable can enter.

Step 3 (Forward): With X;and X, having been already selected, we take one additional variable at a time and obtain (p—2)
discriminants having input-triplets (X, Xn, X;), for j # i, m. Denote the discriminants as Y m, jy and the corresponding
Kolmogorov-Smirnov statistics as KS; m, j)-
If for some 'r',
KS(i' m, r)> KS(i' m, j) for everyj #r,and KS(i,m,r)> KS(i,m)y

then X, enters the model as the third variable. It is to be noted that the significance of KS is guaranteed because of the
significance of KS;; m in the previous step. In contrast, if

KS(i,m,r)> KS(i'mJ) for everyj £, but KS(i,m,r)S KS(i’m),
then X, does not enter the model, nor any of the remaining Xj's enter, as its entry leads to reduced discriminatory ability — the
model building stops with only two input variables. Clearly, no other variable can enter.
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Step 3 (Backward): This backward part of Step 3 is intended to re-evaluate the continued relevance of the variables X; and X,
that entered the model in the previous two steps in the light of the entry of X;. We consider two discriminants having input
variable pairs (X, X;) and (X, X,), that is, one by removing X; (which entered in Step 1) and the other by removing X, (which
entered in Step 2). Denote the discriminants as Y imn and Y -mn and the corresponding Kolmogorov-Smirnov statistics as
KSimn and KS -mp. The “~' indicates the variable is removed.

If max{KS¢imn , KS(i-mn}<KSimn, then neither XinorXyleaves the model because, their exit reduces the KS statistic value
leading to lower discriminatory capacity than the model involving the three variables X;, X, X..

If KS¢imn = KSimn> KSgi-mn} , then X; leaves the model because the model with just XpnandXitselfgives a discriminatory
capacity which is better or at least as good as the one which includes X;, X, and X;. Similarly, if KS; - = KS¢mn> KS¢imn
then X, leaves the model for the same reason as above.

If KS(imp = KS¢i-mn = KS¢imn, then X; (but not X,) leaves as its exit gives the greatest improvement in KS value. In a similar
vein, if KSg-my = KSeimny = KSimy, then Xg, (but not X;) leaves. We note here that, in this case, the exit of either X; or Xy,
leads to improved KS value, but we remove only one at a time, and the one is that variable whose removal gives the greatest
improvement in the KS value.

At every subsequent step, in the forward part, a new entry is allowed if there is a strictly positive addition to the KS value by its
entry; and, in the backward part, an already entered variable is removed if there is no reduction in the KS value by its exit.

The process stops at a step where the forward part finds that none of the ‘waiting' variables qualify for entry. When the process
stops at (k+1)™ step, the optimal discriminant function is the one obtained in the k™ step with the maximum KS value, leading
to significant and maximum discrimination between the two populations. We denote the final subset of variables reached in
this process as X (s~ and the ‘final' efficient discriminant as Y (.

Note that the backward part is not applicable in the 2" step because, the KS statistic for the model with X; removed, namely,
KS(im) is nothing but KSy, of Step 1 and similarly KS;; -, is same as KS;; of step 1 and, clearly, KS; -m> KSi m) S0 X; cannot
leave the model as its removal reduces the KS statistic value.

The classification or prediction rule, the ‘explanation’ to the KS statistic and also the suggestion to use the ‘Reliability
Function’ for computing the KS Statistic are provided in the paper of Padmanaban and William (2016 a) wherein the proposal
for the forward model-building process was originally proposed.

IV. PREDICTION OF RESPIRATORY TRACT DISEASE AMONG NEWBORN OF MOTHERS WITH
PRETERM PREMATURE RUPTURE OF MEMBRANES

Preterm Premature rupture of Membranes(PPROM): Premature rupture of membranes(PROM) is defined as the
spontaneous rupture of the amniotic membrane with a release of amniotic fluid at least one hour before the onset of labour. If
the membranes rupture after 37 weeks of gestation it is called term PROM. The rupture of membranes(ROM) occurring
after 28 weeks but before 37 weeks of gestation is termed as the preterm premature rupture of membrane (PPROM).

PROM occurs in approximately 10 % of all pregnancies and in 70% of the cases at term. Although there is some morbidity
when PROM occurs in term pregnancies, the fundamental clinical problem is PPROM, a condition that occurs in 3 % of all
pregnancies and is responsible for approximately 30% of all preterm deliveries.

Respiratory Tract Disease: Respiratory disease is a medical term that encompasses pathological conditions affecting the
organs and tissues that make gas exchange possible in higher organisms, and includes conditions of the upper respiratory tract,
trachea, bronchi, bronchioles, alveoli, pleura, and pleural cavity, and the nerves and muscles of breathing. Respiratory diseases
range from mild and self-limiting, such as the common cold, to life-threatening entities like bacterial pneumonia, pulmonary
embolism, acute asthma, and lung cancer.

The incidence of Respiratory Tract Disease is 53% among newborns of mothers with Preterm Premature rupture of
membranes. In this context, we refer toa paper of Khade and Bava (2018) which studied maternal and perinatal outcome in
PPROM cases.

Objective: The present study aims to relate three factors namely Mother’s Age, Gestation Week (of Birth) and BMI of mother
to Respiratory Tract Disease of a newborn child through the ‘Stepwise’ discriminant model building algorithm developed in
this paper. We wish to identify the significant factors that are associated with the risk of Respiratory Tract Disease among
newborns. We introduce linear as well as square terms of these variables for possible inclusion in the model.
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We have data on 200 mothers with PPROM who delivered babies in the Institute of Social Obstetrics, Government Kasturba
Gandhi Women and Children Hospital, Chennai, India, during the period May 2016 to April 2017. The following is a sample
of the data on the variables considered as 'Potential factors' along with the birth outcome:

Record # | X; (AGE) | X, (BMI) | X3 (GW) | X, (AGE?) | Xs(BMI?) | Xs(GW?) | Outcome
1 27 23 32 729 529 1024 1
2 28 25 30 784 625 900 1
3 23 27 32 529 729 1024 1
4 22 21 36 484 441 | 1296 0
5 24 25 36 576 625 | 1296 0

Here, '1' denotes Respiratory Tract Disease and '0' denotes 'No RD group'.
We apply the stepwise algorithm developed in this paper and get the following results.

Step 1 (FW): The KS statistics for models with single variables are found to be:

KSx1) = 0.2869, KSxz) = 0.2146, KS(x3) = 0.4183, KSx4) = 0.2869, KSxs) = 0.2146, KSx¢) = 0.4183

With maximum KS, X; enters the model in the first step. The KS value of 0.4183 is found to be statistically significant. We can find that the
KSxs) = KSxs) Where Xg is the square of Xs. Similar equality holds between X, and X, and, also between X, and Xs. That is, the linear and
square terms of a factor have same discriminatory power as stand-alone variables. With maximum KS, X3 and Xg both qualify for entry in
Step 1, but preference is to the direct variable (linear) X,.

Step 2 (FW):The KS statistics for models including one additional variable with X5 are found as
KS(Xl’Xg) =0.5136, KS(xz’Xg) =0.459, KS()(g’)@) =0.5136, KS(XB,XS) =0.4509, KS(ngxe) =0.4183
X enters the model in the second step. Even though, X, also qualifies to enter with maximum KS, the preference is to the linear term X;.

Step 3 (FW): In this step we get
KS(XLXZ‘X3): 04509, KS(Xl,X3‘X4) = 05449, KS(XLX3‘X5) = 04762, KS(X1X3.X6) =0.5136
X4 enters the model in the third step.

Step 3(BW):We check for possible removal of X3 and X; which entered in previous steps. We get
KS(-x3, x1,x4) = 0.4195, KSx3 x1,x4) = 0.5136
both of which are less than the KS attained in the forward Step 3. Thus, no variable leaves the model.

Step 4 (FW):In this step we get
KS(Xl X2,X3,X4) = =0.4749, KS(x1 X3,X4,X5) = = 0.4955, KS(x1 X3,X4,X6) ~ =0.5702.
Xg enters in this step.

Step 4 (BW): We check for possible exit of X, X3, X4. We have
KS(x1,x3xax6) = 0.5136, KSx1-x3 xa.x6) = 0.5449, KSx1x3.-xa,x6) = 0.5136, all three being less than the KS in Step 4 (FW). So, there is no
exit in this step.

Step 5 (FW):In this step we get
KS(Xl,XZ,X3,X4,X6) =0.5003, KS(Xl,X3,X4,X5,X6) =0.5003, both less than the KS attained in Step 4 (FV\O
So, neither of the two remaining variables X, Xs enters the model.
As none of the latest KS statistics exceeds the previous maximum KS value, the stepwise process model building process stops with four
variables being selected up to Step 4, in the order of X3, X; X, and X The 'Efficient Discriminant' obtained at the end of Step 3 of our
algorithm is:

=-0.91774*Age +5.65331*GW+0.01798*Age® — 0.0911* . . . (4.1)
and the ‘efficient cut-point' is y, = 74.11286
Membership-Prediction Rule: If 'y' denotes the measured value of the 'Efficient Discriminant' Y of (4.1) for a mother, then the prediction rule
for her would-be born child is:

Classify individual to:{

Respiratory Tract Disease Group if y > 74.1128

No Disease Group if y <74.1128
We note that higher values of the discriminant ‘Y”, indicates higher risk for RD. Further, the discriminant Y is a convex function of ‘Age’ for
fixed ‘GW’ and a concave function of ‘GW” for fixed ‘Age’.
We find that the minimum risk for child’s RD is attained when the mother’s age is around 25 years. New borns of lower age mothers
(between 18 and 25) and excess age mothers (above age 25) with PPROM both face a higher risk for RTD.

Also, when the ‘Gestation Week’ (the week in which the premature birth takes place) is around 31, the maximum risk for RD is reached. The

range of GW is 29 to 36 and for mothers with GW less than 31 also, the risk is not substantially lower than GW 31, but stays high. The risk is
decreased when the birth does not take place ‘too early’ and moves closer towards the normal GW of 40.
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V. CONCLUSION

Comparison with the Logistic Regression Model:
Denoting Respiratory Tract Disease outcome' as the outcome of interest (1), we build a binary logistic regression model using the stepwise
method of model building. We have the following logit equation from the model:

log P = -16.2071+ 2.04551*BMI — 0.033801*BMI° - 0.010467*GW?>

1-p
where 'p' is the probability of preterm labour. The KS for this model is found to be 0.525618which is less than the KS obtained for the
‘Efficient Discriminant Model(with KS=0.570223). Thus, the new method performs better than the binary logistic regression method in
predicting Respiratory disease of newborns to mothers with PPROM.

We note that, while logistic regression identifies two factors BMI and GW, our efficient discriminant model captures ‘Age’ and ‘GW". It is
noted that there is no proper medical evidence or research papers establishing the relationship between BMI of mothers with PPROM and
Respiratory Tract Disease of Newborns. However, both models confirm that higher values of GW lead to lower risk for RTD. That is when
the premature birth does not happen too early but closer to the normal 40 week period, the risk for RTD decreases. Interestingly, our
discriminant model identifies the fact that, in PPROM cases, the risk for RD of the newborn decreases as the age of mother moves up to 25
years, attains a minimum around 25 and increases forage beyond 25 years.

Looking after a premature infant puts an immense burden on the economic and health care resources of a family. Risk scoring strategies to
identify high-risk cases are very useful to initiate timely remedial actions for treating them prior to the rupture of the membrane. The above
application of our discriminant model is a step in this direction. Identification of other risk factors for earlier detection of high-risk cases will
be addressed in future studies.

Another interesting aspect of the above application is the inclusion of square terms along with linear terms which have not been attempted in
non-parametric discriminant analysis. This has resulted in identifying non-linear relations of input factors to the discriminant function which
could throw up interesting insights towards discovering risks for an outcome.
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