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Abstract—This research paper covers the developmeut of an
HIV risk scorecard using SAS Enterprise Miner™, The HIV
risk scorecard was developed using the 2007 South African
annual antenatal HIV and syphilis seroprevalence data.
Antenatal data contains various demographic characteristics for
each pregnant woman, such as pregnant woman’s age, male
sexual partner’s age, race, level of education, gravidity, parity,
HIV and syphilis status. The purpose of this research was to use
a scorecard to rank the effects of the demographic characteristics
on influencing an individual’s risk of acquiring an HIV infection,
not the probability of being sick. The project encompassed the
selection of the data sample, classing, selection of demographic
characteristics, fitting of a regression model, generation of
weights-of-evidence (WOE), calculation of information values
(IVs), creation and validation of an HIV risk scorecard. The
educational level and syphilis status of the pregnant women
produced information values below 0.05 and were rejected from
inclusion in the final HIV risk scorecard. Based on their
respective information values, the following four demographic
characteristics of the pregmant women were found to be of
medium predictive strength and thus included in the final HIV
risk scorecard; age, age of male sexual partner, gravidity and
parity. The age of the pregnant woman had the highest
information value and Gini coefficient. The HIV risk scorecard
showed that the risk of contracting an HIV infection increased
gradually up to the age of 30 years for females and 34 years old
for their male sexual partners. Thereafter, the risk decreased
gradually towards the age of 45,
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L INTRODUCTION

Over the past years. the insurance industry has grown to
appreciate the need to inswre HIV positive individuals [4].
South Afiica is one of a very few number of countries where
HIV positive individuals have access to life insurance policies.
This comes as no surprise as South Africa has one of the
highest levels of HIV infection i the world. A significant
number of these HIV positive individuals are gainfully
employed in different business sectors within the Republic.
With the extensive roll-out of anti-retroviral drugs and the
subsequent improvement i life expectancy rate to 60 years
[2]. it is imperative for the insurance companies to develop life
cover products for HIV positive citizens. The number of HIV
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positive individuals enrolled for anti-retroviral therapy (ART)
in South Afiica by the year 2011, had increased to 1.8 million
[1]. With the above information in mind. it is important to
develop a scorecard that can help insurance companies,
commercial banks and other financial institutions to predict
the likelihood of an individual becoming HIV positive in order
to tailor-make the most appropriate financial packages and
insurance policies. The same scorecard can be useful for
government policy makers in predicting the likely direction of
the HIV epidemic and thus develop sound intervention
strategies that focus on the specific age-groups that are at most
risk.

The following are examples of scorecards that have been
successtully developed in life sciences:

e Diabetes scorecard- This scorecard was developed
by the International Diabetes Federation, for
measring government’s commitment of diabetes,

e Heart disease scorecard- This scorecard was
developed by the American Heart Association (1),

e Huntington'’s disease scorecard- The scorecard was
developed to provide drugs and supplements for
Huntington’s disease (3).

e Health literacy scorecard- The scorecard was
developed to demonstrate the variables that
contribute to ill-health, chronic disease and early
death (8)

Prior to this project, the researchers used the following
statistical modeling techniques to rank the effects of
demographic characteristics on the risk of acquiring an HIV
infection. two-level fractional factorial design (10). response
surface methodology (9). binary logistic regression (11) and
multilayer perceptrons (12). The above methodologies
showed that the mother’s age had the most influential effect
on an individual’s risk of acquiring an HIV infection.

The aim of this paper is to demonstrate that a binned variable
scorecard can provide as much risk ranking as any other
regression based model, with the advantages associated with
the simplicity of the scorecards.
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The advantages of the HIV scorecard include:

* The binning process allows for the evaluation of the
relationship between each demographic characteristic
and the HIV risk.

e The binning process enables the risk ranking of
demographic characteristics.

e The binning process also allows the researcher to
adjust risk relationships based on established
epidemiological knowledge. by assigning higher or
lower weights-of-evidence (WOE),

e The format of the scorecard is easy to understand,
explain and use.

II. Bumwping HIV RISK SCORECARD MODEL

The 2007 antenatal HIV seroprevalence data was used for
this research. The database consisted of 32 611 records with
seven variables. Of the 32 611 records, 23 165 individuals
were HIV negative and 9 446 HIV positive. The antenatal HIV
data was collected from pregnant women attending antenatal
clinics throughout the nine provinces of South Africa, and the
seven demographic characteristics studied were the pregnant
woman's age. her educational level, gravidity, parity. male
partner’s age, syphilis status and HIV status.

The research steps were as follows;

1. HIV status was presented as a binary response with an
0 and 1 representing an HIV negative and positive
status respectively.

2. The Interactive Grouping Node in SAS Enterprise
Miner™. was used to develop the weights-of-
evidence (WOE) for each demographic characteristic,

3. The demographic characteristics with the highest
‘WOE values were binned based on their strength, with
high negative WOE values mmplying high risk and
high positive values corresponding to low risk of
acquiring an HIV infection,

4.  The formula for the calculation of the WOE values in
SAS Enterprise Miner™ was based on the standard
formula below;

‘Proportion of HIV negative individuals in bin’ :
WOEu =In ( & ) M

of HIV positive indi

5. The WOE values were used to determine the
information values (IV) and based on the IVs, the
demographic characteristics with low IV less than
0.05 were discarded. The term IV stands for the
ability to separate high risk from low risk to aid the
selection of demographic characteristics to be
included m the final scorecard.

6. The formula for the calculation of the information
values was

.
IVZZ (Proportion HIVnegative — Proportion HIVpositive «
i=1

| Zropertion Bl'vhsgaliva) (Ll)

Proportion HIVpositive

where n is the number of attributes for a demographic
characteristics

7. Siddiqi recommended the classification of variables in
terms of IVs as shown in Table 1.

Table 1: Information values

Information value Meaning
<0.02 unpredictive
0.02-0.1 weak
0.1-0.3 medium
=03 strong

The WOE analyzes the predictive power of a demographic
characteristic in relation to an individual’s HIV status. The
mformation value on the other hand assesses the overall
predictive power of the demographic characteristic being
considered. and thus can be used for comparing the predictive
power among different demographic characteristics.

III. OurtpUT

Fig. 1 shows the plot of the weights-of-evidence (WOE) for
each age-group of the pregnant woman. In this situation, the
WOE measures the strength of an age-group in differentiating
between HIV negative and positive individuals at each group
level.  Therefore negative values show that a particular
grouping is isolating a higher proportion of HIV positive
individuals than their HIV negative counterparts.  This
therefore implies that individuals with negative WOEs present
a greater risk for HIV infection.

For pregnant mothers, the age group 28 to 31 years was
found to be at risk of acquiring an HIV infection. As expected.
the younger women less than 18 years were least at risk of
infection, probably due to less sexual involvement. In addition,
the HIV risk seemed to decrease after the age of 32 years. The
latter situation was attributed to possible stability in marriage.
less risky sexual practices. psychological maturity and
awareness of the HTV pandemic.

Plot of WOE and Event Rate for Agewoman Age Group (Years)
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Fig. 1: Plot of weight-of-evidence and HIV positive rate against pregnant
woman’s age
Fig. 2 shows that as the WOE values decrease, the HIV
positive rate for male sexual partners increases gradually to a
maximum at the age of 33 years. At this age, males are found
to be at most risk of acquiring an HIV infection, thereafter the
risk decrease as the age increases to towards the age of 50.
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Plot of WOE and HIV Positive Age Group (Years)
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Fig. 2: Plot of weight-of-evidence and HIV positive rate against male
sexual partner’s age

The plot of the changes in WOE with an increase in
gravidity (Fig. 3) indicates that the women experiencing their
third pregnancy are at most risk of acquiring an HIV infection.
Once more, as expected women presenting at antenatal clinics
for their first pregnancy were found to least at risk. These are
presumably, the younger women debuting in sexual practice
and not yet exposed to multiple partners and the possibility of
being infected. On the other hand. Fig. 4 shows that the
women presenting to antenatal clinics having given birth to two
surviving children are most at risk of acquiring an HIV
infection.

Plot of WOE and HIV Positive Rate for
Gravidity Age Group (Years)
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Fig. 3: Plot of weight-of-evidence and HIV positive rate against changes in

gravidity
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Fig. 4: Plot of weight-of-evidence and HIV positive rate against changes in
parity
IV. BINNING BASED ON WOE AND CHOICE OF
DEMOGRAPHIC CHARACTERISTICS WITH ADEQUATE PREDICTIVE

POWER

The Interactive Grouping node in SAS Enterprise Miner™

was used to analyze the risk ranking ability of each
demographic characteristic. Attributes with low information
values (IV), less than 0.05 were discarded. These were the
educational level and syphilis status of the pregnant woman.

Based on Siddiqi information value classification guideline, the
pregnant woman’s age, male sexual partner’s age, gravidity
and parity were binned as these demographic characteristics
presented medium predictive tendencies. The age of the
pregnant woman had the most predictive information value
(IV) followed by her male sexual partner’s age with the parity
characteristic ranking last.

Table 2: Binning of demographic characteristics

Variable Expected Original Original Gini
Rale Gini Information Statistic
value (IV)

Agepartner input 24349 0243 24349
Agewoman input 24909 0249 24409
Gravidity input 18.634 0.126 18.634
Panty put 17.224 0109 17.224
Education rejected 0.245 0.00 0.245
Syphilis rejected 0.00 0.00 0.00

V. DEVELOPMENT OF A SCORECARD MODEL USING A
LOGISTIC REGRESSION

The scorecard node in SAS Enterprise Miner™ was used to
fit a logistic regression model and generation of a scorecard. A
stepwise selection method was used to eliminate unnecessary
characteristics. The final scorecard had four demographic
characteristics namely, age of the pregnant woman, age of the
male sexual partner, gravidity and parity. The selected
demographic characteristics are shown in the scorecard in Fig.
5, together with their respective scores and associated HIV
positive rate.

Table 3: Scorecard regression coefficients

Parameter DF Estimate
Intercept 1 -0.8994
WOE_Age partner 1 -0.5376
WOE_Age woman 1 -0.4776
WOE_gravidity 1 -0.3540
WOE_parity 1 00326

Table 3 shows the values of the regression coefficients
gencrated by the logistic regression. The products of the
weight-of-evidence (WOE) groups and the regression
coefficients are used to develop the scorecard points shown in
Fig. 5.
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Fig.5: Final scorecard

Score Bin HIV positive Margmal HIV Average
count rate Predicted
Probability
Training Dataset
100 4000 40 040
105 2500 40 035
110 1500 35 0.32
115 1000 29 028
120 800 25 025
125 500 23 022
130 500 20 0.18
135 400 15 0.15
140 350 8 0.13
Validation dataset
100 3000 40 04
105 1500 40 035
110 1100 35 0.32
115 700 29 028
120 500 28 025
125 450 22 022
130 400 20 0.18
135 350 17 0.15
140 300 20 0.13

Fig. 6: Gains table

Fig. 6 shows close agreement between marginal HIV
positive rates and average predicted probabilities. For an
example, a score of 115 provided a marginal HIV rate of 29%
and the corresponding average predicted probability of 0.28.

VI.  VALIDATION OF THE SCORECARD

The HIV risk scorecard was validated using a 25% hold-out
sample. Many fit statistics were used for scorecard validation
such as cumulative percent response. cumulative percent of
responses captured. receiver-of-characteristics (ROC) curve,
empirical odds and Kolmogorov-Smirnov plots.

A. Cumulative Percent response curve

This lift curve shows the predictive power of the scorecard
model, and provides a score that represents the likeliness of a
pregnant woman being HIV positive. The scores are sorted
into ten deciles, from left to the right along the horizontal axis.
with the highest scoring ten percent of individuals on the left
edge of the chart.
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Fig. 7: Cumulative percentage response chart
After training and validation, the scorecard model is able to
predict the HIV status of a pregnant woman with an accuracy
of 43% for the top 10 % of the scores. The accuracy drops to
41% for the top 20% of the scores.

B. Cumulative percent of responses captured

Another useful chart compares the cumulative percent of
responses captured as each decile is added to the target. In this
project, the top 20% deciles captured about 30% of the HIV
positive individuals, compared to a random baseline where two
deciles captured 20% of the HIV positive individuals and thus
emphasizing the advantage of targeting.

]

CumUlative % Captured Responss

Percenile

Fig. 8: Cumulative percent captured response

C. Receiver-of-characteristics (ROC) curves

The ROC chart is a graphical plot which shows the
performance of the scorecard binary classification model as its
discrimination threshold is changed. It is therefore generated
by plotting the fraction of true HIV positive individuals out of
the positives (sensitivity) against the fraction of false positives
out of the negatives (100-specificity), at various threshold
settings.

Specriciy
—]

Fig.9: ROC Curves

Each pomt on the ROC curve represents a
sensitivity/specificity pair corresponding to a particular
decision threshold. The area under the ROC curve (AUC) is a
measure of how well a parameter can distinguish between two
diagnostic groups. such as HIV positive and HIV negative.
Therefore the ROC curve is used as a test to distinguish
between HIV positive and HIV negative individuals. The
closer the ROC curve is to the upper left corner, the higher the
overall accuracy of the test (9).

D. Empirical Odds plot

Do el = TRA Duta Rl * VALD
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Fig.10: Empirical odds plot

This is used to evaluate the calibration of the scorecard.
The chart plots the actual odds values as they are found in the
validation data against scorecard. The chart is overlaid with a
chart of the values that are predicted by the scorecard. The
chart therefore determines those score bands where the
scorecard is, or is not sufficiently accurate. The odds are
calculated as the logarithm of the number of HIV positive
divided by the number of HIV negative individuals for each
scorecard bucket range. Thus, a steep negative slope implies
that the HIV negative individuals tend to get higher scores than
the HIV positive individuals. As the scorecard points increase,
so does the number of HIV negative individuals in each score
bucket.

E. Kolmogorov-Smirnov plot

The Kolmogorov-Smimov plot shows the Kolmogorov-
Smimov statistics plotted against scorecard cut-off values.
Kolmogorov-Smirnov  statistic 1s the maximum distance
between the empirical distribution functions for the HIV
negative and HIV positive individuals. The difference 1s
plotted for all cut-offs in the Kolmogorov-Smirnov plot. The
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weakness of reporting only the maximum difference between
the curves is that it provides only a measure of vertical
separation at one cut-off value. but not overall cut-off values.
According to Fig. 10, the best cut-off is about 110 where the K-
S score 1s maximum. Therefore at a cut-off value of 110, the
scorecard best distinguishes between HIV negative and HIV
positive individuals.

:Max,K-S B

KoImogorov.Smimoy Statiatc

CutofrScare.

Fig.11: Kolmogorov-Smirnov plot
VL. DISCUSSION OF RESULTS AND CONCLUSION

The information values based on weights-of-evidence
(WOE) ranked the contribution of the different demographic
characteristics towards predisposing an individual to an HIV
infection as follow: age of woman > age of partner > gravidity
> parity. The pregnant woman’s educational level and syphilis
status had information values less than 0.05 and were thus
rejected from inclusion in the scorecard. These results were in
agreement with those found through the use of a two-level
fractional factorial design, response surface methodology and
the binary logistic regression model that clearly indicated that
the pregnant woman’s age had the most significant effect on
the risk of acquiring an HIV infection.

The plot of scorecard points clearly shows that the risk of
HIV increases with the age of the pregnant woman and her
male sexual parter. The risk group at most risk is indicated by
the lowest scorecard points corresponding to 28 to 31 years old
for the females and 33 to 36 years old for their male sexual
partners. Females and males under the ages of 18 and 21 years
respectively score the greatest points, and the possible reason
being the delay in sexual debut. Equally individuals over the
age of 35 years old seem to be less at risk as indicated by the
gradual increase in scorecard points. The latter trend could be
attributed to the fact that this age group is consisted of mature
individuals who are in steady sexual relationships, do not
practice unsafe sex and have acquired sufficient knowledge to
safe-guard themselves from possible HIV infection.
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Fig.11: Plot of scorecard points

In conclusion, it is suffice to mention that the use of
weights-of-evidence and risk factors provides an excellent
starting point for screening individuals for different insurance
policies, pension schemes and possible loans from financial
institutions. In addition, this information can be of vital
importance for planning intervention strategies to curb the
spread of HIV within communities.
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