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Abstract: The global prevalence of hepatitis C infection is rapidly increasing and identifying how the virus is
transmitted, in different contexts, is important to guide prevention. The most common statistical method to
identify risk factors is logistic regression (LR), but there are now alternatives. For example, artificial neural
network (ANN) models have gained popularity in recent years. A study from nine different divisional head
quarter hospitals of the Punjab province, Pakistan with 700 cases and 700 controls was carried out. The cases
were HCV positive, diagnosed by the ELISA method; whilst the controls were negative. The patients were
recruited from outpatient, inpatient and hepatitis clinic (where applicable) settings from each hospital. Risk
factors and socio-demographic information were sought using an administered questionnaire. Associations
between risk factors and disease status were compared and contrasted using LR and ANN Models. The results
showed that out of a total of 1400 patients, 761 (54.4%) were male and 639 were (45.6%) female. The mean (±SD)
age was 34.1±10.5 with range (80-14) years. Matching risk factors were identified by both LR and ANN
multivariate models, apart from one variable. On combining the results from both models, 12 risk factors were
strongly associated with HCV infection. It can be concluded that a concordant set of risk factors, from both LR
and ANN models is identified which implies that ANN is a useful adjunctive method to identify risk factors for
“Hepatitis C” infection.
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INTRODUCTION factors of HCV infection [5, 6] and due to the paucity of

Identifying behaviours which lead to hepatitis C understanding of the risk factors would help in
virus  infection  (HC  has become important due to the developing more effective preventive strategies.
rapid increase in global prevalence, non-availability of We carried out this study from Punjab, Pakistan,
vaccine and expense of treatment [1, 2]. A variety of the which has the largest population in the country with
risk factors for HCV are now well known and widely about 65%  of  the  nation  residing  in this region.
accepted. However, 20 to 40% of infection route is Overall, the prevalence of HCV in Punjab is reported at
acquired in a manner that remains unknown [3] and we 6.7% with wide regional variation [7, 8], The objective was
need to explore and identify other risk factors associated to determine important risk factors for HCV and develop
with hepatitis C in different settings or regions of the a model for its occurrence with a view to using the
world. findings to identify individuals at risk.

Hepatitis C is a blood-borne disease, discovered in Logistic regression has been widely used for
1989. Globally, the prevalence of infection is 3.3% and is identifying risk factors and for prediction, but  it  has
projected to increase [4]. Concerning Pakistan, it has been some limitations, for example, the handling of  interaction
reported that there is a lack of knowledge about the risk effects,   missing   values,   outliers   and  multicollinearity.

knowledge and awareness in Pakistan, a better
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Alternative statistical methods such as artificial neural MATERIALS AND METHODS
networks (ANN) and classification trees have, in recent
years, become popular, not so much to identify risk Sample Size Estimation and Data Collection Procedure:
factors, but as prediction tools [9-13]. Artificial neural Pakistan is the sixth most populous country in the world,
networks (ANN) are able to detect hidden complex with a population of about 180 million people. Among its
relationships  which  may  not  be  captured by four provinces, Punjab is the largest, comprising about
conventional regression techniques. ANN models 60% of the country’s total population. Administratively,
implicitly detect all possible hierarchical interactions Punjab has been divided into 9 divisions (Lahore,
which may increase the model performance and may Gujranwala, Rawalpindi, Faisalabad, Multan, Sargodha,
improve predictive accuracy [14]. This task remains Bahawalpur, DG Khan, Sahiwal) which contain a
impractical and laborious using traditional methods. In divisional head quarter hospital (Table 1), where free
addition, ANNs are highly flexible since they can handle treatment for HCV positive patients is available,
a mixture of variable types (continuous,  nominal or sponsored by the Government so that people living in
ordinal) in the same analysis and do not demand rigorous surrounding districts and communities are eligible for free
stringent theoretical or distributional assumptions, unlike diagnosis and treatment.
the LR model. We sampled cases and controls from each Divisional

Furthermore, to select significant risk factors, Head Quarter hospital throughout the province of Punjab
significance testing (p-value) is the commonest by a convenient sampling technique. All data were
methodology, but this procedure does not rank the collected using a structured questionnaire which included
variables in order of importance [15]. This limitation demographic, socio-economic, family history and clinical
signifies the importance of ANN model to assess the factors. In Pakistan, there is no data collection system
ranking of individual important variables. available for recording routine risk factors of hepatitis C

Some  authors   have   compared   the   ANN  model patients [18] Therefore, the researcher (MG) travelled
with the LR method in other medical contexts [16], throughout Punjab province to recruit patients and collect
however, the application of ANN model is not so data from each divisional hospital during a six month
prevalent  in  epidemiological  studies.  For  example,  in period. Permission was acquired from the administrative
one  case-control  study  of  myocardial  infarction  [17], authority of each hospital before recruiting participants.
the  authors  introduced  the  idea  of  the  relative A sample size for this retrospective unmatched study
importance  of   variables  and  suggested  that was estimated using OpenEpi online free software
researchers  should  also  compare  these  two  techniques (http://www.openepi.com/OE2.3/Menu/OpenEpiMenu.h
in future studies. tm). The results were presented using methods of Fleiss

In this study, we would like to present an example [19]. The estimated sample was 1396 assuming case to
how the LR and ANN modelling techniques can be control ratio 1:1, with a probability of a type 1 error set at
applied in evaluating the risk factors of hepatitis C 5% and statistical power of 80%. The overall estimated
infection in the largest province (Punjab) in Pakistan. sample   size  was   rounded   to   1400    for   convenience.

Table 1: Allocation of Sample Sizes into Different Divisional Head Quarter (DHQ) Hospitals of Punjab

Sr # Division Hospital name Total Cases Controls

1 Lahore Services hospital 200 100 100

2 Gujranwala DHQ Hospital 200 100 100

3 Rawalpindi Holy family 200 100 100

4 Faisalabad Allied hospital 200 100 100

5 Multan Nishtar hospital 200 100 100

6 Sargodha DHQ hospital 100 50 50

7 Bahawalpur Victoria hospital 100 50 50

8 DG Khan DHQ hospital 100 50 50

9 Sahiwal Civil hospital 100 50 50
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We allocated double sample size to the largest five predictor variables, shortlisted by univariate analysis.
divisions of Punjab as illustrated in Table 1 while for the Initially, we have about 46 (socio-demographic and
other small divisions we assigned only single weight-age. clinical risk factors) factors which were reduced to 33 for
The complete distribution of total sample size was further multivariate analysis. Before running the full
explicated in Table 1. model, multicollinearity for each covariate was also

Cases and Control Selection: There were 700 patients’ dependencies  among   the  predictors.  For  this purpose,
cases and 700 controls. We identified the cases and variance   inflation   factor   (VIF)   was   measured  [21].
controls from the outpatients, inpatients and hepatitis All variables had VIF <2, indicating no significant
clinics (where applicable) out of each hospital. The cases multicollinearity. Additionally, we performed diagnostic
were all those patients who were subsequently checks to find and eliminate any outlier which may have
determined to be HCV positive from blood samples been present. Collet [22] suggested that diagnostic
getting a routine ELISA method, whilst controls were all checks for outlying observations be applied in logistic
negative. The controls, in addition, were HBsAg negative regression to avoid bias of parameter estimates. In the
and were not clinically jaundiced. The patients of every presence of outliers, point estimates and standard errors
age group and sex were included in the study besides of estimates may be inaccurately raised. Note, there was
individuals who were cognitively impaired. The cases no need to discard any outlying value while modelling
were likely to be visiting the health care clinic for ANN model to the data.
consideration, initiation or follow-up of medications for
HCV infection, whereas controls were chosen from Artificial Neural Network: In this study, we used a
medical clinic visitors who received acute ailment, popular Multi-layer feed-forward neural network with back
together with signs and symptoms such as fever, nausea, propagation algorithm [23, 24]. In a neural network, similar
vomiting, body pain, poor appetite and were looking for objectives are achieved as in logistic regression
medical diagnosis as well as treatment at the hospital. modelling: predicting the response variable based on
Both cases and controls possessed no evidence of some potential covariates. However, the model building
serious liver synthetic dysfunction, such as high approach and strategy is quite different [16]. Full details
International Normalized Ratio (INR), low albumin or low including mathematical illustration were omitted, but in
platelet count. In other words, both cases and controls brief the network was constructed with three  layers
had no clinical or biomedical evidence of advanced liver (input, hidden and output layers). ANN model can be built
disease . using a series of multiple input variables to predict output1

Statistical Analysis: We developed two separate models inputs and the presence or absence of HCV seropositivity
(LR and ANN) in different steps. First, we calculated as the output. The middle layer is called “hidden” and
univariate odds ratios from logistic regression, Chi-Square increases the model’s flexibility. Each layer has different
analysis and t-tests (where applicable) for each variable nodes and these nodes are interconnected with
and shortlisted only predictors which were associated connection weights, obtained by a series of a
with the outcome (p<0.20) [20]. Then, these predictors mathematical equations [16]. These connections carry
were further included in modelling multivariate logistic information through the network. At each hidden and
regression and ANN models respectively, to analyze most output node, a weighted linear combination of the
associated (p<0.05) risk factors with HCV seropositivity. independent variables was summed and then a logistic or
All p-values were 2-tailed. The discriminatory power of sigmoid transformation was applied as an activation
each model to differentiate between cases and controls function. The aim is that the weights (synaptic weights)
was assessed by use of the area under the receiver represent association (and possibly causation) between
operating characteristic (AUROC) curve. Further, the observed predictors and outcome [25].
sensitivity and specificity analysis were preformed for The input variables consist of factors and covariates.
each model. All analysis was performed by SPSS, Inc Factors  were  categorical  independent  variables
version 18. (nominal or ordinal), while covariates were quantitative

Development of Logistic Regression Model: We the covariates first by standardized rescaling to improve
developed a multivariate logistic regression model with 33 the performance of the ANN model.

assessed. This occurs when there are strong linear

variables. In this study, risk factors were taken as the

continuous variables (ages, family size, etc). We rescaled
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Before training neural  network,  we  randomly parameters  like  the  ROC  curve,  sensitivity  and
divided the whole data set into two partitions i-e Training specificity of model classification, compared to observed
(80%) and Testing (20%) in such a way that pre-assigned values.
cases to controls ratio does not affect. The training set
should be a relatively  larger  portion  of  records as Sensitivity  Analysis:  ANN   models   have  been
compared  to testing set which was used to train the criticized for being “black box” due to their inability to
neural  network. On completion of training, the simulated generate interpretable coefficients (weights) for each
results then were further verified, counter checked on produce variable [26]. To compensate, we carried out a
employing  with  testing  set;  an  independent sample sensitivity  analysis,  which   computed   the  importance
from the same data  set.  Testing  data  help  to  track of  each  predictor  in  d etermining  the  neural  network
errors and prevent from over-fitting during training [26].  This  was  used  to  determine  the  relative
process. As, it has been observed that ANN model importance   of   each   input   parameter   in   the  model
exhibits a drawback of over-fitting and this can be and help to rank  the  importance of different variables
compensated by performing the partitioning of data, as [27]. Graph 1 shows the ranking of each input variable
proposed above. through the importance and normalized importance,

We applied the ‘Batch method with a Scaled obtained by ANN model. The importance of an
Conjugate Gradient’ as an optimization algorithm. This independent variable [28] is actually a measure of just
method is useful in small datasets and reduces the total how much the network’s model-predicted value change
error. As our dependent variable was binary, (presence or for different values of the predictor variables. Besides, the
absence) of HCV seropositivity, a sigmoid or logistic normalized importance is the ratio of  importance  values
activation function was used at hidden nodes and at the generated by the ANN model an the largest importance
output variable. The signals were processed through values.
these activation functions transforming to the output
node. RESULTS

We developed different successive ANN models to
reach a best possible model but we reported only one Table 1 gives a description of cases and controls. Of
having overall good model performance and with minimum the total of 1400, 761(54.4%) were males and 639 (45.6%)
value  of sum of square of errors (SSE). On every repeated females. The mean (±SD) age was 34.1±10.5 with range
trial we also examined examined other  model  performance (80-14)   years.   Overall   78.9%   were   married,   60.6%  of

Table 2: Chi-Square and Univariate Logistic Regression Analysis of Socio-Demographic Factors
Outcome Univariate Logistic Regression
-------------------------------------- ---------------------------------

Variable Category Controls Cases Total Chi-Square(p) Odds Ratio (95%CI) p-value
Gender Male 364(52.0%) 397(57.0%) 761(54.0%) 3.14(0.086) 0.827(0.67-1.02) 0.077

Female 336(48.0%) 303(43.3%) 639(45.6%)
Age group <=34 391(55.9%) 328(46.9%) 719(51.4%) 11.35(0.001) 1.44(1.16-1.77) 0.460

>34 309(44.1%) 372(53.1%) 681(48.6%)
Marital Status Never married 197(28.1%) 99(14.1%) 296(21.1%) 41.15(<0.0001) 2.39(1.82-3.11) <0.0001

Ever married 503(71.9%) 601(85.9%) 1104(78.9%)
Family status Single 351(50.1%) 315(45.0%) 666(47.6%) 3.71(0.061) 1.23(0.99-1.52) 0.054

Joint 349(49.9%) 385(55.0%) 734(52.4%)
Residential area Urban 256(36.6%) 296(42.3%) 552(39.4%) 4.79(0.033) 0.787(0.635-0.98) 0.029

Rural 444(63.4%) 404(57.7%) 848(60.6%)
House status Owned 560(80.0%) 541(77.3%) 1101(78.6%) 1.54(0.24) 1.18(0.91-1.52) 0.21

Rented 140(20.0%) 159(22.7%) 299(21.4%)
Family size 7.38±3.71 7.53±3.84 7.49±3.76 0.451 1.01(0.98-1.04) 0.451
No.of person sharing one room 3.31±1.65 4.52±3.08 3.91±2.51 0.000 1.26(1.12-1.33) <0.0001
Patient Education None 216(30.9%) 439(62.7%) 655(46.8%) 190.97 (<0.0001) Reference <0.0001

1-5 90(12.9%) 78(11.1%) 168(12.0%) 10.73(7.25-15.87)
6-10 204(29.1%) 147(21.0%) 351(25.1%) 4.57(2.87-7.30)
11-16 190(27.1%) 36(5.1%) 226(16.1%) 3.80(2.51-5.76)

Income group <=5000 146(20.9%) 182(26.0%) 328(23.4%) 6.56(0.087) Reference 0.087
5000-15000 470(67.1%) 436(62.3%) 906(64.7%) 1.59(0.934-2.71)
15000-25000 47(6.7%) 53(7.6%) 100(7.1%) 1.18(0.72-1.92)
>25000 37(5.3%) 29(4.1%) 66(4.7%) 1.44(0.77-2.69)

Father’s Education No 481(68.7%) 568(81.1%) 1049(74.9%) 28.78(<0.0001) 0.51(0.40-0.64) <0.0001
Yes 219(31.3%) 132(18.9%) 351(25.1%)

Mother’s Education No 546(78.0%) 588(84.0%) 1134(81.0%) 8.19(0.005) 0.68(0.52-0.89)
Yes 154(22.0%) 112(16.0%) 266(19.0%)
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Table 3: Chi-Square and Univariate Analysis of Risk Factors

Outcome Univariate logistic Regression

----------------------------------- --------------------------------

Variable Category Controls Cases Total Chi-Square(p)  Odds Ratio(95%CI) p-value

Family history of Hepatitis Yes 106(15.1%) 220(31.4%) 326(23.3%) 51.96(<0.001) 2.57(1.98-3.34) <0.001

Patient history of Jaundice Yes 101(14.4%) 150(21.4%) 251(17.9%) 11.66(<0.001) 1.61(1.23-2.14) <0.001

Family history of jaundice Yes 43(6.1%) 39(5.6%) 82(5.9%) 0.207(0.733) 0.64(0.57-1.41) 0.649

Patient history of liver disease Yes 35(5.0%) 115(16.4%) 150(10.7%) 47.79(<0.001) 4.0(2.52-5.54) <0.001

History of blood transfusion Yes 172(24.6%) 313(44.7%) 485(34.6%) 62.72(<0.001) 2.48(1.98-3.12) <0.001

History of blood donation Yes 121(17.3%) 175(25.0%) 296(21.1%) 12.49(0.001) 1.60(1.23-2.07) <0.001

Dental surgery Yes 169(24.1%) 321(45.9%) 490(35.0%) 72.54(<0.001) 2.66(2.12-3.34) <0.001

Tattooing Yes 58(8.3%) 128(18.3%) 186(13.3%) 30.38(<0.001) 2.48(1.78-3.45) <0.001

Ear/nose piercing Yes 328(46.9%) 327(46.7%) 655(46.8%) 0.003(0.957) 0.99(0.81-1.23) 0.96

More than one marriage Yes 38(5.4%) 49(7.0%) 87(6.2%) 1.48(0.267) 1.31(0.85-2.03) 0.224

Injected drugs, even once Yes 19(2.7%) 50(7.1%) 69(4.9%) 14.65(<0.001) 3.0(1.61-4.73) <0.001

History of accidental needle stick Yes 193(27.6%) 330(47.1%) 523(37.4%) 57.29(<0.001) 2.34(1.88-2.93) <0.001

Sharing of syringes Yes 31(4.4%) 39(5.6%) 70(5.0%) 0.962(0.391) 1.27(0.79-2.07) 0.328

Sharing of tooth brush/Miswak Yes 126(18.0%) 184(26.3%) 310(22.1%) 13.94(<0.001) 1.62(1.26-2.10) <0.001

Sharing of nail cutter Yes 451(64.4%) 556(79.4%) 1007(71.9%) 39.00(<0.001) 2.13(1.68-2.71) <0.001

Major/Minor Surgery Yes 145(20.7%) 280(40.0%) 425(30.4%) 61.58(<0.001) 3(2.01-3.24) <0.001

History of Angiography/Angioplasty Yes 16(2.3%) 17(2.4%) 33(2.4%) 0.031(0.863) 1.06(0.533-2.12) 0.86

History of endoscope or gastro-scope Yes 23(3.3%) 84(12.0%) 107(7.6%) 37.65(<0.001) 4.01(2.50-6.45) <0.001

History of colonoscopy Yes 47(6.7%) 61(8.7%) 108(7.7%) 1.97(0.193) 1.33(0.89-1.97) 0.162

Road traffic accident Yes 124(17.7%) 183(26.1%) 307(21.9%) 14.52(<0.001) 1.644(1.27-2.17) <0.001

History of cuts Yes 254(36.3%) 396(56.6%) 650(46.4%) 57.91(<0.001) 2.29(1.85-2.84) <0.001

Hospitalization Yes 255(36.4%) 379(54.1%) 634(45.3%) 44.33(<0.001) 2.06(1.66-2.55) <0.001

History of injections or intravenous drips Yes 420(60.0%) 559(79.9%) 979(69.9%) 65.63(<0.001) 2.64(2.08-3.36) <0.001

History of cannula insertion Yes 270(38.6%) 414(59.1%) 684(48.9%) 59.28(<0.001) 2.31(1.86-2.86) <0.001

Acupuncture Yes 4(0.6%) 2(0.3%) 6(0.4%) 0.67(0.452) 0.50(0.09-2.73) 0.422

Ever imprisoned? Yes 37(5.3%) 53(7.6%) 90(6.4%) 3.04(0.102) 1.47(0.951-2.27) 0.083

Local migration Yes 88(12.6%) 278(39.7%) 366(26.1%) 133.55(<0.001) 5(3.50-6.00) <0.001

Foreign migration Yes 18(2.6%) 26(3.7%) 44(3.1%) 1.50(0.225) 1.46(0.79-2.69) 0.223

Sharing of eye lenses Yes 15(2.1%) 13(1.9%) 28(2.0%) 0.15(0.849) 0.86(0.41-1.83) 0.703

Minor surgery by barber Yes 41(5.9%) 128(18.3%) 169(12.1%) 50.94(<0.001) 4(2.49-5.20) <0.001

Eye surgery Yes 23(3.3%) 42(6.0%) 65(4.6%) 5.82(<0.022) 1.88(1.12-3.16) 0.017

Ear wax removal in hospital Yes 8(1.1%) 21(3.0%) 29(2.1%) 5.95(<0.023) 2.68(1.18-6.08) 0.019

Have you lived in a hostel? Yes 107(15.3%) 161(23.0%) 268(19.1%) 13.46(<0.001) 1.67(1.26-2.17) <0.001

Alcohol abuse Yes 7(1.0%) 12(1.7%) 19(1.4%) 1.33(0.356) 1.73(0.68-4.41) 0.245

Table 4: Multivariate logistic Regression Output

95% C. I. for Odds Ratio

---------------------------------

Variables B S.E. Wald P-Value Odds Ratio Lower Upper

Patient education -1.632 0.134 148.709 <0.001 0.196 0.15 0.254

Local migration 1.021 0.166 37.756 <0.001 2.777 2.005 3.846

Patient history of liver disease 0.973 0.237 16.843 <0.001 2.646 1.663 4.212

Endoscopy 0.857 0.288 8.849 0.003 2.357 1.34 4.147

Family history of hepatitis C 0.777 0.162 23.016 <0.001 2.176 1.584 2.989

Tattooing 0.777 0.211 13.611 <0.001 2.175 1.439 3.286

Blood transfusion 0.715 0.139 26.302 <0.001 2.043 1.555 2.685

Minor surgery by barber 0.553 0.236 5.485 <0.019 1.739 1.094 2.762

Dental Surgery 0.508 0.144 12.368 <0.001 1.661 1.252 2.205

General Surgery 0.456 0.147 9.564 <0.002 1.577 1.182 2.105

Patient history of liver disease 0.973 0.237 16.843 <0.001 2.646 1.663 4.212

History of injections 0.418 0.15 7.821 0.005 1.519 1.133 2.037
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subjects  reported  living  in  a rural  area,  whilst  52.4% Among these variables, a patients’ education was
lived  with   an extended   family   in   one   dwelling. negatively associated with HCV status while all others
About  68.7%  cases  reported  having  no  education, had a positive relationship (Table 4). Moreover, when we
whilst others were generally low. Monthly household sorted (ascending) the factors according to their beta
income was similar for both (88%) cases and controls, weights and by ignoring its attached sign, patients’
with the majority belonging to a low income group education was conferred the highest weight (rank) among
(<15000 Rs./month or 160 US$/month). On average, all significant risk factors in the model. This suggests that
participants lived in a family of 7 to 8 people; 3 people patients’ education is the most important factor which
shared one room (in controls) and 5  persons  in  cases. reduces the risk of disease up to 20%.
Among  the  cases,  about 68.7% patients’ fathers  had  no The main architecture of the neural networks could
education  and  this figure   increased    in    mothers be denoted as 33-12-1, means that 33 predictors, 12 hidden
(78.0%)  (Table 2). Socio-demographic and clinical risk nodes and 1 output (target) variable. Figure 1 gives
factors  among  cases  and  controls  are   compared in illustration for the final output from the ANN fitted model,
Tables 2 and 3. obtained by adopting the same procedure as described in

We developed a multivariate logistic regression the methods section. The rank and sequence of each
model, using the procedure described in the  methods. factor were also illustrated in this figure. This was
The graphs presented in (Appendix) indicate that there obtained by plotting normalized  importance  (by  ANN)
were about 3 outlying observations which were discarded of each risk factor. According to the importance, 11 most
from the data leaving 1397 observations for the  final. important risk factors were finally obtained. Just like the
After deleting these outliers, the  model  was  revised  and LR finding, patients’ education also had the top rank in
the results compared. There was certain decrease in the ANN model. We applied a cut point at the 11  number
deviance  and  -2LL,  improving  the model ability. risk factor, because we observed almost no change in
Forward likelihood ratio criterion was used for variable normalized importance between the10  and 11 , while a
selection in the model and found that there were 11 risk sudden decrease occurred when the 12  variable was
factors having significant association with HCV outcome included.
(p-value<0.05). Overall, the model was found significantly
better than a null model, by Hosmer and Lemeshow Test Comparison  of  Logistic  Regression  Output  Versus
(p-value>0.05) and results were further compared with an ANN Model: Interestingly, about 11 risk factors were
omnibus test (P-value<0.0001). This is the best of fit tests, significantly associated with the disease by logistic
which measures how well model is fitted to the available regression analysis (Table 4) and with almost the same
data [20]. The value of Nagelkerke R Square was 43.0%. number of variables selected by ANN model (Fig. 1).

th

th th

th

Fig. 1: Independent Variable Importance Chart from Artificial Neural Network (ANN).
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Fig. 1: Comparison of ROC Curves in Artificial Neural Network and Logistic Regression models

However,  one  risk  factor  from  each model differed, higher in ANN models. This improvement in sensitivity
“minor  surgery  by  barber”  was  significant  in  LR  but and specificity in ANN may have been due to the
not in the ANN model. Similarly, “Number of persons inclusion of interaction effects in the model.
sharing one room” was an important variable in ANN but
not in LR. Thus, after combining the results from both DISCUSSION
models, we found 12 risk factors that were associated with
disease status in Punjab province, Pakistan. These risk The  purpose  of  the  present  study  was  to  apply
factors were: patient education, patient history of liver LR  and  ANN  models  to  model  and  analyze  the  risk
disease, local migration, family history of hepatitis C, factors of HCV infection, but not to prove superiority of
number of persons sharing one room, history of blood a neural network with that of conventional LR statistical
transfusion, endoscopy, history of injections, dental modelling. The main findings suggested that use of an
surgery, tattooing, general surgery and minor surgery by ANN model was helpful for both variable selection and
barber. ranking of important variables in sequence of importance

Model Performance: Overall  performance  for  each The strength of this study was the step-by-step
model was assessed by area under the ROC (AUROC) application of both models to real data, exploring the
curve,  sensitivity   and   specificity  (at  a  cut  point  of features of the data shown by each method. This helps us
0.5 probability). For the LR model these measures were to account for the geographic, socio-demographic and
found as 83.8, 76.1 and 74.8% respectively. Moreover, personal living pattern of life in the study. On the other
overall model classification was 75.4% correct. On the hand, we are also aware of the limitations of the study.
other  hand,  the  overall  correct  classification   for ANN Firstly, our study was a hospital-based study which was
model in training and testing sets of data was 77.3 and observational in nature and might introduce some biases
79.8% respectively. The area under the ROC curve was during data collection. The selection bias was possible,
84.7% in ANN model combining both training and testing given that the hospital controls were not a sample from
data sets. Further, sensitivity and specificity of ANN the underlying population and risk factors for HCV
model was 77.6 and 77% respectively, in training data investigated here, were likely to be risk factors for a range
while for testing data these parameters were 78.5 and of infections and so, some measures of association were
81.2%, respectively. likely to be underestimated. Secondly, we have

These results evident that the model discriminating concentrated on overall measures of association, while
power was similar, comparing the two methods, from the some putative risk factors were likely to be different in
ROC analysis, whilst sensitivity and specificity were male and female population settings.

[15].
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In our study, we identified 12 independent variables hospitalizations and number of pregnancies. Similarly,
contributing towards HCV infection in the province many other researchers have applied the same logistic
(Punjab), Pakistan. In a recent literature, we found that technique to evaluate risk factors for hepatitis C infection.
among these factors some traditional risk factors such as In short, many studies have used this model for risk
history of blood transfusion, history of injections, dental factors identification, but some shortcomings have been
surgery and general surgery were identified in other identified in their methods. For example, majority of them
studies, carried out in other regions and settings [29-33]. did not apply any diagnostic checking (outliers, influential
Other factors include family history of hepatitis C [34], values), multicollinearity prior to developing the final
patient history of liver disease, endoscopy [35] and logistic regression model [3, 40, 42]. In this study, we
tattooing [34, 36]; which were reported but not so fitted multivariate logistic regression model with
common. Low patient education [37], local migration, diagnostic checking. Additionally we used ANN models
number of persons sharing one room and minor surgery as an alternative to logistic regression model to identify
by barber were the other factors. We documented that the effective risk factors of hepatitis C infection in Punjab,
about 31.4% of cases reported a positive family history of Pakistan. The authors built an ANN model based on
hepatitis C. This augment the risk as 55% cases live in a hepatitis C risk factors for predicting the binary outcome
joint family system and reported receiving no formal (HCV present or absent) and found that the model was
education  (62.7%).   Moreover,  on  the  average,  about able to predict the outcome very accurately, as indicated
5 persons are found to share one room. by AUROC, sensitivity and specificity of model.

Our ANN model assigned the highest rank to a The two methods have been compared in studying
patient’s education is the main factor which can play the other diseases, for example, in diabetes, Salmonella
pivotal role to reduce the burden up to 20%. For the LR typhimurium  infections  and  coronary  artery  bypass
method we could easily calculate odds ratios for each [43-45]. Another study of the risk factors of uterine
predictor variable. But, in ANN models it was not easy to myomas using ANN model and LR demonstrated similar
derive an odds ratio. However, one study has reported a leading risk factors and on comparison with conventional
method to compute an effective odds ratio for the ANN statistics, ANN perform better, on measures of
and compared the results with LR model bagging, discrimination and provided powerful alternative to risk
reporting almost similar results [38]. factors analysis [46]. The same conclusion was supported

There are many studies in which multivariable logistic by other studies [47, 48] that on comparison ANN model
regression was applied to find out the significant risk is not more efficient than an LR model in discriminating
factors for HCV infection. For instance, a recent cross the different parameters. Hart and Hart & Wyatt [49]
sectional study was conducted in Baluchistan, Pakistan, presented a critique that “black box” feature is the key
finding that HCV prevalence in this region was about obstacle to the use of neural networks for medical
5.5%. After multivariable logistic regression, age>75 decision making. Prediction is the only objective then
years, use of injected drugs and being a healthcare worker ANN models give appropriate results, whereas LR could
were most strongly associated with HCV infection [39]. also estimate the effect of factors on the outcome [50].
Another study, conducted from a peri-urban community Another hindrance of ANN model is the non availability
of Karachi, identified the prevalence and risk factors of of variable selection procedures unlike the logistic
HCV infection in men and women separately. The logistic regression (forward elimination, backward elimination).
regression model identified that history of blood ANN models have no comparable variable selection
transfusion; injections and dental surgery are the main methods. But few researchers have suggested some ideas
risk factors in women. While extramarital sexual to explore effective factors in the model. West et al. [51]
intercourse, barber shave and increasing age showed the suggested that ANN model can be combined with other
strongest association in men [40]. Another study which statistical models to reduce the number of input variables.
used logistic regression analysis to explore  risk  factors Another way to reduce number of input variables is by
of hepatitis C in males found, similarly, that blood examining the connection weight from the ANN model.
transfusion  and  history  of undergoing  dental  surgery Similarly, variables with low connection weights may be
are the main factors associated with disease status [24]. eliminated. Thus model should execute several times by
A case control study [41] among pregnant women at inclusion or exclusion of variables and performance
Karachi hospital, which used multivariate logistic should be assessed [52]. A very recent study suggested
regression ultimately identified three major risk factors that the ratio of sum of square of errors with and without
associated with HCV infection; health care injections, a  given  input  variable
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should be assessed and if the value found was <=1 then likely that we would have ignored socio-economic status
that variable may be discarded. This is a tedious  and  time as a risk factor. This signifies the use of ANN model and
consuming procedure and do not possess and ultimate can detect complex hidden patterns very easily within the
solution. On the other hand, we performed the analysis data which is not apparent  using  traditional  statistics
with the variables already shortlisted by univariate [55, 56]. This ensures that exact knowledge about all
logistic regression and checked the overall performance; possible significant risk factors is very important for
including sum of square of errors, correct classification, making preventive strategies. We can easily say that a
area under the ROC curve etc. With the same mode, great care and time are required to model the LR with all
settings and specifications we replicate the ANN model formalities and procedures, as illustrated in
several times and picked up only that one elucidating aforementioned results section. While on the other hand,
overall better performance. ANN model can be a quick and easy multivariate analysis

We don’t go into detailed advantages and alternate to LR [57].
disadvantages comparisons of each model. No doubt, LR In   summary,   our   results   showed   that  both-
is a widely accepted application of modelling on binary models  performed almost equally, however, sensitivity
response and ability to interpret individual predictor and and  specificity  of  ANN  model  was  slightly  increased
type of association with the outcome variable through the in  training  and  testing  sets   of   data.   This  increase
estimated regression coefficient, LR Model should not be may  be  the  cause  of  inclusion  of  interaction  effects
disregarded [53], however, it has still certain limitations in the model.
e.g. (1) we need to select a random sample which is not Our results suggest that by applying both LR and
possible in each case, (2) There should be a linear ANN models, we were better able to explore those risk
relationship between continuous predictor and log odds factors which may enhance susceptibility to disease.
of outcome, (3) handling and checking of multicollinearity These findings are likely to improve preventive strategies
and autocorrelation, (4) outlier detection, (5) complex and awareness of how HCV infection spread in the
interactions might not be included between predictors, (6) community. This also implies that researchers should not
The presence of missing value is also problematic and the rely only on traditional methods to model and analyze the
ranking of importance of variables is not well understood risk factors of HCV infections but also make use of other
(7). competing techniques such as artificial neural network

All major limitations can be compensated by ANN together for better insight to the data exploration, more
model except; (1) proper interpretation of synaptic refined understanding on the main determinants of HCV
weights, (2) The type of association between predictors infection.
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