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Abstract

To enhance the capacity for early and effectivemanagement of genital tract infections at primary
and secondary levels of the healthcare system, we developed a prediction model, validated
internally to help predict individual risk of self-reported genital tract infections (sGTIs) at the
community level in Ghana. The study involved 32973 men and women aged 15–49 years from
three rounds of the Ghana Demographic Health Survey, from 2003 to 2014. The outcomes were
sGTIs. We applied the least absolute shrinkage and selection operator (LASSO) penalized
regression with a 10-fold cross-validation model to 11 predictors based on prior review of the
literature. The bootstrapping technique was also employed as a sensitivity analysis to produce a
robust model. We further employed discriminant and calibration analyses to evaluate the
performance of the model. Statistical significance was set at P-value <0.05. The mean±standard
deviation age was 29.1±9.7 years with female preponderance (60.7%). The prevalence of sGTIs
within the period was 11.2% (95% CI = 4.5–17.8) and it ranged from 5.4% (95% CI = 4.8–5.86)
in 2003 to 17.5% (95% CI = 16.4–18.7) in 2014. The LASSO regression model retained all
11 predictors. The model’s ability to discriminate between those with sGTIs and those without
sGTIs was approximately 73.50% (95% CI = 72.50–74.26) from the area under the curve with
bootstrapping technique. There was no evidence of miscalibration from the calibration belt plot
with bootstrapping (test statistic = 17.30; P-value = 0.060). The model performance was judged
to be good and acceptable. In the absence of clinical measurement, this prediction tool can be
used to identify individuals aged 15–49 years with a high risk of sGTIs at the community level in
Ghana. Frontline healthcare staff can use this tool for screening and early detection. We,
therefore, propose external validation of the model to confirm its generalizability and reliability
in different population.

Introduction

Genital tract infections (GTIs) are infectious diseases that often go undetected as epidemics and
constitute a huge public health concern [1]. They are mostly ignored, misdiagnosed, or unre-
ported leading to incorrect treatment and undetected transmission [2–5]. Among pregnant
women, GTIs can cause spontaneous abortions and where the foetus survives, the risk of
congenital diseases adversely affects the quality of life [4].

The WHO estimated that globally, more than one million sexually transmitted infections
(STIs) affecting the genitals occur daily, the majority of which are asymptomatic. In 2016, more
than 490 million people worldwide had genital herpes [6]. In sub-Saharan Africa (SSA),
approximately 6.9% of self-reported STIs exist among young women aged 15–24 years, of which
Ghanaian women accounted for 0.3% [7]. For sexually active men, the average prevalence of self-
reported STIs in SSA was found to be 3.8%, with Ghana accounting for 5.7%. The highest
prevalence was found amongst sexually active men aged 15–24 years [8].

It is important to enhance the capacity of frontline healthcare providers to detect and manage
GTIs effectively. This underscores the need to strengthen capacity beginning at the community
level to ensure that most infections that otherwise go undetected are managed to curb transmis-
sion. This is because genital infections are treatable, provided they are diagnosed early [9, 10]. In
low-resource nations, where there are numerous barriers to assessing medical treatment, infec-
tions spread quickly and widely compounding amongst other things, the adverse outcomes of
reduced fecundability and sterility associated with genital infections in men and women [11,
12]. At the community level, resource constraints in terms of diagnostic capacity and attendant
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costs justify the need to have a robust model to predict GTIs. In
order to accurately select the individual risk of GTIs at the com-
munity level, this study uses the machine learning (ML) technique,
i.e the least absolute shrinkage and selection operator (LASSO)
penalized cross-validation regression approach [17] to generate a
prediction model. The model can be used to identify the most
significant predictors and offer insights into contextual factors that
contribute to the occurrence of sGTIs. We, therefore, integrate the
LASSO regression model to find characteristics that predict sGTIs
to increase early detection and intervention.

Themerits ofML compared to traditional statisticalmethods for
predictive modelling is that the nonlinear nature of many real-
world phenomena is better captured byML techniques such as deep
learning, offering superior predictive power [13, 14]. Again, the
LASSO ML can simultaneously perform variable selection and
regularization (penalization or shrinkage) to constrain or shrink
the regression coefficients [15], thereby simplifying models and
improving predictive performance.

LASSO regression has emerged as a powerful tool in predicting
sexually transmitted infections (STIs), as evidenced by studies
conducted both in the United States and Africa. In the United
States, Comulada et al. [16] utilized LASSO regression to identify
predictors of STIs, leveraging its capacity for variable selection and
regularization. Similarly, in Africa, Thivalapill et al. [17] developed
a predictive tool for STIs in Eswatini, employing LASSO regression
as a central component of their methodology. Through the appli-
cation of LASSO, they tackled issues of multicollinearity and over-
fitting while discerning significant predictors of STIs tailored to the
specific demographic and environmental characteristics of Eswa-
tini. These studies underscore the versatility and relevance of
LASSO regression in public health research, particularly in identi-
fying critical factors associated with STI transmission. By lever-
aging the predictive capabilities of LASSO, researchers can enhance
their understanding of STIs dynamics and inform targeted inter-
ventions and policies aimed at mitigating the burden of STIs
globally.

Methods

Description and study design

Weutilized five rounds of data from theGhana demographic health
survey (GDHS) conducted from 1993 to 2014. GDHSwas a nation-
ally stratified survey conducted across the country employing a
multi-stage cluster sampling design. The surveys were supported by
the United Nations Population Fund (UNFPA), the United States
Agency for International Development (USAID), the World Bank,
and other development partners. These demographic health sur-
veys are aimed at providing information on fertility, family plan-
ning, infant and child mortality, maternal and child health, and
nutrition. The purpose of GDHS is to inform policy decisions,
planning,monitoring, and evaluating programmes related to health
in general and reproductive health across the country [18].

GDHS employs a cross-sectional study design to a nationally
representative sample, using two-stage sampling criteria. The first
stage involved selecting clusters consisting of enumeration areas
(EAs) independently within the then ten administrative regions in
Ghana. This was done considering the rural-urban differential
characteristics. The second stage involved systematic sampling
from a list of households in all the selected EAs. The number of
households enlisted in each EA makes up the EA size. A household
was selected, and all men and women aged 15–49 who met the

inclusion criteria were enumerated for the study. Details of the
Demographic Health Survey (DHS) sampling design can be found
elsewhere [19].

Study participants

This current study merged data on men and women in their
reproductive age (i.e. those aged 15–49 years) from 2003 to 2014.

Outcome measures

The main outcome was self-reported genital tract infections
(sGTIs). The GDHS assessed sGTIs by asking participants who
had ever engaged in sexual intercourse and had experienced STI or
symptoms of an STI (a foul-smelling, abnormal discharge from the
vagina or penis or a genital sore or ulcer) within 12 months pre-
ceding the GDHS survey. The item response theory (IRT) [20] was
used to compute the outcome variable. The IRT is a sophisticated
statistical framework used to understand how individuals’
responses to test items relate to their underlying latent traits, such
as abilities or attitudes. At its core, IRT views each test item as a
statistical model with its own unique parameters, including diffi-
culty, discrimination, and guessing. These parameters describe the
item’s characteristics and how it interacts with individuals’ trait
levels. By modelling the relationship between item responses and
latent traits, IRT enables more precise measurement and assess-
ment of individuals’ abilities (representing some underlying trait
related to the variables for which respondents are providing yes or
no responses), allowing for fairer comparisons across different
tests and populations [21]. Three items were considered to
generate sGTIs composite variable (coded as 0 and 1): abnormal
genital discharge, genital sore or ulcer, and any sexually transmitted
diseases. These variables are coded as 0 “No” and 1 “Yes”. The
one-parameter logistic model for the probability sGTI among
the participants based on the three items was defined as

p Xnið Þ= exp θn�bið Þ
1 + exp θn�bið Þ½ � where p Xnið Þ is the probability of an indi-

vidual n having sGTI to item i; θn represent the ability of an
individual n to report GTIs at community level and bi

representing the difficulty in reporting GTIs of item i. After apply-

ing IRT application, predicted probabilities were generated. Pre-
dicted value ≥0.5 was classified as having sGTI (coded as 1) and
otherwise (coded as 0). Supplementary Figure 1 presents the items
characteristics curves for the individual sGTIs, which are simultan-
eous to each other.

Data analysis

Two approaches to data analyses were employed: descriptive and
inferential models. For descriptive analysis, independent variables
were described using frequencies and weighted percentages for
categorical variables while measures of dispersion involving
weighted means±standard deviation and median (interquartile
range) were adopted for continuous variables. Weighted analysis
was adopted because the study design of DHS allows for adjusting
for the sampling weight, sampling unit, and strata. The forest plot
was used to present the prevalence of sGTIs by GDHS year of study
(i.e. 2003, 2008, and 2014) considering the DerSimonian–Laird
random-effect meta-analysis [22] to assess differences of sGTIs
between the years. This was employed to assess heterogeneity in
the prevalence rate of sGTIs across the demographic health survey
years. The DerSimonian and Laird model is a widely recognized
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method in meta-analysis that effectively incorporates random
effects to address variability among studies. This model is particu-
larly useful when dealing with heterogeneous studies where differ-
ences in results are anticipated [22, 23]. Unlike fixed-effect models
that assume a single common effect size, the DerSimonian and
Laird model accounts for varying effect sizes across studies by
allowing for random effects. This flexibility helps in producing a
more accurate and generalizable summary of the effect [22]. This
method employs inverse-variance weighting and considers both
within country and between country variability. By effectively
managing the inherent variability and heterogeneity in our data,
this model offers a more thorough and reliable evaluation of
temporal sGTI differences. The test of non-linear simultaneous
equality of proportion was adopted to assess the differences in sGTI
by socio-demographic categories using the Rao–Scott Wald χ2 test.

For inferential analysis, we adopted the (LASSO) penalized
regression to predict and select the best predictors of sGTI. The
DHS sampling weight and clusters were controlled for during
estimation. The LASSO is an extension of ordinary least square
(OLS) regression, which adds a penalty to the OLS residual sum of
squares. When a data value narrows towards a central point,
shrinkage occurs. As a result, it is well suited to models with high
levels of multicollinearity to identify any potential high correlation
between the outcome variable and the predictors [24]. LASSO
selects a subset of predictors by shrinking the coefficients of the
least dominant variables to zero, thereby excluding them from the
model.

The tenfold cross-validation was adopted to determine the
amount of coefficient shrinkage. The cross-validation process div-
ides the available data intomultiple folds, using one of these folds as
a validation set, and training themodel on the remaining folds. This
process is repeated multiple times and the results from each valid-
ation step are averaged to produce amore robust effect size estimate
of themodel [25]. The performance of themodel was assessed using
the cross-validation discriminant analysis considering the area
under the curve (cvAUC). The value of the AUC indicates the
ability of the model to differentiate between individuals with sGTI
and otherwise [26].

The bootstrapped Bias-corrected 95% confidence intervals [27]
for the AUC were also generated as a sensitivity analysis. The
calibration belt plot was additionally adopted to assess the agree-
ment between the model-predicted probabilities and actual
observed rates of sGTI. The calibration belt plots examine the
variation between expected and observed probabilities
(miscalibration) at certain confidence levels [28].

Model building and checking

Factors for model building were considered following a priori
review of the literature identifying 11 potential factors associated
with STIs. These factors included; wealth quintile [29], number of
household members [30], region [29], place of residence [29, 31],
sanitation [32], sex [33], age group [34, 35], educational level [34],
sexual initiation [31, 35, 36], currently working [35] and staying
with partner [34]. These predictors are depicted in the conceptual
framework in Supplementary Figure 2. Three models were esti-
mated as presented in the Table 1.

The best-fitted model was selected following the assessment of
the AUC. Additionally, the Akaike information criterion (AIC)
given by AIC= �2ln Lð Þ+ 2p and Bayesian information criterion
(BIC) given by BIC= �2ln Lð Þ+ 1

2p ∗ ln nð Þwere adopted to assess
the best model. The smallest AIC and BIC were considered the best

fit. We implemented a sensitivity analysis to examine the potential
influence of GDHS stratification (enumeration areas) on both the
discriminant and calibration belt plot analyses. This involved util-
izing bootstrapping resampling methods with 1000 replicates for
the optimal model. The probability of an individual self-reporting
sGTI inGhana amongmen andwomen aged 15–49 years equals the
inverse of a logistic regression equation (model) given as;

probability =
eβ0 + β1∗x1 + β2∗x2 +…+ βk∗xk

1 + eβ0 + β1∗x1 + β2∗x2 +…+ βk∗xkð Þ
where β is the coefficient estimate for all the parameters from the
LASSO penalty regression analysis. All analyses were conducted
using Stata 17 (StataCorp. 2017, Stata Statistical Software, College
Station, TX, StataCorp LLC.).

Ethical requirements

Permission to use the secondary data was requested from the DHS
Monitoring and Evaluation to Assess and Use Results of Demo-
graphic and Health Surveys (MEASURE DHS) Department.
Request can be obtained from DHS https://dhsprogram.com/
data/dataset_admin/login_main.cfm

Results

The analysis involved 32973 men and women aged 15–49 years
with a mean age ± standard deviation of 29.1 ± 9.7 years. The
majority were females (60.7%) with an approximately equal num-
bers of rural-urban differential. Most of the participants had sec-
ondary level education (58.1) and the majority were currently
working (Table 2).

Generally, the prevalence of sGTIs within the period (2003–
2014) was 11.2% (95%CI = 4.5–17.8) and it ranged from 5.4% (95%
CI = 4.8–5.86) in 2003 to 17.5% (95% CI = 16.4–18.7) in 2014
(Figure 1). The differences in sGTIs proportions by socio-
demographic characteristics were significantly different within all
predictors (p-value<0.05) (Supplementary Table 1).

Model building

In Model 1, the analysis revealed that the mean AUC from tenfold
cross-validation discriminant analysis was approximately 70.79%
(95% CI = 69.8–71.6). Upon adjusting for an interaction effect in
Model 2, the probability increased slightly to 70.81% (95%
CI = 69.81–71.59). Further adjustments for cohort effect in Model
3 significantly increased the probability to 73.50% (95%CI = 72.50–
74.26). This means that there is approximately a 74% probability
that Model 3 will correctly rank a person chosen at random from
the community level in Ghana (aged 15–49 years) with sGTIs

Table 1. Components involved in the model-building process

Model Components in the model

Model 1 wealth quintile + number of household members + region +
place of residence + sanitation + sex + age group + educational
level+ sexual initiation + currently working + and staying with
partner

Model 2 Model 1 + interaction term (wealth index * sex)

Model 3 Model 2 + cohort effect (GDHS time trend for year)

GDHS = Ghana demographic and health survey
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higher than a negative random chosen person. This suggests that
Model 3 demonstrates the highest ability to accurately classify
individuals with and without sGTIs at the community level in
Ghana. This conclusion is supported by the fact that Model 3 has
the smallest AIC (21223.99) and BIC (21240.79) values compared
to Models 1 and 2 (Table 3 and Figure 2).

The AUC result from the sensitivity analysis was statistically not
different from the main model result. The bootstrap resampling
adjusting for clustering supported this (Supplementary Figure 1).

Calibration

The calibration belt plot analysis showed that the predicted prob-
abilities of sGTIs from the LASSO penalty regression model are
statistically not different from the observed sGTIs rates across all
the probabilities (p-value>0.05). Indicating that all the models
performed well by not misclassifying individuals from the LASSO
at 10-fold cross-validation (Figure 2).

The best predictive model

The best model penalty prediction from LASSO regression retained
all variables as predictors. By default, LASSO regression fits
76 models using different values of lambda. The best model
(model 76) had the smallest cross-validation mean prediction error
with a mean deviance of 0.6524. The overall mean lambda was
approximately 0.01 (Table 4).

The best model equation is presented in the Supplementary
Material.

The probability of an individual self-reporting sGTI in Ghana
among men and women aged 15–49 years ranged from 0.51% to
53.33%. Figure 3 illustrates that higher probabilities are strongly
associated with the occurrence of sGTIs, suggesting that as the
predicted probability increases, the likelihood of experiencing
sGTIs also rises. This demonstrates that the model effectively
captures the relationship between higher probability scores and
the presence of sGTIs.

Discussion

This current study generated a prediction model for sGTIs at the
community level in Ghana.We derived this model using a machine

Table 2. Socio-demographic characteristics of men and women aged 15–49
years, GDHS 2003–2014

Variable Frequency Weighted % Mean ± SD

Wealth quintile

Poorest 7466 16.4

Poorer 5829 17.4

Middle 5802 19.5

Richer 6163 22.6

Richest 6203 24.1

Household members

≤3 9597 32.8 5.0 ± 2.9

4–5 9298 30.3

6–8 8908 27.0

9+ 3660 9.9

Region

Western 3161 10.3

Central 2431 8.7

Greater Accra 3927 18.0

Volta 2641 8.4

Eastern 2993 9.9

Ashanti 4404 19.4

Brong Ahafo 3219 8.9

Northern 3497 9.1

Upper west 2667 3.8

Upper east 2523 3.5

Place of residence

Urban 14044 49.9

Rural 17419 50.1

Sanitation

Unimproved 19029 56.3

Improved 12434 43.7

Sex

Female 19114 60.7

Male 12349 39.3

Age group

15–19 6818 21.1 30.2 ± 10.8

20–24 5383 17.1

25–29 5100 16.5

30–34 4246 13.8

35–39 3939 12.6

40–44 3157 10.1

45–49 2820 8.8

Educational level

None 7108 18.2

Primary 5801 17.6

Secondary 16794 58.1

(Continued)

Table 2. (Continued)

Variable Frequency Weighted % Mean ± SD

Higher 1760 6.2

Sexual initiation

Late 20005 64.2

Early 11456 35.8

Currently working

No 7880 24.8

Yes 23583 75.2

Staying with partner

No 28279 89.4

Yes 3184 10.6
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learning technique involving objective socio-demographic, and
behavioral/environmental indicators. The model performed well
in predicting an individual at the community level with sGTI. The
AUC from the discriminant analysis was over 70% indicating an
acceptable level and the ability of the prediction model to discrim-
inate the true sGTIs at the community level. The calibration belt
also showed a good overall performance with no miscalibration
indicating that the predicted values were not statistically different
from the observed values. We believe our analysis offers a

Figure 1. Prevalence of self-reported genital tract infections among men and women aged 15–49 years, GDHS 2003–2014.

Table 3. Predictive model building and checking.

Model % cvMean AUC 95%CI AIC BIC

Model 1 70.79 69.78–71.57 21750.25 21767.05

Model 2 70.81 69.81–71.59 21736.30 21753.11

Model 3 73.50 72.50–74.26 21223.99 21240.79

cv = cross validation; AUC = area under the curve; CI = confidence interval; AIC = Akaike
information criterion; BIC = Bayesian information criterion. 95% CI estimates are bootstrap
bias-corrected from the LASSO tenfold cross-validation.

Figure 2. LASSO penalized tenfold cross-validation regression model discrimination and calibration belt: Analysis of receiver operating characteristic (ROC) curve showing area
under the curve (AUC) for both cross-validation and calibration belt. The 45° diagonal line represents a model that discriminates by chance (AUC = 50); the x-axis shows the
proportion with no sGTI whowere incorrectly classified as reporting sGTI (false positive rate or 1- Specificity); the y-axis shows the proportion with STIs whowere correctly classified
as reporting STIs (true positive rate or Sensitivity). cvAUC = mean cross-validated area under the curve.
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promising diagnostic tool for screening individual risks of sGTIs in
the community.

The overall prevalence of sGTIs during the study period was
11.2%, and this prevalence ranged from 5.4% in 2003 to 17.5%
in 2014, showing fluctuations over time. Similarly in sub-Saharan
Africa, Thivalapill et al., identified a prevalence of 10.12% among
adolescents and young adults in Eswatini [17] and approximately
13.5% in Liberia [37]. This variation might be due to differences in
awareness or knowledge about sexually transmitted diseases and
differences in measuring the outcome (self-reporting versus diag-
nosis or screening). Differences in access to health care services,
socio-economic/cultural systems that influence health-seeking
behavior, and demographic characteristics as well as in sample size,
could also account for the variation observed [34].

The high prevalence of sGTIs and the increasing rate at the
community level indicate an urgent need for early screening and
detection. Screening high-risk individuals at the community level
using clinical history will be economically viable for a developing
country like Ghana. Self-reporting if encouraged, can result inmore
testing and diagnosis. Diagnosing cases helps to prevent infected
individuals from remaining a reservoir of infection within the
community. This study has identified 12 key predictors of sGTIs
including; wealth quintile, sex, interaction term (sex and wealth),
number of household members, region, place of residence, sanita-
tion, educational level, sexual initiation, currently working, staying
with partner and cohort effect. Thivalapill et al. also incorporated

Table 4. Predictors of sexually transmitted infection from LASSO penalized
tenfold cross-validation regression model among men and women aged 15–49
years, GDHS 2003–2014

Predictors
Equation

parameters
Parameter
codes

Lasso regression
penalized coefficient

Wealth quintile

Poorest p1a 1 0.2012

Poorer p1b 2 0.1287

Middle p1c 3 0.1506

Richer p1d 4 0.0893

Richest p1e 5 X

Sex

Male p2a 1 X

Female p2b 2 1.4802

Interaction term

Poorest*Male p3a 1 0.2496

Poorer*Male p3b 2 0.4514

Middle*Male p3c 3 0.1934

Richer*Male p3d 4 0.5585

Number household members

≤3 p4a 1 0.1327

4–5 p4b 2 X

6–8 p4c 3 �0.1863

9+ p4d 4 �0.2292

Region

Western p5a 1 �0.2307

Central p5b 2 �0.0336

Greater Accra p5c 3 X

Volta p5d 4 0.3024

Eastern p5e 5 0.0094

Ashanti p5f 6 0.1797

Brong Ahafo p5g 7 0.3554

Northern p5h 8 0.5028

Upper west p5i 9 �0.3033

Upper east p5j 10 �0.0300

Place of residence

Urban p6a 1 0.1701

Rural p6b 2 X

Sanitation

Unimproved p7a 0 0.0015

Improved p7b 1 X

Age group

15–19 p8a 1 �0.1371

20–24 p8b 2 0.4918

25–29 p8c 3 0.2904

30–34 p8d 4 0.0507

(Continued)

Table 4. (Continued)

Predictors
Equation

parameters
Parameter
codes

Lasso regression
penalized coefficient

35–39 p8e 5 X

40–44 p8f 6 �0.3001

45–49 p8g 7 �0.6623

Educational level

None p9a 1 �0.2108

Primary p9b 2 X

Secondary p9c 3 0.0416

Higher p9d 4 �0.1887

Sexual initiation

Late p10a 0 0.4167

Early p10b 1 X

Currently working

No p11a 0 �0.1874

Yes p11b 1 X

Staying with partner

No p12a 0 0.0845

Yes p12b 1 X

GDHS year p13a linear 0.1008

Intercept �206.3026

Mean lambda 0.0070

All variables were selected by the LASSO prediction model. Penalized regression coefficients
were derived after a penalty was applied which reduces overfitting of the data during model
development. Using the regression coefficients from the predictors. X indicates category used
for reference.
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11 potential predictors in their predictive model for STIs among
persons living with HIV [17]. Notably, our study also considered
similar predictors, including age group and sex, which were among
the six predictors included by Thivalapill et al. Drawing parallels
between our findings and those of Thivalapill et al. highlights age
group and sex consistencies across different populations and con-
texts, enhancing the external validity of our results. The additional
variables integrated into the final model have been independently
identified as associated with STIs by scholars in different research
settings, underscoring their robustness and relevance in under-
standing and addressing STI transmission dynamics.

This prediction tool is a remarkable instrument for screening
and detecting sGTIs at the community level in Ghana to promote
early management. The model AUC was highly acceptable indicat-
ing over 70% ability to discriminate true sGTIs at the community
level. The resulting individual risk score derived from the model
may allow healthcare providers and other stakeholders to identify
individuals with the highest predicted risk for early intervention. A
self-reporting model can be applied in a community survey by
trained healthcare workers at the community level to identify and
refer cases requiring medical attention. It can be developed into an
algorithm that public health nurses and community health workers
can apply during home visits to improve linkage to diagnosis and
treatment, and as a complement to current approaches inmanaging
sexually transmitted infections and genital tract infections, even at
the lowest level of the health care system. Secondary prevention of
GTIs through early diagnosis and treatment is both a health and a
development issue. The predictive model has the potential to
contribute towards Sustainable Development Goal 3, target 3.3
which seeks to combat communicable diseases and end epidemics
such as HIV/AIDS (which is facilitated by GTIs) by 2030.

Limitations and strengths of the study

The key limitation is the cross-sectional nature of the study. The
design does not allow for establishing causality. In this regard, the
findings of this study should be interpreted with caution. Even

though the AUC and calibration bootstrapping were acceptable,
there is the need for external validity of the tool using current
similar data in Ghana given that the latest version of GDHS was
in 2014 at the time this study was conducted. Again, the outcome
considered was self-reported which may not be the true reflection.
This is because self-reported morbidity alone cannot serve as an
indicator to measure the burden of any disease at the community
level [38]. The self-reportedmeasurements were not validated from
records or clinical examination to confirm. Participants may or
may not report the condition, leading to social desirability bias and
under or over-estimations. Again, recall bias may occur because of
the period specified for recall.

The study has somemerits in that it provides useful information
that can be explored for validation in field situations, and this is the
subject of our next paper. In a follow-up paper, we will apply the
predictive model to the next GDHS data to test the model’s reli-
ability. Again, we hope to conduct a nationally stratified survey on
genital tract infection prevalence in Ghana by adopting clinical
examination to test the model fidelity in field situations. If valid-
ated, it presents a useful opportunity to improve the diagnosis and
treatment of GTIs at the community level. Healthcare facilities at
the community level are not equipped with point-of-care diagnos-
tics for field use based on the level of competence at this level of
healthcare. Where point-of-care diagnostic is available, it is often
used in independent surveys through donor funding. The predict-
ive model can enhance linkage to higher-level facilities where they
can be managed.

Conclusion

Generally, the model performance was very good and acceptable.
With the absence of clinical measurement, this prediction model
can be used to identify individuals aged 15–49 years with sGTIs at
the community level in Ghana. Potential indicators including
poverty, urban place of residence, male sex, and lower education
were highly associated with sGTIs. By using the indicators, a risk
score was derived for individual at the community level,

Figure 3. Predicted probability of self-reported genital tract infections among men and women aged 15–49 years, GDHS 2003–2014.
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predicting the risk of sGTIs. Healthcare workers and other stake-
holders can use this tool for screening and early detection at
the community level to complement current approaches in
managing sexually transmitted and genital tract infections, even
at the lowest level of the healthcare system. We, therefore, pro-
pose field testing and external validation as the next step before
adoption.
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