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Abstract 

Background 
Hypertensive disorders of pregnancy (HDP) are a public health concern worldwide affecting 
about 10% of women globally. Nearly one-tenth of all maternal deaths in Africa and Asia 
are due to HDP. In Ghana, HDP is the third leading cause of maternal deaths accounting 
to 9% of the total deaths, after hemorrhage and abortion. Since the prognosis of HDP is 
dependent on the severity of the disease process, early recognition and early management 
of HDP is essential to reduce the mortality and morbidity rates caused by HDP which is 
facilitated by prediction models. The objective of this study was to develop and internally 
validate a multivariable logistic regression model that identifies the women at risk for HDP 
in Ghana by identifying the risk factors. 
 
Methodology 
A secondary data analysis nested in a cohort study of 1010 pregnant women from two 
antenatal clinics in Accra region of Ghana, between July 2012 and March 2014 with 
outcome of interest being HDP. Information about HDP was available for analysis in 789 
women. Univariable analysis, bivariate analysis and multivariable logistic regression were 
employed on ‘Scikit-learn’ and ‘Statsmodels’ libraries of Python to build the prediction 
model and identify the risk factors of HDP.  
 
Results 
The cohort had 88.7% of normotensive women and 11.3% of women with HDP. Sixteen 
predictors were chosen for analysis and all 16 predictors were used to build the model. 
Maternal age (OR 1.01), weight (OR 1.01), Body mass index (OR 1.02), systolic blood 
pressure (BP) 121 – 140 mmHg (OR 1.14), systolic BP >140 mmHg (OR 1.96), diastolic 
BP 71 - 80 mmHg (OR 1.07), diastolic BP 81 - 90 mmHg (OR 1.21), diastolic BP >90 
mmHg (OR 1.72), family history of Hypertension (OR 1.07), history of HDP in previous 
pregnancy (OR 1.26) showed significant correlation to HDP in bivariate analysis. After 
multivariable logistic regression, only Hausa ethnic group (aOR 1.12), the Northern ethnic 
groups of Ghana (aOR 1.10), systolic BP >140 mmHg (aOR 1.42), diastolic BP 81 - 90 
mmHg (aOR 1.02), diastolic BP >90 mmHg (aOR 1.42) and multi-fetal pregnancy (aOR 
1.27) showed significant correlation to HDP independently. All p-values <0.05. The model 
showed adequate performance with good efficiency, calibration and discrimination. 
 
Conclusions 
A simple prediction model was developed using easily available predictors from primary 
settings of Ghana and risk factors of HDP in Ghana were identified, which will help reduce 
mortality and morbidity cases caused by HDP by providing clinical decision-making support 
in Ghana.  
 
Keywords 
Hypertensive disorders of pregnancy, Ghana, prediction model, logistic regression, risk 
factors. 
 
Word count: 11641 
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Introduction 

Background 
My name is Shreyanka Shylendrakumar, a medical doctor from Bangalore, India. I 
completed my bachelors in 2018 from Rajiv Gandhi University of Health Sciences, 
Bangalore and have worked in both public and private hospitals. During my bachelors, I 
found Community and Preventive medicine subject very interesting. This made me 
participate in many campaigns and awareness programs in and around my city. But 
somehow, I never took this interest seriously until I saw a young man dying of dengue in 
one of the hospitals I was working in Bangalore. That day I thought to myself, if this man 
or his family knew how the disease spreads and how it could be prevented, this man would 
not have died today. This made me realize the importance of prevention and started 
focusing on public health which deals more with prevention of diseases rather than curing 
them and focuses on the whole community and not on a single patient.  

 
Why this thesis? 
I was always interested in computer programming languages and used to take online 
classes on programming such as Python. For my bachelor’s thesis, I performed a door-to-
door survey in one of the communities in Bangalore to predict the prevalence of 
Osteoarthritis (OA). To practice the skills that I had learned about programming, I used 
the data from the survey I did and tried building a prediction model to identify women at 
risk for OA. Although it was just a practice, I really liked the idea of a prediction model 
and hence, wanted to do it for my master’s thesis and contribute in the field of prevention.  
 
HDP is one of the leading causes of maternal deaths in the world and is responsible for 
many cases of mortality and morbidity especially in low-and-middle-income countries 
(LMIC) with low resource settings. About 10% of women in the world are affected by HDP. 
In Ghana, 14% of all female deaths are pregnancy related and 9% of these deaths are 
due to HDP therefore being the third leading cause of total maternal deaths after 
hemorrhage and abortion. It is expected to soon become the leading cause of maternal 
deaths in Ghana as per few studies. HDP can be prevented by early identification and 
appropriate management of cases which often does not happen in LMIC due to lack of 
resources. Prediction models come to use at this point. Prediction models identifies women 
at risk so that early care is given to the patient thereby preventing the complications. The 
role of prediction models is rising in clinical settings all around the world, especially in 
high-income countries but there are a very few models in LMIC such as Ghana even though 
LMICs such as Africa and Asia report the highest maternal deaths in the world.  
 
Therefore, the topic of this thesis is developing a prediction model that identifies pregnant 
women who are at risk by identifying the risk factors of HDP in Ghana which helps in early 
diagnosis and treatment of the women thereby reducing the complications, mortality and 
morbidity rates caused by HDP
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1. Background information on Ghana 

 
Geography 
 
Ghana, officially called the Republic of Ghana, is situated on the west coast of Africa and 
consists of ten regions. The word ’Ghana’ means Warrior King. Geographically, Ghana is 
almost in the center of planet Earth with a total area of Ghana is 227 540 Km2 [1], [2]. 
The country has a north to south distance of about 670 km and an east to west distance 
of about 560 km. It shares borders with Cote d’Ivoire on the west, Burkina Faso on the 
north and Togo on the east and on the south are the Gulf of Guinea and the Atlantic Ocean. 
The country is divided into 10 administrative regions. The topography is mostly undulating 
and has slopes of less than 1%. Although the country has gentle slopes, about 70% of the 
country is subject to moderate to severe sheet and gully erosion. The highest mountain in 
Ghana is Mount Afadjato in the Akwapim-Togo Ranges which is 880 meters above sea 
level [3]. 
 
The climate in Ghana is typical tropical climate and is mostly warm and humid. There are 
mainly two seasons in Ghana, the wet season and the dry season. The wet season begins 
around March and ends in the month of November. The dry season is between December 
and March. The mean annual rainfall of the country is 1,187 mm. Mean annual 
temperatures range from 26.1 C near the coast to 28.9 C in the extreme north and the 
humidity levels is around 77% [2]. 
 
Demography 
 
The country’s population, as of early 2020, is around 31,072,940 million, out of which 34% 
is rural population. The annual population growth rate is 2.19% [4]. The population density 
in the country is approximately 134 inhabitants/km2 nationwide [1], with a variation of 
26 inhabitants/km2 in the Northern Region to 896 inhabitants/km2 in the Greater Accra 
Region [3]. The Accra region of Ghana is the largest city and also the capital city of Ghana 
and has a population of 1,963,26479 people thereby becoming the highest populated city 
in Ghana [1]. According to current projections, it is predicted that Ghana’s population will 
continue to grow the rest of the century and will reach 78.71 million people in 2099. This 
means that Ghana will have more than double its current population in the next 80 years. 
In Ghana, around 50.9% is the male population while the rest of 49.1% is female 
population [2]. Population aged 14 years and younger forms the 38% of the total 
population in Ghana [5]. Figure [1] shows the population pyramid of Ghana representing 
the age and sex distribution. 
 
More than 98% in Ghana are Black Africans although the country has multiple ethnic 
groups. Major ethnic groups in Ghana include Akan (47.5%), Dagbani (17%), Ewe (14%), 
Ga-Adangbe (7%), Gurma (6%), Guan (4%), Gurunsi (2.5%), and Bissa (1%). Some of 
the common languages in Ghana are Asante, Ewe, Fante and others but English is 
considered as an official language in almost all regions of Ghana. In terms of religion, 71% 
of people in Ghana are Christians and 17% are Muslims [2]. 
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Figure 1: Population pyramid of Ghana, 2020 [2] 
 

 
Socio-economic status 
 
Ghana recently became a middle-income country [6]. Ghana’s economy continued to grow 
in 2019 and there was a gross domestic product (GDP) growth to 6.7% from 5.4% in 2018 
[7]. As of 2019, the country’s GDP is worth 190.7 billion US dollars. The country has an 
economic freedom score of 59.4 and is ranked 11th among the other 47 countries of Sub-
Saharan Africa. Ghana is also Africa’s second biggest gold producer and second largest 
cocoa producer along with being rich in diamonds and oil. The country’s economy is 
dominated by agriculture, which employs about 40% of the working population. 6.7% of 
people in Ghana are unemployed [8]. As of 2018, Ghana’s Human Development Index is 
0.596 and ranks 142nd position out of the other 189 countries. Around 30% of Ghanans 
suffer from poverty [9]. 
 
Educational status 
 
According to a report from The United Nations International Children’s Fund (UNICEF), 
2020, nearly 623,500 primary school age children are still not enrolled in a school. 
Although Ghana has successfully reduced the gender gap when it comes to completing 
primary school, it is still very high when it comes to secondary school. Adolescent girls in 
Ghana are usually not able to go to schools due to factors such as poverty and gender 
inequality [10]. In Ghana, the education system is divided into Primary school, lower 
secondary school, upper secondary school and upper tertiary education. There is 
compulsory education till upper secondary school but still the adult literacy rate in Ghana 
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is only 79% and this figure is unequally distributed between males and females. The adult 
male literacy rate is 84% and the adult female literacy rate is 75%, as seen in figure [2] 
which clearly shows gender inequality in the country and nearly 4 million adults in Ghana 
are illiterate, as of 2018 [11]. The school life expectancy in Ghana is 12 years for males 
and 11 years for females, as of 2017 [12]. 
 
 

 
 

Figure 2: Literacy rate in Ghana, 2018 [11] 
 
 

Marital status 
 
According to Ghana Statistical service (GSS), 2014, it was seen that 42% of women and 
38% of men in Ghana are married. 14% of women and 10% of men are living together 
with a partner and about 48% of men and 33% of women have never been married. The 
percentage of women divorced, separated or widowed is almost three times more in 
women than in men, which is 11% and 4% respectively [13]. 
 
Health indicators 
 
The life expectancy at birth in Ghana is improving year by year. In 2010, the total life 
expectancy was 61 years and as of 2016, the life expectancy is 64 years. The life 
expectancy for males is 63 years and for females, the life expectancy is 65 years. [14], 
[15]. The fertility rate in Ghana is 3.9 births per woman, as of 2016 [15]. According to 
GSS, 2014, rural women of Ghana have about 1.7 children more than compared to urban 
women, that is in rural areas there are 5.1 children per woman compared to 3.4 children 
per woman in urban areas. There are 121 births per 1,000 women in urban areas whereas 
210 births per 1,000 women in rural areas. This low fertility pattern in urban areas is 
evident in every age group but is most pronounced in women between age 20 and 24. 
When it comes to receiving antenatal care, (ANC), more than 9 in 10 mothers (97%) 
receive ANC from a skilled provider and overall, only 3% of mothers receive no ANC during 
delivery [13]. The maternal mortality ratio in Ghana is 308 (223 - 420) per 100,000 live 
births [14], [15]. The maternal mortality ratio during pregnancy is 343 (240 - 446) deaths 
per 100,000 live births, as per GSS, 2017 [16]. 
 
Role of prediction models 
 
Prediction models are gaining much importance in the recent years. They can be used in 
public health, clinical practice and medical research. They are mainly used to predict the 
future occurrences of disease which later can be used to target preventive intervention on 
these target groups [17]. The ultimate goal of prognostic models is timely diagnosis and 
effective management [18]. The decision-making process in healthcare requires too much 
thought before arriving to a specific course of action in patient care. Prediction models 
come to use at such times and aids the health professionals in the decision-making process 
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[18], [19]. The use of prediction models in clinical settings are increasing day by day as it 
acts like a guide in the process of decision making [20]. The prediction models also alert 
who needs immediate medical care and identifies the target groups and estimates a 
patient’s prognosis or a patient’s probability of having a particular diagnosis [18], [21]. 

Clinical prediction models combine multiple predictors and provides information about 
the relative effects of predictors in the model [22]. Applying a model in clinical settings 
can help with detection of undiagnosed high-risk cases, which in turn improves the ability 
to prevent these developing diseases with early interventions [21]. It also increases the 
accuracy of diagnoses [23]. 

One of the first and more important decisions while building a model is the choice of an 
appropriate technique. When the prediction model has only two output variables, presence 
or absence of a disease for instance, techniques such as Logistic regression, Random 
forest, etc which performs classification tasks well would be a good choice. The neural 
networks, on the other hand, does not require such restrictive hypothesis which is why 
they are becoming an interesting competitor of classical techniques such as Logistic 
regression [24]. But, in clinical settings, it is seen that the traditional Logistic regression 
technique performs as well as other machine learning algorithms, particularly when using 
few strong predictors [25], [26]. 
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2. Problem statement and Justification 

 
Maternal mortality is intolerably high and is a widespread problem worldwide. Although 
maternal mortality is seen all over the world, a huge disparity can be seen between high 
income countries (HIC) and low-and-middle-income countries (LMIC), as seen in Figure 
[3]. According to 2017 World Health Organization (WHO) report, every day, approximately 
810 women died from preventable causes related to pregnancy and childbirth and over 
94% of these deaths occurred in LMIC with low resource settings. About 295 000 women 
died during and after pregnancy and childbirth in 2017. The maternal mortality rate (MMR) 
in LMIC was 462 per 100 000 live births whereas it was only 11 per 100 000 live births in 
HIC [27]. The lifetime risk of maternal death in HIC is 1 in 5,400 whereas it is 1 in 45 in 
LMIC [28], as seen in Figure [4]. 
 
 

 
 

Figure 3: Maternal deaths per 100,000 live births, 2017 [28] 
 
 

 
 

Figure 4: Lifetime risk of maternal death according to income group, 2017 [28] 
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In LMIC, primarily in Africa and Asia, maternal mortality is still 100-200 times higher than 
it is in Europe and North America [29]. Sub-Saharan Africa and South Asia reported 
approximately 86% (254 000) of the total global maternal deaths in 2017. Sub-Saharan 
Africa alone reported two-thirds (200 000) of maternal deaths with 533 maternal deaths 
per 100 000 live births a year, accounting to 68% of all maternal deaths per year 
worldwide, as seen in Figure [5]. It is also seen that the lifetime risk for maternal mortality 
is highest in African countries and is 1 in 28 in West and Central Africa, 1 is 38 in Sub 
Saharan Africa, 1 in 58 in Eastern and South Africa [28], as seen in Figure [6].  
 
Maternal deaths occur due to complications during or following pregnancy and childbirth. 
The causes for maternal deaths can be direct or indirect. The main direct causes 
responsible for maternal mortality are hemorrhage, infections, Hypertension (HTN) and 
unsafe abortion. Hemorrhage, accounting for more than one quarter (27%) of the deaths, 
remains the leading direct cause of maternal mortality and HTN accounts for 14% of all 
deaths, followed by sepsis, embolism and unsafe abortion which also claims a substantial 
number of lives [28], as seen in Fig [7]. 

 

 
 

Figure 5: Trend of Maternal deaths per 100,000 live births by region, 2017 [28] 
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Figure 6: Lifetime risk of maternal death according to region, 2017 [28] 

 
 
 
 

 
 

 
 

Figure 7: Causes of Maternal Death, 2017 [28] 
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Hypertensive disorders of pregnancy (HDP) are an important cause of maternal morbidity 
and mortality and is considered to be one of the most common complications during 
pregnancy especially in LMIC. It affects about 10% of women all around the world [29], 
[30]. HDP is seen in about 1 per 2000 deliveries in HIC whereas in LMIC, the incidence of 
HDP varies from 1/100 to 1/1700 [31]. The International Society for the Study of HTN in 
Pregnancy recognizes five types of HDP: 

 
1. Chronic HTN (CH) - Systolic blood pressure (BP) 140 mmHg and/or Diastolic BP level 

of90 mmHg present predating pregnancy or is diagnosed within the first 20 weeks of 
pregnancy. 

2. Gestational HTN (GH) - Systolic BP 140 mmHg and/or Diastolic BP of 90 mmHg after 
20 weeks’ gestation and normalizes after pregnancy. 

3. Preeclampsia-eclampsia (PE/E) – Systolic BP 140 mmHg and/or Diastolic BP of 90 
mmHg after 20weeks’ gestation which is accompanied by proteinuria or maternal organ 
dysfunction and with tonic-clonic seizures in cases of eclampsia. HELPP syndrome 
(Hemolysis, elevated liver enzymes and low platelets) is a serious manifestation of 
preeclampsia. 

4. Pre-eclampsia superimposed on chronic HTN - Systolic BP 140 mmHg and/or Diastolic 
BP of 90 mmHg prior to preconception or prior to 20 weeks’ gestation with signs and 
symptoms of preeclampsia after 20 weeks’ gestation. 

5. White coat HTN - Patients with systolic BP 140 mmHg and/or diastolic BP of 90 mmHg 
only in clinics. [32]. 

 
HDP is very commonly seen in LMIC mainly due to poorer health services and delayed 
identification of cases [29]. Nearly one-tenth of all maternal deaths in Africa and Asia are 
due to HDP. In West Africa, approximately 8% of the causes of maternal deaths are due 
to HDP [33]. HDP has also been reported to be the leading cause of maternal mortality in 
countries of sub-Saharan Africa such as Nigeria and Ghana [34], [35]. In Ghana, HDP is 
the third leading cause of maternal deaths accounting to 9% of the total deaths, after 
hemorrhage (23%) and abortion (14%) [36]. Recent studies in tertiary hospitals of Ghana 
showed that HDPs have overtaken hemorrhage as the leading cause of maternal mortality 
in the country [35], [37]. HDPs are slowly becoming the leading cause of maternal 
mortality worldwide with majority of deaths occurring in countries with low resource 
settings [38]. The complications of HDP are preventable and treatable because they 
usually occur due to mismanagement. Even though the exact causes for HDP are not fully 
understood, early recognition and appropriate management could greatly reduce the 
morbidity and mortality rates caused by HDP [37], [39]. 
 
Early recognition of these cases can be made easier with prediction models that identifies 
women with a risk of getting HDP based on one or more maternal clinical characteristics, 
uterine artery doppler and biomarkers [40],[41], [42]. Many such prediction models have 
been developed and are in use to identify women at high risk for HTN during pregnancy, 
especially in HIC. LMIC cannot implement these models due to differences in the 
availability and cost of diagnostic tools causing a lack of such prediction models in low 
resource settings and hence attribute to such an increased number of deaths [43]. Since, 
Ghana reports such a high number of HDP cases and deaths and is rapidly going toward 
becoming the leading cause of maternal deaths, a prediction model in Ghana will be helpful 
in early identification of women and providing them with appropriate care. 
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There is a paucity of predictive models in low resource settings such as Ghana. To the best 
of knowledge, there are only two models in Ghana developed by Antwi on GH using only 
maternal clinical characteristics [44] and another improved prediction model of GH by 
including placental growth factor and pregnancy associated plasma protein-a in Ghana 
[45], but there are no models on HDP in general in Ghana. There are also prediction 
models based only on maternal clinical characteristics but no models that considers the 
effect of socio-demographic and socio-economic factors on HDP which might also be 
interesting to understand. There are also very few studies conducted in Ghana on the risk 
factors associated with HDP including the socio-demographic and socio-economic factors. 
Moreover, there are inconsistent findings for every risk factor in various studies. Therefore, 
the aim of this study was to develop a multivariable prediction model using easily available 
information on socio-demographic, socio-economic, obstetric and maternal clinical factors 
from ANC clinics which identifies the risk factors of HDP in Ghana. The aim was also to 
develop such a prediction model that can also be used in countries such as Ghana with 
low resource settings without using expensive procedures. Furthermore, this study also 
offers recommendations for future research and Ministry of health (MOH), Ghana. 
 
Objectives 
	
General Objective  

The objective of this study is to develop a prediction model which identifies women with 
risk of HDP by identifying the risk factors based on easily available information from 
primary care settings of Ghana. 
 
Specific Objectives 

1. To develop a prediction model that identifies women with risk for HDP using information 
available from primary care settings of Ghana. 

2. To explore the risk factors responsible for the development of HDP in women of Ghana, 
Africa. 

3. To validate the model internally to find out the efficiency and the predictive 
performance of the model. 

4. To give recommendations for future research and MOH, Ghana.  
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3. Methods 
Study design and population 
 
This is a secondary data analysis nested in a cohort study among pregnant women in the 
Greater Accra Metropolis in Ghana between July 2012 and March 2014. This data set was 
used to address the objectives mentioned above. Reporting of the methods section 
complies with the Transparent Reporting of a multivariable prediction model for Individual 
Prognosis Or Diagnosis (TRIPOD) recommendations for structure and content except the 
addition of subsections of ‘Search strategy’ which was added to explain the search term 
used for the literature review that was necessary for this study and ’Study approach’ which 
was added to have an overall strategy, that I chose, to integrate the different components 
of the study, which enables me to effectively address all the components of this study 
[46]. 
 
The study population was categorized into two groups: normotensive pregnancies and 
pregnancies with any type of HDP. The pregnancies with HDP can be either GH, defined in 
this study as a systolic BP level of 140 mmHg and/or diastolic BP level of 90 mmHg on two 
separate occasions without proteinuria after 20 weeks of gestation and normotensive pre-
pregnancy level, a group of severe hypertensive disorders with PE/E, defined as a systolic 
BP level of 140 mmHg and/or diastolic BP level of 90 mmHg on two separate occasions 
with proteinuria (300 mg/24 h or ++ on a dipstick) after 20 weeks of gestation. With the 
occurrence of tonic-clonic seizures in a pregnant or recently delivered woman, women 
were considered to have eclampsia. The fourth group was CH where the women had their 
first elevated BP before 20 weeks of gestation [47]. If there was only one BP measurement 
available, then only the women who had both systolic BP and diastolic BP elevated were 
considered hypertensive. 
 
The inclusion criteria were pregnant women above 18 years of age for legal and ethical 
issues and pregnant women with less than 17 weeks pregnancy. The exclusion criteria 
were women with previously established chronic HTN irrespective of parity, women with 
spontaneous abortions before 24 weeks and death of the participating woman [48]. 

 
Search strategy 

For the sections of background and discussion, a literature search was performed on 
Google Scholar and PubMed. Articles were screened based on the topic of interest which 
was HDP. All searches were done in English language and only English articles were 
included. Articles older than 2000 were excluded. WHO, UNICEF, FAO, UNESCO and 
World Bank websites were used to collect more relevant demographical and 
epidemiological information on HDP and Ghana. A search on specific risk factor was done 
when required, to get more detailed information about every risk factor. The snowball 
technique was used to collect information missed during the searches. Table [1] 
describes the search terms used for the study.  
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("Hypertensive disorders during pregnancy" OR "Hypertension during pregnancy" OR 
"Pregnancy induced hypertension" OR “Chronic hypertension” OR “Gestational 
hypertension” OR “Pre-eclampsia”)  

AND (“Prediction models” OR “Prognostic models” OR “logistic regression” OR 
“multivariable logistic regression” OR “deep neural networks” OR “Artificial 
intelligence” OR”machine learning”) AND ("Ghana") AND (“Africa” OR “Sub-saharan 
Africa” OR “low income country” OR “low income countries” OR “low-and-middle-
income countries” OR “low resource settings”) AND (“maternal mortality” OR 
“maternal deaths”) AND (“background information” OR “geography” OR 
“demography” OR “socio-economic status” OR “health indicators” OR “educational 
ststus”) AND “(“risk factors” OR “area of residence” OR “rural and urban” OR “ethnic 
group” OR “ethnicity” OR “maternal age” OR “age” OR “weight” OR “BMI” OR “Body 
mass index” OR “blood pressure” OR “systolic BP” OR “diastolic BP” OR “family 
history of HTN” OR “history of HDP” OR “history of HTN” OR “multi-fetal pregnancy” 
OR “twin pregnancy”) AND (“calibration”) AND (“discrimination”).  

 
Table 1: Search strategy 

 
 
Sources of data 
 
The participant demographic information and obstetric history was obtained by trained 
interviewers using well-structured questionnaires during their ANC visits to the two 
participating hospitals in the Greater Accra Metropolis of Ghana: Ridge Regional Hospital’s 
out-patient clinic and Maamobi General Hospital. Information about the obstetric outcomes 
were collected subsequently from the women’s medical records in the labor ward. Follow-
up calls were made to obtain information on women who did not return to the clinic during 
pregnancy or after childbirth. Physician records and hospital’s maternity registers were 
reviewed to determine the clinical outcome. The participants were enrolled into the study 
after a written informed consent and were followed up during ANC visits until they 
delivered. Ethical approval for the study was granted by the Ethical Review Committee of 
the Ghana Health Service, 2015 [48]. 
 
Participants 
 
The data was collected by interviewers who were trained about the data collection. 
Information on maternal age, sociodemographic factors, socio-economic factors, family 
history of HTN (confirmed diagnosis of HTN in parents or siblings), history of HDP in 
previous pregnancy, parity, systolic and diastolic BP readings were obtained at booking, 
that is during the participants first ANC visit. All the other predictors were either obtained 
during the first ANC visit or during the subsequent visits. A mercury sphygmomanometer 
was used to measure the BP of the participating women. Two readings were taken at an 
interval of five minutes and the average was used to represent the woman’s BP. A 
stadiometer was used to measure the height in centimeters, and a bathroom scale to 
measure the weight in kilogram were also obtained during the first ANC visit or subsequent 
visits [44]. 
 
The total number of enrolled participants were 1010. There was no outcome information 
in 179 participants, and hence were removed. Thirty-nine participants had spontaneous 
abortions and there were three maternal deaths. All these were removed and following 
this step the number of participants considered for the analysis was 789. 
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Outcome 
 
The outcome of interest was HDP. The risk factors of HDP in Ghana were explored by 
building a prediction model that differentiates between women with a risk for HDP with 
those with no risk. HDP was defined as any participant with GH, PE/E/HELPP or CH [48]. 
To identify the outcome, the participants were followed over time using telephone 
interviews, death certificates reviews, physician records, hospital maternity registers and 
informant interviews. 
 
The outcome variables included socio-demographic and socioeconomic factors which 
included area of residence, level of education, economic activity, marital status, religion 
and ethnicity of the woman and obstetric factors and maternal characteristics which 
included age, height, weight, BMI, systolic BP, diastolic BP, history of HDP during previous 
pregnancy, family history of HTN, parity and multi-fetal pregnancy. 

 
Predictors 
 
The data set was prepared and cleaned initially to train the model. All the predictors from 
the data which might have a correlation with HDP were shortlisted based on National 
Institute for health and care (NICE) guidelines for HTN in pregnancy, 2019 [49] and clinical 
relevance. Predictors that were collected after 17 weeks were ignored as this was a 
prognostic study. There were initially 512 variables, out of which 16 potential candidate 
predictors were considered for analysis. Out of the 16 predictors, four were continuous 
variables and the remaining 12 were categorical variables. All the categorical variables 
were encoded into one-hot numeric array using one-hot encoding which converted 
categorical variables into a numerical form that could be provided to machine learning 
algorithms for better prediction [50], [51]. One-hot encoding transforms a single variable 
to a binary variable which indicates the presence or absence of the outcome [52]. Both 
the shortlisted categorical and continuous variables were used for further modeling. 
 
The predictors were categorized into two groups. The first group was sociodemographic 
and socioeconomic factors which included area of residence, level of education, economic 
activity, marital status, religion and ethnicity of the participating women. The second 
group included obstetric factors and maternal characteristics such as age, height, weight, 
BMI, systolic BP, diastolic BP, history of hypertensive disorder during previous pregnancy, 
family history of HTN, parity and multi-fetal pregnancy. Height and weight of the women 
were also considered in the analysis along with BMI to find the relation of HDP with both 
height and weight independently and also their combined influence by observing the 
correlation between HDP and BMI. 
 
Socio-demographic and socio-economic factors were included in the study to observe the 
correlation of these variables with HDP. Knowing about the sociodemographic factors such 
as area of residence will tell us about the rural and urban differences and factors such as 
education of the woman will tell us about the awareness level of the pregnant women 
about such issues. This study also aims to add correlation between ethnic groups of Ghana 
and HDP which shows us the importance of ethnicity in such research studies. Other factors 
such as educational level and economic activity were also considered as important 
socioeconomic indicators associated with HDP and hence were added in the study. 
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Study approach 
 
In order to meet the objectives of the thesis, this study was divided into 3 phases: 
 
The first phase was data preparation. In this phase, the predictors that are related to HDP 
were chosen based on NICE guidelines and clinical relevance. There were 16 predictors 
chosen after this step and these predictors were divided into two groups. Group 1, Socio-
demographic and socio-economic factors and Group 2, Obstetric factors and maternal 
characteristics. The group 1 had area of residence, level of education, economic activity, 
marital status, religion and ethnicity as the risk factors. The group 2 consisted of age, 
height, weight, BMI, systolic BP, diastolic BP, history of HDP during pregnancy, family 
history of HTN, parity and multi-fetal pregnancy. This phase also included univariable and 
bivariate analysis of the chosen predictors to understand the study participants and to 
understand the relation of various factors with HDP. 
 
The second phase was model development. A multivariable logistic regression prediction 
model was developed which identified women with risk for HDP by identifying the risk 
factors of HDP in this cohort (Objective 1 and Objective 2). 
 
The third phase was model performance. After the model was developed in phase 1, it was 
tested for its performance by internal validation. The procedures included to test for its 
performance were efficiency, discrimination and calibration. This step was done to 
evaluate the feasibility and effectiveness of the model in the clinical settings (Objective 
3). Based on the results of the two phases, recommendations were provided for future 
research (Objective 4). The study approach is shown graphically in Figure [8]. 
 
 

 
 

Figure 8: Study approach 
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Missing data 
 
The missing values of continuous variables in the data set were imputed by multiple 
imputation using Scikit-learn [53]. Missing values were imputed 10 times and Rubin’s rule 
[54] was applied and the results over the 10 imputed data sets were considered. The 
variables included in the multiple imputation were height, weight and BMI. The missing 
values of categorical variables were replaced by the most frequent value. The categorical 
variables that had missing values were systolic BP, diastolic BP and family history of HTN. 
Any predictor that was initially shortlisted based on NICE guidelines as an important 
predictor for HDP, but had more than 50% of missing values, were ignored later and were 
not included in the modeling process, resulting in the exclusion of diabetes mellitus 
predictor, which was initially shortlisted based on NICE guidelines and clinical relevance. 
Also, to ensure reliability of data, participants with no outcome information were removed. 
In addition, participants with spontaneous abortions and death of the participant were 
excluded from the analysis.  
 
Sample size 
 
The sample size was estimated based on the incidence of HDP in the population of Ghana 
and on the principle of 10 outcome events per variable [55]. According to the Ghana 
Maternal Health Survey, 2007, 9% of all maternal deaths were due to HDP [56]. By using 
an estimated incidence of HDP as 10% in the study population and for 10 predictors, it 
was aimed to enroll 1000 women but, in the end, enrolled 1010 women. 
 
Statistical analysis methods 
 
The analysis was done in the above mentioned 3 phases. The first, data preparation, in 
which the predictors were chosen, and univariable and bivariate analysis were carried out 
on these chosen predictors. The second, model development where in a multivariable 
logistic regression model was developed which also identified the risk factors of HDP and 
the third, model performance, where the model was tested for its performance by internal 
validation. To go about this, a dichotomous variable was defined, either 0 or 1, 0 being no 
HDP (Normotensive) and 1 being HDP (either PIH, CH, PE/E/HELPP). Descriptive statistics 
for variables were presented with frequencies and percentage for categorical variables and 
means and standard deviations (SD) for continuous variables, as seen in the Figure [9]. 
Logistic regression technique was chosen to predict the outcome using the selected 
candidate predictors. 
 
Phase 1 : After choosing the predictors based on NICE guidelines, univariable analysis and 
bivariate analysis were performed to examine the relationship between every predictor 
and the outcome both individually and in relationship to one another was carried out which 
calculated the p-values and crude odds ratios (OR) and their 95% confidence intervals 
(CI) for every category of the predictor to understand the correlation better. Odds ratio 
>1 and p-values <0.05 were considered to indicate statistical significance [57]. A table 
with characteristics of the participants who were normotensive (NT) and participants who 
had HDP was created using the selected 16 predictors to know about the various risk 
factors of HDP in Ghana.  
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Phase 2: A multivariable logistic regression model to identify the risk factors using all the 
16 predictors was built. This was done without following backward stepwise predictor 
selection based on p-value obtained from bivariate analysis, because this process might 
reject important predictors owing to nuances in the data set or confounding by other 
predictors [17]. Adjusted odds ratio (aOR) and their 95% CI were also reported along with 
the p-values which were calculated to control the confounding bias and to adjust for the 
confounders. The beta coefficients and standard errors of the predictors were also 
reported. Predictors with aOR >1, with a positive beta-coefficient and with p-values <0.05 
were considered to indicate statistical significance [57].  
 
 
 
 

 
 

Figure 9: Statistical analysis methods 
 

 
Phase 3: The predictive performance of the model was assessed by measuring the 
efficiency, discrimination and the calibration of the model. Efficiency tells us how well the 
model is able to predict the outcome of the test data set. The efficiency of the model in 
our study was calculated using split-sample validation procedure which needs to be done 
manually and through an in-built scikit-learn function called stratified k-fold cross-
validation. Both are resampling techniques used to evaluate the model on a limited data 
set. These techniques are used to reduce the possibility of high bias if we have a small 
dataset, since we would miss information from the data that we have not used for training. 
The basic principle behind both the techniques are the same; giving all observations from 
the original data set, a chance to appear in the training and the test set. In the manual 
split-sample validation procedure, the data set was randomly split into two data sets. 70% 
of the data set was used for training the model and the remaining 30% was used for 
testing the model. The splitting was done randomly for 100 times with replacement of the 
test sample from the original sample each time after splitting the original data set into 
training set and test sets to exclude the chance of bias. The final efficiency was the average 
of all the 100 efficiencies obtained. As this procedure does not sometimes use all available 
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data for model development and since there Is no specific splitting method (60 and 40, 
70 and 30, 80 and 20, or 90 and 10) it can be inefficient at times. So, the efficiency of the 
prediction model was also compared by using cross-validation procedure which is an in-
built functionality in Scikit-learn library of Python. In stratified k-fold cross-validation from 
scikit-learn, the entire dataset is split into k-folds (k being 10 in this case). The model is 
then trained using k-1 folds (k-1 being 9 in this case) and later the model’s performance 
is tested using the remaining fold (1 in this case). This is done for 10 times and the average 
of the efficiencies over 10 iterations is noted down. Statistical data analysis was performed 
using ‘Scikit-learn’ library and also ‘Statsmodels’ library of Python as all functionalities that 
the study demanded were not available in a single library [53], [58]. 

 
Discrimination is the ability of the model to differentiate between women who develop HDP 
(true positive) and those who do not (false positive). This was done by using receiver 
operating characteristic (ROC) curve statistic (c-statistic). The c-statistic or the area under 
the receiver operating characteristic curve (AUC) ranges from a value of 0.5 to 1.0. A 
value of 0.5 represents no discrimination and a value of 1.0 represents perfect 
discrimination [59]. 
 
Calibration tells us how closely the predicted HDP risk agrees with the observed HDP risk. 
A calibration curve was plotted between predicted risk and actual risk and the slope and 
the intercept of the curve were calculated.  
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4. Results 
 
Phase 1: Data preparation 
 
Study participants and participant characteristics 
 
The total number of enrolled participants was 1010. There was no outcome information in 
179 participants, and hence were removed. 39 participants had spontaneous abortions 
and there were three maternal deaths. All these were removed and following this step the 
number of participants considered for the analysis was 789. Among the 789 participants, 
700 women (88.7%) were normotensive and 89 women (11.3%) had HDP with 59 women 
(7.5%) having PIH, 14 women (1.8%) having PE/E/HELPP and 16 women (2.0%) having 
CH, as seen in Figure [10].  
 
 
 

 
 
 

Figure 10: Data preparation 
 
 
The characteristics of the study participants were understood by performing univariable 
analysis on the cohort. Most of the participating women in this cohort were from Accra 
metropolitan area (80.95%, n=618), the next majority of the women (16.25%, n=145) 
were from other urban areas followed by peri urban and rural areas (2.8%, n=26). When 
it came to educational status of the participating women, majority of the women were 
educated and studied up to lower secondary school (47.25%, n=373), 224 women 
(29.2%) had studied till upper secondary school, 2.25% of women (n=18) had studied till 
upper tertiary education and 11.0\% of women (n=92) had an education level of primary 
school. A small percentage of women (10.25%, n=82) had no formal education at all. 
Almost 3/4th of the women in this cohort (73.25%, n=593) were employed in an informal 
sector, from the remaining 1/4th of the cohort, 14.1% of the women (n=99) were formally 
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employed and 12.7% (n=97) of were not employed in any both formal or an informal 
sector and hence, were economically inactive. 
 
Among the study participants, more than half of them were married (64.55%, n=492), 
18.6% of women (n=157) were engaged or living together with their partners and 16.85% 
(n=14) of women were either single or widowed. The participants enrolled in the study 
were predominantly Christians (71.6%, n=570 women) and the remaining 28.4% (n=219) 
belonged to the religion of Islam. When coming to ethnic groups of the participating 
women, most of the women belonged to the three major ethnic groups of Ghana, with 284 
women (32.55%) from Akan, 22.3% (n=161) women from Ewe, 21.95% (n=150) women 
from the ethnic group of Hausa. A small number of women belonged to other ethnic groups 
(7.2%, n=73), some women from the Northern: Mole, Dagbon, Gonja groups (9.05%, 
n=65) and the remaining 6.9% (n=56) were from the Ga ethnic group of Ghana. 
 
It was found that women with HDP were slightly older than NT women (NT 28.0 4.9 years; 
HDP 29.7 5.6). There was no major difference in mean height between women who 
developed HDP and those who did not develop HDP (NT 161.16 cm ± 6.62; HDP 160.57 
cm ± 11.69). The mean weight differed between women who were NT and women with 
HDP. It was seen that women with HDP weighed more than the women without HDP (NT 
64.41 kg ± 12.42; HDP 74.89 ± 13.63). The mean BMI also differed between women with 
and without HDP, women with HDP having a greater BMI (NT 25.17 kg/m2 ± 4.70; HDP 
28.92 kg/m2 ± 5.43). 
 
More than half of the women had systolic BP between 100 and 120 mmHG (62.99%, 
n=497) and 1/4th of the women had systolic BP <100 mmHg (25.10%, n=198). 10.77% 
(n=85) of women had systolic BP between 120 and 140mmHg and 1.14% (n=9) women 
had systolic BP >140 mmHg. Seven of nine women with systolic BP >140 mmHg were 
having HDP. Most of the women had diastolic BP of 61 - 70 mmHg (35.11%, n=277) and 
<60 mmHG (32.19%, n=254). 23.83% (n=188) women had diastolic BP between 71 and 
80 mmHg, 6.21% (n=49) between 81 and 90 mmHg and 2.66% (n=21) women had 
>90mmHg which also included 13 women with HDP. 
 
Out of 789 women, 21.17% of women (n=167) were nulliparous, 1.52% of women (n=12) 
were primiparous and the remaining 77.31% (n=610) had 2 or more pregnancies in the 
past. Only 4.56% (n=36) had a family history of HTN in parents or siblings among which 
only 9 women were having HDP, 3.04% (n=24) reported to have a history of a HDP during 
previous pregnancies, out of which 8 women were having HDP in the current pregnancy 
as well and 0.76% (n=6) had multi-fetal pregnancy out of which only 2 women were with 
HDP. Table [2] describes the study participants and participant characteristics of socio-
demographic and socio-economic factors and Table [3] describes the study participants 
and participant characteristics of obstetric factors and maternal characteristics. 
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Table 2: Study participants and participant characteristics – Socio-demographic and 
socio-economic factors 

 
HDP: Hypertensive disorders of pregnancy, n: number 

 



	 20	

 

 
 

 
Table 3: Study participants and participant characteristics – Obstetric factors and 

maternal characteristics 
 

BP: Blood pressure, HDP: Hypertensive disorders of pregnancy, HTN: Hypertension, n: number, 
SD: Standard deviation 
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Predictors with missing data 
 
Six predictors out of the chosen 16 predictors had missing data, which were height (1 
missing value, 0.13%), weight (1 missing value, 0.13%), BMI (5 missing values, 
0.63%), Systolic BP (1 missing value, 0.13%), Diastolic BP (1 missing value, 0.13%) and 
Family history of HTN (23 missing values, 2.92%). Table [4] shows the total number of 
observations and their corresponding missing values along with the percentage of missing 
values of these predictors.  
 
 

 
 

 
Table 4: The total number of observations with their corresponding missing 

values (with percentage missing) 
 

																																																															BP:	Blood	pressure,	HTN:	Hypertension	
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Bivariate analysis 
 
Bivariate analysis was performed to assess the risk factors of HDP dependently. It was 
found that eight of the 16 variables showed a statistically significant relationship (OR >1 
and p value <0.05) with HDP in the bivariate analysis. None of the predictors from group 
1, which included socio-demographic and socio-economic characteristics, showed any 
strong association between the two groups other than the ethnic group of Hausa which 
showed some statistical significance (OR 1.07, 95% CI 1.00 to 1.14, p-value = 0.04). 
From group 2 of obstetric factors and maternal characteristics, maternal age (OR 1.01, 
95% CI 1.00 to 1.01, p-value = 0.00), weight (OR 1.01, 95% 1.00 to 1.01, p-value = 
0.00), BMI (OR 1.02, 95% CI 1.01 to 1.02, p-value = 0.00), systolic BP 121 - 140 mmHg 
(OR 1.14, 95% 1.06 to 1.22, p-value = 0.00), systolic BP >140 mmHg (OR 1.96, 95% 
1.60 to 2.39, p-value = 0.00), diastolic BP 71 - 80 mmHg (OR 1.07, 95% CI 1.01 to 1.13, 
p-value = 0.02), diastolic BP 81 - 90 mmHg (OR 1.21, 95% CI 1.10 to 1.32, p-value = 
0.00), diastolic BP >90 mmHg (OR 1.72, 95% CI 1.51 to 1.97, p-value = 0.00), family 
history of HTN (OR 1.07, 95% CI 0.96 to 1.18, p-value = 0.01) and history of HDP in 
previous pregnancy (OR 1.26, 95% CI 1.11 to 1.43, p-value = 0.00) showed statistical 
significance to HDP. 
 
Table [5] and Table [6] describes the bivariate analysis of the cohort for the two groups 
separately. In conclusion, the bivariate analysis showed seven statistically significant 
predictors. Women with an increased age (Mean 29.7kg, SD 5.6), increased weight (Mean 
74.89, SD 13.63), BMI (Mean 28.92 kg/m2, SD 5.43), systolic BP >120 mmHg, diastolic 
BP >70 mmHg, having a family history of HTN and having a history of HDP in previous 
pregnancy increased the odds of getting HDP than in women without these characteristics. 
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Table 5: Bivariate analysis - Socio-demographic and socio-economic factors 
 

HDP: Hypertensive disorders of pregnancy, n: number, NT: Normotensive, OR: Odds ratio, CI: Confidence interval 
*p-value: statistically significant  
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Table 6: Bivariate analysis - Obstetric factors and maternal characteristics 

BP: Blood pressure, HDP: Hypertensive disorders of pregnancy, HTN: Hypertension, n: number, NT: Normotensive, 
OR: Odds ratio, CI: Confidence interval, SD: Standard deviation, *p-value: statistically significant 
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Phase 2: Model development 
 
Multivariable Logistic regression model 
 
All 16 predictors were included in the multivariable logistic regression model, regardless 
of their statistical significance in bivariate testing. This method was chosen because the 
predictors that were not statistically significantly in bivariate testing will sometimes have 
a statistical significance independently in the logistic regression model. The multivariable 
logistic regression gave few more additional statistically significant predictors but also 
removed a few predictors which showed statistical significance in bivariate analysis when 
adjusted for confounders.  
 
In the multivariable analysis, only four individual predictors showed statistical significance 
as opposed to seven in bivariate testing, they were ethnicity, systolic BP, diastolic BP and 
multi-fetal pregnancy. The categories of individual predictors that showed significant 
relation to HDP in multivariable analysis were Hausa ethnic group (aOR 1.12, 95% CI 1.02 
to 1.23, beta = +0.11, p-value = 0.02), Northern : Mole, Dagbon, Gonga ethnic groups 
of Ghana (aOR 1.10, 95% CI 1.00 to 1.19, beta = + 0.09, p-value = 0.04), systolic BP 
>140 mmHg (aOR 1.42, 95% CI 1.13 to 1.79, beta = +0.35, p-value = 0.00), diastolic 
BP of 81 to 90 mmHg (aOR 1.02, 95% CI 1.02 to 1.24, beta = +0.12, p-value = 0.02), 
diastolic BP >90 mmHg (aOR 1.42, 95% CI 1.20 to 1.66, beta = +0.35, p-value = 0.00) 
and multi-fetal pregnancy (aOR 1.27, 95% CI 1.00 to 1.61, beta = +0.24, p-value = 
0.05). 
 
The predictors that showed statistical significance in the multivariable analysis but did not 
in bivariate analysis were the Northern: Mole, Dagbon, Gonga ethnic groups of Ghana and 
multi-fetal pregnancy whereas there were a few predictors that were unable to hold up as 
an individual risk factor of HDP when it was adjusted for confounders in multivariable 
analysis. These were age (aOR 1.00, 95% CI 0.99 to 1.01, p-value = 0.38), weight (aOR 
1.02, 95% CI 1.00 to 1.03, p-value = 0.09), BMI (aOR 0.97, 95% CI 0.93 to 1.02, p-value 
= 0.25), family history of HTN (aOR 1.07, 95% CI 0.96 to 1.18, p-value = 0.22) and a 
history of HDP in previous pregnancy (aOR 1.09, 95% CI 0.97 to 1.25, p-value = 0.14).  
 
It was also interesting to see that being economically inactive (aOR 1.06, 95% CI 1.00 to 
1.13, beta = +0.06, p-value = 0.07) and weight (aOR 1.02, 95% CI 1.00 to 1.03, beta = 
+0.02, p-value = 0.09) also showed significance in terms of adjusted odds ratio and beta-
coefficients but the p-values were not significant. in multivariable analysis, it was also 
seen that living in urban areas reduced the odds of getting HDP in this cohort (aOR 0.94, 
95% 0.89 to 1.00, beta = -0.06, p-value = 0.04). 
 
Table [7] and Table [8] describes the multivariable analysis of the cohort for the two 
groups separately. In conclusion, it was found from the multivariable analysis that, women 
from Hausa and Northern : Mole, Dagbon, Gonga ethnic groups of Ghana, women with 
systolic BP >140 mmHg and a diastolic BP >80 mmHg and women with multi-fetal 
pregnancy had an increased odds of getting HDP than in women without these 
characteristics. 
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Table 7: Multivariable analysis - Socio-demographic and socio-economic factors 
 

aOR: Adjusted Odds ratio, HDP: Hypertensive disorders of pregnancy, OR: Odds ratio, CI: Confidence interval 
*p-value: statistically significant  
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Table 8: Multivariable analysis - Obstetric factors and maternal characteristics 
 

aOR: Adjusted Odds ratio, BP: Blood pressure, HDP: Hypertensive disorders of pregnancy, HTN: Hypertension,  
OR: Odds ratio, CI: Confidence interval 

*p-value: statistically significant  
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Phase 3: Model performance 
 
After the data was prepared for analysis in phase 1, a model was developed in phase 2 
and was tested for its performance in phase 3. The performance of the model was good in 
this study population. The model performance was assessed using three methods: the 
efficiency, the calibration and the discriminating ability of the model.  
 
The efficiency of the model was calculated using both split-sample validation procedure 
and cross-validation procedure and the efficiencies from both the procedures were very 
similar. The final prediction model had an efficiency of 88.68% after split sample validation 
procedure and an accuracy of 89.03% after cross-validation procedure. Overall, the 
efficiency of the model was good.  
 
Figure [11] shows the area under the ROC curve of this cohort. ROC plots the curve of 
probability and is a measure of prediction accuracy. On the X-axis is the false positive rate 
and on the Y-axis is the true positive rate at various threshold points. The c-statistic or 
the AOC of the curve is usually between 0.5 to 1.0 where 0.5 means no discriminative 
ability and 1 means perfect discrimination. The c-statistic of our model was 0.72 (95% CI 
0.66 to 0.81). Our model showed fair discriminative performance.  
 
 

 
Figure 11: ROC curve of the prediction model 

 
ROC: Receiver operating curve 
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Figure [12] shows the calibration plot for the cohort. The dotted black line at 45 degrees 
represents the perfect agreement between predicted risk on the x-axis and the actual risk 
on the y-axis. The dotted blue line represents the agreement between the predicted 
probability and the actual probability risks of the pregnant women for HDP in this cohort. 
The slope of the calibration curve was 1.25 (95% CI 0.70 to 1.80). The intercept of the 
curve was +0.84 and the standard error of the slope was 0.28. The calibration plot shows 
a reasonable fit as the slope was close to 1 and as the slope is well within the confidence 
interval. A positive intercept indicates that the incidence of HDP was a little higher in the 
test data than in the training data (13.92% in test set and 11.3% in training set). 
 
 
 

 
 

Figure 12: Calibration plot of the cohort 
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5. Discussion 
 
A simple prediction model was developed and internally validated for HDP in a cohort of 
pregnant women attending ANC clinics in two hospitals of Ghana between July 2012 and 
March 2014 using the chosen predictors which were reduced from 512 to 16, based on 
NICE guidelines and clinical relevance. From the bivariate analysis of our study, it was 
found that Hausa ethnic group of Ghana, maternal age, weight, BMI, systolic BP >120 
mmHg, diastolic BP >70 mmHg, family history of HTN and history of HDP in previous 
pregnancy were found to have statistically significant relation with HDP. However, in the 
multivariable logistic regression model, it was found that Hausa ethnic group, the 
Northern: Mole, Dagbon, Gonga ethnic groups of Ghana, systolic BP >140 mmHg, diastolic 
BP >80 mmHg and multi-fetal pregnancy were the independent risk factors of HDP in 
Ghana. As discussed above, we performed the analysis by retaining all the predictors to 
train the model and did not select the predictors based on p-values as obtained from the 
bivariate analysis. This is because, as seen in our results, there are a few predictors that 
turned out to be statistically significant in multivariable analysis even though they were 
not indicated by the bivariate analysis and vice versa. The predictive performance of the 
model was assessed by measuring the efficiency, calibration and discrimination. The 
efficiency of the model using split-sample method was 88.6% and 89.03% using 10-fold 
cross validation. The calibration and the discrimination of the model were also good. 
 
The initial idea was to develop the model using deep learning algorithms such as Artificial 
neural networks (ANN) but since the data size was small and ANN needs large data sets, 
Logistic regression was used. However, there are many studies that report the efficiency 
of logistic regression and deep learning algorithms in clinical settings and these studies 
have concluded that both the methods have a similar performance in clinical settings [25], 
[76], [26], [77]. However, since neural networks are now being extensively used in clinical 
settings from diagnosis, classification to prediction [78], it would have been interesting to 
understand how well and how differently it works. 
 
The model also works well for pregnant women in a study setting such as Ghana where 
expensive procedures are not available and are not affordable because our model uses 
only socio-demographic, socio-economic, obstetric and maternal clinical factors which are 
easily available from ANC clinics. Our findings also support that expensive procedures are 
not required to predict the risk of HDP. Similar to a previous model which was done on 
predicting GH in Ghana with slightly bigger data set. A study by Antwi et al in 2017, 
developed a prediction model for GH in Greater Accra region of Ghana using only maternal 
clinical characteristics and performed external validation of the model. The cohort had a 
bigger data set with 2529 women for development cohort and 647 women in the external 
validation cohort. The c-statistic of their model in the development cohort was 0.70 which 
became 0.68 after external validation. Their final model included six clinical predictors, 
namely history of GH in previous pregnancies, family history of HTN, Diastolic BP, Height, 
weight and parity [44]. 
 
Another prediction developed by Nijdam et al, in the Netherlands in 2010, was also using 
simple, easily available clinical variables to identify nulliparous women with risk for 
hypertension before 36 weeks of gestation. Three main predictors were found to have a 
strong correlation with HDP, which were weight, systolic and diastolic BP. It was also found 
that use of these three simple clinical variables obtained easily from ANC visits can 
accurately identify women with risk for HDP [60].  
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Data Interpretation and Comparison with Literature 
 
The incidence of HDP in the present study is comparable with findings from other studies 
done in Ghana and Ghana statistical service [48], [44], [56]. The socio-demographic and 
socio-economic factors such as area of residence, level of education, employment status, 
marital status, religion and ethnicity are very particular to this data set. However, there 
were no major differences found in these factors between women with and without HDP 
as the outcome except for Hausa ethnic group that was statistically significant in both 
bivariate and multivariable analysis and the Northern : Mole, Dagbon, Gonga ethnic groups 
of Ghana that showed significance only in the multivariable analysis. To the best of 
knowledge, there was no study that reported the significance of ethnicity with HDP in 
Ghana. In this study, age was found to be associated with HDP in bivariate testing but 
disappeared after adjusting for confounders. The women with HDP in our study were 
slightly older compared to women without HDP which was in line with a few other studies 
which have reported that there is an increased risk of HDP with increased maternal age 
[61], [62], [63]. However, this was not found in this study after multivariable analysis.   
 
Overweight women with a high BMI were at high risk of developing HDP as compared to 
women who had a normal weight and a normal BMI in agreement with other studies done 
in Ethiopia, Ghana and the Netherlands [64], [44], [60]. History of HDP during previous 
deliveries was another important risk factor of this study found in bivariate analysis. This 
is in line with other studies done in Ghana by Antwi [44] and in Cameroon [65]. Family 
history of HTN was another predictor found to be important in this bivariate analysis of 
our study and other studies done on HDP in Ghana [44] and other African countries such 
as Ethiopia [64] and Cameroon [65] also reported an increased risk of HDP in women with 
a positive family history in parents or siblings. However, little is known separately about 
the relation of HDP with histories of the women from the paternal and maternal sides. All 
these predictors were found significant in bivariate analysis but disappeared after 
adjusting for confounders other than weight which had a significant aOR but not a 
significant p-value. 
 
Systolic and diastolic BP measurements at booking were also found to be significantly 
related to HDP in this study.  This was also true in other studies on HDP in Ghana [44] 
and in the Netherlands who only used 3 variables, systolic BP, diastolic BP and weight of 
the women to identify women with risk for HDP [60]. Another predictor found significant 
in multivariable analysis was multi-fetal pregnancy.  Studies from other African countries 
[66], other countries such as Nepal [67],  China  [68],  India  [69]  and  a  study  done  
considering  the outcomes  from  29  LMIC  which  included  six  countries  from  Africa  
and  other countries from Asia, Latin America and the Middle East [70] have also reported 
that women with multi-fetal pregnancy are at a higher risk of developing HDP compared 
to women with singleton pregnancies.  This is in agreement with our study which also 
indicates that multi-fetal pregnancy increased the odds of developing HDP. It has been 
suggested that the increased risk of HDP with women with multi-fetal pregnancies might 
be due to the large placental mass and increased circulating levels of soluble levels of 
Soluble fms-like tyrosine kinase-1and other placental growth factors [71]. 
 
One of the major risk factors reported by other studies in Africa and a study done in 23 
developing countries in Africa, Latin America and Asia, is gestational diabetes [64], [72].  
However, this predictor was not considered in our study due to a large number of missing 
data. It is recommended for future studies to add this predictor to understand the 
correlation between gestational diabetes and HDP in Ghana.  
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There were few other predictors that were found significant in multivariable analysis which 
had significant aOR but not significant p-values.   They were being economically inactive 
and living in urban areas.  It was interesting to see that being economically inactive 
increased the odds of getting HDP in our study population. Unfortunately, there was no 
study found in Ghana or other LMIC to compare this with.  It was also found that living in 
urban areas reduced the odds of getting HDP in this cohort.  Similar to other studies in 
Ethiopia [64] but a study done in Ghana reported otherwise [73]. 

 
Strengths and Limitations 
 
One of the main strengths is the prospective character of the study and taking into 
consideration the predictors in early pregnancy.  This can help minimize the impact of such 
pregnancy disorders and can help identify women with risk in an early stage thereby 
reducing the number of mortality and morbidity cases. Secondly, feasibility of the model 
was of utmost importance and the model’s main aim was to identify women at risk for 
HDP in settings that lack an access to expensive procedures.  This was done by considering 
only the predictors that are easily obtainable to develop the model and ignoring the 
predictors obtained by expensive or high-tech procedures such as uterine artery doppler 
and biomarkers.  Prognostic models based on such easily available factors can be easy to 
use, informative, low cost and can have a potential to improve maternal health outcomes 
in LMIC. The application of models which includes the expensive procedures might become 
a limitation in low-resource settings due to constraints in the availability of the diagnostic 
equipment and the affordable capacity of the women to such procedures.  Therefore, use 
of easily obtainable predictors is ideal for prediction models in Ghana for better feasibility.  
Thirdly, there are a very few models developed in Ghana and other low resource settings 
[74], hence models like these could be helpful, especially for diseases like HDP which 
needs early identification and early initiation of care. 
 
No study is without limitations and our study also had several limitations. One of the main 
limitations of our study was considering the composite of HDP as the outcome which 
includes GH, CH, PE, E and HELPP. The study does not focus on the risk factors of the 
different types of HDP separately as the risk factors might not be the same for all types of 
HDP. Also, for every type of HDP, addition of new risk factors is necessary, for example, 
kidney disease is a major risk factor for PE and E, the age group and parity might for every 
type differs [49]. There might be another limitation with respect to predictor selection in 
this study. The predictors for this study were chosen based on NICE guidelines and clinical 
relevance; however, it is a possibility that this study may have excluded some major 
predictors or included predictors differently than other studies done in Ghana.  
 
This study had several other limitations as well. First, the application of the model is 
probably limited to Accra region of Ghana because  there  might be differences especially  
in  the socio-demographic and socio-economic factors, hence the efficiency of the model 
might not be the same without an external validation of the study in Ghana or any other 
low resource setting or updating the model as per the context of the setting without which 
the credibility of the model will be unsure.  Also, limiting our study to only two hospitals 
of Ghana may have caused unintended selection bias for which external validation before 
implementation of the model might be one of the solutions.  Second, the sample size of 
the study was too small, and it looks at a small number of women in Ghana, hence the 
model can be overfitting.  Also, the confounders were not controlled due to lack of 
sufficient information. Hence, the reproducibility of this model in other settings is 
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unknown.  Third, the risk was not categorized into high, moderate and low.  This might 
become hard in the clinical setting while prioritizing the women so that the care is given 
to someone who needs it immediately. Fourth, use of only socio-demographic, socio-
economic , obstetric and maternal factors and clinical characteristics excluding biomarkers 
and uterine artery Doppler in this study could also become a limitation at times because 
a combination of all the three along with the BP measurements of the women is proven to 
be an effective prediction tool than a model considering only one of these factors [75].  
 
Challenges in evaluating performance of prediction models  
 
Before a prediction model is used in clinical settings, it is very essential to ensure that the 
model is ready for use in such settings [79].  A major difficulty about prediction models is 
evaluating the performance or the efficiency of prediction models due to the lack of a good 
reference standard. Without evaluating the efficiency, it becomes hard to assess the 
reproducibility of the models. Although the model’s performance was tested using 
discrimination and calibration, there is no gold standard for these methods which can 
decide how well the model can work.   The model’s performance will vary with a different 
data set with different data size and with different predictor selection. Questions like: How 
helpful will the models be in management and treatment decisions?  What is the effect of 
these models on patient and disease outcomes? can arise. Another biggest challenge about 
prediction models is the unreliability of the predictions. For instance, the model can identify 
patients with an actual risk of HDP and it can sometimes identify women without an actual 
risk for HDP. This can lead to overuse of resources on someone who might have a low risk 
and therefore depleting the resources for people who really need them. This might lead to 
negative consequences especially in such low resource settings.  Also, the usage of such 
models depends mainly on a physician’s perspective about the patient. A physician always 
needs to use an additional information to base their decisions and cannot solely rely on 
the information presented by the prediction model [80].  Therefore, it is important that 
both overestimation and underestimation of the risk and the irrespective consequences 
are taken into account when evaluating the performance of a prediction model.   
 
Despite the availability of many such models in clinical settings, not many are used in 
routine practice. There are various reasons for this. As mentioned above, the first reason 
being doubtfulness of clinicians on the probabilities provided by these models [81]. 
Second, the models can be too complex for daily use in clinical settings without computer 
support [82].  Third, preventive treatment for the outcome may not exist in these settings, 
so clinicians prefer management of the disease after it develops, hence do not wish to use 
the model.  Fourth, models are usually not validated in other populations making it hard 
to know their generalizability [83]. 
     
However, despite the fact that prediction models have certain challenges and limitations, 
it surely has the potential of identifying cases who are at an increased risk in early stages 
which can be helpful to plan the treatment protocol and start subsequent care and 
monitoring.  This will greatly reduce the effects in terms of mortality and morbidity rates, 
especially in Ghana and other LMIC. 
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6. Conclusion and Recommendations 
	
Conclusions 
 
This study developed a prediction model to identify women at risk for HDP by identifying 
the risk factors of HDP in Ghana and can provide clinical decision-making support to 
improve maternal health outcomes in Ghana and other LMIC. This study highlights the 
need for prediction models in such low resource settings and encourages the use of easily 
available predictors from ANC clinics for a cheap and affordable prediction of HDP. As this 
study does not need the information from expensive procedures such as uterine artery 
Doppler or biomarkers, it is easier for the physicians to decide the treatment plan 
immediately without any waiting time for the test results. This also enables the physicians 
in early detection of women at risk of HDP. The models can also be used by ANC providers 
after a brief training and an advice to refer the woman to the hospital immediately when 
a risk is found for appropriate management. This helps women who cannot go to hospitals 
due to access issues.  
 
Early detection and timely management of HDP and its risk factors at antenatal care 
becomes very important in improving maternal health. Screening of all pregnant women 
at ANC to identify potential cases of HDP and initiating timely care is essential. This clinical 
prediction tool can be an important contribution in such situations as it offers the potential 
to improve health outcomes of women for a condition that is responsible for a large 
number of morbidity and mortality in Ghana and other LMIC which can prevent many 
women from reaching a stage where the effects of HDP are irreversible. This model may 
be reliable for countries where only predictors collected during ANC are available. 
 
The study also identified certain risk factors of HDP. The risk factors for HDP in Greater 
Accra region of Ghana after bivariate analysis included Hausa ethnic group, maternal age, 
weight and BMI of the woman, systolic BP >120 mmHg and diastolic BP >70 mmHg, 
history of HDP during previous pregnancies and family history of HTN in either father or 
mother. From multivariable analysis, the independent risk factors were identified which 
were Hausa ethnic group, the Northern: Mole, Dagbon, Gonga ethnic groups of Ghana, 
systolic BP >140 mmHg, diastolic BP >80 mmHg and multi-fetal pregnancy. The 
knowledge of risk factors for HDP gives a defined track for its prevention in the population. 
It is important for this information to be collected during ANC checkups to identify the 
women at risk for HDP. Some more extended prospective studies are necessary to confirm 
the findings of this study.  
 
However, the ultimate value of a prediction model will only be known after it has been 
implemented and after it is proven to demonstrate its potential to help change the health 
systems and improve the maternal health outcomes because no matter how good the 
efficiency of the model is with this data set, all algorithms tend to underperform with an 
external data set [25]. Therefore, external validation on this study is still required to 
understand the effectiveness of the model better and to confirm the performance of the 
model in a new data set. The possible research questions for future studies in regard to 
external validation could be:  

a. Is there a difference in the feasibility of the model with a different data set from 
Ghana? 

b. Is there a difference in the feasibility of the model across various geographical 
regions with low resource setting?  
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Another important factor in such studies is the classification of risk. Classification and 
prediction based on risk becomes important in settings such as Ghana where the physician 
needs to prioritize the women who needs immediate care and plan accordingly the 
treatment protocol based on the level of risk so that the resources are kept for moderate 
and severe risk cases. Hence, it is recommended for the future studies to also include a 
more detailed classification of the severity of HDP which was not possible to do in this 
study die to time constraints. 
 
In conclusion, the findings of this study encourage and supports increased research 
studies and interventions related to areas of education and awareness in the social and 
community context that could help women with HDP. For LMIC such as Ghana to achieve 
the Millennium Development Goal 5 with respect to maternal mortality, the country should 
take immediate measures to reduce the number of HDP cases due to the matter of fact 
that it is the third major killer of pregnant women. Various strategies must be put in place 
to address these preventable causes of maternal deaths including better education for 
women receiving the ANC and increased numbers of trained maternal health personnel 
who are capable of handling such common causes of maternal deaths in the community 
level itself. 
 
In the light of above-mentioned points in the discussion and conclusion, following 
recommendations are made for future research and MOH of Ghana. These 
recommendations are aimed to be beneficial in Ghana and other low resource settings, as 
was the aim of this study.  
 
Recommendations 
	
Recommendations for future research 
 
Recommendation no 1: Other techniques to develop the model 
 
The choice of the technique becomes very essential to develop such models that can be 
helpful in clinical settings because models can be developed using many techniques. The 
choice of one or other technique is not evident or proven and none of the techniques can 
be assumed better than the other, hence, the right choice depends on the size and the 
type of data. Therefore, it is recommended that this model is developed in the future with 
other techniques such as ANN and observe if the performance of the model improves. 
Also, use of other statistical measures to evaluate the performance of the model is 
recommended to get a better clarity of its performance in a clinical setting.  
 
Recommendation no 2: More prospective studies.  
 
Many more prospective studies in Ghana are necessary to confirm the findings of this 
study. Future research can further explore the risk factors based on the local setting and 
interventions and can be tailored to specifically address the areas which need attention 
immediately. Also, trying to replicate this study with a larger sample size is recommended 
as this study was not large enough to assess the real application of the model and this 
could be an area of continued research.  
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Recommendation no 3: Data collection 
 
A systematic interview guide is advised while collecting the data to develop the model 
because lack of proper case taking will miss out information on a lot of important factors 
and since, the model is completely based on data obtained during ANC, missing out on a 
single factor also can be problematic.   
 
Recommendation no 4: External validation to ensure the robustness of the model  
 
External validation of this study is recommended in Ghana or any other low-income 
settings because a model's effectiveness is unknown until the model is validated with a 
new data set. Therefore, a vigorous validation of the model with multiple external data 
sets and updating the model as per the context of the setting should occur before actually 
using the model in practice. Later, an implementation research has to be done to 
understand the process of implementation, monitoring and evaluation of the model in 
Ghana. 
 
Recommendation no 5: Anthropological studies  
 
It would also be interesting and helpful to capture qualitatively the acceptance of models 
by physicians, ANC workers and the community of Ghana itself. Because it is often 
observed that very few physicians appreciate such models as the decision cannot be based 
completely on the prediction given by the model. Hence, by knowing their perspectives 
and by knowing the strengths and limitations of the model in clinical settings, they can 
be tried to design better in the future so that many physicians use them.  
 
 
Recommendations to the MOH, Ghana  
	
Recommendation no 6: Educating women about the risk factors 
 
The health department of the country should conduct many campaigns and awareness 
programs with the help of medical staff, paramedical staff, community health workers and 
volunteers in order to educate women about the various risk factors of HDP and the 
essential lifestyle and pharmacological interventions necessary. Also, counseling mothers 
about pregnancy related complications must be done. The main target groups should be 
women with risk factors of HDP to have an early recognition and preparedness for a better 
management. Community engagement is the key in handling such diseases.  
 
Recommendation no 7: Filling the knowledge gap 
 
The knowledge of prediction models in Ghana is low. The MOH Ghana must promote the 
uses of the model among women for improved pregnancy outcomes and also among the 
frontline workers for an early identification and effective management of such cases. For 
the pregnant women, it can be done through contextual health education at ANC, media 
channels or through national education programs. Meanwhile, for frontline workers, it can 
be through training programs and workshops, especially if such models have not been 
used in the usual care so far. 
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Recommendation no 8: Involvement of various departments 
 
The involvement of several departments such as policy makers, hospitals, frontline 
workers, researchers and medical universities will be pivotal in achieving significant 
improvement in the quality of care for women with HDP. When the clinical efficacy of the 
model is proven, the policy makers must adopt strategies to deliver the model and 
implemented in routine care. When the tool is implemented in a clinical setting, other 
health system outcomes should be also evaluated such as costs, human resources, 
acceptability of the model by the frontline professionals and the community.  
 
Recommendation no 9: Model presentation 
 
As a final recommendation, this study proposes to consider the presentation of a prediction 
model in a best possible way that addresses the clinical needs appropriately. There are 
many paper-based alternatives that are available for an easy presentation of the model 
such as score charts, monograms, web-based calculators or as apps for mobile phones, 
so that both the community and the health workers can use it. 
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