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Abstract

Universal Health Coverage (UHC) aims at ensuring equitable
access to healthcare for everyone, irrespective of gender, location,
or financial status. Though progress has been made in achieving
UHC, a lot remains to be done in under-served areas of the world.
These regions face immense challenges accessing healthcare ser-
vices, including unavailability of basic medications, socio-cultural
and religious beliefs, and various forms of discrimination. Beyond
these, women are still severely disadvantaged in these regions,
with child brides and teenage pregnancy being prevalent. This
work analysed data from regions of northern Nigeria to determine
equity in healthcare accessibility. Descriptive analysis (using cor-
relation models) and predictive analysis (using machine learning
models) were carried out. The descriptive analysis revealed that
women with low income and education levels, and the elderly
have a higher chance of accessing healthcare services compared to
other genders, while the predictive analysis revealed that, using
machine learning, accessibility to healthcare services can be pre-
dicted with up to 81% accuracy.

Introduction

In the last few years, there has been an overarching improve-
ment in healthcare services globally. Reports from the United
Nation and World Health Organisation show that significant
efforts have been made in reducing deaths resulting from various
diseases, as well as infant and maternal mortality globally.!'?
Despite these efforts, healthcare accessibility remains a challenge
in many parts of the world, specifically the global south countries
of Africa and Asia. These regions have the lowest number of
healthcare professionals at 2.3 medical doctors per 10,000 people
compared to the world average of 16.3 doctors per 10,000 people.
Women are the most affected by the poor healthcare services in
these regions. For instance, approximately 90% of all maternal
mortalities globally were in sub-Saharan Africa, Central and
Southern Asia. Similarly, these regions also have the highest per-
centage of adolescent pregnancy (i.e., pregnant girls between the
ages of 15 and 19).!

Several studies have attempted to assess equity in healthcare
systems across Africa. In some work, statistical models were
used,* while others used Artificial Intelligence (AI) and Machine
Learning (ML) models to analyse health data,® predict the out-
come of healthcare services,” assess gender equity,® and/or elimi-
nate gender biases in healthcare.>!! Like these works, this study
also seeks to assess gender-equity in healthcare but from both
descriptive and predictive perspectives, considering individual
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characteristics (age, gender), socio-economic factors (income,
education, and marital status) and medical symptoms as input
parameters. The specific contributions of this work are: i) to carry
out descriptive analyses and assess the level of gender-equity in
healthcare accessibility in northern Nigeria; this is especially rele-
vant to goals 3 (good health and well-being) and 5 (gender equali-
ty) of the UN’s Sustainable Development Goals (SDG); ii) to
develop models for predicting healthcare accessibility which con-
sider individual characteristics and socio-economic factors. These
models seek to predict if an individual A, who is of gender G, mar-
ital status M, education level E, and income level I, would be able
to access health care service.

Materials and Methods

In assessing healthcare accessibility, we developed the Gender-
Equity Healthcare Access Framework (GEHAF) - a multi-phased
framework depicted in Figure 1. Though the primary focus of this
work is on Phase 3c, 4 and 5c of the framework, all the 5 phases
are briefly described in this section. Three datasets were used for
this work, however, for brevity, only the results of the first dataset
are presented.

In phase 1 of Figure 1, data on gender-equitable accessibility
to healthcare was collected as follows: i) data for this work was
collected from about 500 towns and villages across the northern
region of Nigeria. The collection area spanned geographical coor-
dinates: 13.032880, 5.365820 and 9.267890, 5.345540 to the west
to 11.831740, 13.166820 and 9.173710, 12.415130 to the east; ii)
data was collected using questionnaires administered via a mobile
app called askNivi.'® iii) askNivi is a conversational chat-like
health tool developed to provide health education and referrals for
healthcare systems; iv) all respondents gave their consent before
participating in the data collection exercise; v) the respondents
were asked 43 questions, split into four sections, a) demographic

agree’) type questions; and were designed to be simple and unam-
biguous; vi) the 43 questions corresponded to the 43 attributes in
the dataset, namely: ‘age’, ‘gender’, ‘language’, ‘askmarital’,
‘asklocation’, ‘askhavekids’, ‘howmanykids’, ‘nationality’, ‘eth-
nicity’, ‘askeducation’, ‘askincome’, ‘askemployment’, ‘healthac-
cess’, ‘typeofhealthcare’, ‘socialsupport’, ‘details’, ‘askfamilysup-

port’, ‘familysymptoms’, ‘wellness’,  ‘symptoms’, ‘how-
longsymptoms’, ‘gettingbetterorworse’, ‘whichfamily’, ‘sex’,
‘partners’, ‘overallhealth’, ‘medicines’, ‘medicinescurrent’,
‘medicinesrecent’, ‘alcohol’, ‘smoke’, ‘howoftensmoke’,

‘howoftenalcohol’, ‘surgeries’, ‘describesurgeries’, ‘inclusion’,
‘equity’, ‘diversity’, ‘genderjusticesafety’, ‘harassment’, ‘gender-
justicecomfort’, ‘discrimination’, ‘refusedtreatment’; vii) a total of
4,628 records across the 43 attributes were collected. The corre-
sponding datasets, code book, and questionnaire are available in.'?

The collected data was then pre-processed to remove dupli-
cates, nulls, or invalid entries. Phase 1 also has a language transla-
tion module that helps translate data in any source language to
English language.

In phase 2 and 3a, the ‘symptoms’ field - one of the 43
attributes in the dataset, was passed through Scispacy Named
Entity Recognition (NER)" to extract medical related terms. The
output of these phases was an annotation table of symptoms, as
shown on Table 1.

In Phase 3b, a human auditing dashboard'* was developed to
improve the annotation accuracy in phase 3a. The revised annota-
tion table was appended to the original dataset and used to train
ML models in phase 3c.

In Phase 3c, the aim was to develop ML models capable of pre-
dicting healthcare accessibility. Specifically, it sought to determine
if an individual of a certain gender and socio-economic class, who
presents with certain symptoms (S), at a given healthcare facility
in northern Nigeria would be treated or not. We formally model
this as the quintuple in (1):

information, b) socio-economic information, c¢) wellness check, d) P = A(G,M,E,LS,) (1)
healthcare DEI. The questions were a mix of Boolean (“Yes/No’),
short answer / free text, and Likert scale (‘agree’, ‘neutral’, ‘dis-
,"1"'\\ @ "'3"'\ [’é‘\
3 (5 ——— e . \
1) i \3/ |
- | o . jon | Gender-based Auditing Tool jﬁmom
i |
[\\ P i : D [Symptom Auditing] ' by
Data Lyl SpaCyNER | [ Symptom l.________J
M| Removesut [T patorm Pt [ 1 [P e
P duplicates, etc. i| pre-trained on Annotation Machine Learning |
11 medical data L Evaluation,
i [Training & Testing of ML | benchmaris &
: O ) models] ' Insights
[}
O : __ DoneinEnglish 1
Language .
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Source -» Law = wlﬂl => Source
English [Gender, Age, location, discrimination, etc.]

Figure 1. Gender Equity Healthcare Access Framework (GEHAF).

OPEN 8RCCE 55

[Healthcare in Low-resource Settings 2025;13:13433]



Article

where A4 is an individual, G and M are 4’s gender and marital status
respectively, while £ is the level of education (ranging from prima-
ry to tertiary). / is A’s income level, while S is a set of x symptoms,
x=1{1,2...17},V S= {0, 1}, with 1 implying that the individual
A is experiencing a particular symptom x, and 0 if otherwise. P =
{0, 1} and represents the prediction result, i.e., 0 if 4 would be
denied health care or 1 if 4 would be able to access healthcare ser-
vice.

To develop the prediction models, 6 of the 43 attributes in the
dataset were considered, namely ‘gender’, ‘askmarital’, ‘askeduca-
tion’, ‘askincome’, ‘symptoms’, and ‘refusedtreatment’. The fol-
lowing steps were then taken. The respondents’ genders (man,
woman, or non-binary) were extracted from the dataset. The gen-
der attribute was label encoded into categorical data.

Similar or related symptoms were combined. For instance,
symptoms such as ‘dizziness’ and ‘dizzyness’, were combined, as
well as ‘back pain’ and ‘backpain’; ‘headache’, ‘head ache’, and
‘headaches’; ‘itches’, ‘itchy’, and ‘itching’, etc.

The most common (highest respondent count) symptoms in the
dataset were selected. These were ‘Stomach’, ‘Back’, ‘Chest’,
‘Coughs’, ‘Diabetes’, ‘Dizziness’, ‘Fever’, ‘Headaches’, ‘Body
pains’, ‘Vomiting’, ‘Itches’, ‘Malaria’, ‘Teeth’, ‘Ulcer’, ‘Virginal’,
‘Catarrh’, and ‘Infections’.

Three socio-economic features were extracted from the
dataset, namely ‘askmarital’ (marital status), ‘askeducation’ (level
of education), and ‘askincome’ (level of income).

The socio-economic features were converted into categorical
data using One-hot encoding.

Each respondent could choose 1 of 5 options when responding
to the question about accessibility to healthcare (i.e., the
‘refusedTreatment’ attribute). These options were - ‘Agree’,
‘Moderately Agree’, ‘Neutral’, ‘Moderately Disagree’, and

Sample output of Phases 2 and 3a of GEHAF Framework.

2 ZCPress

‘Disagree’. While processing this field ‘Agree’ and ‘Moderately
Agree’ were combined into ‘Agree’, ‘Moderately Disagree’ and
‘Disagree’” were grouped as ‘Disagree’, while Neutral responses
were dropped. This reduced the respondents to two groups.
‘Agree’ meant that the respondent was refused health care at the
healthcare facility, while ‘Disagree’ meant that the respondent
received health care. The ‘refusedTreatment’ attribute was the tar-
get column for the ML models and was label encoded into a binary
class (1 or 0).

Three ML models were trained on the data and their perfor-
mances compared in terms of prediction accuracy, precision,
recall, and F1-score. Details of the ML models are presented in
subsection "Machine Learning Model".

The final dataset used in training the ML models consisted of
22 columns summarised on Table 2.

In phase 4, the datasets were analysed using statistical models
to provide insights on gender-equality in healthcare across regions
of northern Nigeria. These descriptive analyses were done in par-
allel to phases 2 and 3 and are presented in subsection "Data anal-
ysis" Phase 5 presents the obtained results.

To analyse the relationship between individual characteristics
(age, gender), socio-economic factors (marital status, location,
level of education, income level, employment status, and ethnicity)
and healthcare equity, (inclusion, equity, diversity, gender justice,
harassment, discrimination, and access to treatment), statistical
correlation analyses were carried out. We used the Pearson
Correlation Coefficient (PCC) and Spearman Correlation
Coefficient (SCC),'® while the probability value (p-value) was
used to measure the level of statistical importance.

Pearson Correlation Coefficient (PCC), designated as r, is

Input (Symptoms)

Output of Phase 3a (Symptom Annotation Table)

‘l constantly have

headaches and Headache Stomach Ache Stooling Fever

stomach aches in the

mornings’ Record 1 1 1 0 0
Record2 0 1 1 1

“Stomach ache,
stooling and fever

since last week’

Dataset attributes.

1 ‘Gender’ (G) Man, Non-binary, Woman

2 ‘askmarital' (M) Divorced, Married, Single, Widow/Widower

3 ‘askeducation' (E) Primary, Secondary, Tertiary, or Other

4 'askincome' (1) Level 1 (>*USD 100,000) - Level 6 (< USD 500)

5-21 ‘Stomach’, ‘Back’, ‘Chest’, 'Teeth', 'Coughs’, 1or0.
'Diabetes', 'Dizziness’, 'Fever', 'Ulcer', 'Headaches', 'Body pains', 1 if the respondent experiences the symptom or 0 if otherwise.
'Vomiting, 'Itches', 'Malaria', 'Virginal', 'Catarrh', 'Infections’

22 ‘refusedTreatment’ Agree or Disagree

[Healthcare in Low-resource Settings 2024;12:xxx]
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often used to find the association between two parametric
attributes (e.g. age). PCC is calculated using (2) for attributes X
and Y .

Bl 1= (3i=y) 1

r =
R - 0 SR - @

where r =PCC, x’ and y’ are sample mean values of x and y respec-
tively.

Spearman ranks Correlation Coefficient (SCC), denoted R, is used
to show association between two non-parametric attributes, e.g.
Likert scale. SCC is defined in (3).

6Fd?

(3= n)] (3)

Ro=1-]

where d is the difference in rank between values of the two
attributes being considered.

For PCC and SCC, the results usually fall within the range of
-1 < cc value < 1. A cc_value between 0 and 0.39 (or between 0
and -0.39) implies a weak positive (negative) relationship between
the two attributes, a cc_value between 0.4 and 0.69 (or between -
0.4 and -0.69) implies a moderate positive (negative) relationship,
while values between 0.7 and 1 (or between -0.7 and -1) imply
strong positive (negative) relationship between the two attributes.
Finally, we calculated the probability value (p-value) to determine
the statistical significance of the correlation between two attributes
and set the threshold to 0.05.

The ‘refusedTreatment’ attribute was used as the target for the
ML models. By grouping all values of the ‘refusedTreatment’
attribute into either ‘Agree’ and ‘Disagree’, the problem was
reduced to a binary classification.

This dataset initially contained 1093 records, however, after
the cleaning, preprocessing and annotation processes (phases 1-3
of GEHAF), only 412 valid records were left. The data was also
highly imbalanced, with the majority (381) of records belonging to
the ‘refusedTreatment’ = ‘Disagree’ class, i.e., those who were able
to access health care, while only a minority (31) of data belonged
to the ‘Agree’ class (those who were refused treatment). To balance
the dataset, we oversampled the minority class.!®

Three ML models were considered in this work - CATBoost,
Random Forest, and Support Vector Classifier (SVC). CATBoost
or Categorical Boosting, is an unbiased gradient boosting algo-
rithm that is suited for categorical data.”” CATBoost was selected
because our dataset was small and consisted of attributes with a

Machine Learning parameter tuning.

CATBoost Iterations = 250, Depth = 6, Learning rate = 0.01.

F1-Score = 95.8 %

SvC Tolerance = le-05, Max_iteration =
250, gamma = 0.1, C = 0.01, kernel = 'rbf'.
F1-Score = 95.8 %

Article

mix of data types (Boolean, texts, and Likert values). Random
Forest (RF) is based on multiple (ensembled) Decision Trees (DT).
RF considers the result of each DT, then uses a voting system to
make the final decision. Like DT, RF does not require prior infor-
mation about the distribution of the data,” hence, suitable for our
work. Support Vector Classifier (SVC) creates hyperplane(s) to
separate variables into classes. We considered SVC for this work
because it has good learning and generalisation abilities with small
and heterogeneous datasets.

Two sets of experiments were carried out. For the first, the raw
imbalance data was used, while the augmented (oversampled)
dataset was used in the second. The experiments were done in
Google Colab, using a combination of Python, Jupyter notebook,
and SciKit-Learn library.'® All codes used in this study are avail-
able in Code Ocean code repository.'” Accuracy, precision, recall,
and F1-score, were used as metrics. Recall and F1-score are best
suited for measuring imbalance datasets, as Recall reveals the cor-
rectly detected proportion of true positives, while F1-Score is the
harmonic mean of precision and recall.

Cross validation and hyper-parameter tuning for each of the
ML models were done using SciKit-Learn’s StratifiedKFold
library.!® For CATBoost and RF, we considered 4 iteration values -
250, 500, 1000, 2000; 3 depth values - 6, 8, 10; and 5 folds. F1-
score was used as the evaluation metric for the cross-validation
process. In addition, we also considered 3 learning rates for
CATBoost, i.e., 0.1, 0.05, and 0.01. For SVC, the same iteration
values were considered, alongside 3 kernel options - ‘linear’, ‘rbf”,
and ‘sigmoid’; 3 C-values - 0.01, 0.001, and 0.0001; 4 gamma val-
ues - 0.1, 1, 10, and 100. Table 3 summarises the combinations of
parameters that yielded the best results and used in this work.

Results

As previously mentioned, two types of analyses were carried
out on the dataset - descriptive data analysis using mathematical
and statistical models, and predictive data analytics, using ML
models. Reports of both are presented in this section.

All attributes in the dataset, except age, were one-hot encoded.
For instance, with the ‘gender’ attribute, women were encoded as
0, non-binary as 1 and men as 2. Similar encoding scheme was
used for all the other attributes. The associations between the
attributes are shown on Table 4.

Iterations = 500, Depth = 10, Learning rate = 0.1.
F1-Score = 77.7 %

Tolerance = le-05, Max_iteration = 500,
gamma = 10, C = 0.01, kernel = 'rbf”.
F1-Score = 79.8 %

RF Tteration = 250, max_depth = 10.

Tteration = 500, max_depth = 10.
F1-Score = 76.8 %

F1-Score =95.2 %
OPEN 8RCCESS
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Descriptive analysis
The impact of gender and socio-economic attributes on health-
care accessibility are presented in this section.

Influence of age and gender on healthcare accessibility

Figure 2a shows that most (94%) of the respondents were
below 40 years old. Across all the age groups, the majority (63%
of those below 21, 61% of those between 21 and 30, 70% of those
between 30 and 41 years old) disagreed with being refused treat-
ment, i.e. they were able to access treatment from the healthcare
facility.

In Figure 2b, 245 of the 318 women (77%) were able to access
healthcare services, while 7% had challenges accessing healthcare
services. Similarly, 68% of the men were able to access healthcare
services, compared to 5% who could not. Only 2 of the 9 non-bina-
ry respondents had no challenges accessing health services.
Overall, most (77% of the women, 68% of the men, 78% of the
non-binary gender) of the respondents were able to access health
services, a fact buttressed on Table 4 with a p-value of 0.016 indi-
cating a statistically insignificant association between gender and
healthcare accessibility.

Table 4. Associations among attributes in the dataset.

wﬂuﬂ

Influence of location on healthcare accessibility

In Figure 3, 19 of the 277 (6.8%) women living in towns were
refused treatment, compared to 4 of the 41 (9.8%) living in vil-
lages. Similarly, 3.8% of the city-dwelling men were refused
healthcare services compared to 12.5% of the village dwellers.
This shows that a higher percentage of village dwellers were
unable to access healthcare services, compared to their town-
dwelling counterparts.

Influence of marital status on healthcare accessibility

In Figure 4, 5.8% of the single women were refused treatment,
compared to 10.3% of married women. For the men, 5.4% of the
single men and 4.7% of the married men were unable to access
treatment. Marriage is therefore not a critical requirement to
accessing healthcare. With an associative value of -0.053 and a p-
value of 0.249, Table 4 also shows that Marital Status and access
to treatment (“refusedTreatment™) are weakly associated.

Influence of income on gender-based healthcare accessi-
bility
In Figure 5, level 1 denotes respondents with annual income

 Age Gndr Mar Loc Edu Frp Inem
0466 0.149 0017 -D.05T . L -0.180
Age I -0.226 (<.001) (=001} 001)  (0T71) (0215 (<001)
-0.025 -0.035% 0027 0130 0,064
Gndr 1 {0.573) (0.450) (0.352)  (0.004) (0.158)
0.052 0.023 -0.001 0137
Mar 1 (0.253) (0.613) (0980}  (0.003)
0.006 0038 0.093
Loc 1 (0.892)  (0.411) (0041}
0.081 0.008
Edu i (0:076)  (0867)
0.049
Emp 1 (0:278)
Inem 1
Edlin
Inel
Eqm
Dvr
Gy
Just,
Hrsm
Dser
ReTmt

Ethn [nicl Equi Bvr Gndr Just,  Hrsm Dser RETmt
0006 0.056 0003 0.084 0048 0.035 0046 0044
0903) (0.218)  (0911) {0.064) (0289 {0.442) 0312) tO.MD}:
0.109 -0.086 0040 0088 0078 -0.082 D076 0100
0.016) (0039 (037 (0.062) (0.089) (0.072) (0.094)  (0.016)
D067 0046 0003 0.064 0.017 -0.048 0056 0053
(140)  (0318)  (0.946) 0.162) (0.708) (0:292) 0:221)  (D.249)
0096 0.042 0.009 0307 0.107 0.163 0129 10132
(0.035) (0363 (0.828) (0019 (0.019) (<.001) (0005)  (0.001)
026 0056 0.061 001 00156 0038 05 0096
(0578 (0223} (0.184) (0.989) 0733 (0.39%) 0.022)  (0.034)
0.065 00662 0035 0,020 0,069 0058 0082 0020
(0154) (01400 {0:445) (0.65%) 0127y (0.204) 0074 ((0.656)
0023 -0.005 0049 0.090 -0.063 0038 0029 0080
(O.609)  (0.909)  (0.281) (0.047) (0.169) (0.404) 10.532)  (0.049)
0.032 0.053 0016 -0.028 -0.076 0044 0022
1 (0.482)  (0.246) 0.721) (0.528)  (0.005) (0.335)  (0.007)
0439 0.285 0275 0.229 0184 0479
1 (=001} (=001} (<001) (<001 (<001} (=001)
0.479 0,462 0353 0249 0245
1 (=001} (<001 (=.001) (=001 (=001)
| 0.595 0375 419 L3066
1 (=.001) (<.001) (=001)  {<:001)
0.424 0499 10452
1 (<.001) (=.001)  (<001)
0.569 464
1 (<001} (<001)
0626
1 (=.001)
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greater than NGN 70 million (USD 88,000). Level 2 are those
earning between NGN 45 - 70 million or (USD 56,000 - 88,000),
level 3 earned between NGN 25 - 44 million (USD 31,000 -
55,000), level 4 earned between NGN 7 - 24 million (USD 8,750 -
30,000), level 5 earned between NGN 0.7 - 6 million (USD 875 -
7,500), while level 6 implies an income of less than NGN 300,000
(USD 375). Most of the respondents were within levels 5 and 6.
This is unsurprising as the minimum wage in Nigeria, as at the
time of writing, was about NGN 360,000 (USD 450) annually. Due
to the limited data about higher income levels (level 1 - level 4),
only responses from levels 5 and 6 respondents were analysed.
Of the 245 level 6 women respondents, 16 (6.5%) were refused
treatments, while 8 (11%) of the 55 level 5 women were refused
treatment. For both income levels, over 78% were able to access
treatment. For the men, 7% of those in level 6 were denied treat-
ment, while none of the level 5 respondents were refused treat-
ment. Of the 8 non-binary respondents, only 2 reported being

250
refusedtreatment
¢ Disagree
- Agree
200 = Neutral
150
=
2
8
100
50
0
o
w

refused treatment. Thus, for men, income level influences health-
care access, as the richer men (level 5 and 6) were almost never
refused treatment. For the women, the reverse is observed, as more
level 5 women were denied treatment compared to level 6 women.
Statistically, an SCC value of 0.089, shown on Table 4, indicates a
weak association between Income and “refusedTreatment”. In
addition, the low p-value (0.049) implies that wealth might not
always guarantee access to healthcare, as indicative of the reverse
trend observed with more richer women (level 6) being denied
treatment than any other income group.

Influence of employment on gender-based healthcare
accessibility

Figure 6 reveals that only 6 of the 116 unemployed women were
refused treatment, compared to the 83% who were able to access
healthcare services. Similar ratios were observed for the employed
women. Self-employed women had the most challenge accessing

250
gender
— TN
200 —an
-_— o nbinary
=o
s

o

=0

o
Disagree

(b)

Figure 2. (a) Influence of Age (b) Influence of Gender on Healthcare Access.

gender = waman

2040 A 3

=

willage

town Town

askiocation

gender = man

asklocation

gender = nonbinary

refusedtreatment
== Drsagree
- Agree
- Neutral

willage

town
village 4

asklocation

Figure 3. Impact of Gender on Healthcare.
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Pag

healthcare with 10% of them (13 of 121) reporting being refused being refused treatment, with the first being unemployed and the
treatment. For the men, only 1 (of the 42 employed) and 3 (of the other being employed. The drawn inference is that there seems to be
unemployed men) were refused treatment. However, like the women, a bias against self-employed persons, irrespective of gender.
a higher percentage (7%) of the self-employed men were refused Statistically, a p-value of 0.656 for Employment and healthcare
treatment. There were 9 non-binary respondents and only 2 reported accessibility shown on Table 4, indicates that this is highly probable.

gender = woman gender = man gendér = nanbmary
75
199 refussdtreatment
= Dsagres
15 1 -
- leutral
+ 100
g
7
=4
251
[ - - - - - -
E F N 4 E ; ] ¥ ]
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askmantal askmantal askmartal
Figure 4. Influence of Marriage on Healthcare.
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Figure 5. Influence of Income Levels on healthcare.

Table 5. Comparison of prediction results for raw & augmented data.

Model - class Accuracy Precision Recall F1-Score
Raw (%) Augmt (%) Raw (%) Augmt (%) Raw (%) Augmt (%) Raw (%) Augmt (%)

CATBoost - 0 93 81 0 81 0 81 0 81
CATBoost - 1 92 81 100 81 96 81
SvC-0 92 81 0 81 0 81 0 81
SVC -1 92 81 100 81 96 81
RF-0 93 81 100 77 19 87 32 82
RF-1 93 85 100 74 97 79
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Influence of education on gender-based healthcare
accessibility

Figure 7 shows that among the 89 women with secondary level
education and 194 with tertiary level education, 8 (8.9%) and 14
(7.2%) respectively reported being refused treatment. For the men,
6 (10%) of the 58 with secondary education and 1 of the 82 with
tertiary level education were refused access to healthcare services.
Similar trends were observed with the non-binary gender, as only
those with secondary and/or tertiary level education were refused
treatment. The drawn inference is that there seems to be a bias
against higher levels of education irrespective of gender, but the
bias seems more targeted at women with tertiary level education.
Table 4 also buttresses this inference, with a weakly negative (-
0.096) but statistically significant (p-value = 0.034) association
between education and refused treatment.

gender = woman

gender = man

Predictive data analysis

Using ML models, this section seeks to determine if an indi-
vidual A, of G gender, marital status M, education level E, income
level I, and shows symptoms S (i.e., P= A<G, M, E, I, S>) would
be able to access healthcare service.

Raw data

As carlier stated, the raw data was not balanced, with a ratio of
381:31 between the majority class (individuals who were able to
access treatment) and minority class (those who were refused treat-
ment). Table 5 shows a comparison of the prediction results for the
minority class (0) using the raw and augmented datasets. On the
table, “- 0” refers to the result obtained when the corresponding
model was trained using the minority class data, while “— 1” refers
to the result of the majority class. Using the raw data, RF yielded
Recall and F1-score values of 19% and 32% respectively for the
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Figure 6. Influence of Employment on healthcare.
gender = woman gender = man gender = nonbinary
160
140 1
120 refusedtreatment
== Disagree
- Agree
100 - Neutral
§ 80
60
40 4
204
o4 — T T
: P F 3 : 0§ § 3 E 5 3z
; ok ¢ F 8 f o8 F £
askeducation askeducation askeducation

Figure 7. Influence of Education on healthcare.
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minority class, while CATBoost and SVC both had 0% for Recall
and F1-score. A value of 0 % implies that no classification was cre-
ated for the minority class. This is in line with '%2° where Recall
was reported as 0% for the minority class in highly imbalanced
datasets. To address the poor prediction performance of the three
models, we augmented the minority class data by oversampling it.

We augmented the minority class by oversampling it, then used
the majority class (1) and augmented minority class data to train
the three models. Obtained results, shown under “Augmt” columns
on Table 5, reveal that the augmentation process significantly
improved the prediction results of the minority class (0). The
Recall and F1-Score values of CATBoost and SVC both rose to
81%, while RF’s Recall rose from 19% to 87% and F1-Score rose
from 32% to 82% for the minority class.

In summary, augmenting the data significantly improved the
ML models’ ability to predict healthcare accessibility. Therefore,
the probability that an individual would be able to access (or be
denied) healthcare services can be predicted with up to 81% accu-
racy on the average.

Discussions

From both analyses the following inferences can be drawn
about factors that might influence accessibility to healthcare ser-
vices: i) healthcare services are more accessible to the elderly; ii)
women have a slight advantage in accessing healthcare services
compared to the other genders; iii) women with lower income and
education levels are marginally better favoured than those with
higher income and education levels; the reverse is the case with
men; iv) there seems to be a bias against self-employed persons
irrespective of gender; v) with a balanced dataset, it is possible to
predict, with up to 81% accuracy, if a patient with certain charac-
teristics, socio-economic profile, and symptoms would receive
treatment or not.

There were certain limitations and challenges encountered dur-
ing this study, including: i) skewed dataset — there were more
women respondents than other genders in the dataset; ii) the data
was also highly imbalanced w.r.t. the ‘refusedTreatment’ attribute,
as most of the respondents disagreed with being refused treatment,
while only a few agreed; iii) the NER model used for symptom
extraction did not always accurately identify symptoms in text,
especially rare medical terms or misspelt words, e.g., it classified
‘dizzyness’ and ‘dizziness’ as different symptoms; iv) assumptions
were made while grouping the symptoms together to get the top N;
for instance, we grouped ‘headache’ and ‘migraine’ together
because we assumed they are related; this might not always be cor-
rect, as they might be caused by or associated with completely dif-
ferent ailments.

This work followed the Sex and Gender Equity in Research
(SAGER) guidelines,?' hence, sex refers to the biological and
physiological characteristics of a person, and it is assigned at birth.
Gender refers to the socially constructed characteristics of women
and men, such as roles and norms. For this work, three gender
identities were considered - men, women, and non-binary.
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Individuals who fall into certain groups might be marginalized
and excluded from accessing healthcare services. These include
women, individuals living in rural areas, those with disabilities,
illiterates, and single mothers. To mitigate this, we followed the
P20 guidelines of the Development Initiative’s Inclusive Data
Charter (IDC),”? which offers guidelines for identifying and
analysing individuals that might be at the greatest risk of marginal-
isation.

Privacy concerns might dissuade people from giving accurate
information. For example, women may give false information
about their marital status, because marriage is generally considered
a socially desirable status in Nigeria. To alleviate these concerns
this research collected data anonymously.

Conclusions

Though considerable progress has been made in terms of
healthcare accessibility globally, a lot still needs to be done to
achieve universal health coverage, especially in rural areas of the
world. In many remote and developing countries, accessible and
affordable healthcare services remain elusive, while women are
severely marginalised. Factors responsible for these include level
of education, poverty, socio-cultural and religious beliefs.

This work considered regions in northern Nigeria and analysed
data on healthcare accessibility, through individual, socio-econom-
ic, and equity lenses. Descriptive and predictive analyses were car-
ried out on the data using statistical and Machine Learning (ML)
models respectively. For the descriptive analysis, Pearson and
Spearman’s correlation coefficients were used, while CATBoost,
Random Forest and Support Vector Machine ML models were
used for the predictive analysis. The descriptive analysis revealed
that women with lower income and education levels, and the elder-
ly have a higher chance of accessing healthcare services. For pre-
dictive analysis, when an individual’s biological characteristics,
socio-economic status and medical symptoms are considered, ML
models can predict the individual’s accessibility to healthcare ser-
vices, with up to 81% accuracy.

Data used in this work were in English language, which is not
the native language in the region considered. Analysis of data in
indigenous languages might be an avenue to extend this work.
Additionally, exploration of other data augmentation techniques
and the use of deep learning models for prediction might also be
another direction for future work. Finally, other methods of quan-
tifying qualitative data, such as fuzzy logic, could be considered
for data pre-processing in the future.
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