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ARTICLE INFO ABSTRACT

Keywords: Background: There is a wide gap in epilepsy diagnosis, particularly in low- and middle-income countries. We used
Convulsive e_PﬂePS_Y machine learning models to identify seizure-related factors associated with the epilepsy diagnostic gap within the
Non-convulsive epilepsy Nairobi Urban Health and Demographic Surveillance System (NUHDSS), Kenya, to inform effective community-
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. . level interventions.
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Nairobi urban heal . Methods: Data were drawn from a two-stage, population-based census. In Stage-I, 56,425 residents of NUHDSS

airobi urban health and demographic

surveillance system (NUHDSS) were screened for possible convulsive and non-convulsive epilepsy using a standardized questionnaire. In Stage-

Seizures 11, individuals who screened positive were invited for clinical assessment and diagnostic confirmation by neu-

Treatment gap rologists. We used latent class analysis to classify symptom patterns. Seven machine learning models were
trained, with extreme gradient boost and random forest models achieving the highest area under the receiver
operating characteristic curve (98 %).
Resuits: A total of 528 individuals were diagnosed with epilepsy, among whom 80 % (n = 420) had not been
previously diagnosed. The epilepsy diagnostic gap was 100 % (n = 160/160) in persons with non-convulsive
epilepsy, meaning that none of them had been diagnosed before the survey. Among those with convulsive epi-
lepsy, the diagnostic gap was 71 % (n = 260/368). Experiencing fewer types of seizure symptoms, non-
convulsive seizures, or seizures with subtle features, such as those involving only one body part and those
whose first experience of a seizure was recent, were associated with a wider epilepsy diagnostic gap.
Conclusion: There is critically huge diagnostic gap for epilepsy in Nairobi's informal settlements. People with
subtle, fewer or less obvious seizure types are more likely to be undiagnosed. These findings highlight the
importance of seizure symptom characteristics in understanding patterns of underdiagnosis. Thus, approaches to
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reducing the diagnostic gap should take into consideration subtle and non-convulsive seizure presentations, such
as training on symptom recognition and timely care-seeking.

Background

The World Health Organization (WHO) estimates that approximately
over 50 million people live with epilepsy globally, of whom >80 %
reside in the low- and middle-income countries (LMICs) [1] where
diagnostic and care services are often limited [2]. Approximately 70 %
of the people living with epilepsy (PWE) can live seizure-free with
appropriate and cheap anti-seizure medications (ASMs) [1], yet LMICs
have high epilepsy treatment gaps (ETG), defined as the proportion of
people with active epilepsy who do not receive appropriate ASM [3]. In
LMICs, the ETG ranges between 60 and 90 % [3,4]. Yet, many of these
estimates overlook the Epilepsy Diagnostic Gap (EDG), which represents
the proportion of individuals with epilepsy who have not received a
formal accurate diagnosis of epilepsy [5]. A crucial first step towards
narrowing the ETG and ensuring appropriate and timely treatment is the
accurate diagnosis of epilepsy. The EDG contributes to delayed access to
care, disability and poor quality of life [6].

In Kenya, like is the case with other LMICs, and particularly in urban
informal settlements, access to healthcare is hindered by several factors.
This includes health system weaknesses, limited awareness in the com-
munity about epilepsy and its symptoms resulting from low literacy
levels, lack of trained experts, insufficient diagnostic capacity particu-
larly for non-convulsive epilepsy, stigma, and lack of prioritization of
epilepsy at governance and policy levels [7]. While population-based
surveys have previously estimated the factors associated with the
burden of epilepsy [8-10] and the ETG [3,11], there has been limited
focus on identifying seizure-related factors that predict the EDG in the
community.

Thus, identifying the factors that hinder timely diagnosis is essential
to ensure PWE receive the necessary care. Efforts to bridge the EDG and
enhance access to diagnosis and care have included the development of
diagnostic tools and apps [7,12] and training primary healthcare
workers to identify and diagnose epilepsy. The training and equipping of
primary healthcare workers gives them the capacity to diagnose and
manage epilepsy cases [13], or refer complicated cases to specialists.
Identifying factors associated with EDG can inform the development of
these task-sharing strategies and mobile-based epilepsy diagnosis com-
panions so that they are tailored for the right users or populations. The
decision to seek care is often related to the perceived severity of the
condition, but there is a lack of research on how different seizure pre-
sentations and epilepsy factors impact care-seeking behaviors and,
consequently, the likelihood of receiving a diagnosis.

We employed machine learning (ML) methods to analyze seizure
characteristics and epilepsy factors to identify features most predictive
of previously undiagnosed epilepsy [14]. Our objectives were twofold:
gain a deeper understanding of the patterns of seizure and epilepsy
characteristics that contribute to missed diagnoses, considering the
different types of epilepsy - convulsive epilepsy (CE) and non-
convulsive epilepsy (NCE); and to utilize these insights to design
models that will inform more targeted strategies for improving seizure
and epilepsy detection within communities, enhance community
engagement and epilepsy awareness initiatives, and improve capacity-
building interventions at the primary care level in the identification
and management of epilepsy. Further, epilepsy studies have historically
focused on rural populations, but changes in population dynamics
mandate a better understanding of epilepsy in urban communities.

Materials and methods
Study setting

This study was conducted in the two urban informal settlements,
Viwandani and Korogocho, which constitute the Nairobi Urban Health
and Demographic Surveillance System (NUHDSS). These settlements,
typical of many Nairobi's urban poor areas, face challenges such as
limited infrastructure, poor sanitation, overcrowding, high unemploy-
ment, poverty, and insufficient healthcare facilities. Within the
NUHDSS, Viwandani has a more mobile population, largely comprised
of workers from nearby industrial companies. Korogocho has a more
stable population, with many residents having lived there since birth.
Further details about the NUHDSS have been published elsewhere
[15-17]. These two distinct settings offer a valuable context for inves-
tigating the epilepsy diagnostic gap within informal urban settlements in
a sub-Saharan African country.

Study design

This analysis uses data from the Epilepsy Pathway Innovation in
Africa (EPInA) project (Protocol reference: NIHR200134) [18]. The
EPInA project is led by the University of Oxford in collaboration with a
consortium of partners who include the African Population and Health
Research Center (APHRC), which runs the NUHDSS site, Kenya; the
Kenya Medical Research Institute-Wellcome Trust Research Programme
(KEMRI-WTRP), which runs the Kilifi Health and Demographic Sur-
veillance System (KHDSS) site on the coast of Kenya; the University of
Ghana, which runs the Accra site in Ghana; and the National Institute of
Medical Research (NIMR), which runs the Mahenge site in Tanzania.
The project aimed to promote epilepsy prevention, diagnosis, treatment,
and awareness programs in four sites in Kenya, Tanzania and Ghana.

Data were collected through a two-stage population-based (census)
epilepsy cross-sectional prevalence survey conducted within the
NUHDSS. In stage I, trained field interviewers administered a stan-
dardized and validated 14-item screening questionnaire [10,19] to the
head of each household or another adult representative if the head of the
household was absent at the time of the interview. The questionnaire
(see supplementary material, Table S1) was adapted from previously
validated tools (with inputs from epilepsy experts) and designed to
capture symptoms of both CE and non-convulsive epilepsy NCE, see
Mwanga et al. (2024) [10]. The questionnaire was validated within the
NUHDSS context as previously reported [10]. Field interviewers
included a mix of staff with healthcare training or community service,
all with at least a first degree. Training was done for one week and
covered topics on study overview, question-by-question review of the
questionnaire to ensure they understand each question adequately,
research ethics and consent forms. The training also included a day for
pilot testing the tools within a community, different from where the
study would be conducted. This was to ensure the interviewers are
adequately prepared for the data collection. Throughout the data
collection, routine data quality assurance was conducted by running
data quality check (QC) scripts to identify any possible errors in the data
such as duplicated records, inconsistent entries, and prompt corrections
done where needed. Supervision visits were conducted regularly and
weekly check-in meetings conducted with all interviewers.

Socio-demographic information, including age, sex, education level,
employment status, and marital status were also gathered for all
household members. All residents of the NUHDSS were screened using
this standardized epilepsy screening questionnaire [19]. Individuals
who indicated a potential seizure history were classified as possible
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cases of epilepsy.

In stage II of the survey, participants identified as possible cases
during the initial screening were invited for a neurological assessment
by neurologists. The criteria for the clinical assessment and final diag-
nosis of epilepsy has been published elsewhere [10]. Briefly, a diagnosis
of epilepsy was made if there was a history of two unprovoked seizures
occurring 24 h apart. In cases where one had both CE and NCE, the final
diagnosis was considered to be CE. The assessments for diagnosis of
epilepsy were scheduled, and participants who did not attend their ap-
pointments were followed up in person using the confidential contact
and residential information they had provided in the first stage. Follow-
up was done up to three times after which if they did not attend their
appointment, they would then be classified as lost to follow-up. The
stage I screening phase took place between September 17,2021 and
December 23, 2021, while the assessments and confirmation of diag-
nosis by neurologists (stage II) were done between April 12 and August
6, 2022.

The analytical dataset

In this study, we analyzed data consisting of participants who were
confirmed to have epilepsy. The primary outcome was the epilepsy
diagnostic gap. Variables considered in this study included seizure
symptoms used to screen participants at the first stage [10,19]. Specif-
ically, the questionnaire captured a range of seizure-related symptoms,
including episodes of unexplained falls, loss of consciousness, tongue
biting, bladder incontinence, localized or generalized shaking, sensory
disturbances (such as, abnormal smells), seizure duration and associa-
tions with fever or specific body part involvement.

Statistical analysis

Descriptive statistics, including frequency distributions and pro-
portions, were used to summarize the characteristics of the study pop-
ulation and to explore the distribution of key variables across relevant
subgroups. For continuous variables, we reported the median and
interquartile range (IQR) to account for potential skewness in the data.
Categorical variables were compared across groups using the Pearson's
Chi-squared test. Latent class analysis (LCA) was used to categorize
participants into several clinically interpretable classes of symptoms. We
determined the number of classes iteratively by comparing multiple
models based on the Bayesian information criterion (BIC) (Fig. 1)
combined with intuitively examining the models with clearly distinct
and clinically interpretable classes. Data management, statistical anal-
ysis, and visualization were conducted using R software (version 4.2.3)
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[20]. Specific key R functions and packages used included dplyr for data
management, poLCA for latent class analysis, and ggplot2 for visualiza-
tion. Machine learning modelling was done using caret package.

Training and evaluation of machine learning models

Seven machine learning models were trained and used to determine
the most important predictors of EDG. These included logistic regres-
sion, decision tree, naive Bayes, random forest, gradient boosting ma-
chine, extreme gradient boost, and support vector machine. Detailed
mathematical descriptions of these models are provided elsewhere [21].
These were selected because they are common and four of them have
previously been used in other epilepsy studies with satisfactory or
acceptable performance [7,12].

The data were randomly partitioned into training and testing subsets
in a 7:3 ratio. To minimize confounding, both datasets were balanced by
recruitment site, sex, age, education level, employment status and
marital status. Models were trained using classification generated by the
LCA and the sociodemographic characteristics. Categorical variables
were encoded using one-hot encoding [22,23]. To address class imbal-
ance in the outcome variable, the synthetic minority over-sampling
technique (SMOTE) was applied [24], generating synthetic examples
of the minority class based on nearest neighbors interpolation. Ten-fold
cross-validation was used to identify the optimal set of hyperparameters
for applicable algorithms.

To evaluate the predictive performance of the models, we performed
bootstrapping with 500 replications as recommended by Efron B and
Tibshirani RJ (1994) [25]. In each replication, test data were sampled
with replacement to generate the bootstrap samples. Predictive perfor-
mance metrics, including accuracy, area under the receiver operating
characteristic curve (AU-ROC), and F1 score (harmonic mean of preci-
sion and recall), were computed for each bootstrap sample. The AU-ROC
ranges from O to 1, where an AU-ROC of 0.5 represents a model with no
discriminative ability (equivalent to random guessing), and higher AU-
ROC values indicate better model performance. An AU-ROC of greater
than 0.7 was considered acceptable [26]. F1 score ranges from 0 to 1.
Higher F1 indicates a better-performing model, mostly recommended to
be greater than 0.7 [27]. The cut-off points that maximized sensitivity
and specificity of the models were chosen based on Youden's J statistic
[28]. The metric results were summarized using descriptive statistics,
including quantiles. The 95 % confidence intervals (95 % CI) were
computed for each metric across the 500 bootstrap samples. Accuracy of
the prediction ranges from O to 1, where higher values mean greater
accuracy. The receiver operating characteristic (ROC) curve plots
sensitivity (true positive rate) against 1-specificity (false positive rate) at

g500 6469
6000
9]
1]
71
5500 —— 5402 5384 5410
1 2 3 4 5 6

Number of classes

Fig. 1. BIC values of six LCA models evaluated.
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various threshold values. The best-performing models were selected
using AU-ROC.

Results

Sociodemographic characteristics of study participants with epilepsy
diagnosis

Table 1 shows the sociodemographic characteristics and the pro-
portions of individuals with convulsive and non-convulsive epilepsy
diagnoses. Of the 528 participants who were diagnosed with epilepsy,
368 (70 %) presented with CE and 160 (30 %) had NCE. The median age
was 26 years (IQR = 14-35 years), and there were approximately equal
numbers of males and females. Most participants had primary or lower
education (58 %), and over half were never married (55.3 %) and ma-
jority were unemployed (60 %) or engaged in informal/self-employment
(32 %). Non-convulsive epilepsy was higher in Viwandani site (43 %)

Table 1
Socio-demographic characteristics among participants classified as convulsive
epilepsy and those classified as non-convulsive epilepsy.

All § Convulsive Non-convulsive
n (%) epilepsy Y’ epilepsy 3
n (%) n (%)
Overall n =528 368 (69.7) 160 (30.3)
Age Categories
0-5 years 38(7.2) 28 (7.6) 10 (6.3)
6-12 years 77 56 (15.2) 21 (13.1)
(14.6)
13-18 years 64 44 (12.0) 20 (12.5)
(12.1)
19-28 years 135 95 (25.8) 40 (25.0)
(25.6)
29-49 years 183 121 (32.9) 62 (38.8)
(34.7)
50 years or older 31 (5.9) 24 (6.5) 7 (4.4)
Site in the NUHDSS
Viwandani 289 166 (45.1) 123 (76.9)
(54.7)
Korogocho 239 202 (54.9) 37 (23.1)
(45.3)
Sex
Female 267 184 (50.0) 83 (51.9)
(50.6)
Male 261 184 (50.0) 77 (48.1)
(49.4)
Highest education level
<primary/no formal 207 154 (41.8) 53(33.1)
(39.2)
Primary 205 141 (38.3) 64 (40.0)
(18.8)
Secondary 99 60 (16.3) 39 (24.4)
(18.8)
Post secondary 17 (3.2) 13 (3.5) 4(2.5)
Marital status
Never married 292 212 (57.6) 80 (50.0)
(55.3)
Married/living with a 168 109 (29.6) 59 (36.9)
partner (31.8)
Separated 68 47 (12.8) 21 (13.1)
(12.9)
Employment
Not employed 317 227 (61.7) 90 (53.2)
(60.0)
Full-time or Part-time 41 (7.8) 30 (8.2) 11 (6.9)
Employed
Self employed 73 41 (11.1) 32 (20.0)
(13.8)
Informal 97 70 (19.0) 27 (16.9)
(18.4)

Notes: § means the denominator is 528 (all participants confirmed to have epi-
lepsy); ¥ means the denominator is the number diagnosed to have CE; and 3
means the denominator is the number diagnosed to have NCE.
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compared to Korogocho (16 %).

The epilepsy diagnostic gap

A total of 420 individuals did not have prior knowledge of their
diagnosis. Thus, the overall diagnostic gap was 80 %, higher for NCE
than for CE. Specifically, all (n = 160) the participants with non-
convulsive epilepsy had not been diagnosed previously (100 % diag-
nostic gap) compared to 71 % (n = 260/368) diagnostic gap among the
convulsive epilepsy cases. Table 2 presents the diagnostic gap by the
socio-demographic characteristics. Results in Table 2 focus on the
convulsive epilepsy diagnostic gap because the diagnostic gap for non-
convulsive epilepsy was 100 % across all levels.

The overall diagnostic gap for CE was 75 % among males and 67 %
among females. Between the two sites of the NUHDSS, the gap was 76 %
in Viwandani and 66 % in the Korogocho. The EDG ranged from 59 %
among those aged 13 to 18 years old to 86 % among children under 5
years old. The EDG was higher among those who were married or living
together with a partner at (81 %) compared to those who had never
married (67 %) and those who had separated (66 %).

Latent class analysis results

Fig. 1 presents BIC values of six LCA models with different numbers
of classes. Model 1 comprised a single class, while models 2 through 6
included two to six classes, respectively.

The model with five classes had the lowest BIC (5384), but the
generated classes 2 and 3 in the model did not have a clear distinction of
the EDG (Fig. S2, Supporting information). The next model with the
second lowest BIC was the one with four classes, but similarly, some
classes were not distinct. Thus, the model that gave sufficient balance
between model parsimony, the number of observations per class and the
EDG (the outcome) per class was the model with three classes. It pro-
vided a clearer and more distinct classification of the symptoms and
association with EDG. Based on this model (with three classes), 119 out
of 368 (32 %) were classified into the first class, 29 % into the second

Table 2
Diagnostic gap by socio-demographic characteristics.

Convulsive epilepsy diagnostic gap (N p-

= 260) value
Age Categories
0-5 years 24/28 (85.7) 0.07
6-12 years 41/56 (73.2)
13-18 years 26/44 (59.1)
19-28 years 72/95 (75.8)
29-49 years 78/121 (64.5)

50 years or older 19/24 (79.2)

Site in the NUHDSS

Viwandani 126/166 (75.9) 0.05
Korogocho 134/202 (66.3)

Sex
Female 123/184 (66.9) 0.1
Male 137/184 (74.5)

Highest education level
<primary/no formal 102/154 (66.2) 0.4

Primary 106/141 (75.2)
Secondary 43/60 (71.7)
Post secondary 9/13 (69.2)
Marital status
Never married 141/212 (66.5) 0.02

Married/living with a 88/109 (80.7)
partner
Separated
Employment
Not employed
Full-time or part time
employed
Self employed
Informal employment

31/47 (66.0)

155/227 (68.3) 0.4
24/30 (80.0)

32/41 (78.1)
49/70 (70.0)
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class, and 39 % into the third class (Fig. S1, Supporting information).

Symptom probabilities in each class are presented in Fig. S3 (Sup-
porting information). However, for clearly distinguishing the most
defining symptoms for each class, we conveniently isolated the top five
symptoms in each of the three classes, and the results are displayed in
Fig. 2.

The first class consisted of patients with subtle self-limiting seizures,
which may not easily be noticed or recognized by patients, caregivers, or
healthcare providers as indicative of epilepsy. These are symptoms
localized to one body part, such as one arm or leg or in the face, without
major motor involvement or manifestations. Loss of consciousness was
present but not prominent in this class. The second class consisted of
more dramatic and prolonged seizures including status epilepticus. The
class represents individuals experiencing mixed focal and generalized
seizures, with prolonged seizure durations. This included those who had
lost consciousness and seizures that lasted more than 30 min. The third
class consisted of patients prominently indicative of generalized sei-
zures. The class is characterized by symptoms such as loss of con-
sciousness, and twitching, biting tongue, loss of bladder control and
falling. These are more classic and recognizable seizures.

We compared the results of latent class analysis against the seizure
classification as determined by the neurologists during assessments at
the health facility (stage II), see supporting information Fig. S4. Par-
ticipants with focal onset seizures were more likely to be classified in the
first latent class (40 %) compared to the second (24 %) and third (30 %).
Participants with generalized onset seizures were more likely to be
classified in the second (66 %) or third class (65 %) compared to the first
class (44 %).

Machine learning modelling results

We included the classes together with sociodemographic covariates
to train machine learning models to predict the risk of not being diag-
nosed. Fig. 3 visualizes the AU-ROC curves, and the ranking of the
features used in the models. Other metrics used in the evaluation of
machine learning models are presented in the supporting information
Table S2.

All the models had good performance based on all the performance
metrics (AU-ROC>70 %) but extreme gradient boost and random forest
were the best among the models trained (AU-ROC = 98 %). The number
of seizures experienced, the time duration since the first experience of a
seizure, the type of symptoms one experienced as represented by the
latent class analysis, site and age were ranked in the top five as the most
important features by at least two of the three best-performing models.
Logistic regression model, which is often preferred due to its interpret-
ability, also had satisfactorily good performance and Table 3 thus pre-
sents both the crude and adjusted odds ratio (OR) on factors associated
with the EDG, alongside the counts used to estimate crude OR.

Global Epidemiology 11 (2026) 100241
Association of diagnostic gap and most important EDG predictors

Fig. 4 visualizes the diagnostic gap disaggregated by the main pre-
dictors of EDG based on the findings from the tests for association using
Chi-square test, machine learning and latent class analysis.

The EDG was highest among participants with subtle symptoms
(class 1, at 96 %), followed by those with mixed symptoms with pro-
longed duration of seizures (class 2, at 64 %) and lastly those with more
dramatic, generalized seizures (class 3, at 54 %). The EDG decreased
with duration since the first experience of a seizure, with those whose
first experience was under 1 year having the highest diagnostic gap (87
%) compared to those whose first experience of a seizure was over 16
years ago. The number of symptoms was also an important predictor
with those who experienced fewer symptoms (<3) having higher EDG
(96 %) compared to 47 % among those who experienced 7 or more
symptoms.

Discussion

In this study, we estimated the EDG and examined its predictors
within the NUHDSS using LCA and machine learning. Our findings
indicate an overall EDG of 80 %. This gap reached 100 % for individuals
experiencing NCE and 71 % for those with convulsive epilepsy. We also
observed geographic variations in the EDG between the Viwandani and
Korogocho settlements, and by duration since an individual experienced
their first seizure. Latent class analysis revealed three distinct symptom-
based subgroups, each exhibiting different diagnostic gaps. The classes
included subtle self-limiting seizures (class 1), those with mixed focal
and generalized seizures with prolonged seizure duration lasting more
than 30 min (class 2) and those with more dramatic generalized seizures
(class 3). Most of the socio-demographic profiles of individuals with
different epilepsy types were generally similar, except for age and res-
idential location (site). Machine learning models, particularly extreme
gradient boosting and random forest demonstrated the strongest ability
to predict the lack of a formal diagnosis among people living with CE.

The substantial diagnostic gap, particularly for NCE (up to 100 %),
highlights ongoing difficulties in recognizing epilepsy in resource-
limited environments. There are also few studies on NCE, and so these
seizures are often missed on national treatment guidelines. Non-
convulsive seizures are often misattributed to behavioral or psycholog-
ical issues [29] or misdiagnosed as vertebrobasilar insufficiency [30],
leading to missed opportunities for timely diagnosis and appropriate
care. The observed higher diagnostic gap in Viwandani compared to
Korogocho may be linked to Viwandani's larger migrant population.
Situated near Nairobi's industrial area, Viwandani hosts many short-
term work migrants, contrasting with the longer-term residents of Kor-
ogocho. It is also possible that there were differences in cultural per-
ceptions about epilepsy and healthcare systems or access between the
two study settings. The elevated diagnostic gap among individuals with
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Fig. 3. AU-ROC and feature ranking for the seven models trained to predict the epilepsy diagnostic gap.

fewer or subtle and less visible features could suggest that care-seeking
behaviors and decisions to seek medical attention are often triggered
only when symptoms become more overt or dramatic. Seizure symptoms
vary in their presentation and severity, with individuals experiencing
seemingly overt convulsive seizures potentially more inclined to seek
immediate medical attention compared to those with subtle or non-
convulsive seizures. This can also be influenced by other psychosocial
factors, including stigma and culture, necessitating more studies to
delineate these associations more clearly. The public health implications
of EDG is missed opportunities for treatment resulting in poor outcomes,
including premature death and reduced quality of life.

Our findings indicate that the number of seizures one experienced,
time since experience of the first seizure and the subtlety of the seizures
and associated symptoms are the strongest predictors of an epilepsy
diagnosis, followed by age of the patient. These outweighed the other
sociodemographic factors. This suggests potential shortcomings in
identifying possible seizures within communities and in individual de-
cisions to seek care. Specifically, people who experience more overt and
higher numbers of seizures, such as those involving falls, tongue-biting,
or loss of consciousness, are more likely to receive a diagnosis because
epilepsy with generalized tonic-clonic seizures, for instance is the most
recognized seizure disorder in the community. This implies that less
apparent symptoms may go undiagnosed, and would miss treatment.
Subtle seizures such as lip smacking or eye rolling are common in
children than adults, hence the finding of an association of EDG with

age. Since health workers are key motivators for health-seeking be-
haviors [31], the findings underscore the importance of training and
sensitizing primary health workers [13]. These trainings should incor-
porate utility of epilepsy diagnostic apps [7] at all levels on the detection
of NCE. By equipping these frontline healthcare providers with relevant
knowledge, we can improve early detection of seizures and consequently
narrow the EDG.

We also found that the EDG was higher among those whose first
experience of a seizure was more recent compared to those whose first
experience was several years ago. This pattern may reflect delays in
help-seeking, awareness, or access to diagnostic services in the initial
stages of the condition. It underscores the critical importance of early
detection and timely diagnosis of epilepsy. Early identification allows
for the prompt initiation of ASM, which would result in better outcomes
such as reduced seizure frequency, preventing injury, and improving
long-term health and psychosocial outcomes for PWE [1]. This could be
done by enhancing the capacity of primary healthcare workers to di-
agnose all types of epilepsy, including the use of epilepsy diagnostic
applications. Equipping community health promoters with skills and
tools to effectively refer potential cases to primary care can also enhance
timely diagnosis and care for PWE.

Our findings align with previous research in SSA, which consistently
indicates substantial diagnostic and treatment gaps for epilepsy, with
treatment gap ranging from around 50 % to over 90 % [4,5]. For
example, research conducted in 2012 in Kilifi, Kenya, identified an
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Table 3
Crude and adjusted odds ratios from the logistic regression model on factors associated with epilepsy diagnostic gap.
Diagnosed Not diagnosed OR ¢rude (95 % CI) p-value OR agjusted (95 % CI) p-value
n (%) n (%)
Seizure class based on LCA
Class 3 (more dramatic/generalized seizures) 65 (45.8) 77 (54.2) Ref. Ref.
Class 2 (mixed/seizures with prolonged durations) 38 (35.5) 69 (64.5) 1.53 (0.92, 2.57) 0.1 1.52 (0.83, 2.81) 0.2
Class 1 (Subtle seizures) 5(4.2) 114 (95.8) 19.25 (7.41, 49.99) <0.001 4.87 (1.22. 19.36) 0.03
Number of symptoms/seizures experienced
7-10 symptoms 86 (53.1) 76 (46.9) Ref. Ref.
4-6 symptoms 18 (15.3) 100 (84.8) 6.29 (3.49, 11.33) <0.001 4.50 (2.26, 8.94) <0.001
1-3 symptoms 4 (4.6) 84 (95.5) 23.76 (8.32, 67.87) <0.001 5.59 (1.22, 25.57) 0.03
Duration since first seizure
16+ years 31 (45.6) 37 (54.4) Ref. Ref.
10-15 years 23 (41.8) 32 (58.2) 1.17 (0.57, 2.39) 0.7 1.66 (0.63, 4.39) 0.3
6-10 years 25 (32.9) 51 (67.1) 1.71 (0.87, 3.36) 0.1 1.58 (0.65, 3.85) 0.3
1-5 years 22(18.8) 95 (81.2) 3.62 (1.86, 7.04) <0.001 3.44 (1.43, 8.26) 0.006
<1 year 7 (13.5) 45 (86.5) 5.39 (2.13, 13.63) <0.001 2.50 (0.77, 8.12) 0.1
Age
0-5 years 4(14.3) 24 (85.7) Ref. Ref.
6-12 years 15 (26.8) 41 (73.2) 0.46 (0.14, 1.53) 0.2 0.65 (0.16, 2.67) 0.5
13-18 years 18 (40.9) 26 (59.1) 0.24 (0.07, 0.81) 0.02 0.33 (0.07, 1.45) 0.1
19-28 years 23 (24.2) 72 (75.8) 0.52 (0.16, 1.66) 0.3 0.55 (0.16, 2.64) 0.5
29-49 years 43 (35.5) 78 (64.5) 0.30 (0.10, 0.93) 0.04 0.20 (0.04, 1.02) 0.05
50 years or older 5(20.8) 19 (79.2) 0.63 (0.15, 2.69) 0.5 0.33 (0.04, 2.47) 0.3
Site
Viwandani 40 (24.1) 126 (75.9) Ref. Ref.
Korogocho 68 (33.7) 134 (66.3) 0.63 (0.39, 0.99) 0.05 1.04 (0.58, 1.89) 0.9
Sex
Female 61 (33.2) 123 (66.9) Ref. Ref.
Male 47 (25.5) 137 (74.5) 1.45 (0.92, 2.27) 0.1 1.22 (0.68, 2.23) 0.5
Education level
No formal education 52 (33.8) 102 (66.2) Ref. Ref.
Primary 35 (24.8) 106 (75.2) 1.54 (0.93, 2.56) 0.09 1.73 (0.80, 3.76) 0.2
Secondary 17 (28.3) 43 (71.7) 1.29 (0.67, 2.48) 0.4 1.05 (0.37, 2.93) 0.9
Post secondary 4(30.8) 9 (69.2) 1.15 (0.34, 3.90) 0.8 0.63 (0.11, 3.58) 0.6
Marital status
Never married 71 (33.5) 141 (66.5) Ref. Ref.
Married or living with a partner 16 (34.0) 31 (66.0) 0.98 (0.50, 1.90) 0.9 1.15 (0.38. 3.52) 0.8
Separated/Divorced/Widowed 21 (19.3) 88 (80.7) 2.11 (1.21, 3.68) 0.008 1.35(0.50, 3.67) 0.5
Employment
Not employed 72 (31.7) 155 (68.3) Ref. Ref.
Full- or part-time employed 6 (20.0) 24 (80.0) 1.86 (0.73, 4.74) 0.2 1.90 (0.79, 4.60) 0.2
Informal employment 21 (30.0) 49 (70.0) 1.08 (0.61, 1.94) 0.8 2.48 (0.81, 7.57) 0.1
Self employed 9 (22.0) 32 (78.1) 1.65 (0.75, 3.64) 0.2 2.40 (0.68, 8.47) 0.2

Notes: OR = Odds ratio; CI=Confidence interval; Ref. = Reference category.

Symptom class (p<0.001)

Duration since first seizure (p<0.001)
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Fig. 4. The epilepsy diagnostic gap disaggregated by the most important predictors.

association between focal seizures and a lack of seeking biomedical
treatment; however, their study focused on the treatment gap among
individuals already diagnosed, and as our research demonstrates, the
factors influencing diagnosis can differ [32]. The finding from our study

and Mbuba et al.'s study [32], that focal seizures was associated with
both diagnostic and treatment gap, indicates that seizure subtlety is
crucial for both diagnosis and treatment. In the recent ILAE report [5],
EDG is considered a subset of ETG, which is often overlooked in previous
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ETG studies.

Our study offers several strengths. We utilized a large, population-
based sample from a demographic surveillance site with robust follow-
up, enhancing the reliability of our findings. We uniquely integrated
unsupervised (latent class analysis) and supervised (machine learning)
modelling techniques. This layered approach allowed us to explore both
the natural clustering of symptoms and individual-level predictions of
missed diagnoses, using latent class analysis to probabilistically define
symptom classes, followed by machine learning and traditional statistics
to confirm predictors of missed diagnoses. Another strength is the multi-
stage approach with careful screening of seizure symptoms at the com-
munity (stage I) and careful phenotyping of seizures by the neurologists
at stage II who confirmed the diagnosis. This enhanced diagnostic pre-
cision and minimized misclassification of epilepsy cases.

Despite these strengths, we acknowledge certain limitations. Our
sample was drawn from the NUHDSS, which may limit the generaliz-
ability of our findings to rural or peri-urban areas in Kenya or other
African contexts with varying diagnostic resources and epilepsy
awareness. Distance to health facilities can influence care seeking and
hence the diagnostic gap, but we did not have data to examine this. One
of the defining features of the second latent class was prolonged seizure
duration, which may be suggestive of psychogenic non-epileptic seizures
(PNES); however, PNES was not explicitly modelled in this analysis.
While other semiological features were also present within this class,
and all participants had been classified as having epilepsy based on
neurologist assessment, the possibility of PNES or mixed seizure pre-
sentations within the class cannot be fully excluded. Our sample also
yielded imbalanced outcome categories, which could bias the ML
models if not taken into account. We addressed this by generating syn-
thetic data for the training dataset using the SMOTE technique to bal-
ance the two categories of the outcome.

Conclusion

Our study highlights a critically huge diagnostic gap for epilepsy in
Nairobi's informal settlements, particularly for individuals with less
obvious or unusual seizure presentations. These results suggest that in-
terventions aimed at reducing this gap should prioritize community
education on both convulsive and nonconvulsive epilepsy, including the
recognition of diverse symptoms, causes and the importance of seeking
timely care for any, even the first, seizure-like event. Future research
should focus on evaluating the practicality and effectiveness of imple-
menting simplified screening tools, potentially supported by digital
platforms, to determine if community health workers can accurately
identify subtle seizure patterns.
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lepsy Pathway Innovation in Africa project collection. Full access will be
granted after the embargo period (2025-2026) or upon request
approved by the EPInA lead Principal Investigator, Prof. Charles R
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