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Background: Attrition is a challenge in parameter estimation in both longitudinal and multi-stage cross-sectional
studies. Here, we examine utility of machine learning to predict attrition and identify associated factors in a two-
stage population-based epilepsy prevalence study in Nairobi.

Methods: All individuals in the Nairobi Urban Health and Demographic Surveillance System (NUHDSS) (Kor-
ogocho and Viwandani) were screened for epilepsy in two stages. Attrition was defined as probable epilepsy
cases identified at stage-I but who did not attend stage-II (neurologist assessment). Categorical variables were
one-hot encoded, class imbalance was addressed using synthetic minority over-sampling technique (SMOTE) and
numeric variables were scaled and centered. The dataset was split into training and testing sets (7:3 ratio), and
seven machine learning models, including the ensemble Super Learner, were trained. Hyperparameters were
tuned using 10-fold cross-validation, and model performance evaluated using metrics like Area under the curve
(AUCQ), accuracy, Brier score and F1 score over 500 bootstrap samples of the test data.

Results: Random forest (AUC = 0.98, accuracy = 0.95, Brier score = 0.06, and F1 = 0.94), extreme gradient boost
(XGB) (AUC=0.96, accuracy =0.91, Brier score=0.08, F1=0.90) and support vector machine (SVM)
(AUC = 0.93, accuracy = 0.93, Brier score = 0.07, F1 =0.92) were the best performing models (base learners).
Ensemble Super Learner had similarly high performance. Important predictors of attrition included proximity to
industrial areas, male gender, employment, education, smaller households, and a history of complex partial
seizures.

Conclusion: These findings can aid researchers plan targeted mobilization for scheduled clinical appointments to
improve follow-up rates. These findings will inform development of a web-based algorithm to predict attrition
risk and aid in targeted follow-up efforts in similar studies.

Background

coverage by 50% by 2031. The denominator to compute service
coverage is the number of people with epilepsy (prevalence). Accurate

Epilepsy is among the most common neurological disorders,
affecting over 50 million people worldwide and over 80 % of the cases
are in low- and middle-income countries [1]. The World Health Orga-
nization in 2022 published the Intersectoral Global Action Plan (IGAP)
on epilepsy and other neurological disorders which outlines five stra-
tegic objectives including to strengthen public health approach to epi-
lepsy (strategic objective 5). One of the key global targets under
strategic objective (SO) 5 of IGAP is to increase epilepsy service
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estimation of prevalence for epilepsy is therefore important to
contribute effective measurement of progress towards IGAP goals. It is
also important for evidence-based decisions on policy and national
planning of epilepsy services.

Estimation of prevalence of epilepsy in urban settlements is a subject
of active research. Often, the designs used to estimate prevalence of
epilepsy involves multiple stages including household listing, household
level screening and assessment by a specialist at the health facility [2-5].
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A prevalence estimate is defined as the number of participants
confirmed to have epilepsy in the last stage of screening which in most
cases is the assessment by a neurologist [2]. Prevalence estimates are
usually obtained using data from sample surveys, population-based
surveys, or longitudinal population cohort studies. However, data
from such studies tend to suffer a number of challenges such as inter-
viewer bias, non-response and attrition. Data cleaning and robust study
methodology can help mitigate some of these challenges. Attrition, also
known as loss to follow-up (LTFU) or drop-outs, however has been
shown to be a constant challenge in studies involving multiple mea-
surements such as longitudinal studies or multi-stage cross-sectional
studies. Attrition often results to data missing for the participants on
some key variables in subsequent timepoints. This can be addressed by
determining participants at higher risk of attrition and designing tar-
geted follow-up and mobilization strategies to improve follow-up rates.

In studies measuring the prevalence of epilepsy, attrition occurs
when subjects identified in the first stage fail to participate in the sub-
sequent stages. Depending on the sensitivity of the screening tool used at
the first stage, it follows that probability of those screened as positive in
the first stage being confirmed as having epilepsy is high. This means if a
subset of the probable cases is LTFU, then the chances of under-
estimating prevalence increase. It has been shown that differing attrition
rates between study groups or different socio-demographic profiles of
the subjects may affect internal validity and generalizability of results
[6-8]. Attrition tends to be higher in urban areas compared to rural
areas, because of relocation (migration), work commitments or
declining consent [4,9,10]. While there is no cutoff established in the
literature as an acceptable proportion of missing data in a dataset for a
valid and accurate statistical inference, some studies have reported that
a missing data proportion of 5% or less may be inconsequential [11].
However, while the overall missing proportion may be small, dispro-
portionate missingness among different groups in the dataset may in-
crease risk of bias. More recent studies have suggested that statistical
inference is likely to be biased when more than 10 % of data are missing
[12,13]. However, this may not always be the case depending on several
factors including the study design, underlying types of the missing data
(missing completely at random (MCAR), missing at random (MAR) or
missing not at random (MNAR)), the analytical approach used to ac-
count for the missing data. Estimates can also be biased even with low
attrition depending on how attrition rate is correlated with baseline and
follow-up variables [14]. There are a number of methods to account for
missing data, the most common recommended is multiple imputation
(MI) and maximum likelihood estimation [2,4,8,11,15-20]. Assuming
the data are MAR, fitting models for effective multiple imputation re-
quires that all variables included in the scientific model be also included
in the MI model [11]. It is therefore important to establish factors
associated with its missingness.

Studies on factors associated with attrition in the literature have
focused more on longitudinal studies and studies for patients enrolled on
long-term care and treatment programs. The most common include
studies on attrition for patients enrolled on tuberculosis [7,9] and
human immunodeficiency virus (HIV) programs [6,21,22]. These
studies have mostly used traditional approaches to determine factors
associated with LTFU, with the most common method used being lo-
gistic regression [23,24]. These classical theory-based models are
however constrained by independence and linearity assumptions which
may not adequately represent the complex systems regarding relation-
ships between outcomes and predictors [25,26].

Predictive models such as advanced machine learning prediction
algorithms are able to address limitations of logistic regression. Machine
learning is a field of data science that uses computer systems to identify
patterns in data using algorithms and statistical models and predict
outcomes or draw inferences. Machine learning algorithms are classified
under four broad categories namely supervised machine learning, un-
supervised machine learning, semi-supervised machine learning and
reinforcement learning. Further details about the types of machine
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learning can be found in JavaTpoint [27]. This study focuses on pre-
diction (also known as classification) models. Machine learning algo-
rithms are increasingly becoming popular for modeling and predicting
outcomes given a set of covariates. The common machine learning
prediction algorithms include random forest, naive Bayes, decision
trees, gradient boosting machines, extreme gradient boost, logistic
model and support vector machines.

Machine learning algorithms have the ability to quickly identify
patterns and trends from large volumes of datasets that is then used for
prediction. For instance, these techniques have been applied to aid in
clinical decision making [28,29] and development of diagnostic appli-
cations [30], identification of gastrointestinal predictors for the risk of
COVID-19 related hospitalizations [31] among other examples. To the
best of our knowledge however, performance of machine learning pre-
dictive models for attrition in epilepsy studies has not been studied.
Additionally, there are also limited studies that have looked at factors
associated with high attrition for participants screened for epilepsy in
urban settlements.

In this paper, we determine utility of using machine learning to
model and predict risk for attrition in a two-stage population-based
epilepsy prevalence study in Nairobi. We also determine predictive
factors for attrition among participants screened for epilepsy. We hy-
pothesize that socio-demographic characteristics of participants
collected at the first stage of the screening can predict those at risk of
being LTFU and this understanding can help researchers plan individ-
ualized targeted mobilization for scheduled follow-up visits or future
clinical appointments.

Materials and methods
Study setting

This study was conducted in the two informal settlements, Viwan-
dani and Korogocho, constituting the Nairobi Urban Health and De-
mographic Surveillance System (NUHDSS). Like most other urban
informal settlements in Nairobi, Viwandani and Korogocho are charac-
terised by lack of basic infrastructure, poor sanitation, overcrowding,
high unemployment rate, poverty, and inadequate health infrastructure.
Epilepsy studies have been conducted more predominantly in rural
settings. This site was selected because it represents urban poor settle-
ments in Nairobi. Viwandani is more mobile population where most
residents are workers of the nearby companies in the industrial area of
Nairobi. Korogocho is a more settled population where most residents
have stayed there all their life. The two settings provide a good envi-
ronment to study attrition in urban settings, the subject of this paper.
Detailed information about the NUHDSS is published elsewhere [32,33].

Study design

This study is embedded under the Epilepsy Pathway Innovation in
Africa (EPInA) project conducted in Nairobi and Kilifi, Kenya; Mahenge,
Tanzania and Accra, Ghana (Protocol reference: NIHR200134) [34].
This was set up to improve epilepsy treatment pathways, including
prevention, diagnosis, treatment and awareness in Africa. The study was
led by the University of Oxford and conducted by a consortium of
partners, which included the African Population and Health Research
Center (APHRC) leading the NUHDSS in Kenya, Kenya Medical Research
Institute-Wellcome Trust (KEMRI-WTRP) leading the Kilifi site in Kenya,
University of Ghana leading the Accra site in Ghana and National
Institute of Medical Research (NIMR) leading the Mahenge site in
Tanzania.

The data used in this study come from a multi-stage cross-sectional
population-based epilepsy prevalence survey (census) conducted in the
NUHDSS in Nairobi. The survey had two stages of screening patients for
epilepsy. In the first stage, trained field interviewers administered a
standardized validated screening questionnaire with 14 items [33] to
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the head of household or an adult representative in the household to
identify persons with history of epilepsy. Socio-demographic charac-
teristics of all members of the household were collected at this stage,
including age, sex, education level, employment status, phone owner-
ship and marital status. Participants identified as probable cases of ep-
ilepsy in the first stage were then be invited for assessment by the
neurologist at a nearby facility (second stage). The participants were
invited through scheduled appointments, and those who missed ap-
pointments were physically traced using confidential contact and resi-
dential information they provided in the first stage. The first stage of
screening was conducted between 21st September 2021 and 21st
December 2021, and the second stage between 14th April 2022 and 6th
August 2022.

The dataset

The entire EPInA data set in the Nairobi site consisted of 56,425
participants. In this study, we analyzed data consisting of participants
who were screened as possible cases of epilepsy (N =1126) in the first
stage of screening (at household level), of whom 253 were LTFU at the
second stage (assessment by neurologist at the clinic). The outcome
measure of the study was attrition, defined as participants who were
identified as possible cases in the first stage of screening but were not
assessed by a neurologist in the second stage because of withdrawing
consent, unavailability or migration. These variables were collected in
the first phase of the study. Table 1 provides an overview of the classi-
fication of the variables considered in the study. (See Table 2.)

Data preprocessing

We split the data into training set and testing set in the ratio of 7:3,
training the models on the identified important features. This ratio
provides a balanced trade-off between having enough data for training
the model and retaining sufficient data for model evaluation. The two
datasets were balanced on site, sex, age, education level, employment
status and marital status. This ratio was chosen to enable robust model
training and leave enough data for model validation. Categorical vari-
ables were recoded using one-hot encoding principle because some
machine learning algorithms cannot operate with categorical data
directly but rather require them to be transformed to numeric variables.
The prevalence of the outcome (attrition) was 23 % resulting to an
imbalanced dataset which could make the models training biased to-
wards the majority class. This problem was addressed using synthetic
minority over-sampling technique (SMOTE) from R’s smotefamily() li-
brary [25,36]. SMOTE works by artificially generating new examples of
minority class of the target variable using their nearest neighbours [36],
and has previously been successfully used to address similar problem
[25].

Statistical methodology

Mathematical representation

Let Y be a random variable such that P(Y = 1|x) denotes probability
of being LTFU and P(Y = 0|x) otherwise. The focus of this study is to
identify models that predict probability of being LTFU (attrition) given a
set of predictors X = (x1, Xz, ..., Xx). Thus, Y is a dichotomous dependent
variable, that is,

1,
v {3

Gradient boosting machine (GBM), naive Bayes, random forest,
extreme gradient boost (XGB), support vector machine (SVM), decision
tree and logistic regression model are considered and compared. Sta-
tistical representations of the machine learning algorithms are presented
below and more information can be found in [25,37-39].

if participant did not complete survey
if participant completed the survey

Table 1
Variables definition.
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Variable

Measurement

Outcome

Attrition: defined as number of
participants who were identified as
possible cases in the first stage of
screening but were not assessed by a
neurologist in the second stage because
of withdrawing consent, unavailability
or migration

Predictors

Age of the participant

Sex of the participant

Education level of the participant

Marital status of the participant

Employment status of the participant

Site/location

Date of first screening used to define
duration between first stage of screening
and second stage

Phone ownership

History of having convulsive epilepsy or
seizures !

History of having non-convulsive

Binary outcome coded 1 if not observed
due to attrition, and 0 if observed (that
is, completed the survey)

Categorized as 0-5 years, 6-12 years,
13-18 years, 19-28 years, 29-49 years
and 50 years or older

Binary variable coded as 0 (Female) and
1 (Male)

Categorical variable coded as 0 (no
formal education), 1 (Primary), 2
(Secondary) and 3 (Post-secondary)
Categorical variable coded as 0 (not
married/single), 1 (Married), 2
(Separated/Divorced)

Categorical variable coded as 0 (Not
unemployed), 1 (Full time or part-time
employed), 2 (Self-employed) and 3
(Informal employment)

Residential location of the participant (0
for Korogocho and 1 for Viwandani)
Generated a categorical variable for
months ranging from 4, 5, 6, and

7 months after first screening.

Coded as 1 for Yes and 0 for No
Coded as 1 for Yes and 0 for No

Coded as 1 for Yes and 0 for No

epilepsy or seizures !

Notes: ! Detailed list of screening questions used for convulsive/non-convulsive sei-
zures is published here [35] and also shown in the supplementary material (Appendix
1, Table A.1).

Machine learning algorithms

In this subsection, we provide a brief overview of the machine
learning classification algorithms that could be considered for handling
missing data due to attrition. They are a special case of single imputation
methods such as regression imputation, and can be used alongside
methods such as inverse probability weights or multiple imputation.
Detailed mathematical formulations and derivation are detailed in the
provided in JavaTpoint [27].

Logistic regression

Logistic regression is a supervised learning algorithm used for binary
classification problems. It models the probability that a given input
belongs to a certain class using the logistic function. The mathematical
representation of logistic regression algorithm involves estimating the
parameters of the logistic function through maximum likelihood esti-
mation [40].

Let x = (x1,X2, ..., Xx) represent the input features and Y represent
the binary class label (either O or 1). Logistic regression models the
probability P(Y = 1|x) that a given input x belongs to class 1 using the
logistic function

1

PY =11%) = s

(€]
where w = (wy, Wy, ..., W) is the weight vector, b is the bias term and e is
the base of the natural logarithm (Euler’s number).

The logistic function o(z) = ;7%= maps the linear combination of
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input features and model parameters to the range [0,1], representing the
probability of belonging to class 1. The parameters w and b are esti-
mated through maximum likelihood estimation (MLE) or other optimi-
zation techniques to minimize the logistic loss function L, defined as as
the average negative log-likelihood of the Bernoulli distribution

L,(w,b) = _I% Zt [yilogP(Y = 1]x;) + (1 —y:)log(1 — P(Y = 1 |x;))]
2

where N; is the total number of observations in the training set, x; is the
feature vector for the i* observation in the training set and y; is the
outcome variable for the i* observation in the training set. The pa-
rameters w and b are then used to predict the probability of class 1 for
new input data (test set).

This formulation captures the essence of how logistic regression
models the probability of belonging to a certain class using the logistic
function and estimates the parameters through maximum likelihood
estimation.

Naive Bayes

Naive Bayes is a probabilistic classifier based on Bayes’ theorem with
an assumption of independence between features. Despite its simplicity,
it often performs well in practice, especially for text classification tasks
[41].

Let x = x1,X2, ..., X represent the input features (predictors), j =1,
2, ...,N; index the number of observations in the training set and y be the
outcome/target variable. The mathematical representation involves
computing the posterior probability of each class given the input fea-
tures using Bayes’ theorem

P(y)P(xly)

Pk =25 ®)

where:

e P(y|x) is the posterior probability of class y given input features x.
e P(y) is the prior probability of class y.

e P(x|y) is the likelihood of observing features x given class y.

e P(x) is the evidence or marginal likelihood of observing features x.

The naive Bayes algorithm assumes that features are conditionally
independent given the class label y. In particular, the likelihood is
defined as:

Ply) = ][ Pty @

and P(x) is defined as:

P(x) =) P(y)P(xly) (5)
y

Naive Bayes classifier often uses specific probability distributions to
model P(x;|y), such as Gaussian distribution for continuous features,
Bernoulli distribution for binary features, or multinomial distribution
for categorical features. The class with the highest posterior probability
is assigned as the predicted class

Y = argmax P(y|x)
y

This formulation captures the essence of how naive Bayes classifier
computes the posterior probabilities of each class given the input fea-
tures using Bayes’ theorem with the assumption of feature
independence.

Decision tree
Decision trees works by partitioning the feature space into regions
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based on feature values, with each region corresponding to a specific
class or predicted value [37]. It involves recursively partitioning the
feature space into regions based on binary splitting criteria, such as Gini
impurity or information gain.

Given a training dataset { (x;, y;) }f\il , where x; represents the features
and y; represents the class labels, a decision tree recursively partitions
the feature space into disjoint regions and assigns a class label to each
region.

Let R; represent the j™ region of the feature space. For classification
problems, the prediction ¥ of a decision tree is determined by the class
label assigned to the region R; where the input x falls. More precisely,

~ Yi, if x € R
Y= { ijnknown, otherwijse ©)
where y; is the class label associated with region R;.

The partitioning process continues until certain stopping criteria are
met (e.g., maximum depth of the tree, minimum number of samples in a
node, purity threshold). This formulation captures the essence of how a
Decision Tree partitions the feature space and assigns class labels to each
region based on the input features for a classification problem. The final
prediction for a given input is determined by the majority class or
average value of the samples within the corresponding region.

Random forest

Random forests are an ensemble learning method that constructs a
multitude of decision trees during training and outputs the mode of the
classes (classification) or the average prediction (regression) of the in-
dividual trees [37]. It involves aggregating the predictions of multiple
decision trees, each trained on a random subset of the training data and a
random subset of features.

Let T be the total number of decision trees in the random forest
model. Each decision tree is trained on a random subset of the training
data and a random subset of features.

For classification tasks, the final prediction y is determined by voting
over the predictions of all decision trees. The class with the most votes is
chosen as the predicted class, that is,

y = mode{f(x) ,f2(X) , ... fr(x) } @)

where mode(-) returns the most common class label among the pre-
dictions of all decision trees.

The randomness introduced during training, including random
sampling of the training data and random feature selection for each tree,
helps to decorrelate the individual trees and reduce overfitting. As a
result, random forests often generalize well to unseen data and are
robust to noise in the training data.

This formulation captures the essence of how Random Forests
combine the predictions of multiple decision trees to make accurate
predictions for both regression and classification tasks. The final pre-
diction is determined by averaging (regression) or voting (classification)
over the predictions of individual trees.

Support vector machines

Support Vector Machines (SVM) aims to find the hyperplane that best
separates the data points of different classes in the feature space while
maximizing the margin between the classes [42]. It involves finding the
optimal hyperplane that maximizes the margin between the classes. This
is achieved by solving a convex optimization problem, typically using
the method of Lagrange multipliers. In the case of non-linearly separable
data, SVM can use kernel tricks to map the input data into a higher-
dimensional space where linear separation is possible.

Given a training dataset {(x;, yi)}?il, where x; represents the fea-
tures and y; represents the class labels (either +1 or — 1), SVM aims to
find the optimal hyperplane that separates the data points of different
classes while maximizing the margin between the classes.
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Let w be the weight vector and b be the bias term. The decision
function d(x) of SVM is given by

d(x) = sign(w'x +b) (8)
where the sign function defined as

) 1, if 0
signf(x) = () 400 2

is used to determine the class label, where +1 indicates that the point
belongs to one class and —1 that the point belongs to the other class.

The objective of SVM is to find the optimal hyperplane parameters w”
and b" that maximize the margin while correctly classifying all training
data points. This can be formulated as the following optimization
problem

1
minz (| W
ning || w

subject to the constraints
yiwx;+b)>1 for all i=1,2,....N,

The constraints ensure that each data point is correctly classified by
the decision function and lies on the correct side of the hyperplane. The
margin between the hyperplane and the closest data points (support
vectors) is ﬁ, which is maximized by minimizing || w|?.

In the case of non-linearly separable data, SVM can use kernel tricks
to map the input data into a higher-dimensional space where linear
separation is possible. The optimization problem remains the same, but
the decision function becomes

d(x) _5i8n<2[:aLYiK(X7Xi)+b> (€)]

i=1

where q; are the Lagrange multipliers and K(x, X;) is the kernel function
that computes the inner product of the mapped feature vectors ¢(x) and
¢(x;). That is,

K(X, Xf) = <¢(X) 7¢(xi) >

where ¢(.) refers to the mapping of the input data into a higher-
dimensional feature space.

Gradient boosting machine

Gradient boosting machine (GBM) is an ensemble learning technique
that builds a strong predictive model by sequentially adding weak
learners (typically decision trees) to correct the errors of previous
models. GBM minimizes a loss function using gradient descent. The
mathematical formulation of gradient boosting involves minimizing a
loss function by iteratively adding weak learners (decision trees) to the
ensemble.

Let (xi, yi) be the training data points, where x; is the features (pre-
dictors) for the iy, individual in the training set, and y; be the target
outcome variable. Let F(x) be the current ensemble model, initially
denoted Fy(x) =0, and h(x; 0) is a weak learner (typically decision tree),
with parameters 6. Then, L(y, F(x) ) is the loss function measuring the
difference between the true target y and the predicted value F(x).

Each weak learner is trained to predict the residual errors of the
ensemble, and the predictions of all learners are combined to obtain the
final prediction. The ensemble is built in a stage-wise manner, where
each new learner is trained to minimize the loss function of the entire
ensemble. The final model is the sum of weak learners M weighted by
some learning rate v, as shown in the model below

Fu(x) = iuh(x; On) 10$)

m=1
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The algorithm proceeds as follows:
Step 1: Initialize Fy(x) = 0.
Step 2: Form =1 to M ..

(i) Compute the negative gradient of the loss function with respect to
the current ensemble model.

(ii) Compute the negative gradient of the loss function with respect to
the current ensemble model.

oL (_yi, F(Xi) )

gn(X) = ——

OF(x;) an

F(X)=Fm1(x)

(iii) Fit a weak learner (e.g., decision tree) to the negative gradient
gm(Xi).

h(x) = argminhz lgm(x:) — h(x:) ] 12)

i=1

(iv) Compute the optimal step size y,, by minimizing the loss function
with respect to the step size:

N,
Ym = argrninZL(yi,Fm,l(xi) +vhm(X:) ) 13)

7 =1

(v) Update the ensemble model:
Fn(X) = Fp1(X) + vy phm(X) (14)

The above steps are repeated until convergence or until a predefined
number of iterations M is reached. This formulation ensures that each
weak learner is fitted to the residuals of the previous ensemble, allowing
the model to learn complex relationships between features and target
variables. The learning rate v controls the contribution of each weak
learner to the ensemble, and it is a hyperparameter that needs to be
tuned during model training.

Extreme gradient boost

Extreme gradient boost (XGB) is an optimized implementation of the
gradient boosting algorithm that is known for its efficiency, scalability,
and performance [43]. XGB introduces several enhancements over
traditional gradient boosting, including regularization, parallelized tree
construction, and handling missing values. It is similar to traditional
gradient boosting but includes additional regularization terms in the
objective function to prevent overfitting. XGB also employs a novel tree
construction algorithm that prunes trees during the building process to
improve computational efficiency.

Ensemble learning with super learner

Van der Laan et al. [44] recommended a more superior approach,
called the Super Learner. This approach seeks to improve prediction
performance by optimally combining predictions from multiple machine
learning algorithms. It uses weighted combination of individual models,
where the weights are determined through cross-validation to minimize
prediction error. This method has been shown to outperform the indi-
vidual learners included in the ensemble.

The prediction of the ensemble Super Learner, Y, is computed as

s
Yo = ij?j., (15)
=1

where J; represents the prediction from the j* base learner, w; is the
weight assigned to the j learner, S is the total number of base learners,
and st:le = 1. The weights w; are estimated through cross-validation
to minimize the prediction error, typically using a loss function such as
the mean squared error for continuous outcomes or the negative log-
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likelihood for binary outcomes.

For this study, the base learners, which included logistic, naive
Bayes, decision tree, random forest, support vector machines, gradient
boosting machine and extreme gradient boost, were trained indepen-
dently and the best three models included in the ensemble Super Learner
model construction.

Statistical analysis

The variables considered for inclusion in the model are presented in
Table 1. We evaluated associations between the covariates and attrition
using y? test and included those that were associated with attrition, that
is, had a p-value< 0.05, at 95 % confidence level [45]. This was com-
bined with selecting variables intuitively for ease of interpretation and
application.

We trained seven machine learning algorithms (base learners),
including logistic regression, decision tree, naive Bayes, random forest,
gradient boosting machine, extreme gradient boost, and support vector
machine and the ensemble Super Learner model. To tune the hyper-
parameters, training data was used to perform 10-fold cross-validation.
To evaluate the predictive performance of the models, we performed
bootstrapping with 500 replications as recommended by Efron and
Tibshirani [46]. In each replication, test data were sampled with
replacement to generate the bootstrap samples. Predictive performance
metrics, including accuracy, area under the receiver operating charac-
teristic curve (AUC), sensitivity, specificity, Brier score, and F1 score
were computed for each bootstrap sample. The results were then sum-
marized using descriptive statistics, including quantiles. The 95 % con-
fidence intervals (CI) were computed for each metric across the 500
bootstrap samples. The definitions of the evaluation metrics are pro-
vided below.

Accuracy

Number of correctly classified instances

16
Total number of instances a6

Accuracy =

Accuracy ranges from 0 to 1, where higher values means greater
accuracy.

Area under the receiver operating characteristic curve

The Receiver Operating Characteristic (ROC) curve plots sensitivity
(true positive rate) against 1-specificity (false positive rate) at various
threshold values. The area under the curve (AUC) ranges from O to 1,
where an AUC of 0.5 represents a model with no discriminative ability
(equivalent to random guessing), and higher AUC values indicate better
model performance. An AUC of greater than 0.7 is commonly recom-
mended for a model to be considered acceptable [47].

Brier score
1 & 5
rier score N, iEZI i —pi) 17

where N is the number of instances, y; is the true class label (0 or 1), and
Di is the predicted probability of class 1. Models with Brier scores —0 are
deemed best performing.

F1 score

_ 2 x Precision x Recall

F1 = 1
Precision + Recall as)

where Precision is the proportion of true positive predictions among all
positive predictions, and Recall (also known as True Positive Rate or
Sensitivity) is the proportion of true positive predictions among all
actual positive instances. F1 score ranges from O to 1. Higher F1 in-
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dicates a better performing model, mostly recommended to be > 0.7
[48].

The cut-off points that maximized sensitivity and specificity of the
models were chosen based on Youden’s J statistic, given by

J = Sensitivity + Specificity — 1 (19)

The best performing models were selected using AUC and F1 score.
The three best performing models from the internal validation were
further evaluated on the original dataset (the dataset before applying
SMOTE) to test how well the models can predict actual data. All analyses
were conducted using R software (version 4.2.3) [49].

Results and discussion
Empirical results

The socio-demographic characteristics of the study participants are
presented in Table. The majority of the participants (69 %) were from
Viwandani. There was an even distribution by sex in both sites and the
median age was 27 years (interquartile range: 17-38). Slightly over a
third had primary education. About 21 % of the participants from
Viwandani were in full time or part-time employment, compared to 7 %
from Korogocho. More than half of the participants were married or
living together with a partner. There were differences in the size of the
households between the two sites with 58 % of Korogocho participants
being from larger households (4 or more members) compared to 45 %
from Viwandani.

Fig. 1 presents important features based on y? scores for inclusion in
training the models for prediction of attrition.

Thus, features with p-value < 0.05 were included in the prediction
model. This included socio-demographic features namely, age, sex site,
duration post first screening, household size, education level, employ-
ment status, relationship of the patient with the head of the household,

Table 2

Socio-demographic characteristics of residents of Korogocho and Viwandani
urban informal settlements in Nairobi identified as possible cases during the first
phase of the household survey.

Korogocho  Viwandani  Total

(n,=349) (n2=777) (N=1126)

count (%) count (%) count (%)

Sex
Male 178 (51.0) 400 (51.5) 578 (51.3)
Female 171 (49.0) 377 (48.5) 548 (48.7)
Age (Median (IQR)) 25(13-36) 28(20-39) 27 (17-38)
Age groups (years)
0-5 36 (10.3) 51 (6.6) 87 (7.7)
6-12 49 (14.0) 63 (8.1) 112 (9.9)
13-18 43 (12.3) 69 (8.9) 112 (9.9)
19-28 78 (22.3) 220 (28.3) 298 (26.5)
29-49 106 (30.4) 313 (40.3) 419 (37.2)
50 or older 37 (10.6) 61 (7.9) 98 (8.7)
Highest level of education
Less than primary/No formal 140 (40.1) 164 (21.1) 304 (27)
education
Primary 132 (37.8) 316 (40.7) 448 (39.8)
Secondary 43 (12.3) 213 (27.4) 256 (22.7)
Post-secondary 6(1.7) 35 (4.5) 41 (3.6)
Employment
Not employed 104 (44.8) 196 (31.9) 300 (35.4)
Full-time or part time employed 17 (7.3) 131 (21.3) 148 (17.5)
Self-employed 38 (16.4) 117 (19.0) 155 (18.3)
Informal employment 73 (31.4) 171 (27.8) 244 (28.8)
Marital status
Never married 92 (26.4) 154 (19.8) 246 (21.8)
Married/Cohabiting 89 (25.5) 351 (45.2) 440 (39.1)
Separated 51 (14.6) 110 (14.2) 161 (14.3)
Divorced 117 (33.5) 162 (20.8) 279 (24.8)
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Ever lost consciousness

History of non-convulsive seizures

Ever been told that you have epilepsy or epileptic fits?
Ever visited a traditional healer for seizure treatment
Attacks: shaking or trembling in one arm or leg or in the face?
Attacks: fall with loss of consciousness?

Attacks: experienced uncontrolled shaking of legs or arms
Seizures involve one body part?

Seizures involve all body parts?

Attacks: told by a doctor that you have epileptic fits
AttacKs: lose contact'with the surroundings

Attacks: fall to ground without reason

Attacks: fall and bite tongue?

Attacks: Told of uncontrolled shaking of legs or arms
Seizures last longer than boiling a pot of maize
Seizures and/or the febrile illness treated in hospital
Attacks: Absence attacks

Attacks: Drop attacks

Seizures last longer than a sermon in church or mosque
Attacks: fall and become pale

Seizures last 230 minutes

Focal seizures without impaired awareness

Atleast 1 HH member owns mobile

Attacks: falling and losing bladder control

Focal seizures with impaired awareness

Seizures with febrile illness or fever

Marital status

Relationship with head of HH

Sex

Employment status

Education level

Household (HH) size

Site

Features

Age
Duration after first screening
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Fig. 1. Feature importance for prediction based on y? scores

marital status and phone ownership. Epilepsy seizure related features
identified during screening that had p-value < 0.05 were having had
seizures with febrile illness or fever, focal seizures with impaired
awareness and falling to the ground and losing bladder control.

Table 3 presents bivariate relationships between the selected fea-
tures and attrition. A total of 253 (23 %) participants were lost to follow-
up in the second stage of the screening. The major reasons for attrition
were outmigration (n = 48 (19 %)), withdrawing consent (n = 22 (8 %))
and inability to trace the households or the individuals (n = 185 (73 %)).
Factors associated with attrition included location, age, sex, education
level, employment status, marital status and relationship to the head of
the household). Overall, attrition was higher in Viwandani compared to
Korogocho, among male compared to female, among teenagers
(13-18 years) and young adults (19-28 years), among male participants,
among those who had never married, those with higher education
(completed primary school or higher), those in smaller household sizes
(<3 members) and those in some form of employment (full- or part-time
or informal) compared to those who were not employed or self-
employed. Further, attrition was higher among those who were screened
in December 2021 (34 %) compared to those in who were screened
earlier (September, October and November 2021).

Performance metrics from all the seven models and the ensemble
Super Learner constructed from random forest, SVM and extreme
gradient boost are presented in Table 4. All the models performed
relatively well with AUC > 0.75. In particular, however, extreme
gradient boost (XGB), random forest and support vector machine (SVM)
and gradient boosting machine (AUC > 0.90 and accuracy >0.88) per-
formed better than logistic regression, naive Bayes and decision tree
models (AUC < 0.85, accuracy <0.80). Gradient boosting machine
(GBM) however had a slightly lower sensitivity (0.76) compared to
random forest (0.92), XGB (0.89) and SVM (0.89). Decision tree had a
modest accuracy of 0.79, AUC 0.83, and specificity 0.90 but had a
relatively lower sensitivity of 0.66. Logistic regression had accuracy of
0.69, AUC 0.75, sensitivity of 0.79 and low specificity of 0.59. Naive
Bayes algorithm had accuracy of 0.69, AUC 0.75, sensitivity 0.74 and a
low specificity of 0.66. Overall, among the base learners, random forest
seemed the best performing model (AUC = 0.98, accuracy = 0.95 and F1
score = 0.94), followed very closely by XGB (AUC=0.96, accu-
racy=0.91 and F1 score=0.90) and SVM (AUC=0.93, accu-

racy = 0.93 and F1 score = 0.92).

The ensemble Super Learner model, which combined predictions
from three of the best performing models, namely random forest, XGB
and SVM, was also included in the comparison (Table 4). The ensemble
Super Learner model performed very similarly with the the three best
performing base learners across all the metrics (AUC=0.97, accu-
racy = 0.92 and F1 score = 0.91).

Fig. 2 visualizes the four important metrics used in the evaluation of
the models, recorded from the 500 bootstrap samples. The ROC curves
are presented in the supplementary material (Appendix 2, Fig. A.1).

Further to AUC, F1 and accuracy, random forest had the lowest
average Brier score (<0.1) followed by XGB and SVM and naive Bayes
had the highest Brier score (>0.2). Overall, random forest had the best
performance followed by XGB and SVM respectively. Random forest and
extreme gradient boost were picked for further evaluation as shown
below. While XGB and SVM performed similarly in sensitivity and F1
scores, XGB had lower Brier score and better AUC than SVM. And while
SVM and GBM had similar AUC and Brier score, SVM had better
sensitivity.

While most of the models performed satisfactorily based on the
F1 > 0.7, the best performing model that optimized the three main
metrics (Accuracy, AUC, F1 score) used to assess performance was
random forest followed by XGB and SVM. However, based on the Brier
score, random forest and XGB had better scores compared to SVM.
Gradient boosting machine may also be considered for further
evaluation.

Performance of the three best performing models and the Super
Learner were further evaluated to determine how well they predict the
outcomes in the loss to follow-up data (the dataset before applying
SMOTE). Table 5 shows the confusion matrices, accuracy, AUC, sensi-
tivity, specificity of the four models. The methods are based on a
dichotomous dependent variable, where P(Y = 1|x) denotes probability
of being LTFU due to attrition, and P(Y = 0|x) denotes probability of
completing the survey. Thus, in Table 5, the event P(Y = 1|x) is indi-
cated as a yes and the event P(Y = 0|x) is indicated as a no.

Random forest and support vector machine had better prediction,
correctly predicting 91 % and 93 % of the data respectively and had F1
scores of 0.80 and 0.83 respectively. Random forest and the Super
Learner however had better AUC of 95% and 93 % respectively.
Extreme gradient boost predicted 84 % of the data correctly (accuracy)
with AUC of 91 % and F1 score of 0.70. Overall, random forest, extreme
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Table 3
Bivariate analysis to examine association between selected features with
attrition.

Factor N Completed the Attrition (N — p-value
study (n = 873) n = 253)

Location

Korogocho 349  313(89.7) 36 (10.3)

Viwandani 777 560 (72.1) 217 (27.9) <0.001
Age categories

0-5y 87 70 (80.5) 17 (19.5)

6-12y 112 95 (84.8) 17 (15.2)

13-18y 112 87 (77.7) 25 (22.3)

19-28y 298 202 (67.8) 96 (32.2)

29-49y 419 336 (82.0) 74 (18.0)

50y or older 98 83 (84.7) 15 (15.3) <0.001
Household size

One 241 175 (72.6) 66 (27.4)

Two or three 368 269 (73.1) 99 (26.9)

4to7 435 361 (83.0) 74 (17.0)

>7 82 68 (82.9) 14 (17.1) <0.001
Sex

Male 578 427 (73.9) 151 (26.1)

Female 548 446 (81.4) 102 (18.6) 0.003
Education

<Primary or no formal 304 255 (83.9) 49 (16.1)
education

Primary 448 345 (77.0) 103 (23.0)

Secondary 256 181 (70.7) 75 (29.3)

Postsecondary 41 30 (73.2) 11 (26.8) 0.003
Marital status

Never married 246 177 (72.0) 69 (28.0)

Married/cohabiting 440 330 (75.0) 110 (25.0)

Separated 440 136 (84.5) 25 (15.5) 0.013
Employment status

Not employed 300 234 (78.0) 66 (22.0)

FT or PT employed 148 105 (70.9) 43 (29.1)

Self-employed 155 129 (83.2) 26 (16.8)

Informal employment 244 175 (71.7) 69 (28.3) 0.022
Relationship to head of
household

Self 504 373 (74.0) 131 (26.0)

Spouse 181 147 (81.2) 34 (18.8)

Child 364 296 (81.3) 68 (18.7)

Other relative 77 57 (74.0) 20 (26.0) 0.036
Duration after first
screening

Four months 174 115 (66.1) 59 (33.9)

Five months 308 241 (78.3) 67 (21.8)

Six months 488 385 (78.9) 103 (21.1)

Seven months 156 132 (85.6) 24 (15.9) <0.001
At least 1 HH member
owns mobile phone

No 418 338 (80.9) 80 (19.1)

Yes 708 535 (75.6) 173 (24.4) 0.047
Focal seizures with
impaired awareness

No 759 574 (75.6) 185 (24.4)

Yes 367 299 (81.5) 68 (18.5) 0.033
Falling down and losing
bladder control

No 909 693 (76.2) 216 (23.8)

Yes 217 180 (82.9) 37 (17.1) 0.042
Seizures with febrile illness
or fever

No 834 633 (75.9) 201 (24.1)

Yes 292 240 (82.2) 52 (17.8) 0.033

gradient boost, support vector machine and the ensemble Super Learner
constructed from the three base learners were found to be the best
performing models for predicting attrition for patients screened for ep-
ilepsy in Nairobi.

We evaluated variable importance by examining the feature ranking
by all the models. Variable importance measure gives an indication of
important factors for predicting the outcome. Fig. 3 presents how each of
the considered models ranked the features based on their contribution to
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prediction of the outcome and Fig. 4 features ranked in the top 10 by the
three best performing models. In Fig. 3, the darker the color is for a
particular feature the higher the rank is based on a specific model.
Residential location, particularly being a resident of the Viwandani site,
age, and sex (particularly being male) were ranked highly (rank 1, 2 or
3) by atleast four of the models including three of the best performing
models (random forest and extreme gradient boost). Other features
ranked in the top five by at least two of the best performing models are
household size, having focal seizures with impared awareness and
having secondary education.

Based on feature ranking from Figs. 3, 4 and the bivariate analysis in
Table 3, male participants, participants from Viwandani (industrial
area), those with post-primary education, had some form of employment
(either formal or informal) and were either teens (13 to 18 years old) or
young adults (19-28 years old), and were from from smaller households
(1 to 3 members) had a higher risk of attrition. Among seizure related
features, having experienced focal seizures with impaired awareness
was ranked among the top 5 predictors by random forest, XGB and SVM.
Triangulating with findings in Table 3, those who did not experience
focal seizures with impaired awareness (24.4 %) were slightly more
likely be lost to follow-up (attrition) compared to those who did
(18.5 %). Another important feature ranked among the top 5 by three of
the best performing models was duration after first screening. As high-
lighted in Table 3, the risk of attrition was higher among those screened
in a more recent time compared to those screened in an earlier time
period.

Discussion and conclusion

This study compared seven machine learning classification algo-
rithms to predict attrition for patients screened positive for epilepsy. Our
results showed that random forest, extreme gradient boost and support
vector machine were the ‘best’ performing models whereas logistic
regression and naive Bayes performed poorly.

A similar study on predicting attrition in a population-based cohort
of very preterm infants in Portugal also found that random forest per-
formed better than logistic regression model [25]. In fact, random forest
was found to have the best performance in a large study that evaluated
179 classifiers using 121 different datasets [50]. In the study, SVM with
Gaussian kernel was second. The good performance of random forest
over logistic regression for predictive models has also been demon-
strated in other studies, including predicting suicide attempts [51],
readmissions for patients with heart failure [52] and unplanned re-
hospitalization of pre-term babies [53]. Other studies have, however,
favored logistic regression model because of their superior clinical
interpretation [30,54] and simplicity [23]. This is so because no clas-
sifier can always best fit all datasets.

There are not many other studies that have investigated the ability of
machine learning to predict attrition in settings similar to ours and
especially for epilepsy related studies, which limits our ability to
robustly compare our findings with other studies. However, a study to
determine factors predictive of patients at risk of being LTFU after hip
arthroscopy for femoroacetabular impingement syndrome estimated
logistic regression model [23]. Further research to improve performance
of logistic regression algorithm may be necessary because of its ease of
interpretation, which is desired in practice. Another similar study was
conducted to predict and prevent attrition of adult trauma patients in
randomized control trials by Madden et al. [24]. The study also esti-
mated a logistic regression model to determine participant characteris-
tics associated with a higher risk of attrition. The study ( [23]), however,
did not compare predictive ability of logistic regression and other ma-
chine learning algorithms.

Further, the results showed that most important socio-demographic
factors for predicting risk of attrition among patients with epilepsy are
residential location, age, sex, education, employment and duration since
first screening. We found that attrition was higher in Viwandani
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Table 4
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External evaluation of performance of the machine learning classification models using the bootstrap samples of the test data.

AUC Accuracy

Sensitivity Specificity F1 Score

0.69 (0.65-0.73)
0.69 (0.65-0.73)
0.95 (0.93-0.96)
0.79 (0.76-0.83)
0.93 (0.91-0.95)
0.85 (0.83-0.88)
0.91 (0.89-0.94)
0.92 (0.90-0.94)

0.79 (0.79-0.79)
0.75 (0.72-0.79)
0.98 (0.97-0.99)
0.83 (0.80-0.87)
0.93 (0.91-0.95)
0.91 (0.89-0.93)
0.96 (0.95-0.98)
0.97 (0.96-0.98)

Logistic regression

Naive Bayes

Random forest

Decision tree

Support vector machine
Gradient boosting machine
Extreme gradient boost
Super Learner

0.69 (0.65-0.73)
0.67 (0.61-0.71)
0.94 (0.92-0.96)
0.73 (0.69-0.77)
0.92 (0.89-0.94)
0.82 (0.78-0.85)
0.90 (0.87-0.92)
0.91 (0.88-0.93)

0.59 (0.48-0.72)
0.66 (0.53-0.79)
0.96 (0.94-0.98)
0.90 (0.84-0.93)
0.96 (0.94-0.98)
0.93 (0.87-0.97)
0.93 (0.89-0.96)
0.93 (0.90-0.96)

0.82 (0.69-0.91)
0.74 (0.60-0.85)
0.92 (0.89-0.95)
0.66 (0.59-0.73)
0.89 (0.85-0.93)
0.76 (0.69-0.82)
0.89 (0.85-0.92)
0.91 (0.87-0.94)

Notes: Values in brackets are 95 % confidence intervals from 500 bootstrap samples.
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Fig. 2. Visualization of model performance metrics - AUC, F1, Accuracy and Brier scores.
Table 5
Performance of best performing models on the loss to follow-up data (the dataset before applying SMOTE).
Confusion Matrix Accuracy AUC F1 Sensitivity Specificity
Observed ¢
Random forest Predicted ® No Yes 0.91 0.95 0.80 0.85 0.92
No 804 37
Yes 69 216
Total 873 253
XGB Predicted No Yes 0.84 0.91 0.70 0.83 0.84
No 736 43
Yes 137 210
Total 873 253
SVM Predicted No Yes 0.93 0.88 0.83 0.81 0.96
No 837 48
Yes 36 205
Total 873 253
Super Learner Predicted b No Yes 0.86 0.93 0.73 0.84 0.87
No 760 41
Yes 113 212
Total 873 253

Notes: @ Observed values; ® numbers predicted by the model.

(industrial area); among teenagers (13-18y years) and young adults
(19-28 years), among males, among those with post-primary education;
and among those in some form of employment (formal or informal) and
among those from smaller households (1 to 3 members). These features
are consistent with the type of population more likely to be found in
Viwandani, which is located within the industrial area of Nairobi. In an
updated profile of the NUHDSS, Wamukoya et al. [55], majority of the

residents in Viwandani are between 19 and 49 years, most of whom are
part-time or casual works in the surrounding industries. The population
of people working in the industries is more predominantly male due to
the manual work involved, which is likely to be manual labour [56].
Further, Viwandani is characterised by small household sizes compared
to Korogocho [32]. This could be inferred that attrition in the Nairobi
informal settlements is likely to be driven by how flexibly available the
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Sex: Male

Seizure: Focal seizures with impaired awareness
Seizure: Febrile seizure/fever

Seizure: Fall down and lose bladder control
Resident in Viwandani (industrial area)
Marital status: unmarried

Marital status: Separated/widowed

Marital status: Married

Household member: spouse to HH
Household member: other relative to HH
Household member: Head of household (HH)
Household member: child to HH

Household (HH) size

Employment: self-employed

Employment: not employed

Employment: informal

Employment: fulltime or partime

Education: Secondary

Education: Primary

Education: Post-secondary

Education: <Primary or none

Duration after screening

Atleast 1 HH member owns mobile phone
Age

Feature

GBM

Decision tree
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Logistic
naive Bayes
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Fig. 3. Feature rank comparison across models.
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Fig. 4. Top 10 features based on importance ranking across the three best performing models.

participant is during the scheduled appointment, which could be
determined by the type of work the participant does. Another important
factor considered in this study was the duration between the first
screening and the follow-up. Contrary to our hypothesis, we found that
participants screened later (nearer to the start of the second stage) were
actually more likely to be LTFU (attrition) compared to those screened
earlier. This unexpected finding could be explained by the stigma
associated with epilepsy where participants may prefer to take longer
before going back to a facility for an appointment. Another potential

10

reason could be the differences in the mobilization strategy where the
participants who were screened earlier are targeted first before those
that were screened more recently.

We also found that participants who experienced focal seizures with
impaired awareness (also known as complex partial seizures) were less
likely to be LTFU. This could be because individuals with complex
partial seizures experience more noticeable or disruptive symptoms
compared to those with focal aware seizures. This could prompt them to
seek medical attention more diligently and adhere to treatment plans.
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The sudden onset of impaired awareness during these seizures signifi-
cantly impacts daily activities, increasing the perceived need for
consistent medical care [57]. While there is limited research linking
specific seizure types to follow-up adherence directly, studies indicate
that seizure severity and frequency influence patient engagement with
healthcare services [58]. For instance, individuals experiencing more
severe or frequent seizures are more likely to adhere to treatment and
follow-up schedules to achieve better seizure control. Conversely, pa-
tients with less severe or infrequent seizures may perceive their condi-
tion as less critical, leading to decreased adherence to follow-up
appointments.

Most common reasons for attrition in this study were outmigration,
withdrawing consent and inability to trace the households or the par-
ticipants during the follow up mobilization. These are consistent with
findings from previous studies [4,9,10]. However, there are not many
epilepsy studies conducted in urban settings in general that have used
machine learning methodology to study socio-demographic factors
associated with attrition with whom we can compare our findings.

This paper has strengths. First, the data used in this study are from a
population-based survey (census). This means nearly all potential rea-
sons for one being LTFU in a similar urban settlement are considered.
Urban settlements are characterised by high attrition due to migration or
work commitments. While the data used in this study are from an urban
setting, the models applied in this study can also be used to predict risk
for attrition also in areas which may have relatively low attrition, and
can include a wide range of covariates thought to be associated with
attrition. The ML models evaluated in this study are general and can also
predict low attrition. Second, to our knowledge, this is one of the few
studies that have applied predictive models for attrition for patients
screened for epilepsy in an urban setting using machine learning
techniques.

A few limitations should however be considered while interpreting
the results of this study. This study had a limited scope and focus, but the
methodology can be replicated in other settings. The study was con-
ducted in NUHDSS with only two informal settlements (Korogocho and
Viwandani) and this may limit the generalizability of the findings to
other areas that may have different socio-demographic characteristics
and/or different migration patterns. We did not have the data from rural
settings to compare our findings. In general, findings will depend on the
prevailing socio-demograhic characteristics in a given rural or urban
setting.

In conclusion, compared to the models evaluated in our study,
random forest and extreme gradient boost models were found to have
the most promising ability to predict risk of attrition for patients
screened for epilepsy in Nairobi urban informal settlements. This study
has demonstrated that given sufficient socio-demographic characteris-
tics of participants at baseline, risk of attrition can be predicted using
machine learning models. These models can aid researchers plan tar-
geted mobilization for scheduled follow-up visits or future clinical ap-
pointments. Further, residential location, age, sex, education,
employment, seizure severity and duration since first screening were
identified as factors with most predictive value for increased risk of
attrition. These findings suggest that regardless of when a participant
was screened, or how soon the next clinical appointment is for a
participant, effort should be made to mobilize each participant for their
next clinical appointment with more attention to those in formal
employment, those living in an industrial area with high migration rates,
teenagers and young adults, and those with higher levels of education.
Results of this study will be used to develop a web-based algorithm to aid
researchers predict risk of attrition in similar settings.
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