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Machine-learning forecasting model of
tuberculosis cases among children in South Africa

Globally, children and young adolescents under 15 years old constitute approximately 11% of all tuberculosis
(TB) cases, with a growing concern over TB infections in children under 5 years old, especially in
resource-limited settings. Nonetheless, the true extent of TB burden among children remains inadequately
explored in South Africa. The application of a random forest-Bayesian autoregressive integrated moving
average (RF-BARIMA) model for infectious disease prediction has not been previously employed to study
TB in children. In this study, we employed the RF-BARIMA model to forecast TB incidences, from 2010 to
2019, among children under 5 years old in South Africa’s Eastern Cape Province. Comparative analysis
demonstrated that the RF-BARIMA model outperformed other models in predictive accuracy and forecast
capability. Our predictions revealed a projected mean of 0.4122 TB cases per month in 2022, with an
effective sample size of 4054 TB cases in the Eastern Cape Province. These findings indicate a prospective
reduction of 1670.85 TB cases among children under 5 years old in the coming years. The RF-BARIMA
model offers enhanced predictive and forecast accuracy in comparison to the single Bayesian ARIMA
model. These results provide compelling evidence of significant under-reporting and potentially elevated
TB incidence among children under 5 years old in South Africa’s Eastern Cape Province, raising important
implications for public health policy and intervention strategies.

Significance:

Childhood tuberculosis (TB) in South Africa is a significant concern, with the majority of cases occurring in
children aged 0—4 years. The burden in children mirrors the high burden of the adult epidemic in the country. The
RF-BARIMA model integrates the non-linear pattern of random forest with the probabilistic time series forecasting
strengths of Bayesian ARIMA, aiming to improve prediction accuracy and quantify uncertainty in the forecasts.
The results lead to a call for urgent public health policy and intervention strategies to address the under-reporting
and elevated TB incidence in this vulnerable demographic, further reinforcing the study’s global significance.

Introduction

In recent years, despite increased global awareness of the prevalence of paediatric tuberculosis (TB), the
development of machine-learning algorithms to enhance diagnostic methods has been limited. In 2021,
approximately 1.2 million children were estimated to contract TB, but only a third of children aged 0 to 5 years
received proper care and were reported in national TB programmes.™? Although collecting and testing many
samples may increase diagnostic yield and improve diagnosis, implementation at the primary care level, where
the need for adequate diagnostic tools is most significant, remains challenging.®* Machine-learning algorithms
are computational methods that enable systems to learn from data and make predictions or decisions without
explicit programming. Popular machine-learning models for TB incidence prediction — such as autoregressive
integrated moving average (ARIMA), seasonal ARIMA, decision trees and neural networks like recurrent (RNN) and
backpropagation (BPNN) neural networks — have shown high accuracy rates in diagnosing TB from clinical data.>®
Machine-learning algorithms can be used to predict incidence rates, improve diagnostics and close the treatment
gap in childhood TB.”® Machine learning has become a valuable tool for forecasting TB cases among children,
particularly in resource-limited settings. Models such as ARIMA, hybrid ARIMA and artificial neural networks
(ANN), and deep learning approaches have been employed to improve predictive accuracy and support targeted
public health interventions. Hybrid models, especially ARIMA-ANN, have outperformed traditional ARIMA methods,
showing significantly better performance (p < 0.001).° Deep learning models like convolutional neural network
combined with long short-term memory (CNN-LSTM) and multilayer perceptron (MLP) have also demonstrated
strong predictive capability, achieving minimal forecasting errors.

The World Health Organization (WHO) has conditionally approved a new TB diagnostic algorithm with a sensitivity of
85% when using chest X-ray features (visible signs of TB conditions), or 30% specificity without them."" However,
the algorithm still requires further validation and training for accurate interpretation. Various forecasting models are
employed for infectious diseases, including grey prediction''®, exponential smoothing prediction', dynamic model',
Box-Jenkins'®'7, and others. When using the forecasting method to attain accurate prediction, models are developed
based on the features of the time series, such as historical incidence rates, seasonality patterns, demographic data,
public health interventions, social and environmental factors, and population mobility. When the prediction effect of
a single model is not optimal, many studies choose the combination model prediction approach.’®?' The combined
model can absorb the advantages of two or more methods in order to achieve greater forecast accuracy.

Bayesian inference is a widely used method for analysing conditional probabilities of events, such as predicting
hierarchy time series data®?, seasonality®*?*, and multi-step-ahead prediction?. It is also applied in general estimation,
prediction tasks® and statistical analysis?. In time-series forecasting, the Bayesian method can be employed to
forecast using a Kalman filter and smoothing technique and the Markov chain Monte Carlo (MCMC) method.?® One
study demonstrated the effectiveness of Bayesian networks in accurately predicting clinical parameters of chronic
obstructive pulmonary disease (COPD) patients’ time series data.? This not only improved computational efficiency
but also optimised the modelling process. Additionally, dynamic Bayesian networks, which combine Kalman
filtering models and echoing neural networks, have been utilised to predict multi-step-ahead time series data.?
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Panagiotelis et al. proposed the use of Bayesian density techniques,
specifically multivariate skewed t-distributions, for forecasting intraday
electricity price.®

Accurately predicting microbiologically confirmed cases of TB in young
children who are suspected of having the disease is crucial for targeted
clinical decision-making and future advancements in diagnostic research
initiatives. To achieve this, eight hybrid machine-learning classification
models were developed and evaluated by combining features of existing
machine-learning models . These models aimed to predict the incidence
of microbiologically confirmed TB in children under the age of 5 years in
the Eastern Cape, South Africa. The primary objective of this study was
to assess whether machine-learning algorithms could effectively predict
microbiological confirmation in paediatric TB patients. During the model
selection process, we carefully analysed various model metrics to evaluate
and compare the performance of these machine-learning models.

Methods

We employed eight machine-learning time-series prediction models
to evaluate and compare the effectiveness of both single and hybrid
machine-learning approaches in forecasting the incidence of childnood
TB in South Africa. By evaluating both single and hybrid versions of
the models, we could ensure that we chose the most accurate and
robust model for predicting TB incidence, thereby improving public
health strategies and resource allocation. The models we selected are:
(1) auto-ARIMA, (2) ARIMA with XGBoost error (boosted ARIMA),
(3) Error-Trend-Season (ETS) with exponential smoothing state space,
(4) Prophet, (5) time-series linear regression model (LM), (6) Multivariate
Adaptive Regression Spline (MARS), (7) Naive Random Walk (NRW) and
(8) Bayesian ARIMA (BARIMA). The hybrid models were the above eight
models combined with a random forest (RF) model: RF-auto-ARIMA,
RF-XGBoost, RF-ETS, RF-Prophet, RF-linear regression model, RF-MARS,
RF-NRW and RF-BARIMA. Each model was selected based on its
strengths in capturing different aspects of time-series data, such as trends,
seasonality and error structures, and for its suitability for the forecasting
task, which are critical in forecasting TB case counts. The hybrid models
help capture non-linear relationships and interactions between features,
improving the predictive accuracy of each base model. The hybrid
approach takes advantage of the strengths of both the time-series method
(which handles the temporal structure of the data) and random forest
method (which excels in handling complex, high-dimensional data).

Study area and data source

This study focused on confirmed TB cases in children under the age
of 5 years in the Eastern Cape Province. We sourced monthly TB
incidence for the period from January 2010 to December 2019 from
the Electronic Tuberculosis Register (ERT.NET) of the Eastern Cape’s
Department of Health. A total of 120 monthly data points covering a
10-year period were collected from the electronic TB record. These
120 observations represent the total number of available monthly data
points for TB incidence over this timeframe. While there is no universal
rule for the minimum number of observations required for predictive
modelling, the commonly suggested threshold of 100 observations
is intended to provide sufficient data for model training, validation and
testing. However, the actual number needed depends heavily on the
complexity of the model, the variability and seasonality of the time
series, and the forecast horizon. For example, models applied to highly
volatile or seasonal data may require significantly more observations to
capture underlying patterns reliably and avoid overfitting. Therefore, the
adequacy of sample size should be assessed in relation to the specific
characteristics of the data set and the goals of the analysis.®' The cases
in this study were split into two sets: a training data set comprising 108
observations (from January 2010 to December 2018) and a testing data
set consisting of 12 observations (from January to December 2019).

Forecast models

1. Auto-ARIMA model
ARIMA consists of three key components. This model is represented in
two main forms: non-seasonal and seasonal ARIMA. The non-seasonal
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version is expressed as (p, d, g), where ‘p’ signifies the autoregressive
order, ‘d’ indicates the differencing order, and ‘q’ represents the moving
average order. The seasonal ARIMA model incorporates data seasonality
and follows a similar process to non-seasonal ARIMA but considers
seasonal patterns. To ensure the ARIMA model’s effectiveness, it is
crucial that the data exhibit stationarity, that is, maintaining a constant
mean and variance throughout the data set, as described by Equation 1:

Y=u+ Y (Y, —H)+e+ X0, teZ Equation 1
where u is the mean process, «, is a white noise process with mean zero
and variance, o2, &, # 0 and 0,# 0. The model is specified with the
residual errors? as:

&=, g+t ¢p€[_p U= QM — o — P, Equation 2

where ¢(L) e, = (L), for a polynomial with the lag operator (L‘X =
X_,). L is the lag operator, ¢, is the moving average parameter, p is
the order of the lagged observation, d is the degree of difference, and
W, is the white noise specified by (u~Normal (0,0?)). The time-series
predictors (Y) can be predicted by the autoregressive approach given as:

Y= (1 —1)?X and

p q
(1-Zot)v=(1+Zot)e
i=1 i=1

These concepts and equations were used in this study to forecast the
values of TB incidence among under-5-year-old children for validation.
However, autoregressive (AR) = ¢ () and moving average (MA) = 6
(@) characteristics polynomials are expressed as: ¢p@) =1 - ¢,z — ¢,
22— .- ¢2° and @) =1-06,2-6,2> - ...— 6,2". The difference
is taken d times until the original series becomes stationary, which is
known as ‘integrated’. In general, a d-th order difference can be written
as: Y, =(1-B), where B is the backshift operator. However, we
created a basic univariate auto-ARIMA machine-learning model with a
date-time feature in the model to generate the ARIMA model.

2. XGBoost model

Extreme Gradient Boosting (XGBoost is a robust machine-learning system
that employs gradient boosting decision tree algorithms. It assesses the
significance of input features and predicts errors to make final predictions.*'-
Originally developed by Chen Tiangi and Carlos Gestrin in 2011, XGBoost
has seen continuous refinement and enhancement by various researchers.
In practice, it often requires multiple iterations to obtain sufficient accuracy.®
XGBoost is a powerful gradient-boosting machine method.®% The
XGBoosting function can be written as:

RGED YN AR () +a(f) +c Equation 3

where Y, is the observed value, V:_W represents the predicted value from
the last iteration, £ represents the new function for learning models,
X is the feature vector, n is the sample size, @(ft) is the regularisation
term that controls model complexity, and / is the loss function that
measures the difference between the label and the prediction in the
previous phase to produce the output of the new tree.>3 For this study,
an XGBoost model was created to specify a time-series model using
boosting, aiming to enhance the modelling of residuals or errors related
to exogenous regressors. The tuning parameter settings for this model
included the number of randomly sampled predictors at each tree split
within the ensemble. These arguments were specified with specific
names during the model fitting process.

3. ETS model

The ETS model, which utilises exponential smoothing within a state
space framework, was employed as one of the predictive models for
the time-series data. The algorithms used in the exponential smoothing
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techniques generated point forecasts from the state space model
expressed as:

Forecast equation: y, ,, = ¢,

Equation 4

Smoothing equation: #,= ay,+ (1 —a)#,,=¢,, + a¢, Equation 5
where e, =y, — ¢, =Y,—J,,, is the residual at time ¢. The training
data errors lead to the adjustment of the estimated level throughout the
smoothing process. The model usually has a three-character string
identification method using the framework terminology of Hyndman
et al.* The residuals training additive errors ¢, is assumed to be normally
distributed white noise with mean zero and variance o2 as:

V=7, +¢

6,=0, +ag

e=y,—¢_,—b_~NID(0,0?

When inserting these into the error correction equations for Holt's linear
method, we get:

V=t +b_ +e

t=C,+b  +ag

b=b_,+pe,

where  can be set as g = af*. Based on the classification, the method
is fully automatic and only requires arguments for ETS time series.“%4!

4. Prophet model

The Prophet model, introduced by Facebook Inc. in 2017, is designed
for predicting time-series data characterised by significant seasonal
patterns and multiple seasons of historical data*. Prophet is known for
its resilience in handling missing data and effectively managing outliers.*
This model breaks down the time series into three primary components:
the seasonal term S, the trend term 7, and the residual term A:

Y=S+T,+h Equation 6
In addition, to satisfy the needs of the actual scenario, the Prophet model
integrates the effect of holidays h(t):
¥,=9® +sO + h(t)+e, Equation 7
where g(f) describes a piecewise-linear trend (or ‘growth term’), s(®)

describes the various seasonal patterns, h(t) captures the holiday
effects, and ¢, is a white noise error term.

In the Prophet model used, the first step was to model the time series
with specified parameters. The second step was to set the weekly and
daily seasonal components to 7rue to improve the prediction argument
results fitted in the model. The forecast was then obtained and the
performance evaluated.

5. Time-series linear regression model

A time-series linear regression model uses a /inear algorithm function
from the parsnip R package workflow to model the trend and seasonality
of the data. The function fits the regression model and machine-learning
predictions using tidyverse R packages principles.* The linear model
assumes a linear relationship that exists between the forecast and
predictor variables, expressed as:

V,=Xp+¢ Equation 8
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This indicates that the errors must have a mean of zero, or the forecasts
are biased. The residuals must not be autocorrelated; if they are, the
forecasts will be inefficient because the data contain more information
that can be utilised. The residuals must be independent normal random
variables with constant variance in order to create accurate inferences
and prediction intervals. The trend is the slope of y, =X + ¢, The
model uses predictions to generate new values for independent features.
These feature lags are typically used in autoregressive models.

6. Multivariate Adaptive Regression Spline model

The MARS model was created by modifying the algorithm process to
use a workflow that standardises the pre-processing of the features of
MARS machine learning model. The algorithm automatically creates
a piecewise linear model that captures the non-linear relationships in
the data by assessing knots similar to step functions*. The procedure
evaluates each predictor from each of the data points as a knot and
creates a linear regression model with the candidate feature(s).
Considering non-linear, non-monotonic data where Y, = f(X), the MARS
procedure looks for a single point across the range of X, values where
two different linear relationships exist between Y, and X, achieve the
smallest error (smallest SSE). This process continues until several knots
are built to produce highly non-linear predictions, and the knots were
used to fit a better relationship with our training data. After the full set
of knots were established and identified, we removed those that did not
significantly contribute to predictive accuracy.

7. Naive Random Walk

The NRW model in this study was based on an algorithm that assumes
a variable Y, takes a random step away from its previous value in each
time period. These steps are independently and identically distributed in
size (i.i.d.), represented as Y, =Y,_, + w, where w, is a discrete white
noise series. To process the variable, the first difference is calculated,
and the model’s mean is applied. Additionally, a backward shift operator
B is applied to the NRW as follows:

Y=BY,+w,=Y_ +W, Equation 9
And stepping back further:
Y =BY  +wW_ =Y, +W,, Equation 10

This process was repeated until the end of the time series to get:

Y=(0-B+B2+..)Y,

= V=W, +W_, +W_+ Equation 11
We used a workflow interface for adding pre-processing of the time-
series data into the algorithm functions of the NRW model.

8. Bayesian-ARIMA model

In this context, an ARIMA model was created similarly to Model 1, but
with a Bayesian approach. The Bayesian structural regression algorithm
was employed to specify a Bayesian structural time-series model before
fitting to effectively handle unobserved components within time-series
data and provides more accurate uncertainty estimates. This approach
manages uncertainty more effectively by allowing the measurement of
posterior uncertainty for individual components, control over component
variances, and the incorporation of prior assumptions into the model.
The model can be represented as follows:

Y= +xp+S+¢, e~N(0,0? Equation 12

My =H + 0, UtNN(O’G.cZ) Equation 13

where y, is the unobserved trend, x, represents a set of regressors, and
S, denotes seasonality. This technique does not rely on differencing, lags
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or moving averages. The model was created using the fit function from
a stan algorithm of the bsts package in R to pre-process the time-series
data.

Hybrid models

The proposed hybrid models used in this study were based on a combination
of the RF model and the eight previously mentioned machine-learning
models. The advantage of these hybrid models is that they leverage the
strengths of both the RF model and a diverse set of complementary
forecasting techniques. The hybrid approach is designed to capture both
non-linear patterns of RF and probabilistic time-series forecasting strengths.
This ensemble strategy improves robustness and generalisation, making
it a strong candidate for forecasting childhood TB incidence, particularly
for complex and noisy time-series data for which single models may not
perform well consistently.

RF is a bagging-based ensemble method which constructs multiple de-
correlated decision trees to improve predictive accuracy. It is widely
regarded as a strong ‘off-the-shelf’ learning algorithm due to its reliable
performance and minimal need for hyperparameter tuning. In this study,
the RF model was implemented using the randomForest package in R, and
variable importance metrics were examined to assess the contribution of
different predictors. By combining RF with diverse forecasting techniques,
we aimed to produce more stable and accurate TB incidence predictions
over time. 2184749

In this analysis, the first measure involved permuting the TB data and
recording the prediction error on the out-of-bag portion of the data using
the mean squared error (MSE) for each tree in the regression classification.
The MSE and variance were then calculated using the out-of-Bag-
Error estimation. This procedure was used to assess the accuracy and
robustness of the RF model. By using out-of-bag error estimation and
calculating the MSE and variance, we obtained an unbiased measure of
model performance without needing a separate validation set, helping
ensure reliable predictions for TB incidence.

The model utilised two-thirds of the data for training and the remaining for
testing to validate the trees. During the model creation, only one variable was
randomly considered at each split, and a total of 500 trees were generated.

The results show a 72.9% increase in MSE for the model’s variable
importance and an 82.7% variance explained by the model. The analysis
included plotting the error against the number of trees and also the
absolute residual values against the probability distribution of random

Error vs Number of Trees

Error
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|
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trees

Figure 1:
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variables (Figure 1). This was done to determine the point at which the
model’s performance stabilises, helping to select an optimal number of
trees and avoid overfitting. It was observed that, as more trees were
added and averaged, there was a decreasing trend in the error.

Errors were recorded using the MSE. Residuals from the RF model
were calculated by subtracting the predicted TB values from the actual
observed TB cases. These residuals represent the portion of the data
not captured by the RF model. To improve forecasting accuracy, these
residuals were then used as input for fitting various hybrid models,
allowing the second model in each hybrid to learn and correct the
errors made by the RF model. Then, hybrid models were employed
to forecast TB cases for the years 2020, 2021 and 2022. Finally, the
predictive accuracy of the single machine-learning models and the
hybrid machine-learning models was compared to determine which
model performed best in terms of predictive accuracy.

Accuracy metrics and model evaluation

We assessed the true model accuracy by comparing predicted values to
actual values, using a range of performance metrics to precisely measure
model accuracy. To comprehensively evaluate predictive performance and
determine the best model, we employed three specific parameter metrics:
mean absolute error (MAE), mean absolute scaled error (MASE) and root
mean squared error (RMSE):

IRSIT
MAE =317, -y
1§ 7
MAE _ 12X 7=
MASE = =
MAEnaive 1%27:2 |y/ - yi—1 |
RMSE =137, - y)*

1

We evaluated the accuracy of each model using a test data set and then
recalibrated to improve its forecasting accuracy across the entire data set.

Data analysis

The statistical analyses were conducted in RStudio (Version 4.1.0) and
packages such as forecast, fpps, TTR, randomForest and bayesmodels
were employed. These packages offered the essential tools to facilitate
robust model-building and ensure the most accurate model configuration.

Cumulative Distribution
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Plot of error vs number of trees (left) and cumulative distribution of residuals (right).
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Results

During the timeframe spanning from 2010 to 2019, a comprehensive
analysis was conducted on a total of 120 cases of TB among children
under the age of 5 years. Figure 2 shows the trajectory of TB incidents
in under-5-year-old children in the Eastern Cape Province; a discernible
upswing in reported TB cases can be seen between 2016 and 2019. It is
noteworthy that the confirmed case counts fluctuated across months in
a distinct pattern influenced by both annual seasonality and overarching
long-term trends.

To facilitate effective model training and evaluation, the entire data set
underwent a meticulous partitioning process, resulting in distinct training
and testing subsets. To maintain a minimum of 100 samples for model
training, the data set of 120 observations was split into 108 samples
for training and 12 samples for testing (90/10 split). This ensured a
sufficiently large training set while preserving a small but adequate
testing set for model evaluation.

Comparison of model performance

For the evaluation of model effectiveness, we employed MAE, MASE and
RMSE to identify the optimal and most parsimonious model, marked
by the lowest estimated accuracy values. Among the single models,
the Bayesian-ARIMA model emerged as the best, showcasing the
lowest MAE (1606.95), MASE (1.45) and RMSE (1833.05) values in
contrast to the other models when forecasting the data. While all the
models exhibited commendable performance, the RF-BARIMA model
stood out as the best forecasting model, presenting the lowest MAE
(986.89), MASE (0.55) and RMSE (1205.45) values (Table 1). Notably,

9000
8000
7000
6000
5000
4000

3000

2010 2011 2012 2013 2014

Figure 2:

Table 1:

Single machine-learning models

Model description MAE MASE RMSE R?
1 Auto-ARIMA 1777.48 1.60 1899.90 0.00
2 XGBoost 1760.54 1.58 1993.35 0.00
3 ETS (AN,A) 1921.11 1.73 2064.63 0.01
4 Prophet 2290.01 2.06 2495.06 0.01
5 Linear regression 2304.57 2.07 2510.46 0.01
6 MARS 3086.13 2.78 339.73 0.06
7 Naive Random Walk 1692.81 1.52 1941.07 0.00
8 Bayesian-ARIMA 1606.95 1.45 1833.05 0.00
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the RF-BARIMA model demonstrated residuals that were independently
distributed, further validating its reliability. The R2 values for the models
are near zero, not because the models are non-functional, but because
of the high variance and weak linear signal in the target variable relative
to the baseline (mean) model. In time-series forecasting, particularly
with noisy or highly volatile data, R% often becomes misleading or
uninformative, especially when the variance of the true values is large
compared to the variance explained by the model. We have therefore
prioritised more appropriate time-series metrics (MAE, RMSE, MASE) to
assess model performance.

The analysis of the model outputs revealed that the hybrid BARIMA model
provided better parameter estimates or predictions than the single BARIMA
model. Specifically, the hybrid model was able to capture patterns or
features in the TB incidence data more effectively. As a result, the values
estimated by the hybrid model were more accurate, outperforming
those generated by the single model. In comparison to the single model,
the hybrid model showed enhanced parameter values: p = 0.4122 +
0.0497, 6 = 1284.3384 + 1.4460, ma = —0.7836 + 0.0009, and
sma = —0.0509 + 0.0012, as outlined in .
This substantiates the potency of the hybrid approach in refining
parameter estimations and ultimately bolstering forecasting precision.

We assessed model performance by analysing the accuracy of the
single models and combined models in forecasting TB cases among
children under 5 years old from 2020 to 2022, as depicted in Figure 3.
Examining the outcomes of the single models, the forecasting plot illustrates
a consistent upward trajectory in TB incidence cases from the initial
phase of the study’s forecasting period in 2020 to its conclusion in 2022.

2015 2016 2017 2018 2019

Monthly tuberculosis cases among under-5-year-old children in the Eastern Cape Province of South Africa, 2010-2019.

Comparison of model performance and estimated accuracy metrics

Hybrid machine-learning models

MAE, mean absolute error; MASE, mean absolute scaled error; RMSE, root mean squared error
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Model description MAE MASE RMSE R?

RF-auto-ARIMA 998.04 0.55 1206.60 0.03
RF-XGBoost 1321.54 0.73 1484.09 0.03
RF-ETS (A,N,A) 1315.27 0.73 1496.79 0.05
RF-Prophet 1279.29 0.71 1441.30 0.03
RF-linear regression 1285.67 0.71 1450.99 0.04
RF-MARS 1215.37 0.67 1459.92 0.07
RF-Naive Random Walk 1308.65 0.73 1488.40 0.03
RF-Bayesian-ARIMA 986.89 0.55 1205.45 0.03
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Remarkably, Model 7 emerged as the best performing model, boasting the
most tightly bounded 80% confidence interval, which attests to the model's
exceptional forecasting precision. Model 2 also demonstrated commendable
performance, largely attributed to the judiciously specified parameters of its
XGBoost components, but the model’s accuracy is suboptimal.

Model 3’s performance closely rivalled the efficacy of Model 2, albeit with
a marginally broader test error confidence interval. In contrast, Models
4,5 and 9 exhibited a tendency to overshoot the local trend due to the
inherent linear trend components that failed to account for change points.
Similarly, Models 1, 6 and 8 overfitted the local trend, primarily due to
the underexplored adjustment of the number of change points. These
observations, succinctly depicted in Figure 3a, underscore the nuanced
interplay of model components and parameters in shaping the accuracy
and precision of TB incidence forecasts among children under 5 years old.

The accuracy of the full models (i.e. all predictors and components) in
forecasting TB cases among children under 5 years old from 2020 to 2022
is illustrated in Figure 3b. The figure depicts a subtle upward trend in TB
incidence cases at the onset of the forecasting period in 2020, followed
by slight declines in TB cases during 2021 and 2022. Notably, minimal
differences were observed when comparing the performance of the models
in predicting the trajectory of TB incidence among children under 5.

The posterior predictive performance of the RF-BARIMA model was
better than that of the Bayesian-ARIMA model, which was employed to
fit the data and validate the compatibility of the fitted model with actual
observations (as illustrated in Figure 4). The visual representation of the
model plot distinctly demonstrates the consistency and adequacy of the
model’s compatibility in describing the observed data across multiple
years. Within this depiction, the black dot signifies the distribution of
observed outcomes, denoted as “y”, while the array of blue lines
represents the residual estimates derived from the posterior predictive
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distribution, labelled as “f”. Notably, the encompassing grey area
delineates the expected 95% credible interval of the observations falling
within the predicted 95% credible intervals, provided that the model is
aptly suited to depict the data set’s characteristics.

The RF-BARIMA and Bayesian-ARIMA models were compared in TB cases
forecasting among children under 5 years from 2020 to 2022 (as illustrated
in Figure 5). Notably, the RF-BARIMA model exhibited the highest accuracy
in forecasting performance with an MAE of 986.89, MASE of 0.55 and
RMSE of 1205.45, compared with the Bayesian-ARIMA model with an
MAE of 1606.95, MASE of 1.45 and RMSE of 1833.05. These results show
the improved forecasting performance of the hybrid RF-BARIMA model.
The plot shows a decreasing temporal pattern in TB incidence cases at
the outset of the 2020 forecast period, followed by an increase around
mid-2021, and another decline towards the end of the forecasting year.

Discussion

Before the COVID-19 pandemic, TB cases among children under 5
showed alternating patterns of increase and decrease from 2017 to
2019. By analysing this trendline, we observed a series of lower highs
(indicating a downtrend) and higher lows (indicating an uptrend), which
created a resistance level that could influence future TB case trends. The
TB temporal analysis shows high reported rates of TB incidence among
under-5-year-old children in this study, which can be explained by the
prevalence of infectious TB in adults, social interactions between adults
and children, and the ventilation conditions in domestic settings.5%-%2

This study shows that not all models predicted childhood TB cases
with equal accuracy. Each model demonstrated different levels of
prediction error, with the RF-Bayesian-ARIMA hybrid model consistently
outperforming all others across multiple error metrics. This suggests
that, while some models were able to reasonably forecast childhood
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TB incidence, others showed relatively high prediction errors and were
less reliable — a result which aligns with previous studies.®®474¢ Qther
studies have shown the superiority of machine-learning hybrid models in
accurately forecasting TB cases.>*% Infectious disease data often exhibit
various linear and non-linear features, making single models inadequate
for modelling such data. Hybrid models have consistently proven to be the
most suitable choice for estimating such complex data.*

The estimated incidence of TB cases in the Eastern Cape was 328 per
100 000 among children under 15 years old in 2020; 7% of cases were
among children under 5 years.! Children are at greater risk of contracting
TB.> QOur study’s forecast for 2022 predicts an average of 41.22% TB
cases per month, based on a sample size of 4054 TB cases in the
Eastern Cape Province. This forecast indicates a future decrease of 1671
TB cases among children under 5 years old. These findings align with a
similar study conducted in two Kenyan counties that projected TB cases
among children under 15 years old and found that the estimated TB
cases were slightly lower than the general population in Kenya.®

The findings of this study show a slight declining trend in TB incidence
cases at the start of the forecasting period in 2020, followed by slight
increases in TB cases in 2021 and 2022. These trends align with findings
from a WHO report which suggested that the number of TB cases
could rise in 2021 and 2022, largely due to the impact of the COVID-19
pandemic." This prediction encompasses not only the general population
but also includes cases among children under 15 years of age.

Our study shows that TB incidence cases among children under the
age of 5 follow a seasonal pattern, with peaks occurring in June, July
and August, followed by a decrease over the rest of the year till in the
year. This observation is consistent with those of previous studies that
also found seasonal variations contributing to TB infections®*, although
another study did not find any association between TB infections and
seasonal trends.” Our study’s findings suggesting a connection between
TB infections in children and seasons can be explained by the impact of
seasonal patterns on TB transmission. Children tend to spend more time
indoors during the winter season, which is conducive to TB growth due to
factors like overcrowding, increased humidity and reduced air circulation.

Under-5-year-old children, especially during mid-winter, have been
reported to have low vitamin D levels.% This deficiency could make these
children more susceptible to TB infections during winter, thus potentially
contributing to the observed seasonal pattern of TB infections. While
children can contract TB at any age, it is most prevalent among those
aged 1-4 years, likely due to their underdeveloped immune systems.
The highest TB notification rate in South Africa’s Western Cape Province
was reported for children in the 0-2-year age group.>® Hospital studies
indicate that extrapulmonary TB is more common in children than is
pulmonary TB, and misdiagnosis is a recurring issug.5°

Limitations

This study relied on data collected and reported through the Eastern
Cape ERT.NET system, and, therefore, we had no control over the data’s
quality and accuracy. However, it was assumed that, as the data had
been submitted to the system, the health facilities in the Province had
followed all relevant protocols to ensure data quality.

We used data from 2010 to 2019, consisting of 120 monthly aggregated
TB cases in children under 5 years old. Deep learning and machine-learning
algorithms typically require a large volume of data to learn effectively.
Consequently, the provided data set may not have been sufficient to allow
the algorithm to learn more efficiently.

It is important to note that out-of-bag error estimation can have limitations
in small or highly imbalanced data sets, such as the one used in this study,
where the number of training samples (108) is relatively small compared
to the number of trees in the RF model.

Conclusion

The RF-BARIMA model performed best in predicting TB cases among
children under 5 years. Our findings highlight the persistent under-reporting
of TB cases in this age group, suggesting that the actual incidence might
be higher than previously estimated. To address this issue, there is a need
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to re-evaluate the TB monitoring framework data to identify existing gaps
and urgently allocate resources to the national TB programme.

Additionally, our study shows that TB infections among children under
5years are influenced by seasonal patterns. This calls for increased investment
in TB surveillance, screening and diagnostic efforts during specific months of
the year to curb the spread of infection during peak seasons.

Data availability
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