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The aim of this study is to use cutting-edge statistical and artificial intelligence techniques to assess and
forecast the prevalence of type 1 diabetes in Iraqi children. In order to determine the prospective ultimate
caseload and the fictitious inflection point, the research used the generalised autoregressive conditional
variance (GARCH(p,q)) model to estimate the temporal behaviour of the data. The models under test were
subjected to statistical stability conditions, and the AIC and BIC information criteria were used to assess
their performance. The findings indicated that, out of all the nonparametric models examined, the
GARCH(1,0) model performed the best. However, the paper showed that there were no significant variance
fluctuations in the incidence data, which restricts the use of strictly nonparametric models. Deep LSTMNs
neural networks were used for time series analysis in order to get around this. Using the ideal parameters for
the number of layers and iterations, the data was divided into an 80% training set and a 20% test set. In
comparison to other models, the LSTMNs findings showed the lowest mean squared errors, indicating a
good capacity to predict future values. This implies that an efficient method for tracking upcoming changes
in chronic illnesses is to combine deep learning algorithms with traditional statistical models. To enhance
planning and response to the epidemic load of chronic illnesses, the paper suggests using this strategy in
medical modelling and health forecasting.

prediction of further consequences, including
microvascular and macrovascular disease [1], [2].

One of the most common chronic metabolic diseases
affecting kids and teenagers is type 1 diabetes.
Chronically high blood glucose levels are the result
of the autoimmune death of the beta cells in the
pancreas that secrete insulin [1]. The condition is
severe because it directly affects the body's
metabolic equilibrium, affecting numerous essential
processes such as protein, lipid, and glucose
metabolism, as well as oxidative stress and
inflammatory pathways [2].

Laboratory indicators like fasting glucose,
glycated hemoglobin (HbAlc), insulin levels, C-
peptide, and inflammatory markers like CRP,
triglycerides, and cholesterol are crucial for
comprehending the course of a disease and
evaluating the efficacy of treatment [3].

Long-term tracking of these markers yields
precise data on the physiological and metabolic
alterations linked to the illness and aids in the

Advances in artificial intelligence and statistical
analysis techniques have made it possible to use
deep neural networks like long-short-term memory
networks (LSTMNSs), a type of recursive neural
network designed to handle time-series data and
address the vanishing gradient problem [4], as well
as time series models like the generalized
autoregressive  conditional variance (GARCH)
model, which was developed as an extension of the
Autoregressive  Conditional ~ Heteroskedasticity
(ARCH) model proposed by Robert F. Engle in the
1980s [5].

More opportunities for early intervention and
better treatment plans are made possible by the
development of predictive models that can recognize
pivotal moments in the disease trajectory and
forecast future biochemical markers thanks to the
combination of statistical analysis and artificial
intelligence [6].
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The purpose of this paper is to forecast future
trends and possible changes in biomarkers by
analyzing biochemical data from pediatric type 1
diabetes patients in Iraq using a combination of
GARCH models and LSTMNSs approaches. In order
to better understand disease dynamics and enhance
healthcare practices, we want to offer a scientific
framework that integrates biochemistry and
sophisticated statistical analysis.

2 LITERATURE REVIEW

Over the last several decades, time series analysis
has developed into a vital tool for researching health
issues, especially long-term conditions like diabetes.
In order to solve the issue of non-stationary variance
in economic data, Engle proposed the ARCH model
in 1982, making it one of the first statistical models
in this area. It uses the squares of the previous
mistakes to depict the conditional variance as a
series [7].

The generalized ARCH model (GARCH), which
Bollerslev expanded in 1986, is more adaptable
when dealing with very volatile data because it
combines ARCH components with  other
components to better correctly describe the
conditional variance [5].

Subsequent iterations of this model, including
TARCH [8], GJIR-GARCH [9], and EGARCH [10],
attempted to address certain facets of variance,
including the leverage impact and volatility
asymmetry. GARCH models have been used in the
healthcare industry to analyze data on infectious and
non-infectious disorders. For example, [11] used
GARCH to Middle Eastern diabetes data and
showed that it was successful in describing the
disease's temporal patterns.

The analysis of temporal data has been
transformed by artificial intelligence in tandem with
classical statistical models. This is especially true
since the development of LSTMNSs by [12], which
has demonstrated their effectiveness in processing
serial data with long-term temporal correlations [4].

As demonstrated by a study by [13], which
compared the effectiveness of LSTMs with
conventional statistical models in predicting the
prevalence of diabetes and discovered that LSTMNs
outperformed them in accuracy and capacity to
identify intricate patterns in data, LSTMNss have
been widely used in the prediction of chronic
diseases.

This research demonstrate that integrating
contemporary deep learning methods like LSTMN s

with statistical models like GARCH offers an
integrated framework for evaluating medical time
series, improving prediction accuracy, and assisting
with data-driven health planning choices.

2.1 ARCH Model

ARCH statistical model is used to examine time
series volatility and forecast future volatility. The
ARCH model is used in finance to assess risk by
offering a wvolatility framework that accurately
reflects actual market conditions. Higher volatility
follows times of high volatility, while lower
volatility follows periods of low volatility, according
to ARCH modeling [14], ARCH model, which will
have the formula [15]:

y: = o.€; where €,~iid N(0,1)

Q
?=wt) gvi, (1)
j=1

Where o7 is the conditional variance, and
w, Z?zl @; are the parameters of the model.

This model is predicated on the martingale
difference [15],

E(Yt2+1/Ft) = Utz 2

Where F; is a o — field of a random variables
called a sometimes filter (yt_l,yt_z, ...,yt_Q) [8].

The large-scale conditional
autoheteroscedasticity (GARCH(Q, P)) model was
introduced by Bollerslev in 1986 as an extension of
the ARCH model, aiming to address limitations
related to time-varying conditional variance and
provide a more flexible model for predicting time
series volatility. This model is defined by the
following system of equations [15]:

yf = O'tét Where Et"’lld N(O,l)

Q P
0?=w+2<pjyf_,-+2n03_i )
=1 i=1

Where w is a constant and ¢;, y; a represent the
ARCH and GARCH model parameters, respectively.

By imposing certain restrictions on the
coefficients of the conditional variance equation, the
value of ® must be > 0, to ensure that the variance
remains positive and that negative values cannot
occur, which maintains the mathematical
consistency and validity of the statistical model,
9;20Vj, j=12,..,Qy;20Vi,i=12.,P,a
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Despite the merits of GARCH models, they
exhibit shortcomings, as noted by Black in 1976,
namely the inability to capture the Leverage
effect [16].

For a GARCH model to maintain stationarity, the
conditional variance must converge to the
unconditional variance over time, so that the
mathematical condition oy — o, at infinity is met,
ensuring that the variance remains constant and does
not deviate toward unstable values [17], [18].

Data preparation
+ Transform datato stabilize variance
E'_ + Difference datato obtain stationary series
1]
=1
=,
'
N
=3
(=] .
= Mod el selection
Examine data, ACF and PACF to identify <E
potential models
|
9 Estimation
g— + Estimate parameters in potential models
= + Select best model using suitable criterion
=,
(=]
=]
B \
o
a Diagnostics
w *+ Check ACF/PACE of residuals
=} + Do portmantean test of residuals
e + Are theresiduals white noise?
Y
o
% Forecasting
E Use model to forecast
=3
(=]
=

Figure 1: Box-Jenkins flow chart [19].

2.2 Box-Jenkins Method

Box and Jenkins developed this method in 1970 and
subsequently underwent further developments
between 1970 and 1996 to include a range of
complementary techniques as needed. This
methodology aims to achieve optimal predictive
accuracy through three main stages [15]:

1) Identification. This includes data preparation
and selecting the appropriate model for the
time series under study.

2) Estimation and Testing. This involves
estimating model parameters and performing
diagnostics to ensure its suitability and
validity for prediction.

3) Application. This is where the developed
model is used to make the required predictions
and make decisions based on them.

Figure 1 illustrates the various stages of this
methodology graphically, making it easier to
understand the sequence of processes and steps
involved.

2.3 Model Order Selection Criteria

2.3.1 Akaike Information Criterion (AIC)

This model is considered the most widely used in
statistical literature, and is represented by the
following mathematical function [20]:

AIC(p,q) = —2 log(maximum likelehood) + 2k (5)

Where k is number of parameters in proposed
model.

2.3.2 Bayesian Information Criterion (BIC)

This criteria was introduced similarly to the Akaike
criterion to get enhanced convergence features and is
expressed by the following function [18], [21]:

BIC = —2l(maximum likelehood) + k Inn (6)

Where m represents the number of observations or
measurements used in the analysis.

2.3.3 Long Short-Term Memory Networks
(LSTMNs)

LSTMNs are effective tools for classifying,
processing, and predicting time series data,
especially when these series contain unspecified
time intervals between important events [12].

These networks were developed to address the
problem of vanishing gradients that hinders the
learning of traditional neural networks. LSTMNs
belong to the class of artificial neural networks
(ANNSs) used in the fields of artificial intelligence.
Recurrent neural networks (RNN5s) are characterized
by their ability to process both individual data points
and entire data series [13].
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3 ANALYSIS AND RESULTS

3.1 Collection of Data

This study is based on 571 observations of approved
diabetes cases, recorded between January 1, 2021,
and July 25, 2022, taken from the Iraqi Ministry of

Corona Data
T

Health official website. To achieve optimal
predictive accuracy, the GARCH model's stability
criteria will be applied to this data. This ensures that
the model's conditional variance converges with its
unconditional variance, thus achieving model
stability and reliable future predictions based on
time series data.
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Figure 2: Historical statistics about diabetes from January 1, 2021, to July 25, 2022.
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Figure 3: Autocorrelation functions with varying orders.
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Figure 4: Residual functions with varying orders.
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Figure 5: Autocorrelation functions of the GARCH model after Residual functions with different orders.
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Table 1: The parameter values of models of varying rank derived from the GARCH model.
GARCH(P,Q) Constant ARCH(1) ARCH(2) GARCH(1) GARCH(2)
GARCH(0,0) 8.99¢ + 06 0 0 0 0
GARCH(1,1) 1.708e + 04 0.829 0 0.171 0
GARCH(1,2) 2.176e + 04 0.796 0.204 0 0
GARCH(0,1) 3.049¢ + 03 1.000 0 0 0
GARCH(0,2) 2.176e + 04 0.796 0.204 0 0
Table 2: The AIC and BIC values of various ranks from the GARCH model.
GARCH(P,Q) AIC BIC
GARCH(0,0) 1.073e+04 1.739¢+04
GARCH(1,1) 9.899¢+03 9.917e+03
GARCH(1,2) 1.009e+04 1.010e+04
GARCH(0,1) 9.848e+03 9.861e+03
GARCH(0,2) 9.898e+03 9.915e+03

3.2 Modeling and Analyzing of Data by
GARCH Model

The GARCH model will be applied to the data,
observing and confirming that the conditional
variance converges to the unconditional variance,
which is a prerequisite for ensuring model stability
and reliable predictions. The process involves
several sequential steps, beginning with identifying
changes in the data, then building the model
according to appropriate statistical criteria. This is
followed by estimating the model parameters using
appropriate estimation methods, then assessing the
model's suitability through diagnostic tests, and

finally forecasting the future conditional variance.
Matlab R2020a was used to create and program the
time series data, evaluating several models of
different orders to find the optimal model that best
fits the data.

The data visualization phase is the first and
important step in time series analysis, helping to
understand the data pattern and identify any
potential trends or fluctuations. Figure 2 shows a
time series graph displaying historical data on the
number of diabetes cases from January 1, 2021, to
July 25, 2022.

The next step involves converting the original
series into a series of returns to facilitate volatility
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analysis, and then converting these returns into a
series of squared errors for conditional variance
analysis. Autocorrelation functions (ACFs) for the
GARCH model were also calculated and displayed
at different levels. Figure 3 illustrates the ACFs for a
set of models, which helps assess the correlation
structure in the data and select the most appropriate
model.

After completing this step, we transform the
squared error series into a series of residuals by
performing the Young-Box test to assess the effect
of heteroscedasticity over multiple lags. Figure 4
shows several residual functions for a GARCH
model across multiple orders, while Figure 5
displays the autocorrelation functions for these
models.

We will now examine the quantile-quantile plot,
or QQ Plot, which visually evaluates whether the
remaining series adheres to a normal distribution, as
seen in Figure 6.

In addition to the graphs presented previously,
which illustrate the general trend of the series, the
model's suitability for future predictions must be
evaluated. Tables 1 and 2 will be presented: the first
shows the estimated parameters for each of the
proposed models, and the second shows the results
of the AIC and BIC values of various ranks from the
GARCH model for selecting the optimal model.

A multitude of coefficients with zero values
indicates that some model components do not
significantly contribute to variance explanation. The
conditional variance remains almost constant
throughout time, exhibiting little fluctuations, as
shown by the GARCH(0,1) model's constant of

GARCH coefficients in the other models.The
GARCH(0,1) model exhibited the optimal fit among
the analyzed models, shown by the lowest AIC and
BIC values. Despite minor differences in AIC and
BIC, GARCH(O0,1) is statistically superior than
GARCH(1,1). Extremely high GARCH(0,0) scores
indicate a suboptimal overall fit to the data.

Thus, the conditional variance of the examined
models is shown in Figure 7.

Upon reviewing the preceding stages of data
analysis illustrated in graphs and tables, it is evident
that the most reliable model for forecasting is the
GARCH(1,0) model. However, we must now verify
the stability of the selected model by applying its
stability conditions and assessing the conditional
variance as delineated in (4).

@, = 1.000

After applying stability conditions to the GARCH
model, it was confirmed that the model achieves the
required stability, which is essential for ensuring the
reliability and accuracy of future predictions. This
property ensures that the model's conditional
variance does not deviate toward unstable values
over time but rather converges toward the
unconditional variance. The value of the model's
unconditional variance is defined as follows:

2 _ w _ 3.049e+03
Ta-(ea+Zhv) 0 1-1

Therefore, the equation for the GARCH(1,0) model,

which is used to predict unconditional variance

values, is as follows:
y; = 0.€; where €,~iid N(0,1)

=unknown value

1.000. The inadequate time-dependent effect of data o2 =w+ @yt @)
variance is shown by the relatively small ARCH and
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Figure 7: The conditional variance of the GARCH model with varying orders.
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one lag, after conducting 250 iterations, the minimal
mean squared error was 0.0359.

Figure 8 represents the values of the training set,
and the Figure 9 illustrates the predicted values of
the test set.

And that the value:

AIC = 1.1915e + 03
BIC = 1.1956¢ + 03

3.3 Modeling and Creating by Using
LSTM

LSTM, another method for modeling and analyzing
time series, will be used in this paper.

The data is segmented into two groups: the
training group, including 80% of the observations,
and the test group, comprising 20% of the data.
Given that the maximum number of hidden layers is
50 and the input consists of a single variable with
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Figure 9: Predicted values for the test set by using LSTM.
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Table 3: The estimated values for the training set by using LSTM.

Month 15 week 21 week 31 week 4™ week
15 month 1.0e+04 0.0638 0.0864 0.0868
2nd month 0.0928 0.1093 0.1113 0.1097
3" month 0.0645 0.0697 0.0827 0.0876
4% month 0.0556 0.0717 0.0855 0.0891
5% month 0.0770 0.0906 0.0990 0.1114
6" month 0.1142 0.1520 0.1662 0.1869
7% month 0.2191 0.2413 0.2816 0.3214
8 month 0.3410 0.3272 0.3688 0.4079
9™ month 0.3670 0.3366 0.3994 0.4174
10t month 0.4275 0.3911 0.4518 0.4843
11" month 0.4218 0.4151 0.4489 0.5073
12" month 0.4666 0.4646 0.5137 0.5586
13t month 0.5359 0.4910 0.5548 0.6284
14" month 0.5397 0.5496 0.6273 0.7160
15" month 0.6388 0.6654 0.7732 0.8326
16" month 0.7046 0.6857 0.7511 0.8121
17" month 0.7513 0.6125 0.6797 0.7346
18" month 0.5528 0.4739 0.5544 0.5809
19" month 0.4740 0.4244 0.4997 0.5175

The numbers are the LSTM model's expected
estimations for the training set. From around month
1 to month 15, there is a noticeable increasing trend
that suggests a slow rise in the anticipated number of
infections. The numbers start to vary and
progressively  decrease  after  month 16,
demonstrating the model's capacity to identify shifts
in trends (Table 3). There is little variation across
weeks within a month, which is in line with the
overall conclusion that the data is not very volatile.

4 CONCLUSIONS

Since there were few large variance swings in the
daily data on confirmed children diabetes cases in
Iraq from January 1, 2021, to July 25, 2022, using
conventional GARCH models was less successful.

When statistical models were compared,
GARCH(0,1) was determined to be the best model
in terms of AIC and BIC. However, the data's low
conditional variance makes it less reliable for
making predictions in the future.

After using GARCH models, certain correlations
were still present in the data, according to graphical
analysis of residuals and autocorrelation functions
(ACFs). This suggests that the models were not able
to fully capture the temporal patterns in the series.

Quantile-Quantile (QQ) plots demonstrated that
the GARCH models' residuals do not have a
perfectly normal distribution, which has an impact

on prediction accuracy. With a low mean square
error (MSE) of 0.0359 and projected values that
were very near to the actual values in the test data,
the LSTM network's findings showed a definite
advantage over GARCH models in terms of
prediction accuracy.

In this instance, LSTM is the best model for
short-term forecasts of future pediatric diabetes
cases due to its capacity to adjust to temporal
patterns, even in the absence of abrupt swings.

Instead of restricting the use of GARCH models
to data with significant volatility, the research
suggests using Al-based models, such LSTM, to
analyze health time series with relative stability of
variance.
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