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Abstract. Human immunodeficiency virus and acquired immune deficiency
syndrome (AIDS) continues to be a serious global public health problem
negatively impacting development of society and economy, and morbidity
and mortality from AIDS are increasing worldwide. Since 1985, when China
reported AIDS cases for the first time, incidence of this disease has been
continually increasing making prevention and control of AIDS a top public
health priority in the country. From AIDS incidence data of the China Health
Statistics Yearbook 2010 - 2018, we constructed a standard GM (1,1) model
and an improved version to predict AIDS incidence in PR China. Accuracy
grade of GM (1,1) and improved GM (1,1) model was at Level 1 (excellent),
with mean absolute error of 2.00 and 1.98 and root mean squared error of
2.45 and 2.43 respectively. The improved GM (1,1) model had a higher
prediction accuracy performance and simulated well AIDS incidence in PR
China from 2010 to 2018. These findings should provide a theoretical basis for
science-based guidance on AIDS control and prevention in PR China.
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INTRODUCTION (AIDS), has become a serious threat

globally, owing to a lack of affordable

Human immunodeficiency virus and curative therapy, effective drugs for
acquired immune deficiency syndrome management and vaccines for prevention
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(Aalen et al, 1997; Parashar et al, 2016;
Pongpech et al, 2018). Since the first case
was reported in USA in 1981, according
to the 2020 Global AIDS Prevention and
Control Progress Report, there were 38
million HIV-infected patients globally
in 2019, with approximately 1.7 million
new HIV infections and 690,000 deaths
from AIDS-related diseases (UNAIDS,
2020). There are 25.4 million HIV-
infected patients on the waiting list for
the treatment. In addition, according
to a Modelling conducted by UNAIDS
and the World Health Organization
has shown that if the medical supplies
are disrupted for six months for AIDS
patients, this could result in 500,000
AIDS-related deaths in sub-Saharan
Africa by the end of 2021 (UNAIDS,
2020).

The China Health Statistics Yearbook
reported during 2018 64,170 AIDS
cases and 18,800 deaths, representing
a year-on-year increase of 12.2% and
23.14% respectively (NHCPRC, 2019).
This increasing trend in AIDS morbidity
and mortality indicates deficiency in
control and prevention measures of
this infectious disease and poses one of
the most important health issues in PR
China.

Scientific and reliable prediction of
AIDS cases for long-term prevention has
proven suitable to monitor and predict
the changes in trend and morbidity of
AIDS in PR China (Peng et al, 2009).
However, currently there are several
mathematical methods for prediction
of AIDS incidence, the most common
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method being quantitative forecasting
methods, viz ARIMA time series
forecasting model (Zhou et al, 2018),
artificial neural network (Renganathan,
2019), exponential smoothing model
(Zhang et al, 2020), GM (1,1) model (Yang
et al, 2018), Markov model (Simpson
et al, 2009), and regression analysis
method (Wagner et al, 2002). As each
of prediction method has different
requirements for data characteristics
and sample size, choosing a suitable
prediction method to obtain an accurate
result is the key for accurate prediction
of AIDS incidence in PR China.

In 1982, JL Deng at the Huazhong
Institute of Technology published a Grey
System Theory (Javed and Liu, 2018;
Javed and Liu, 2019), which describes a
novel mathematical prediction system
that can be used to process data where
information is partially known, unknown
and/or incomplete (Wang et al, 2018). It
is based on a “small sample”, which
refers to the fact that constructing this
model requires only a small sample
size. Provided that there are four sets
of data, the model can be constructed
to fit the data set. It is also called a
“poor information” model, owing to
the fact that some samples provide less
information than others. Here the GM
(1,1) model and an improved version
were constructed and used to simulate
AIDS incidence in mainland China
from 2010 to 2018. Should the GM (1,1)
model (improved or original) prove
accurate, it should assist in providing
a validated tool for predicting trends in
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AIDS incidence, which will be of benefit
in developing appropriate AIDS control
and prevention for the country.

MATERIALS AND METHODS

GM (1,1) model construction

One advantage of the GM (1,1) model
is that it is not necessary to know the data
distribution type (Wang et al, 2016). The
model can be used so long as the data are
non-negative monotonic (Ceylan et al,
2020). It is based on a random original
time series. By accumulation, a new time
series is generated. Then, according to
the inherent laws of the new time series,
a first-order linear differential equation
for an approximation was applied (Hu,
2017).

There are six main steps in
constructing the GM (1,1) model (Shen et
al, 2013; Duan et al, 2017; Gao et al, 2020):

Step 1: Assume the original sequence

as

x@ =[x, x2),x3),..x"(m) ] (1)
Step 2: Use the formula

) =Y 2, =123, 1,
i=1

and carry out the original sequence of a
first-order accumulation (1-AGO) so as
to generate a new sequence:

xO = x0),x22),x"3),..xV(m) ] (2)
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Step 3: Solve the mean sequence
ZY(#) as follows:

[ xP@)+xV@+1) ]
2

AOE t=1,23,.n

Step 4: Establish the first order
differential equation:

@& (1) ;)(’) rax OV(t)y=u (3)

and assuming cAl=(a,u)T then cAz can be
calculated by the following formula:

a=(au) =(B'B)'B'Y (4)

T

where ¥ =[ x©(2),x”(3),..x"(n) |

-z0%2) 1
-z%3) 1

-|. 3 : )
-Z%m) 1

D= {(n i I)an;zz(t )} {; Z(k )2} (6)

a= %{(n— 1){72”: x(k)Z(k)}{i x(k)}{éz(k)ﬂ (7)

k=2 k=2

n

gl gl fgg] o

k=2

Step 5: GM (1,1) model can be
expressed as:

k1= Ly {x(o)(l)—i}e’“k k=1,23..n (9)
a a
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Step 6: Reduce values using the
formula

XOUh+)=xOk+1)-xVk,

and then we obtained the predictive
values.

Improved GM (1,1) model construction

First, we assume that the original
sequence as:

2 =[200),272),2"3).x () ]
5
then the square root transformation
of original sequence is performed to
generate the new sequence:

O = x©1),x°(2),x”(3),..x"(n) ]

Steps 2-6 are then carried out as
described above for GM (1,1) model.
Square transformation is conducted
when the initial predictive values are
calculated values.

Model testing

An a posteriori error detection
method was employed to test the model

accuracy using the formula C =% , Where

X

C is the mean square deviation, S,
standard deviation of the residual

sequenceand S, the standard deviation
of the original sequence.

_ 1_" 0) B ' _ 1_” (0) 7A2
S = /n;[e (k)-e| S, /nk:l[x (k) x}
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0) . . 0
where ¢ is the residual sequence, x©
A

original sequence and x the predicted
sequence value.

The probability of a small error
P is calculated using the formula

P = P{ e(k)—e<0.6745S_ } where

e= le(k) . The larger the numerical
n

value, the closer itisto.

Performance measures

Performance measures were
calculated using the following formulae:

relative error

=|x, - x|/ x,x100% . (10)

mean absolute error (MAE) =

2.
_ =l

Xz_?z

(11)

n

and root mean squared error (RMSE)

-lse-xy

na5

where X, is the actual value and X,
the predicted value.

Data source

Data were obtained from the China
Health Statistics Yearbook for the period
2010 - 2018.

Data analysis

Analysis was carried out using
Matlab software (Version R2012b,
MathWorks, Natick, MA).
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RESULTS

GM (1,1) model

Parameters of GM (1,1) model
were a = -0.0672 and u = 2.5539. The
equation of GM (1,1) model was

x(k+1) = 40.5449¢*"Y - 37.9849, with

mean square deviation ratio C <0.35 and
probability of small error P>95%. Hence,
the prediction accuracy grade was at
Level 1 (excellent) (Table 1).

Improved GM (1,1) model

Parameters of the improved GM (1,1)
model were a =-0.0332 and u = 1.6008.
The equation of the improved GM (1,1)

model was x(k+1) =49.7727¢%"*-48.1727,
with mean square deviation ratio
C <0.35 and probability of small
error P>95%. Hence, the prediction
accuracy grade was at Level 1
(excellent) (Table 1).

Comparison between GM (1,1) model
and improved version in predicting
AIDS incidence in PR China from
2010 - 2018.

Relative error value range of GM
(1,1) model was 0-3.60%, whereas the
improved GM (1,1) model was 0-3.68%
(Table 2). MAE of the two models was
2.00 and 1.98 and RMSE 2.45 and 2.43
respectively.

DISCUSSION

In order to control and monitor
the prevalence and spread of AIDS
recourse to a mathematical prediction
model is a useful strategy (Li and Li,
2020). The model provides a reference
for formulation of AIDS preventive
measures and optimal allocation of
medical resources for AIDS treatment
(Martinez et al, 2019). Although there
are several methods for quantitative
prediction of AIDS incidence, it is
essential to select the most suitable
prediction model validated by
comparison with past recorded data.

The GM (1,1) model and an
improved version (Liu et al, 2019) were
constructed and evaluated for their
predictive abilities by comparing with

Table 1

Parameters for determination prediction accuracy grade

Prediction accuracy grade

Mean square deviation ratio

Probability of small error

© (P)
Level 1 (excellent) C<0.35 95%<P
Level 2 (qualified) 0.35<C<0.50 80%<P<95%
Level 3 (barely qualified) 0.5<C<0.65 70%<P<80%
Level 4 (unqualified) C>0.65 P<70%
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known AIDS incidence in PR China
over a nine-year period. The data set is
small with a non-normal distribution,
meeting the characteristics requirements
of the GM (1,1) model. Although
an additional square root transformation
step is required in the improved
GM (1,1) model, sample size and data
characteristics remain unchanged.

Surprisingly, there is no significant
difference between the models” equation
and the a posteriori difference test for
two models. The accuracy grade of
GM (1,1) model and the improved
version were both Level 1 (excellent)
indicating that the fitting of the predictive
performance was both high. However,
MAE and RMSE of the improved
GM (1,1) model were (slightly) lower
than those of the standard GM (1,1)
model, which suggests that the predictive
performance of the improved GM (1,1)
model was higher than GM (1,1) model,
making the prediction of improved
GM (1,1) model closer to reality.

In conclusion, the study compared
GM (1,1) model and an improved
version in their ability to simulate
AIDS incidence in China from 2010 to
2018, with the results that the accuracy
performance of the improved GM (1,1)
model was higher than the standard
GM (1,1) model, and could be used
as a predictive tool for future AIDS
incidence. However, certain precautions
should be taken into consideration; for
example, the mathematical model does
not take into account social, cultural,
economic and other unexpected (such as
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COVID-19 pandemic) factors, and future
studies will have to factor in these
parameters to make the model more
suitable and accurate if it is to be useful
in assisting future formulation of AIDS
control and prevention policies for PR
China.
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