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Abstract: This paper has been used time series models for the study and analysis of monthly data 

to the number of patients with Kidney Failure in Thi-Qar Province for the period (2020-2023) in 

order forecasting by the numbers of patients with Kidney Failure for the period (2024-2025). The 

result of data analysis show that the proper and suitable model is Integrated Autoregressive model 

of order ARIMA (4, 0, 1) because it has the least mean squares error (MSE). Based on the best model, 

the number of people with Kidney failure was predicted monthly and for the next two years and 

the predictive value was consistent with the original values and this indicates the efficiency of the 

model. 
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1. Introduction 

The topic of time series is one of the basic topics that has gained very wide use in 

various sciences, as mathematical statistics have been lost in the analysis of time series. As 

a result of these analyzes, important functions have begun to be used for estimation, and 

even for other very important points in choosing many topics and to help in the work of 

some research and studies. Mathematics for the intended problem. During the past thirty 

years, our country has gone through the disasters of wars that affected its material and 

human resources, destroyed its infrastructure and polluted its water and air, which re- 

quires a comprehensive renaissance in all fields and economic activities [1]. This is what 

happens with the intensification of the efforts of researchers in all specializations to con- 

duct studies and research that would reduce what afflicted the country [2], [3]. Of pollution, 

diseases and pests that affected the health, agricultural and industrial aspects, so this study 

came to address the health aspect due to its importance on the developmental level because 

it is concerned with the human element, which is responsible for construction and recon- 

struction and keeping pace with progress and civilizational development [4], [5]. 

One of the components of building health is preventing all diseases, including kid- 

ney failure, which causes high rates of death. Given the recent increase in the number of 

people infected with this disease, this study came in order to reveal this phenomenon, 

which has increased in Thi-Qar Governorate, one of the governorates affected by bacterial 

and biological weapons. And the severe shortage in health and therapeutic care. The study 

relied on monthly data on the numbers of people infected with kidney failure for the pe- 

riod (2020-2023) as a time series for the purpose of analyzing it to reach the best model to 
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predict the numbers of people infected with this disease for subsequent periods in order 

to take the necessary measures to reduce this phenomenon in the future. 

2. Materials and Methods 

The following is a summary of the methods used to use time series analysis to an- 

ticipate the number of people in Thi-Qar Governorate who would have renal failure: gath- 

ering, preprocessing, analyzing time series, evaluating models, and forecasting data. The 

investigation and analysis of monthly data on the number of patients with kidney failure 

in Thi-Qar Province for the period (2020–2023) was done in this work using time series 

models, which were arranged in order of patient numbers for the period (2024–2025). Be- 

cause it has the lowest mean square error (MSE), the integrated autoregressive model of 

order ARIMA (4, 0, 1) is the most appropriate and acceptable model, according to the data 

analysis results. The most accurate model projected the monthly number of individuals 

with kidney failure for the next two years and the predictive value was consistent with the 

original values and this indicates the efficiency of the model. 

Study the time series and use one of the time series models as a statistical model for 

the purpose of using it to predict the numbers of people with kidney failure in Thi-Qar 

Governorate for the period (2020-2023) through the use of the Minitab program. This item 

deals with a review of some general concepts by presenting the stages of building a time 

series model based on the algorithm drawn up by the researchers (Box & Jenkins) in 1976 

[6], which begins with the first stage, which is diagnosing the appropriate model for the 

data, followed by the stage of estimating the parameters of the diagnosed model, and then 

comes the examination stage. Fitting the diagnosed model. If the model is appropriate, the 

final stage comes, which is the stage of future prediction. 

3. Results and Discussion 

3.1. Basic Concept 

3.1.1. Forecasting 

Demand forecasting is defined as an attempt to estimate a need for a specific good 

or service, a specific phenomenon, or a mixture of goods during a future period of time. It 

is also known as the art and science of anticipating events in the future. 

3.1.2. Definition of Time Series 

It is a set of observations of a specific phenomenon during a period of time. The time 

series is defined mathematically as a sequence of random variables defined within a mul- 

tivariate probability space and indexed by the index t, which refers to an index set T. The 

time series is usually symbolized {X(t), t} or for short X(t) it consists of two variables, one 

of which is explanatory, which is the time variable, and the other is the response variable, 

which is the value of the phenomenon studied. The statistical series can be represented as 

follows: 

 

Where is, 

𝑿𝒕 = 𝒇(𝒕) + 𝜶𝒕 ,  𝒕 = 𝟎, ±𝟏 , ±𝟐 , … (𝟏) 

𝑓(𝑡) = Represents the regular part expressed by a mathematical function 

𝜶𝑡 = Represents the random part and may be called noise 

Time series can be represented in a graphical form, and the time series can be of a 

deterministic type, for example: 

𝑋𝑡 = 𝐶𝑜𝑠𝑖𝑛2𝜋𝑓(𝑡)  ,  𝑡 = 0 , ±1 , ±2 , … (2) 
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𝑋 

𝑋 = 𝑛 ∑ ℎ 

 

 

3.1.3. Time Series Stationary 

The stationary and instability of data is important in analyzing time series as well as 

in finding the appropriate mathematical model for it, and drawing the time series in the 

period (𝑡, 𝑡 + ℎ) may sometimes be identical to drawing the series in another period 

(𝑠, 𝑠 + ℎ) and this It indicates that there is temporal uniformity in the behavior of the 

series, which is called stationary. One of the conditions for time series is that the time series 

𝑋𝑡 be stable as well it is assumed that the model parameters are known, which achieves 

the least value of the mean squares error, this means: 

𝑋𝑡+𝑚 = 𝐸(𝑋𝑡+𝑚), 𝑚 = 1 ,2 , … (3) 

We can say that the time series is stable based on the graph of observations, as well 

as if it has an arithmetic mean and variance that is free of effects. It is stationary under the 

conditions below: 

1) Arithmetic average is constant, that is 𝐸(𝑋𝑡) = 𝜇 

2) The value of the variance is constant, that is 𝑉𝑎𝑟(𝑋𝑡) = 𝜎2 

3) Having the two series 𝑌𝑡+ℎ, 𝑌𝑡 has a correlation and variance that depends on 

the displacement h only, that is 𝛾ℎ = 𝐸(𝑋𝑡 − 𝜇)(𝑋𝑡+ℎ − 𝜇) it depends on the 

absolute value of ℎ only, ℎ = 1,2, … , 𝑚, and it can also be verified using 

autocorrelation functions by using the chi-square measure: 

𝑚 

2 
(𝑚−1) 

ℎ=1 

 
𝑃2 (4) 

Where is, 

𝑃ℎ = The autocorrelation of the Y values is represented by a shift of ℎ 

𝑚 = The largest time regression period and is usually equal to (
𝑛
) the calculated 

2 

Chi-square value is compared with the tabulated value. 

In the case that the time series is no stationary on average, that is, it does not have 

stationary in the general trend, we resort to taking difference operations to make the time 

series, which is symbolized by the symbol 𝛻, by applying the following formula: 

𝛻𝑋𝑡 = 𝑋𝑡 − 𝑋𝑡−1 = (1 − 𝛽)𝑋𝑡 (5) 

Where 𝛽 is called the back difference indicator. Thus, the time series becomes stable 

after taking (𝑑) from the differences, i.e 

𝑋𝑡 = 𝛻𝑑𝑋𝑡 ,  𝑑 ≥ 1 (6) 

If the time series is no stationary in variance, it is treated through data transformation 

methods such as natural logarithmic transformation, logistic transformation, natural root 

transformation, and Box-Cox transformation. Time series transformations may lead us to 

find a stationary time series. In general, ARIMA models and time series transformations 

give important functions for estimation, and this case is similar to fitting models in the case 

of smooth. 

 

3.2. Time Series Models 

Non-seasonal time series models include stationary and no stationary ones. Below 

are the types of common non-seasonal time series model: 

3.2.1. Autoregressive model (AR) 
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One of the first to study stationary time series models was the scientist Yule in 1926, 

where he studied the autoregressive model 𝐴𝑅(𝑃) and continued his path to the general 

model of autoregressive models. The general formula for this model is of rank (𝑃) and 

abbreviated 𝐴𝑅(𝑃) is: 

𝑋𝑡 = 𝐶 + ∅1𝑋𝑡−1 + ∅2𝑋𝑡−2 + ⋯ + ∅𝑝𝑋𝑡−𝑝 + 𝑎𝑡 (7) 

Where is, 

𝑎𝑡 = Represents random error, which has a normal distribution with a 

mean equal to zero and variance 𝜎2 

𝐶 = Represent a constant 

∅1, ∅2, … , ∅𝑝 = Represent parameters of the autoregressive model where 

−1 < ∅ < 1. The autocorrelation function decreases exponentially 

with increasing displacement periods ℎ , while the partial 

autocorrelation function (𝑃𝐴𝐶𝐹) cats after the period 𝑃 . For 

example, when 𝑃 = 1, that in the case of 𝐴𝑅(1), then the above 

equation becomes as follows: 

𝑋𝑡 = 𝐶 + ∅1𝑋𝑡−1 + 𝑎𝑡 (8) 

 

3.2.2. Moving Average Model (MA) 

The moving average models 𝑀𝐴(𝑞) and developed the general formula for this 

model of rank (𝑞) and in short 𝑀𝐴(𝑞) is: 

𝑋𝑡 = 𝐶 − 𝜃1𝑎𝑡−1 − 𝜃2𝑎𝑡−2 − ⋯ − 𝜃𝑞𝑎𝑡−𝑞 + 𝑎𝑡 (9) 

Where 𝑎𝑡, 𝐶 are explained above. 𝜃1, 𝜃2, … , 𝜃𝑞 represent the parameters of moving 

averages and −1 < 𝜃 < 1. The above equation represents the moving average model of 

rank 𝑞 and the model rank is determined from its autocorrelation function, which cats 

after a period of 𝑞 while the partial autocorrelation function gradually decreases in a 

descending curve. For example, when (𝑞 = 2), in the case of 𝑀𝐴(2), equation (9) is in the 

form of the following: 

𝑋𝑡 = 𝐶 − 𝜃1𝑎𝑡−1 − 𝜃2𝑎𝑡−2 + 𝑎𝑡 (10) 

 

3.2.3. Mixed Autoregressive Moving Average Model (ARMA) 

The researcher Slutzky completed the creation of the model in a mixed form, and the 

researcher Wold completed the path in 1938, when he developed these two models with a 

series of operations in three directions in performing the estimation, and he called them 

the processes of autoregressive models and moving averages, as this model represents a 

mixture of, 𝐴𝑅(𝑃) model with 𝑀𝐴(𝑞) model and is symbolized by its abbreviation. 

𝐴𝑅𝑀𝐴(𝑃, 𝑞) is used if the data is stationary. The general formula for this model of rank 

(𝑃, 𝑞) is: 

𝑋𝑡 = 𝐶 + ∅1𝑋𝑡−1 + ∅2𝑋𝑡−2 + ⋯ + ∅𝑝𝑋𝑡−𝑝 + 𝑎𝑡 − 𝜃1𝑎𝑡−1 − 𝜃2𝑎𝑡−2 − ⋯ − 𝜃𝑞𝑎𝑡−𝑞  (11) 

Autocorrelation and partial autocorrelation functions gradually decrease. For 

example 𝐴𝑅𝑀𝐴(1,1) is as follows: 

𝑋𝑡 = ∅1𝑋𝑡−1 − 𝜃1𝑎𝑡−1 + 𝐶 + 𝑎𝑡 (12) 
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3.2.4. Integrated mixed models (ARIMA) 

Box & Jenkins 1976 described the models comprehensively and put together a 

method or approach to related information in understanding and treating stationary in 

data, and they arrived at the model called the autoregressive model and integrated moving 

averages. This models contain of three models, first model is 𝐴𝑅(𝑃), which is usually used 

in the forecasting process for time series. The second model is 𝑀𝐴(𝑞) model and the third 

part 𝐼(𝑑) represents the differences that the series requires in order for it to be stationary. 

Therefore, it expresses Auto Regressive Integrated Moving Average Models that are not 

Seasonality according to the 𝐴𝑅𝐼𝑀𝐴 formula of the rank (𝑝, 𝑑, 𝑞) where 𝑞 rank of 𝐴𝑅 

model, 𝑞 rank of 𝑀𝐴 model and d the number of variances that make the series 

stationary. 𝐴𝑅𝐼𝑀𝐴 is used more than other models, so are all models can be derived from 

them, whether autoregressive, moving averages, or mixed. The integrated mixed model is 

written in the form 𝐴𝑅𝐼𝑀𝐴 (𝑝, 𝑑, 𝑞) and takes the following formula: 

∅(𝛽)(1 − 𝛽)𝑑𝑍𝑡 = 𝐶 + 𝜃(𝛽)𝑎𝑡 (13) 

Where, 

∅(𝛽) = 1 − ∅1𝛽 − ∅2𝛽2 − ⋯ − ∅𝑝∅𝑝 

𝜃(𝛽) = 1 − 𝜃1𝛽 − 𝜃2𝛽2 − ⋯ − 𝜃𝑞𝛽𝑞 

 

Let 𝛻𝑑𝑍𝑡 = 𝑋𝑡 then the general formula of the integrated mixed model is: 

𝑋𝑡 = 𝐶 + ∅1𝑋𝑡−1 + ⋯ + ∅𝑝𝑋𝑡−𝑝 + ⋯ + 𝑑𝑋𝑡−𝑝−𝑞 + 𝑎𝑡 − 𝜃1𝑎𝑡−1 − ⋯ − 𝜃𝑞𝑎𝑡−𝑞  (14) 

 

3.3. Application 

The data was collected, which consists of a time series consisting of 48 observations, 

dating back to the period from January 2020 until December 2023. This data represents the 

number of people with kidney failure in Thi-Qar Governorate and was taken from the 

records of Al-Hussein Teaching Hospital, as shown in Table 1. 

 

Table 1. Number of people with kidney failure 

 
Month Year 

   

 2020 2021 2022 2023 

January 120 166 170 191 

February 132 187 176 230 

March 150 143 180 224 

April 161 162 180 222 

May 143 174 183 244 

June 192 190 175 248 

July 155 137 200 241 

August 131 141 214 252 

September 176 194 209 259 

October 198 184 218 251 

November 178 178 214 223 

December 167 188 230 223 
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3.4. Identification Model 

To choose the best model from the time series models for the numbers of people with 

kidney failure, the mean squares error (MSE) criterion was used, which is given according 

to the following formula: 
∑𝑛 (𝑌𝑡 − 𝑌̂𝑡 )2  

𝑀𝑆𝐸 = 
  𝑖=1  

𝑛 − (𝑘 + 1) 

Where 𝑛 number of observation , 𝑘 number of parameters. 

 

3.5. Data Format 

To know the pattern taken by the data shown in Table 1, it is necessary to plot the 

time series and the autocorrelation functions 𝐴𝐶𝐹 and partial autocorrelation 𝑃𝐴𝐶𝐹 for 

the numbers of people with kidney failure as in the following figures: 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. The frequency curve of the time series (the curve of the number of people with 

kidney failure) 
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Figure 2. Autocorrelation function for the time series 

 

 

Figure 3. Partial autocorrelation function for the time series 

 

By plotting the time series, 𝐴𝐶𝐹 and 𝑃𝐴𝐶𝐹 functions a group of models close to 

each other was chosen, which are considered the best models. By drawing the time series 

and the behavior of 𝐴𝐶𝐹 and 𝑃𝐴𝐶𝐹 functions, and to choose the best model by matching 

these coefficients with the theoretical behavior described for them, we relied on Another 

method for determining the appropriate model is by using a table of residual indicators 
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for the applied models, which suggests that the best model has the lowest (𝑀𝑆𝐸), as in 

Table 2. 

 

Table 2. Mean Square Error of models 

 ARIMA Models  MSE  

ARIMA(1,1,1) 403.6 

AR(4) 371.3 

ARIMA(2,1,0) 382.7 

ARIMA(3,1,0) 371.8 

ARIMA(4,1,0) 377.6 

ARIMA(4,0,1) 365.7 

ARIMA(3,1,1) 399.8 
 ARIMA(3,0,1)  378  

We conclude that the lowest value for the comparison criterion shown above is 

carried by the sixth model, and therefore the 𝐴𝑅𝐼𝑀𝐴 (4, 0, 1) model is the best model and 

is the appropriate model for representing time series data. 

 

3.6. Estimation 

The results below are estimated parameters 𝐴𝑅𝐼𝑀𝐴 (4, 0, 1) model alculated using 

the program Minitab and applying the Ordinary Least Square method. On the time series 

data the following results were obtained: 
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Figure 4. 𝐴𝐶𝐹 for the residuals of the estimated model 

 

Figure 5. 𝑃𝐴𝐶𝐹 for the residuals of the estimated model 
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Figure 6. Normal distribution of the estimated model residuals 

 

3.6. Forecasting 

In this item, the model in Paragraph (8) is used to forecasting the number of people 

with kidney failure in Thi-Qar Governorate for the period (2024-2025) as follow: 

 

Table 3. Number of people with kidney failure 

Year 

Month 2024 2025 

January 232 230 

February 235 236 

March 223 231 

April 233 237 

May 230 232 

June 233 238 

July 228 232 

August 235 238 

September 229 233 

October 234 239 

November 230 234 

December 236 240 

 

4. Conclusion 

We conclude that the efficient and appropriate model is the integrated autoregres- 

sive model, 𝑨𝑹𝑰𝑴𝑨 (𝟒, 𝟎, 𝟏), it used to forecast the number of people with kidney failure 

in Thi-Qar Governorate for the period (2024-2025). We recommend taking into account the 

results of this research, which shows an increase in the number of people suffering from 

kidney failure over time, which requires taking the necessary measures by the competent 

authorities to reduce this phenomenon. 
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