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Abstract: Leukemia is a group of malignant blood disorders characterized by the
uncontrolled proliferation of abnormal white blood cells, leading to impaired bone
marrow function and reduced immunity. The main objective of this study is to apply
ARIMA time series models to the four major types of leukemia Acute Lymphoblastic
Leukemia (ALL), Acute Myeloid Leukemia (AML), Chronic Lymphocytic Leukemia
(CLL), and Chronic Myeloid Leukemia (CML) using monthly patient data collected
from Nanakali and Hiwa Hospitals. The study aims to evaluate, compare, and select the
most suitable ARIMA models for forecasting leukemia trends in both hospitals. A total
of 17 years of monthly observations were analyzed, representing one of the most
comprehensive leukemia datasets available in the Kurdistan Region. Model
performance was assessed using the Akaike Information Criterion (AIC) and Bayesian
Information Criterion (BIC) to identify the most suitable ARIMA structure for each
leukemia type. The study applied ARIMA time series models to forecast four major
leukemia types ALL, AML, CLL, and CMLusing monthly data from Nanakali and
Hiwa Hospitals (2007-2023). Results revealed statistically significant differences in
mean observed and forecasted values between the hospitals for most leukemia types.
The best-fitting ARIMA models varied by type and hospital, providing accurate
predictions for hospital planning and resource allocation.

Keywords: Leukemia, Time series, Akaike Information Criterion, Bayesian
Information Criterion
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Introduction

Leukemia refers to a group of cancers affecting blood-forming tissues, primarily the bone marrow
and lymphatic system. It disrupts the normal production of white blood cells, leading to
immunodeficiency, anemia, and bleeding disorders (Bispo et al., 2019; Whiteley et al., 2021). The
disease can progress rapidly or slowly depending on its type, age group, and biological
characteristics. Leukemia remains a major global health burden, particularly in developing countries
where early detection and treatment resources are limited. Understanding its epidemiological trends
is essential for improving clinical planning and public health strategies.

The Four main types of Leukemia, which was classified into four major types based on cell lineage
and progression. Acute Lymphoblastic Leukemia (ALL) is characterized by the rapid accumulation
of immature lymphoid cells and is the most common cancer in children (Pui et al., 2021). Acute
Myeloid Leukemia (AML) involves the uncontrolled growth of myeloid precursors, leading to bone
marrow failure and rapid progression if untreated. Chronic Lymphocytic Leukemia (CLL) affects
mature lymphocytes and progresses slowly, primarily impacting older adults. In contrast, Chronic
Myeloid Leukemia (CML) is associated with the Philadelphia chromosome abnormality and
typically progresses in three phases, from chronic to blast crisis (Jabbour & Kantarjian, 2020).
These four types vary significantly in incidence, clinical features, survival rates, and treatment
responses, making comparative epidemiological studies crucial for improving disease management
and forecasting future healthcare needs.

Time series refers to a sequence of observations collected at regular intervals over time (Omer, et
al, 2023). It is widely used to analyze temporal patterns, detect trends, identify seasonal
fluctuations, and understand past behavior for improved decision-making (Ahmed, et al, 2023). In
healthcare, time series analysis helps track disease incidence, monitor outbreaks, and evaluate long-
term public health interventions. By examining how values evolve chronologically, researchers can
identify systematic movements that may not be visible through cross-sectional data. Understanding
these patterns is essential for effective forecasting, planning, and policy development, particularly
for chronic diseases such as leukemia that show long-term variability in hospital admissions and
diagnosis rates. (Chatfield, 2019)

Time series forecasting involves predicting future values based on historical patterns and
mathematical modeling. It is a fundamental tool in healthcare analytics, enabling hospitals to
anticipate patient loads, estimate resource needs, and plan treatment capacity (Hyndman &
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Athanasopoulos, 2018). Forecasting methods capture key components such as trend, seasonality,
and random fluctuations to project likely future outcomes. In disease surveillance, accurate
forecasting supports early warning systems, reduces uncertainty, and enhances the preparedness of
medical institutions. Forecasting leukemia cases is particularly important for oncology centers,
where treatment resources such as chemotherapy units, laboratory diagnostic capacity, and blood
product supplies must be carefully planned. Time series forecasting provides a scientific foundation
for improving operational efficiency and health service delivery
The Autoregressive Integrated Moving Average (ARIMA) model is one of the most widely used
time series forecasting techniques due to its flexibility and strong predictive performance. ARIMA
combines three key components autoregression (AR), differencing (I), and moving average (MA) to
capture temporal dependencies and stabilize non-stationary data (Box et al., 2016). It is particularly
effective for forecasting medical and epidemiological data where trends and irregular patterns
frequently occur. ARIMA models can be optimized using diagnostic criteria such as the Akaike
Information Criterion (AIC) and Bayesian Information Criterion (BIC), which help identify the
best-fitting structure. In healthcare forecasting, ARIMA provides reliable short-term predictions and
supports strategic planning, making it suitable for modeling leukemia incidence trends.

1%: Objective of the Research

The main objective of this study is to apply ARIMA time series models to the four major types of
leukemia Acute Lymphoblastic Leukemia (ALL), Acute Myeloid Leukemia (AML), Chronic
Lymphocytic Leukemia (CLL), and Chronic Myeloid Leukemia (CML) using monthly patient
data collected from Nanakali and Hiwa Hospitals. The study aims to compare the epidemiological
patterns and monthly incidence trends of these leukemia types between the two hospitals from 2007
to 2023, and to apply ARIMA models for forecasting in order to examine differences in model
behavior and predictive performance across leukemia categories. In addition, the research seeks to
identify the most suitable ARIMA model for each leukemia type through AIC and BIC evaluation,
producing accurate and data-driven forecasts that can enhance hospital planning, early
preparedness, and oncology resource allocation

2nd: Materials and Methods

This study employed a quantitative time series approach using monthly leukemia case data from
Nanakali and Hiwa Hospitals for the period 2007-2023. The dataset included four leukemia types:
ALL, AML, CLL, and CML. Preprocessing steps included data cleaning, handling missing values,
and converting raw data into monthly time series format. Stationarity was assessed using the
Augmented Dickey—Fuller (ADF) test. ARIMA models were applied to each leukemia type for both
hospitals. Candidate models were evaluated through ACF/PACF diagnostics, residual analysis, and
comparison of AIC and BIC values. The best-fitting ARIMA model for each leukemia type was
selected and used to generate forecasts. All analyses were conducted using R software with the
forecast and series packages

3rd: Forecasting Model

Leukemia is a malignant disorder of blood-forming tissues characterized by uncontrolled
proliferation of abnormal white blood cells, impairing immunity, bone marrow function, and overall
hematologic stability. A time series is a sequence of observations recorded at regular intervals, used
to analyze temporal patterns, trends, and fluctuations, thereby supporting statistical modeling of
dynamic processes over time. Forecasting leukemia types involves examining historical incidence
data to predict future trends in ALL, AML, CLL, and CML, enabling improved clinical
preparedness and optimized oncology resource planning. The AutoRegressive Integrated Moving
Average (ARIMA) model is a statistical forecasting technique that integrates autoregressive
components, differencing, and moving averages to effectively capture temporal structures and
generate reliable short-term predictions. This study introduces the concepts of the ARIMA model,
providing more detailed information as follows.
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e Auto Regressive Integrated Moving Average ARIMA Model

he ARIMA (Auto Regressive Integrated Moving Average) model is one of the most widely used
statistical methods for time series forecasting. It combines three fundamental components: The
Auto Regressive (AR) process, the Moving Average (MA) process, and differencing to handle non-
stationarity in the data (Box & Jenkins, 1976, Muangkhoua,2019). These components have been
extensively utilized in diverse applications, serving as foundational tools in univariate time series
modeling (Fattah, et al ,2018)

e Auto Regressive (AR) Process:

The AR process models the current value of the series as a linear combination of its previous values
and a stochastic error term. Mathematically (Kadri, et al, 2023), an AR process of order p is
represented as:

Xe=C+ 01 Xeq + DX 5+ 03X 5+ +0,X p+e t=12,..T (D

where X; is the current value, c is a constant term, @; are the autoregressive coefficients, and &;is a
white noise error term. This model captures the linear dependence between an observation and its
lagged values. (Guha & Bandyopadhyay, 2016).

e Moving Average (MA) process:

The MA process models the current value of the series as a linear combination of past error terms.
An MA process of order ¢ is expressed as

Xe =& — 0161 — 065 — Oz6¢3 = — 0584 (2)

where 6; are the moving average coefficients, representing the influence of previous shocks on the
current observation (Zhang & Meng,2023)

e Auto Regressive Moving Average (ARMA) process:

By combining AR and MA processes, the ARMA model captures both lagged observations and
lagged errors:

Xe=c+ 01 Xp g + 02X o+ -+ 0pXe ) + & — 0161 — O35 3 — - — Oy 3)

ARMA models assume the time series is stationary. However, many real-world datasets, including
fertility rates or airport passenger flows, exhibit trends or non-stationarity (Gorgess,2017)

¢ Integrated component (I): ARIMA (p, d, q) model

The ARIMA model extends ARMA to non-stationary series by introducing differencing. For a
series X, that is non-stationary, first-order differencing can be applied: (T Kahwachi & Khalid,
2023)

AXy = Xe — Xe—q 4)
The general ARIMA (p, d, q) model is then expressed as
AdXt = C + QlAdXt_l + + @pAdXt_p + gt - ngt—l —_ = qut—q (5)

where d denotes the order of differencing

If p =q = 0and d = 1, the model reduces to a random walk . ARIMA (p, d, q) which implies the
next value is equal to the previous value plus a random error, reflecting a simple non-stationary
process (Jenkins & P, 1976). The ARIMA model is highly flexible, allowing it to model a wide
range of linear time series behaviors (Hussein,2024). AR captures the memory effect of past
observations, MA captures the influence of past shocks or errors, and the integration component
ensures stationarity (Kharista, et al, 2015).

4th; Testing for stationary using the Dickey-Fuller Test

The Dickey-Fuller test assesses stationary in time series data, identifying whether a unit root is
present (Dickey & Fuller, 1979; Hamilton, 1994; Enders, 2014). Stationary is essential for reliable
forecasting with models like ARIMA. The test's formula is:

AYy =x +BY_1 + 6t + € (6)
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Where : AY; = Y — Y;_; and «: The intercept or constant term, representing a fixed value that
affects allobservations in the time series. Including a\alphaa allows the test to account for a non-
zero mean in the series. (3:: The coefficient of Y;_;, representing the effect of the previous time
period’s value on the current change. 8t represents a deterministic trend component €, is white
noise.

The following presumptions guide the test's execution:
HO :The unit root is present and is non-stationary. vs HI: The unit root is not existing and is
stationary.

5th; Measuring Forecast Accuracy

The Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC) are widely used
to evaluate and compare the performance of forecasting models. Both criteria consider the goodness
of fit of the model while penalizing model complexity to avoid overfitting (Xin, 2022; Zhang &
Meng,2023). The smaller the AIC or BIC value, the better the model balances fit and simplicity.

AIC =n X In(=) + 2k (7)
BIC=n XIn(=5) +k xIn(n) (8
Where: n is number of observations (time periods), k is number of estimated parameters in the

model, SSE = Y (x; — &;)% = is sum of squared error. x; is actual value at time t and %; is
forecasted value at time ¢t

6': Results

In this study, monthly time series data for the four major leukemia types ALL, AML, CLL, and
CML were collected from Nanakali and Hiwa Hospitals for the period 2007 to 2023 to analyze
temporal patterns and generate forecasts. The ARIMA modeling framework discussed earlier was
applied to each leukemia type in both hospitals to evaluate incidence trends and identify the most
suitable forecasting structure. All analyses were performed using RStudio, where model parameters
were estimated and diagnostic checks were conducted. Figures representing the observed data and
model behavior are presented in the results section. The original monthly incidence data for the four
major leukemia types Acute Lymphoblastic Leukemia (ALL), Acute Myeloid Leukemia (AML),
Chronic Lymphocytic Leukemia (CLL), and Chronic Myeloid Leukemia (CML) collected from
2007 to 2023 were analyzed to identify temporal patterns. The data can be seen in Figure 1, which
shows the distribution of ALL, AML, CLL, and CML cases at Nanakali Hospital and Figure 2
presents the corresponding data for Hiwa Hospital, showing the distribution of ALL, AML, CLL,
and CML cases. To determine the best forecasting models for leukemia incidence from 2024 to
2030, candidate ARIMA models were compared using Akaike Information Criterion (AIC) and
Bayesian Information Criterion (BIC). The model with the lowest AIC and BIC was selected as the
optimal forecasting model for each leukemia type. Forecast results were further examined for
consistency and reliability, enabling a comparative assessment of leukemia trends between the two
hospitals. Overall, the forecasting outputs provide valuable insights for oncology planning and early
preparedness in the Kurdistan Region.
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Testing for stationary using the Dickey-Fuller Test:

The following presumptions guide the test's execution
HO: The unit root is present and is non-stationary's H1: The unit root is not existing and is
stationary.

Table (1): Augmented Dickey—Fuller (ADF) Test for Original Series

Hospital Series ADF Original P Original Diff Used ADF Stationary P Stationary

ALL 3.65716 0.02926 0 13.65716 0.02926
Namakali | AML -1.49705 0.7868 1 -8.86657 0.01
CLL 2212074 0.52549 1 28.01183 0.01
CML -5.43087 0.01 0 ©5.43087 0.01

ALL 3.8241 0.01898 0 3.8241 0.01898
, AML 2535375 0.01 0 2535375 0.01
Hiwa CLL -4.55925 0.01 0 455925 0.01
CML 4.01732 0.01 0 401732 0.01

The Augmented Dickey—Fuller (ADF) test was conducted to assess the stationarity of the leukemia
time series at Nanakali and Hiwa Hospitals (Table 1). For Nanakali Hospital, the ALL and CML
series were stationary in their original form, with ADF statistics of -3.65716 and -5.43087 and
corresponding p-values of 0.02926 and 0.01, indicating that no differencing was required (d = 0). In
contrast, the AML and CLL series were non-stationary initially, with p-values of 0.7868 and
0.52549 exceeding 0.05. After first differencing, both series became stationary (ADF = -8.86657, p
=0.01 for AML; ADF = -8.01183, p = 0.01 for CLL), suggesting a differencing order of d = 1. At
Hiwa Hospital, all four leukemia series (ALL, AML, CLL, and CML) were stationary in their
original form, with ADF statistics ranging from -3.8241 to -5.35375 and p-values below 0.05,
indicating that differencing was unnecessary (d = 0)

Table (2): compare the real value types of the Leukemia between Nanakali and Hiwa Hospitals

Leukemia Hospital N Mean S.D t-test p-value

Nanakali 204 26.5686 2.25912

ALL - 6.845 0.000
Hiwa 204 25.0343 2.26861
Nanakali 204 27.5196 2.33724

AML - -1.284 0.200
Hiwa 204 27.7892 1.88059
Nanakali 204 28.6176 2.09171

CLL ; 0.430 0.668
Hiwa 204 28.5245 2.28389
Nanakali 204 27.6569 3.74428

CML ; -2.132 0.034
Hiwa 204 28.2892 1.98012

The comparative analysis of leukemia types between Nanakali and Hiwa Hospitals, as shown in
Table 2, reveals notable differences in the mean values for each type. For Acute Lymphoblastic
Leukemia (ALL), the mean at Nanakali Hospital (26.57) is higher than at Hiwa Hospital (25.03),
and this difference is statistically significant (t = 6.845, p < 0.05), indicating a meaningful variation
between the two hospitals for this leukemia type. In contrast, for Acute Myeloid Leukemia (AML),
Nanakali’s mean (27.52) is slightly lower than Hiwa’s (27.79), but this difference is not statistically
significant (t = -1.284, p = 0.200), suggesting no substantial difference between the hospitals.
Similarly, for Chronic Lymphocytic Leukemia (CLL), the means are very close (Nanakali: 28.62,
Hiwa: 28.52) with a non-significant t-test result (t = 0.430, p = 0.668), indicating similar levels
between the two settings. However, for Chronic Myeloid Leukemia (CML), Nanakali’s mean
(27.66) is slightly lower than Hiwa’s (28.29), and this difference reaches statistical significance (t =
-2.132, p = 0.034), suggesting a modest but significant difference between the hospitals in CML
cases.

ISSN:2222-2995 E-ISSN:3079-3521 Vol. 16 No.1 820



I R H D I University of Kirkuk Journal For Administrative

Academic Sclentific Journals and Economic Science (2026) 16 (1): 814-825

Estimated Best Model forecasted

As in the previous process, the data on types of leukemia were analyzed using ARIMA models.
Prior to modeling, it was ensured that the data met all necessary assumptions and were suitable for
time series forecasting. Table 3 presents the Akaike Information Criterion (AIC) and Bayesian
Information Criterion (BIC) values for several ARIMA models tested to forecast each type of
leukemia in both Nanakali and Hiwa Hospitals. The main objective of this analysis is to identify the
ARIMA model that provides the most accurate and reliable forecasts for each leukemia type, as
indicated by the lowest AIC and BIC values.

Table (3): Best Models to forecasting types of Leukemia between Nanakali and Hiwa

Hospitals Nanakali Hiwa

Leukemia Best Model Best AIC Best BIC Best Model Best AIC Best BIC
ALL ARIMA(1,1,1) 877.972 891.225 ARIMA(2,0,2) 866.302 889.529
AML ARIMA(1,1,1) 779.64 792.893 ARIMA(1,1,1) 843.187 856.44
CLL ARIMA(1,1,1) 661.588 674.84 ARIMA(1,0,1) 901.895 918.486
CML ARIMA(2,0,2) 997.609 1,020.84 ARIMA(2,1,2) 818.462 838.341

The results in Table 3 indicate the optimal ARIMA models for forecasting different types of
leukemia at Nanakali and Hiwa Hospitals based on the lowest AIC and BIC values. For Nanakali
Hospital, ALL, AML, and CLL are best modeled using ARIMA (1,1,1), suggesting that these series
exhibit similar patterns of trend and autocorrelation that are effectively captured by a first-order
autoregressive and moving average component with one level of differencing. CML at Nanakali,
however, is best represented by ARIMA (2,0,2), indicating a more complex structure with higher-
order autoregressive and moving average components without differencing. At Hiwa Hospital, the
optimal models differ across leukemia types: ALL is best forecasted by ARIMA (2,0,2), AML by
ARIMA (1,1,1), CLL by ARIMA (1,0,1), and CML by ARIMA(2,1,2).

Estimated Model forecasting

The forecasting results presented in Table 4 illustrate the predicted values of different leukemia
types at Nanakali and Hiwa Hospitals based on the best-selected ARIMA models. For Nanakali,
ALL, AML, and CLL were modeled using ARIMA (1,1,1), while CML used ARIMA (2,0,2). At
Hiwa Hospital, ALL followed ARIMA (2,0,2), AML ARIMA (1,1,1), CLL ARIMA (1,0,1), and
CML ARIMA (2,1,2). The forecasted values across 50 steps show gradual and consistent trends for
each leukemia type, indicating that the models capture the underlying temporal patterns effectively.
These predictions provide valuable insights for hospital planning, resource allocation, and proactive
clinical management of leukemia cases. The results are visually represented in Fig. 3, showing the
forecasting values of leukemia types in Nanakali, and Fig. 4, showing the forecasting values in
Hiwa Hospital.

Table (4): forecasting value of types of Leukemia between Nanakali and Hiwa depends on the Best Models

Hospitals Nanakali Hiwa
Step ALL AML CLL CML ALL AML CLL CML
1 24.5277 29.1726 29.0505 28.038 25.2394 27.4149 30.1216 30.6269

2 24.9682 29.233 29.0585 28.4932  26.0629  27.5385 30.06 30.7984
3 25.091 29.2208 29.0581 28.6776  26.9405 27.5474 30.009 30.3804
4 25.1211 29.2146 29.056 28.5586  27.4574 @ 27.5461 29.967 30.6868
5
6
7

25.124 29.208 29.0535 28.3361 27.4718 27.5439  29.9327 30.417
25.119 29.2013 29.051 28.214 271114  27.5417 29.905 30.6668
25.1116 29.1947  29.0484  28.2497  26.6458 27.5394  29.8829 30.4665
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25.1036 29.188 29.0459  28.3654  26.3254  27.5371 29.8656 30.661

9 25.0954 29.1814 29.0433 28.4527 26.2696 27.5348 29.8524 30.5106
10 25.0872 29.1747 29.0408 28.4628 26.4444 27.5325 29.8426 30.6619
11 25.0789 29.1681 29.0382 28.4206 26.7173 27.5302 29.8359 30.5494
12 25.0706 29.1614 29.0357 28.3802 26.9437 27.528 29.8316 30.6676
13 25.0624 29.1547 29.0331 28.375 27.0372 27.5257 29.8296 30.584
14 25.0541 29.1481 29.0306 28.4008 26.9951 27.5234 29.8294 30.6769
15 25.0458 29.1414 29.0281 28.4322 26.8785 27.5211 29.8308 30.6155
16 25.0375 29.1348 29.0255 28.4491 26.7676 27.5188 29.8335 30.689
17 25.0292 29.1281 29.023 28.4488 26.7198 27.5165 29.8374 30.6445
18 25.021 29.1215 29.0204 28.4424 26.7483 27.5143 29.8423 30.7032
19 25.0127 29.1148 29.0179 28.4414 26.8278 27.512 29.848 30.6717
20 25.0044 29.1082 29.0153 28.4491 26.9156 27.5097 29.8544 30.7191
21 24.9961 29.1015 29.0128 28.4614 26.9758 27.5074 29.8614 30.6974
22 24.9878 29.0949 29.0102 28.4723 26.9946 27.5051 29.869 30.7361
23 24.9796 29.0882 29.0077 28.479 26.9808 27.5028 29.8769 30.7221
24 249713 29.0816 29.0051 28.4827 26.9564 27.5006 29.8853 30.7542
25 24.963 29.0749 29.0026 28.4864 26.9424 27.4983 29.894 30.7459
26 24.9547 29.0683 29 28.492 26.9499 27.496 29.903 30.773
27 24.9464 29.0616 28.9975 28.4994 26.9771 27.4937 29.9122 30.7691
28 24.9382 29.055 28.9949 28.5071 27.0135 27.4914 29.9216 30.7923
29 24.9299 29.0483 28.9924 28.514 27.047 27.4892 29.9312 30.7918
30 249216 29.0417 28.9898 28.52 27.0699 27.4869 29.9409 30.812
31 249133 29.035 28.9873 28.5256 27.0814 27.4846 29.9508 30.8142
32 24.905 29.0284 28.9848 28.5315 27.0861 27.4823 29.9607 30.8321
33 24.8968 29.0217 28.9822 28.5379 27.0908 27.48 29.9708 30.8362
34 24.8885 29.0151 28.9797 28.5446 27.1004 27.4777 29.9809 30.8524
35 24.8802 29.0084 28.9771 28.5512 27.1163 27.4755 29.9911 30.8581
36 24.8719 29.0018 28.9746 28.5575 27.1367 27.4732 30.0014 30.8729
37 24.8637 28.9951 28.972 28.5637 27.1581 27.4709 30.0117 30.8797
38 24.8554 28.9885 28.9695 28.5699 27.1775 27.4686 30.022 30.8936
39 24.8471 28.9818 28.9669 28.5761 27.1934 27.4663 30.0324 30.9013
40 24.8388 28.9752 28.9644 28.5825 27.2066 27.464 30.0428 30.9144
41 24.8305 28.9685 28.9618 28.5889 27.2186 27.4618 30.0533 30.9227
42 24.8223 28.9619 28.9593 28.5953 27.2315 27.4595 30.0637 30.9352
43 24.814 28.9552 28.9567 28.6016 27.246 27.4572 30.0742 30.9441
44 24.8057 28.9486 28.9542 28.6079 27.2622 27.4549 30.0847 30.9561
45 24.7974 28.9419 28.9516 28.6142 27.2793 27.4526 30.0952 30.9654
46 24.7891 28.9353 28.9491 28.6205 27.2962 27.4503 30.1057 30.9771
47 24.7809 28.9286 28.9466 28.6268 27.3123 27.4481 30.1162 30.9867
48 24.7726 28.922 28.944 28.6332 27.3274 27.4458 30.1268 30.9981
49 24.7643 28.9153 28.9415 28.6395 27.3419 27.4435 30.1373 31.0079
50 24.756 28.9087 28.9389 28.6458 27.3564 27.4412 30.1479 31.0191
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Forecasted Values for ALL, AML, CLL, CML
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Fig. (3): forecasting value of types of Leukemia in Nanakali
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Fig. (4): forecasting value of types of Leukemia in Hiwa

Table (5): compare of the forecasting value of types of Leukemia between Nanakali and Hiwa depends on the Best

Models
Leukemia Hospital Mean S.D t-test p-value

Nanakali 24.9409 0.12616

ALL -35.59 0.000
Hiwa 26.9729 0.38349
Nanakali 29.0705 0.09537

AML 110.149 0.000
Hiwa 27.4941 0.03385
Nanakali 29.0010 0.03661

CLL -62.583 0.000
Hiwa 29.9555 0.10145
Nanakali 28.4943 0.11803

CML -82.202 0.000
Hiwa 30.7672 0.15587
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Table 5 presents a statistical comparison of the forecasted values of leukemia types between
Nanakali and Hiwa Hospitals based on the best-selected ARIMA models. For ALL, the mean
forecast at Nanakali (24.94) is significantly lower than at Hiwa (26.97), with a highly significant t-
test result (t = -35.59, p < 0.05), indicating a clear difference in predicted trends. Similarly, AML
shows a higher mean at Nanakali (29.07) compared to Hiwa (27.49), also statistically significant (t
= 110.15, p < 0.05). For CLL, Nanakali’s forecasted mean (29.00) is significantly lower than
Hiwa’s (29.96, t = -62.58, p < 0.05), and for CML, Nanakali (28.49) is again lower than Hiwa
(30.77, t=-82.20, p < 0.05). Overall, these results indicate that the forecasted trends of all leukemia
types differ significantly between the two hospitals, reflecting distinct temporal patterns and
potential differences in hospital-specific case dynamics.

The comparative analysis of both observed and forecasted leukemia values at Nanakali and Hiwa
Hospitals reveals important insights into the temporal dynamics and inter-hospital differences in
leukemia cases. In the original data Table 2, ALL and CML exhibit statistically significant
differences between hospitals, while AML and CLL show no significant variation, indicating that
historical incidence was relatively similar for some types but differed for others. In contrast, the
forecasted values based on ARIMA models Table 5 show significant differences for all leukemia
types, suggesting that predictive trends amplify disparities between hospitals. Notably, ALL and
CLL are projected lower at Nanakali compared to Hiwa, whereas AML shows an inverse pattern,
and CML is markedly higher at Hiwa.

Conclusion and Recommendation

This study applied ARIMA time series models to analyze and forecast the monthly incidence of

four major leukemia types Acute Lymphoblastic Leukemia (ALL), Acute Myeloid Leukemia

(AML), Chronic Lymphocytic Leukemia (CLL), and Chronic Myeloid Leukemia (CML) at

Nanakali and Hiwa Hospitals in the Kurdistan Region of Iraq, using data covering the period from

2007 to 2023. The comparative analysis successfully revealed differences in both observed patterns

and forecasted trends between the two hospitals, providing valuable insights into the

epidemiological dynamics of leukemia in the region.

e The results from the historical (real) data showed that ALL and CML exhibited statistically
significant differences between Nanakali and Hiwa Hospitals, while AML and CLL did not. This
suggests that certain leukemia types may be influenced by hospital-specific factors such as
patient referral patterns, diagnostic capacity, or demographic variations in catchment areas.

e The ARIMA modeling process identified distinct optimal models for each leukemia type and
hospital, demonstrating that the temporal structures of leukemia incidence vary across settings.
For Nanakali Hospital, ARIMA (1,1,1) best fit the patterns of ALL, AML, and CLL, while
ARIMA (2,0,2) was optimal for CML. In contrast, Hiwa Hospital displayed more model
diversity, with best fits of ARIMA (2,0,2) for ALL, ARIMA (1,1,1) for AML, ARIMA (1,0,1)
for CLL, and ARIMA (2,1,2) for CML. These differences highlight the importance of hospital-
specific modeling rather than applying a single forecasting model to all data sources.

e Forecasting results further indicated significant differences between hospitals for all leukemia
types. Nanakali showed lower projected means for ALL, CLL, and CML compared to Hiwa,
whereas AML was forecasted higher at Nanakali. These findings imply that future workload and
resource requirements for leukemia care may differ substantially between hospitals.

e Opverall, this study confirms the usefulness of ARIMA models for understanding leukemia trends
and generating reliable forecasts that support health planning and decision-making. The
significant differences in both observed and predicted leukemia patterns between Nanakali and
Hiwa Hospitals emphasize the need for tailored strategies in cancer management, resource
allocation, and future epidemiological surveillance. Continued monitoring using advanced time
series models is recommended to track evolving leukemia trends and enhance healthcare
preparedness in the Kurdistan Region of Iraq.
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