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Introduction

The global incidence and mortality rates of cancer 
are increasing, and the aging population has been 
identified as a major contributing factor. Older adults 
are disproportionately affected because advancing age 
correlates with an increased risk for cancer and poor 
prognosis [1, 2]. According to the GLOBOCAN Cancer 
Observatory data, the number of new cancer cases is 
projected to increase from 20 million in 2022 to 33 million 
by 2045. Similarly, mortality is expected to increase from 
9.7 million in 2022 to 16.9 million by 2045. This trend is 
mirrored in Southeast Asia, including Thailand, where the 
number of new cases is anticipated to increase from 88.1 
thousand in 2022 to 194.1 thousand by 2045. Mortality 
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is expected to increase from 38.1 thousand in 2022 to 
158.3 thousand cases by 2045 [3]. This demographic shift 
presents oncological challenges, particularly concerning 
treatment tolerance, comorbidity management, and the 
overall quality of life.

Physical aging predominantly affects cancer treatment 
and outcomes. Older adults may experience frailty, 
comorbidities, and cognitive impairments, which impede 
their ability to tolerate cancer therapies [4]. Additionally, 
their limited participation in clinical trials restricts the 
evidence for the treatment of this demographic group. 
Radiotherapy is a vital therapeutic option for older adults 
because it avoids systemic toxicity and does not require 
anesthesia, making it feasible for vulnerable patients 
[5]. Advances in radiation technology, such as image-
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guided radiotherapy, intensity-modulated techniques, and 
hypofractionation schedules, have improved treatment 
precision and reduced the overall treatment duration [6]. 
Despite its importance, the cost of radiotherapy remains 
high. Radiotherapy resources are scarce in low- and 
middle-income countries. A report from the International 
Atomic Energy Agency indicated that the utilization rate 
of radiotherapy was suboptimal in these regions [7]. As 
the incidence of cancer in older adults is increasing, it 
is crucial to predict future radiotherapy requirements, 
including resource planning, staffing, and infrastructure 
development.

Data from the Thai Association of Radiation Oncology 
have indicated a consistent increase in the demand for 
radiotherapy over the past few decades. The number 
of cases (20,000 in 2008) was projected to increase to 
40,000 by 2018. The annual patient load at radiotherapy 
centers in Thailand is increasing [8]. In Southern Thailand, 
Songklanagarind Hospital, the largest quaternary hospital 
in the region, has been offering radiotherapy services since 
1982. The demand at this institution increased from 121 
cases in 1982 to over 2,400 cases in 2012, surpassing 2,700 
cases in 2020 [9]. This growth has been accompanied 
by an increase in the number of radiotherapy machines, 
from an initial single unit to three in recent years [10]. 
With the aging population, anticipating future workloads 
is essential for optimizing resource allocation effectively.

We aim to address this gap using an Autoregressive 
Integrated Moving Average (ARIMA) model on 
historical radiotherapy data. By forecasting the demand 
for radiotherapy among older adults by 2030, this study 
provides a data-driven foundation for strategic planning 
and capacity development for cancer care.

Materials and Methods

Patients and study design 
A retrospective analysis was conducted at the 

Radiation Oncology Unit of Songklanagarind Hospital 
(PSURO). This study included patients aged ≥65 years 
who underwent radiotherapy between January 2004 and 
December 2022. The data for this analysis were retrieved 
from the hospital information system. The workflow of 
this study is illustrated in Figure 1. 

Sample size
A minimum of 50 data points is recommended for 

applying the ARIMA model to time-series forecasting 
[11]. To achieve reliable and precise outcomes, using 
a dataset with over 100 data points is recommended 
because a larger dataset improves the ability of the model 
to accurately identify and forecast trends and patterns 
associated with radiotherapy patient volume.

Statistical analyses 
The statistical analyses conducted in this study 

comprised two primary components. 

1. Descriptive statistics
The initial phase involved summarizing and examining 

the dataset to establish a foundational understanding of 

the data characteristics and distribution. 

2. Time-series forecasting
The ARIMA model was used, and its three principal 

components (autoregressive (AR), integrated (I), and 
moving average (MA)) were analyzed to achieve a 
comprehensive understanding of the model. ARIMA 
modeling assumes that the data are stationary and that 
the residuals exhibit white-noise characteristics. First, the 
data were decomposed and analyzed for patterns using 
automatic machine learning with the PyCaret library 
[12]. Subsequently, the stationarity of the dataset was 
evaluated using the augmented Dickey–Fuller (ADF) 
test, with significance achieved to confirm stationarity. 
The AR (p) component of time-series models captures 
the relationship between an observation and its preceding 
values, whereas the MA (q) component incorporates the 
error terms from previous observations into the model. 
To formulate the ARIMA model, the Akaike Information 
Criterion (AIC) and the Mean Absolute Percentage Error 
(MAPE) were used for evaluation, with lower AIC and 
MAPE values indicating better model performance and 
higher accuracy, respectively. 

Following the application of conventional statistical 
techniques, PyCaret was used to autonomously optimize 
the various model parameters. This step aims to identify 
models that surpass the performance of a manually 
configured ARIMA model. Each ARIMA model was 
assessed by analyzing the residuals. The Ljung–Box test 

Figure 1. Study Flow Diagram. A schematic overview 
of the study design, data source, inclusion criteria, data 
processing steps, and modeling framework.
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Linac-6EX (Varian Medical Systems, USA) and Unique 
(Varian Medical Systems, USA), had median daily usages 
of 8 (3–14) and 18 (13–23) fractions, respectively. The 
dual energy linear accelerators, Linac IX and Clinac 
2100C (Varian Medical Systems, USA), were used more 
frequently, each with a median of 21 daily fractions, with 
ranges of 18–25 and 17–26, respectively. The Truebeam 
STX, intended for advanced therapies, had a median daily 
usage of 7 (3–13) sessions. The timeline of installation 
and end of use was reported elsewhere [9, 10].

Between 2004 and 2020, the annual number of older 
patients receiving radiotherapy increased from 476 to 
698; however, there was a temporary decline around 
2012 owing to equipment replacement (Figure 2A). The 
65–69-year age group consistently represented the largest 
cohort, with an increase from 205 patients in 2004 to 
298 patients in 2020. Notably, post-2014, the number of 
patients aged ≥75 years exceeded that in the 70–74-year 
age group (Figure 2B). During the study, the curative 
intent was predominant, and the number of curative cases 
increased from 222 in 2004 to 422 in 2020. The curative-
to-palliative ratio increased from 1.13 to 1.53 over the 
same period (Figure 2C).

The analysis of cancer-specific trends revealed 
evolving treatment patterns (Figure 2D). Although 
head and neck cancers remained the most prevalent, 
their incidence decreased after 2016. Conversely, lung, 
colorectal, breast, and prostate cancers exhibited consistent 
upward trends. Notably, the incidence of colorectal and 
breast cancers increased significantly after 2014. The rates 
of cervical and esophageal cancers remained relatively 
stable. The composition of the top five treated cancers 
shifted post-2014, with colorectal, breast, and prostate 
cancers replacing cervical and esophageal cancers.

Time-series analysis and forecasting
Time-series data were organized in monthly intervals 

between 2004 and 2020 (Figure 3A). Visual examination 
indicated a gradual upward trend in radiotherapy volume 
(Figure 3C). Using PyCaret, a significant and multiplicative 
seasonal component was identified, recurring every four-
time units, which corresponds to a 4-month lag time 
unit seasonality (Figure 3B). First-order non-seasonal 
differencing (d = 1) was sufficient to achieve stationarity, 
as confirmed by the ADF test (pre-differencing, p = 0.09; 

was used to evaluate the autocorrelation residuals. A 
significant outcome from this test may indicate that the 
model does not adequately capture the inherent structure 
of the time-series data. The Jarque–Bera test was used to 
examine the normality of the distribution of the residuals, 
with a significant result suggesting a deviation from 
the assumption of a normal distribution. In addition, 
heteroskedasticity tests were conducted to determine 
whether the residuals exhibited unequal variances, 
which could undermine the reliability of the model. A 
significance threshold of p < 0.05 was used for all tests.

This research received approval from the Institutional 
Review Board of the Faculty of Medicine at Prince 
of Songkla University, with the approval number 
REC.65-409-7-1.

Results

The general characteristics of the study population
Over 19 years, 39,653 patients received radiotherapy 

at Songklanagarind Hospital. Of these, 27% (10,718 
patients) were aged ≥65 years and were included in 
this study. To minimize the confounding effects of the 
coronavirus disease 2019 pandemic on service utilization 
patterns, patients treated between 2021 and 2022 were 
excluded from the time-series analysis and forecasting. 

Among the 10,718 older patients, 60% (6,425) 
were male, and 58.7% (6,295) received curative-intent 
radiotherapy (Table 1). The mean age was 71.8 (range: 
68.2–76.6) years. The age distribution revealed that 38.1% 
were aged 65–69 years (n = 4,087), 29.2% were 70–74 
years old (n = 3,125), and 32.7% were aged ≥75 years 
(n = 3,506). The most common cancer types were the 
head and neck (25.9%), lung (16.1%), colorectal (9.0%), 
cervical (8.3%), and esophageal (7.3%) cancers. In total, 
277,753 treatment fractions were identified.

During this timeframe, a total of 227,063 treatment 
fractions were delivered, with older adults undergoing 
a median of 46 daily sessions, ranging from 38 to 53. 
The facility utilized radiotherapy machines, including 
two cobalt-based units: Cobalt1 (Theratron 780C, MDS 
Canada Inc., Canada) and Cobalt2 (Theratron Phoenix, 
Best Theratronics, Canada), which had median daily usage 
interquartile ranges of 3 (2–4) and 15 (11–19) fractions per 
day, respectively. The single energy linear accelerators, 

Characteristics 2004–2013 2014–2022 Overall
Total cancer cases 5,231 5,487 10,718
Sex (M/F) 3,187/2,044 (61/39) 3,238/2,249 (59/41) 6,425/4,293 (60/40)
Age 72.0 (68.4,76.4) 71.8 (68.0,76.8) 71.8 (68.2,76.6)
Age distribution
     65–69 years 1,910 (36.5) 2,177 (39.7) 4,087 (38.1)
     70–74 years 1,615 (30.9) 1,510 (27.5) 3,125 (29.2)
     > 75 years 1,706 (32.6) 1,800 (32.8) 3,506 (32.7)
Aim 
     Curative 3,005(57.4) 3,290 (60.0) 6,295 (58.7)
     Palliative 2,226(42.6) 2,197 (40.0) 4,423 (41.3)

Table 1. Patient Characteristics Across the Study Period (2004–2020)
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Figure 2. Patients with Geriatric Cancer Over Time (2004–2020). A) Total number of patients per year, B) number of 
patients across different age groups, C) number of patients across the aim of treatment, D) number of patients across 
different cancers. 

post-differencing, p < 0.001). Seasonal differences were 
considered unnecessary (D=0).

Initial classical modeling indicated ARIMA(3,1,3) 
as a viable candidate, with an AIC of 1131 and a MAPE 
of 0.17 for the in-sample and out-of-sample data. The 
conventional optimization resulted in ARIMA(0,1,1)
(0,0,1,4), which achieved a lower AIC of 1128 while 
maintaining similar MAPE values. Further refinement led 
to ARIMA(2,1,3)(0,1,14), which produced the lowest AIC 
of 1112 and a MAPE of 0.19 for the in-sample and 0.17 
for the out-of-sample data. A summary of these models 

and their performances is provided in Table 2.
An exogenous variable representing the older 

population in Southern Thailand provided by the Ministry 
of Health [13] was incorporated to enhance model 
performance. The initial dataset encompasses the 2006–
2023 period. Subsequently, the researcher performed 
forward and backward forecasting of the aging population 
in Southern Thailand, using the annual percent change 
(Figure 4A). Next, an aging dataset for 2004–2030 was 
developed and used as an exogenous variable. 

The final model selected ARIMA(3,1,0)(0,0,1,4) 
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Figure 3. Time-Series Decomposition of Monthly New Patients with Geriatric Cancer Undergoing Radiotherapy. A 
4-month lag time unit is evident and informed model parameterization: A) actual value, B) seasonal, C) trend, D) re-
sidual, that illustrates the trend, seasonal, and residual components.

Model AIC MAPE
In sample

MAPE
Out sample

Ljung–Box
(p-value)

Jarque–Bera
(p-value)

Heteroskedasticity
(p-value)

ARIMA(3,1,3) 1131 0.17 0.17 0.02 0.28 1.06
-0.87 -0.87 -0.84

ARIMA(2,1,3)(0,1,1,4) 1112 0.19 0.17 0.02 1.83 0.99
-0.9 -0.4 -0.98

ARIMA(0,1,1)(0,0,1,4) 1128 0.17 0.17 0.01 0.31 1.11
-0.92 -0.86 -0.7

ARIMA(1,0,0)(0,1,0,4) 1176 0.23 0.2 0 0.56 1.3
AutoML-arima -0.96 -0.76 -0.36
ARIMA(3,1,0)(0,0,1,4) 1134 0.18 0.16 0.02 0.35 1.15
(AutoML Autoarima) -0.9 -0.84 -0.62
ARIMA(3,1,0)(0,0,1,4) 1132 0.17 0.18 0.17 0.64 1.1
With exogenous variable -0.68 -0.73 -0.73

Abbreviation: MAPE, Mean Absolute Percentage Error

Table 2. Model Comparison Table

with exogenous input, achieving an AIC of 1132, with 
a MAPE of 0.17 for the in-sample data and 0.18 for the 
out-of-sample data. The residual diagnostics, as presented 
in Table 2, confirmed the adequacy of the model. The 
coefficient for the exogenous variable (β = 4.668×10⁻⁵, 
p = 0.014) was statistically significant, indicating a 
positive correlation between the increase in the older 
population and the demand for radiotherapy. Strong 
autoregressive effects were observed with AR(1), AR(2), 
and AR(3) coefficients of –0.9826, –0.9765, and –0.9229, 
respectively (all p < 0.001), suggesting robust temporal 
dependence. A seasonal moving average term at lag 4 

was also significant (–0.8502, p < 0.001), confirming a 
4-month cyclicality. The estimated residual variance (σ² 
= 91.12, standard error = 13.04) was within acceptable 
limits. Based on the final model, the monthly number of 
new geriatric radiotherapy cases is projected to increase 
steadily, reaching 74.7 new patients per month, with a 
95% confidence interval of 53.8–95.7 by the end of 2030 
(Figure 4B).

Discussion

The demand for radiotherapy can be forecast using 
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Figure 4. Forecasting Patient Numbers Using Autoregressive Integrated Moving Average (ARIMA) Models. A) Older 
adult population growth between 2004 and 2030, B) forecasting patient numbers using Autoregressive Integrated 
Moving Average (ARIMA) models with and without the older adult population as an exogenous variable. 

various methodologies, depending on the perspectives 
and objectives of the stakeholders involved. Each 
methodology relies on distinct data types and fulfills 
specific interpretive requirements [14]. In our study, we 
used a time-series analysis, specifically the ARIMA model, 
because of its suitability for managing less complex 
datasets and ease of interpretation at the hospital level. 
While previous studies have considered historical activity 
data or focused on trend analysis [15-17], our approach is 
distinguished by the application of ARIMA forecasting, 
specifically for patients with geriatric cancer undergoing 
radiotherapy. This method demonstrated the potential for 
demand prediction in this patient population.

Over time, the focus of cancer treatment in geriatric 
oncology has shifted towards colorectal, breast, and 
prostate malignancies, replacing cervical and esophageal 
cancers. According to ARIMA-based forecasting, the 
demand for radiotherapy is projected to increase to 
approximately 74.7 new cases per month among older 
adults by 2030. This trend may indicate enhanced clinical 
confidence in administering definitive radiotherapy to 
older adults, facilitated by the implementation of geriatric 
risk-adapted protocols and improved tools for evaluating 
performance status and comorbidities.

The increasing prevalence of radiotherapy among 
older adults can be attributed to the aging global 
population [18] and the growing demand for nonsurgical 
cancer treatments. Radiotherapy is particularly beneficial 
for older adults because it is target-specific, minimizing 
the systemic side effects. Technological advancements 
and the adoption of hypofractionated regimens have 
enhanced their feasibility by decreasing treatment burden 
and improving tolerability. The treatment of older adults 
with cancer is decided by the healthcare providers [19]. 

The use of radiotherapy usually decreases with age among 
patients with geriatric cancer [20]. This may be due to 
age-related treatment bias [21].  However, there is no data 
for Southeast Asia, including Thailand. Our data showed 
a steady increase in utilization; however, our projections 
may underestimate the future demand, as access to 
advanced radiotherapy technologies continues to expand 
and barriers to treatment are diminishing.

There is a scarcity of comparable data on the use of 
radiotherapy among older adults, and only a few studies 
have documented long-term trends for this demographic. 
In 2022, a report from the Netherlands highlighted the 
trend in radiotherapy usage for non-metastatic prostate 
cancer from 2008 to 2019. The study observed an 
increasing trend in radiotherapy for intermediate-risk and 
high-risk localized prostate cancer, as well as for locally 
advanced conditions. However, it noted a decline in the 
use of Brachy-monotherapy [22]. In 2023, a report from 
Korea examined the trend of radiotherapy in older adults 
with hepatocellular carcinoma, revealing an upward 
trend between 2002 and 2017 [23]. There is currently 
no forecasting research available in the field of geriatric 
radiotherapy. This information might indicate a trend in 
the use of radiotherapy among older adults.

Focus on distribution of cancer sites and patient 
characteristics, Patient profiles among older adults 
undergoing radiotherapy demonstrate considerable 
variability across regional centers, highlighting disparities 
in demographics, disease patterns, and healthcare 
infrastructure. In an Indian study, the mean age of older 
patients undergoing radiotherapy was approximately 70 
years, with a male-to-female ratio of 66–34%. The most 
frequently treated cancers include the head and neck, lung, 
cervical, and esophageal types [24]. Conversely, a study 
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in Iraq reported a higher mean age of 77 years (with the 
inclusion criteria of >70 years), with males dominating the 
population (75%). The predominant cancer types in Iraq 
are lung, head and neck, breast, and prostate cancers [25]. 
Based on hospital data, a report from Northeast Thailand 
indicated that older adults constituted 31.6% of all cancer 
cases registered over 20 years. Notably, the number of 
cancer cases in patients aged ≥80 years doubled between 
the first and second decades of the study. Among males, 
the most common cancer types were liver and bile duct, 
lung, and colorectal cancers, whereas in females, liver and 
bile duct, oral cavity, and cervical cancers predominated 
[26]. Our study reported a mean age of 71.8 years, with a 
male-to-female ratio of 60:40. The most commonly treated 
cancers were the head and neck, lung, colorectal, and 
breast types. Notably, the data from Northeast Thailand 
do not exclusively pertain to radiotherapy, which is less 
commonly indicated for liver and bile duct cancers. 
Therefore, understanding local disease patterns is crucial 
for optimizing clinical strategies. 

The definition of “geriatric” in oncology remains 
inconsistent. The identified variations in the institutional 
thresholds were age-based treatment decisions. A 
recent Delphi consensus emphasized the significance of 
prioritizing physiological age over chronological age, 
a perspective supported by formal geriatric assessment 
tools [27]. Per the international guidelines of the 
American Society of Clinical Oncology and National 
Comprehensive Cancer Network, our study considered 
age ≥65 years as the inclusion criterion, aligning with that 
of national cancer registries and public health [4]. These 
frameworks advocate geriatric screening, particularly 
when concurrent chemoradiation is considered.

The anticipated increase to 74.7 new older patients per 
month by the end of 2030 necessitates modifications to 
the clinical workflow and infrastructure. The integration 
of comprehensive geriatric assessments and nutritional 
evaluations is essential to enhance treatment safety 
and efficacy [28]. However, geriatric assessments are 
time-consuming and require at least 30 min per case 
[29]. According to our forecast, approximately four 
new patients with geriatric cancer will be scheduled 
for screening daily. Patients may experience a decline 
in their daily functioning during radiotherapy [30]. 
Geriatric conditions are associated with radiation-induced 
toxicity [31]. Nevertheless, data on the frequency of 
these assessments is lacking. Notably, 24% of older 
adults with cancer experience falls. The side effects of 
cancer treatment, such as neuropathy, muscle weakness, 
and fatigue, increase fall risk [32]. Other practical 
considerations, including fall risk, transfer requirements, 
and wheelchair accessibility, should be incorporated into 
strategic planning.

Moreover, the detection of a seasonal pattern with a 
4-month lag in radiotherapy volume suggests recurring 
peaks in service demand. Although this is an unusual 
phenomenon, it has operational implications because 
staffing and scheduling should be aligned with the 
anticipated patient influx to minimize waiting times and 
optimize machine utilization.

This study had certain limitations. Reliance on 

billing records may result in an underestimation of the 
actual demand for radiotherapy because these records 
may not account for patients who were referred but did 
not commence or complete treatment. Furthermore, 
administrative health data usually lack detailed 
information on intra-month waiting times and treatment 
delays. While the facility delivers a wide range of 
radiotherapy procedures, including conventional external 
beam and advanced stereotactic techniques, the accuracy 
of treatment modality data in the hospital registry is 
limited due to a lack of granularity in reimbursement 
coding rules, as the codes prioritize reimbursement over 
clinical detail. The exact counts for specific modalities, 
such as volumetric modulated radiotherapy, stereotactic 
body radiotherapy, and stereotactic radiosurgery, could 
not be determined. Similarly, although the ARIMA model 
offers reliable baseline forecasts, its linear structure 
restricts its capacity to capture complex nonlinear patterns 
in healthcare demand. The consistency of the MAPE 
values across in-sample and out-of-sample predictions 
underscores the robustness and reliability of the ARIMA 
model. Despite its simplicity, this model delivers stable 
forecasts, making it a practical tool for healthcare 
planners, particularly when interpretability is prioritized.

Future research should consider advanced time-series 
models such as the Bayesian structural time-series and 
machine learning types, which incorporate multiple 
predictors and capture dynamic nonlinear relationships 
[33-36]. However, these methods present challenges 
concerning interpretability. A hybrid approach that 
balances the transparency of traditional models with the 
predictive strength of machine learning may offer the 
most practical and scalable solution for radiotherapy 
forecasting in clinical settings.

We forecast the radiotherapy demand among older 
adults using ARIMA modeling with exogenous variables. 
The inclusion of older population data enhanced the 
accuracy of the model, underscoring its influence on 
service demand. These findings highlight the need for 
workforce planning, infrastructure development, and 
geriatric protocols. Future research should consider 
advanced forecasting methods and incorporate various 
clinical variables to refine the projections and support 
comprehensive oncology planning.
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