Advances in Social Behavior Research (ASBR)

Analysis and Prognostication of Residents' Per Capita
Disposable Income in Hubei Province using Time Series
Prediction Methods

Lirui Teng
Wuhan Foreign Language School, 48 Wansongyuan Road, Jianghan District, Wuhan
489374817@qq.com

Abstract: To anticipate the fluctuations in per capita disposable income among Hubei
Province inhabitants for the subsequent biennium, a dataset spanning from 2005 to 2022 was
culled. Employed in this study were three distinct time series prognostication methodologies:
Exponential Smoothing (Holt-Winter), Autoregressive Moving Average (ARMA), and
Autoregressive Integrated Moving Average (ARIMA). These techniques were applied to
envision the forthcoming trajectory of per capita disposable income for the province's
residents. By computing diverse metrics to assess predictive discrepancies—Ilike the Mean
Absolute Error (MAE) and Root Mean Square Error (RMSE)—the effectiveness of the
assorted models was gauged, culminating in the selection of the ARIMA model due to its
superior performance. Capitalizing on this, approximations for per capita disposable income
during 2023 and 2024 were extrapolated. The resultant prognoses project a sustained and
noteworthy uptick in per capita disposable income for urban denizens of Hubei Province in
the forthcoming biennial span. Ultimately, the findings were translated into actionable policy
suggestions and deductions, rendering them highly pertinent for the dissection of Hubei
Province's economic evolution.
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1. Introduction

Per capita disposable income refers to the income that residents can freely use, which represents their
purchasing power and serves as a key indicator reflecting their income level. It is an important
measure for assessing the economic conditions and living standards of a country or region, and holds
significant relevance in policymaking, economic development evaluation, and the enhancement of
quality of life. Per capita disposable income reflects the economic capacity of residents and the level
of income they can control.

The objective of this study is to assess the past per capita disposable income trends among
inhabitants of Hubei Province. This will be achieved through the utilization of three distinct time
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series prediction techniques: Exponential Smoothing (Holt-Winter), Autoregressive Moving Average
(ARMA), and Autoregressive Integrated Moving Average (ARIMA). The primary focus is to
elucidate historical patterns of variation and potential future trajectories. Subsequently, the optimal
predictive model will be identified based on the outcome of these predictions. Ultimately, this
investigation will delve into prospective shifts in per capita disposable income within Hubei Province
for the forthcoming years.

By employing time series algorithmic predictions on per capita disposable income, this research
can reduce the need for manual statistical analysis, aid relevant departments in formulating more
reasonable economic policies, provide clearer employment planning guidance to governmental
bodies, and offer support in economic decision-making, social development planning, resource
allocation optimization, investment decisions, and data analysis research. In conclusion, forecasting
per capita disposable income holds significant importance for the government, society, individuals,
and the market, as it can promote economic and social stability and development [1-3].

2. Literature Review

By consulting the data published by the National Bureau of Statistics, we can gain a clear
understanding of the historical changes and current status of per capita disposable income for
residents in Hubei Province:

(1) Over the past decade, the per capita disposable income of residents in Hubei Province has
shown steady growth. However, it has also been impacted by certain unexpected events, such as the
2020 floods.

(2) The per capita disposable income in Hubei Province is lower than the national average,
indicating that the province still possesses considerable potential and space for economic
development.

Given the significance of the per capita disposable income indicator in economic life, numerous
scholars have undertaken research on predicting this indicator. Dang Xinxin utilized grey forecasting
combined with a semi-parametric model to predict the disposable income of urban residents in Henan
Province [4]. Zhang Wenyang et al. addressed issues of randomness and low forecasting accuracy in
single predictions and proposed four special parameter combination models based on the least square
criterion of errors, along with the GIOWA operator, to perform combined forecasting for per capita
disposable income of urban residents in Anhui Province [5]. Lei Zhi utilized semi-parametric
regression theory to establish a semi-parametric regression forecasting model for the relationship
between urban GDP, population, and disposable income in Changsha City [6]. Wang Caixia used an
ARIMA-Prophet combination model to separately predict the per capita disposable income of urban
and rural residents in Haikou City [7].

3. Experimental Design and Methodology

This article aims to use historical per capita disposable income data from Hubei Province to perform
model predictions and explore the patterns of change and future trends.

3.1 Data Source

The data for this study is obtained from the official website of the National Bureau of Statistics,
ensuring its authority. Within the website, regional data was selected, followed by choosing annual
data for provinces. Hubei Province was selected, and under the economic indicators, the data for per
capita disposable income for all residents was chosen. The selected time interval spans nearly two
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decades, providing a sample of data from Hubei Province over the past 20 years. The data was
organized after downloading from the official website. Due to the lack of specific per capita
disposable income data for the years 2003 and 2004, the data range was set from 2005 to 2022. The
data table is presented as Table 1.

Table 1: Per Capita Disposable Income for All Residents in Hubei Province from 2005 to 2022 [8].

Year Per Capita Disposable Income (CNY)
2005 5628
2006 6304
2007 7430
2008 8643
2009 9496
2010 11069
2011 12941
2012 14809
2013 16472
2014 18283
2015 20026
2016 21787
2017 23757
2018 25815
2019 28319
2020 27881
2021 30829
2022 32914

According to data from the National Bureau of Statistics, Hubei residents' per capita disposable
income in 2022 showed steady growth, increasing by 6.8% compared to the previous year. Over the
past decade, from 2013 to 2022, the per capita disposable income of Hubei residents rose from 16,472
CNY to 32,914 CNY, achieving a cumulative increase of 16,442 CNY and a nominal growth rate
close to 99.8%, nearly doubling its value.

48



3.2 Related Theories
3.2.1 Model Algorithms

a) Holt Winter:

The concept of Exponential Smoothing (Holt-Winter) was introduced by Robert G. Brown, who
posited that time series patterns showcase consistent patterns and regularity, thereby permitting the
reasonable extension of trends within a time series. This methodology prognosticates future trends
by computing exponential smoothing factors coupled with a specific time series forecasting model.
The underlying principle revolves around the notion that the exponential smoothing factor at any
given period is a weighted average of the present observed value and the prior exponential smoothing
factor. This approach leverages a relatively modest dataset and yields requisite predictive outcomes.
Nonetheless, it ascribes relatively diminished importance to forthcoming periods in contrast to more
recent periods, rendering it suitable primarily for short-term prognostications.

The basic formula for exponential smoothing is:

Se=ay; + (1 —a)S-q,

where:

S; - Smoothing value at time ¢,

v - Actual value at time t,

Si—1 - Actual value at time t -1,

a - Smoothing constant, with a range of [0, 1].

Exponential smoothing is suitable for univariate time series with trends and seasonal components.
The forecast for the next time step is a linear function with exponential weighting of the previous
observations, taking into account both trends and seasonality.

b) ARMA:

Autoregressive Moving Average (ARMA) constitutes a significant approach within time series analysis,
renowned for its extensive utility and minimal predictive discrepancies. It stands as the prevalent choice for
modeling stationary series. The ARMA framework finds its relevance chiefly in contexts necessitating concise
predictive windows. However, it's imperative that the dataset adheres to the prerequisite of being a stationary
sequence.

The ARMA model is composed of the combination of an autoregressive model (AR(p)) and a
moving average model (MA(q)), hence the ARMA(p,q) model is also referred to as a mixed model.
The algebraic expression for the model is:

X =C + A1 X1 + Ay Xt_» + L+ apxt_p + U + ﬁlut_l + ﬁzut_z + L+ ,Bqut_q (t = 1,2, L, T),

where p and q are the orders of the AR(p) model and MA(q) model, respectively.

The equation presented above underscores the interrelation among AR(p) and MA(q) models as
specific instances within the broader ARMA(p,q) model framework. In situations where p assumes a
value of 0, the ARMA(0,q) configuration simplifies into an MA(q) model. Conversely, when g equals
0, the ARMA(p,0) arrangement reduces to an AR(p) model. Notably, the stationarity of the
ARMA(p,q) model hinges upon the AR(p) component. This stems from the scrutiny of the MA(Q)
model, which unveils the intrinsic stationarity of the stochastic process underlying the moving
average.

c) ARIMA:

When differencing operations are combined with ARMA models, the non-seasonal Autoregressive
Integrated Moving Average (ARIMA) model is formed. This model is applicable for modeling time
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series that have been differenced to achieve stationarity. The model is simple, relying only on
endogenous variables without the need for external variables. However, the ARIMA model requires
the time series data to be stationary or to be made stationary through differencing. Additionally, the
model essentially captures linear relationships and cannot capture non-linear relationships.

The ARIMA(p,d,q) model is represented as follows:

Vi=U+PYVig + o OpYip + 0161+ + Og6 g + &

where y, is the differenced sequence, and d represents the order of differencing.
Seasonal ARIMA models extend the ARIMA model by introducing seasonal terms to model
seasonal data, as shown in Figure 1.

ARIMA (p, d, ) (P, D, Q)

.

I |

non-seasonal part  seasonal part

Figure 1: Components of the Seasonal ARIMA Model.

3.2.2 Evaluation Metrics

For the sake of ensuring result validity, diverse precision measures can be applied, encompassing
Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and Mean Absolute Percentage Error
(MAPE) [9]. Each of these metrics caters to distinct evaluation facets. MAE is grounded in absolute
errors and serves as a visual representation of the average gap between anticipated and actual values.
RMSE excels at pinpointing significant discrepancies, scrutinizing the model's performance
concerning variability. Notably, this measure heavily penalizes considerable errors by geometrically
magnifying them. MAPE expresses precision in percentage terms and mitigates the sway of isolated
anomalies on absolute errors. In all three metrics, diminished values correspond to enhanced model
efficacy. In this research, a composite of these metrics is embraced. MAE predominantly embodies
distinctions within absolute errors, RMSE is primarily deployed to identify pronounced disparities,
and MAPE principally serves to juxtapose precision variances across distinct models.
The specific formulas for these metrics are as follows:

18 —
MAE == 3|y, - yi|
N5
MAPE (%) = %Z % x100%
18, —y
RMSE_\/Eg(yi_yi)
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3.3 Experimental Process

RMSE, MAE, and MAPE were harnessed to appraise the projection outcomes spanning 2018-2022
(with 5 data points allocated as the test set and 13 data points from 2005 to 2017 designated as training
data), as delineated in Table 2. To thwart potential data compromise, the dataset was bifurcated into
a training set and a test set, with evaluation exclusively undertaken on the latter. This approach
precludes the risk of overfitting that could arise if the model were trained using the complete dataset,
leading to potential memorization of idiosyncrasies and augmented performance on the training
sample. Thus, it is judicious to confine model training to the training set while leveraging the test set
to gauge model robustness.

Table 2: Evaluation Results for Three Algorithm Models from 2013 to 2022.

Algorithm RMSE MAE MAPE
Name
Holt Winter 941.36 877.79 3.0%
ARMA 1132.85 1008.63 3.4%
ARIMA 822.46 753.35 2.6%

Analyzing the evaluation results, ARIMA achieved the lowest MAPE, reducing it by 0.4%
compared to Holt Winter and by 0.8% compared to ARMA. For RMSE and MAE evaluation metrics,
ARIMA outperformed the other models. Specifically, compared to Holt Winter, ARIMA reduced
RMSE by 12.6% and MAE by 6.3%, while compared to ARMA, ARIMA reduced RMSE by 27.4%
and MAE by 18.5%. Based on the comprehensive evaluation results of the three metrics on the same
test set, ARIMA obtained the best forecasting performance.

Finally, to visually display the forecasting results, this paper presents the forecasting effect graph
shown in Figure 2.
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Figure 2: Forecasted Results of Per Capita Disposable Income in Hubei Province from 2005 to
2022.
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From the analysis of Figure 2, it can be observed that the per capita disposable income level shows
an overall upward trend, except for the year 2020. All three models had significant errors in fitting
the real data from 2005 to 2008, but they performed well in fitting the data from 2008 to 2017.
However, in the test set (per capita disposable income data from 2018 to 2022), the ARIMA forecast
results were closer to the true values, while Holt Winter gradually deviated from the true values.
Additionally, for the forecast of per capita disposable income in 2023 and 2024, from the graph, it
can be seen that the ARIMA and Holt Winter forecast curves from 2013 to 2024 were closer to each
other, while ARMA deviated significantly. This can also demonstrate that ARIMA has a better
forecasting performance for per capita disposable income.

Therefore, using the ARIMA method with the best forecasting performance, the per capita
disposable income for all residents in Hubei Province was forecasted for 2023 to be 33,389.57 CNY
and for 2024 to be 34,795.39 CNY.

4. Discussion

Within this inquiry, three distinct algorithms—Holt Winter, ARMA, and ARIMA—were employed
to assess the economic landscape encompassing the per capita disposable income of Hubei Province's
residents. Evidently, the ARIMA algorithm demonstrated heightened predictive efficacy. Through its
application, forecasts for Hubei Province's per capita disposable income were drawn for the upcoming
years, 2023 and 2024. Notably, this study harbors a limitation in its data scope, constraining the
integration of machine learning and deep learning models. The incorporation of supplementary
variables impacting per capita disposable income—such as nationwide GDP metrics, Hubei Province-
specific GDP data, and sectoral growth figures—could pave the way for deploying deep learning
models like LSTM (Long Short-Term Memory) and machine learning models like XGBoost.
Alternatively, a hybridized approach, amalgamating statistical techniques with machine learning
paradigms, could be contemplated for advancing per capita disposable income prognostications.
From the years 2005 to 2019, per capita disposable income showed an overall upward trend. The
decrease in per capita disposable income in 2020 can be attributed to major unexpected events, such

as flooding disasters, which caused the income to drop, followed by a recovery and continuation of
the upward trend.

5. Conclusion

This study employed statistical techniques for time series forecasting, focusing on Hubei Province as
a case study. Three specific algorithms—Holt Winter, ARMA, and ARIMA—were employed to
anticipate per capita disposable income patterns. Through empirical investigations, it was ascertained
that the ARIMA approach exhibited superior predictive accuracy, as evidenced by its proximity to
actual values. Consequently, the ARIMA technique, recognized for its exemplary forecasting
prowess, was leveraged to predict Hubei Province's per capita disposable income trajectory for the
years 2023 and 2024. The prognostic outcomes indicate a discernible and sustained upward trajectory
in per capita disposable income throughout the aforementioned years.

The per capita disposable income forecasting model used in this study can effectively predict
future income trends and provides some reference value for government decision-making. However,
due to the limited samples available and the reliance on a single dimension of time series for
forecasting, further efforts are needed to strengthen data collection and accumulation. Future research
can build upon this work by introducing variables related to economic forecasting, obtaining more
detailed data sources, and further improving the accuracy of per capita disposable income predictions.
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