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Abstract

In this paper, we analyze time series data for trends in poverty rates from 1994 to 2022 issued by the
Central Statistical Organization. Then, we present a prediction of the poverty rates for 2023 and 2024
using the Expert Modeler method via SPSS software. Finally, we apply the least-squares method using the
Eviews program to verify the model quality used in the prediction. The results revealed increased poverty
trends. The prediction model results also predicted an increase in poverty rates in the future. The findings
may aid the decision-makers in Yemen in rethinking their poverty-reduction strategies in light of the
predicted model. This study provides relevant evidence for new insights into the extent and nature of
poverty in least-developed countries, such as Yemen.
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1. Introduction

Poverty is measured in different methods as a multidimensional phenomenon [1]. Given the
complexity of the issues, the phenomenon's multifaceted nature is the best introduction to measuring
poverty and the different concepts [2]; [3]. Many international organizations and researchers deal with
different concepts of poverty according to his vision and goals. The definition of poverty differs in
developed and developing countries because the individual in developed countries can find a minimum
level of needs or a better standard of living than the individual in developing countries [4]. Moreover, this
difference in the standard of living creates different concepts of poverty that differ in other societies. Still,
there are efforts made by researchers, economists, and sociologists to bridge the differences in conceptions
of poverty in different communities. The European Council defined poverty in 1975 as families or
individuals whose resources are so limited that they exclude from the lowest acceptable manner of life in
the State [5]. The concept was revised in 1985 to emphasize that "the limited resources of families and
individuals were not only financial but also social and cultural [6]; [4]. Overall poverty, according to the
WSSD, is defined as a lack of productive resources and income that promote sustainable livelihoods;
famine and malnutrition; lack of access to education and other fundamental services; ill health;
homelessness and insufficient housing; higher mortality from disease; and social exclusion [7]. A lack of
involvement in civic, social, and cultural life and decision-making also typifies it [8]. It implies
vulnerability to vehemence and often means living in peripheral or fragile environments without access to
safe water or sanitation [9]; [10]. The SDG aims to eradicate poverty in all forms and dimensions, posing
major challenges for statistical agencies and poverty researchers to collect data to monitor progress [11].
Poverty monitoring is a caution system that demands regular and frequent evaluations of several welfare
measures or indicators to identify signs of deterioration in the well-being of people. Thus, the proper
authorities can take the necessary and early actions to prevent the situation from worsening [12].

Furthermore, the quest for an optimal global poverty metric is doomed. Nevertheless, a focused search
may result in a better, albeit still imperfect, result [13]. The development literature suggests various classes
of metrics in response to Amartya Sen's pioneering insights on measuring poverty and inequality [14].
Scientists have recently proposed various alternative approaches for defining and measuring the quality of
life [15]. However, most are composite indicators, a highly contentious construction due to the ad hoc
selection of component weights and arbitrary choice of criteria [16]. We organize our paper as follows; the
methods used in the study are described in Section 2. Section 3 reviews the literature on poverty prediction
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models of poverty. Section 4 describes the results and discussions. Section 5 reports the study's conclusion,
major limitations, and future research.
2. Methodology

A series of data on trends in poverty rates were collected and analyzed from official data issued by the
Central Statistical Organization from 1994 to 2022 using the descriptive approach. Moreover, poverty rates
from 2023 to 2024 were predicted by applying the expert modeler method via SPSS software. In the end,
the least squares approach was used via Eviews software to verify the quality of the predictive model.
3. Literature Review on Poverty prediction models

Many studies have used different methods to predict poverty, such as the study by R Aminudin and

Putra. Exponential smoothing has been applied to predict poverty lines in West Java, Indonesia. The study
relied on data from 2005 to 2017. The forecast was made for 2018-2020, and high poverty lines were noted
during the forecast period [17]. Mogull discussed predictors of poverty Incidence and the number of poor
individuals in 2015 in California for 11 regions. The study was based on multiple regression models and
used the data for 2004-2014 [18]. Parolin and Wimer presented poverty estimates during the Corona
epidemic in 2020. The simulation method was applied to predict poverty rates. Poverty rates are expected
to increase from 12.4 to 18.9. The expected results showed the correlation of unemployment rates with
poverty rates from 2000 to 2018 and that with an increase in unemployment by 10%, poverty rates would
rise to 15% [19]. Latreille 2005 set a target for monetary poverty estimation and poverty forecasting in
Senegal. The study suggested income inequality and relied on the Senegal National Survey. The poverty
forecast for 2003-2004 was presented at the poverty line of $1 for regions and households using a simple
simulation model [20]. Reed and Stark examined a prediction method for the Child Poverty Scale in
Scotland based on the simulation method in forecasting 2015-2030 in 2018 [21]. Azcona and Bhatt
predicted extreme poverty for age and gender using the International Future Model from 2019 to 2022
based on the selected sample from 129 countries [22]. Silalahi made the prediction using SARIMA models
in Java Province in Indonesia. The study found a good prediction model based on the poor population's
data (2002-2019). Poverty has been forecast for the period (2020-2024) [23]. Warnia aimed to predict the
poverty level using the multiple regression model for 2017 in Indonesia. The study relied on the data for
the period (2006-2016); the poverty line and the percentage of poor people were used as independent
variables, and the number of the poor as a dependent variable. It found that the predicted value amounted
to 36.15, as well as an increase in poverty by 3.85 compared to 2016 [24].
4. Results and Discussions

This section discusses some empirical results. First, we present and analyze the descriptive data on the
reality of poverty rates [25]. Then we predict poverty prevalence rates in Yemen during future years to
work on drawing the attention of decision-makers to reduce poverty.
4.1 Descriptive Data

Table 1 presents the poverty rates in Yemen from 1994 to 2022. We found that the poverty rate
fluctuated, increasing from 34.90 in 1994 to 41.80 in 1998 and decreasing in 1999. Then it rose again from
2000 until 2004. After that, it decreased in 2005 and 2006, then increased in 2007 and continued to rise
until 2011 due to political unrest and security instability. Additionally, it decreased during the period
(2012-2014) due to political stability to some extent, and the poverty rate increased and continued to rise
until it reached 61.02 in 2022. In this regard, the rise in poverty rates in Yemen is attributed to many
factors, including political unrest, civil wars, inflation, and the decline in the purchasing power of the
Yemeni currency against hard currencies. Moreover, the complete interruption of the salaries of state
employees, the cessation of most government and private work sectors, corruption, the cessation of public
revenues of the state, and thus the weak economic growth are all factors that have contributed to the high
poverty rates in Yemen. In general, we found an increase in poverty rates by 74.8% from 1994 to 2022.
Figure (1) illustrates this.
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Table 1. Poverty rates in Yemen from 1994 to 2022
Poverty Poverty
Years Fate Years Fate
1994 34.90 2009 45.80
1995 35.59 2010 4900
1996 37.85 2011 49 85
1997 3998 2012 47.20
1998 41.80 2013 4780
1999 40.60 2014 45.60
2000 41.98 2015 52.00
2001 42.18 2016 54.00
2002 42.79 2017 56.89
2003 42 97 2018 5795
2004 43.00 2019 58.22
2005 42.50 2020 59.15
2006 41.50 2021 6019
2007 44.50 2022 61.02
2008 47.60
B0.00 _"_'_'_,_,.""'"‘d

- —f\
o /ﬁ

30.007

Fig (1). The poverty rates in Yemen from 1994 to 2022.
4.2 Prediction Strategies

The Expert Modeler is a time series models ad hoc procedure used by SPSS for prediction [26]. It
attempts to automatically construct a useful predictive model with one or even more series of endogenous
variables. If exogenous variables are related to the endogenous variable, the Expert Modeler method
automatically selects just the statistically significant exogenous variables. The Expert Modeler, by default,
deems both ARIMA and exponential smoothing methods. Nevertheless, the Expert Modeler Procedure can
be restricted to only looking at exponential smoothing or ARIMA methods.

Moreover, it is simple to implement and aids in quickly determining the most suitable models that meet
the required criteria, thus making it simpler to obtain forecasts quickly. [27]; [28]. Many time series
models can be used to forecast the behaviour and trends of phenomena through time in various sciences,
including economic and medical fields, climate sciences, epidemiology, engineering, and others [29]; [30].
Recently, many researchers have presented and used these models for modelling and predicting the
behaviour of phenomena, including poverty. The models utilized in time series include conducting four
basic steps: defining the model, estimating unbeknown parameters, the diagnostic process, and finally, the
prediction process [31]; [32]. In this manner, Some models are utilized to analyze and forecast time series
data, such as (ARIMA, ARCH, ARMA, GARCH, AR and MA) [33]. In addition, the exponential function
and linear regression models are also used in the forecasting process [34]. In this context, many
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transformations, like a natural log and first- and second-degree differences, are required to transform the
initial data of the unstable time series into a stable time series that can be used for prediction. The nature of
the original data for the poverty time series during the period (1994-2022) was verified. The stability of the
poverty data series was tested by drawing it as shown in Figure 1, which indicates a general trend in the
data. Here, we processed the actual data, and the poverty data series stabilized after taking the first
difference to be used in the prediction process, as in Figure 2. We found an increase in poverty rates (61.95
and 62.88) for 2023 and 2024, respectively, as depicted in Figure (3) and Table (2).
Table 2. Poverty forecasts with (95%) confidence intervals (Cls) for 2023 and 2024.

Model 2023 2024
Forecast 61.95 62.88
Poverty rate-Model_1 UCL 64.76 66.86
LCL 59.14 58.91
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Fig 2. Transforming the poverty rate data to the first difference.
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Figure 3. Poverty forecasts with (95%) confidence levels (ClIs).
Table 3 illustrates the model statistics results; the R-squared value of 0.964 is close to 1, which is the best
possible value and denotes the goodness of the poverty rate model used for forecasting and represents this
data appropriately and ideally. It also notes the Ljung-Box Q(18) test outcome, which examines the
residual randomness of the model, and that the Ljung-Box statistic (22.073) and the value of (Sig. = 0.229)
is statistically significant because it is greater than (0.05), meaning that there is no problem in the used
model and follows the distribution of random.

Table 3. Results Model Statistics
Model Fit Statistics Ljung-Box Q(18)
Normalized
Model R-squared | RMSE BIC Statistics DF Sig.
Poverty rate 0.964 0.370 0.748 22.073 18 0.229
Residual ACF Residual PACF
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Figure 4 illustrates that there is no auto-correlation between errors. Thus, auto-correlation and partial auto-
correlation are all within confidence limits and indicate that the prediction model is good, and the residuals
of the poverty prediction model can be considered white noise.
Figure 4. ACF and PACF of the poverty prediction model residuals

The linear model was estimated using the least-squares method via the Eviews program to test the extent
of the model used to predict the future by considering the estimated values as the predictor variable and the
real values as the predicted variable. It was noted that the estimated parameter was close to one, indicating
that the estimated figures are almost identical to the actual. Table 4 exhibits the results of the quality and
ability of the model to estimate because the estimated value is near one, and the value of (prob = 0.000 <
0.05) is statistically significant.
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Table 4. Results of linear model's ability to predict the poverty rate.

Dependent Variable: POVERTY_RATE

Method: Least Squares

Sample (adjusted): 1994 - 2022

Included observations: 29

Variable Coefficient Std. Error t-Statistic Prob.

C 6.65048 2.1243 3.13057 0.0045
PREDICTED 0.972309 0.0052 19.1167 0.0000
R-squared 0.967919 Mean dependent var 47.25207
Adjusted R-squared 0.967919 SD dependent var 7.519030
SE of regression 1.346755 Akaike info criterion 3.467147
Sum squared resid 50.78494 Schwarz criterion 3.514295
Log-likelihood -49.27363 Hannan-Quinn criteria. 3.481913
F-statistic 35.1689 Durbin-Watson stat 1.901384
Prob(F-statistic) 0.000000 |

5. Conclusions and future research directions
5.1 Conclusion

This study served two purposes: First, non-monetary poverty measures were estimated in Yemen in
2022. Second, poverty trends from 1994 to 2022 were collected and analyzed. Besides, the Expert
Modeller method predicted poverty rates for 2023 and 2024. The study's results revealed a significant
increase in non-monetary measures of poverty and an increase in the poverty rate by 74.8% during the
study period. The prediction model results also predicted an increase in poverty rates in the future. The
findings may aid policymakers in developing programs and policies to alleviate poverty in Yemen.

5.2 Future research directions

The limitations of this study are that there is no data series for non-monetary measures such as human
poverty, capability poverty, and multidimensional poverty. The study suggests future work that could be
done, such as more research into the factors contributing to poverty in Yemen. In addition, the study
suggests conducting research on monetary and non-monetary indices of poverty and analyzing poverty
data using cutting-edge statistical techniques. Finally, an investigation of poverty trends across Yemen's
governorates can be carried out to identify areas that require additional attention and resources and assess
the effectiveness of poverty alleviation programmes.
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