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Abstract

The present study aimed to compare the group method of data handling type artificial neural
network (GMDH-type ANN) model and autoregressive integrated moving average (ARIMA)
model for prediction of India’s total fertility rate (TFR). In this study, time series TFR data was
collected from the period 1995-96 to 2019-2020. The ARIMA (1,2,2) model was found to have
lower Akaike’s information criterion (AIC) and Bayesian information criterion (BIC) values, making
them more acceptable. After that, GMDH-type ANN model was fitted and to check the adequacy
of these two models using different error measures such as the root mean square error (RMSE),
mean absolute error (MAE), mean absolute percentage error (MAPE) and scatter index (Sl). The
GMDH-type ANN model is superior over ARIMA (1,2,2) model. Thus, the GMDH-type ANN model
was used to predict the TFR of India for the next 10 years and the results indicated that the TFR
will decline in upcoming years. The government will use the information regarding the prediction
of TFR to allocate the forthcoming resources and also make decisions for people's welfare.
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1. INTRODUCTION

India's fertility rate has significantly declined, reaching replacement levels in 18 of its 29 states
(Jejeebhoy et al., 2020). This reduction has been driven by a variety of factors, with marriage,
contraception, and abortion playing key roles (Singh et al., 2022). The decline in fertility has had both
positive and negative effects, including a reduction in maternal mortality and a shift in the population
pyramid (Radkar, 2020). However, there is still a need for improvements in sexual and reproductive

health services, particularly in terms of access and quality. Despite these challenges, there is potential
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for significant economic returns from family planning investments, particularly if the fertility rate can be
further reduced (Goli et al., 2023).

The TFR is a measurement of the typical lifetime number of children that a woman would have if she
experienced the current age-specific fertility rates during her reproductive period (Singh et al., 2020;
Tiwari et al., 2020). It is a measure of the potential for population growth (or decline). In India, the TFR
has been declining for several decades. In 1951, the TFR was 6.0 children per woman. By 2015-16, it
had declined to 2.2 children per woman. The decline in TFR has had a significant impact on India's
population growth rate. In the 1950s, India's population was growing at a rate of over 2% per year. By
the 2010s, the population growth rate had declined to less than 1% per year (Singh and Singh, 2023).
This decline in population growth is expected to continue in the coming years. The decline in TFR has
also had a significant impact on India's age structure which has several implications- First, it will lead to
a slower rate of population growth. This will give India more time to address its development challenges,
such as poverty and unemployment. Second, the decline in TFR will lead to an aging population. This
will put a strain on India's social welfare system, which is already struggling to meet the needs of the
elderly. Third, the decline in TFR will lead to a change in India's labour force. The declining number of
young people will make it more difficult for businesses to find workers. This could lead to a shortage of

labour and a slowdown in economic growth (Purkayastha et al., 2024).

The TFRis 2.1 children per woman, which closely approximates the equivalent replacement level fertility
rate of 2.1 children per woman. This means that each woman in India has approximately two children,
which is just enough to replace the population. According to the National Family Health Survey 2021,
the national TFR is 2.0, which is below the replacement level of 2.1. This decline is attributed to several
factors such as rising female education and labour force participation, increased access to family

planning services and changes in social norms and values (Goli et al., 2023).

Several researchers considered ARIMA models for the future prediction of fertility rates (Waseem &
Yasmeen, 2016; Bolanle & Oluwadare, 2017; Raziq et al., 2021; Karunanidhi & Sasikala, S. 2023).
ARIMA models are not appropriate for long-term future prediction of non-linear data but GMDH-type
ANN model has this applicability (Adeyinka and Muhajarine, 2020). However, to increase the accuracy
of predictive models, some authors have proposed artificial intelligence techniques like deep
learning (Al-Maqaleh et al., 2016; Kihoro et al., 2004; Aladag, 2011) and machine learning (Hsieh et al.,
2018; Sakr et al., 2017; Son et al., 2010). The GMDH-type ANN technique has been shown to enhance
forecasting in the domains of manufacturing, agriculture, economics and urban planning. The
effectiveness of multilayer perceptron network, a widely used ANN and GMDH-type ANN techniques
were assessed for predicting the comprehensiveness and workability of concrete (Ghazanfari, et al.,
2017) and their research revealed that GMDH-type ANN produced more accurate outcomes. A
comparative study was conducted by researchers to evaluate the predictive performance of GMDH-
type ANN technique in comparison to ARIMA and Holt's techniques (Mishra et al., 2023). The
researchers determined that the GMDH-type ANN technique has greater prediction capabilities

compared to other models.
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The present study aims to determine the stationarity of a given data set of TFR using the Augmented
Dickey-Fuller (ADF) test to choose the most suitable ARIMA model. After that, a comparison will be
made between the adequate ARIMA model and the GMDH-type ANN model.

2. MATERIALS AND METHODS
The data for the period 1995 to 2020 were collected from the source
“https://www.macrotrends.net/global-metrics/countries/IND/india/fertility-rate”.  MS-Excel, R and

GMDH-type ANN shell Software were used for the data analysis.

2.1 Autoregressive Integrated Moving Average (ARIMA)

The ARIMA models, created by (Box and Jenkins, 1970) are a classic econometric technique for time
series forecasting. The autoregressive moving average (ARMA) model is modified by the ARIMA. An
ARMA model expressed the conditional average of Y, as a function of both previous observations
Yi-1,Yi—2,...,Yi—p, and previous innovations, &._;,&_q. The number of previous observations that
Y; depends on, p, is the AR degree. The number of previous innovations that Y; depends q, is the MA
degree. In general, these methodologies are denoted by ARMA (p, q). The form of the ARMA (p, q)
approach is:
Ye=a+pYi1+ Yot ABYep + &+ 0161 + 0282t QuEq- . (1)
where a is a constant term, f,,..., B, autoregressive (AR) coefficients, @1 moving average (MA)
coefficients, Y;_q,Y;—»,...,Y;—p», AR lags corresponding to non-zero, &,_,..., &_q MA lags corresponding
to nonzero, MA coefficients, and degree of differencing D, if D has value 0 which means no integration.

The Box-Jenkins approach's linearity restriction has been solved by statisticians in many
different kinds of methods, and in addition to nonlinear time series models, robust versions of several
ARIMA models have been developed (Makridakis et al., 1997). In this study, forecasting and fitting were

done using a box-Jenkins' ARIMA model technique and its flowchart is shown in Figure 1.

+

Step 2: Parameter estimation of the chosen ARIM A model
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Step 3: Diagnostic checking (Residual checking)
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Step 1: Identification of the model (Choosing tentative p. d. g) <

Best model
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I Step 4: Forecasting and error checking I

Figure. 1 Structure of the Box-Jenkins methodology
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2.1.1 Test for Stationarity: Augmented Dickey-Fuller (ADF) test
To find out if a time series of data is stationary, one of the best methods is to use the ADF test. The null
hypothesis (Ho) in this study states that the time series data are not stationary, while the alternative
hypothesis (H+) states that the data are stationary. The hypothesis is tested using appropriate d™ order

data differencing and ADF test apply on the differenced model.

2.2 Group Method of Data Handling Type Artificial Neural Network (GMDH-type ANN)
The GMDH method was first used by (lvakhnenko, 1968) to look at complex structures made up of a
set of data with multiple inputs and a single output. For the GMDH network, the main goal is to create a
feed-forward network function using a second-degree transfer function. The GMDH method naturally
picks the best model structure based on the input factors, hidden layer neurons, and layer count.
Y= ag+ XZiapx X YTy agxix; + Nty Xk Xke1 QijreXiXiXg t o )
where x represents the input variable, a; represents coefficients, y represents the output variable and m
represents the number of observations of input variable. The process of GMDH-type ANN model is

shown in Figure 2.
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Figure. 2 GMDH- type ANN model development process

2.3 Prediction Accuracy Measures
Model selection criteria are the standards by which a model's performance for the data being studied is
evaluated to ascertain if a consistent pattern in the models' performances is present (Bal et al., 2016;
Choi and Jeong, 2019; Koutsandreas et al., 2022; Spiliotis et al., 2023). The different accuracy
measures (AIC and BIC) were used to determine and validate the results of various ARIMA models for
predicting TFR of India. For the comparative study of GMDH-type ANN model and ARIMA model, the
accuracy measures (RMSE, MAE, MAPE and Sl) were used. The Sl is a standardized measure of error,
frequently presented as a percent. Minor values of the Sl are an suggestion of superior model
performance (Mentaschi et al., 2013).
AIC=2XxK—-2xInL
BIC=KXxInN—-2XInL

RMSE =
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where

N= number of observations, K = number for the parameters in the model, L = the likelihood function, ¥, =

Predicted value of y, y; = the actual value of y, ¥ = Mean of actual value of y

3. RESULTS AND DISCUSSION
Using the past known data of TFR for India, 10 years of future data prediction will attain with the reliable

models.

o

TFR
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Time

Figure. 3 Graphical presentation of TFR of India (1995-2020)

The TFR of India shows the declining trend and the given time is non-stationary (see Figure 3)

3.1 Fitting of ARIMA model

Autocorrelation Fractioe Partial Autocomelation Function
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Figure. 4 ACF and PACF at the Lag= 14 for TFR of India (1995-2020)
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Plots for ACF and PACF are shown in Figure 4 accordingly. The autocorrelation values show a
progressive decline from the initial second-order autocorrelation coefficient to the final value. The ADF
test confirmed the acceptance of the Null hypothesis, indicating that the TFR of India (1995-2020)

follows non-stationarity which is shown in Table 1.
3.2 Differencing the data series of TFR to reach the stationarity

The Box-Jenkins method requires the time series data is stationary. A correlogram graphic is used to
assess the stationarity of time series data. If stationarity is not attained, the differencing method is used
to eliminate variations in the series, resulting in a constant mean, variance and co-variance throughout

time (see Figure 5).
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Figure. 5 First differencing of the time series plot for TFR
Figure 5 shows that the TFR data is non-stationary after first order differencing. A transferred series
after second-order differencing to the TFR data to make stationary series which is shown in Figure 6

and the ACF and PACF plots after second-order differencing are shown in Figure 7.
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Fig. 6 Second differencing of the time series plot for TFR
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Figure. 7 ACF and PACF plots for the second differencing of the TFR data

17



International Journal of Ecological Economics & Statistics

The ADF test statistic is compared against critical values at significance levels, typically set at
5%. If the p-value is below the significance level, you can reject the null hypothesis and determine that
the time series is stationary. When the p-value is above the significance level, you take the null

hypothesis and arrange that the time series has a unit root (see Table1).

Table 1 ADF test to check the stationarity of TFR for India

Time series 1storder 2" order
Parameters
data differencing differencing
ADF -Test statistic -2.3109 -3.3547 -7.9728
Lag order 2 2 2
p-value at 5% level of significance 0.454 (NS) 0.08407 (NS) 0.01(S)

Note: Significant (S): p-value <0.05, Non- significant (NS): p-value >0.05

From Table 1, it is concluded that the stationarity is generated by the 2" order differentiated
data in TFR at a significance level of 5%. The alternative hypothesis is accepted when the p-value is
less than 0.05. Then the transformed time series data (with 2" order differencing) is stationary. AIC and
BIC values were used to determine the goodness of fit for estimated ARIMA models which were shown
in the Table 2.

Table 2 ARIMA model selection criteria for TFR

Models AIC BIC

ARIMA (1,1,1) -131.40 -127.75
ARIMA (1,1,2) -130.02 -125.15
ARIMA (1,1,3) -128.60 -122.51
ARIMA (1,1,4) -129.48 -122.17
ARIMA (1,1,5) -128.84 -120.31
ARIMA (1,1,6) -128.00 -118.25
ARIMA (1,2,1) -130.83 -127.30
ARIMA (1,2,2) -132.85 -128.14

The ARIMA (1,2,2) model is the most suitable for the second-order differenced data of the TFR for India,
as seen in Table 2. The top-performing model in this study, ARIMA (1,2,2) was selected by evaluating
measures like AIC (-132.85) and BIC (-128.14) which showed the lowest values as compared to all
other ARIMA models. The ARIMA (1,2,2) model follows a normal distribution with mean 0 and variance

1, the ACF and estimated models are similarly presented in Figure 8.
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Figure. 8 Residuals plot from ARIMA (1,2,2) model with zero mean

Figure 8 shows that ARIMA (1,2,2) model for India's TFR were statistically significant with fulfilment of
the normality condition of the residuals.

3.3 Fitting of GMDH-type ANN model
The TFR trend is automatically removed by the built-in time series pre-processing capabilities of the
GMDH-type algorithm (GMDH Shell, 2017). With a minimum of zero lag and a maximum of 2 lags, the
target variable TFR was automatically converted into a cube root. Both time and the converted TFR's
lag were input variables. The network was built using the dataset randomly partitioned using the Pareto
approach (Macek, 2008; Allen and Hooper, 2018)—80% was used for training (2005-2020) and 20%
was the test dataset for testing model performance (1995-2004). This prevented under- or over-fitting
of TFR that may arise from faulty training of the dataset. With polynomial neural networks of the GMDH
type, we were able to achieve the greatest, which allowed us to create an ideal neural-type time series

model, as shown in Figure 9.
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Figure. 9 Residual plots for GMDH-type ANN model for TFR of India

The adequacy of the model was additionally confirmed with a low criterion value of 2.46182 and residual
plots which is shown in Figure 9, it may be concluded that the final neural architecture shows an
acceptable match to the data. The equation for the GMDH-type ANN model of TFR defines the
parameters and coefficients as follows:

Y, = 2.46182 - N;5 * 0.0555152 (3)

where Y is year of forecast and N stands for neurons which is 15.

3.4 Model Comparison

The forecast issue with determining key performance indicators is assessing prediction accuracy. For
prediction accuracy, however, metrics like RMSE, MAE, MAPE and S| are employed which were shown
in the Table 3. The model with the lowest values of these metrics provides good fit for TFR in India.
This study compared the predictive ability of GMDH-type ANN model with traditional statistical model
(ARIMA-1,2,2) in view of forecasting TFR for India from 1995 to 2030 (see Fig. 10a & b).
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Table 3 Comparative performance measures of GMDH-type ANN model and ARIMA (1,2,2)
model for TFR in India

Models

Best parameters

ARIMA

p=1,d=2,q=2

GMDH-type ANN

Training set=80%, Testing set= 20%

RMSE
MAE
MAPE
Si

0.0224
0.0155
0.6311
0.0087

0.0033
0.0025
0.0956
0.0013

As shown in Table 3 the Sl value (0.0013) was the lowest for the GMDH-type ANN model as compared
to the ARIMA (1,2,2) model. Further comparison between the GMDH-type ANN model and the ARIMA
(1,2,2) model with RMSE, MAE, and MAPE indicated that the GMDH-type ANN model’s performance

was better as all error measures depicted lower values (0.0033, 0.0025, and 0.0956).
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Figure. 10a Comparison of the ARIMA and GMDH-type ANN models for TFR prediction

Figure 10a shows that the predicted TFR values for the years 1995 to 2020 were exactly similar to the
actual values of TFR using the GMDH-type ANN model, while using the ARIMA (1,2,2) model for the
prediction, there is a little difference between the actual and predicted values of TFR. Therefore, it is
shown that the GMDH-type ANN model performs better than the ARIMA (1,2,2) model in predicting TFR

for India.
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Figure. 10b Comparison of the ARIMA and GMDH-type ANN models for TFR future prediction.

From Figure 10a, the in-sample prediction of TFR from 1995 to 2020 from ARIMA (1,2,2) and GMDH-
type ANN models were closed to the observed historical rates. However, the out-of sample forecasts
from 2021 to 2030 for each model were different (see Figure 10b). The GMDH-type ANN model's future
prediction of TFR for India is better than others- it will come 1.41 children per women by 2030 (95%
prediction interval: 1.44 - 1.38) which is less than the replacement level, or the average number of

children per women required to sustain a steady population size of 2.1.

4. CONCLUSION
The study shows that the GMDH-type ANN model performs better than the ARIMA (1,2,2) model for
predicting the TFR of India. The ARIMA model or other time series models might not be appropriate for
long termpredicting of TFR for India. Therefore, GMDH-type ANN model is particularly appropriate for
analysing non-linear or unpredictable distribution data, such as fertility rates. GMDH-type ANN technique
has more ability for predicting the TFR as compared to other time series models to inform the

government to take policy actions in India.

5. REFERENCES

Adeyinka, D. A., Muhajarine, N., 2020, Time series prediction of under-five mortality rates for Nigeria:
comparative analysis of artificial neural networks, Holt-Winters exponential smoothing and
autoregressive integrated moving average models. BMC Medical Research Methodology, 20(1), 1-11.

Aladag, C. H., 2011, A new architecture selection method based on tabu search for artificial neural
networks. Expert Systems with Applications, 38(4), 3287-3293.

Allen, D. E., Hooper, V., 2018, Generalized correlation measures of causality and forecasts of the VIX
using non-linear models. Sustainability, 10(2695), 132-146.

22



International Journal of Ecological Economics & Statistics

Al-Maqaleh, B. M., Al-Mansoub, A. A., Al-Badani, F. N., 2016, Forecasting using artificial neural network
and statistics models. International Journal Education and Management Engineering, 3, 20-32.

Bal, C., Demir, S., Aladag, C. H., 2016, A comparison of different model selection criteria for forecasting
EURO/USD exchange rates by feed forward neural network. International Journal of Computing,
Communication and Instrumentalism Engineering, 3, 271-275.

Bolanle, A., Oluwadare, A. 2017, ARIMA and ARIMAX Stochastic models for fertility in
Nigeria. International Journal of Mathematics and Computer Application Research, 7(5), 1-20.

Box, G. E. P, Jenkins, G. M., 1970, Time Series Analysis, Forecasting and Control. San Francisco,
Holden-Day.

Choi, I., Jeong, H., 2019, Model selection for factor analysis: Some new criteria and performance
comparisons. Econometric Reviews, 38(6), 577-596.

Ghazanfari, N., Gholami, S., Emad, A., Shekarchi, M., 2017, Evaluation of GMDH and MLP networks
for prediction of compressive strength and workability of concrete. Bulletin de la Société Royale des
Sciences de Liege, 86, 855-868.

GMDH L. GMDH Shell for Data Science. 2019. Available from: https:// gmdhsoftware.com/signup-ds.
[cited 2019 Jul 20].

GMDH  Shell.  Preprocess: GMDH  Shell Documentation. 2017. Available  from:
https://gmdhsoftware.com/docs/preprocess. [cited 2020 Sep 13].

Goli, S., James, K. S., Singh, D., Srinivasan, V., Mishra, R., Rana, M. J., Reddy, U. S, 2023, Economic
returns of family planning and fertility decline in India, 1991-2061. Journal of Demographic
Economics, 89(1), 29-61.

Hsieh, M. H., Hsieh, M. J., Chen, C. M., Hsieh, C. C., Chao, C. M., Lai, C. C., 2018, Comparison of
machine learning models for the prediction of mortality of patients with unplanned extubation in intensive
care units. Scientific Reports, 8, 17116.

Ivakhnenko, A. G., 1968, The group method of data handling, a rival of the method of stochastic
approximation. Soviet Automatic Control, 13(3), 43-55.

Jejeebhoy, S., Santhya, K. G., Zavier, A. F., 2020, Sexual and reproductive health in India. Oxford
Research Encyclopedia of Global Public Health.

Karunanidhi, D., Sasikala, S., 2023, Robustness of Predictive Performance of Arima Models Using Birth
Rate of Tamilnadu. Journal of Statistics Applications and Probability, 12(3), 1189-201.

Kihoro, J., Otieno, R. O., Wafula, C., 2004, Seasonal time series forecasting: A comparative study of
ARIMA and ANN models. African Journal of Science and Technology, 5(2), 41-49.

Koutsandreas, D., Spiliotis, E., Petropoulos, F., Assimakopoulos, V., 2022, On the selection of
forecasting accuracy measures. Journal of the Operational Research Society, 73(5), 937-954.

Macek, K., 2008, Pareto principle in datamining: an above-average fencing algorithm. Acta
Polytechnica, 48(6), 55-59.

Makridakis, S., Wheelwright, S. C., Hyndman, R. J., 1997, Forecasting: Methods and Applications, 3™
Ed. John Wiley & Sons, United States of America.

Mentaschi, L., Besio, G., Cassola, F., Mazzino, A., 2013, Problems in RMSE-based wave model
validations. Ocean Modelling, 72, 53-58.

Mishra, M., Kumar, A., Thakur, R. K., 2023, Superiority of GMDH neural network model over Holt’'s and
ARIMA models for the future prediction of general fertility rate: A case study of India. Advances and
Applications in Mathematical Sciences, 22(3), 769-778.

Purkayastha, N., Dhillon, P., Ali, B., Hazarika, J., 2024, Changing Patterns of One-Person and One-
Couple-Only Households in India. Journal of Population Ageing, 17, 51-69.

Radkar, A., (2020). Indian Fertility Transition. Journal of Health Management, 22(3), 413—-423.

23



International Journal of Ecological Economics & Statistics

Raziq, A., Sheikh, N., Rafique, M., Murtaza, G., Muhammad, A., 2021, Forecasting fertility and child
mortality rates of Pakistan using time series model. Linguistica  Antverpiensia, 2, 1194-1213.

Sakr, S., Elshawi, R., Ahmed, A. M., Qureshi, W. T., Brawner, C. A., Keteyian, S. J., Al-Mallah, M. H.,
2017, Comparison of machine learning techniques to predict all-cause mortality using fitness data: the
Henry ford exercise testing (FIT) project. BMC Medical Informatics and Decision Making, 17, 174.

Singh, A., and Singh, S., 2023, An Analysis of Population Growth and Fertility Rate in India. Eduzone:
International Peer Reviewed/ Refereed Multidisciplinary Journal, 12(2), 140-147.

Singh, B. P., Singh, N., Singh, S., 2020, Estimation of total fertility rate: an indirect approach using
auxiliary information. Journal of the Social Sciences, 48(3), 789-798.

Singh, B. P,, Singh, S., Das, U. D., 2022, Principle of physics and total fertility rate. Journal of Scientific
Research, 66(4), 150-156.

Son, Y. J., Kim, H. G., Kim, E. H., Choi, S., Lee, S. K., 2010, Application of support vector machine for
prediction of medication adherence in heart failure patients. Healthcare Informatics Research, 16(4),
253-259.

Spiliotis, E., Petropoulos, F., Assimakopoulos, V., 2023, On the disagreement of forecasting model
selection criteria. Forecasting, 5(2), 487-498.

Tiwari, A. K., Singh, B. P., Patel, V., 2020, Retrospective study of investigation of possible predictors for
total fertility rate in India. Journal of Scientific Research & Reports, 26(9), 111-119.

Waseem, H. F., Yasmeen, F., 2016, Predicting total fertility rates of Pakistan using ARIMA models.
Proceeding of 14" International Conference on Statistical Sciences, Karachi, Pakistan, 29, 187-194.

24



