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Abstract 
 
Demographic parameters focus on the overall health status of a country. These are necessary 
indicators for analyzing the health status of the sustained population in Bangladesh. 
Econometric models fitted on six important demographic parameters separately, three of six 
parameters for mortality measures and the remaining for fertility measures of Bangladesh. 
Autoregressive models developed on the time series data of demographic parameters such as 
life expectancies at birth for male and female populations, crude death rates, crude birth rates, 
gross reproduction rates, and net reproduction rates by year from 1980 to 2015 collected from 
Statistical Yearbook of Bangladesh published by the Bangladesh Bureau of Statistics. Mortality 
and fertility measures were predicted up to 2030 using the fitted models. The crude death 
rates, crude birth rates, gross reproduction rates, and net reproduction rates decreased by 
years from 2016 to 2030, while life expectancies at birth for the male and female populations 
were increasing. Government and non-government organizations and policymakers can make 
several decisions for more development of the sectors such as health, education, planning of 
food supply, and housing. Government and insurance companies in Bangladesh can also 
utilize the results of life expectancies at birth for the male and female population in setting the 
retirement age of government employees, fixing the minimum age of old age allowance, and 
innovating age-related rules of life insurance companies. 

 
Keywords 
 
Autoregressive model; demographic parameters; econometric model; fertility; mortality; time 
series analysis 
 

 



Md. S. Hossain, Md. R. Islam, & M. K. Ali 

135 

Introduction 
 
Time series analysis of demographic parameters at different time intervals is a common 
practice in social sciences and economics to estimate or predict future trends or to understand 
the changes in variables over time. Shubat and Bagirova (2022) studied the length of 
grandparenthood using methods of mathematical modeling and trend extrapolation based on 
time series analysis and forecasted the length of grandparenthood in Russia. Robinson and 
Jensen (2020) used different methods to observe trends and outliers in time series data. The 
United Nations Development Programme (1991) highlighted in the report that high life 
expectancy is the key indicator of socio-economically developed countries.  
 
Denton et al. (2005) studied time series data of mortality and life expectancies using Canadian 
data, fitted models of mortality and forecasted life expectancies, and estimated age-sex group 
system models. Quantitative implications of forecasted life expectancies are investigated, and 
experimental stochastic forecasts are discussed based on the Lee-Carter method. Yang et al. 
(2022) studied time series data from 2000 to 2018 and observed the dynamic relationship 
between life expectancy and its influencing factors in Beijing City, China. A Vector 
Autoregression model was developed, and results showed that a Vector Autoregression 
model with optimum lag 3 was constructed between life expectancy and three explanatory 
variables.  
 
Halicioglu (2011) studied time series data of life expectancy in Turkey for the period 1965–
2005 to understand the factors that influence life expectancy. The Bounds-testing approach to 
cointegration is employed to compute the long-run elasticities of longevity concerning the 
selected economic, social, and environmental factors. Salvati et al. (2020) studied fertility 
measures such as total fertility rate and crude birth rate at different geographical scales 
between 2002 and 2018 in Italy. They investigated the spatiotemporal evolution of these 
parameters. Results showed that fertility decreased following an opposite trend concerning 
economic conditions. Fertility is the key to the demographic process that contributes to 
population trends (Balbo et al., 2013; Goldstein et al., 2009).  
 
The American Community Survey also utilized time series data to observe changes in the 
characteristics of the population over time (Molugaram & Rao, 2017). The Autoregressive time 
trend model is fitted for predicting the population growth of Bangladesh (Beg & Islam, 2016). 
Time series analysis was conducted on the crude death rates of Bangladesh in which 
econometric models, Augmented Dickey-Fuller, Autoregressive Distributed Lag bounds, and 
pairwise Granger causality tests were used, and indicated a relationship among crude death 
rates and demographic parameters, and also described the necessity of mortality measures for 
insurance companies in Bangladesh (Begum, 1990; Mannan et al., 2014).  
 
Muyeed et al. (2020) investigated the prevalence and changes in disease events, COVID-19, in 
Bangladesh using daily time series data. The events associated with COVID-19, such as the 
daily cases, case fatality rate, recovery-death-ratio, and percent changes, were used for 
prevalence and trends, and it found that 68% of male and 32% of female patients were 
infected. Rahman and Alam (2023) studied child mortality in Bangladesh from the data from 
1975 to 2019. They applied several econometric time series analysis techniques, such as the 
Augmented Dickey-Fuller test, Autoregressive Distributive Lag bounds, and pairwise 
Granger causality tests. Among all of them, they chose the Augmented Dickey-Fuller test. 
Total fertility rate and urbanization have a positive effect on the child mortality rate, whereas 
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female education, female life expectancy at birth, and economic growth rate have a negative 
impact.  
 
Several studies related to life expectancies and birth rates were done, and the results of these 
studies showed that improvements in survival play a necessary role in explaining changes in 
the net reproduction rate over time in some low-income countries (Islam et al., 2005; Rubi et 
al., 2021; Shen et al., 2023). Nandi et al. (2023) conducted a study to investigate and measure 
the effect of socioeconomic variables such as employment rate, gross national income, 
population growth rate, unemployment rate, and age dependency ratio on life expectancy in 
Bangladesh using autoregressive integrated moving average models. In several studies, 
econometric models are used in time series data (Aksoy et al., 2019; Guets & Behera, 2022; 
Kelley & Schmidt, 2005; Matthews & Parker, 2013; Voss, 2007; Winkelmann & Zimmermann, 
1994; Xie, 2000).  
 
This study aims to construct econometric models for mortality measures such as crude death 
rate (CDR), life expectancy at birth for the male population (LEBM) and life expectancy at 
birth for the female population (LEBF), and fertility measures like crude birth rate (CBR), gross 
reproduction rate (GRR) and net reproduction rate (NRR), and to predict mortality and 
fertility measures of Bangladesh up to 2030. Another important aim of this study is to analyze 
trends of these parameters over the years. This investigation would benefit Bangladesh by 
allowing it to take proper steps to optimize the socioeconomic variables in the future to 
achieve sustainable development goals. 

 
Data and data source  
 
Data utilized in this study have been collected from the Statistical Yearbook of Bangladesh 
published by the Bangladesh Bureau of Statistics. Bangladesh Bureau of Statistics conducts a 
population and housing census every ten years. During the intercensal period, the Sample 
Vital Registration System (SVRS) is designed to determine the annual population change. Out 
of six variables, three are mortality measures such as CDR, LEBM, and LEBF, and the 
remaining variables are fertility measures such as CBR, GRR, and NRR in Bangladesh from 
1980 to 2019, excluding LEBM and LEBF in 1980, 1999, 2000 and 2001, collected from Statistical 
Yearbooks of Bangladesh (Bangladesh Bureau of Statistics, 1989–2012, 2013–2023).  
 
Some data need to be included and collected from reliable sources. For these missing data, 
LEBM and LEBF in 1999, 2000, and 2001 were estimated using Newton's Divided Difference 
formula, and LEBM and LEBF in 1980 were also estimated using the Expectation 
Maximization (EM) technique. All of the data mentioned above utilized in this study are 
presented in Table 1.  
 

Table 1: CDR, LEBM, LEBF, CBR, GRR, and NRR of Bangladesh in 1980–2015 
 

Year CDR LEBM LEBF CBR GRR NRR 

1980 10.2 52.8 51.4 33.4 2.41 1.92 

1981 11.5 55.3 54.4 34.6 2.45 1.89 

1982 11.9 54.5 54.8 34.8 2.54 1.98 

1983 12.3 54.2 53.6 35.0 2.45 1.92 

1984 12.3 54.9 54.7 34.8 2.34 1.81 

1985 12.0 55.7 54.6 34.6 2.20 1.79 
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Year CDR LEBM LEBF CBR GRR NRR 

1986 11.9 55.2 55.3 34.4 2.29 1.80 

1987 11.5 56.9 56.0 33.3 2.14 1.69 

1988 11.3 55.9 54.4 33.2 2.21 1.74 

1989 11.4 56.0 55.1 33.0 2.10 1.72 

1990 11.3 56.4 55.4 32.8 2.10 1.71 

1991 11.2 56.5 55.7 31.6 2.06 1.70 

1992 11.0 56.8 55.9 30.8 2.03 1.62 

1993 10.0 57.8 56.6 28.8 2.01 1.57 

1994 9.0 58.2 57.9 27.8 1.81 1.48 

1995 8.4 58.4 58.1 26.5 1.68 1.46 

1996 8.1 59.1 58.6 25.6 1.66 1.46 

1997 5.5 60.5 59.9 21.0 1.52 1.37 

1998 4.8 60.7 60.5 19.9 1.45 1.31 

1999 5.1 60.7 61.4 19.2 1.29 1.25 

2000 4.9 62.2 63.6 19.0 1.27 1.24 

2001 4.8 64.1 65.3 18.9 1.26 1.23 

2002 5.1 64.5 65.4 20.1 1.26 1.22 

2003 5.9 64.3 65.4 20.9 1.24 1.20 

2004 5.8 64.4 65.7 20.8 1.21 1.18 

2005 5.8 64.4 65.8 20.7 1.19 1.17 

2006 5.6 65.4 67.8 20.6 1.17 1.15 

2007 6.2 65.5 67.9 20.9 1.17 1.14 

2008 6.0 65.6 68.0 20.5 1.11 1.09 

2009 5.8 66.1 68.7 19.4 1.07 1.06 

2010 5.6 66.6 68.8 19.2 1.05 1.04 

2011 5.5 67.9 70.3 19.2 1.04 1.03 

2012 5.3 68.2 70.7 18.9 1.05 1.04 

2013 5.3 68.8 71.2 19.0 1.02 1.01 

2014 5.2 69.1 71.6 18.9 1.05 1.04 

2015 5.1 69.4 72.0 18.8 1.05 1.00 

2016 5.1 70.3 72.9 18.7 1.02 1.00 

2017 5.1 70.6 73.5 18.5 1.02 1.00 

2018 5.0 70.8 73.8 18.3 1.00 0.99 

2019 4.9 71.1 74.2 18.1 1.00 1.00 

 
Methods and methodological issues  
 
Construction of econometric models of demographic parameters 
 
Senturk and Ali (2021) studied time series data such as socioeconomic determinants and 
gender-specific life expectancies from 1971 to 2017, and the stationarity of data was checked 
by Unit Root tests such as the Augmented Dickey-Fuller (ADF), the Phillips-Perron (PP), and 
the Dickey-Fuller-generalized least-squares regression (DF-GLS). An Autoregressive 
Distributed Lag (ARDL) bound test was also conducted to identify cointegration (Sam et al., 
2019). All variables that are under study may have some disturbances. Econometric theory is 
necessary for assessing the suitability of variables before fitting an econometric model. The 
models were estimated based on observed data, and the estimated models were tested for 
their suitability. 
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Normality and outlier check 
 
Maddala (1992) showed that an outlier was visible at an abnormal distance from other values. 
The outlier of an observation depends partially on the normal distribution of the data. If data 
is tested for normality assumption and is not valid, then this may happen due to the non-
normality of the data rather than the presence of an outlier. Applying a normal probability 
plot of the data is recommended before an outlier test.  
 
Data have been investigated using skewness, kurtosis z-values, and visual outputs such as 
histograms and normal Q-Q plots. A visual inspection of their histograms and normal Q-Q 
plots in Figures 1–12 showed that CDR, LEBM, LEBF, CBR, GRR, and NRR are not normally 
distributed. A skewness of 0.315 (SE = 0.393) and kurtosis of -1.771 (SE = 0.768) for CDR; a 
skewness of 0.166 (SE = 0.393) and kurtosis of -1.415 (SE = 0.768) for LEBM; a skewness of 
0.219 (SE = 0.393) and kurtosis of -1.495 (SE = 0.768) for LEBF; a skewness of 0.340 (SE = 0.393) 
and kurtosis of -1.753 (SE = 0.768) for CBR; a skewness of 0.288 (SE = 0.393) and kurtosis of -
1.532 (SE = 0.768) for GRR; a skewness of 0.257 (SE = 0.393) and kurtosis of -1.417 (SE = 0.768) 
for NRR where Standard Error (SE) also show that all data utilized in this study are rarely 
normally distributed based on the values of skewness.  
 
These results suggest that all variables may be normally distributed after performing 
difference or box-cox transformation. Scatter plots and box plots are the most well-known 
graphical techniques for identifying outliers, along with an analytic procedure for when the 
distribution is normal. Describing the behavior of the data box plot is necessary, as it indicates 
that any point beyond an outer fence is considered an extreme outlier. Table 2 and Figures 13–
18 show that no single outlier was found in the data set of Bangladesh’s CDR, LEBM, LEBF, 
CBR, GRR, and NRR from 1980 to 2015. 
 

Table 2: Quartile Value, Median, Interquartile Range, Lower Inner Fence, Upper Inner 
Fence, Lower Outer Fence, and Upper Outer Fence of CDR, LEBM, LEBF, 
CBR, GRR, and NRR of Bangladesh in 1980–2015 

 

 
First 

Quartile 
Third 

Quartile 
Median 

Interquartile 
Range 

Lower 
Inner 
Fence 

Upper 
Inner 
Fence 

Lower 
Outer 
Fence 

Upper 
Outer 
Fence 

CDR 5.35 11.3 6.1 5.95 -3.58 20.23 -12.50 29.15 
LEBM 56.1 65.47 60.6 9.37 42.05 79.53 27.99 93.58 
LEBF 55.32 67.87 60.2 12.55 36.50 86.70 17.67 105.52 
CBR 19.25 33.15 20.95 13.9 -1.60 54.00 -22.45 74.85 
GRR 1.17 2.13 1.485 0.96 -0.27 3.57 -1.71 5.01 
NRR 1.1425 1.7175 1.34 0.58 0.27 2.59 -0.60 3.46 
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Figure 1: Histogram of CDR of Bangladesh in 1980–2015. X: CDR, and Y: Frequency 

 

Figure 2: Normal Q-Q Plot of CDR of Bangladesh in 1980–2015. X: Observed Value, 
and Y: Expected Normal 

 

Figure 3: Histogram of the LEBM Population of Bangladesh in 1980–2015. X: LEBM, 
and Y: Frequency 
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Figure 4: Normal Q-Q Plot of LEBM Population of Bangladesh in 1980–2015. X: 
Observed Value, and Y: Expected Normal 

 

Figure 5: Histogram of LEBF Population of Bangladesh in 1980–2015. X: LEBF, and Y: 
Frequency 

 

Figure 6: Normal Q-Q Plot of LEBF Population of Bangladesh in 1980–2015. X: 
Observed Value, and Y: Expected Normal 
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Figure 7: Histogram of CBR of Bangladesh in 1980–2015. X: CBR, and Y: Frequency 

 

Figure 8: Normal Q-Q Plot of CBR of Bangladesh in 1980–2015. X: Observed Value, 
and Y: Expected Normal 

 

Figure 9: Histogram of GRR of Bangladesh in 1980–2015. X: GRR, and Y: Frequency 
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Figure 10: Normal Q-Q Plot of GRR of Bangladesh in 1980–2015. X: Observed Value, 
and Y: Expected Normal 

 

Figure 11: Histogram of NRR of Bangladesh in 1980–2015. X: NRR, and Y: Frequency 

 

Figure 12: Normal Q-Q Plot of NRR of Bangladesh in 1980–2015. X: Observed Value, 
and Y: Expected Normal 
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Figure 13: Boxplot of CDR of Bangladesh in 1980–2015 
 

 

Figure 14: Boxplot of LEBM Population of Bangladesh in 1980–2015 

 

Figure 15: Boxplot of LEBF Population of Bangladesh in 1980–2015 
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Figure 16: Boxplot of CBR of Bangladesh in 1980–2015 

 

Figure 17: Boxplot of GRR of Bangladesh in 1980–2015 
 

 

Figure 18: Boxplot of NRR of Bangladesh in 1980–2015 
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Stationarity Check 
 
In this study, CDR, LEBM, LEBF, CBR, GRR, and NRR are plotted in graphs, reports of 
correlogram for autocorrelation and partial correlation, ADF, and PP tests show non-
stationarity trends. The null hypothesis for ADF and PP tests shows a unit root. The 
descriptive and unit root test results for different indices are presented in Figures 19–24 and 
Table 3.  
 
These findings are necessary for assessing the stationarity of data. These results suggest all 
variables may be stationary after performing difference or box-cox transformation. For better 
results of the econometric models, it is necessary and observed that CDR is also stationary 
after the first difference of box-cox at power -1 denoted as DICDR; LEBM, LEBF, GRR, and 
NRR also show stationarity after the first difference of box-cox at power -2 denoted by 
DSLEBM, DSLEBF, DSGRR, and DSNRR respectively.  

Note that the box-cox of CDR at power -1 is 
CDR

ICDR
1

1−= , box-cox of LEBM, LEBF, GRR, 

and NRR at power -2 are )
)(

1
1(

2

1
2LEBM

SLEBM +−=− , )
)(

1
1(

2

1
2LEBF

SLEBF +−−= , 

)
)(

1
1(

2

1
2GRR

SGRR +−−=

, 

and )
)(

1
1(

2

1
2NRR

SNRR +−−=  respectively. 

 
Table 3: Results of Unit Root Tests 

 

 
ADF Test PP Test 

t value p value t value p value 

CDR  -1.423 0.8947 -0.6702 0.8413 

LEBM -0.2783 0.9182 -0.0918 0.9426 

LEBF -0.2271 0.9256 -0.2271 0.9256 

CBR -0.6382 0.8491 -0.7572 0.8187 

GRR -0.4835 0.8827 -0.4574 0.8878 

NRR -0.6247 0.8523 -0.6025 0.8574 

DCDR  -4.4518 0.0012* -4.4298 0.0013* 

DLEBM -5.3703 0.0001* -7.9150 0.0000* 

DLEBF -6.9015 0.0000* -6.9222 0.0000* 

DCBR -3.964 0.0044* -3.913 0.0050* 

DGRR -6.4627 0.0000* -6.4769 0.0000* 

DNRR -6.5356 0.0000* -6.5821 0.0000* 

DICDR  -4.426 0.0013* -4.426 0.0013* 

DSLEBM -6.117 0.0000* -9.667 0.0000* 

DSLEBF -8.230 0.0000* -8.584 0.0000* 

DSGRR -4.818 0.0004* -5.098 0.0002* 

DSNRR -3.539 0.0132* -6.631 0.0000* 

Note: * indicates statistical significance at the 1% level. 
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Figure 19: Trend of Level Data, 1st Difference, and 1st Difference of Box-cox Power -1 
of CDR 

 

   

 
Figure 20: Trend of Level Data, 1st Difference, and 1st Difference of Box-cox Power -2 

of LEBM 

  
 

 
Figure 21: Trend of Level Data, 1st Difference, and 1st Difference of Box-cox Power -2 

of LEBF 
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Figure 22: Trend of Level Data and 1st Difference of CBR 
 

 

 

 
 

Figure 23: Trend of Level Data, 1st Difference, and 1st Difference of Box-cox Power -2 
of GRR 

   
Figure 24: Trend of Level Data, 1st Difference, and 1st Difference of Box-cox Power -2 

of NRR 
 

 
 

 

 
Estimation and testing of models 
 
The models are estimated based on an observed set of data, and then suitability has been 
tested. Various estimation procedures are used to know the suitability of the unknown 
parameters of the models. Usually, a suitable and appropriate model is selected from various 
formulations of econometric models. It shows that Autoregressive (AR) models have been 
fitted for all data sets separately. As AR models up to term lag 1 fitted for LEBM, GRR, and 
NRR, the AR model includes only term lag 2 for LEBF and CBR, and the AR model includes 
only term lag 6 for CDR. All models are well fitted based on t value and p value, and the 
developed models presented include values of the Akaike Information Criterion (AIC), 
Schwarz Information Criterion (SIC), and Hannan-Quinn (HQ) in Table 4.  
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The AR models fitted to the data were tested for adequacy through some analysis of the 
model's residuals. It shows correlograms for autocorrelation and partial correlation of 
residuals, and residual, actual, and fitted values of the models plotted in Figures 25–31. The 
Breusch-Pagan-Godfrey test is a Lagrange multiplier test of the null hypothesis of no 
heteroskedasticity (Breusch-Pagan, 1979; Godfrey, 1978).  
 
The null hypothesis of the serial correlation of residuals test using the Breusch-Godfrey 
method is used, and no serial correlation in the residuals is shown up to the specified order. 
Results of the Heteroskedasticity Test and Serial Correlation Test of residuals, exhibited in 
Tables 5–6, indicate that the residuals of the models fitted are almost free from serial 
correlation and heteroskedasticity.  
 
The AR models were developed separately for mortality measures such as CDR, LEBM, and 
LEBF and fertility measures like CBR, GRR, and NRR. Model validation techniques were also 
applied to check the validity of the fitted models, and this was discussed. The Statistical 
Package for Social Sciences (SPSS) and EViews were used to complete the different parts of 
the present study. 
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Table 4: Results of Fitted Models of CDR, LEBM, LEBF, CBR, GRR, and NRR. 
 

 Coefficient t value p value R2 
Prob 

(F-statistic) 
AIC SIC HQ 

 For CDR: 

 

 
0.1040 

 
0.0879*** 

 
-5.68 

 
-5.59 

 
-5.65 

 
 Constant 

 
-0.004672 

 
-1.8163 

 
.0804*** 

     

 DICDR -0.315191 -1.7703 .0880*** 

 
 For LEBM: 

 

 
 
.1230 

 
 
0.0419** 

 
 
-
22.50 

 
 
-
22.41 

 
 
-
22.47 

 
 Constant 

 
0.0000023 

 
3.9625 

 
.0004* 

     

 DSLEBM -0.280476 -2.1188 .0420** 

 
 For LEBF: 

 

 
 
0.0868 

 
 
0.0958*** 

 
 
-
22.17 

 
 
-
22.08 

 
 
-
22.14 

  
 Constant 

 
0.0000027 

 
3.7951 

 
.0006* 

     

 DSLEBF -0.224861 -1.7174 .0959*** 

 
 For CBR: 

 

 
 
0.1144 

 
 
0.0541** 

 
 
2.73 

 
 
2.83 

 
 
2.77 

  
 Constant 

 
-0.343962 

 
-1.9581 

 
.0593** 

     

 DCBR 0.322865 2.0017 .0541** 

 
 For GRR: 

 

 
 
0.1280 

 
 
0.0559** 

 
 
-8.36 

 
 
-8.27 

 
 
-8.33 

  
 Constant 

 
0.001945 

 
2.6415 

 
.0127* 

     

 DSGRR 0.081401 2.1674 .0377** 

 
 For NRR: 

 

 
 
0.1448 

 
 
0.0263** 

 
 
-5.10 

 
 
-5.01 

 
 
-5.07 

  
 Constant 

 
-0.017441 

 
-4.5068 

 
.0001* 

     

 DSNRR -0.547818 -2.3282 .0264** 

Note: *, **, and *** indicate statistical significance at the 1% level, 5% level, and 10% level, 
respectively. 

 
  

)(
t
ε

6t
DICDR

6
α

0
α

t
DICDR i+

−
+=

)(
t
εDSLEBM

1
α

0
αDSLEBM

1-t
ii

t
++=

)(
t
ε

2t
DSLEBF

2
α

0
α

t
DSLEBF iii+

−
+=

)(
t
ε

2t
DCBR

2
α

0
α

t
DCBR iv+

−
+=

)(
t
ε

1t
DSGRR

1
α

0
α

t
DSGRR v+

−
+=

)(
t
ε

1t
DSNRR

1
α

0
α

t
DSNRR vi+

−
+=



Time Series Analysis of Demographic Parameters in Bangladesh 

150 

Table 5: Predicted CDR, LEBM, LEBF, CBR, GRR, and NRR from 2016 to 2030 
 

 
Table 6: Heteroskedasticity Test of Residuals using the Breusch-Pegan-Godfrey 

Method 
 

 DICDR DSLEBM DSLEBF DCBR DSGRR DSNRR 

F-statistic 0.002367 0.000390 0.259322 1.518439 4.697910 4.087996 
Prob(F-statistic) 0.9616 0.9844 0.6142 0.2271 0.0377 0.0516 

 
Figure 25: Correlogram of DICDR, DSLEBM, DSLEBF, DCBR, DSGRR, and DSNRR 

Respectively 
 

 
DICDR 

 
DSLEBM 

 
DSLEBF 

 
DCBR 

Year CDR LEBM LEBF CBR GRR NRR 

2016 5.02 70.10 73.01 18.68 0.92 0.97 
2017 4.94 70.75 73.90 18.17 0.91 0.96 
2018 4.85 71.41 74.82 17.67 0.90 0.95 
2019 4.77 72.09 75.77 17.16 0.89 0.94 
2020 4.69 72.80 76.77 16.65 0.88 0.93 
2021 4.61 73.52 77.80 16.14 0.87 0.92 
2022 4.54 74.27 78.87 15.63 0.86 0.91 
2023 4.47 75.04 80.00 15.13 0.85 0.90 
2024 4.40 75.84 81.17 14.62 0.85 0.89 
2025 4.33 76.66 82.39 14.11 0.84 0.89 
2026 4.26 77.51 83.67 13.60 0.83 0.88 
2027 4.20 78.38 85.01 13.09 0.82 0.87 
2028 4.14 79.29 86.42 12.59 0.81 0.86 
2029 4.08 80.23 87.90 12.08 0.81 0.86 
2030 4.02 81.20 89.46 11.57 0.80 0.85 
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DSGRR 

 
DSNRR 

 
Figure 26: Actual, Fitted, and Residual Values of CDR for Model (i) 

 

 

 
Figure 27: Actual, Fitted, and Residual Values of LEBM for Model (ii) 
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Figure 28: Actual, Fitted, and Residual Values of LEBF for Model (iii) 
 

 

 
Figure 29: Actual, Fitted, and Residual Values of CBR for Model (iv) 

 

 

 
Figure 30: Actual, Fitted, and Residual Values of GRR for Model (v) 
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Figure 31: Actual, Fitted, and Residual Values of NRR for Model (vi) 
 

 

 
Validity of forecasted values 
 
Root Mean Squared Error (RMSE) measures the validity of forecasted values by calculating 
the average difference between a model’s predicted values and the actual values. RMSE is 
usually used for numerical predictions (Christie & Neill, 2022; Chu & Shirmohammadi, 2004; 
Hodson, 2022; Singh et al., 2004; Vazquez-Amábile & Engel, 2005). 
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Where Yi are the actual values, Pi are the predicted values of a variable, and n is the number 
of observations available for analysis. RMSE’s best value is 0, and the worst value is +∞ 
(Chicco et al., 2021). RMSE of CDR, LEBM, LEBF, CBR, GRR, and NRR using the actual and 
forecasted data from 2016 to 2019 were estimated as 0.13, 0.59, 0.95, 0.58, 0.11, and 0.04, 
respectively. This RMSE’s values show the strong acceptance of forecasted CDR, GRR, and 
NRR and overall acceptance of LEBM and CBR, excluding LEBF. 

 
Results and discussion 
 
R models have been chosen and fitted for CDR, LEBM, LEBF, CBR, GRR, and NRR based on 
p value, AIC, SIC, and HQ presented in Table 4. AR models up to term lag 1 fitted for LEBM, 
GRR, and NRR, AR model including only term lag 2 for LEBF and CBR, and AR model 
including only term lag 6 for CDR. In these models, constant terms and coefficients are 
significant, from a confidence level of 1% to 10%, as shown in Table 4.  
 
It is necessary to check the residuals of the fitted models to ensure they are well-fitted. For 
this, the results of the heteroskedasticity test using the Breusch-Pagan-Godfrey Method and 
Serial Correlation using the Breusch-Godfrey Method of Residuals are shown in Tables 6–7 
and 25–31. No serial correlation and heteroskedasticity were observed among the residuals of 
the models except DSGRR and DSNRR.  
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Using the fitted models, CDR, LEBM, LEBF, CBR, GRR, and NRR have been forecasted from 
2016 to 2030 and presented in Table 5. CDR per 1000 population, LEBM, LEBF, CBR, GRR and 
NRR of Bangladesh from 2016 to 2019 is estimated as 5.02, 4.94, 4.85 and 4.77; 70.10, 70.75, 
71.41 and 72.09; 73.01, 73.90, 74.82 and 75.77; 18.68, 18.17, 17.67 and 17.16; 0.92, 0.91, 0.90 and 
0.89; 0.97, 0.96, 0.95 and 0.94 respectively whereas actual value is observed in Bangladesh 
Bureau of Statistics (2023) as 5.1, 5.1, 5.0 and 4.9; 70.3, 70.6, 70.8 and 71.1; 72.9, 73.5, 73.8 and 
74.2; 18.7, 18.5, 18.3, and 18.1; 1.02, 1.02, 1.00 and 1.00; 1.00, 1.00, 0.99 and 1.00 respectively 
presented in Tables 5 and 1.  
 
The United Nations (2024) showed Bangladesh's CDR per 1000 population, LEBM, LEBF, and 
CBR in 2016 and 2030 as 5.6 and 5.5, 69.08 and 73.53, 73.32 and 78.16, and 19.0 and 15.2, 
respectively. The CDR and CBR per 1000 population of Bangladesh in 2030 are forecasted as 
4.02 and 11.57, respectively. GRR, NRR, LEBM, and LEBF of Bangladesh in 2030 are also 
forecasted as 0.80, 0.85, 81.20, and 89.46, respectively.  
 
Forecasted values from 2016 to 2030 in Table 5 show that CDR, CBR, GRR, and NRR trends 
decrease while LEBM and LEBF increase over time. It is also observed from forecasted values 
that CDR, GRR, and NRR are decreasing slowly, and CBR is decreasing in a very downtrend. 
Decreasing CDR, GRR, NRR, and CBR is good for life expectancy for male and female 
populations because they are negatively correlated.  
 
From the forecasted values, it is estimated that LEBM and LEBF will increase in the future, 
helping Bangladesh achieve its sustainable development goals. Bangladesh is an 
overpopulated country, and its population has been on an uptrend over time (Bangladesh 
Bureau of Statistics, 2022). However, decreasing CDR, GRR, NRR, and CBR over time 
indicates that the population will experience a downtrend. Increasing LEBM and LEBF over 
time shows that Bangladesh's aged population will increase. 
 

Table 7: Serial Correlation of Residuals Test using the Breusch-Godfrey Method 
 

 DICDR DSLEBM DSLEBF DCBR DSGRR DSNRR 

F-statistic 0.829181 0.000313 0.982894 2.582030 2.091766 1.766580 
Prob(F-statistic) 0.3709 0.9860 0.3294 0.1186 0.1581 0.1935 

 
Limitations of the study 
 
This study used autoregressive models for trend analysis and forecasting of the above-
mentioned time series variables with 36 observations. The number of observations was 
expected to be high enough to fit autoregressive models. In this study, Autoregressive models 
were developed based on t values, p values, AIC, SIC, and HQ, neglecting the values of R2 and 
the Heteroskedasticity test of residuals of DSGRR and DSNRR. 

 
Conclusions 
 
Demographic parameters ultimately describe the health status of Bangladesh. AR models 
have been fitted for CDR, LEBM, LEBF, CBR, GRR, and NRR using time series data from 1980-
2015 and forecasted mortality measures such as CDR, LEBM, and LEBF, and fertility measures 
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such as CBR, GRR, and NRR up to 2030. After 2015, CDR, CBR, GRR, and NRR decreased over 
time, while LEBM and LEBF increased. CDR, CBR, GRR, and NRR of Bangladesh in 2030 will 
decrease at the rate of 21.18%, 38.46%, 9.1%, and 10.53%, respectively, compared to 2015, while 
LEBM and LEBF will increase at the rate of 17.0% and 24.25% respectively. The trend of these 
parameters shows the positive health status of Bangladesh over time.  
 
However, to make this trend sustainable, several decisions have to be taken over time by the 
government, non-government organizations, and policymakers, such as increasing 
educational institutions, confirming immunization programs for infants, assuring healthcare 
facilities, providing effective programs, and special preparation to verify all types of needs of 
the aged population. Any interested researcher or organization may conduct future research 
to examine the relationship between mortality and fertility parameters. 
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