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Abstract

Employing annual time series data on total population in Gambia from 1960 to 2017, I model and
forecast total population over the next 3 decades using the Box — Jenkins ARIMA technique.
Diagnostic tests such as the ADF tests show that Gambia annual total population is I (2). Based
on the AIC, the study presents the ARIMA (3, 2, 1) model and our diagnostic tests also indicate
that the presented model is stable. The results of the study reveal that total population in Gambia
will continue to gradually rise in the next three decades. In order to take advantage of the
expected increase in total population in Gambia, 4 policy recommendations have been proposed
for consideration by the Gambian policy makers.
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INTRODUCTION

As the 21" century began, the world’s population was estimated to be almost 6.1 billion people
(Tartiyus et al, 2015). Projections by the United Nations place the figure at more than 9.2 billion
by the year 2050 before reaching a maximum of 11 billion by 2200. Over 90% of that population
will inhabit the developing world (Todaro & Smith, 2006). The problem of population growth is
basically not a problem of numbers but that of human welfare as it affects the provision of
welfare and development. The consequences of rapidly growing population manifests heavily on
species extinction, deforestation, desertification, climate change and the destruction of natural
ecosystems on one hand; and unemployment, pressure on housing, transport traffic congestion,
pollution and infrastructure security and stain on amenities (Dominic et al, 2016).
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The Gambia has a steady population growth rate of about 3 per cent and a total population of
around 2 million inhabitants. The population of the country is young and more than 50 percent
live in urban areas. Poverty is a major problem in the Gambia and manifests itself in its low
ranking in the 2015 human development index, where it is ranked 175 out of 188 countries (UN,
2016). The Gambia’s young population has the potential to provide labour to all sectors and
could ultimately lead to equitable growth (Ministry of Lands and Regional Government, 2015).
In Gambia, just like in any other part of the world, population modeling and forecasting is
critical for policy dialogue. This study endeavors to model and forecast population of the
Gambia using the Box-Jenkins ARIMA technique.

REVIEW OF PREVIOUS STUDIES

Table 1
Author(s) / Year Country Period Methodology Major Findings
Zakria & Muhammad | Pakistan 1951 - 2007 Box-Jenkins ARIMA (1, 2, 0)
(2009) ARIMA Model is the optimal
model
Haque et al (2012) Bangladesh | 1991 — 2006 | Logistic The LPM has the
Population best ~~fit  for
Model (LPM) | Dot i o
Beg & Islam (2016) Bangladesh | 1965 —2003 | Autoregressive Downward
Time Trend | population  growth
for Bangladesh for
Model the extefded period
up to 2043
Ayele & Zewdie (2017) Ethiopia 1961 — 2009 | Box-Jenkins ARIMA (2, 1, 2)
ARIMA Model Model is the
optimal model

MATERIALS & METHODS
ARIMA Models

ARIMA models are often considered as delivering more accurate forecasts then econometric
techniques (Song et al, 2003b). ARIMA models outperform multivariate models in forecasting
performance (du Preez & Witt, 2003). Overall performance of ARIMA models is superior to that
of the naive models and smoothing techniques (Goh & Law, 2002). ARIMA models were
developed by Box and Jenkins in the 1970s and their approach of identification, estimation and
diagnostics is based on the principle of parsimony (Asteriou & Hall, 2007). The general form of
the ARIMA (p, d, q) can be represented by a backward shift operator as:

D(B)(1 — B)EPOP, = O(B)Uy cvr eer v ceneee ee wen een eee ee e een eee ee wa wen aes ee st wen ees ee s ans ne e wnee s | 1]

Where the autoregressive (AR) and moving average (MA) characteristic operators are:

O(B) = (1= 01B — P3B8% — -+ = 05 BP ) e et et et et e et et et e e e e e s s e s e e [ 2]

O(B) = (1= 61B — 028% — -+ = B,B9) oo cov et et ettt et et et e s s et e e e e e e [3]




and
(1 = B)APOP, = ATPOP; ... oo o et eee e e eet et e et et eee e et eat ee e st ens eee e sen een e avn eeseee e | 4]

Where @ is the parameter estimate of the autoregressive component, 8 is the parameter estimate
of the moving average component, A is the difference operator, d is the difference, B is the
backshift operator and y; is the disturbance term.

The Box — Jenkins Methodology

The first step towards model selection is to difference the series in order to achieve stationarity.
Once this process is over, the researcher will then examine the correlogram in order to decide on
the appropriate orders of the AR and MA components. It is important to highlight the fact that
this procedure (of choosing the AR and MA components) is biased towards the use of personal
judgement because there are no clear — cut rules on how to decide on the appropriate AR and
MA components. Therefore, experience plays a pivotal role in this regard. The next step is the
estimation of the tentative model, after which diagnostic testing shall follow. Diagnostic
checking is usually done by generating the set of residuals and testing whether they satisfy the
characteristics of a white noise process. If not, there would be need for model re — specification
and repetition of the same process; this time from the second stage. The process may go on and
on until an appropriate model is identified (Nyoni, 2018).

Data Collection

This study is based on 58 observations of annual total population in Gambia, i.e. 1960 — 2017,
gathered from the World Bank online database.

Diagnostic Tests & Model Evaluation

Stationarity Tests: Graphical Analysis

Figure 1
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Figure 1 above indicates that the Gambia POP variable is not stationary since it is trending
upwards over the period 1960 — 2017. This basically points to the notion that the mean and
varience of POP is changing over time.

The Correlogram in Levels

Figure 2
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The ADF Test
Table 2: Levels-intercept
Variable | ADF Statistic Probability Critical Values Conclusion
POP 2.575586 1.0000 -3.560019 @1% Not stationary
-2.917650 @5% Not stationary
-2.596689 @10% | Not stationary
Table 3: Levels-trend & intercept
Variable | ADF Statistic Probability Critical Values Conclusion
POP 1.198963 0.9999 -4.140858 | @1% Not stationary




-3.496960 @5% Not stationary

-3.177579 @10% | Not stationary

Table 4: without intercept and trend & intercept

Variable | ADF Statistic Probability Critical Values Conclusion

POP 2.766260 0.9983 -2.609324 @1% Not stationary

-1.947119 @5% Not stationary

-1.612867 @10% | Not stationary

The Correlogram (at 1° Differences)

Figure 3
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Table 5: 1* Difference-intercept
Variable | ADF Statistic Probability Critical Values Conclusion
POP 1.291012 0.9983 -3.571310 @1% Not stationary

-2.922449 @5% Not stationary

-2.599224 @10% | Not stationary

Table 6: 1* Difference-trend & intercept




Variable | ADF Statistic Probability Critical Values Conclusion

POP -3.299515 0.0791 -4.170583 @1% Not stationary
-3.510740 @5% Not stationary
-3.185512 @10% | Stationary

Table 7: 1** Difference-without intercept and trend & intercept

Variable | ADF Statistic Probability Critical Values Conclusion

POP 1.525858 0.9672 -2.609324 @1% Not stationary
-1.947119 @5% Not stationary
-1.612687 @10% | Not stationary

Figures above, i.e. 2 and 3 and tables above, i.e. 2 to 7 indicate that the Gambia POP series is not
stationary in levels and in first differences.

The Correlogram in (2" Differences)

Figure 4
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Table 8: 2™ Difference-intercept
‘ Variable ‘ ADF Statistic ‘ Probability ‘ Critical Values ‘ Conclusion




POP -4.043850 | 0.0027 -3.571310 @1% Stationary
-2.922449 @5% Stationary
-2.599224 @10% | Stationary

Table 9: 2™ Difference-trend & intercept

Variable | ADF Statistic Probability Critical Values Conclusion

POP -4.394714 0.0052 -4.156734 @1% Stationary
-3.504330 @5% Stationary
-3.181826 @10% | Stationary

Table 10: 2" Difference-without intercept and trend & intercept

Variable | ADF Statistic Probability Critical Values Conclusion

POP -1.725385 0.0800 -2.609324 @1% Not stationary
-1.947119 @5% Not stationary
-1.612867 @10% | Stationary

Figure 4 shows that most of the autocorrelation coefficients are around zero pointing to the
notion that the Gambia POP series could be stationary in second differences; only at the first and
second lags are the autocorrelations coefficients quite high. Tables 8 and 9 illustrate that the
Gambia POP series is stationary in second differences. Table 10 indicates the POP series is only

stationary at 10% level of significance.

Evaluation of ARIMA models (without a constant)

Table 11

Model AIC U ME MAE RMSE MAPE
ARIMA (1,2,1) |835.3101 | 0.01856 | 46.162 306.09 471.23 0.047322
ARIMA (1,2,0) | 884.2296 | 0.028127 | 88.321 457.04 664.74 0.068489
ARIMA (0,2,1) |923.0804 | 0.035217 | 483.06 775.87 892.8 0.098278
ARIMA (2,2,1) |803.0702 | 0.014138 | 59.479 264.17 393.92 0.040691
ARIMA (3,2,1) | 800.4067 | 0.013906 | 40.986 249.33 386.17 0.039351
ARIMA 4,2,1) | 802.4067 | 0.013905 | 41.001 249.34 386.17 0.039351
ARIMA (5,2,1) | 803.8917 | 0.013873 | 37.257 247.59 385.31 0.039162
ARIMA (6,2,1) | 804.2669 | 0.013633 | 43.902 241.24 382.64 0.038188
ARIMA (2,2,0) |822.2132 | 0.016506 |93.114 315.98 437 0.047321
ARIMA (3,2,0) | 801.3062 | 0.014415 | 37.656 24497 391.02 0.03942
ARIMA (4,2,0) |801.3495 | 0.014051 | 42.877 250.24 387.74 0.039594
ARIMA (5,2,0) | 802.1704 | 0.013927 | 37.069 248.3 385.78 0.039312
ARIMA (6,2,0) | 802.8298 | 0.013686 |41.292 243.36 383.54 0.038456

A model with a lower AIC value is better than the one with a higher AIC value (Nyoni, 2018).
Theil’s U must lie between 0 and 1, of which the closer it is to 0, the better the forecast method
(Nyoni, 2018). The study will consider the AIC in order to choose the optimal model for
forecasting total population in Gambia. Therefore, for forecasting total population in Gambia, the

ARIMA (3, 2, 1) model is preferred.

Residual & Stability Tests




ADF Tests of the Residuals of the ARIMA (3, 2, 1) Model

Table 12: Levels-intercept

Variable | ADF Statistic Probability Critical Values Conclusion

Vi -4.505414 0.0008 -3.592462 @1% Stationary
-2.931404 @5% Stationary
-2.603944 @10% | Stationary

Table 13: Levels-trend & intercept

Variable | ADF Statistic Probability Critical Values Conclusion

V, -4.420373 0.0054 -4.186481 @1% Stationary
-3.518090 @5% Stationary
-3.189732 @10% | Stationary

Table 14: without intercept and trend & intercept

Variable | ADF Statistic Probability Critical Values Conclusion

Vi -7.160562 0.0000 -2.610192 @1% Stationary
-1.947248 @5% Stationary
-1.612797 @10% | Stationary

Tables 11, 12 and 13 demonstrate that the residuals of the selected optimal model, the ARIMA
(3, 2, 1) model are stationary.

Stability Test of the ARIMA (3, 2, 1) Model

Figure 5
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Since the corresponding inverse roots of the characteristic polynomial lie in the unit circle, it
simply proves that the chosen ARIMA (3, 2, 1) model is stable.

FINDINGS

Descriptive Statistics

Table 15
Description Statistic
Mean 971720
Median 862090
Minimum 367930
Maximum 2100600
Standard deviation 519200
Skewness 0.60261
Excess kurtosis -0.85562

As shown above, the mean is positive, i.e. 971720. The wide gap between the minimum (i.e
367930) and the maximum (i.e. 2100600) is consistent with the observation that the Gambian
POP series is gradually trending upwards over the period under study. The skewness is 0.60261
and the most essential characteristic is that it is positive, indicating that the Gambian POP series
is positively skewed and non-symmetric. Excess kurtosis is -0.85562; showing that the Gambian
POP series is not normally distributed.

Results Presentation’

Table 16
ARIMA @, 2, 1) Model:
A’POP,_; = 1.9496A?POP,_; — 1.4256A*POP,_, + 0.3919A?POP,_5 + 0.3791p;_1 ....[5]
P: (0000) (0.0000) (0.0268) (0.0525)
S. E: (0.1912) (0.3341) (0.177) (0.1955)
Variable Coefficient Standard Error z p-value
AR (1) 1.94964 0.191208 10.2 0.0000
AR (2) -1.42564 0.334107 -4.267 0.0000
AR (3) 0.391932 0.176969 2.215 0.0268
MA (1) 0.379139 0.195537 1.939 0.0525

Forecast Graph

Figure 6

"' The * ** and *** means significant at 10%, 5% and 1% levels of significance; respectively.
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Year
2000
2001
2002
2003
2004
2005
2006
2007

Actual
1231844.00
1270495.00
1311349.00
1354194.00
1398573.00
1444204.00
1491021.00
1539116.00

Prediction
1231690.78
1270213.99
1311483.93
1354035.49
1398712.99
1443914.66
1490979.06
1538982.50

Predicted Total Population
Table 17

Std. Error 95% Confidence Interval
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2008 1588572.00 1588553.15

2009 1639560.00 1639331.48

2010 1692149.00 1692182.09

2011 1746363.00 1746196.18

2012 1802125.00 1802126.41

2013 1859324.00 1859215.33

2014 1917852.00 1917795.84

2015 1977590.00 1977550.44

2016 2038501.00 2038370.60

2017 2100568.00 2100544.23

2018 2163699.77  266.801 2163176.85 - 2164222.69
2019 2227719.14  1185.340 2225395.92 - 2230042.37
2020 2292404.16  3108.880 2286310.86 - 2298497.45
2021 2357538.81  6258.808 2345271.78 - 2369805.85
2022 2422949.06 10704.871 2401967.90 - 2443930.22
2023 2488516.44 16397.134 2456378.65 - 2520654.24
2024 2554173.55 23218.160 2508666.79 - 2599680.31
2025 2619889.55 31031.231 2559069.46 - 2680709.65
2026 2685654.07 39712.635 2607818.74 - 2763489.41
2027 2751464.38 49166.360 2655100.09 - 2847828.68
2028 2817317.88 59325.394 2701042.24 - 2933593.51
2029 2883209.30 70145.601 2745726.45 - 3020692.16
2030 2949131.07 81597.322 2789203.25 - 3109058.88
2031 3015074.82 93658.016 2831508.48 - 3198641.16
2032 3081033.07 106307.374 2872674.44 - 3289391.69
2033 3147000.11 119524.989 2912735.44 - 3381264.79

2034 3212972.27 133289.914 2951728.83 - 3474215.70

11



2035
2036
2037
2038
2039
2040
2041
2042
2043
2044
2045
2046
2047
2048
2049
2050

3278947.51
3344924.96
3410904.29
3476885.36
3542868.02
3608852.00
3674837.01
3740822.74
3806808.94
3872795.42
3938782.08
4004768.84
4070755.68

147581.224
162378.855
177664.263
193420.738
209633.389
226288.932
243375.394
260881.832
278798.121
297114.803
315823.009
334914.402

2989693.63 - 3568201.40
3026668.25 - 3663181.67
3062688.73 - 3759119.85
3097787.69 - 3855983.04
3131994.13 - 3953741.91
3165333.84 - 4052370.16
3197830.00 - 4151844.02
3229503.75 - 4252141.74
3260374.66 - 4353243.22
3290461.11 - 4455129.74
3319780.35 - 4557783.80
3348348.67 - 4661189.00

354381.142 3376181.41 - 4765329.96
4136742.60 374215.860 3403292.99 - 4870192.21
4202729.58 394411.620 3429697.01 - 4975762.15
4268716.62 414961.882 3455406.27 - 5082026.96

Figure 6 (with a forecast range from 2018 — 2050) and table 17, clearly show that Gambia
population is set to continue rising gradually, in the next 3 decades. With a 95% confidence
interval of 3455406 to 5082027 and a projected total population of 4268717 by 2050, the chosen
ARIMA (3, 2, 1) model is consistent with the population projections by the UN (2015) which
forecasted that Gambia’s population will be approximately 4981000 by 2050. According to the
Gambia Bureau of Statistics (2013), the steady increase in population size has policy
implications for all sectors particulary the education, health, housing and agriculture sectors.

Policy Implications

1)
2)
3)

4)

The Gambian government should invest more in infrastructural development in order to
cater for the expected increase in total population.

The projected increase in total population justifies the need for more and bigger
companies to provide for the anticipated increase in demand for goods and services.

The anticipated increase in total population of the Gambia signifies the likely increase in
the demand for land for both residential and agriculture purposes.

The Gambian government should take action so as to improve health service delivery in
the country in order to ensure a healthier society, especially in light of such a likely
increase in total population.
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CONCLUSION

In the case of Gambia, the study shows that the ARIMA (3, 2, 1) model is not only stable but
also the most suitable model to forecast total population for the next 3 decades. The model
predicts that by 2050, Gambia’s total population would be approximately, 4.3 million people.
This is a warning signal to policy makers in Gambia, especially with regards to infrastructural
development, e.g schools and hospitals. These findings are essential for the Gambian
government, especially when it comes to long-term planning.
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