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Abstract  

   The purpose of this study was to forecast the Gross Domestic Product (GDP) 

of Pakistan. GDP of Pakistan was observed and analyzed by using time series analysis 

techniques and Box-Jenkins methodology. These methods were used for analysis, 

estimation, and forecasting purposes. Data on the GDP of Pakistan was collected from 

(1961-2020). The model selected had the lowest Akaike Information Criteria (AIC), 

Root Mean Square Error (RMSE), Mean Absolute Error (MAE), Mean Absolute 

Percentage Error (MAPE), Mean Error (ME), Mean Percentage Error (MPE), 

Schwarz Bayesian Information Criteria (SBIC), Schwarz Bayesian Criteria (SBC), 

values and high R2. It was used for forecasting the GDP of Pakistan for the next 55 

years from 2021-to 2075. Data were analyzed by using SPSS-21, Eviews-3, and 

Statgraphics-16. We have found that the best model is the Linear trend model. Based 

on this selected model, we have found that the GDP of Pakistan would become 2.51199 

in 2035 and would become less in 2075 as compared to 2025.  

Keywords: AIC, Linear Trend Model, Time Series Models, Gross, Domestic Product, 

Forecasting 

I.    Introduction 

Gross Domestic Product (GDP) is the total market value of all the final goods 

and services produced by people within a country during a year. It does not matter if 

the people are a citizen or foreign-owned companies in that country. If they are located 

within the countries boundaries, the Government counts their production as GDP. 

Usually, GDP is expressed as a comparison to the previous year. For example, if the 

year-to-year GDP is up 3%, this is thought to mean that economy has grown by 3% 

over the last year. When we subtract Foreign Income (FI) From Gross National Product 
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(GNP), we will get GDP. G.D.P = G.N.P – F.I. GNP of a county is the total market 

value of all goods and services produced during one year. FI is income that is earned 

from foreign sources. Murry, Donald A., and Gehuang D. Nan., (1994), a definition of 

the GDP electrification interrelationship.  

I.i.    Role of GDP in Pakistan Economy 

  GDP is one of the primary indicators used to gauge the health of a country’s 

economy. The economy of Pakistan is the 25th largest in the world in the terms of 

purchasing Power Parity (PPP), and the 43rd largest in terms of nominal Gross 

Domestic Product (NGDP). Pakistan has a population of over 190 million the world’s 

6th largest giving it a nominal GDP per capita of $ 1429, which ranks 140th in the world. 

Currency, Pakistani rupee (PKR) Re. 1 = 100 paisa’s, United States Dollar (USD) $ 1 

= 171.23, PKR, (October 2021). However, Pakistan's undocumented economy is 

estimated to be 36% of its overall economy, which is not taken into consideration 

calculating per capita income. Nominal GDP shows the total productive output of a 

country. PPP GDP is GDP converted to international dollars using purchasing power 

parity rates.  

In statistics GDP $280.00 billion (Nominal, 2021), $ 1.061 trillion (PPP, 2021), GDP 

rank 25th (PPP), 43th (Nominal), GDP growth 3.94% (2021), 5.2% (2021), GDP per 

capita income $ 1.629 (Nominal, 2021), $ 5.340 (PPP, 2021), GDP by sector 

agriculture 25.1%, industry 20.0% and services 54.9% (Amjad and Rashid ,1984).    

GDP at purchaser's prices is the sum of gross value added by all resident producers in 

the economy plus any product taxes and minus any subsidies not included in the value 

of the products. It is calculated without making deductions for depreciation of 

fabricated assets or depletion and degradation of natural resources. Data are in current 

U.S. dollars. Dollar figures for GDP are converted from domestic currencies using 

single-year official exchange rates. For a few countries where the official exchange rate 

does not reflect the rate effectively applied to actual foreign exchange transactions, an 

alternative conversion factor is used. 

• Pakistan's GDP for 2020 was $263.69B, a 5.22% decline from 2019. 

• Pakistan's GDP for 2019 was $278.22B, an 11.55% decline from 2018. 

• Pakistan's GDP for 2018 was $314.57B, a 3.28% increase from 2017. 

• Pakistan's GDP for 2017 was $304.57B, a 9.3% increase from 2016. 

I.ii.   Importance of Forecasting in GDP 

 GDP forecasting is very important for the policymakers, as well as 

government, and accurate forecasted values, help the policymakers to make a better 

plan. GDP forecasting is frequently used by government policymakers to improve the 

living standard of people in the country, to overcome the unemployment problem, to 

solve the poverty problems, etc. with the help of better policies, these problems can be 

solved easily. 
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II.   Review of Literature  

 Schmitz and watts (1970) tried to forecast the wheat yield in Argentina, 

Canada, the United States of America, and Australia and used parametric models. They 

forecast the wheat yield of different countries and used the exponential smoothing 

method. The approach was used to identify the estimation of random components in 

form of moving average process and autoregressive process. Nelson (1972) compared 

the ARIMA model to different econometric models. He observed that the different 

econometric models had not performed better than the ARIMA model because of 

different properties of the ARIMA model like consistency, robustness, and others. Box 

and Jenkins (1976) have refined methodology using time series model building and 

forecasting. McLeod et al. (1978) applied the box Jenkins methodology of time series 

for both seasonal and non-seasonal models. They explained the different stages of Box 

Jenkins methodology that are identification, estimation of parameter and diagnostic 

checking for model and then forecasting. Levenbach and Pankratz (1983) claimed that 

the Box Jenkins methodology is a flexible and more powerful method for forecasting. 

Thavaneswaran and Abraham (1988) pointed out that time series can be of non-linear 

form in their structure. Box Jenkins methodology is one of the most popular and 

traditional techniques in statistical time series analysis. Saboor et al. (2003) predicted 

the production of different crops in Pakistan from 2002 to 2011. They worked on the 

application of time series of secondary data of the past 50 years from 1950 to 2001 took 

yield of wheat into account for forecasting purposes. Khokhar et al. (2004) tried to 

forecast the export and production of oranges in Pakistan and applied box Jenkins 

methodology. Liewkhin (2005) used the ARIMA model to forecast the black pepper 

prices of Sarawak. From 25 models, ARIMA (1, 1, 0) was selected on the base of low 

MAPE. Talib et al. (2006) discovered that crime in any small area could be reduced if 

there would be active users of Municipal Police. They considered the small 

geographical area of Kuala Lumpur in Malaysia and tried to forecast from 1993 to 

2003. Balouchi et al. (2008) tried to forecast the import of rice production in Iran and 

used two approaches for that purpose. They used the neural network technique and 

ARIMA model, on the base of low MSE, RMSE, and high R2, they choose the neural 

technique. Jain et al. (2010) explored whether there exists causality between carbon 

dioxide and temperature and collected the data for that purpose. Term (2011) tried to 

predict future values for next week's income and collected data of daily income (U.S. 

Dollars) of a specific outlet store. For the diagnosis of stationary, he used ACF and 

PACF functions and used unit root test but the results of the unit root test exhibited 

non-Stationarity in data. Badmus and Ariyo (2011) forecasted the production of maize 

in Nigeria. The time-series data was collected and applied the ARIMA model for that 

purpose. The data from 1970 to 2005 was used to forecast up to 2020. They concluded 

that the production of maize would increase in the future. Many other studies have not 

found any direct impact of FDI on growth (Falki 2009) and a few found the impact to 

be negative (Filiz 2014). One of the reasons is that FDI stock data and FDI flow data 

generate different results (Adnan, Chowdhury, and Mallik 2019). Tomić (2015) 

analyzed the impact of public expenditure on education on economic growth for BRICS 

and the European Union and found a positive correlation between economic growth 

and BRICS. However, Ghosh Dastidar, Mohan, and Chatterji (2013) found that in 

India, investing in education is a necessary but not a significant condition for achieving 
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economic growth. Mallick, Das, and Pradhan (2016) studied the impact of educational 

expenditure on economic growth for a panel of 14 Asian economies from 1973 to 2012 

and the results showed that education expenditure granger causes economic growth in 

the long run for all the economies under study. Mastromarco and Zago (2012) used a 

sample of Italian manufacturing firms for the period 1998–2003 and found that 

technological investments and human capital have a significant effect on TFP growth. 

Rahmaddi & Ichihashi (2011) used a causality strategy focused on a multivariate model 

of error correction. The study revealed the importance to the Indonesian economy of 

both exports and GDP. A textual analysis dataset based on Wall Street Journal articles 

that have been recently made available features a taxonomy of 180 topics; see Bybee 

et al. (2020). Thorsrud (2020) constructs a daily business cycle index based on quarterly 

GDP growth and textual information contained in the daily business newspapers 

relying on a dynamic factor model where time-varying sparsity is enforced upon the 

factor loadings using a latent threshold mechanism. His work shows Studies for Canada 

(Galbraith and Tkacz (2018)), Denmark (Carlsen and Storgaard 2010), India (Raju and 

Balakrishnan 2019), Italy (Aprigliano, Ardizzi, and Monteforte 2019), Norway 

(Aastveit et al. 2020), Portugal (Duarte, Rodrigues, and Rua 2017), and the United 

States (Barnett et al. 2016) find that payment transactions can help to nowcast and to 

forecast GDP and private consumption in the short term. 

III.     Objectives of Study 

 The purpose of this study is to forecast the GDP of Pakistan by using a times 

series analysis. There are different methods that can be used for forecastings like 

regression, time series analysis, and stochastic approaches. The advantage of time 

series analysis is that we need data only for the required variable over different time 

points, which is easily available from secondary sources. We do not need information 

about other things like in regression we need explanatory variables. So, time series 

analysis is the easy and best technique that gives quick results of forecasting. The 

objective of the study can be stated as, Time series analysis of GDP of Pakistan,  Select 

the best model for the estimation of GDP, Forecasting of GDP of Pakistan. The current 

study is to forecast the GDP of Pakistan based on large data and time series model with 

certain model assumptions are held for better planning to improve the GDP to fulfill 

the demand of Pakistan nation.  

III.i.    The sequence of the next sections:  

The paper is organized as follows. In section 4, we presented the material and 

methods, In section 5, Box and Jenkins Procedures steps, In section 6, Analysis of 

Gross Domestic Product, In section 7, Normality of Gross Domestic Product, In section 

8, Model Comparison using Statgraphics 16, In section 9, Testing selected Model 

Assumptions (Normality Autocorrelation and Heteroscedasticity), In section 10, 

Conclusion, In section 11, Recommendation.  

IV.     Material and Methods 

Respective time series data for this study were collected from the website 

www.macrotrends.net/counteries/PAK/pakistan/gdp - gross - domestic - product. For 

forecasting purposes, various models are available and we are seeking the best one. 

Box and Jenkins (1976) linear trend model, the time series model is applied in our 

http://www.macrotrends.net/counteries/PAK/pakistan/gdp%20-%20gross%20-%20domestic%20-%20product
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research for forecasting GDP to meet the challenges. The linear trend is the most 

general class of models for forecasting a time series. Different series appearing in the 

forecasting equations are called the “Autoregressive” process. The appearance of lags 

of the forecast errors in the model is called the “moving average” process. The ARIMA 

model is denoted by ARIMA (p, d, q), where “p” stands for the order of the 

autoregressive process ‘d’ is the order of differencing and ‘q’ is the order of the moving 

average process. Some of our study interest Linear trend models with reference are 

given in table 1. 

Table 1. Forms of Time Series Models For Gross Domestic Product Of Pakistan 

Sr. No Models Name Models Equation References 

1 Random Walk With Drift yt =yt-1 + θ0 + et Casella, et al., 2008 

2 Linear Trend yt =a + bt + et Casella, et al., 2008 

3 Simple Exponential 

Smoothing 
�̂�t =αyt + (1-α)yt-1  Casella, et al., 2008 

4 ARIMA (0, 1, 1) = IAM 

(1, 1) with constant 

yt =yt-1 + θ0 + et + θet-1 Casella, et al., 2008 

5 ARIMA (0, 1, 1) = IAM 

(1, 1) 

yt =yt-1 + et + θet-1 Casella, et al., 2008 

6 ARIMA (0, 1, 2) with 

constant 

yt =yt-1 + θ0 + et – θ1et-

1- θ2et-2 
Casella, et al., 2008 

7 ARIMA (1, 1, 1) with 

constant 

yt =(1+ϕ)yt-1 + ϕyt-2 + 

θ0 + et – θ1et-1 
Casella, et al., 2008 

8 ARIMA (1, 1, 1) yt =(1+ϕ)yt-1 + ϕyt-2 + 

et – θ1et-1 
Casella, et al., 2008 

9 ARIMA (0, 2, 2) with 

constant 

yt =2yt-1 - yt-1 + θ0 + et 

– θ1et-1 - θ2et-2 
Casella, et al., 2008 

10 ARIMA (0, 2, 2) yt =2yt-1 - yt-2+ et – 

θ1et-1 - θ2et-2 
Casella, et al., 2008 

 

For more forms of time series models and parameter estimation in detail see (Casella 

et al., 2008; Tsay, 2005; Chatfield, 1995). In ARIMA modeling, the order of AR (p) is 

identified by partial autocorrelation function (PACF) while the order of MA (q) is 

identified by autocorrelation function (ACF) (Tsay, 2002). The order of ARIMA (p, d, 

q) is also identified by model selection criteria i.e. Schwarz Bayesian information 

criteria (SBIC) and Akaike’s Information Criteria (AIC) (Casella, et al., 2008). These 

criteria are further explained in the model specification section. 
 

IV.i.   Model Specification 

One of the important issues in time series forecasting is to specify the model. 

The Time series model is specified based on some information criteria which include 

AIC, BIC likelihood, etc. Akaike’s (1973) introduced AIC criteria for model 

specification. AIC is mathematically defined 
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as; AIC 2log maximum likelihood 2k Where k = p+q+1 (if the model includes intercept) 

otherwise k = p+q model specified well if its AIC value is minimum as other fitted 

models (Tsay, 2005). Another model specification criterion is SBIC and is computed 

as; SBIC 2log maximum likelihood 2k log n Model which has minimum SBIC value 

specified well as other fitted models (Tsay, 2005) 
 

IV.ii.    Time Series Model Diagnostics  

The time series model assumption includes independence, normality, 

autocorrelation, etc of residuals of the best-fitted models. Autocorrelation is tested by 

Runs Test (Gujarati, 2004) and Box- Pierce test developed by Box and Pierce (1970), 

and ACF and PACF are also used to detect the autocorrelation in the data (Elivli et al., 

2009). Residual normality is tested through a normal probability plot and residual 

integrated periodogram which displays Kolmogorov-Smirnov 95 % and 99 % bounds. 

If the residuals are random then the periodogram falls within these bounds, which is 

also an indication of the white noise of residuals (Casella et al., 2008). 
 

IV.iii.   Forecasting Accuracy Measuring Techniques 

  After model selection, the next important step is to measure the accuracy to 

verify the reliability of the forecasted value-based selected model. Various tools are 

available in the literature which include Root mean square error (RMSE), mean 

absolute error (MAE), mean absolute percentage error (MAPE), mean error (ME), and 

mean percentage error (MPE). Further computation and literature of these accuracy 

measuring tools are given in table 2; 
 

Table 2. Forecasts Accuracy Measuring Tools 

Accuracy measuring 

tool 

Formulation Reference 

MAE 

 
MAE=

∑ |𝑒𝑡|𝑛
𝑡=1

𝑛
   Makridakis et al.,2003 

ME 

 
ME=

∑ 𝑒𝑡
𝑛
𝑡=1

𝑛
 Makridakis et al.,2003 

MSE 

 
MSE=

1

𝑛
∑ 𝑒𝑡

2 Makridakis et al.,2003 

MPE 

 
MPE=

1

𝑛
∑ 𝑃𝐸𝑡

𝑛
𝑡=1  Makridakis et al.,2003 

MAPE 

 
MPE=

1

𝑛
∑ |𝑃𝐸𝑡|𝑛

𝑡=1  Makridakis et al.,2003 

  𝑷𝑬𝒕 = (
𝒀𝒕−𝑭𝒕

𝒀𝒕
)  × 𝟏𝟎𝟎 

Where and 𝐹𝑡 is the forecasted value for time t. 

V.    Box and Jenkins Procedures steps  

V.i.   Preliminary analysis: Create conditions such that the data at hand can be 

considered as the realization of a stationary stochastic process.  
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V.ii.    Identification: Specify the orders p, d, q of the ARIMA model so that it is clear 

the number of parameters to estimate. Recognizing the behavior of empirical 

autocorrelation functions plays an extremely important role.  

V.iii.  Estimate: Efficient, consistent, sufficient estimate of the parameters of the 

ARIMA model (maximum likelihood estimator).  

V.iv.   Diagnostics: Check if the model is a good one using tests on the parameters and 

residuals of the model. Note that also when the model is rejected, still this is a very 

useful step to obtain information to improve the model.  

V.v.   Usage of the model: If the model passes the diagnostics step, then it can be used 

to interpret a phenomenon, forecast.  

VI.     Analysis of Gross Domestic Product 

In an analysis of GDP, we will check the Stationarity of data by line plot, 

Correlogram, ACF plot, PACF plot, and ADF test. Then we will check the normality 

of data by P-P plot, Q-Q plot, Histogram, Co-efficient of skewness, coefficient of 

kurtosis, and Jarque - Bera test. 

VI.i.   Line Plot of Gross Domestic Product 

We check the Stationarity of data by line plot, Correlogram, ACF plot, PACF 

plot, and ADF test. 

Line Plot of GDP 

 

Figure 1. Line plot of GDP 

The graph is showing that the trend is neither much increasing nor decreasing. It is 

showing constant behaviour which gave us a rough idea that the series of GDP is 

stationary. Now we will observe ACF, PACF, and correlogram for the confirmation 

that the series is stationary. 
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VI.ii.   Correlogram of Gross Domestic Product 

Data 1961-2020 59 Observations 

 
 

Figure 2. Correlogram of GDP 

Autocorrelation and partial autocorrelation at various lags are very low or close to 0 

which shows the series is stationary. 
 

VI.iii.   ACF Plot of Gross Domestic Product 

Autocorrelation Function for GDP 

(with 5% significance limits for the autocorrelations) 

 

 

Figure 3. ACF plot of GDP 
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We have the above-plotted ACF plot and different values also expressing that the GDP 

series is stationary because almost all the values are close to 0 or between the black 

line.  
 

VI.iv.   PACF Plot of GDP 

Partial Autocorrelation Function for GDP 

(with 5% significance limits for the partial autocorrelations) 

 

Figure 4. PACF plot of GDP 

We have the above-plotted PACF plot and different values also expressing that 

the GDP series is stationary because almost all the values are close to 0 or 

between the black line.  
 

VI.v.   Test for Stationarity, Augmented Dickey-Fuller 

 ADF test 

 

Null hypothesis: GDP has a unit root 

Alternative hypothesis:  GDP has no unit root 
 

Or 
 

Null hypothesis:   𝐻0: 𝜌 = 1 

Alternative hypothesis:  𝐻1: 𝜌 < 1 
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Table 3. Test Statistic 

 t-Statistic Prob.* 

Augmented Dickey- Fuller Test Statistic -3.552469 0.0000 

Test critical values    1%   Critical Value* -3.5457  

                   5%   Critical Value -2.9118  

                  10% Critical Value -2.5932  

 

The result of ADF test statistic confirmed that the series is stationary because critical 

value exceed from test statistic value -3.552469 < -3.5457 at 1% significant level, -

3.552469 < -2.9118 at 5% significance level, -3.552469 < -2.5932 at 10% significance 

level. P-value is 0.0000 which showed the rejection of the null hypothesis, that is there 

is no unit root, which meant data is stationary. 
 

VII.   Normality of Gross Domestic Product 

Now we will check the normality of data by P-P plot, Q-Q plot, Histogram, 

coefficient of skewness, coefficient of kurtosis, and Jarque- Bera test  
 

 

 
Figure 5. P-P Plot 
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The P-P plot shows that the series is normal. 
 
 

 

 

Figure 6. Q-Q Plot 

The Q-Q plot shows that the series is normal. 

VII.i.   Test of Normality and Histogram  
 

Null hypothesis:   Data is normal 

Alternative hypothesis:  Data is not normal 

 

 

Figure 7. Histogram 
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The histogram, coefficient of skewness, coefficient of kurtosis, and Jarque- Bera test 

showed that the data is normal. The coefficient of skewness is approximately 0. The 

coefficient of kurtosis is approximately 3. Jarque- Bera test statistic 0.407517 < 5.99 

we accept our null hypothesis, that the data is normal. p-value 0.815659 was greater 

than any 1%, 5%, 10%, we will accept our null hypothesis that data is normal. 
 

VIII.     Model Comparison using Statgraphics 16 

Data variable: Gross Domestic Product 

Number of observations = 59 

Models 

(A) Random walk          (B) Random walk with drift = -

0.0925424  

(C) Constant mean = 5.05667         (D) Linear trend = 6.80077 + -

0.0571837 t  

(E) Simple moving average of 2 terms      (F) Simple exponential smoothing with 

alpha=0.1336 

(G) Brown's linear exp. smoothing with alpha = 0.073 

(H) Holt's linear exp. smoothing with alpha = 0.0733 and beta = 0.0487 

(I) ARIMA(0,1,1)          (J) ARIMA(1,1,1) 

(K) ARIMA(0,1,2)          (L) ARIMA(2,1,1) 

 

Table 4. Model Selection and Validity Model Testing Criteria of Gross Domestic 

Product 

                                         Forecasting based on 1961-2020 

Model RMSE MAE MAPE ME MPE AIC RMSE RUNS RUNM AUTO MEAN VAR 

(A) 2.9004

4 

2.0752

5 

93.848

3 

-

0.09254

24 

-61.4021 2.12972 2.90044 OK OK * OK ** 

(B) 2.9238
4 

2.0831 93.100
5 

0.0 -58.389 2.17913 2.92384 OK OK * OK ** 

(C) 2.4222

9 

1.8553

3 

86.698

3 

1.33227

E-16 

-63.3047 1.80276 2.42229 OK ** OK *** OK 

(D) 2.2257
8 

1.7631
8 

81.492
5 

3.9968E
-16 

-57.3734 1.66688 2.22578 OK OK OK OK OK 

(E) 2.6104

5 

1.9698

3 

97.166

3 

-

0.11120

7 

-69.4953 1.95238 2.61045 OK OK OK OK * 

(F) 2.3370

9 

1.8178

4 

92.943

2 

-

0.33901

4 

-73.5186 1.73114 2.33709 OK OK OK OK OK 

(G) 2.3737
4 

1.8518
9 

94.348
8 

-
0.36653

6 

-74.0411 1.76227 2.37374 OK OK OK OK OK 

(H) 2.3311

4 

1.8339

7 

88.319

9 

-

0.13561
1 

-64.784 1.75939 2.33114 OK OK OK OK OK 
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Keys: 

RMSE   = Root Mean Squared Error    

MAE  = Mean Absolute Error  

MAPE       = Mean Absolute Percentage Error 

ME   =     Mean Error  

MPE  = Mean Percentage Error 

AIC  = Akaike Information Criteria 

SBIC  = Schwarz Bayesian Information Criteria 

RUNS   = Test for excessive runs up and down 

RUNM = Test for excessive runs above and below median 

AUTO  = Box-Pierce test for excessive autocorrelation 

MEAN  = Test for difference in mean 1st half to 2nd half 

VAR   = Test for difference in variance 1st half to 2nd half 

OK   = Not Significant (p >= 0.05) 

*   = Marginally Significant (0.01 < p <= 0.05) 

**   = Significant (0.001 < p <= 0.01) 

***   = Highly Significant (p <= 0.001) 
 

In table 4, different time series models are fitted and results are described with 

model selection and validity criteria. based on AIC we have found that Model    ( D ) 

i.e. Linear trend model has the lowest AIC and we use this model to forecast the GDP 

of Pakistan based on historical data i.e. 1961-2020. This table compares the results of 

fitting different models to the data.  The model with the lowest value of the Akaike 

Information Criterion (AIC) is model D, which has been used to generate the forecasts.  

The table also summarizes the results of five tests run on the residuals to determine 

whether each model is adequate for the data.  An OK means that the model passes the 

test.  One * means that it fails at the 95% confidence level.  Two *'s means that it fails 

at the 99% confidence level.  Three *'s means that it fails at the 99.9% confidence level.  

Note that the currently selected model, model D, pass 5 tests.  Since no tests are 

statistically significant at the 95% or higher confidence level, the current model is 

probably adequate for the data.   
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Table 5:  Linear Trend Model and Coefficient Summary 

 

Parameter Estimate Standard Error t P-value 

Constant 6.80077 0.581954 11.6861 0.000000 

Slope -0.0571837 0.0165923 -3.4464 0.001063 
 

Forecast model selected: Linear trend = 6.80077 + -0.0571837 t  

In table 5 the Linear trend model coefficient summary is given. This procedure will 

forecast future values of GDP.  The data cover 59 time periods.  Currently, a linear 

trend model has been selected.  This model assumes that the best forecast for future 

data is given by the linear regression line fit to all previous data.  The output 

summarizes the statistical significance of the terms in the forecasting model.  Terms 

with P-values less than 0.05 are statistically significantly different from zero at the 

95.0% confidence level.  In this case, the P-value for the linear term is less than 0.05, 

so it is significantly different from 0. The table also summarizes the performance of the 

currently selected model in fitting the historical data.   

IX.   Testing selected Model Assumptions (Normality Autocorrelation and 

Heteroscedasticity)  

We get the reliable GDP future value if the selected model is good. The 

selected model is a good one, if it fulfills the assumptions i.e. Normality, 

Autocorrelation, and heteroscedasticity of the selected model residuals.  

IX.i.   Tests for Randomness of residuals 

Data variable: Gross Domestic Product 

Model: Linear trend = 6.80077 - 0.0571837 t  

(1) Runs above and below median 

     Median = -0.0752585 

     Number of runs above and below median = 23 

     Expected number of runs = 31.0 

     Large sample test statistic z = 1.95311 

     P-value = 0.0508058 

(2) Runs up and down 

     Number of runs up and down = 35 

     Expected number of runs = 39.6667 

     Large sample test statistic z = 1.29549 

     P-value = 0.195149 

(3) Box-Pierce Test 

     Test based on first 20 autocorrelations 

     Large sample test statistic = 16.1536 

     P-value = 0.707051 

Three tests have been run to determine whether or not the residuals form a random 

sequence of numbers.  A sequence of random numbers is often called white noise since 

it contains equal contributions at many frequencies.  The first test counts the number 

of times the sequence was above or below the median.  The number of such runs equals 
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23, as compared to an expected value of 31.0 if the sequence were random.  Since the 

P-value for this test is greater than or equal to 0.05, we cannot reject the hypothesis that 

the residuals are random at the 95.0% or higher confidence level.  The second test 

counts the number of times the sequence rose or fell.  The number of such runs equals 

35, as compared to an expected value of 39.6667 if the sequence were random.  Since 

the P-value for this test is greater than or equal to 0.05, we cannot reject the hypothesis 

that the series is random at the 95.0% or higher confidence level.  The third test is based 

on the sum of squares of the first 24 autocorrelation coefficients.  Since the P-value for 

this test is greater than or equal to 0.05, we cannot reject the hypothesis that the series 

is random at the 95.0% or higher confidence level.  Since the three tests are sensitive 

to different types of departures from random behavior, failure to pass any test suggests 

that the residuals are not completely random and that the selected model does not 

capture all of the structure in the data. 

 

Figure 8. Residuals Normal Probability Plot of GDP Linear Trend Model for 1961-

2020 

 

Figure 9. Residual Autocorrelation Plot of GDP Linear Trend Model 
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Figure 10. Residual Partial Autocorrelations Plot of GDP Linear Trend Model 

 

Figure 11. Periodogram of Residuals for GDP Linear Trend Model 
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Figure 12. Figure Time sequence Plot for GDP Linear Trend Model 

 

Figure 13. Forecast Plot for GDP Linear Trend Model 

Table 6: One step ahead forecast and Residuals for Gross Domestic Product 

data (1961-2020) 
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Table 7: Gross Domestic Product Forecast with interval of  10 Years 

Year 2035 2045 2055 2065 2075 

Forecast 2.51199 1.94016 1.36832 0.796484 0.224647 

 
One step ahead forecasts and residual of GDP based on 1961 to 2020 GDP data for the 

year 2021 to 2025 is presented in table 6. GDP forecasted value based on the Linear 

trend model with an interval of 10 years from 2035 to 2075 is presented in table 7. 

From table 7, we have found that the GDP of Pakistan would become 2.51199 in 2035, 

1.94016 in 2045, 1.36832 in 2055, 0.796484 in 2065, and 0.224647 in 2075. As the 

forecasting is based on sound statistical formulation, it is adequate forecasting provided 

that the environmental conditions remain the same. 

X.    Conclusion  

The data used herein the study is yearly time series data of the GDP of Pakistan. 

We first checked the Stationarity of data from time series plots, correlogram, and unit 

root test, we observed that the data was stationary. Then we tested the normality of the 

data from the histogram, coefficient of skewness, coefficient of kurtosis, and jarque- 

Bera test and we found that the data was normal. For this purpose of forecasting from 

models based on low AIC, RMSE, MAE, MAPE, ME, MPE, HQC, SBIC, and high R2 

we select the model, Linear trend = 6.80077 - 0.0571837 t and forecasted the values. 

We have forecasted the values of GDP from 2021 to 2075. According to forecasted 

values, GDP would show decreasing trend, in the next fifty-five years because the slope 

coefficient is negative. As the population increases over time gradually, therefore it is 

necessary to plan to meet the requirements of the nation. For this purpose, forecasting 

is the key tool to alarm the need of the nation in advance. GDP is important for the 

country all over the world. In this study, we developed time series models to forecasts 

the GDP of Pakistan based on historical data i.e. 1961-2020. We have developed 

different time series models on the GDP of Pakistan on this data. The best model is 

selected based on model selection criteria i.e. AIC. The main interest of developing the 

time series model as in other studies is that the model fitted is also satisfied residual 

assumptions i.e. normality, independence, and no autocorrelation. Based on these 

model selection criteria, we have found that the best model for GDP forecasting of 

Pakistan is the Linear trend model. Based on the developed time series model, we have 

found that the best time series model for forecasting the GDP of Pakistan is the Linear 

trend model because this model has lower AIC as compared to other fitted time series 

models. Based on this model, we have found that the GDP of Pakistan would become 

2.51199 in 2035 and would become less in 2075.  
 

XI.   Recommendation 

There are many steps that our government can take, to increase the GDP of 

Pakistan. 
  

• Government should establish industries that will decrease unemployment, 

increase output, increase export and decrease imports at the same time. 
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• Motivate the entrepreneur/businessmen to invest 

• Proper utilization of natural resources 

• Political stability 

• Convince people to consume locally produced good 

• Attract foreign investor 

 

 

 

 

                                           Appendix 

Forecast Table for Gross Domestic Product 

Model: Linear trend = 6.80077 + -0.0571837 t 

Period (t)  Gross Domestic 

Product 

(Yt) 

Forecasted value 

of Gross 

Domestic Product 

( �̂�t ) 

Residual 

( êt ) 

 

1961 5.99 6.74358 -0.75359  

1962 4.48 6.6864 -2.2064  

1963 8.69 6.62922 2.06078  

1964 7.57 6.57203 0.997966  

1965 10.42 6.51485 3.90515  

1966 5.79 6.45767 -0.66767  

1967 5.4 6.40048 -1.00048  

1968 7.23 6.3433 0.886701  

1969 5.51 6.28612 -0.77612  

1970 11.35 6.22893 5.12107  

1971 0.47 6.17175 -5.70175  

1972 0.81 6.11456 -5.30456  

1973 7.06 6.05738 1.00262  

1974 3.54 6.0002 -2.4602  

1975 4.21 5.94301 -1.73301  

1976 5.16 5.88583 -0.72583  

1977 3.95 5.82865 -1.87865  

1978 8.05 5.77146 2.27854  

1979 3.76 5.71428 -1.95428  

1980 10.22 5.6571 4.5629  

1981 7.92 5.59991 2.32009  

1982 6.54 5.54273 0.997272  

1983 6.78 5.48554 1.29446  

1984 5.07 5.42836 -0.35836  
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1985 7.59 5.37118 2.21882  

1986 5.5 5.31399 0.186007  

1987 6.45 5.25681 1.19319  

1988 7.63 5.19963 2.43037  

1989 4.96 5.14244 -0.18244  

1990 4.46 5.08526 -0.62526  

1991 5.06 5.02807 0.031925  

1992 7.71 4.97089 2.73911  

1993 1.76 4.91371 -3.15371  

1994 3.74 4.85652 -1.11652  

1995 4.96 4.79934 0.16066  

1996 4.85 4.74216 0.107843  

1997 1.01 4.68497 -3.67497  

1998 2.55 4.62779 -2.07779  

1999 3.66 4.57061 -0.91061  

2000 4.26 4.51342 -0.25342  

2001 3.55 4.45624 -0.90624  

2002 2.51 4.39905 -1.88905  

2003 5.78 4.34187 1.43813  

2004 7.55 4.28469 3.26531  

2005 6.52 4.2275 2.2925  

2006 5.9 4.17032 1.72968  

2007 4.83 4.11314 0.716864  

2008 1.7 4.05595 -2.35595  

2009 2.83 3.99877 -1.16877  

2010 1.61 3.94159 -2.33159  

2011 2.75 3.8844 -1.1344  

2012 3.51 3.82722 -0.31722  

2013 4.4 3.77003 0.629966  

2014 4.67 3.71285 0.957149  

2015 4.73 3.65567 1.07433  

2016 5.53 3.59848 1.93152  

2017 5.55 3.5413 2.0087  

2018 5.84 3.48412 2.35588  

2019 0.99 3.42693 -2.43693  

2020 0.53 3.36975 -2.83975  
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