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Abstract 

Environmental change daunts the aptitude to ensure global food security. The greatest significant threat to world 

fronting is how to mitigate environmental pollution without sacrificing agricultural productivity. The sharp rise in 

carbon dioxide emissions and global warming is altering the agriculture productivity's patterns as its vulnerability can 

be sensed by farmers. The spillover impact of climatic changes predicted to be great but differs by area and crop. This 

research fulfills the unprecedented need of adopting robustness methods to quantify the impact of CO2 emissions, 

agriculture labor, land, feeds, and fertilizers on agriculture productivity over five decades-long data structured in time-

series. The fully modified ordinary least square (FMOLS), dynamic ordinary least square (DOLS), wavelet transform 

coherence (WTC) method, and gradual shift causality, tools have been espoused to observe the dynamic linkage in 

the long-term and short-run. The ARDL bound test confirms long-term co-integrated relation among the indicators. 

Furthermore, there is evidence of positive association between agriculture productivity and regressors which is also 

supported by the wavelet coherence outcomes. The Gradual shift causality test present a uni-directional causal link 

from all determinants to agriculture productivity which illustrates that all the regressors can significantly predict 

agriculture productivity. So, policies need to be formulated to explore a practical expansion approach with efficient 

use of fertilizers and feeds at an optimum level, in addition to environmental protection by encouraging public and 

private investment in agricultural research. 

Keywords: CO2 emissions; Agricultural productivity; Fertilizers; Feeds; Wavelet coherence  

 

1. Introduction 

The current generation is facing enormous challenges by climate change that has very adverse socioeconomics and 

environmental impact. The whole world is witnessing unprecedented heat waves, cruel droughts, an increase in air 

pollution and CO2 emissions. The relentless surge in greenhouse gases like fluorinated gases, methane (CH4), nitrous 

oxide (N2O), and carbon dioxide (CO2) are affecting the pattern of rain and temperature and negatively influencing 

land resources and water (Alexandratos, Nikos ; Bruinsma, 2012; Ali et al., 2017; Kurukulasuriya et al., 2006; 

Mendelsohn, 2014). All poses of these dangers are a severe threat to food security. No country has strong enough to 

counter these challenges in a quicker way. However, more widen impacts are touched in developing countries due to 

high vulnerabilities and incapacity to mitigate the threats (Parker et al., 2019). Currently, an immense challenge comes 

from the loss of natural environments to make room for farming. Rainfall trends around the countries have started to 

alter, and these shifts are expected to escalate over the next years. It means more prolonged cycles, often within the 

same areas, with heavy rain and more extended dry periods. 

Similarly, scientific evaluation about the air quality, including pollution forecasts and future greenhouse gas 

sequestration, is an imperative new environmental science field that presents foremost challenges to regulatory 

authorities. It is becoming notoriously hard to normalize CO2 emissions of gases and specific substances from 

agriculture as this segment concerns the most fundamental human needs, i.e., foods. The current proposal blends 

preliminary research with social and political overlays, spanning a vast spectrum of practices in a dynamic sector. 

Pakistan being an agriculture-based economy is affected the most because of straight contact with nature, ranked 8th 

in the world's primarily vulnerable country through climate change with the substantial difference in rainfall due to 2-



3° expected rise of temperature by 2050 (Ahmad and Afzal, 2020). For instance, tropospheric ozone (O3) is particularly 

harmful to crop yields among different air pollutants. Ozone-induced crop fatalities, supposed to cost around US$ 

11.18 billion in the year 2000 (Ainsworth et al., 2012). Temperature change with negative intensity to be unfavorable 

for various crops (Proskurowski et al., 2008). These uncertain events prompt us with a critical resilience thought 

message that unpredictable climate changes cause a rapid impact on agriculture productivity. Changes in crop 

management can alleviate climate change's negative influence, primarily due to temperature increases on crop 

phenology. But the introduction of new cultivars and a longer growth cycle could significantly affect yield phenology 

and potentially increase under a warming trend (Abbas et al., 2017). 

Experts have given more alternative methods to ease the procedures to obtain technological advancement and foreign 

direct investment (Ahmad et al., 2020). It is hard for mainly developing nations to adopt unconventional methods with 

financial and high-tech constraints. However, emerging countries are the ones that have a high economic dependency 

on agriculture production, such as Pakistan, India, and Bangladesh in South Asia. Although Pakistan is still self-

sufficient presently in major staples – ranked 8th in wheat production, 5th in sugarcane, 10th in rice, and 4th in milk 

(UNICEF, 2018). In contrast, moving towards urbanization is a vast threat to a rise in population, an enormous number 

of cutting trees, and overcrowded places that negatively impact Pakistan's ecosystem. All these led to rising floods, 

soil erosion, air pollution, and greenhouse gases in the environment (Kousar and Shabbir, 2021).  

The possible impacts are less pronounced; however, food and hunger insecurity in different areas are caused by climate 

change (Wheeler and Braun, 2013).  Previous studies have established that this sector permits the development of 

various non-agriculture industries and may have a hostile effect on crop yields with climate change (Lobell et al., 

2015). The link between environmental change and agricultural productivity is a meaningful area for researchers to 

assess for developing countries (Anjum, Zada, and Tareen, 2016).  Though the requirement to determine this topic is 

exceptional as in the worst case, if the agricultural productivity does not equal the food demand, it might lead to costly 

buying and raise the rate of poverty and hunger worldwide (Ahmad et al., 2016; Godfray et al., 2010; Foley et al., 

2013; Lashkari et al., 2012). Therefore, this research examines the impact of CO2 emissions, agriculture labor, land, 

feeds, and fertilizers on Pakistan's agriculture productivity using data from 1961 to 2016. The robustness of methods 

portrays the high efficiency of results while examining the lag phase and coherence between time series function of 

frequency and time. The current study is different from the prior research by employing the novel wavelet coherence 

test. Some essential properties of the wavelet transform coherence: like capable of analyzing signals with functionality 

that differ over time, offers illustration on a diverse scale, and conveniently obtainable via filter bank. The literature-

based knowledge indicates that not a single researcher had applied the wavelet coherence approach to analyze 

environmental data to enumerate agriculture productivity. The advantage of the wavelet coherence tests is that it can 

capture both correlation and causal linkage between series at different frequencies and time periods. Thus, the present 

study fills the gap in the ongoing literature. The practice of finding an intense relationship between climate change, 

CO2 emission, and productivity in agriculture development presents new evidence both in tabular and visual forms.  

Besides the introductory part, the below portion of this research consists and organized as follows: a review of relevant 

studies section provides the particular literature and systematic review in tabular form. Data & methods section 



contains a new approach series of methodology while finding & discussion parts present the outcomes in detail. 

Finally, the conclusion & policy implications fall in the last section. 

 

2. Review of Relevant Studies  

In terms of labor contribution, agriculture remains Pakistan's most important sector of the economy, and as such, the 

mainstream of the population relies directly or indirectly on it. The main crops like rice, wheat, maize, cotton, and 

sugarcane account for 21.73% in the agriculture sector and contributing 4.20% in GDP, while 11.53% accounts for 

other crops with a 2.23% share in GDP (Pakistan, 2020). Stages of crops guided by the prevailing weather conditions 

and reflected in the accumulation of rising degree days influence the field management methods, including selecting 

crops and improvements in sowing dates (Ahmad et al., 2017; Wajiha and Qadir, 2016). 

Higher temperatures in the growing season may have a major effect on agricultural production and food security (DS 

and RL., 2009). Pakistan's climate is ideal for cultivating different crops, such as cotton, wheat, rice, corn, and sugar 

cane. Above all, the wheat crop is the primary due to high domestic demand and consumption (Dharmasiri, 2012). 

The synergies between environmental concerns and agriculture productivity are highlighted by various authors 

(Aragón et al., 2019; Di Gregorio et al., 2017; Liang et al., 2017; Ukhurebor et al., 2021). The impact of business 

activities involves industrial production that pollutes the air, water, and various crops. The examination of the impact 

of air pollution of industries on farming crops includes recognizing the roles of the dose-response between the 

accumulation of contaminants and the loss of agriculture. Multiple studies have quantified the dose-response, and 

some applied the method of field experiments. 

Consequently, some authors stated the relationship between total factor productivity of agriculture and air pollution 

(Zhou et al., 2018). Air pollution diminishes labor productivity from the economic side, leading to disrupting some 

certain degree of productivity of yield's physiological and biochemical, instigating the nutrient attention in acid rain 

and soil degradation (Heck et al., 1988; Zivin and Neidell, 2018). Parker (2015) claimed that financial considerations 

are beneficial in mitigating national environmental issues. Rafindadi (2014) evaluated the relations in Asia-Pacific 

countries between CO2 pollution, water supplies, and natural resources and concluded; those variables influence the 

country-wide environmental sustainability plan. Another author used the ARDL bounds test to determine the climate 

change impact on food crops from 1968 to 2014. The finding revealed CO2 emission and land area negatively effecting 

cereal yield while average rainfall, energy consumption, and labor force have a positive impact on Turkey's production 

(Chandio et al., 2020). Schmidhuber (2007) proposed that climate change would directly affect economic growth, 

food supply, and prices after finding a strong relationship between CO2 emission and crop yield. Likewise, several 

studies have been carried out on climate change and agriculture productivity for developing nations, particularly in 

agriculture-based economy, from the exhaustive evaluation on the implementation of econometrics in agriculture and 

environmental economics (Fan and Carroll, 2012; Ozturk, 2015; Rehman et al., 2019). For the audience's ease, an in-

depth systematic review of additional literature has comprised in tabular form as follows. 

 

 



Table 1. Systematic Review 

Authors Aims Country/Region Data & Methods Conclusion 

Warsame et al. 

(2021) 

Ascertain the measure the 

impression of, measured 

rainfall, temperature, climate 

change, and CO2 on crop 

production 

Somalia Time Series (1985 

to 2016) 

ARDL bounds, 

Granger causality  

The rise of crop production in the long 

run by rainfall during the decline in 

the short-run. No significant impact 

has found of CO2 on crop production 

Aziz et al. (2020) To evaluates the EKC 

between economic growth, 

forest area, agriculture 

production, renewable 

energy, and environmental 

degradation 

Pakistan Time Series (1990 

to 2018) 

QARDL 

methodology 

The short-run impact of agricultural 

production on Ecological footprints 

demonstrate statistically negative 

results 

Koondhar et al. 

(2020) 

To explore the link between 

energy consumption, air 

pollution, and the 

involvement of agriculture in 

GDP. 

China Time series 

(1998−2018) 

ARDL bounds 

model, CUSUM, 

and CUSUMSQ 

test. 

A casual affiliation was found 

between air pollution and agriculture 

development. The exponential 

population growth has led to a slow 

reduction in capital to gratify the 

rising population's food need. 

Rashid et al. (2020) To inspect the influence on 

cotton productivity by 

climatic variations 

Pakistan Time Series 

(1981-2015)  

ARDL bounds 

testing 

All determinants of climate have a 

substantial effect on cotton 

productivity. Whereas, All climate 

variables have a positive impact on 

crop productivity except temperature. 

Sharmila Raisa et al. 

(2020) 

To observe the nexus 

between agricultural output, 

air quality, consumption of 

fertilizer, and agriculture 

contribution to the domestic 

economy 

Bangladesh Time Series (1972 

to 2019) 

ARDL model 

A close correlation exists between air 

pollution and farm productivity, 

agricultural land usage, energy use, 

fertilizer use, and crop production. 

Sharif et al. (2020) To influentially investigate 

economic growth, transport, 

and tourism on CO2 

emissions. 

Malaysia Time Series 

(1995Q1 to 

2018Q4) 

QARDL Model 

Economic development, transport, 

and globalization with CO2 are 

substantially positive, and tourism 

indicates a negative relationship. 

Mehmood (2020) To measure the relationship 

between CO2 emission and 

globalization 

Singapore Time Series 

(1970–2014) 

ARDL approach 

Growing political globalization by 

1% would increase pollution by 

2.06% in the long run. The presence 



of environmental Kuznets curve exist 

in Singapore 

Naseem et al. (2020) To determine the 

asymmetrical effect of 

agriculture, food security, 

and fossil fuel consumption 

on CO2 emission  

Pakistan Time Series (1969 

to 2018) 

Multiple-unit root 

(PP, KPSS, ADF, 

and Z&A). 

Asymmetrical 

ARDL correlation 

 

The findings confirmed the adverse 

shocks, the atypical reaction of CO2 

to agricultural value-added. Also, 

consumption of fossil fuels would 

further exacerbate environmental 

conditions 

Ali et al. (2020) To investigate the causal link 

between CO2, CO2S, energy 

consumption (EU), (FOF), 

(GDP), and net domestic 

credit (NDC). 

Pakistan Time Series (1971 

to 2014) 

ARDL bound 

testing, ADF, and 

PP. 

 Outcome presents CO2S, EU, and 

GDP have a significant bonding with 

CO2 emissions while NDC and 

FOF are not substantial. 

Burakov (2019) To empirically review the 

relationship between CO2 

emissions and determinants, 

mainly for agriculture. 

Russia Time Series 

(1990-2016) 

ARDL bound test 

and pairwise 

granger causality. 

Existence of long-run relationship 

between CO2 emission and 

agriculture found. The statistical role 

of Environmental pollution has a 

small impact on agriculture yet. 

Moreover, it revealed uni-directional 

causality from agriculture production 

to CO2 emissions 

Khan et al. (2019) aim to report the 

asymmetrical effects of 

environmental regulation on 

CO2 emission 

China Time Series 

(1991–2015) 

Non-linear ARDL 

Environmental regulations, Financial 

development are advantageous and 

decline the CO2 emission while 

growth in urban population enhanced. 

Shoko et al. (2019) Investigate whether the 

newly changing possibility 

of climate variability affects 

the maize yield 

South Africa Time Series (1970 

to 2016) 

ARDL 

Rainfall and temperature were found 

as essential factors of maize yield. 

Nevertheless, excessiveness could 

have the opposite effect. 

Gokmenoglu et al. 

(2019) 

To empirically measure the 

relation among CO2 

emissions, consumption, and 

agriculture with the 

existence of EKC. 

China 

 

Time Series 

(1971–2014) 

Bounds test 

approach under 

ARDL. 

Conclusion discloses the positive and 

significant results for energy 

consumption, real income. 

Agricultural development positively 

results with elastic impact while 

inelastic on CO2 emission as real 



income shows negative and inelastic 

air pollution. 

Matthew et al. (2018) To evaluate the long term 

impact of greenhouse gas 

emission on health outcomes  

 

 Nigeria 

Time Series 

(1985-2016) 

ARDL 

A 1% increase in GHGE may cut life 

hope by 0.0422%. In case this 

happens, the rate of mortality would 

be 146.6%. 

Husnain et al. (2018) Climate change impact on 

agriculture value-added are 

examined  

60 Countries Panel data (1999 

to 2011) 

GEMs, IAMs, 

production 

function models 

A positive linkage of precipitation has 

shown up with agriculture. However, 

the temperature has a negative 

association with Agriculture. 

Mahrous (2018) Explore the relationship 

between global climate 

change and the production of 

cereals. 

Egypt Time Series 

(1971-2013) 

ARDL Approach 

The adverse effect has calculated on 

cereal crop in the short-run from 

temperature and rainfall 

While in the long-run, some crop's 

yield might be beneficial in case of 

CO2 increases. 

Asumadu-Sarkodie 

and Owusu (2016) 

To investigate the long-run 

causal relationship between 

CO2 emissions and the 

agricultural development 

Ghana Time series (1961 

to 2012) 

ARDL, VECM  

 

Confirmation of a long-run 

relationship depicts from results and 

CO2 emission found to negatively 

affect coarse grain, bean, vegetable, 

livestock, and cocoa. 

Note: ADF-augmented dickey fuller, PP-Phillips Perron, KPSS-Kwiatkowski–Phillips–Schmidt–Shin, ARDL- Autoregressive 

distributed lag, QARDL-Quantile autoregressive distributive lag, VECM-vector error correction model, GEM-general equilibrium 

model, IAM-integrated assessment model. 

  

Most of the studies have examined the nexus of climate change and agricultural productivity through ARDL for 

developing countries recently, adding more (Ahsan et al., 2020; Attiaoui and Boufateh, 2019; Banday and Aneja, 

2019; Janjua et al., 2014). As with the world's growing population, it is vital to accelerate agricultural production to 

match the essentials nutrition to feed the world (Weeks, 2015). However, many climatic and environmental issues, 

including air pollution, rapid climate change, and ecological degradation, affect agricultural productivity. It is 

indispensable to identify the in-depth dynamics relationship of these factors with agricultural productivity to provide 

food security and meet Pakistan's future food demand. To the best of comprehension, earlier studies have provided 

only simple relational evidence among certain factors and used numeric techniques to capture relations differently 

with frequencies and periods such as simple regression, ARDL, FMOL, and more. However, there has been no sign 

from existing literature demonstrating a dynamic linkage between climate change, CO2 emissions, and agricultural 

productivity using the wavelet coherence technique. The wavelet method of analysis gives an in-depth association of 



determinants within the timescale and frequency bands (Pla et al., 2020). The wavelet efficiency becomes an upsurge 

when it comes to interacting lead-lag relationship on time series used in non-linear; it simultaneously allows to 

measure the dynamic linkages and causality (Adebayo and Akinsola, 2020). Thus, the wavelet coherence technique 

takes into account break-in time series, and it could otherwise disrupt measurement parameters without considering it 

(Kirikkaleli and Gokmenoglu, 2020). 

 

3. Materials and Methods 

3.1 The conceptual underpinnings 

This portion emphasizes the connotation and the climatic impact on agriculture productivity. According to think-tank 

German watch on global climate index report, Pakistan ranked 5th most vulnerable globally, vanished 9989 lives, $3.8 

billion economic suffering, and perceived 152 extreme weather events between 1999 to 2018 (Eckstein et al., 2020). 

However, these large scale effects have been remained and continue under great debate.  

3.2 Data and Assessment Scheme 

This article uses a time series yearly data of TFP and CO2 emission, Agri-Land, Agri-Labor, Fertilizers, and Feeds 

spanning from 1961 to 2016 of Pakistan. The TFP is the dependent variable in the model, and the independent variables 

are CO2 emission, Agri-Land, Agri-Labor, Fertilizers, and Feeds. The natural logarithm of the series has been taken 

to ensure the normality conforms. Table 2 depicts the source, unit, and description of the determinants. The study 

analysis flow is depicted in Figure 1. The economic function and econometric model are highlights in equations 1 and 

2 as follows;  𝑇𝐹𝑃𝑡 = 𝑓(𝐴𝐿𝐵𝑡 , 𝐴𝐿𝐷𝑡 , 𝐹𝐷𝑡 , 𝐶𝑂2𝑡𝐹𝑇𝑡  )                                                                                   [1] 𝑇𝐹𝑃𝑡 = 𝜗0 + 𝜗1𝐴𝐿𝐵𝑡 + 𝜗2𝐴𝐿𝐷𝑡 + 𝜗3𝐹𝐷𝑡 + 𝜗4𝐶𝑂2𝑡  +  𝜗4𝐹𝑇𝑡 + 𝜀𝑡                                [2] 
In Equation 2, TFP denotes total factor productivity of agriculture that reflects agricultural efficiency; ALB, ALD, 

FD, FT, and CO2 signifies agricultural labor, land, feed, fertilizer, and carbon dioxide emissions, respectively. 

Table 2. Variables, Units and Sources  

Symbol Log-Symbol Description  Units Sources 

TFP LnTFP Total agricultural factors productivity Index USDA 

FD LnFD Sum of all sources of metabolizable energy 

(ME) used agricultural feeds 

1000 Megacalories USDA 

FT LnFT Sum of N, P2O5, and K2O fertilizers 

consumption. 

Metric tons USDA 

ALB LnALB Total numbers of adults economically in 

agricultural activities 

1000 persons USDA 

ALD LnALD Sum of rainfed cropland, irrigated cropland 

and permanent pasture area 

1000 hectares USDA 

CO2 LnCO2 Carbon dioxide emission Mt. tons per capita WDI 



*USDA- United States Department of Agriculture, **WDI- World Development Indicators 

 

 

   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1: Flow Chart 
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3.3 Econometric Tools  

3.3.1 Unit root tests 

It is imperative to investigate series stationarity features before conducting further analysis. Thus the present 

research utilized conventional unit root tests (ADF and PP). The sensitivity to serial correlation in error terms and 

heteroscedasticity is the main distinction between ADF and PP tests. The Equations of ADF and PP explain as below; 

ADF test: 

∆𝑌𝑡 =  𝛽,𝐷𝑡 + 𝜋𝑌𝑡−1 + ∑ 𝜎𝑗𝑝
𝑗−1 ∆𝑌𝑡−𝑗 + 𝜀𝑡                                                                     (3) 

Whereby 𝐷𝑡  depicts the deterministic term vector while the error term is represented by 𝜀𝑡. 

PP test: ∆𝑌𝑡 =  𝛽,𝐷𝑡 + 𝜋𝑌𝑡−1 + 𝜇𝑡                                                                                                  (4) 

The serial correlation and heteroscedasticity in the error terms are disregard in the PP test 

As stated by Adebayo (2020), Kirikaleli & Adebayo (2020), and Alola et al. (2019), the conventional unit-

root tests may present disingenuous outcomes if there is evidence of structural break(s) in series. Thus, the present 

study utilized Zivot & Andrews (ZA) unit root test introduced by Zivot to capture both stationarity features and a 

single break in series. The Equation of ZA exemplifies as follows: 

Model 1: ∆𝑥𝑡 =  𝜑 + 𝜑𝑥𝑡−1 + 𝜋𝑡 + 𝛿𝐷𝑈𝑡 +  ∑ 𝑑𝑗𝑘𝑗=1 ∆𝑥𝑡−𝑗 +  𝜇𝑡  ,                                                      (5) 

Model 2:  ∆𝑥𝑡 =  𝜑 + 𝜑𝑥𝑡−1 + 𝜋𝑡 + 𝛾𝐷𝑇𝑡 +  ∑ 𝑑𝑗𝑘𝑗=1 ∆𝑥𝑡−𝑗 +  𝜇𝑡   ,                                                     (6) 

Model 3: ∆𝑥𝑡 =  𝛽 + 𝛽𝑥𝑡−1 + 𝛽𝑡 + 𝜃𝐷𝑈𝑡 + 𝜃𝐷𝑇𝑡 +  ∑ 𝑑𝑗𝑘𝑗=1 ∆𝑥𝑡−𝑗 +  𝜇𝑡                                           (7) 

Where 𝐷𝑈𝑡  depict dummy variable for mean shift occurring at each possible break-date (TB) while 𝐷𝑇𝑡  is the 

respective trend shift variable. Formally, 𝐷𝑈𝑡 = { 1 … . . 𝑖𝑓  𝑡 > 𝑇𝐵0 … . . 𝑖𝑓  𝑡 < 𝑇𝐵   and  𝐷𝑇𝑡 = { 𝑡 − 𝑇𝐵 … . 𝑖𝑓  𝑡 > 𝑇𝐵0 … . .         𝑖𝑓  𝑡 < 𝑇𝐵                              (8) 

 

3.3.2 ARDL Approach 

Auto-Regressive Distribution Lag Model (ARDL) developed by Pesaran and Shin (1998) and Pesaran et. al 

(2001) was used to capture the long-run co-integration association between the dependent and independent variables. 

Benefits of the ARDL bounds test over the other conventional or traditional co-integration techniques areas: (i) it can 

be used when there is a mixed order of integration; (ii) it incorporates both the short and long-run coefficients 

simultaneously; (iii) it is perfectly fit for small sample size; (iv) accommodating different lag length; (v) 

autocorrelation problem is removed.  The calculated F-statistics are being compared to the lower and upper bound 

critical values. When the calculated F-statistics is below, the null hypothesis is not rejected; when the calculated F-



statistics is greater, the null hypothesis is rejected, which shows evidence of a long-run relationship among the 

variable. Equation (7) below explains the ARDL bounds model; 

𝛥𝑇𝑃𝐹𝑡 = 𝜃0  + ∑ 𝜃1𝑡
𝑖=1 𝛥𝑇𝑃𝐹𝑡−1  + ∑ 𝜃2𝑡

𝑖=1 𝛥𝐴𝐿𝐵𝑡−𝑖 + ∑ 𝜃3𝑡
𝑖=1 𝛥𝐴𝐿𝐷𝑡−𝑖 + ∑ 𝜃4𝑡

𝑖=1 𝛥𝐶𝑂2𝑡−𝑖 + ∑ 𝜃5𝑡
𝑖=1 𝛥𝐹𝐷𝑡−𝑖

+ ∑ 𝜃6𝑡
𝑖=1 𝛥𝐹𝑇𝑡−𝑖 + 𝛽1𝑇𝑃𝐹𝑡−1 + 𝛽2𝐴𝐿𝐵𝑡−1 +   𝛽3𝐶𝑂2𝑡−1 + 𝛽4𝐹𝐷𝑡−1 +  𝛽6𝐹𝑇𝑡−1+  𝜀𝑡                                                        (8) 

The null hypothesis and the alternative hypotheses are no co-integration and evidence of co-integration, 

respectively. We fail to accept the null hypothesis if the F-statistics is more than the lower and upper bond critical 

values. The alternative and null hypothesis are illustrated by Equations 8 and 9 correspondingly;  𝐻0 = 𝜗1 = 𝜗2 = 𝜗3 = 𝜗4 = 𝜗5 = 𝜗6 … … … … … … …               . … . . [9] 𝐻𝑎 ≠ 𝜗1 ≠ 𝜗2 ≠ 𝜗3 ≠ 𝜗4 ≠ 𝜗5 ≠ 𝜗6 … … … … … … … …            . … . [10] 
Where 𝐻0 denotes the null hypothesis and 𝐻𝑎 illustrates the alternative hypothesis. 

After the long-run relationship is established, the ARDL model derives the error correction model (ECM). It was 

derived by estimating the model's short-run parameters by applying ECM. Hence, incorporating the ECM model into 

our short-run parameter of the ARDL model would result in Equation 10 as: 

𝛥𝑇𝑃𝐹𝑡 = 𝜃0  + ∑ 𝜃1𝑡
𝑖=1 𝛥𝑇𝑃𝐹𝑡−1  + ∑ 𝜃2𝑡

𝑖=1 𝛥𝐴𝐿𝐵𝑡−𝑖 + ∑ 𝜃3𝑡
𝑖=1 𝛥𝐴𝐿𝐷𝑡−𝑖 + ∑ 𝜃4𝑡

𝑖=1 𝛥𝐶𝑂2𝑡−𝑖 + ∑ 𝜃5𝑡
𝑖=1 𝛥𝐹𝐷𝑡−𝑖

+ ∑ 𝜃6𝑡
𝑖=1 𝛥𝐹𝑇𝑡−𝑖 + 𝛽1𝑇𝑃𝐹𝑡−1 + 𝛽2𝐴𝐿𝐵𝑡−1 +  𝛽3𝐶𝑂2𝑡−1 +  𝛽4𝐹𝐷𝑡−1 + 𝛽6𝐹𝑇𝑡−1 +  𝜔𝐸𝐶𝑇𝑡−𝑖+  𝜀𝑡                                (11) 

Where: 𝜃i=5 denote coefficients in the short run, εt represents the error term, βi=5 mean coefficients, in the long 

run, t denotes the lags lengths, ECTt-i denotes error correction term. It is showing the speed of adjustment from a short-

run shock to the long-run equilibrium. 𝜔 represents ECM coefficients, which will be negative and significant.  

3.3.3 Wavelet Approach 

The wavelet approach is utilized in the current research to gather information about the time-frequency 

dependency between TFP and CO2 emission, agri-land, agri-labor, fertilizers, and feeds in Pakistan using yearly data 

spanning from 1961 to 2016. Goupillaud et al. (1984) initiated the Morlet family. It is accepted that when time series 

variables are estimated and not stationary, the result will yield bias estimates if the conventional time-domain method 

is not employed. Additionally, in economics and finance, time-series data are prone to break (s); hence the traditional 

test of causality outcomes with parameters fixed are susceptible to surface (Adebayo and Odugbesan, 2020). Contrary 

to time-domain causality, the standalone frequency domain method major concern, also known as Fourier transform. 



Therefore, to abolish these issues in the estimations, the wavelet coherence technique is utilized in this research. Morlet 

wavelet equation is presented below;      𝜛(𝑡)𝜋−14𝑒−𝑖𝜛𝑡𝑒−12𝑡2                                                                                     (13) 

where:, 𝓌 is utilised on time series frequency that is limited; p(𝑡), 𝓃 = 0,1, 2, 3……N-1; i is √−1. The time series is 

transmuted into the time-frequency domain and transmits to the change of wavelets. 𝜛 Is converted and developing 

into 𝜛𝑘,𝑓. This formula can be seen below:                           𝜛𝑘,𝑓(𝑡 ) =  1√ℎ 𝜛 (𝑡 − 𝑘𝑓 ) ,   𝑘, 𝑓 ∈ ℝ, 𝑓 ≠ 0                       (14) 

Where: k describes the time and place of whereas f denotes the frequency. Odugbesan and Adebayo (2020) stated that 

k and f are the main parameters in the wavelet approach. The CWT Equation is depicted as follows:                                   𝜛𝑝(𝑘, 𝑓) =  ∫ 𝑝(𝑡) 1√𝑓∞
−∞ 𝜛 (𝑡 − 𝑘̅̅ ̅̅ ̅̅ ̅𝑓 ) 𝑖𝑑𝑠,              (15) 

The revitalization of the time series variable p(t) is depicted by the next equation and the coefficient 𝓌.                                             𝑝(𝑡) = 1𝐶𝜛  ∫ [∫ |𝔴𝑝(𝑎, 𝑏)|2∞
−∞ 𝑑𝑎]∞

0                (16) 

The wavelet power spectrum (WPS) captures the time series of vulnerability. The wavelet power spectrum equation 

is summarized below;                                                    𝑊𝑃𝑆𝑝(𝑘, )| 𝐹𝑊𝑃(𝑘, 𝑓)|2                         (17) 

The time series cross wavelet transform (CWT) as follows:                                          𝑊 (𝑜𝑟𝑘, 𝑓) =  𝑊𝑝(𝑘, 𝑓)𝑊𝑞(𝑘, 𝑓)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅                          (18) 

The CWT of TFP and CO2 emission, agri-land, agri-labor, agri-machinery, fertilizers, and feeds in Pakistan using 

yearly data spanning from 1961 to 2016 parameters are depicted by Wp(k, f) and Wq(k, f) correspondingly. The 

wavelet coherence square is illustrated by Equation 7: 

𝑅2(𝑘, 𝑓) =  |𝑆 (𝑓−1𝑊𝑝𝑞(𝑘, 𝑓))|2
𝑆 (𝑓−1|𝑊𝑝(𝑘, 𝑓)|2) 𝑆 (𝑓−1|𝑊𝑞(𝑘, 𝑓)|2)                            (19) 

The 𝑅2(𝑘, 𝑓) reveals the intensity of the interaction without including the nature of this connection being 

recommended. Torrence and Compo (1998) initiated a suggestion of associated direction by wavering the two-time 

series by signifying deferrals. Equation 8 depicts the Phase difference:   

                𝜙𝑝𝑞(𝑘, 𝑓) = tan−1 (L {𝑆 (𝑓−1𝑊𝑝𝑗(𝑘, 𝑓))}𝑂 {𝑆 (𝑓−1𝑊𝑝𝑗(𝑘, 𝑓))})                          (20) 

Where, O is the real component operator, while L is the imaginary operator. 

 

3.3.4 Gradual Shift Causality 



Toda and Yamamoto (1995) established a framework, which is anchored on vector autoregressive (VAR) built by 

Sims (1980). In calculating the optimal lag length, p + dmax is added to the lag of dmax, which is ascertained by the 

series maximum order of integration in the VAR framework. However, ignoring the structural shifts can cause the 

VAR model to be unreliable and contradictory (Enders and Jones, 2016; Figueiredo et al., 2012). To examine the 

causal linkage between TPF and CO2 emission, agri-land, agri-labor, agri-machinery, fertilizers, and feeds, Nazlioglu 

(2016) developed the Gradual shift causality test, which captures the structural shifts in Granger causality analysis 

and including the gradual and smooth shift. It can also be called the "gradual-shift causality test." The Fourier Granger 

causality test was developed using single-frequency (SF) and cumulative frequencies (CF), respectively, known as 

Fourier approximation. The modified Wald test statistic (MWALT) is generated by adding the TY-VAR analysis and 

Fourier approximation. 

 

4. Findings and Discussions  

Table 3 provides an introductory summary of all the variables used in this study. In the context of skewness and 

kurtosis tests, all the listed variables are approving to normal distributed, which confirms the normality assumption of 

the classical regression model. The probability value of the Jarque-Bera test is the standard test to measure. It reveals 

that all included variables are normally distributed, excluding total factor productivity of agriculture.        

 

Table 3. Summary Statistics 

 ALD ALB FD CO2 FT TFP 

Mean 63588.7 15041.1 13091488 0.6032 1932604 83.879 

Median 64029.4 13333.4 11491535 0.5787 1833350 85.965 

Max 72392.0 27299.0 29017578 0.9878 5040100 107.18 

Min 52443.0 7800.81 3184831 0.3083 41200 55.984 

Std. Dev. 5729.4 5694.15 7892547 0.2220 1441110 16.474 

Skewness -0.1798 0.65699 0.4623 0.2657 0.2848 -0.1256 

Kurtosis 1.9057 2.2365 1.9071 1.6208 1.8278 1.3798 

JB 3.0960 5.3887 4.7814 5.0975 3.9632 6.2722 

Prob 0.2126 0.0675 0.0915 0.0781 0.1378 0.0434 

       

In the first step, we grasp integrating the time series variables for this study. For this purpose, two traditional 

stationarity tests, such as ADF (Elliott et al., 1996) and PP (Phillips and Perron, 1988) have been utilized. The results 

of these unit root tests imitate in Table 4. The ADF test results show no static variable at the level, and only one 

variable is named total factor of agricultural productivity stationary at the first difference, i.e., I (I). Likewise, the PP 

test reveals that only agricultural land is stationary at the level, and CO2 is found to be stationary at the first difference, 

i.e., I (I). 

Further, we examined the ZA unit root test by considering the structural break of time to prevent us from the 

misleading results of traditional unit root tests. The findings of the ZA unit root test listed in Table 5. The findings 



expose that only agricultural land stationary at level, i.e., I (0). However, all the named variables have proved to be 

stationary after taking the first difference, i.e., I (I). In the context of the unit root test, the literature has reported that 

when we found a mixture of variables' integration, it is crucial to test long-term and short-run associations using the 

ARDL approach (Rehman et al., 2019). 

 

Table 4. Conventional Unit Root Test 

 ADF PP 

 I(0) I(1) I(0) I(1) 

ALD -1.182685 -6.390745 -3.646136** -11.37973 

ALB -0.9617 -6.1419* -1.0193 -6.371459 

CO2 -1.649877 - -6.371325 -1.943352 -11.257* 

FD -2.472408 -9.905282 -2.260468 -14.80907 

FT --2.597811 -7.917391 -1.450333 -11.80757 

TFP -1.312312 -8.073653 -1.208724 -8.057872 

Note: Significance level of  1% , 5% and 10% is depicted by *,** and *** 

 

Table 5: ZA Unit root Test 

 At Level I(0) First Difference I(1) 

 Intercept & Trend Break-Date Intercept & Trend Break-Date 

ALD -5.306** 1980 -7.570* 1982 

ALB -3.970 1985 -8.385** 1985 

CO2 3.611 1980 -9.253* 1973 

FD -4.368 1991 -5.412** 1988 

FT -3.850 1977 -9.256* 1984 

TFP -3.830 1986 -5.279** 1992 

Note: Significance level of  1%, 5%, and 10% are depicted by * and **  

 

Table 6 lists the ARDL bounds test findings to co-integration at the 10%, 5%, and 1% significance levels. This model 

is used to measure the long-run equilibrium and the linkage between incorporated variables. The ARDL Bounds Test 

F-statistics has a value of 6.11 that reveals the long-run co-integration association between total agricultural factor 

productivity, CO2 emissions, farmland and labor, fertilizer, and feed at the significance level of 1%. The ARDL test 

obtains a long-term and short-run relationship between the variables, following the bounds test results to co-

integration, which confirms linkage and co-integration among all selected variables. In addition, we performed several 

post-diagnostic tests, and the results are list in Table 6. The finding unveils our proposed model's smartness to tackle 

heteroscedasticity problems, misspecification, and residuals normality. So, the P-values of all these tests reflect 0.11, 

0.11, 0.50, and 0.68, respectively. Sorely, there is also evidence of the structural break in Pakistan's agricultural 



productivity determinants during the research period. However, the post estimation graphs demonstrate the stability 

of the long-term coefficient with short-term movement in both equations using the cumulative sum (CUSUM) and the 

cumulative sum of square (CUSUMSQ) diagram, which is shown in Figures 2 and 3, respectively. Both figures reflect 

that the long-term coefficient framework is stable at the 5% level of significance.                  

 

Table 6: ARDL Bounds Test 

Model F-statistics Co-integration χ2 ARCH χ2 RESET χ2 Normality χ2 LM 

 6.11* Yes 2.41 (0.11) 1.60 (0.11) 1.35 (0.50) 0.79 (0.68) 

 10% 5% 1% 

F-statistics 2.26 3.35 2.62 3.79 3.41 4.68 

Note * represent a 1% level of significance 
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Figure 2. Cumulative Sum Plot for Stability 

 

 



-0.4

-0.2

0.0

0.2

0.4

0.6

0.8

1.0

1.2

1.4

1975 1980 1985 1990 1995 2000 2005 2010 2015

CUSUM of Squares 5% Significance
 

 

Figure 3. Cumulative Sum of Square Plot for Stability 

 

After verifying the co-integration among agricultural productivity and its determinants, we discover short- and long-

term dynamic linkage of these variables using the ARDL approach and illustrate the results in Table 7. The long-term 

ARDL estimates show that feeds positively and significantly connect with agricultural productivity, as the estimated 

coefficient value and its probability are 0.2132 and 0.005, respectively. In other words, a 1% increase in feed leads to 

an upturn in the agricultural productivity of Pakistan by 0.21%. Similarly, fertilizers' findings also positively impact 

agricultural productivity at the 5% significance level. These outcomes confirm that a 1% increase in fertilizer would 

augment agricultural productivity by 0.07%, exposing the maximum use of feed and fertilizer to increase Pakistan's 

agricultural production. As expected, rapid population growth will double the global demand for livestock and other 

agricultural products by 2050. 

Meanwhile, the increasing use of fertilizers in crops and livestock feeds to meet growing demand is a significant 

reason for increased greenhouse gas (GHG) emissions. Only livestock has contributed 14.5% to global GHG emissions 

(Rojas-Downing et al., 2017). The drastic climate change is a significant threat to agricultural production, and 

mitigating this impact on agriculture has become a crucial challenge to save food for the coming generation. In this 

context, our feed and fertilizer coefficient values show better results for agricultural production in Pakistan; on the 

other hand, it would be alarming for environmental pollution. We need to develop serious policies to monitor and 

address feed and fertilizer use and limit it to acceptable food security levels and save the world from global warming. 

However, many scholars have researched to solve this problem and bring the real picture before the economies' 

policymakers (Appiah et al., 2018; Edoja et al., 2016). Experts believe that sustainable crop production is the only 

way to save the world from pollution and food security for the present and future generations. 



Moreover, sustainable agricultural production can be achieved by discouraging weak farming practices that affect the 

environment (Asumadu-Sarkodie and Owusu, 2017; Manandhar et al., 2018). The estimated cost of agricultural labor 

and land is 0.130 and 0.3227, respectively, indicating a positive and significant linkage of these two vital factors with 

long-term agricultural productivity. Furthermore, these results mean that a 1% increase in farm labor and land results 

in a 0.13% and 0.32% increase in Pakistan's agricultural productivity. Interestingly, agricultural land's productive 

effect is larger than the agricultural labor, feed, and fertilizer used in agricultural activities, suitable for sustainable 

agriculture. Likewise, CO2 estimated value is 0.1711, which reveals the positive and significant effect of 

environmental pollution on agricultural productivity. If we assume a 1% increase in Pakistan's CO2 emissions, it 

increased agricultural productivity by 0.17%. This finding is in line with the results of (Manzoor Ahmad et al., 2021; 

Munir Ahmad et al., 2021; Khattak et al., 2020; Rehman et al., 2020). Furthermore, the term error correction term 

(ECT)’s negative coefficient value indicates the validity of short-term linkages between variables. As presented in 

Table 7, there is also a short-run linkage of agricultural productivity with agricultural feeds, fertilizers, labor, and land. 

Overall, the ARDL approach results show a long-term and short-run relationship between all variables of the study.  

 

     Table 7: ARDL Long and Short-run results 

Variable Coefficient t-Statistic Prob. 

Long-Run Estimation 

FD 0.2132* 2.9435 0.005 

FT 0.0666** 2.1115 0.041 

ALB 0.4292*** 1.9991 0.053 

ALD 0.0193 0.0861 0.631 

CO2 0.1711** 2.6699 0.011 

Short-run Estimation 

FD 0.213* 3.4095 0.001 

FT 0.036* 2.0024 0.052 

ALB 0.130 0.7294 0.470 

ALD 0.3227 1.1464 0.259 

CO2 0.1711* 2.9224 0.006 

ECT(-1) -0.652* -6.4635 0.000 

R2           0.99 

Adj R2           0.98 

Note: 1%, 5% and 10% level of significance is depicted by *, **, and *** respectively  

 

We further employed FMOLS and DOLS to measure the robustness of the outcome of long-term estimates of the 

ARDL approach. The results of these two tests clarify in table 8. As per the results, there is a positive and significant 

long-term relationship between agricultural productivity determinants, including feed, fertilizers, agricultural labor, 



and carbon emissions. However, agricultural land exerts a positive but insignificant effect on agricultural efficiency 

in Pakistan.  

 

Table 8. Robustness Check  

 FMOLS DOLS 

Variable Coefficient t-Statistic Prob. Coefficient t-Statistic Prob. 

FD 0.2177* 5.1701 0.000 0.2132* 4.1017 0.000 

FT 0.0692** 3.7263 0.000 0.0666* 2.9423 0.007 

ALB 0.0430* 2.9561 0.005 0.5278* 3.8161 0.000 

ALD 0.0790 0.6034 0.550 0.0193 0.1200 0.905 

CO2 0.1654* 4.3717 0.000 0.1711* 3.7204 0.000 

R2 0.99 0.99 

Adj R2 0.98 0.98 

Note: *, ** and *** depicts 1%, 5% and 10% respectively 

 

The current research utilizes the wavelet transform coherence (WTC) approach to catching the causality and 

correlation between TPF and the regressors. This method is crafted from the domain of physics to obtain formerly 

undetected information. Therefore, the research investigates the connection in the short, medium, and long-run 

between TPF and its regressors. The cone of influence (COI) is the white where discussion is carried out in the WTC. 

The thick black contour delineates a level of significance, based on simulations of Monte Carlo. In Figures 4a-4e, 0-

4, 4-8, and 8-16 manifests short, medium, and long-term relations correspondingly. The vertical and horizontal axis 

in the Figure depicts frequency and time. Blue and yellow colours represents low and high dependency between the 

series. In-phase (positive) and out-of-phase (negative) connections are described by rightward and leftward arrows 

respectively. The rightward-down (leftward-up) explains the first variable lead (cause) the second parameter while the 

rightward-up (leftward-down) depicts that second variable lead (cause) the first variable. 

Figure 4a elucidates the WTC between TFP and Agric-Labor between 1961 and 2016 at different frequencies from 

1965 to 1970. From 2000 to 2005, the arrows are rightward-up, illustrating the TFP and Agric-Labor's positive 

interconnection. Thus, this infers an increase in TFP accompanies in Agric-Labor. Furthermore, Agric-Labor lead 

(cause) TFP, which signifies that Agric-labour can predict certain variation in TFP.  Figure 4b shows the WTC 

between TFP and Agric-Land from 1961 to 2016 in Pakistan. The majority of the arrows are rightward-up, proving a 

strong connection (dependency) at different frequencies from 1965-1970 and 2000-2005. Therefore, a piece of positive 

evidence has found the correlation between TFP and Agric-Land. Moreover, Agric-Land lead (cause) TFP during this 

period and presents Agric-land can predict TFP. Figure 4c depicts the WTC between TFP and CO2 from 1961 to 2016 

in Pakistan. The majority of the arrows are rightward-up, demonstrates a strong connection (dependency) at different 

frequencies from 1964-1975 and low and medium frequencies from 2000-2005. Also, CO2 leads (cause) total factor 

productivity during this period and clarifies a strong predictor of TFP. Figure 4d paints the WTC between TFP and 

feeds from 1961 to 2016. Similarly, Figure 4e gives a picture of the WTC between TFP and fertilizer from 1961 to 



2016. The majority of the arrows are rightward-up, indicating a strong connection (dependency) at different 

frequencies from 1965-1980 and low and medium frequencies from 1982-2010. Fertilizer lead (cause) TFP during 

this period, unfolding the fertilizers is a strong predictor of TFP. Hence, this concludes that fertilizer can predict 

significant variation in TFP. 

 

  

Fig 4a: WTC Between TFP & AgricLabor                           Fig 4b: WTC Between TFP & Agric-Land 

 

Fig 4c: WTC between TFP & CO2 

 



   

Fig 4d: WTC Between TFP & Feed                           Fig 4e WTC Between TFP & Fertilizer                         

 

Table 9: Gradual Shift Causality Test 

 

Furthermore, we have utilized Toda-Yamamoto based Gradual Shift Causality technique to measure the uni-

directional and bi-directional linkage between agricultural productivity and CO2 emission, land, labor, fertilizers, and 

feeds. Their results, listed in Table 9, reveal a uni-directional causality from agricultural labor to agricultural 

productivity at the 10% significance level. Similarly, this test has found a one-way causality from factor productivity 

to agricultural land, from CO2 to agricultural productivity, and from fertilizers to productivity. This further means that 

labor, CO2, and fertilizers cause the agricultural productivity in Pakistan, while the factor productivity only causes 

Causality Path Wald-stat No of Fourier P-Value Decision 

ALB TFP 12.05439*** 3 0.098784 Reject Ho 

TFP  ALB 4.467524 3  0.724624 Do not Reject Ho 

ALD TFP 6.671819 2 0.463830 Do not Reject Ho 

TFP  ALD 15.87455** 2  0.026288 Reject Ho 

CO2 TFP 13.58028** 3  0.059170 Reject Ho 

TFP  CO2  7.180727 3 0.410308 Do not Reject Ho 

FD TFP 7.724252 2 0.357536 Do not Reject Ho 

TFP  FD 3.816134 2 0.800695 Do not Reject Ho 

FT TFP 17.27995* 1  0.015678 Reject Ho 

TFP  FT  8.566952 1 0.285259 Do not Reject Ho 

Note: Significance level of  1% , 5% and 10% is depicted by * , ** and *** 



agricultural land.  Besides, the findings of this causality test also support the graphical measures of the wavelet 

technique.         

 

5. Conclusion and Policy Implications 

This study mainly explores the real picture of the linkages between agricultural productivity and its determinants such 

as CO2 emissions, agricultural lands, labor, feeds and fertilizers using the recent time-series data spanning from 1961 

to 2016. In the first phase, the study examined the order of integration utilizing the ADF, PP, and ZA unit root tests 

and founds a mixture of level I (0) and the first difference I (I) data stationery. Since then, the ARDL bounds test has 

been employed, discovering the Cointegration relationship between the study variables at a 5% significance level. 

Meanwhile, the subsequent approach is ARDL with the error correction term, which we applied to capture the long-

term and short-term linkages among agricultural productivity and the regressors. These findings exposed that the CO2 

emissions, agricultural land, labor, feed, and fertilizers have a positive and significant long-run impact on Pakistan's 

agricultural efficiency. Likewise, each regressors has a positive and considerable influence on productivity, excluding 

labor, as it has a positive but insignificant association with the outcome variable. Our findings' robustness has been 

verified utilizing the FMOLS and DOLS approach, which indicates our results almost robust and stable.  The wavelet 

coherence technique has been employed as it has the advantage of capturing correlation and causality simultaneously 

at different levels of frequencies and periods. Subsequently, we applied the Toda-Yamamoto causality techniques to 

measure the long-term causality between agricultural productivity and all explanatory variables. This gradual shift 

causality test has the benefit of detecting causal linkage among factors even in the presence of structural breaks in 

series. In the context of the gradual shift causality test results, agricultural labor, CO2 emissions, and fertilizers have 

a one-way relationship with agricultural productivity. In contrast, productivity has a uni-directional causal link with 

agricultural land. 

Overall, this study has contributed to the current literature by proving that the determinants included have been 

validated because they have explained 99% agricultural productivity changes. It is proven that CO2 emissions, land, 

labor, fertilizer, and feed have a positive and significant impact on agricultural performance in the long and short term. 

We make the following policy recommendations based on the experimental results of the study: (a) Considerably, 

Pakistan's most agriculture is semi-arid; in fact, it is vulnerable to climate change shocks. It needs the hours to 

strengthen Pakistan's agricultural sector to resilience against extreme weather such as heat, drought, cold, and floods 

to meet sustainable yield in agriculture, as it is observed that the summer season has been intensifying for the past 

decade. Furthermore, substantial investments and policies are needed to protect and strengthen production against 

pests and diseases. It has also increased, and farmers use more and more pesticides and bio-control. As a result, the 

environment deteriorated. Therefore, this is possible only when we encourage public, private investment, and public 

policy reforms in agricultural research, seed systems, agricultural input markets, and expansion to help farmers. (b) 

As our results show, Pakistan's agricultural land has a relatively low impact on long-term productivity. It might be 

due to multiple reasons such as soil salinity, waterlogging, lack of soil fertility, soil erosion, climate effects, and 

distribution of canal water inequality. These all problems and salinization of the soil severely deplete the soil's 

productivity and significantly reduce crop yields. In this context, some policy reforms and productive research are 



desirable to create better ways to use fertilizers and water more efficiently to save Pakistan's future productivity. 

Furthermore, policies need to formulate to make better use of the largest network of canals as Pakistan has the most 

extensive canal roots that have the potential benefit to store water and generate renewable energy. These are the ones 

that can help protect and preserve the environment from the harmful waste of traditional semi-arid agriculture. 
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