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Abstract 

This study aims to determine the relative importance of major cotton-producing districts 

with reference to their aggregate cotton production in Punjab using the time series data 

from 1982-2021. The empirical analysis is conducted with a correlated component 

regression approach, which is comparatively more suitable to multicollinear and high-

dimensional data sets like those examined in this study.  The standardized regression 

coefficients' absolute value determines each district's rank and relative importance. The 

degree of geographic concentration of the district-level impact is examined by the 

Herfindahl-Hirschman Index (HHI). The empirical analysis is analyzed for two-time 

windows. The first-time window includes crop years from 1982 to 2001, and the second 

window covers crop years from 2002 to 2021. The Findings of the study indicate that all 

the included districts had a positive and statistically significant impact on Punjab provincial 

aggregate cotton production in both the study periods, with the exception of districts 

Sargodha and Mianwali, which had a negative impact on Punjab-aggregate-cotton-

production from 1982 to 2001. Furthermore, the estimated results of the correlated 

component regression show a decline in the degree of geographic concentration during 

2002-2021, as indicated by a 36-point decrease in the value of standardized coefficient 

HHI. This indicates that technological advancements and policy factors have contributed 

to greater geographic variation in the relative importance of each district during 2002-2021 

compared to 1982-2001. The cumulative sum of residuals (CUSUM) and cumulative sum 

of square residuals (CUSUMSQ) for both time periods show that the estimated parameters 
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of the correlated component models are structurally stable. 

Keywords: Correlated Component Regression, Cotton Production, Relative Importance in 

Prediction, Punjab, Districts, Geographic Concentration. 

1 Introduction 

Agriculture is the backbone of a country’s economy, particularly in developing economies, and 

cotton is the crucial crop among agricultural crops (Ahmad et al. 2014). Cotton is white gold for 

some countries because it produces huge revenue for these countries (Ali et al. 2020). In many 

countries, cotton is a key contributor to revenue creation and economic development. It is a lifeline 

for millions of small-scale farmers, laborers, and their families. It provides employment and 

income and attracts export revenues for some of the low-income countries in the world. Moreover, 

it helps some poor countries in the world to pay their import bills (Food and Agriculture 

Organization of the United Nations [FAO], 2021). 

Agriculture holds immense significance in the Pakistani economy, playing a significant role across 

multiple dimensions (Qazi et al., 2021). It is indispensable in the country for economic growth, 

food availability, employment opportunities, and poverty alleviation. It accounts for 

approximately 19.2 percent to the national Gross Domestic Product (GDP) and serves as the 

primary source of employment for around 38.5 percent of the workforce. While its share in the 

GDP has experienced a decline in recent decades, the agricultural sector remains crucial due to its 

potential for leveraging modern farming technologies to enhance productivity (Sarfraz et al., 

2023).  

The success of the agriculture sector is not only pivotal for overall economic growth but also for 

poverty reduction, as it has the capacity to generate additional job opportunities for the country's 

labor force. In developing nations, agriculture is widely recognized as an engine of economic 

growth (Tiffin and Irz 2006). Therefore, prioritizing the development and advancement of the 

agriculture sector is essential for Pakistan. By embracing innovative farming techniques and 

technologies, the agricultural industry can increase its economic impact and alleviate poverty by 

creating more employment opportunities.  

Agriculture is pivotal in Punjab's economic progress and has significantly contributed to the 

domestic agricultural economy (Qazi et al., 2021). The advancement of the agriculture sector leads 

to higher earnings for low-income households, making it the most advantageous sector for pro-

poor growth. According to the Punjab Economic Report, issued by the Asian Development Bank 

(2005), the agriculture sector employs about 40 percent of the total labor force in the province. 

Furthermore, the agriculture sector in Punjab contributes 27 percent to Pakistan's Gross Domestic 

Product (GDP), whereas Pakistan’s agriculture sector constitutes only 23.6 percent of the GDP 

(Rasheed & Nosheen, 2024).  

In real terms, the GDP of the province of Punjab has gone up to about 4.5 percent a year, which 

was 0.8 percent larger than the annual growth recorded in the rest of the country between the period 

of 1991-92 and 2002-03. The contribution of agriculture to the overall economy of Punjab was 23 

percent in 2012-13, which declined to 20.8 percent in 2015-16 and further decreased to 20.20 

percent in 2017-18 (Planning & Development Board, 2023). These statistics indicate that Punjab's 

economy, with its diverse sectors and agricultural strength, substantially impacts Pakistan's overall 

economic growth and development.  

In Pakistan, the cultivation of various important crops, including wheat, cotton, rice, maize, and 

sugarcane, plays a predominant role in the agriculture sector. These crops collectively contribute 

23.60 percent to the agricultural GDP and 5.45 percent to the overall GDP of the country (Ali et 

al., 2020). Cotton production is paramount to Pakistan’s economy (Baig et al. 2023). Cotton is a 



Modeling the Contribution of District-Level Cotton Production to Aggregate Cotton Production in Punjab … 149 

 

 

vital cash crop in Pakistan, and of our total foreign exchange earnings, cotton products export 

account for 55 percent. Almost 26 percent of growers grow cotton primarily across Pakistan, and 

15 percent of land is devoted to this crop. Cotton crop is concentrated region wise. Almost 65 

percent of cotton is cultivated in Punjab under dry climate conditions, and the rest is cultivated in 

Sindh under humid conditions. However, Khyber Pakhtunkhwa and Baluchistan have very small 

areas under cultivation. Cotton production contributes around 0.8 percent to the GDP and 4.5 

percent of the value added to agricultural GDP. (Rana et al. 2020). 

Regardless of the significance of cotton, it serves as an important raw material for the national 

textile industry, and its productivity in Pakistan has been underwhelming. Pakistan ranked 4th in 

terms of cotton area under cultivation (Shuli et al. 2018) but, unfortunately, ranked 39th in the case 

of its productivity per hectare (Rana et al., 2020). On the one end, productivity is very low; on the 

other, the area under cultivation is declining, resulting in low production. Cotton crop in the 

country was cultivated on 2079 thousand hectares, reflecting a contraction of 17.4 percent 

compared to last year’s sown area of 2517 thousand hectares. Production declined by 22.8 percent 

to 7064 thousand bales against production of 9148 thousand bales last year (Government of 

Pakistan Finance Division [GOP], 2021). 

In Pakistan’s economy, all the provinces have a substantial share of GDP; however, Punjab is the 

major contributor. The growth rate of Punjab, particularly, determines the overall growth rate of 

the economy (Planning & Development Board, 2023). Its share in national economic accounts was 

54.2 percent in 2017-18 but 60 percent in overall agricultural production. The economy of Punjab 

is not much different from our national economy because it covers 62.4 percent of services, 17.5 

percent of industry, and 20.2 percent of agriculture. In agriculture, the Punjab province is playing 

a principal role. It covers almost 68 percent of our national grain needs. Rice and cotton are central 

crops of Punjab. These two cash crops have contributed noticeably to the state treasury.  

During 2020-21, 5044 thousand bales of cotton were produced in Punjab, which was 71.40 percent 

of Pakistan's total cotton production (Khurshid et al., 2021). At the same time, Bahawalnagar 

contributed the largest share of the aggregate cotton production in Punjab, 19.70 percent, followed 

by Bahawalpur, 17.07 percent, and R. Y. Khan, 12.24 percent. Table 1 indicates the average 

relative production shares in major cotton-producing districts of Punjab during two time periods.  

During the time window 1982-2001, the highest average relative production share was contributed 

by district R. Y. Khan at 13.34 percent followed by Vehari (11.96 percent), Bahawalpur (11.06 

percent), Lodhran (9.20 percent), Khanewal (8.33 percent) and Multan (8.10 percent) while during 

the same time window, the lowest average relative production share was contributed by Mianwali, 

Bhakkar, Kasur, Sargodha and Layyah at the rate of 0.23 percent, 0.32 percent, 0.49 percent, 0.54 

percent and 0.83 percent respectively. However, during the time window 2002-2021, the largest 

average relative production share in aggregate cotton production of Punjab was contributed by 

Bahawalpur 13.15 percent, followed by R. Y. Khan (11.71 percent), Bahawalnagar (10. 48 

percent), Vehari (9.23 percent) and Lodhran (9.01 percent) while during the same time period the 

lowest average relative production share was contributed by Sargodha at the rate of 0.15 percent. 
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Table 1: District-Wise Averages Relative Production Shares (%) with Reference to Aggregate 

Cotton Production in Punjab during Two Time Periods 

District 1982-2001 2002-2021 

R. Y. Khan 13.34 11.71 

Vehari 11.96 9.23 

Bahawalpur 11.06 13.15 

Lodhran 9.2 9.01 

Khanewal 8.33 8.58 

Multan 8.1 7.59 

Bahawalnagar 7.25 10.48 

Sahiwal 5.77 2.91 

Muzaffargarh 5.45 6.55 

Rajanpur 4.4 6.83 

Jhang 2.74 1.38 

D.G.khan 2.74 4.33 

Okara 2.39 0.75 

Pakpattan 1.5 1.6 

Faisalabad 1.36 1.12 

Layyah 0.83 1.48 

Sargodha 0.54 0.15 

Kasur 0.49 0.25 

Bhakkar 0.32 0.54 

Mianwali 0.23 0.89 

Based on the aforementioned discussion, it is clear that Punjab plays an important role as a major 

cotton producer in Pakistan. Consequently, any significant change in cotton production within the 

districts of Punjab can have substantial implications for cotton production in Pakistan. Therefore, 

understanding the behavior and relative importance of major cotton-producing districts with 

reference to their aggregate cotton production in Punjab is of utmost importance. A careful review 

of the academic literature to date has turned up no evidence of any studies that have examined the 

relative importance of major cotton-producing districts with respect to aggregate cotton production 

in Punjab. To address this research gap, this study examines the relative importance of major 

cotton-producing districts in relation to aggregate cotton production in Punjab.  

1.1 Research Objectives 

This study aims 

• To determine the relative importance of major cotton-producing districts regarding their 

aggregate cotton production in Punjab using the correlated component regression technique. 

• To measure and compare the degree of geographic concentration between the two time periods 

(1982-2001 and 2002-2021) across the districts using the Herfindahl-Hirschman Index (HHI). 

This objective helps us to determine the influence of technology and policy factors on the 

ranking of major cotton-producing districts and the geographical concentration of their 

relative importance. 

• To measure and compare the positions of the districts determined by the average relative 

production shares with rankings and shares calculated using correlated component regression.  

1.2 Research Questions 

Based on the research objectives, the study aims to address the following research questions: 

• How much does each district among the major cotton-producing districts contribute to 

aggregate cotton production in Punjab, and with what rank? 

• During which period does each district's relative importance in aggregate cotton production 

in Punjab indicate greater geographic variation? 
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• Do the rankings of cotton-producing districts calculated using average relative production 

share match those calculated using correlated component regression?  

This study employs correlated component regression (CCR) methodology, developed by 

Magidson (2011), as used by Bullock (2021), Naveed and Hina (2023) in agricultural economics.  
Data for this study was collected from 1982 to 2021 from the Directorate of Agriculture Crop 

Reporting Service, Punjab Lahore (crs.agripunjab.gov.pk ), and crops, area, and production (by 

districts) volume I issued by the Federal Bureau of Statistics. To determine the relative importance 

of each district on aggregate production, regression analyses are conducted using the aggregate 

cotton production in Punjab as the dependent variable and each district’s cotton production as the 

independent variable. Standardized regression coefficients are calculated from these regressions, 

and these coefficients are used to rank the districts based on their importance in affecting aggregate 

cotton production.  

 

Due to issues with datasets such as their multicollinearity and sparsity, simple ordinary least 

squares (OLS) regression methods were unsuitable as they resulted in large standard errors with 

unreliable and insignificant coefficient estimates. Therefore, correlated component regression 

(CCR) is applied in this study. CCR is specifically designed to handle sparse and multicollinear 

datasets, providing more reliable and stable coefficient estimates. By applying this methodology, 

this study aimed to provide a comprehensive understanding of the relative importance of each 

district’s cotton production with reference to aggregate cotton production in Punjab. Using CCR 

allowed for more robust and accurate estimations, overcoming the challenges of sparse and multi-

collinear data. 

This study's second significant goal is to determine the influence of technology and policy factors 

on the ranking of major cotton-producing districts and the geographical concentration of their 

relative importance. To achieve this objective, the time-series dataset is divided into two distinct 

periods: the first period contains 1982 to 2001 and the second period covers 2002 to 2021. The 

Herfindahl-Hirschman Index (HHI) is used in the study to determine the geographic concentration 

of importance. The HHI is computed by considering the percentage shares of the absolute values 

of the standardized regression coefficients. This index provides a measure of the concentration of 

importance across different districts. By computing the HHI value for both time periods in relation 

to cotton production, it became possible to assess the impact of technology and policy factors on 

the concentration of cotton production. The results from these calculations shed light on the degree 

to which technology and policy influences have contributed to the geographic concentration of 

importance in the context of cotton production. 

2 Review of Literature 

A careful review of the academic literature to date has produced no evidence of any studies in 

Pakistan that have analyzed the relative importance of district-level cotton production with 

reference to their aggregate cotton production in Punjab. A literature review of some previous 

studies is given below. Najib et al. (2022) empirically examined the impact of cotton production 

on economic growth in Benin using time series data covering the period from 1965 to 2021. Vector 

error correction modeling was applied to obtain empirical results. The study's findings indicated a 

strong positive nexus between cotton exports and economic growth.  

Shabbir and Yaqoob (2019) analyzed the impact of technology on the total factor productivity of 

cotton crops in Pakistan and India using the time series data from 1954 to 2017. Their empirical 

results for Pakistan indicated that fertilizer consumption, the area under cotton crop, canal 

irrigation, seed, expenditure on education, and the number of tractors have a positive and 

significant association with total factor productivity of cotton crop while labor force in agriculture, 

tube wells irrigation, and electricity consumption have an insignificant negative association with 

https://crs.agripunjab.gov.pk/
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total factor productivity of cotton crop (Arshad et al., 2022). Empirical findings for India depicted 

that electricity consumption, expenditure on education, the area under cotton crop, and fertilizer 

consumption have a negative and significant association with the total factor productivity of cotton 

crop (Sinha, 2023). At the same time, labor force, number of tractors, tube wells irrigation, and 

canal irrigation have shown a positive but insignificant association with total factor productivity 

of the cotton crop. Chaudhry et al. (2009) empirically examined the comparative advantage of 

cotton, rice, and sugarcane crops for the Bahawalpur and Multan regions using primary data from 

100 farmers from each region. Their empirical results showed that cotton crops were more 

efficiently produced in the Bahawalpur and Multan regions, while these regions were less efficient 

in producing rice and sugarcane crops. Moreover, they indicated that cotton crops can compete in 

domestic markets as well as in foreign markets. 

Rehman et al. (2019) empirically examined the association between agricultural gross domestic 

product, cotton production, fertilizer consumption, and area under cotton crops using the annual 

time series data from 1970-2015 in Pakistan. They found that there exists a long-run association 

between agricultural gross domestic product, cotton production, fertilizer consumption, and area 

of the cotton crop. Empirical findings revealed that the production of cotton crops and consumption 

of fertilizer is positively associated with the agricultural gross domestic product of Pakistan, while 

the area of the cotton crops is negatively associated with the agricultural gross domestic product 

of Pakistan. 

Ahmad and Afzal (2018) investigated the cost and profit analysis of cotton crops using the primary 

data from 240 farmers of cotton crops for the years 2012-13 in the Bahawalpur district of Punjab. 

Their findings revealed that the price and quantity of the crop produced have a positive and 

significant impact on cotton profit, while the cost of production has a significantly negative impact 

on cotton profit (Arshad et al., 2022). Moreover, they found that seed, cropped area, fertilizer, land 

preparation, labor, irrigation, and pesticides are directly associated with cotton production. 

Bullock (2021) has investigated the state-level impact of soybean and corn production on 

aggregate production in the U.S. The study analyzed the time series data from 1970 to 2017 using 

a correlated component regression approach. The data was divided into two time periods: a period 

of Pre-Genetic Modification covering the years 1975 to 1995 and a period of Pro-Genetic 

Modification indicating the years 1996 to 2017. Absolute values of standardized regression 

coefficients were applied to determine each state's rank and relative importance. The degree of 

geographic concentration was calculated using the Herfindahl-Hirschman Index. Empirical results 

of the study indicated that U.S. soybean production was found to be geographically more 

concentrated, while U.S. corn production was geographically less concentrated with respect to 

state-level importance.  

Naveed and Hina (2023) have empirically investigated the division-level influence of wheat 

production with reference to their aggregate production in Punjab using time series data from 1987 

to 2020. A correlated component regression approach was applied to find out the results. The rank 

and relative importance of each division was determined by the absolute value of the standardized 

regression coefficients. The degree of geographic concentration of the division-level impact was 

examined by the Herfindahl-Hirschman Index (HHI). The empirical analysis was analyzed for 

two-time windows: the first-time frame includes crop years from 1987 to 2003, and the second 

span covers years from 2004 to 2020. Empirical findings during both the study periods indicated 

that all divisions had a significant positive impact on aggregate wheat production in Punjab, with 

the exception of divisions Faisalabad and Sahiwal, which had a positive but insignificant impact 

on Punjab-aggregate-wheat-production from 2004 to 2020. Furthermore, the estimated results of 

the correlated component regression showed a rise in the degree of geographic concentration 

during 2004-2020, as indicated by a 176-point increase in the value of standardized coefficient 

HHI. This indicates that geographical importance was more dispersed between the period 1987 
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and 2003 than between 2004 and 2020. 

Siddiqui et al. (2012) empirically examined climate change's impact on cotton, rice, wheat, and 

sugarcane crops using the annual time series data from 1980-2008 in Punjab. Their estimated 

results indicated that change in climate has a positive impact on the productivity of wheat, while 

the impact of change in climate was negative for cotton, rice, and sugarcane crops. Rehman et al. 

(2015) empirically investigated the association of agricultural gross domestic product and 

important crops, namely cotton, rice, wheat, maize, and sugarcane in Pakistan, by taking the annual 

time series data from 1950-2015. Empirical findings of the study indicated that the output of 

cotton, rice, wheat, and maize has a positive association with the agricultural gross domestic 

product, while the output of sugarcane crops has shown a negative relation with the agricultural 

gross domestic product of Pakistan.  

Abbas (2020) investigated the association between cotton production, area of cotton cultivation, 

fertilizer consumption, and change in climate using time series data from 1980-2018 in Pakistan. 

The study applied the autoregressive distributed lag approach to assessing the long-term 

association between cotton production and independent variables. Estimated results of the study 

indicated that areas under cotton production and fertilizer consumption have a positive and 

significant impact on production in the long run and short run as well, while the change in climate 

variable has a positive but insignificant impact on cotton production both in the long run and short 

run. 

Magsi (2012) estimated the average growth rates of productivity, production, and cotton crop area. 

The study also analyzed the impact of cotton support price on its production in Pakistan using 

annual time series data from 1979-80 to 2008-09. The study's findings indicated that productivity, 

production, and area of cotton crops have grown at a rate of 3.2 percent. 5.2 percent and 1.9 

percent, respectively, over the study period. The study also showed that the support price of cotton 

positively impacts cotton production. 

Rehman et al. (2011) estimated the growth pattern of production, area, and yield of important crops 

in Pakistan using secondary data covering the years from 1972 to 2009. The data was divided into 

two time periods: the first span includes the years from 1972 to 1988, and the second time window 

covers 1989 to 2009. Estimated results indicated that the growth rates of production and area were 

better in terms of cotton, wheat, and sugarcane in the first time period, while rice and sugarcane 

performance was better in the second time frame. Moreover, the empirical results of the 

decomposition model revealed that the yield effect was the paramount source of growth in terms 

of wheat and cotton in both the study periods. However, the area effect regarding sugarcane was 

the significant source of production growth in both study periods.   

Yang et al. (2022) empirically evaluated the cotton production competitiveness in Xinjiang 

province using secondary time series data covering the period from 2005 to 2018 in China. The 

comparative advantage of cotton production was evaluated using the aggregate, efficiency, and 

scale advantage indexes. Correlation matrix and ridge regression were used to determine the 

factors affecting cotton productivity. Estimated results of the aggregate, efficiency, and scale 

advantage indexes showed that Xinjiang province had a vast comparative advantage in cotton 

production. Empirical findings of ridge regression indicated that agricultural machinery power, 

fiscal expenditure on agricultural support, fertilizer use, and total cotton production had positive 

and significant impacts on agricultural output. Meanwhile, the proportion of affected areas by 

insects and diseases, as well as the average cotton yield and area, had a negative impact on 

agricultural output. 

Raza and Ahmed (2015) investigated the impact of climate change on cotton productivity in 

Pakistan using temperature, precipitation, fertilizer, area, and cotton yield. The time series data 
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from 1981 to 2010 was used in the study. Production function was applied to investigate the 

relationship between cotton productivity and climate change. Empirical results of Fixed Effect 

Model indicated that precipitation and temperature significantly impacted cotton productivity. 

Moreover, fertilizer, fertilizer nutrients off take per acre of cotton, area under cotton, and 

technology all positively and significantly impacted cotton yield.  

Rashid et al. (2020) empirically evaluated the impact of climate change on cotton production in 

Pakistan. They used an annual time series dataset from 1981 to 2015 for their investigation. The 

ARDL technique's empirical results indicated that maximum temperature and rainfall both had a 

significant positive impact on cotton productivity, while minimum temperature had a significant 

negative influence. Moreover, areas under cotton, fertilizer, and technology were shown to have 

positive effects on cotton production. 

A number of researchers used various approaches to analyze the impact of cotton production on 

economic growth or agricultural gross domestic product (Rehman et al., 2015; Rehman et al., 

2019; Najib et al., 2022). Some other studies (Abbas 2020; Rashid et al. 2020; Raza & Ahmed, 

2015; Siddiqui et al., 2012) investigated the relationship between climate change and cotton 

productivity. However, less attention has been given to analyzing the relative significance of 

cotton-producing districts with reference to their aggregate cotton production in Punjab.  

3 Data and Methodology  

In this study, district-wise, as well as aggregate data of cotton production in Punjab is used for 20 

districts, including Vehari, Bahawalpur, Khanewal, Muzaffargarh, R. Y. Khan, Lodhran, 

Bahawalnagar, Multan, Sahiwal, Layyah, Okara, Faisalabad, Rajanpur, Jhang, D. G Khan, Kasur, 

Pakpattan, Mianwali, Sargodha and Bhakkar.  The dataset on cotton production came from the 

Directorate of Agriculture Crop Reporting Service, Punjab Lahore (crs.agripunjab.gov.pk), and 

the data report compiled by Khan et al. (2010) with title crops, area, and production (by districts) 

volume I issued by the federal bureau of statistics. The cotton production is measured in tones. 

The dataset in this study has been divided into two time periods: the first-time window contains 

1982 to 2001 years, and the second time window covers 2002 to 2021 years. For each time period, 

the data has been analyzed by using the correlated component regression (CCR) approach.  

Herfindahl-Hirschman Index (HHI) measures the degree of geographic concentration. A 

comprehensive overview of all these measures is given below 

3.1 Correlated Component Regression (CCR) 

In this study, we have applied the correlated component regression (CCR) approach, which 

Magidson (2011), used to analyze the district-level influence of cotton production on aggregate 

cotton production in Punjab. A particular problem that has to be considered when using traditional 

regression analytic approaches is the existence of suppression effects or multicollinearity (Lynn 

2003).  Generally, multicollinearity or suppression effects occur when there exists a moderate or 

high degree of correlation between two or more two explanatory variables, which have no direct 

effect on the dependent variable. These multicollinearity issues or data sparsity lead to large 

variances and standard errors of estimated regression coefficients, rendering them unstable and 

statistically insignificant (Pandey & Elliot, 2010).  

Therefore, treatment of multicollinearity or suppression effects is very important. Magidson (2013) 

indicated that for the multicollinear or suppression data sets, the CCR approach gives more reliable 

and stable estimates of the regression coefficients. In agriculture economics, this methodology was 

first used by Bullock (2021) for analyzing the state-level impact of soybean and corn production 

on aggregate production in the U.S. This technique was also applied by Naveed and Hina (2023) 

for empirically investigating the division-level influence of wheat production with reference to 

their aggregate production in Punjab, Pakistan. This study also uses CCR regression to assess the 

contribution of district-level cotton production to aggregate cotton production in Punjab, Pakistan. 
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The general procedure of the CCR approach is described as follows: 

In the first step, we estimate the following equation for each predictor from ordinary least squares 

(OLS). This proceeds as follows: 

 

𝑌̂ = 𝛾𝑔
(1)

+ 𝜆̂𝑔
(1)

𝑋𝑔        (1) 

Where Y is the outcome variable, and Xg shows predictor variables with g = 1, 2, 3…, P;  
(1)

gγ̂  

and 
(1)

gλ̂ are respectively the intercept and slope coefficients for a particular predictor variable g. 

The component variable S1 is defined as the weighted average of all 1-predictor effects, while the 

weights are slope coefficients estimated from equation (1), that is 

𝑆1 =
1

𝑃
∑ 𝜆̂𝑔

(1)
𝑋𝑔

𝑃
𝑔=1         (2) 

Predictions for Y in the 1-component CCR model are obtained through OLS regression of Y on S1 

𝑌̂ = 𝛼̂(1) + 𝛽̂1
(1)

𝑆1        (3) 

As the component variable, S1 measures the direct effect of each independent variable upon the 

dependent variable without considering the suppressor effects. Therefore, it is known as the direct 

effect component variable. In the same way, the second component variable S2 is calculated by 

first predicting the following regression equation for each explanatory variable from simple OLS: 

𝑌̂ = 𝛾𝑔
(2)

+ 𝜆̂1,𝑔
(2)

𝑆1 + 𝜆̂𝑔
(2)

𝑋𝑔       (4) 

The second correlated component variable S2 is defined as the weighted average of all 2-predictor 

effects:  

𝑆2 =
1

𝑃
∑ 𝜆̂𝑔

(2)
𝑋𝑔

𝑃
𝑔=1          (5) 

Predictions for Y in the 2-component CCR model are obtained from simple OLS regression of Y 

on S1 and S2, that is 

𝑌̂ = 𝛼̂(2) + 𝛽̂1
(2)

𝑆1 + 𝛽̂2
(2)

𝑆2        (6) 

Component variable S2 and subsequently derived component variables are correlated with S1, 

capturing the effects of suppressor variables. These suppressor variables improve prediction in the 

component variable model by removing irrelevant variation from one or more explanatory 

variables directly affecting the outcome variable. This process for the derivations of component 

variables can continue until the optimal number of components is achieved.  

In general, for any K (where K is less than P)-component variables, we first estimate the regression 

equation (7) for each explanatory variable using OLS, that is 

𝑌̂ = 𝛾𝑔
(𝐾)

+ 𝜆̂1,𝑔
(𝐾)

𝑆1 + 𝜆̂2,𝑔
(𝐾)

𝑆2 + ⋯ + 𝜆̂𝐾−1,𝑔
(𝐾)

𝑆𝐾−1 + 𝜆̂𝑔
(𝐾)

𝑋𝑔    (7) 

After estimating equation (7), the final correlated component variable Sk is defined as follows:  

𝑆𝑘 =
1

𝑃
∑ 𝜆̂𝑔

(𝑘)
𝑋𝑔

𝑃
𝑔=1          (8) 

Predictions for Y in the k-component CCR model are obtained using simple OLS regression of Y 

on S1, S2…, Sk. 

𝑌̂ = 𝛼̂(𝐾) + 𝛽̂1
(𝐾)

𝑆1 + 𝛽̂2
(𝐾)

𝑆2 + ⋯ + 𝛽̂𝑘
(𝐾)

𝑆𝑘      (9) 

Substituting equations (2), (5), and (8) in equation (9), we get equation (10): 

𝑌̂ = 𝛼̂(𝐾) + 𝛽̂1
(𝐾)

(
1

𝑃
∑ 𝜆̂𝑔

(1)
𝑋𝑔

𝑃
𝑔=1 ) + 𝛽̂2

(𝐾)
(

1

𝑃
∑ 𝜆̂𝑔

(2)
𝑋𝑔

𝑃
𝑔=1 ) + ⋯ + 𝛽̂𝑘

(𝐾)
(

1

𝑃
∑ 𝜆̂𝑔

(𝑘)
𝑋𝑔

𝑃
𝑔=1 ) (10)  

From equation (10) we can get equation (11): 

𝑌̂ = 𝛼̂(𝐾) + ∑ 𝛽̂𝑘
(𝐾)𝑘

𝑘=1 (
1

𝑃
∑ 𝜆̂𝑔

(𝑘)
𝑋𝑔

𝑃
𝑔=1 )      (11) 

𝑌̂ = 𝛼̂(𝐾) + ∑ 𝛽̂𝑔
𝑃
𝑔=1 𝑋𝑔        (12) 

Where 

𝛽̂𝑔 =
1

𝑃
∑ 𝛽̂𝑘

𝐾𝜆̂𝑔
(𝑘)𝑃

𝑘=1         (13) 
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The estimated coefficients 𝛽̂𝑔 for each explanatory variable Xg in equation (12) is simply the 

weighted average of all the loadings taking regression coefficients 𝛽̂1
𝐾 , 𝛽̂2

𝐾 , … , 𝛽̂𝑘
𝐾   as weights. 

Equation (13) can be used to calculate the values of non-standardized regression coefficients while 

the standard errors are calculated from the following formula: 

𝑆𝐸(𝛽̂𝑔) =
1

𝑃
√∑ (𝑆𝐸(𝛽̂𝑘

𝐾))
2

(𝜆̂𝑔
𝑘)

2𝐾
𝑘=1       (14) 

Where 𝜆̂𝑔
𝑘  and 𝑆𝐸(𝛽̂𝑘

𝐾) are, respectively, the loadings and the standard errors of the estimated 

coefficients of the final correlated component model. Districts are ranked based on the absolute 

values of standardized regression coefficients, which are obtained as follows: 

𝛽̂𝑔
∗ = (

𝜎̂𝑔

𝜎̂𝑦
) × 𝛽̂𝑔         (15) 

Where  

𝛽̂𝑔
∗= standardized regression coefficient for each explanatory variable with g = 1, 2, 3…, P 

𝛽̂𝑔= regression coefficient for each explanatory variable, with g = 1, 2, 3…, P. These are obtained 

from equation (13) 

𝜎̂𝑔= standard deviation of each of the explanatory variables, with g = 1, 2, 3…, P and  

𝜎̂𝑦= standard deviation of the dependent variable y 

Standardized regression coefficients reveal which independent variables impact the dependent 

variable more. Generally, the standardized regression coefficient measures each explanatory 

variable's marginal impact (in standard deviations) on the dependent variable. Absolute values of 

the standardized regression coefficients of each district and the percentage share of the sum of 

absolute standardized coefficients are used to determine each district's rank and relative 

importance. Districts with higher rankings indicate that one standard deviation change in their 

production has a larger impact (in standard deviations) on aggregate production in Punjab.  

We have divided the whole data set (1982-2021) into two periods: the first window includes crop 

years from 1982 to 2001, and the second window covers crop years from 2002 to 2021. Since each 

time period contains as many observations as the number of explanatory variables, therefore the 

traditional approach, such as OLS, is not applicable to these data sets. Moreover, the OLS 

methodology could not be used to calculate the regression coefficients' reliable estimates due to 

the suppression effects or multicollinearity problem. Therefore, a newly developed regression 

technique, that provides more reliable and stable estimates of the regression coefficients in the case 

of a multicollinear or suppression data set, called correlated component regression (CCR), has 

been followed in this study.  

3.2 Herfindahl-Hirschman Index (HHI) 

In measuring the degree of geographic concentration of the district-level impacts, a Herfindahl-

Hirschman Index (HHI), which was also used by Bullock (2021) and Naveed and Hina (2023) in 

agriculture economics, has been calculated from the following formula: 

𝐻𝐻𝐼 = ∑ (𝑠𝑖 . 100)2𝑛
𝑖=1         (16) 

Where n shows the number of the districts included in the study, and si represents the share for the 

district as a percent of the absolute sum of standardized regression coefficients. The HHI is a 

measurement commonly used to understand the level of market concentration in applied industrial 

organization research and antitrust policy. However, this index can also be used as a general 

measure of concentration in many other applications. Its value lies between 0 and 10,000. HHI has 

a maximum value of 10,000 when a single market participant holds 100% of the market share, 

indicating a monopoly situation. If there are many market participants, with each holding a market 

share of almost 0%, the HHI has a value close to zero, indicating its minimum, and this form of 

market is often classified as perfect competition. 
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This study examines the degree of change in geographic concentration across two time periods 

through a change in HHI value. The second objective of this study is to determine whether the first 

or second time period exhibits greater geographic variation in the relative importance of each 

district’s contribution to aggregate cotton production in Punjab. This objective is examined 

through the analysis of a change in HHI value. A lower HHI value in a period indicates shares are 

less concentrated across the districts in that period, implying greater geographical variation in that 

period compared to other period and vice versa. 

4 Results and Discussion 

The CCR-Linear regression has been applied to cotton production data. When the data set is 

divided into two periods, 1982-2001 and 2002-2021, the number of explanatory variables 

approaches the sample size, implying high-dimensional data. CCR performs very well for high-

dimension data with components 2, 3, or 4 (Magidson 2010). Following Magidson (2010), this 

study uses 4 correlated component variables in the regression model and retains all the explanatory 

variables in both time periods.   

Table 2: Correlated component non-standardized and standardized regression coefficients of 

cotton production for a time window (1982-2001) 
Component Coefficient Standard Error T-Statistic Standardized Coefficient Share (%) 

S1 0.0834* 0.0017 49.1256 0.9974 70.92 

S2 0.1245* 0.0055 22.6394 0.1477 10.50 
S3 0.2698* 0.0228 11.8372 0.1681 11.95 

S4 0.5191* 0.0761 6.8183 0.0933 6.63 

*, **, and *** indicate that the coefficients significantly differ from zero at the 1%, 5%, and 10% 

significance levels, respectively. 

Estimated values of the non-standardized and standardized coefficients, along with their statistical 

significance and shares as a percentage sum of standardized coefficients for the time window 1982-

2001, are reported in Table 2. All four coefficients of component variables are significantly 

different from zero at a 1% significance level.  The coefficient of the first correlated component 

variable, S1, measures the direct effect and has a 70.92 percent share of the sum of standardized 

coefficients. The remaining 29.08 percent share measures the indirect effect, distributed among 

second, third, and fourth component variables, with S2 and S3 having 10.50 percent and 11.95 

percent shares respectively, while S4 has only 6.63 percent share of the total standardized 

coefficients.   

Table 3: Correlated component non-standardized and standardized regression coefficients of 

cotton production for a time window (2002-2021) 
Component Coefficient Standard Error T-Statistic Standardized Coefficient Share (%) 

S1 0.1127* 0.0016 69.3003 1.1111 70.12 
S2 0.1802* 0.0081 22.2505 0.2452 15.48 

S3 0.2016* 0.0181 11.1263 0.1568 9.90 

S4 0.3231* 0.0587 5.5093 0.0713 4.50 

*, **, and *** indicate that the coefficients significantly differ from zero at the 1%, 5%, and 10% 

significance levels, respectively. 

Estimated values of the non-standardized and standardized coefficients, along with their statistical 

significance and shares as a percentage sum of standardized coefficients for the time window 2002-

2021, are reported in Table 3. All four coefficients of component variables are significantly 

different from zero at a significance level of 1%.  The coefficient of the first correlated component, 

variable S1, measures the direct effect and has a 70.12 percent share of the sum of standardized 

coefficients. The remaining 29.88 percent share measures the indirect effect, distributed among 

second, third, and fourth component variables, with S2 and S3 having 15.48 percent and 9.90 
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percent shares respectively, while S4 has only 4.50 percent share of the total standardized 

coefficients. 

Estimated values of the district-level non-standardized and standardized coefficients, along with 

their statistical significance and shares as a percentage of the absolute sum of standardized 

coefficients from 1982 to 2001, are reported in Table 4. The coefficients of all the districts have 

positive and significant impact on aggregate cotton production in Punjab with the exception of 

district Sargodha and Mianwali, which have negative impact on Punjab-aggregate-cotton-

production during 1982-2001.  The production shares, based on the absolute sum of standardized 

coefficients, indicate that District Vehari has the highest contribution (13.07 percent), followed by 

Bahawalpur (9.85 percent), Khanewal (9.22 percent), Muzaffargarh (8.47 percent), R. Y. Khan 

(7.66 percent), Lodhran (6.71 percent) and Bahawalnagar (6.29 percent). There exists not much 

difference among the shares of districts Multan, Sahiwal, Layyah, Okara, and Faisalabad, which 

range from 4.44 percent to 4.87 percent.  Sargodha has the lowest standardized share, contributing 

only 0.01 percent. The Herfindahl-Hirschman Index (HHI), calculated from the shares of the 

absolute sum of standardized regression coefficients, is 726, showing a low level of concentration, 

as it is less than the 1500 threshold set by the U. S. Department of Justice and the Federal Trade 

Commission.  

Table 4: District-wise non-standardized regression coefficients, standardized regression 

coefficients, and shares as a percentage of total absolute standardized coefficients for a time 

window (1982-2001) 

Rank District Coefficient Standard Error 
T-

Statistic 

Standardized 

Coefficient 
Share (%) 

1 Vehari 1.3757* 0.0455 30.2279 0.1621 13.07 

2 Bahawalpur 0.8829* 0.0380 23.2353 0.1222 9.85 
3 Khanewal 0.9661* 0.0201 48.1483 0.1144 9.22 

4 Muzaffargarh 1.4413* 0.0638 22.5822 0.1050 8.47 

5 R. Y. Khan 0.7925* 0.0363 21.8583 0.0950 7.66 

6 Lodhran 1.0345* 0.0559 18.4960 0.0832 6.71 

7 Bahawalnagar 0.8289* 0.0453 18.2787 0.0780 6.29 

8 Multan 0.7754* 0.0581 13.3453 0.0604 4.87 
9 Sahiwal 0.5969* 0.0429 13.8992 0.0600 4.84 

10 Layyah 4.9954* 0.1436 34.7797 0.0576 4.64 
11 Okara 1.2606* 0.0560 22.5237 0.0575 4.63 

12 Faisalabad 2.3773* 0.0872 27.2781 0.0551 4.44 

13 Rajanpur 0.6058* 0.0325 18.6251 0.0492 3.96 
14 Jhang 1.2547* 0.0632 19.8667 0.0451 3.64 

15 D.G.khan 0.7673* 0.0506 15.1716 0.0445 3.59 

16 Kasur 3.3919* 0.2027 16.7297 0.0240 1.93 
17 Pakpattan 0.3348* 0.0359 9.3372 0.0178 1.44 

18 Mianwali -1.6390* 0.4562 -3.5931 -0.0057 0.46 

19 Bhakkar 0.8718*** 0.4238 2.0574 0.0035 0.28 
20 Sargodha -0.0106 0.3250 -0.0325 -0.0001 0.01 

Constant 
95628.32**

* 
44264.58 2.1604   

Herfindahl-Hirschman Index 726 

*, **, and *** indicate that the coefficients significantly differ from zero at the 1%, 5%, and 10% 

significance levels, respectively. 

Estimated values of the district-level non-standardized and standardized coefficients, along with 

their statistical significance and shares as a percentage of the absolute sum of standardized 

coefficients from 2002 to 2021, are reported in Table 5. All the districts have positively and 

significantly impacted aggregate cotton production in Punjab. Standardized regression coefficient 

shares indicate that District Bahawalpur has the highest contribution (9.75 percent), followed by 

R. Y. Khan (9.64 percent), Vehari (9.38 percent), Lodhran (9.20 percent), Khanewal (8.12 

percent), Muzaffargarh (8.08 percent) and D. G. Khan (7.14 percent). There exists not much 
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difference among the shares of districts Layyah, Pakpattan, Jhang, Bhakkar, and Okara, as these 

district’s shares range from 2.00 percent to 2.91 percent.  During this time period, the lowest 

production share has been contributed by Mianwali. The Herfindahl-Hirschman Index (HHI), 

calculated using shares of the absolute sum of standardized regression coefficients, has a 690 value 

below the 1500 threshold that the U. S. Department of Justice and the Federal Trade Commission 

would consider a low concentration level.  

Table 5: District-wise non-standardized regression coefficients, standardized regression 

coefficients, and shares as a percentage of total absolute standardized coefficients for the time 

window (2002-2021) 
Rank District Coefficient Standard Error T-Statistic Standardized Coefficient Share (%) 

1 Bahawalpur 1.4876* 0.0382 38.9485 0.1329 9.75 

2 R. Y. Khan 0.8321* 0.0342 24.3434 0.1313 9.64 

3 Vehari 0.8488* 0.0127 66.9246 0.1279 9.38 

4 Lodhran 1.1458* 0.0316 36.2243 0.1254 9.20 

5 Khanewal 0.9686* 0.0493 19.6621 0.1107 8.12 

6 Muzaffargarh 1.1005* 0.0442 24.9157 0.1102 8.08 
7 D.G.khan 1.5547* 0.0346 44.8823 0.0973 7.14 

8 Bahawalnagar 0.7947* 0.0284 27.9419 0.0841 6.17 

9 Rajanpur 0.8690* 0.0267 32.4958 0.0826 6.06 
10 Faisalabad 1.9962* 0.2620 7.6197 0.0474 3.48 

11 Sahiwal 0.9168* 0.1015 9.0285 0.0471 3.46 
12 Multan 0.4530* 0.1038 4.3635 0.0434 3.18 

13 Layyah 2.0453* 0.0719 28.4377 0.0396 2.91 

14 Pakpattan 0.9751* 0.0635 15.3561 0.0395 2.90 
15 Jhang 1.1324* 0.1752 6.4622 0.0367 2.69 

16 Bhakkar 1.4416* 0.0696 20.7097 0.0342 2.51 

17 Okara 1.1330* 0.1361 8.3247 0.0273 2.00 
18 Sargodha 4.1175* 0.5360 7.6822 0.0181 1.33 

19 Kasur 2.5940* 0.5207 4.9814 0.0173 1.27 

20 Mianwali 0.3138** 0.1070 2.9327 0.0099 0.73 
Constant -140485.7 99579.66 -1.4108   

Herfindahl-Hirschman Index 690 

*, **, and *** indicate that the coefficients are significantly different from zero at the 1%, 5%, 

and 10% levels of significance, respectively. 

District-wise changes in rankings, changes in standardized shares, and changes in the value of HHI 

during two time periods, (1982-2001) and (2002-2021), are reported in Table 6. Our findings show 

that the concentration level decreased in the period (2002-2021), as indicated by the 36-point 

decrease in HHI value. Between 1982 and 2001, the top four districts (Vehari, Bahawalpur, 

Khanewal, and Muzaffargarh) collectively held a 40.61 percent share, with Vehari holding 13.07 

percent, Bahawalpur holding 9.85 percent, Khanewal holding 9.22 percent and Muzaffargarh 

holding 8.47 percent. Between 2002 and 2021, only a 35.33 percent share was contributed by these 

four districts, with a 9.38 percent share contributed by Vehari, a 9.75 percent share contributed by 

Bahawalpur, an 8.12 percent share contributed by Khanewal, and an 8.08 percent share contributed 

by Muzaffargarh.  The Districts that indicated the greatest increase in ranking between the two-

time windows are D. G. Khan (8 places), Rajanpur (+4 places), and R. Y. Khan, Pakpattan, and 

Bhakkar (+3 places each). The Districts that lose their rankings between two time periods are 

Okara (-6 places), Multan (-4 places), and Layyah and Kasur (-3 places each). The Districts that 

made major improvements in standardized coefficient shares are D. G. Khan (+3.55 percent), 

Lodhran (+2.49 percent), and Bhakkar (+2.23 percent). The largest reduction in the standardized 

coefficient share occurred in district Vehari (-3.69 percent).  
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Table 6: District-wise change in shares and rankings during two time periods 

District 
Rank Share (%) 

1982-2001 2002-2021 Change 1982-2001 2002-2021 Change 

Vehari 1 3 -2 13.07 9.38 -3.69 

Bahawalpur 2 1 +1 9.85 9.75 -0.10 

Khanewal 3 5 -2 9.22 8.12 -1.10 

Muzaffargarh 4 6 -2 8.47 8.08 -0.39 

R. Y. Khan 5 2 +3 7.66 9.64 +1.98 

Lodhran 6 4 +2 6.71 9.20 +2.49 

Bahawalnagar 7 8 -1 6.29 6.17 -0.12 

Multan 8 12 -4 4.87 3.18 -1.69 

Sahiwal 9 11 -2 4.84 3.46 -1.38 

Layyah 10 13 -3 4.64 2.91 -1.73 

Okara 11 17 -6 4.63 2.00 -2.63 

Faisalabad 12 10 +2 4.44 3.48 -0.96 

Rajanpur 13 9 +4 3.96 6.06 +2.10 

Jhang 14 15 -1 3.64 2.69 -0.95 

D. G. Khan 15 7 +8 3.59 7.14 +3.55 

Kasur 16 19 -3 1.93 1.27 -0.66 

Pakpattan 17 14 +3 1.44 2.90 +1.46 

Mianwali 18 20 -2 0.46 0.73 +0.27 

Bhakkar 19 16 +3 0.28 2.51 +2.23 

Sargodha 20 18 +2 0.01 1.33 +1.32 

HHI 726 690 -36    

The stability of the estimated parameters is checked for both the time periods by plotting the 

cumulative sum of residuals (CUSUM) and cumulative sum of square residuals (CUSUMSQ). 

Plots of CUSUM and CUSUMSQ for the time window 1982-2001 are shown in Figure 1 and 

Figure 2 respectively. Figure 1 and Figure 2, show that the plots of CUSUM and CUSUMSQ lie 

within the straight lines at 5% significance level, implying that the parameters of the first 

component model are structurally stable. 
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Figure 1: Cumulative Sum of Residuals of the component model during 1982-2001 
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Figure 2: Cumulative Sum of Square Residuals of the component model during 1982-2001 

Plots of CUSUM and CUSUMSQ for the time window 2002-2021 are shown in Figure 3 and 4 

respectively. Figure 3 and 4 show that the plots of CUSUM and CUSUMSQ lie within the straight 

lines at 5% significance level, indicating that the parameters of the second component model are 

also structurally stable. 
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Figure 3: Cumulative Sum of Residuals of the component model during 2002-2021 
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Figure 4: Cumulative Sum of Square Residuals of the component model during 2002-2021 

5 Summary and Conclusion 

The paramount objective of this study is to analyze the district-level geographic importance of 
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aggregate cotton production in Punjab using the correlated component regression technique. This 

methodology is well-suited for multicollinear and sparse datasets like those examined in the 

present study. The whole dataset (1982-2021) is divided into two periods: the first window 

includes crop years from 1982 to 2001, and the second window covers crop years from 2002 to 

2021. In both time periods, the data has been analyzed through correlated component regression 

using aggregate cotton production in Punjab as a dependent variable and district-wise cotton 

production as independent variables.  The percent shares of the absolute values of the standardized 

regression coefficients have examined each district's rank and relative importance. In each time 

period, the geographic concentration was measured using the Herfindahl-Hirschman Index. This 

index was calculated for both time periods using the percentage shares of the absolute values of 

the standardized regression coefficients, and the results are compared across the two periods. The 

stability of the estimated parameters is checked for both time periods by plotting the cumulative 

sum (CUSUM) and the cumulative sum of squares (CUSUMSQ) residuals.  

Our findings show that the concentration level decreased, as indicated by a 36-point decrease in 

the value of HHI. A smaller HHI value in the time window 2002-2021 indicates that the shares are 

less concentrated geographically, implying greater geographic variation (across districts).   During 

the time window 1982 to 2001, the top four districts (Vehari, Bahawalpur, Khanewal, and 

Muzaffargarh) collectively held a 40.61 percent share, with Vehari holding 13.07 percent, 

Bahawalpur holding 9.85 percent, Khanewal holding 9.22 percent and Muzaffargarh holding 8.47 

percent. During the time window from 2002 to 2021, only a 35.33 percent share was contributed 

by these four districts, with a 9.38 percent share contributed by Vehari, a 9.75 percent share was 

contributed by Bahawalpur, an 8.12 percent share was contributed by Khanewal and an 8.08 

percent share was contributed by Muzaffargarh.  

The Districts that indicated the greatest increase in ranking between the two-time windows are D. 

G. Khan (+8 places), Rajanpur (+4 places), and R. Y. Khan, Pakpattan, and Bhakkar (+3 places 

each). The Districts that lose their rankings between two time periods are Okara (-6 places), Multan 

(-4 places), and Layyah and Kasur (-3 places each). The Districts that made major improvements 

in standardized coefficient shares are D. G. Khan (+3.55 percent), Lodhran (+2.49 percent), and 

Bhakkar (+2.23 percent). The largest reduction in the standardized coefficient share occurred in 

district Vehari (-3.69 percent).  The CUSUM and CUSUMSQ plots for both time periods indicate 

structural stability in the estimated parameters of both correlated component models. From the 

aforementioned results, the following conclusion can be drawn: 

• First, it is very important to note that the rankings determined by the correlated component 

regressions do not match with the average relative production shares of each district. This 

difference between the rankings determined by the CCR and the average relative production 

shares may differ because the CCR regression captures the direct (prime variable) as well as 

indirect (suppressor variable) effects of each district’s production. 

• Second, the estimated results of the correlated component regression for 2002-2021 show a 

decline in concentration, marked by a 36-point decrease in the HHI value. This indicates 

technological advancements and policy factors have contributed to greater geographic 

variation in the relative importance of each district during 2002-2021 compared to 1982-2001.  
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