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Abstract 
 

Despite recognition of the potentially significant cumulative effects of input use on annual crop 
output—such as the effect of applying inorganic fertilizer in one year on crop output in the 
subsequent year—real-world evidence from smallholder farmers’ fields in lower-income countries 
remains scarce. We narrow this knowledge gap using unique district-level and farm-household-
level annual panel datasets in India. We start with flexible translog production functions, which 
are well-suited for identifying cumulative effects in farmers’ actual production environments. We 
then apply shrinkage methods (LASSO and GMM-LASSO) to approximate the production 
function with reduced parameter dimensions, addressing various challenges such as 
multicollinearity among multiple inputs, including the same inputs from the current and previous 
years, and potential endogeneity in inputs. Our results indicate that, throughout the shrinkage 
process, potassium remains a key predictor of outputs, while other inputs (land, labor, capital, 
irrigation, and other fertilizer nutrients) drop out. More important, the cumulative quantity of 
potassium from both the previous and current years is a consistently more critical determinant of 
production than the quantity of potassium from the current year alone, demonstrating the 
potassium’s significant cumulative effects. These patterns hold at both the district and farm levels 
across diverse agroecologies and cropping systems. Furthermore, the dynamic panel data analyses 
suggest that farmers’ use of potassium in the current year is significantly negatively affected by its 
use in the previous year, potentially stabilizing outputs across years. Our results support earlier 
agronomic findings suggesting that the cumulative effects of potassium may be relevant across 
wider geographic regions than previously thought. 

 

Keywords: Multiyear translog production function; machine learning; LASSO and GMM-
LASSO; potassium; district-level panel data; farm household–level panel data; India   
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1 Background 

The cumulative effects of agricultural inputs on production, with implications for the 
demand dynamics, have long been recognized in the agricultural economics literature-(e.g., 
Moser & Barrett-2006). For example, farming experiences acquired from previous years can 
affect labor productivity in the current year-(e.g., Berger-2001). Other inputs can also exhibit 
cumulative effects through their effects on land quality, including the use of agricultural 
equipment that can either improve soil aeration or cause land compaction, or irrigation that 
affects hydrological conditions. The changes in land quality can, in turn, alter land productivity 
in subsequent seasons. Inorganic fertilizer is another potentially important input that can have 
cumulative effects on production, not only in the current year but also in subsequent years, 
through the buildup of soil nutrients and lagged effects-(e.g., Meena et al., 2019; Wang et al., 
2024).  

The cumulative effects of fertilizer on agricultural production can be substantial. 
Nonetheless, knowledge gaps regarding their significance remain, especially in smallholder 
production systems in low- and middle-income countries. While the potential cumulative effects 
of specific fertilizer nutrients have been suggested anecdotally or through more focused 
agronomic studies-(e.g., Askegaard-et-al.-2004; Johnson-1986; Kihara-et-al.-2016; Meena et al., 
2019; Wang et al., 2024), they have less commonly been examined at representative field levels 
that reflect smallholder farmers’ actual production conditions in low- and middle-income 
countries. Addressing this knowledge gap is important because the significance of cumulative 
effects at the field level influences farmers’ demand for fertilizer in a given year and determines 
the effectiveness of policies such as fertilizer subsidies,-which are often the primary policy 
instruments to increase yields and output.  

While flexible production function forms, including translog production functions, have 
been increasingly used in agronomic studies (e.g., Nayak et al., 2022b’ Quilty et al., 2014; Qiao 
et al., 2021), addressing the knowledge gap within the production function framework has been 
challenging for various reasons. Reasonably long panel data on agricultural production, which 
are required for such analyses, are generally scarce. Estimation is complicated by significant 
multicollinearity among specific fertilizer nutrients (e.g., N, P, and K), as well as among fertilizer 
nutrients and other inputs. In addition, there is similar multicollinearity between input use in the 
current year and previous years, as well as potential endogeneity of input variables.   

We narrow this knowledge gap using annual panel data of agricultural production at both 
the district level—the District-Level Database for Indian Agriculture and Allied Sectors (DLD 
data hereafter)-(ICRISAT-&-TCI-2024)—and the household level—the Village Dynamics in 
South Asia-(VDSA) project of the International Crops Research Institute for the Semi-Arid 
Tropics-(ICRISAT -2024)-(VDSA data hereafter) from India. These datasets enable us to obtain 
unique evidence of the lagged and cumulative effects of fertilizer. In doing so, we apply the 
Least Absolute Shrinkage and Selection Operator-(LASSO) method, often considered a machine 
learning approach, to address multicollinearity among input variables and robustly compare the 
current-year and lagged effects of nitrogen (N), phosphorus (P), and potassium (K). Furthermore, 
we apply the Generalized Method of Moments-(GMM)-LASSO method by Caner-(2009) and 
Shi-(2016) to further address endogeneity in farm household–level data-(VDSA data).  
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Our results suggest that the aggregate quantity of K from both the current and previous 
years is a consistently more important determinant of production than the quantity of K from the 
current year alone. In addition, using Arellano and Bond’s-(1991) dynamic panel linear 
probability model (LPM) and Wooldridge’s (2005) panel Tobit model, we find that K use is more 
strongly affected by its dynamic relations with the previous year’s use, while its response to price 
changes is weak and slow. 

Although our results highlight the cumulative effects of K, our analytical approach also 
considers the whole set of inputs, such as land, labor, capital, and other expenses. Therefore, we 
arrive at our results not because we focus specifically on fertilizer, but because fertilizer-
(especially K in the case of India) proves to be the input for which cumulative effects matter-
(unlike those for other inputs). In other words, our results show that cumulative effects are 
significant only for K, and similar cumulative effects are somewhat limited for other inputs and 
other fertilizer nutrients, such as N. Analyzing the cumulative effects within the production 
framework, rather than the reduced form fertilizer response framework, also prevents us from 
erroneously concluding that the cumulative effects of K are significant, when in fact, the true 
effects are occurring through other inputs that may be highly correlated with K. 

India is a suitable case to investigate our research questions. Inorganic fertilizer and its 
primary nutrients-(N, P, and K) have become increasingly critical inputs in agricultural 
production in India. In 2022, India accounted for approximately 20 percent of global N and P use 
and 5 percent of K use in agriculture-(FAO-2024).1 Furthermore, India decontrolled prices of P 
and K fertilizers in 2011, potentially causing significant spatiotemporal variations in the quantity 
of fertilizer use. Combined with the LASSO approach, these variations can be exploited to 
identify their effects on production.   

Our study contributes to various strands of the literature. We add to the literature on the 
production function in contexts where more medium-term inputs potentially have significant 
effects on production, such as in the cultivation of perennial crops-(e.g., Chand-1994), the roles 
of infrastructure and research and development (R&D)-(Fan & Pardey-1997), natural resource 
stock-(e.g., Fuglie-et-al. -2021), or the roles of education on human capital outcomes-(e.g., 
Bernal-2008). We do this by offering an empirical approach to test the effects of accumulated 
inputs versus non-accumulated inputs. We also contribute to studies highlighting the 
accumulated or lagged effects of certain fertilizer nutrients-(e.g., Johnson-1986; Askegaard-et-al.-
2004; Kihara-et-al.-2016) by providing formal evidence at field levels. In addition, we contribute 
to studies assessing fertilizer responses in South Asia-(e.g., Kishore-et-al.-2021; Rashid-et-al.-
2013; Takeshima-et-al.-2017) by providing farm household–level evidence from India. Last, 
methodologically, our study adds to the growing literature on model selections-(Tibshirani-1996;) 
and their applications to agronomical contexts-(e.g., Ahrens-et-al.-2020; Arshad et al. 2023;  
Goncharov et al. 2023; Mondal et-al.-2021; Mourtzinis et al. 2018; Nayak-et-al.-2022a) by 
applying the LASSO approach to robustly compare the predictive power of the cumulative inputs 
with single same-year inputs alone.  

 
1 In 2022, fertilizer use per area in India also reached 120 kg/ha of N, 47 kg/ha of P (approximately double the 
global- average), and 10 kg/ha of K (approaching half of the global average).  
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The remainder of this paper is structured as follows. Section 2 describes the data, Section 
3 discusses the empirical approaches, and Section 4 summarizes descriptive statistics. Section 5 
presents the results, and Section 6 concludes.  

2 Data 

Our primary datasets consist of district-level panel data-(DLD data) and household-level 
panel data-(VDSA data) from India.  

Compiled collaboratively by the Tata-Cornel Institute for Agriculture and Nutrition-(TCI) 
and the ICRISAT, the DLD data contain information on annual agricultural production and use of 
major inputs, including area cultivated, agricultural workers, agricultural credit used for the 
purchased services and inputs-(e.g., machines, agrochemicals), the share of land irrigated, and 
fertilizer use-(including N, P, and K) aggregated at district levels between 2002 and 2016. The 
DLD data capture the production quantity and price data of major grains, legumes, root crops 
(potato), oil crops, sugarcane, cotton, fruits, and vegetables, which collectively account for more 
than 90 percent of total crop production value-(FAO-2024). Through this data, we compute total 
production values for each district and use them as our dependent variables in the production 
function models discussed in the next section.2 We start with 496 districts for which all 
production and inputs are available, representing approximately 85 percent of all districts in 
India. All observations are reported annually, except for the data on district-level agricultural 
workers, which is reported only for 2001 and 2011. Because the agricultural worker population 
tends to follow a more stable trend compared to other production factors, we interpolated annual 
data from 2002 and 2010 using the annualized growth rate calculated from 2001 and 2011, then 
extrapolated through 2016. We also treat approximately 5 percent of year-district observations as 
missing due to the absence of information on some inputs. After dropping observations with 
missing information, we focus on unbalanced panel samples of 7,054 observations from 496 
districts from 2002 through 2016. 

VDSA data are farm household-level data compiled by ICRISAT. The sampling frame of 
VDSA data consists of 18 purposively selected villages in 5 southern and western Indian states 
(Andhra Pradesh, Gujarat, Karnataka, Madhya Pradesh, and Maharashtra). Based on the census 
of households in each of these villages, households were classified into four groups according to 
farm size and land ownership. A predetermined number of households were then randomly 
selected and interviewed annually between 2010 and 2014. The survey details are described on 
the VDSA project website.3 After dropping observations with missing information, we focus on 
the 3,041 panel observations in the VDSA data. 

In addition to DLD and VDSA data, we obtained historical rainfall and drought data from 
the Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS)-(Funk et al. 2015) 
and the Standardized Precipitation Evapotranspiration Index (SPEI)-(Vicente-Serrano et al. 
2010), respectively; nighttime luminosity data from NOAA-(2022); and soil property data from 
the Food and Agriculture Organization of the United Nations (FAO et al.-2012). For each survey 
year, we extracted these data for each DLD as average values within DLD boundaries and for 

 
2 For certain commodities without price data in DLD (such as potatoes, fruits, and vegetables), we calculate prices 
by dividing the production values by the quantities reported in FAO-(2024) and impute production values for these 
commodities applying the calculated price to the DLD-reported production quantities.  
3 http://vdsa.icrisat.ac.in/vdsa-microdoc.aspx 
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each village location in the VDSA data (soil data are time-invariant and extracted as constant 
across years).   

3 Empirical model 

3.1 Flexible translog production function 

For both DLD data and VDSA data, we start with the following translog production 
function:  

ln𝑌𝑌ℎ𝑡𝑡 = 𝛼𝛼 + �𝛽𝛽𝑋𝑋
𝑋𝑋

ln𝑋𝑋ℎ𝑡𝑡 +
1
2
��𝛽𝛽𝑋𝑋𝑋𝑋

𝑋𝑋∗
ln𝑋𝑋ℎ𝑡𝑡 ln𝑋𝑋ℎ𝑡𝑡∗

𝑋𝑋

+ 𝛽𝛽𝑆𝑆𝑆𝑆ℎ𝑡𝑡 + 𝑓𝑓ℎ + 𝜀𝜀ℎ𝑡𝑡 

(ℎ = district 𝑗𝑗 for DLD data, farm household i for VDSA data) 

(1) 

in which 𝑌𝑌ℎ𝑡𝑡 is the total value of crop production in year 𝑡𝑡. 𝑋𝑋ℎ𝑡𝑡 is a vector of input use, including 
land, labor, capital,4 and irrigation. 𝑋𝑋ℎ𝑡𝑡 also includes the quantity of each of three fertilizer 
nutrients, N (𝑁𝑁ℎ𝑡𝑡), P (𝑃𝑃ℎ𝑡𝑡), and K (𝐾𝐾ℎ𝑡𝑡). 𝑋𝑋ℎ𝑡𝑡∗  is an alias for 𝑋𝑋ℎ𝑡𝑡. Notation 𝑆𝑆ℎ𝑡𝑡 is a vector of other 
exogenous time-variant variables, 𝑓𝑓ℎ is time-invariant fixed effects for panel ℎ, 𝛼𝛼 and 𝛽𝛽 are 
estimated parameters, and 𝜀𝜀ℎ𝑡𝑡 is an idiosyncratic error term.  

 For DLD data, the control variables 𝑆𝑆𝑗𝑗𝑗𝑗 include the district-average nighttime light index 
(a proxy for the level of overall economic development), as well as weather shocks proxied by 
absolute z scores of annual total rainfall and annual average drought index (SPEI) relative to 
their historical means and standard variations during the pre-sample period (1980–2000). 𝑆𝑆𝑗𝑗𝑗𝑗 also 
includes the year dummy and its interactive terms with state dummy variables to account for any 
year-specific statewide shocks on production. For VDSA data, 𝑆𝑆𝑖𝑖𝑖𝑖 includes the year dummy and 
its interaction with the village dummy variable to account for any year-specific village-level 
shocks. 

 Equation (1) is a standard translog production function without including lagged effects 
of inputs. In our empirical analyses, we consider expanding (1) by adding lagged input values, so 
that  

 
4 In our analyses with DLD data, capital is proxied by the total value of agricultural credit taken out in the district 
each year. In India, direct institutional credit from cooperatives, scheduled commercial banks, and regional rural 
banks reach the individual farmers directly, while indirect loans are issued by cooperatives, scheduled commercial 
banks, regional rural banks, rural electrification corporations, etc., to institutions and organizations that indirectly 
serve farmers’ interests (Haque & Goyal-2021). A significant majority of these credits are used to purchase inputs 
such as machines and payment for these services. By specifying key input variables in production function as (1), 
we assume that most agricultural inputs other than fertilizer, land and irrigation costs are financed through 
agricultural credit.   

For VDSA data, we measure capital through two separate variables: (1) horsepower of the equipment 
multiplied by the duration (hours) they are used, which proxies the level of productive agricultural assets, and (2) 
spending on all purchased inputs (including hired labor), except fertilizer.   
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(ℎ = district 𝑗𝑗 for DLD data, farm household i for VDSA data) 

(2) 

in which notation 𝑋𝑋ℎ𝑡𝑡𝑡𝑡 is an average of 𝑋𝑋ℎ𝑡𝑡 in 𝑡𝑡 and 𝑡𝑡 − 1, that is:  

𝑋𝑋ℎ𝑡𝑡𝑡𝑡 =
𝑋𝑋ℎ𝑡𝑡 + 𝑋𝑋ℎ,𝑡𝑡−1

2
, (3) 

with c denoting “cumulative.” 

We define that a certain input has cumulative effects on output if both 𝛽𝛽𝑋𝑋1 and 𝛽𝛽𝑋𝑋0 are 
statistically significant, or if 𝛽𝛽𝑋𝑋𝑋𝑋 is statistically significant. The functional form (2) is 
deliberately expanded so that it serves as an initial model specification for the LASSO process to 
narrow down the most influential variables among 𝑋𝑋ℎ𝑡𝑡, 𝑋𝑋ℎ,𝑡𝑡−1, and 𝑋𝑋ℎ𝑡𝑡𝑡𝑡. Conceptually, 𝑋𝑋ℎ𝑡𝑡𝑡𝑡 and 
its interaction terms, 𝑋𝑋ℎ𝑡𝑡𝑋𝑋ℎ𝑡𝑡𝑡𝑡 and 𝑋𝑋ℎ,𝑡𝑡−1𝑋𝑋ℎ𝑡𝑡𝑡𝑡, are redundant since they are subsumed in 𝑋𝑋ℎ𝑡𝑡, 
𝑋𝑋ℎ,𝑡𝑡−1, and 𝑋𝑋ℎ𝑡𝑡𝑋𝑋ℎ,𝑡𝑡−1. Nonetheless, 𝑋𝑋ℎ𝑡𝑡𝑡𝑡 is included for empirical practicality, primarily to 
correctly detect cumulative effects when 𝑋𝑋ℎ𝑡𝑡 and 𝑋𝑋ℎ,𝑡𝑡−1 are highly correlated. If a certain input 
exhibits a cumulative effect, both 𝑋𝑋ℎ𝑡𝑡 and 𝑋𝑋ℎ,𝑡𝑡−1 (as well as their interaction terms with other 
common inputs) have significant coefficients in true production function. However, if there is 
significant multicollinearity between 𝑋𝑋ℎ𝑡𝑡 and 𝑋𝑋ℎ,𝑡𝑡−1, the LASSO process may select only one of 
𝑋𝑋ℎ𝑡𝑡 or 𝑋𝑋ℎ,𝑡𝑡−1, forcing us to incorrectly conclude that cumulative effects are absent. If 𝑋𝑋ℎ𝑡𝑡𝑡𝑡 is also 
included in the model and approximates well the cumulative use of the input in 𝑡𝑡 and 𝑡𝑡 − 1, the 
LASSO process may select 𝑋𝑋ℎ𝑡𝑡𝑡𝑡 (while dropping 𝑋𝑋ℎ𝑡𝑡 and 𝑋𝑋ℎ,𝑡𝑡−1), detecting the evidence of 
cumulative effects.5   

3.2 LASSO applied for the estimation of production function 

A major challenge in the estimation of full translog production function (2) is the severe 
multicollinearity among input variables 𝑋𝑋ℎ𝑡𝑡 as well as 𝑋𝑋ℎ,𝑡𝑡−1 and 𝑋𝑋ℎ𝑡𝑡𝑡𝑡. Such multicollinearity 
can arise when many inputs are significant complements or substitutes, and/or when the quantity 
of inputs used shows little variation between 𝑡𝑡 and 𝑡𝑡 − 1. 

5 It is still possible that the true model has both terms 𝛽𝛽𝑋𝑋 ln𝑋𝑋ℎ𝑡𝑡 and 𝛽𝛽𝑋𝑋𝑋𝑋 ln𝑋𝑋ℎ𝑡𝑡𝑡𝑡 as significant for the same inputs. In 
such a case, the aggregated effect of ln𝑋𝑋ℎ𝑡𝑡 on output ln𝑌𝑌ℎ𝑡𝑡 is 𝛽𝛽𝑋𝑋 + 𝛽𝛽𝑋𝑋𝑋𝑋

2
, while it is 𝛽𝛽𝑋𝑋𝑋𝑋

2
 for ln𝑋𝑋ℎ,𝑡𝑡−1. 
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LASSO approaches are particularly effective in selecting the most influential variables 
𝑋𝑋ℎ𝑡𝑡 among many highly collinear variables.  

3.2.1 LASSO applied when all variables are exogenous (DLD data) 

In the agricultural production economics literature, input variables aggregated at 
administrative levels, such as districts, are more likely to be exogenous-(e.g., Gong-2018; Meng-
et-al.-2024) because endogenous responses at more disaggregated levels (such as farm 
household) tend to be averaged out at aggregate levels. In the estimation of (2) using DLD data, 
we therefore apply standard LASSO approaches, which are widely available for models 
consisting of exogenous variables only.   

 LASSO approaches, originally developed by Tibshirani-(1996), essentially penalize the 
number of explanatory variables over the overall fit of the model and identify parsimonious 
model specifications by dropping many variables that are deemed only marginally influential or 
not influential (either unconditionally, or conditionally in the presence of other highly collinear 
variables). Among various LASSO estimators, we primarily apply theory-driven (“rigorous”) 
LASSO approaches (RLASSO hereafter). The RLASSO has been found to be generally reliable 
among different classes of LASSO estimators, particularly in facilitating causal inferences when 
there are many control variables and in avoiding false positives (falsely identifying variables as 
influential when they are not)-(e.g., Ahrens-et-al.-2020). Appendix A provides additional details 
of the concepts underlying the overall LASSO approaches, as well as the RLASSO approach. 

The basic setup of the LASSO estimator applied to Equation (2) for the DLD data is 

𝛽𝛽𝑋𝑋�(𝜆𝜆) = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎
1
𝑛𝑛
�𝜀𝜀𝑗𝑗𝑗𝑗2
𝑛𝑛

𝑗𝑗=1

+
𝜆𝜆
𝑛𝑛
�𝜓𝜓𝑋𝑋|𝛽𝛽𝑋𝑋|
𝑝𝑝

𝑋𝑋

 

𝜓𝜓𝑋𝑋 = �1
𝑛𝑛
∑ (ln𝑋𝑋)2ℎ  for each of 𝑋𝑋𝑗𝑗𝑗𝑗, 𝑋𝑋𝑗𝑗,𝑡𝑡−1 and 𝑋𝑋𝑗𝑗𝑗𝑗𝑗𝑗 

(4) 

in which 𝜆𝜆 is a penalization (also called “turning”) parameter that determines how much the 
number of estimated parameters is penalized in selecting the model. A larger (smaller) value for 
𝜆𝜆 implies more (less) penalization of the number of parameters, and therefore leads to selecting 
fewer (more) parameters in the model. Notation 𝑝𝑝 is the number of input parameters selected 
among 𝑋𝑋𝑗𝑗𝑗𝑗, 𝑋𝑋𝑗𝑗,𝑡𝑡−1, and 𝑋𝑋𝑗𝑗𝑗𝑗𝑗𝑗. Notation 𝑛𝑛 represents the number of observations. Notation 𝜓𝜓𝑋𝑋 is the 
“loading” parameter, which is set specific to each variable 𝑋𝑋(= 𝑋𝑋𝑗𝑗𝑗𝑗, 𝑋𝑋𝑗𝑗,𝑡𝑡−1 and 𝑋𝑋𝑗𝑗𝑗𝑗𝑗𝑗) so that 
parameter 𝛽𝛽s are independent of the unit of each 𝑋𝑋. Note that in our application of LASSO (4) to 
production function (2), we always keep 𝛽𝛽𝑆𝑆𝑆𝑆𝑗𝑗𝑗𝑗, intercept and household fixed effects (meaning 𝛽𝛽𝑆𝑆 
for all 𝑆𝑆𝑗𝑗𝑗𝑗, as well as intercept 𝛼𝛼, 𝑓𝑓𝑗𝑗) in the regression, and our LASSO approach focuses 
exclusively on identifying additional key weather shock parameters.     

3.2.2 GMM-LASSO 

Applying the LASSO approach to the estimation of (2) for VDSA data requires 
addressing the fact that, unlike DLD data, many 𝑋𝑋𝑖𝑖𝑖𝑖, 𝑋𝑋𝑖𝑖,𝑡𝑡−1, and 𝑋𝑋𝑖𝑖𝑖𝑖𝑖𝑖 variables are potentially 
endogenous. We therefore apply the GMM-LASSO framework proposed by Caner-(2009) and 
operationalized by Shi-(2016). (Appendix A describes the GMM-LASSO method in detail.) 
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Conceptually, GMM-LASSO works similarly to LASSO; it modifies the criterion function under 
the standard GMM (which is minimized to solve for parameters under the standard GMM) by 
adding the penalty terms on the number of included parameters so that the solution process also 
favors more parsimonious models with a fewer number of parameters in the GMM estimates. 
Specifically, as is described in Appendix A, GMM-LASSO applies the relevant version of two 
commonly used criteria: Akaike Information Criterion (AIC) and Bayesian Information Criterion 
(BIC). 

In GMM-LASSO, we use instrumental variables (IVs) that are considered to exogenously 
affect the unit costs of each input. Specifically, our IVs for GMM-LASSO applied to VDSA data 
(denoted as 𝑍𝑍𝑖𝑖𝑖𝑖 in Appendix A) include the size of farmland owned, household size, value of total 
agricultural equipment owned, wages (for adult male workers for land preparation), the village-
level shares of samples using irrigation, and the prices for urea, DAP, and MOP, respectively.       

 Both LASSO applied to DLD data, and GMM-LASSO applied to VDSA data, provide 
more parsimonious approximations of full translog function (2), depending on different 
penalization methods used. 

 One of the challenges in VDSA data is that—unlike in DLD data where quantities are 
aggregated at district levels—significant shares of inputs, particularly K, contain values censored 
at 0, which complicates their natural log transformations in (1). In our primary GMM-LASSO 
for VDSA, following a long tradition in the economic literature-(e.g., Jacoby-1993; Takeshima-
2017; Williams-1937), we add 1 to all 𝑋𝑋𝑖𝑖𝑖𝑖 so that censored observations are also included in the 
analyses. In the Results section, we show that our results are robust when adding different 
values, such as 0.001.      

3.3 Dynamics of fertilizer nutrient use at the farm household level (VDSA data) 

As we show in the Results section, analyses of Equation (2) using the LASSO approach 
suggest significant cumulative effects of K (𝐾𝐾ℎ𝑡𝑡). We then conduct supplementary analyses using 
VDSA data to show that the dependence on significant cumulative effects has crucial 
implications for the use of K—specifically, the dynamic mechanisms that determine its use, 
which extend beyond the static mechanism often assumed for fertilizer in the literature.  

3.3.1 Arellano and Bond (1991) dynamic panel LPM 

We first assess the dynamics of K use decision at the extensive margin (i.e., whether or 
not to use K in a particular year). Unlike intensive margins, dynamics at the extension margin 
can be modelled with a less-restrictive assumption and more commonly used methods. We model 
the decision at the extensive margin as an LPM framework and estimate it within the well-
established Arellano and Bond-(1991) dynamic panel LPM, as previously done in the literature-
(e.g., Hendricks-et-al.-2014; Kerr-et-al.-2014; López & Yadav-2010; Takeshima-et-al.-2023). 
Specifically, we estimate  

𝑄𝑄𝑖𝑖𝑖𝑖∗ = 𝛾𝛾 + 𝛾𝛾𝑄𝑄𝑄𝑄𝑖𝑖,𝑡𝑡−1∗ + 𝛾𝛾𝛱𝛱𝛱𝛱𝑖𝑖𝑖𝑖 + 𝛾𝛾𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖 + 𝛾𝛾𝑍𝑍𝑍𝑍𝑖𝑖𝑖𝑖 + ℎ𝑖𝑖∗ + 𝜐𝜐𝑖𝑖𝑖𝑖 

(for each of N and K) 

(5) 

in which 𝑄𝑄𝑖𝑖𝑖𝑖∗  is a binary variable taking the value of 1 if the farm household 𝑖𝑖 used fertilizer 
nutrient in year 𝑡𝑡 (for each of N and K), and 0 otherwise. 𝛱𝛱𝑖𝑖𝑖𝑖 is the price of each nutrient faced 
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by farmer 𝑖𝑖 in 𝑡𝑡. The parameter ℎ𝑖𝑖∗ is unobserved farm household fixed effects. As is well-known, 
the lagged dependent variable can be endogenous due to its correlation with the compound 
disturbance term ℎ𝑖𝑖∗ + 𝜐𝜐𝑖𝑖𝑖𝑖, a common challenge in a dynamic panel model-(Nickell-1981). The 
Arellano and Bond-(1991) estimator addresses this endogeneity by instrumenting the lagged 
dependent variable by 𝛱𝛱𝑖𝑖𝑖𝑖, 𝑆𝑆𝑖𝑖𝑖𝑖 and the transformation of lagged variables in earlier 𝑡𝑡 as additional 
IVs.    

3.3.2 Wooldridge’s (2005) dynamic panel Tobit model 

We also assess the dynamics of fertilizer use accounting for the intensive margins by 
applying Wooldridge’s (2005) dynamic panel random-effects Tobit model, which requires 
generally stronger assumptions than the extensive margin (5) but still offers useful insights. 
Specifically, we estimate   

𝑄𝑄𝑖𝑖𝑖𝑖 = 𝛾𝛾 + 𝛾𝛾𝑄𝑄𝑄𝑄𝑖𝑖,𝑡𝑡−1 + 𝛾𝛾𝑄𝑄0𝑄𝑄𝑖𝑖,0 + 𝛾𝛾𝛱𝛱𝛱𝛱𝑖𝑖𝑖𝑖 + 𝛾𝛾𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖 + 𝛾𝛾𝑍𝑍𝑍𝑍𝑖𝑖𝑖𝑖 + ℎ�𝑖𝑖 + 𝜐𝜐𝑖𝑖𝑖𝑖 (6) 

in which 𝑄𝑄𝑖𝑖𝑖𝑖 ≥ 0 is the quantity of fertilizer nutrients used (each of N and K), and 𝛱𝛱𝑖𝑖𝑖𝑖 is the 
corresponding planting-season price. Notation ℎ�𝑖𝑖 are time-invariant random effects, which, 
unlike time-invariant fixed effects, can be included in the Tobit regression (Wooldridge 2005). 
The term 𝑄𝑄𝑖𝑖,0 is the function based on the quantity of each type of fertilizer nutrient (N, K) used 
in the initial survey years. Notation 𝛾𝛾 represents estimated parameters, and 𝜐𝜐𝑖𝑖𝑖𝑖 represents 
idiosyncratic errors.  

A key assumption in Wooldridge’s (2005) dynamic panel Tobit model is that the inclusion 
of 𝑄𝑄𝑖𝑖,0 in the explanatory variable can provide a consistent estimate of the coefficient 𝛾𝛾𝑄𝑄, which 
is not required in (5). To strengthen the validity of this assumption in our analyses, we 
approximate 𝑄𝑄𝑖𝑖,0 by the average values of 𝑄𝑄𝑖𝑖𝑖𝑖 over the first 3 years (2010–2012), and we focus 
the analyses on the last 3 years (2012–2014). 𝑄𝑄𝑖𝑖,0 based on the average over the 3 initial years 
(2010–2012) is likely to be more stable and serves as a more reliable approximation of the initial 
condition than 𝑄𝑄𝑖𝑖,0 based solely on the single initial year (2010), which can be more susceptible 
to year-specific idiosyncratic shocks. Past studies often used multiple-years pre-sample means of 
the dependent variable to approximate initial conditions in a similar dynamic panel data 
framework-(e.g., Blazsek & Escribano-2016; Blundell-et-al.-1999, 2002; Máñez-et-al.-2020; 
Sanchis Llopis-et-al. -2024). Past studies also applied Wooldridge’s (2005) dynamic panel models 
to three rounds of panel data (e.g., Alem & Demeke-2020; Gebru-et-al.-2019).   

4 Descriptive statistics 

4.1 General production characteristics 

Table 1 and Table 2 summarize the descriptive statistics of production, input, and other 
relevant variables used in the analyses of DLD data and VDSA data, respectively. As Table 1 
shows, during the 2002–2016 period, the district typically produced 7.3 million rupees (current 
rupee) of outputs annually for all the major commodities (described in Section 2) combined and 
cultivated about 261,000 ha of land, about half of which were irrigated. About 6.6 million rupees 
of agricultural credit were taken out in total to purchase various services and inputs (mostly 
machines, mechanization services, and agrochemicals). District-level use of N, P, and K are on 
average about 27.6, 11.2, and 4.5 million tons each year, respectively. Significant variations 
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occur across districts, with standard deviations typically in the same order of magnitude as the 
mean (i.e., coefficient of variation around 1).    

 As Table 2 shows, typical farm households in VDSA data produced 84,000 and 34,000 
rupees’ worth of agricultural products annually, at the mean and median, respectively, during the 
2010–2014 period. Most households are smallholders who cultivated 1 to 2 hectares of land, 
using 300 to 400 person-hours of labor and purchasing inputs (other than fertilizer) worth 20,000 
to 40,000 rupees. About 30 percent of the sample households used irrigation. The use of 
machines in terms of horsepower hours is more heterogeneous, with 257 and 12 horsepower-
hours at the mean and median, respectively. In terms of exogenous characteristics, the household 
typically owned 1.25 hectares of land (suggesting that they leave some of the land fallow), had a 
household size of five, and owned agricultural equipment worth approximately 8,000 rupees at 
the median. Households faced wage and mechanization service fees of around 21 and 450 rupees 
per hour, respectively. Consistent with nationwide trends-(Kishore-et-al.-2021), the price of N had 
remained generally stable, at around 6 to 8 rupees per kilogram, while prices of P and K 
increased significantly, from around 11 to 25 rupees per kilogram and around 5 or 6 to 18 rupees 
per kilogram, respectively.   

4.2 Stationarity of DLD data variables 

For reasonably long panel data like DLD data (with a span of 16 years), unit root in 
output and input variables can lead to spurious regression for (1). In the panel data context, the 
presence of stationarity for at least some panel districts 𝑗𝑗 for all variables avoids such spurious 
regression. We test this using the Fisher panel data unit root test, which allows the unit-root 
coefficient to vary across panels (instead of imposing a common unit-root coefficient for all 
panels) and is suitable when the number of panels is finite-( Baltagi-2013; Choi-2001; Hlouskova 
& Wagner-2006), such as ours, which consists of a reasonably small number of panels (496 
districts).     

Table 3 presents the results. Following Choi-(2001), we use inverse normal Z statistics 
that offer the best trade-off between size and power, and we also control for the trend variable 𝑡𝑡. 
The p values indicate that, for each output and input variable, we reject the null hypothesis that 
all panels contain a unit root, suggesting that at least some panels are stationary.    

5 Results 

5.1 District-level evidence based on DLD data 

Table 4 presents the LASSO-selected input parameters for the full translog production 
function (2) and shows how the set of key parameters narrows as the penalty weight (λ) on the 
number of variables increases. Table 5 presents the estimated coefficients of RLASSO-selected 
input variables, estimated through the Post-Double-Selection LASSO method, which allows 
causal interpretations of LASSO-selected input variables, as well as simple LASSO-selected 
regressions for different λs. At the penalization parameter λ = 400, a total of seven variables are 
selected. At λ = 690.65 (the level of λ selected by RLASSO), only three key variables remain, 
𝑁𝑁𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗 𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗, and 𝐴𝐴𝑗𝑗𝑗𝑗𝑊𝑊𝑗𝑗𝑗𝑗𝑗𝑗, in which 𝑁𝑁, 𝐴𝐴, 𝐾𝐾, and 𝑊𝑊 are the quantity of N, land, K, and capital, 
respectively. Importantly, we are not as interested in comparing the LASSO-selection of 
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variables across different λ.6 Rather, we are interested in identifying which variables are 
consistently selected, particularly whether variables containing the lagged value of K(𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗) are 
selected more consistently than those containing only the non-lagged value of K (𝐾𝐾𝑗𝑗𝑗𝑗). Note that, 
as shown in Table 4, variables containing 𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗 (𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗, together with  
𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗 and 𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗𝑁𝑁𝑗𝑗𝑗𝑗) are always selected, regardless of the level of parsimony, while variables 
containing 𝐾𝐾𝑗𝑗𝑗𝑗 are not. Furthermore, at least one of these variables containing 𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗 remains 
consistently statistically significant, indicating its importance as a key predictor of production in 
the translog production function (2). Figure 1 illustrates how these variables (𝑁𝑁𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗, 𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗, and  
𝐴𝐴𝑗𝑗𝑗𝑗𝑊𝑊𝑗𝑗𝑗𝑗𝑗𝑗, bold lines) remain significant as the models become more parsimonious through the 
RLASSO methods and less significant input variables are eliminated (set to 0). These results 
suggest that 𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗, which includes a lagged quantity of K in 𝑡𝑡 − 1, is consistently a better 
determinant of production than 𝐾𝐾𝑗𝑗𝑗𝑗, which only includes K in 𝑡𝑡, within the flexible translog 
production function specification (2) for DLD data. Put differently, results are consistent with the 
argument that K has more cumulative effects in production that persist across years (at least 
beyond the current year). 

In Table 5, bottom row, the sample average returns-to-scale based on RLASSO-selected 
results computed using Kim (1992) illustrate that our RLASSO-approximated results are still 
reasonable. Results indicate that the sample average returns-to-scale is generally around 1 (i.e., 
constant returns-to-scale), suggesting that our RLASSO-selected result is a reasonable 
approximation of a standard production function.    

Figure 2 in Appendix B illustrates similar plots as Figure 1 for all inputs, contrasting 
results for variables consisting of 𝑋𝑋𝑗𝑗𝑗𝑗 and 𝑋𝑋𝑗𝑗𝑗𝑗𝑗𝑗, respectively. As discussed above, the plots for K 
(bottom row) confirm that variables consisting of 𝑋𝑋𝑖𝑖𝑖𝑖0 persistently remain in the model, while 
variables consisting of 𝑋𝑋𝑖𝑖𝑖𝑖 are excluded during the LASSO process. Interestingly, this pattern for 
K is in clear contrast to most other inputs, for which variables consisting of 𝑋𝑋𝑖𝑖𝑖𝑖 generally remain 
more persistently in the model compared to variables consisting of 𝑋𝑋𝑖𝑖𝑖𝑖0. This pattern also holds 
for other major fertilizer nutrients like N, which is consistent with the argument that, unlike K, N 
has less-cumulative effects on production.  

5.1.1 Robustness across heterogeneous production systems 

Importantly, results for Table 5 describe the average conditions across India, which 
remains our primary interest due to its representativeness. Nonetheless, given significant 
heterogeneity, patterns in some subregions or subsystems may differ significantly or even be 
opposite in nature from the nationwide evidence presented in Table 5. We therefore provide 
further evidence for subsamples split across major agroecological conditions and cropping 
systems within India and replicate the LASSO estimation procedure to each subsample.   

Soil types 

 Table C1 in Appendix C summarizes the results of subsample LASSO estimation, based 
on the subsamples split at the median values of key soil properties at the district level, namely 
soil organic contents, alkalinity (pH), and drainage levels. These factors have been found 

 
6 Nonetheless, the value of λ selected (690.65) by RLASSO suggests that the most parsimonious model in Table 4 
and Table 5 satisfies certain desired properties in the LASSO procedure (see Appendix A). 
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particularly important in determining the effectiveness of certain fertilizers, such as K, in India-
(e.g., Wakeel & Ishfaq 2022). Results indicate that patterns are generally similar to those 
presented in Table 5 across districts with different soil organic contents and drainage properties, 
as well as districts with above-median soil alkalinity. Variables containing 𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗 are more 
consistently selected than those containing only the non-lagged value of K (𝐾𝐾𝑗𝑗𝑗𝑗). While no 
variable containing 𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗 is selected by LASSO in districts with below-median soil alkalinity, 
neither are the variables containing 𝐾𝐾𝑗𝑗𝑗𝑗; in other words, evidence does not contradict Table 5, 
which shows that 𝐾𝐾𝑗𝑗𝑗𝑗 is not more influential than 𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗. 

Cropping systems 

 Table C2 summarizes a similar subsample LASSO estimation based on average cropping 
systems during the study period: (1) grain production districts (sample districts with higher area 
shares of grains, above the sample median) and other districts; (2) districts with higher-than-
medium area shares of pulses/legumes and other areas; and (3) districts with higher-than-medium 
area shares of fruits/vegetables combined and other areas. We again observe generally robust 
patterns consistent with our main findings in Table 5, namely that variables consisting of 
cumulative K inputs are often selected as the most influential. For example, 𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗 in districts 
with lower grain area shares and higher fruit/vegetable area shares, as well as in districts with 
both higher and lower pulse/legume area shares, are often selected. Similarly,𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗𝑁𝑁𝑗𝑗𝑗𝑗 in districts 
with higher grain area shares and lower fruit/vegetable area shares is also frequently selected, 
while variables consisting of current-year K inputs (𝐾𝐾𝑗𝑗𝑗𝑗) are not. These results suggest that the 
importance of K’s cumulative effects, as shown in Table 5, holds broadly across diverse cropping 
systems.  

5.2 Farm household–level evidence (VDSA data based on GMM-LASSO) 

Similarly, Table 6 summarizes the panel GMM regression results for the translog 
production function (2) using GMM-LASSO selected variables based on AIC and BIC. As 
expected, GMM-LASSO based on BIC selected fewer parameters than that based on AIC, which 
is consistent with the application of AIC and BIC in other general contexts. Similar to the case 
with DLD data (Table 4 and Table 5), it is noteworthy that more variables containing 𝐾𝐾𝑖𝑖𝑖𝑖𝑖𝑖 tend to 
remain as influential as variables consisting of 𝐾𝐾𝑖𝑖𝑖𝑖. Furthermore, diagnostic statistics indicate 
that, for the models shown in Table 6, IVs provide sufficient identification power (i.e., the null 
hypothesis of under-identification is rejected) but also do not cause overidentification, suggesting 
that results are unbiased and consistent from the GMM standpoint.  

As was described in 3.2.2, we also check the robustness of results when using ln (𝑋𝑋 +
0.001) instead of ln(𝑋𝑋 + 1), with 𝑋𝑋 being the corresponding input quantities including K (Table 
C3 in Appendix C). Results are largely consistent with those shown in Table 6.   

5.3 Dynamics of potassium fertilizer use 

The significant cumulative effects of certain fertilizer nutrients like K compared to other 
major nutrients like N, as shown in Table 5 and Table 6, can have major implications for the 
demand for these nutrients. Table 7 and Table 8 show indicative evidence based on Equations (5) 
and (6).  
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5.3.1 Arellano and Bond (1991) dynamic panel linear probability model 

Table 7 shows the results of Equations (5) based on the Arellano and Bond-(1991) 
dynamic panel LPM. For both N and K, we present the results of one-step GMM (which is less 
efficient but more robust) and two-step GMM (which is more efficient, assuming the estimated 
weighting matrix is correct). The rows for Arellano and Bond autocorrelation tests indicate the 
absence of autocorrelation with the third lag. We therefore use 𝑄𝑄𝑖𝑖,𝑡𝑡−3 and earlier lags as 
additional IVs. The bottom row indicates that using all lags of 𝑄𝑄𝑖𝑖𝑖𝑖 up to 𝑄𝑄𝑖𝑖,𝑡𝑡−3 satisfies the 
orthogonality conditions of all IVs. 

The results indicate that the likelihood of using K in 𝑡𝑡 is significantly negatively affected 
by 𝑡𝑡 − 1 under both one- and two-step GMM methods, consistent with the findings in Table 5 
and Table 6. It is the aggregate quantity of K in 𝑡𝑡 and 𝑡𝑡 − 1 that influences production, 
suggesting that, given the declining marginal returns and conditional on other exogenous shocks, 
quantities in 𝑡𝑡 and 𝑡𝑡 − 1 may substitute for each other. Importantly, these results do not hold for 
N, in which the use in 𝑡𝑡 − 1 does not significantly affect the likelihood of use in 𝑡𝑡. The 
contrasting results for N are again consistent with the findings in Table 5 and Table 6, where 
cumulative effects are generally absent for N, unlike for K.      

5.3.2 Wooldridge (2005) panel dynamic Tobit model 

Table 8 summarizes the results of Wooldridge’s (2005) panel dynamic Tobit equation (6), 
estimated separately for N and K. To highlight the implications for the demand response to price 
changes, particularly its lagged nature, we also estimate additional models using the average 
price over the last 4 years (between t and t – 3).  

 Similar to Table 7, results in Table 8 suggest differential patterns consistent with those in 
Table 5 and Table 6. Specifically, we find that the quantity of K used in current year (t) is 
statistically significantly negatively affected by the quantity used in the previous year (t – 1). 
This negative relationship indicates that K in the previous and current years are partly 
substitutes, consistent with the previously mentioned findings of significant cumulative effects 
for K. Furthermore, such dynamic relations are statistically insignificant for N, which again 
aligns with the earlier findings of the absence of cumulative effects for N.  

 Furthermore, partly due to the significantly strong dynamic effects, when its intensive 
margin is also considered, K use is generally inelastic with respect to its price, not only in the 
same year but also in averages including the previous few years. Again, these patterns differ for 
N, whose quantity used is more responsive to price in both the current year t and average prices 
from the previous few years. While Table 8 refers only to the VDSA samples and may not be 
readily generalizable to India as a whole, the weak or slow responses of K use to its price are 
consistent with the observations in Kishore et al.-(2021), based on the national trends of 
relatively stable K consumption following the price increase since 2011.   

6 Discussions 

 The results discussed in the previous section have important implications across various 
aspects.   
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6.1 Parsimonious characterization of complex underlying production function 

Many previous agronomic studies using the LASSO approach focused mainly on 
analyzing the yield determinants (Mourtzinis et al., 2018; Mondal et al., 2020; Nayak et al., 
2022b; Goncharov et al., 2023; Arshad et al., 2023). While focusing on yields allows for a 
potentially more delicate analysis of yield determinants, applying LASSO to the flexible translog 
production function, as we have done, provides unique but also complementary insights on 
previous studies using LASSO. This is particularly true in contexts where changes in land use 
from year to year can be significant due to factors including worker availability, which can vary 
across different years, among other considerations. Similarly, extending the LASSO beyond 
yields is important when there are complex interactive effects between different production 
factors (either complementary or substitutive). Our results underscore this point. The LASSO 
approach suggests that a relatively parsimonious specification (with a limited number of key 
inputs with high predicting power) may be identified, potentially due to substantial 
multicollinearity among production inputs, as farmers may use various inputs in relatively 
constant proportions.  

6.2 Cumulative effects of potassium in nonexperimental settings 

 Our results suggest that K plays significant roles, particularly through its cumulative 
effects, in agricultural production at the field level under farmers’ actual production practices. 
These findings complement rich evidence in experimental agronomic settings and shed light on 
the relative importance of different agricultural inputs and their potential cumulative effects in 
nonexperimental settings. These settings may more closely reflect the production environments 
in which average farmers operate, considering their specific agroecological conditions and 
resource endowments. Importantly, by aggregating across multiple crops, our analyses also offer 
a more representative picture of the agronomic characteristics in India and at the farm household 
level.  

Our findings have important implications not only at the single crop level but also for the overall 
agriculture sector and all crop production activities within the household. It is also important to 
note that the cumulative effects of K broadly hold across the different levels of input use. As 
shown, significant cumulative effects of K are identified within the translog production function 
framework, which explicitly accounts for the use of other production factors, as well as the 
complex interactive effects among these other production factors on output. This suggests that 
the identified cumulative effects of K are less likely to be due to the failure of the model to 
correctly separate their effects from the other inputs that happen to be highly correlated with K 
use, which can sometimes be difficult to differentiate in nonexperimental settings. Furthermore, 
the fact that the cumulative effects of K remain significant in the parsimonious representation of 
production function by LASSO suggests that these effects are substantial, with implications for 
overall production, even when compared to the other production inputs. 

6.3 Consistent importance of the cumulative effects of K across agroecology and 
cropping systems despite heterogeneity 

The results also suggest that the relative importance of K, as well as its cumulative effects 
in crop production, may hold relatively consistently across diverse agroecology (based on soil 
characteristics) and cropping systems within India. In other words, earlier agronomic results 
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indicating these cumulative effects of K may be relevant across a wider geographic range than 
previously thought.     

At the same time, the set of other inputs found among LASSO-selected K variables varies 
across these ecologies and cropping systems, suggesting that the marginal effects of K can still 
vary, depending on the use of other inputs. For example, the significantly positive coefficients for 
𝑲𝑲𝒋𝒋𝒋𝒋𝒋𝒋𝑨𝑨𝒋𝒋𝒋𝒋 in the most parsimonious models in Table 5 suggest that nationwide, the output elasticity 
with respect to cumulative K use is larger (and positive) if more land is used in production. 
However, within the specific VDSA samples studied (Table 6), the coefficients for 𝑲𝑲𝒊𝒊𝒊𝒊𝒊𝒊𝑨𝑨𝒊𝒊𝒊𝒊 are 
significantly negative, suggesting that the output elasticity with respect to cumulative K use is 
larger (and positive) if less land is used in production. These differences suggest that the joint 
effects of cumulative K use and land can vary significantly at the local levels.  

Similarly, in Table C2, the output elasticity of cumulative K use varies more in response 
to the size of the land used in areas with higher shares under fruits/vegetables and lower shares 
under grains, as 𝑲𝑲𝒋𝒋𝒋𝒋𝒋𝒋𝑨𝑨𝒋𝒋𝒋𝒋 is selected by LASSO as the key predictor of output. However, the same 
elasticity varies more in response to N quantity applied in areas with more grains and less 
fruits/vegetables, as 𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗𝑁𝑁𝑗𝑗𝑗𝑗 is selected by LASSO. These differences suggest that the joint 
effects of cumulative K and other inputs, such as land or N, can be significantly heterogeneous 
across cropping systems. 

Importantly, however, regardless of the direction of these interactive effects, outputs 
remain more responsive to cumulative K than to the current year’s application of K alone. This 
consistency in the relative importance of cumulative K across a broad production environment 
within India is the central significance of our findings. 

6.4 Implications of dynamic patterns of potassium use by farmers      

Our analyses of the dynamic patterns of K application by farmers further suggest that the 
identified cumulative effects of K are also causing the current year’s K application to depend 
significantly on the previous year’s application.  The relative importance of K and its cumulative 
effects is significant enough to affect farmers’ actual K use in dynamic ways. Farmers may learn 
of these cumulative effects from extension services or their own experiences.  

This pattern offers insights into how agronomic technological characteristics translate 
into actual agricultural outputs. Specifically, compared to the scenarios without farmers’ 
adjustments in K use, agricultural production in India is more stabilized between the current year 
and the prior year. This is because of the following mechanisms: Cumulative K use for the 
previous year and the current year overall has positive effects on outputs; farmers who used more 
K in the prior year use less K in the current year, leading to more stable cumulative K inputs and 
thus more stable outputs across years.  

6.5 Policy implications for potassium use in agricultural production growth in 
India 

Beyond its cumulative effects, the generally significant predictive power of K in a 
production function, relative to other inputs, supports the hypothesis that relatively low K use 
(compared to N and P) in India, as described in the background section, is one of the key 
constraints to agricultural production in the country.  
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Our results have important policy implications. First, promoting increased K use could 
increase agricultural production in India, given K’s significant roles in production, as well as the 
relatively low levels of current K application in India compared to other nutrients and the rest of 
the world. Second, in developing improved fertilizer dosage recommendations for farmers—an 
essential aspect of fertilizer policies in South Asia (e.g., Beg et al., 2024)—the potential 
cumulative effects of K should be more carefully examined at specific localities and incorporated 
into these recommendations. In doing so, monitoring and keeping a record of previous years’ K 
use (as in DLD data and perhaps even at lower administrative levels) remains crucial, as the 
recommended dosage may depend on previous use.  

Third and last, regarding price policies, price stabilization efforts by the Indian 
government may be more justified for certain types of fertilizer, such as Muriate of Potash 
(MOP)—the major K fertilizer in India—compared to non-K fertilizers like urea or DAP. This is 
because, given the inelastic demand for K (compared to N fertilizer) in India, price fluctuations 
can lead to higher farm income fluctuation, while inelastic demand can also cause more 
significant price fluctuations locally. Expanding subsidies for MOP, if necessary, may also be 
relatively more justified than doing so for urea or DAP, as current effective subsidy rates for 
MOP are lower. For example, Chakraborty et al. (2024) indicate that in 2022, the de facto 
subsidy rate for MOP was 29 percent, compared to 89 percent for urea and 61 percent for DAP. 

7 Conclusions 

The cumulative effects of inputs on production, including the effects of inputs in one year 
on production in subsequent years, have been widely recognized. Nonetheless, unlike sectors 
outside agriculture (e.g., cumulative effects of education on human capital formation) or public-
good inputs within the agriculture sector, evidence on the cumulative effects of private-good 
inputs in agriculture has generally remained anecdotal or is confined to agronomic trial settings, 
and direct field-level evidence has remained scarce. Addressing this knowledge gap is important 
because, for example, cumulative input effects can affect optimal production advice provided by 
agricultural extension efforts or the demand for these inputs in a particular year and thus the 
effectiveness of policies such as subsidies. Addressing this knowledge gap has been challenging, 
particularly within the production function framework, due to the general scarcity of long-term 
panel data on agricultural production, significant multicollinearity among inputs, and variations 
in input quantities across years.   

We attempted to narrow this knowledge gap by applying LASSO and GMM-LASSO 
methods to estimate the flexible translog production function using unique datasets of district-
level panel data (DLD data) and farm household-level panel data (VDSA data) in India. Our 
results show that certain inputs, particularly K, remain among the most persistent key predictors 
of production levels, even when compared to other major inputs like land, labor, capital, 
irrigation, and other fertilizer nutrients. More importantly, the aggregate quantity of K from the 
current and previous years is consistently a more important determinant of production than the 
quantity of K from the current year alone, demonstrating the significant cumulative effects of K. 
These patterns do not hold for N and most other inputs. These results hold for both the district 
level (DLD data) and the farm household level (VDSA data). The dynamic panel LPM and the 
dynamic panel Tobit analyses further suggest that K used in the current year is significantly 
negatively affected by the quantity used in the previous year, while no such dynamics were 
observed for N, consistent with production function results.  
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Figure 1. Illustration of coefficient estimates evolution in LASSO parameter selection 
processa 
Source:-Authors. 
 aVertical axis indicates the standardized coefficients of each variable at given level of 

penalization parameter 𝜆𝜆. Bold lines indicate the 3 RLASSO selected parameters in Table 
5 
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Table 1. Descriptive statistics of DLD data 
Variables Mean Std.dev 
Production revenue-(current-million-Rupee) 7.268 8.804 
Land-(1,000-ha) 261.090 213.434 
Agricultural population-(1,000) 483.367 305.931 
Agricultural credit-(current-million-Rupee) 6.644 11.059 
Share of land irrigated 0.489 0.317 
Nitrogen used-(1,000-ton) 27.555 26.467 
Phosphorus used-(1,000-ton) 11.165 11.646 
Potassium used-(1,000-ton) 4.538 7.047 
Nighttime light-(district average, nanoWatt per cm2 per radian2) 5.543 7.202 
Absolute rainfall deviations-(absolute-value of z-score)  0.793 0.569 
Absolute drought index deviations-(absolute-value of z-score) 0.806 0.609 
Number of sample districts 496  
Total sample size 7,054  

Source:-Authors’ compilation from DLD data. 
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Table 2. Descriptive statistics of VDSA data (annual total) 
Variables Mean Median Std.dev 
Production revenue-(current 1,000 Rupee) 
Land cultivated-(ha) 
Labor use-(person-hours) 
Use of own machines-(horsepower-hour) 
Purchased inputs excl. fertilizer-(1,000 Rupee) 
Use irrigation-(yes = 1) 
Nitrogen used-(kg) 
Phosphorus used-(kg) 
Potassium used-(kg) 
 
Land owned-(ha) 
Household size 
Agricultural equipment owned-(1000 rupees) 
Wage-(current rupee per hour) 
Mechanization service fees-(rupees per hour)  
Price – Nitrogen-(current rupee per kg) 

2010 
2011 
2012 
2013 
2014 

Price – Phosphorus-(current rupee per kg) 
2010 
2011 
2012 
2013 
2014 

Price – Potassium-(current rupee per kg) 
2010 
2011 
2012 
2013 
2014 

 
Total sample size 

83.914-
2.104-

408.176-
257.495-
37.106-
0.299-

98.604-
67.943-
12.013- 

 
3.196-
5.530-

48.674-
22.252-

451.566-
7.472-
6.438-
8.055-
7.913-
7.467-
7.445-

20.905-
11.737-
16.502-
25.062-
25.281-
25.781-
13.535-
6.653-
8.796-

15.809-
18.394-
17.938- 

 
3,104- 

34.436-
1.113-

281.000-
12.000-
18.181-
0.000-

39.000-
25.760-
0.000- 

 
1.250-
5.000-
7.800-

21.124-
450.000-

7.000-
6.250-
7.000-
7.527-
7.280-
7.125-

23.500-
11.000-
16.350-
23.500-
25.000-
25.000-
14.500-
5.250-
8.500-

14.000-
18.000-
17.508- 

168.895-
3.540-

444.823-
1041.677-

62.716-
0.458-

196.314-
135.792-
38.154- 

 
5.771-
2.650-

176.073-
9.486-

127.625-
2.402- 

 
 
 
 
 

7.823- 
 
 
 
 
 

5.282- 

Source:-Authors’ compilation from VDSA data.  
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Table 3. Fisher panel data tests for the unit root of DLD data variablesa, b 
Variables Inverse normal Z Statisticsa p-value (H0: Unit root for 

all panels) 
Ln(Production revenue) 
Ln(Land) 
Ln(Agricultural population) 
Ln(Agricultural credit) 
Share of land irrigated 
Ln(Nitrogen used) 
Ln(Phosphorus used) 
Ln(Potassium used) 

–17.328-
–14.073-
-–9.865-
–13.559-
–22.064-
–17.417-
–11.318-
–11.526- 

.000 

.000 

.000 

.000 

.000 

.000 

.000 

.000 
Source:-Authors. 

a Inverse normal Z statistics offers the best tradeoff between size and power, and 
recommended by Choi (2001).  
 

  
Table 4. Set of LASSO-selected parameters (DLD data) 
LASSO penalization 
parameter (λ) 

400 500 600 690.65 
(RLASSO- 
selected λ) 

LASSO-selected 
parameters of translog 
functiona 

𝑁𝑁𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗 
𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗 
𝐴𝐴𝑗𝑗𝑗𝑗𝑊𝑊𝑗𝑗𝑗𝑗𝑗𝑗 
𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗 
𝐴𝐴𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗 
𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗𝑁𝑁𝑗𝑗𝑗𝑗 
𝑁𝑁𝑗𝑗𝑗𝑗𝑁𝑁𝑗𝑗𝑗𝑗 

𝑁𝑁𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗 
𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗 
𝐴𝐴𝑗𝑗𝑗𝑗𝑊𝑊𝑗𝑗𝑗𝑗𝑗𝑗 
𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗 
𝐴𝐴𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗 
𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗𝑁𝑁𝑗𝑗𝑗𝑗 

 

𝑁𝑁𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗 
𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗 
𝐴𝐴𝑗𝑗𝑗𝑗𝑊𝑊𝑗𝑗𝑗𝑗𝑗𝑗 
𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗 

 

𝑁𝑁𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗 
𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗 
𝐴𝐴𝑗𝑗𝑗𝑗𝑊𝑊𝑗𝑗𝑗𝑗𝑗𝑗 

Source:-Authors based on LASSO estimation. 
 𝐴𝐴-=-land, 𝑊𝑊-=-capital, 𝑁𝑁-=-nitrogen, 𝐾𝐾-=-potassium. 
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Table 5. Post Double-Selection (PDS) LASSO-approximation of translog production 
function for district level data (DLD data) by different levels of penalization parameter λa, b  
LASSO selected 
variables 

λ= 200 λ= 300 λ= 600 λ= 690.65 
selected by 
RLASSO 

λ= 690.65 
selected by 
RLASSO 

    Post 
Double-
Selection 
LASSO 

Coef.-
(std.err) 

Coef.-
(std.err) 

Coef.-
(std.err) 

Coef.-
(std.err) 

Coef.-
(std.err) 

𝑁𝑁𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗 –0.098***-
(0.033) 

0.004-
(0.014) 

0.025***-
(0.008) 

0.025***-
(0.008) 

0.027-
(0.043) 

𝑲𝑲𝒋𝒋𝒋𝒋𝒋𝒋𝑨𝑨𝒋𝒋𝒋𝒋 0.042*-
(0.024) 

–0.030*-
(0.017) 

–0.007-
(0.013) 

0.024***-
(0.005) 

0.035***-
(0.008) 

𝐴𝐴𝑗𝑗𝑗𝑗𝑊𝑊𝑗𝑗𝑗𝑗𝑗𝑗 0.014-
(0.010) 

0.011-
(0.010) 

0.022***-
(0.008) 

0.014**-
(0.007) 

0.008-
(0.026) 

𝑲𝑲𝒋𝒋𝒋𝒋𝒋𝒋𝑲𝑲𝒋𝒋𝒋𝒋𝒋𝒋 0.022**-
(0.009) 

0.012-
(0.008) 

0.015***-
(0.006) 

  

𝐴𝐴𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗 0.098***-
(0.029) 

0.062**-
(0.027) 

   

𝑲𝑲𝒋𝒋𝒋𝒋𝒋𝒋𝑵𝑵𝒋𝒋𝒋𝒋 –0.037*-
(0.019) 

0.017-
(0.012) 

   

𝑁𝑁𝑗𝑗𝑗𝑗𝑁𝑁𝑗𝑗𝑗𝑗 0.052***-
(0.015)  

    

Nighttime light 
Weather shocks 
Year * State 
dummies 
District fixed effects 
Intercept 

Included-
Included-
Included-
Included-
Included-
Included- 

Included-
Included-
Included-
Included-
Included-
Included- 

Included-
Included-
Included-
Included-
Included-
Included- 

Included-
Included-
Included-
Included-
Included-
Included- 

Included-
Included-
Included-
Included-
Included-
Included- 

Samples 7,054 7,054 7,054 7,054 7,054 
Average returns-to-
scale 

   0.960 1.038 

Source:-Authors. Asterisks indicate statistical significance:-***1%-**5%-*10%. 
 a𝐴𝐴-=-land, 𝑊𝑊-=-capital, 𝑅𝑅-=-irrigation, 𝑁𝑁-=-nitrogen, 𝑃𝑃-=- phosphorus, 𝐾𝐾-=-potassium.  

bBold texts refer to coefficients that contain 𝑲𝑲𝒋𝒋𝒋𝒋𝒋𝒋.  



25 

Table 6. GMM-LASSO-approximation of translog production function for farm household 
level data (VDSA data) 
LASSO-selected inputsa GMM-LASSO 

selection based on AIC 
GMM-LASSO 

selection based on BIC 
Coef.-(std.err) Coef.-(std.err) 

𝑲𝑲𝒊𝒊𝒊𝒊𝒊𝒊 0.214***-
(0.078) 

0.228***-
(0.066) 

𝑲𝑲𝒊𝒊𝒊𝒊𝒊𝒊𝑨𝑨𝒊𝒊𝒊𝒊 –0.177**-
(0.088) 

–0.243***-
(0.062) 

𝐸𝐸𝑖𝑖𝑖𝑖𝐸𝐸𝑖𝑖𝑖𝑖  0.527***-
(0.096) 

0.492***-
(0.067) 

𝐴𝐴𝑖𝑖𝑖𝑖 0.162*-
(0.094) 

0.227***-
(0.078) 

𝑊𝑊𝑖𝑖𝑖𝑖𝑊𝑊𝑖𝑖𝑖𝑖 0.066*-
(0.039) 

0.080**-
(0.038) 

𝑅𝑅𝑖𝑖𝑖𝑖 0.091*-
(0.054) 

0.109**-
(0.051) 

𝐸𝐸𝑖𝑖𝑖𝑖𝐿𝐿𝑖𝑖𝑖𝑖 0.055- 
(0.091) 

 

𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖 –0.046 
(0.061) 

 

𝐴𝐴𝑖𝑖𝑖𝑖𝑁𝑁𝑖𝑖𝑖𝑖 –0.020 
(0.087) 

 

Year * Village dummies 
Farm household fixed effects 
Intercept 

Included-
Included-
Included- 

Included-
Included-
Included- 

Samples 3041 3041 
p-value-(H0: under-identified) .006 .000 
p-value-(H0: not over-identified) .296 .376 
Information Criteria Statistics of GMM-
LASSO selection as shown in Appendix A, 
equation (9) 

AIC = 34.807 BIC = 139.124 

Source:-Authors.-***1%-**5%-*10%. 
a𝐴𝐴-=-land, 𝑊𝑊-=-capital, 𝐿𝐿-=-labor, 𝐸𝐸-=-other expenditures, 𝑅𝑅-=-irrigation, 𝑁𝑁-=-nitrogen, 𝑃𝑃-
= phosphorus, 𝐾𝐾-=-potassium. 
AIC-=-Akaike Information Criterion; BIC-=-Bayesian Information Criterion. 
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Table 7. Dynamics of fertilizer nutrient use decision at extensive margins (Arellano & 
Bond-1991) dynamic panel linear probability model) 
Variables Nitrogen Potassium 
 One-step GMM Two-step GMM One-step GMM Two-step GMM 
 Coef.-(std.err) Coef.-(std.err) Coef.-(std.err) Coef.-(std.err) 
Lagged dependent variable 
(quantity at 𝑡𝑡 − 1) 

–0.055-
(0.230) 

–0.241-
(0.226) 

–0.597**-
(0.249) 

–0.670**-
(0.265) 

Price at t  –0.006**-
(0.003) 

–0.008***-
(0.002) 

–0.063**-
(0.031) 

–0.069**-
(0.032) 

Year dummies 
Other variables 𝑍𝑍𝑖𝑖𝑖𝑖 
Intercept 

Included-
Included-
Included- 

Included-
Included-
Included- 

Included-
Included-
Included- 

Included-
Included-
Included- 

Samples 2,944 2,944 2,944 2,944 
p-value-(H0: no serial 
correlation at third-lag) 

.740 .985 .297 .371 

Most recent lag of dependent 
variable used as an IV 

𝑡𝑡 − 3 𝑡𝑡 − 3 𝑡𝑡 − 3 𝑡𝑡 − 3 

Number of IVs 18 18 18 18 
p-value-(H0: no 
overidentification) 

.356 .356 .397 .397 

Source:-Authors.-***1%-**5%-*10%.  
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Table 8. Dynamics of fertilizer nutrients use at the farm household level – Wooldridge 
(2005) random-effects dynamic panel Tobit regression (6) 
Variables Nitrogen-(in 100kg) Potassium-(in 100kg) 
 Coef.-(std.err) Coef.-(std.err) Coef.-(std.err) Coef.-(std.err) 
Lagged dependent variable 
(quantity at 𝑡𝑡 − 1) 

–0.065-
(0.054) 

–0.078-
(0.050) 

–0.556***-
(0.051) 

–0.558***-
(0.050) 

Pricea at t  –0.445*-
(0.247) 

 –0.236-
(0.646) 

 

Price-(average between t 
and 𝑡𝑡 − 3) 

 –1.851***-
(0.313) 

 –0.314-
(0.250) 

Initial period value of 
dependent variable 

Included Included Included Included 

Year * Village dummies Included Included Included Included 
Other variables 𝑍𝑍𝑖𝑖𝑖𝑖  Included Included Included Included 
Time-invariant random 
effects 

Included Included Included Included 

Intercept Included Included Included Included 
Samples 1,172 1,172 1,172 1,172 
p-value-(H0: coefficients 
are jointly insignificant) 

.000 .000 .000 .000 

Source:-Authors.-***1%-**5%-*10%.  
 aPrice of respective fertilizer nutrients.  
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Appendix A: LASSO and GMM-LASSO 

 The literature has discussed various approaches for selecting the penalization parameter 𝜆𝜆 
(Ahrens et al. 2020). These include (a) Information Criteria (Zou-et-al.-2007; Zhang-et-al.-2010), 
(b) K-fold cross-validation and h-step-ahead rolling cross-validation approach (Geisser-1975; 
Arlot & Celisse-2010), and (c) theory-driven (“rigorous”) LASSO (RLASSO) approach (Belloni 
et al.-2012, 2014, 2016).  

Among these methods, we use RLASSO approach which is considered more suitable for 
causal inference rather than forecasting, and is shown to perform well in terms of type-I errors 
(mistakenly identifying parameters to be non-zero when they are actually zero (“false positive”)) 
(Ahrens-et-al.-2020). Unlike other approaches, RLASSO selects 𝜆𝜆 which, based on theoretical 
grounding, guarantees that optimal rates of convergence for parameter estimation are achieved, 
resulting size of the models has the same order as the true model, and selected parameters are 
consistently estimated (Ahrens et al. 2020). Specifically, 𝜆𝜆 in RLASSO is selected as (Jing-et-al. 
2003; Belloni-et-al. 2012), 

𝜆𝜆 = 2𝜃𝜃𝜃𝜃√𝑛𝑛Φ−1{1 − 𝛾𝛾/(2𝑝𝑝)} (7) 

in which 𝛾𝛾 is the probability that “false positive” does not occur, 𝜃𝜃(> 1) is a constant slack 
parameter which is set at slightly greater than 1 (often 1.1 as in Ahrens (2020)), 𝜎𝜎 is the standard 
errors of residual 𝜀𝜀𝑗𝑗𝑗𝑗 from (2).  

GMM-LASSO 

 GMM-LASSO method proposed by Shi (2016) is essentially an extension of standard 
LASSO (4) to GMM framework. Specifically, GMM-LASSO can be expressed as 

𝛽𝛽𝑋𝑋�(𝜆𝜆) = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎
1
𝑛𝑛2
𝑀𝑀 + 𝜆𝜆�|𝛽𝛽𝑋𝑋|

𝑝𝑝

𝑋𝑋

 

𝑀𝑀 = 𝐸𝐸′𝑍𝑍𝑍𝑍𝑍𝑍′𝐸𝐸 

(8) 

in which 𝑀𝑀 is the standard GMM criterion function, 𝐸𝐸 is a 𝑛𝑛 × 1 vector with 𝜀𝜀𝑖𝑖𝑖𝑖 as elements, Z is 
𝑛𝑛 × 𝑍𝑍𝑛𝑛 matrix of IVs (𝑍𝑍𝑛𝑛 is the number of IVs), and 𝑊𝑊 is a suitable 𝑍𝑍𝑛𝑛 × 𝑍𝑍𝑛𝑛 weighting matrix 
estimated in GMM.  

 Based on Shi (2016), under the GMM-LASSO, practical criteria to selected 𝜆𝜆 are AIC 
and BIC. Specifically,  

𝛽𝛽𝑋𝑋�
𝐴𝐴𝐴𝐴𝐴𝐴

= 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎
1
𝑛𝑛2
𝑀𝑀 +

2
𝑛𝑛
𝐵𝐵𝑋𝑋|𝛽𝛽𝑋𝑋|0 

𝛽𝛽𝑋𝑋�
𝐵𝐵𝐵𝐵𝐵𝐵

= 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎
1
𝑛𝑛2
𝑀𝑀 +

log𝑛𝑛
𝑛𝑛

𝐵𝐵𝑋𝑋|𝛽𝛽𝑋𝑋|0 
(9) 

in which |𝛽𝛽𝑋𝑋|0 is the number of nonzero coefficients, and 𝐵𝐵𝑋𝑋 is a slowly diverging deterministic 
sequence (Shi-2016).  
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Appendix B: LASSO plots for each input variable in translog production function 
estimation (2) with DLD data 

    Variables consisting of 𝑿𝑿𝒋𝒋𝒋𝒋         Variables consisting of 𝑿𝑿𝒋𝒋𝒋𝒋𝒋𝒋 
 
Land 
 
 
 
 
 

Labor 
 
 
 
 
 
Capital 
 
 
 
 
 
Irrigation 
 
 
 
 
 
Nitrogen 
 
 
 
 
 
Phosphorus 
 
 
 
 
 
Potassium  
 
 
 
 
  

Figure 2. LASSO plots for each input variablea 
Source: Authors. 
 aHorizontal axes indicate the level of penalization (greater penalization and more 
parsimonious models to the right), and vertical axes indicate the standard coefficients of each 
variable. Black lines indicate 0 for coefficient, i.e., variables are dropped due to insignificance 
conditional no other variables.    
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Appendix C: Additional results 
Table C1. LASSO estimation with DLD data (Table 5) – subsample districts based on soil 
types 
Soil-attributes / 
LASSO-selected 
variablesa 

Sub-samples-with-higher-soil-
attributes 

Sub-samples-with-lower-soil-
attributes 

Coef.-(std.err) Coef.-(std.err) 
Organic contents Higher Lower 
𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗 0.045***-(0.015) 0.032***-(0.010) 
𝑁𝑁𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗  0.264**-(0.081) 
Other controls Included Included 
λ 461.894 478.478 
Samples 3,438 3,616 
 
 

  

Alkalinity (pH) Higher Lower 
𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗 0.044***-(0.013)  
𝑁𝑁𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗 0.278***-(0.126)  
𝑃𝑃𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗 0.029-(0.118)  
𝑁𝑁𝑗𝑗𝑗𝑗𝑁𝑁𝑗𝑗𝑗𝑗  0.025**-(0.008) 
Other controls Included Included 
λ 459.299 484.746 
Samples 3,517 3,537 
 
 

  

Drainage More-excessive Poorer 
𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗 0.016*-(0.010) 0.061**-(0.015) 
𝑁𝑁𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗 0.025-(0.073) 0.097-(0.145) 
𝑃𝑃𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗  –0.288***-(0.103) 
𝑊𝑊𝑗𝑗𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗 0.011 (0.015)  
Other controls Included Included 
λ 465.290 468.771 
Samples 3,628 3,426 

Source:-Authors.-***1%-**5%-*10%. 
a𝐴𝐴-=-land, 𝑊𝑊-=-capital, 𝑁𝑁-=-nitrogen, 𝑃𝑃-=-phosphorus, 𝐾𝐾-=-potassium. 
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Table C2. LASSO estimation with DLD data (Table 5) – subsample districts based on area 
shares of grains, pulses, fruits/vegetables 
Cropping systems 
/ LASSO-selected 
variablesa 

Sub-samples-with-higher-area-
shares-of-the-relevant-crop-group 

Sub-samples with lower area shares 
of the relevant crop-group 

Coef.-(std.err) Coef.-(std.err) 
Grain Higher Lower 
𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗𝑁𝑁𝑗𝑗𝑗𝑗 0.170**-(0.054)  
𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗  0.032***(0.012) 
𝑁𝑁𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗  0.223 (0.148) 
Other controls Included Included 
λ 543.729 381.970 
Samples 3,529 3,525 
 
 

  

Pulses Higher Lower 
𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗 0.032***(0.011) 0.037***(0.013) 
𝑁𝑁𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗 0.018-(0.129) –0.048-(0.074) 
Other controls Included Included 
λ 412.871 516.372 
Samples 3,451 3,603 
 
 
Fruits/Vegs 

 
 

Higher 

 
 

Lower 
𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗 0.040***(0.012)  
𝐾𝐾𝑗𝑗𝑗𝑗𝑗𝑗𝑁𝑁𝑗𝑗𝑗𝑗  0.016***(0.006) 
𝑊𝑊𝑗𝑗𝑗𝑗𝐴𝐴𝑗𝑗𝑗𝑗 0.219***(0.036)  
𝑁𝑁𝑗𝑗𝑗𝑗𝑁𝑁𝑗𝑗𝑗𝑗  –0.103*-(0.060) 
Other controls Included Included 
λ 356.365 549.493 
Samples 3,802 3,252 

Source:-Authors.-***1%-**5%-*10%. 
a𝐴𝐴-=-land, 𝑊𝑊-=-capital, 𝑁𝑁-=-nitrogen, 𝐾𝐾-=-potassium. 
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Table C3. Same sets of results for Table 6 but using ln(X + 0.001) instead of ln(X + 1) 
LASSO-selected inputsa GMM-LASSO 

based on AIC 
GMM-LASSO 
based on BIC 

Coef.-(std.err) Coef.-(std.err) 
𝐾𝐾𝑖𝑖𝑖𝑖𝑖𝑖 0.186**-(0.073) 0.213***-(0.063) 
𝐴𝐴𝑖𝑖𝑖𝑖𝐾𝐾𝑖𝑖𝑖𝑖𝑖𝑖 –0.123-(0.082) –0.206***-(0.053) 
𝐸𝐸𝑖𝑖𝑖𝑖𝐸𝐸𝑖𝑖𝑖𝑖  0.519***-(0.095) 0.489***-(0.068) 
𝐴𝐴𝑖𝑖𝑖𝑖 0.086-(0.095) 0.111-(0.073) 
𝑊𝑊𝑖𝑖𝑖𝑖𝑊𝑊𝑖𝑖𝑖𝑖 0.072*-(0.039) 0.084**-(0.038) 
𝑅𝑅𝑖𝑖𝑖𝑖 0.095*-(0.055) 0.117**-(0.054) 
𝐸𝐸𝑖𝑖𝑖𝑖𝐿𝐿𝑖𝑖𝑖𝑖 0.059-(0.089)  
𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖 –0.025-(0.058)  
𝐴𝐴𝑖𝑖𝑖𝑖𝑁𝑁𝑖𝑖𝑖𝑖 –0.043-(0.073)  
Other controls 

 
Included Included 

  
Samples 3041 3041 
p-value-(H0:-under-identified) .003 .000 
p-value-(H0:-not over-identified) .247 .326 

Source:-Authors.-***1%-**5%-*10%. 
a𝐴𝐴-=-land, 𝑊𝑊-=-capital, 𝐿𝐿-=-labor, 𝐸𝐸-=-other expenditures, 𝑅𝑅-=-irrigation, 𝑁𝑁-=-nitrogen, 𝑃𝑃-

=-phosphorus, 𝐾𝐾-=-potassium. 
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