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Abstract
This paper explores the performance of the agricultural sector on balance sheet data (2008–2017). A post-window
data envelopment analysis (DEA) investigates the factors that influence firm performance, especially inventory
turnover. According to the findings, inventory and accounts receivable turnover negatively influence firm efficiency,
while the debt index exerts a positive effect both in the short term and the long term. The empirical results show that
the northern Italian regions are more efficient than the central and southern regions, and it was confirmed that
Sardinian farms achieve better scores than Sicilian farms.
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1. Introduction 

Economic efficiency is a key diagnostic used for evaluating firm performance, designing and 

targeting short-, medium-, and long-term policies, and ultimately, guaranteeing firms’ survival. As 

Borodin et al. (2016) emphasised, agricultural firms face volatile markets and are vulnerable to 

climate change, economic and financial fluctuations, and stringent regulations within an ever-

competitive global environment. Several studies have investigated the economic efficiency of the 

farming sector by employing parametric stochastic frontier analysis (e.g., Benedetti et al., 2019), non-

parametric data envelopment analysis (DEA; e.g., Galluzzo et al., 2017; Guth and Smędzik-Ambroży, 

2019), comparing both methodologies (e.g., Moutinho et al., 2018), and post-DEA methods (e.g., 

Nowak et al., 2015). Yet, few studies on agricultural efficiency have used WDEA, and even fewer 

have applied the Simar-Wilson procedure (Shahraki et al., 2018; Yobe et al., 2020; Al-Mezeini et al., 

2020). While the non-parametric stage DEA identifies relatively efficient firms, the parametric stage 

identifies statistically significant determinants that influence economic efficiency.  

Despite this extensive literature on farming efficiency, there is still a shortage of investigations on 

the impact of inventory on agricultural economic efficiency (e.g., Husain and Alnefaee, 2016; Nuseva 

et al., 2017; Atnafu and Balda, 2018; Zhan and Liu, 2019), and much of the research on this 

relationship has been devoted to the secondary sector. Inventory turnover measures how many times 

a firm’s inventory is sold and replaced over time (Engel, 2015; Osazefua, 2019). From the literature, 

there is no clear-cut answer regarding the actual impact of inventories. As far as the manufacturing 

sector is concerned, on the one hand, some studies highlight that high inventory levels and inventory 

days are associated with poor firm performance (Mohamad et al., 2016; Gu et al., 2017). When 

inventory turnover is low, products are more likely to be damaged, deteriorate, or even fail to fulfill 

customers’ preferences. On the other hand, other studies show that raw material inventory tends to 

reduce costs due to production disruptions and product scarcity (e.g., due to adverse climate 

conditions). Hence, inventories can protect against price volatility, and adequate management can 

increase business profitability.  

The present study contributes to the literature on the impact of the inventory turnover ratio on the 

economic efficiency of the agricultural sector. This issue is increasingly important since agricultural 

firms are expanding their traditional missions and enhancing support activities within agri-food, such 

as short food supply chains. Indeed, agricultural inventory can play an essential role in the European 

Union (EU) New Green Deal 2030, the so-called “farm to fork”. In times of turmoil and pandemic, 

such as COVID-19, the objective is to empower consumers to choose sustainable and healthy food 

and, in turn, create business opportunities to supply agents who want to innovate and protect the 

environment.  

This objective is explored via a post-WDEA approach. The first step involves a standard WDEA to 

elicit an indicator of efficiency over 2008 to 2017 (Charnes et al., 1985). On this basis, a Simar-

Wilson procedure is adopted for each of the five identified windows (Cooper et al., 2007). The 

objective is to evaluate the main factors that influence firm efficiency, especially in which direction 

and to what degree it is impacted by inventory turnover. Moreover, via a window parametric 

approach, the model robustness and the stability of the coefficients are assessed within a temporal 

dynamic framework.  

The empirical data on the Italian regions were taken from the AIDA database (Analisi informatizzata 

delle aziende italiane, Bureau van Dijk). The AIDA database collects data on the balance sheets of 

limited-liability and cooperative companies, obliged by law to provide annual accounts. AIDA also 

includes information about firms’ location, economic sectors, and years of activity (Lotti and Marin, 

2013). Three main domains are: time (annual), geographical setting (regional), sector of economic 



activity (e.g., farming, for crops and livestock). Hence, AIDA is useful for evaluating the profitability 

of agricultural firms and gathering financial data.  

2. Literature review 

A broad literature review is presented to shed light on the possible effects of inventory turnover on 

firm profitability and its implications, primarily focusing on the secondary sector. Empirical research 

shows that high inventory levels and inventory days are associated with poor long-term stock returns 

(Gu et al., 2017; Roni and Djumahir, 2018). Some empirical evidence suggests that managers can 

create value by reducing inventories and the number of days their accounts were outstanding. 

Likewise, Yuniningsih et al. (2018) reveal that inventory reduction significantly positively affects 

performance.  

When inventory turnover is low, products spend more time on shelves. This circumstance increases 

the exposure window for damage, pilferage, and spoilage/expiration (Gaur et al., 2005, Wan et al., 

2020). Excessive inventories increase the likelihood of lost or misplaced items (Kroes et al., 2018). 

Long inventory supply chains also tend to have longer order cycles, thus making them less responsive 

to changing tastes and preferences (Martinez et al., 2015) and more exposed to financial risk (Wang 

et al., 2020). Other studies show that inventory conversion exerts a negative effect on firm 

profitability. Hence, as the time required for inventory conversion increases, profitability decreases 

and vice versa (Panigrahi, 2014; Edwin and Florence, 2015; Jakpar et al., 2017).  

While a positive effect of inventory reduction on operational performance has been reported in 

various studies (Anojan et al. 2013; Ponsian et al., 2014; Shahbaz et al., 2018), other studies reveal 

the opposite outcome. In this respect, other authors find that although inventory reduction positively 

affects organization performance, this effect varies with inventory and industry type (Eroglu and 

Hofer, 2011). Specifically, these studies highlight that raw material inventory has a higher impact on 

performance than work in progress inventory or finished goods inventory. Moreover, Mathuva (2010) 

finds a highly significant positive relationship between the period taken to convert inventories into 

sales and profitability. This outcome implies that firms that maintain sufficiently high inventory levels 

reduce the costs of a possible interruption in the production process and a loss of business due to 

product scarcity. In addition, high inventory levels reduce firm supply costs and protect them against 

price fluctuations. In this regard, Evci (2018) addresses some advantages to working with high 

inventory levels, such as preventing customer losses caused by not having enough stock level and 

protecting both parties against price volatilities. A high level of inventory, if adequately monitored 

and controlled, can also act as a buffer against volatility and order fluctuations, mainly due to more 

common adverse climate conditions that can alter production and relative prices (Jangga et al., 2015). 

Elsayed and Wahba (2016) suggest that while an inventory to sales ratio negatively affects 

organization performance in the initial growth and maturity stages, it presents a significant positive 

impact on performance in either the rapid growth stage or the revival stage. 

Moreover, Chuang and Zhao (2019) find that while high demand leads to high inventory levels (sales 

effect), high inventory levels stimulate sales demand (demand stimulation effect) in a dynamic and 

uncertain environment. Likewise, Wan et al. (2020) suggest that an increased product variety leads 

to higher sales and higher inventory levels. Obermaier and Donhauser (2012) argue that organizations 

with the lowest inventory levels also had the worst performance. Other studies have also highlighted 

the lack of a clear-cut answer regarding this relationship (Mathuva, 2010; Folinas and Shen, 2014). 

Folinas and Shen (2014), for example, show that there is no significant relationship between inventory 

turnover and financial performance.  

As previously stated, most of the cited studies mainly focus on the secondary sector, while the 

agricultural sector is largely neglected. Husain and Alnefaee (2016), via an ordinary least squares 

(OLS) regression analysis (2009–2014), examine the impact of inventory on the profitability of a 

selected set of agriculture and food companies in Saudi Arabia, revealing that a moderate negative 



correlation exists between inventory turnover in days and gross operating profit. One interpretation 

of this negative relationship is that the more time firms need to sell their inventories, the higher the 

adverse impact on their profitability. This outcome suggests that raw materials should be converted 

into finished goods and sold to customers without delay. Nuseva et al. (2017), via a regression 

analysis (2012–2015), found a positive relationship between inventory turnover and profitability at 

40 coffee firms in Serbia. Via a DEA and a random forest regression analysis (2013–2017), Zhan and 

Liu (2019), focusing on 39 agricultural enterprises in China, found that a high turnover rate in 

inventory promotes financing efficiency.  

 

3. Methodology 

In the agricultural literature, several studies employ a standard two-stage DEA. Liu et al. (2013) 

provide a literature review on early two-stage DEA studies on the agricultural sector. Such a more 

complex framework has several advantages. In the first non-parametric stage, the DEA extracts 

efficiency scores but fails to indicate the potential causes of DMUs’ inefficiency. This limitation is 

fulfilled in the second stage. The DEA scores are then correlated with other determinants and controls 

within a regression analysis. As a further novel contribution to the literature, the present paper 

investigates this relationship within a post-WDEA framework and controls coefficient stability across 

time (Detotto et al., 2012). 

Based on a typical Cobb-Douglas framework, a WDEA elicits relative efficiency of a set of decision-

making units (DMUs) to their peers and their performance over time (e.g., Pulina et al., 2010; Sardar 

et al., 2018; Yobe et al., 2020). The objective of a firm is to maximize its profits and minimize its 

costs or maximize its revenues, given the technological constraint faced. A generic production 

function for agricultural firms is as follows: 

Yi,t =Ā F(Li,t, Ki,t)                                                             (1) 

where Y is the output (value), Ā is the fixed technology, L is the labour, K is the capital stock, t is 

time, and i is the region; all the variables are expressed in logarithms (Biddle, 2010). 

The WDEA theoretical framework is based on a set of observations for n different DMUs over a 

time span T. Overall, the panel consists of (n * T) observations, which are then divided into a set of 

windows, and each window counts (n * w) DMUs. Cooper et al. (2007) provide a formula to choose 

the optimum window width w, as follows: 

If T is odd, then 

w = (T + 1) / 2                                                                (2) 

and if T is even, then 

w = [(T + 1) / 2] + 0.5                                                           (3) 

WDEA models can be constructed under either constant returns to scale (CRS) or variable returns to 

scale (VRS) (Coelli et al., 2005). The overall technical efficiency (TE) is obtained under CRS, while 

under VRS, TE can be further decomposed into scale efficiency and pure technical efficiency (PTE). 

In the production process, PTE reflects management’s ability to save input for producing a given 

amount of output. Theoretically, two methods can be considered: demand-oriented efficiency, where 

output generation can be increased proportionally, leaving input consumption unchanged; and 

supply-oriented efficiency, where input consumption of DMU i can be reduced proportionally, 

leaving output unchanged. A statistical test is also run to assess whether the DMUs are empirically 

characterised by either CRS (as the null hypothesis) or VRS (Bogetoft and Otto, 2011). A score equal 

to 1 implies that the DMU is relatively efficient, while a score less than 1 indicates relative 

inefficiency to the sample of DMUs under investigation. 



As a post-WDEA, a Simar–Wilson (2007) bootstrapping procedure is applied to investigate firm 

performance factors. To this end, the Robust DEA (rDEA) for the statistical package R, developed 

by Simm and Besstremyannaya (2016), is used. This approach implements Simar and Wilson’s 

(2007) second algorithm for bias-correction of efficiency scores in either input- or output-oriented 

DEA models. The generic parametric equation is based on the WDEA efficiency scores and is 

expressed as 

θit = Xitβ + εit ≥ 1                                                            (4) 

where 

i = 1, …, n 

and 

t = 1… T 

and where θit (< 1) is the DMU’s (i) (in)efficiency score at time t, Xit is a set of determinants and 

controls that can influence the DMUs’ (in)efficiency, and β is the vector of robust coefficients in the 

truncated regression of reciprocal DEA score on the variables after the second loop. A negative 

(positive) sign of the coefficient implies that the variable has a positive (negative) impact on 

efficiency. The statistical significance of the coefficients is based on the matrix of the lower and upper 

bounds for beta, using either 1% or 5% confidence intervals; ɛit is the residual assumed to be white 

noise.  

 

4. Context and empirical investigation 

Agriculture is one of the key economic sectors in Italy and accounts for 2.2% of its gross domestic 

product (GDP); this figure reaches 4.1% when including packing and agri-food transformation 

directed to the service sector or retail (ISTAT, 2020). In 2019, the production value obtained by 

secondary and complementary activities approximated 22% of the total agricultural production value, 

representing a share of approximately 30% within the EU-28. Italy is also an interesting case study 

for its various landscapes, diverse climates, and endemic historical and socioeconomic features that 

make each region and province unique. The northern regions primarily produce grains, soybeans, 

meat, and dairy products, while the southern regions specialize in fruits, vegetables, olive oil, wine, 

and durum wheat. Even though many of its mountainous areas are unsuitable for farming, 

approximately 4% of the population is employed in farming. Most Italian agricultural firms are small, 

with an average size of eleven hectares (Galluzzo, 2017).  

Data retrieved from AIDA on a panel of agricultural firms in 20 Italian regions operating between 

2008 and 2017 is used for the empirical analysis. For the WDEA, as the first stage of the investigation, 

a set of outputs and inputs are considered. As a proxy of annual firm production, sales revenue is 

used as an output. This variable is the product between the price of goods and services and the number 

of units sold. Theoretically, Cook and Seiford (2009) remark that a one-output and two-inputs 

framework, or vice versa, can be employed. 

Furthermore, the production process in the agricultural sector largely relies on human capital and, 

hence, labour costs, used as an input, are defined as the total expenditure borne by employers to 

employ workers. The second input, physical capital, is defined as the monetary value of all material 

and immaterial goods employed by the firm as production factors (e.g., buildings, machinery, and 

plants). As a further input, the model includes the amount of current assets, which consists of cash, 

accounts receivable, stock inventory, pre-paid liabilities, and other liquid assets. 

Based on the WDEA, the parametric specification is provided in the following equation: 

θit = β1 + δDit + β2 Sit + β3 ITit + β4 ARit + β5 Ait + β6 ASit + εit                       (5) 



where 

i = 1,.., N 

and 

t = 1… T  

θit is the DMU’s (i) (in)efficiency score at time t, β1… β6 are the parameters to be estimated, δ is the 

parameter of the shift intercept and Dit is the geographical dummy, Sit includes the long-term debt 

and the short-term debt, ITit is the inventory turnover in days, ARit is the accounts receivable turnover 

ratio, Ait  represents firm age and ASit is the age squared; ɛit is the residual that is assumed to be white 

noise.     

Alternatively, in two separate models, Sit includes the long-term debt (Model 1) and the short-term 

debt (Model 2), respectively. This choice is supported by a high and significant correlation coefficient 

between these two indicators, which would lead to possible multicollinearity issues. The short-run 

debt index contains components such as debt with suppliers and mortgage payments of the year on 

total debt. The long-term debt index includes debt with banks for investments in fixed assets and 

more productive technologies. As one of the main aims of the investigation, IT is the inventory 

turnover in days, which measures the number of days a company holds its stock before being sold. 

Specifically, this indicator is calculated as follows:  

IT = Inventory Turnover in days = (inventory / sales) * 365                               (6) 

The accounts receivable turnover ratio (AR) is also included as a further determinant of efficiency. It 

indicates the average times for receivables to be converted into cash in a certain period. It is the ratio 

of sales revenue to accounts receivable average balance. As controls, firm age (A) and age squared 

(AS) are included in the equation, considering possible non-linearities. Furthermore, the geographical 

dummy D takes the value 1 if the region (i.e., Abruzzo, Basilicata, Calabria, Campania, Molise, 

Puglia, Sardinia, and Sicily) is in the southern part of the country, and 0 otherwise. Hence, δ is the 

parameter of the shift intercept. This control accounts for the degree to which socioeconomic and 

geographical factors influence firm efficiency (ISTAT, 2019). 

 

5. Empirical results 

5.1 WDEA 

A comparison of the relative efficiency is provided amongst all the Italian regions across 10 years 

(2008–2017). Using the formula (3), as proposed by Cooper et al. (2007), the window width is set to 

six years, and a total of five windows are set for a total of 100 observations in each window. A supply-

oriented framework is chosen, as it is expected that the primary objective of the firms is to minimize 

costs. The preliminary tests in each of the WDEA models suggest VRS. In fact, the null hypothesis 

of CRS cannot be accepted at the 1% level of significance (full results for all the WDA models can 

be provided upon request). 

Table 1 summarizes the results obtained for each of the regions and each of the five windows. A 

window efficiency mean is computed for each Italian geographical area (i.e., northern, central, and 

southern). Efficiency scores for Sardinia and Sicily are provided separately to make straightforward 

comparisons with other studies (Galluzzo et al., 2017). 

 

 

 

 



 

 

 

Table 1. VRS – efficiency means for the North, Centre, and South Italy. 

Geographic setting 

VRS MEAN 

2008-2013  2009-2014 2010-2015 2011-2016 2012-2017 

North 0.8223 0.8022 0.7876 0.7838 0.7835 

Centre 0.8190 0.7965 0.7859 0.7875 0.7602 

South 0.8101 0.7982 0.7734 0.7720 0.7766 

Sardinia 0.8148 0.8107 0.7852 0.8032 0.7847 

Sicily 0.8012 0.7827 0.7746 0.7710 0.7805 

Notes: North=Aosta Valley, Emilia-Romagna, Friuli-Venezia Giulia, Liguria, Lombardy, Piedmont, Trento, Bolzano and 

Veneto. Centre=Lazio, Marche, Tuscany and Umbria. South= Abruzzo, Basilicata, Calabria, Campania, Molise, Apulia, 

Sardinia and Sicily. 

The non-parametric findings reveal that the regions located in northern Italy have relatively higher 

efficiency scores than those in central and southern Italy. This outcome is consistent in all the 

windows, with the only exception being 2011–2016, where central Italy outperforms northern Italy. 

Notably, the WDEA results align with Galluzzo (2017) and, once more, show that Sardinian firms 

have higher performance scores than Sicilian firms. Furthermore, in the last two windows, 2011–

2016 and 2012–2017, Sardinia has a higher performance score than northern and central Italy. Hence, 

the results provided here are useful in monitoring the efficiency trend of the agricultural sector on the 

two main Italian islands. Overall, the Italian agricultural sector presents a negative trend of efficiency 

in all geographical areas. 

5.2 Simar-Wilson bootstrapping 

Based on the WDEA a further parametric analysis is run (Table 2). The sigma is the robust standard 

deviation of the errors in the truncated regression of the reciprocal DEA score on the variables of 

interest. The number of bootstrap replications in the second loop of Simar and Wilson’s (2007) 

algorithm is set to 2,000 (as a default). Since the sigma value is within the lower and upper bounds 

of the confidence interval, the model can be regarded as well specified in all the windows.  

Table 2. Post-WDEA: Simar Wilson double bootstrapping- model with Long-term debt.   
Window 2008-2013 2009-2014 2010-2015 2011-2016 2012-2017 

Intercept  

C.I  minimum  

C.I. maximum 

9.984120e-01 

0.9260778383 

1.066050e+00 

1.005866e+00*** 

9.086834e-01   

1.099942e+00 

9.692316e-01 

8.829261e-01   

1.049732e+00 

9.838512e-01 

9.008855e-01   

1.061957e+00 

1.002834e+00*** 

9.258262e-01   

 

1.075383e+00 

Long-term debt- Sit  

C.I  minimum  

C.I. maximum 

-9.510342e-03  

-0.0141065962  

-4.778873e-03 

-1.967281e-02*** 

-2.622638e-02  

-1.265043e-02 

-9.621033e-03 

-1.560426e-02  

-3.714743e-03 

-8.867799e-03 

-1.431706e-02  

-3.407666e-03 

-8.976166e-03 

-1.452704e-02  

 

-3.480061e-03 

I.T. in days - ITit 

C.I  minimum  

3.938758e-02 *** 

0.0324532418   

4.788100e-02*** 

3.846303e-02   

4.398188e-02*** 

3.628001e-02   

3.989148e-02*** 

3.165045e-02   

3.833335e-02*** 

3.139349e-02   

 

4.520523e-02 



C.I. maximum 4.596024e-02 5.748760e-02 5.195245e-02 4.735249e-02 

Acc.r..turnover - ARit 

C.I  minimum  

C.I. maximum 

5.313813e-02*** 

 0.0418930897   

 

6.462555e-02 

      

7.290642e-02*** 

5.629080e-02   

8.914406e-02 

7.288230e-02*** 

6.056665e-02   

8.551032e-02 

7.199780e-02*** 

5.959990e-02   

8.554097e-02 

6.781476e-02*** 

5.689977e-02   

7.919601e-02 

South - Dit 

C.I  minimum  

C.I. maximum 

7.556099e-03 

-8.921758e-03  

2.419438e-02 

7.520607e-03 

-2.270157e-02   

3.818350e-02 

2.323511e-03 

-2.310234e-02   

2.699396e-02 

-4.375558e-04 

-2.477956e-02   

2.258421e-02 

2.621311e-03 

-2.106036e-02   

 

2.508431e-02 

 

 Age squared - ASit 

C.I  minimum  

C.I. maximum 

 3.006312e-05  *** 

 0.0000151715   

4.490217e-05       

3.878144e-05*** 

1.732949e-05   

6.124434e-05 

2.443884e-05 

4.833183e-06   

4.384316e-05 

1.940682e-05 

8.664822e-07   

 

3.741402e-05 

 

1.647913e-05 

-2.547629e-06   

 

3.462235e-05 

Age - Ait 

C.I  minimum  

C.I. maximum  

-2.404036e-03**   

-3.472988e-03 

-1.260255e-03 

-3.807694e-03*** 

-5.930193e-03  

-1.804777e-03 

-2.466387e-03 

-4.323091e-03  

-6.671960e-04 

-2.021177e-03 

-3.814159e-03  

-2.557713e-04 

-1.638615e-03 

-3.362705e-03   

1.579182e-04 

Sigma 

C.I  minimum  

C.I. maximum 

0.1217112*** 

0.1153296 

0.1295145 

0.1748012*** 

0.1647764 

0.1856455 

0.1691171*** 

0.1605337 

0.1785434 

0.1671589*** 

0.1599229 

0.1761282 

0.1651487*** 

0.1577271 

0.1730871 

 

Notes: Sigma is the robust standard deviation of the errors in the truncated regression of reciprocal of DEA score on the 

variables, after the second loop. C.I. = confidence interval. **, ***, a coefficient statistically significant at 5%, 1% 

respectively. 

 

Model 1 includes the long-run debt index, which consistently positively affects efficiency but is only 

highly statistically significant in the 2009–2014 window. Notably, the coefficient of the inventory 

turnover in days is always highly significant in all the windows and exerts a negative effect on firm 

efficiency. This outcome is in line with previous research where the findings suggest that a low 

turnover implies poor sales and, therefore, excess inventory (Engel, 2015; Husain and Alnefaee, 

2016). The accounts receivable turnover rate negatively impacts efficiency; this outcome implies that 

this financial variable reduces liquidity useful for modernizing fixed assets and other investments. 

The geographical control South does not consistently influence the firms' efficiency, although the 

effect is negative, but the 2011–2016 window. The age of a firm exerts an impact on its efficiency in 

a non-linear manner. Whereas being a young firm positively affects firm profitability, being an older 

firm has the opposite effect. 

As a further step of the investigation, Model 2 includes the short run-debt index (Table 3). In the long 

run, the coefficient shows a positive impact on firm performance, but in this case, the coefficient is 

highly significant in all the windows analysed. Notably, once again, the coefficient of the inventory 

turnover in days is consistently and highly statistically significant in all the windows and exerts a 

negative effect on firm efficiency. This result is congruent with the research by Engel (2015) and 

Husain and Alnefaee (2016). In addition, the accounts receivable turnover rate has a negative and 

substantial impact on efficiency, which confirms that this financial variable decreases the amount of 



liquidity useful for modernizing assets and enhancing investments. The geographical control South 

does not have any remarkable influence on efficiency; however, the effect is always negative. The 

firm's age exerts an impact on its efficiency in a non-linear manner, and the coefficient of AS is 

statistically significant only within the 2009–2014 window. 

 

 

 

Table 3. Post-WDEA: Simar Wilson double bootstrapping- model with Short-run debt.   
 

Window 2008-2013 2009-2014 2010-2015 2011-2016 2012-2017 

Intercept  

C.I minimum  

C.I. maximum 

1.169637e+00*** 

1.098339e+00   

1.242966e+00 

1.321778e+00*** 

1.222170e+00   

1.414509e+00 

1.199544e+00*** 

1.109390e+00   

1.287062e+00 

1.220276e+00*** 

1.135907e+00   

1.303981e+00 

1.248937e+00*** 

1.173640e+00   

1.323843e+00 

short run-debt -Sit 

C.I minimum  

C.I. maximum 

-3.378232e-02*** 

-3.995344e-02 

-2.806860e-02 

-6.780838e-02*** 

-7.561033e-02  

-5.957107e-02 

-5.013389e-02*** 

-5.726062e-02  

-4.330047e-02 

-5.176873e-02*** 

-5.797215e-02  

-4.573424e-02 

-5.374464e-02*** 

-5.972059e-02  

-4.751482e-02 

I.T. in days- ITit 

C.I minimum  

C.I. maximum 

4.630002e-02*** 

4.038435e-02   

5.240947e-02 

6.155464e-02*** 

5.330901e-02   

7.057155e-02 

5.636969e-02*** 

4.923356e-02   

6.388904e-02 

5.422844e-02*** 

4.707353e-02   

6.188538e-02 

5.210137e-02*** 

4.523897e-02   

5.891644e-02 

Acc.r.turnover  - ARit 

C.I minimum  

C.I. maximum 

4.798986e-02*** 

3.794092e-02   

5.895252e-02 

6.907774e-02*** 

5.658548e-02   

8.256414e-02 

7.182825e-02*** 

5.957993e-02   

8.491940e-02 

7.142474e-02*** 

5.915859e-02  

8.285177e-02 

6.880508e-02*** 

5.784962e-02   

7.926468e-02 

South - Dit 

C.I minimum  

C.I. maximum 

3.525046e-03 

-1.737543e-02   

2.313664e-02 

4.350855e-03 

-2.228680e-02   

3.030648e-02 

5.598677e-03 

-1.923490e-02   

2.944273e-02 

4.637840e-03 

-1.761512e-02   

2.636708e-02 

9.542139e-03 

-1.213417e-02   

3.103554e-02 

Age squared   - ASit 

C.I minimum  

C.I. maximum 

2.107517e-05 

7.467269e-06   

3.394779e-05 

 

2.669085e-05** 

1.233125e-05  

4.147037e-05 

1.610834e-05 

-2.361605e-06   

3.494719e-05 

1.271994e-05 

-4.962593e-06   

2.912701e-05 

1.228179e-05 

-5.412407e-06   

2.825873e-05 

Age - Ait 

C.I minimum  

C.I. maximum 

-1.453010e-03 

-2.730173e-03  

-2.310994e-04 

-2.260652e-03 

-4.030576e-03  

-4.738308e-04 

-1.259145e-03 

-2.996901e-03   

5.950487e-04 

-8.745636e-04 

-2.553337e-03   

7.386778e-04 

-6.347109e-04 

-2.170406e-03   

9.134897e-04 

Sigma 

C.I minimum  

C.I. maximum 

0.1127936*** 

0.1064451 

0.1193097 

 

0.1584156*** 

0.1507172 

0.1689433 

0.1584198*** 

0.1508644 

0.1672985 

0.1565666*** 

0.1494332 

0.1644061 

0.155007*** 

0.1480526 

0.1627055 



 

Notes: Sigma is the robust standard deviation of the errors in the truncated regression of reciprocal of DEA score on the 

variables, after the second loop. C.I. = confidence interval. **, ***, a coefficient statistically significant at 5%, 1% 

respectively. 

 

 

 

6. Discussion and conclusions 

This research explored the relationship between inventory and efficiency in the agricultural sector, 

largely neglected in the literature. A panel WDEA employed a large sample of firms over ten years 

(2008–2017), and a total of five windows were identified. The post-WDEA addressed the 

determinants that mainly affect firm efficiency.  

The paper revealed that inventory turnover in days exerts a substantial negative impact on firm 

efficiency. High levels of stocks in the warehouse cause financial and non-financial burdens that 

reduce business profitability because of storage costs, additional warehouse expansion investments, 

loss of products, and missed opportunities to maximize production capacity. High inventory levels 

also adversely affect business cash flow, reducing efficiency and effectiveness and biased 

functionality (Agu et al., 2016). This negative outcome is in line with similar research in the 

secondary sector (Hançerlioğulları et al., 2016; Khan et al., 2016; Roni and Djumahir, 2016; Kroes 

et al., 2018). Agricultural firms must concentrate on preparing inventory budgets at timely intervals. 

As inventory contributes to a relevant quota of current assets, well-structured and planned 

management would positively impact business profitability (Selvanayakia et al., 2016). Hence, the 

negative effect of inventory on efficiency needs to be further monitored in the future. More and more 

agricultural firms are innovating towards packaging and finished products to be delivered to the 

service sector, where Italy is a leading country (ISTAT, 2019). This complementary and support 

activity should experience a further expansion driven by the EU-2030 “farm to fork” strategy and 

changes in preferences due to the adverse effects of the COVID-19 pandemic on long supply chains 

and consumers’ preferences for organic and genuine products purchased directly from producers. The 

expansion of agri-food complement activities can shorten storage time, making agricultural raw 

material less perishable (Husain and Alnefaee, 2016). 

As a further outcome, the accounts receivable turnover rate showed a negative impact on efficiency. 

As Gorondutse (2016) suggested, managers in small- and medium-sized enterprises (SMEs) can 

improve business profitability by reducing their cash conversion cycle. For Gu et al. (2017), a higher 

accounts receivable turnover rate results in faster enterprise receivables, fewer debt losses, and higher 

liquidity of the SME. However, according to the empirical findings, both the short-run debt index and 

the long-term debt index (including debt with banks) positively impact efficiency (Pulina and Santoni, 

2018). This result is compatible with the fact that, although the short-run effect has proven to be 

stronger in the Italian agricultural sector than the accounts receivable turnover rate, this indicator can 

be associated with improving overall infrastructure. When financial debt tends to increase, the amount 

invested also tends to be higher. 

The longevity of agricultural firms presented non-linear effects (see also Margaretha and Supartika, 

2016; Pulina and Santoni, 2018). While being a young firm positively affected firm profitability, 

being an older firm had the opposite effect. Firms that operate for a relatively long time do not 

innovate or renew fixed assets, such as plants and equipment, making the overall production process 

obsolete. As Galluzzo (2016) remarks, the average Italian farm is close to 56 years old. Such longevity 

makes the sector relatively rigid, and young people find it challenging to invest in land capital. The 

non-linear outcome is also coherent with ISTAT (2019) report that addresses Italy’s agricultural 

sector’s important achievements in complementary and secondary activities. Young people are 

arguably more likely to enhance business innovation and diversification, such as complementary agri-



food entrepreneurship (from packing to supplying finished products), renewable energy production 

(e.g., biomass, solar, wind, and photovoltaic energy), agritourism activities, and recreational and 

learning activities (Canovi and Lyon, 2019). The findings suggest that the EU-2030 strategy should 

be directed at young and skilled people who are likely to improve firms’ economic efficiency and 

achieve the objective of the EU Green Deal, such as the farm to fork strategy, driven by direct 

channels of e-commerce.  

The empirical findings also showed that the northern Italian regions are more efficient than the central 

and southern regions. This study also confirmed that the Sardinian agricultural sector still outperforms 

the Sicilian sector (Galluzzo, 2017). Additionally, in recent years, during real economic turmoil, 

Sardinian firms were more efficient than the other geographical macro-areas in the county. As 

Galluzzo (2017) emphasised, Sardinian firms are characterized by higher firm dimensions and CAP 

support. 

Overall, the present analysis suggested that the key potential improvements that the agricultural sector 

in Italy can achieve are based on increasing investments in assets such as machinery and plants and 

efficient and effective inventory management. Although this paper focuses on Italian regions, it offers 

a novel dynamic framework in the field with the advantage of assessing the evolution and robustness 

of the findings across time. Future research should replicate this methodology for other geographical 

settings to further generalize the results, especially on the relationship between inventory turnover 

and economic efficiency. 
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