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Personnel expenses and productivity change in Peruvian stock mining 
companies 

Abstract 

Copper mining activities have a huge importance for both the Peruvian economy and the world. Then, it is 
important to analyze how mining companies face productivity to stay afloat in the competitive world market. For 
this reason, Peruvian mining companies were analyzed in the 2016-2019 period by employing the Malmquist 
index as well as its decomposition. Two-year, three-year, and four-year intervals were used for a better 
understanding of the results. It was found that the major determinants for productivity change was technical 
efficiency change and technological switch. 

Keywords: Malmquist index, copper mining companies, technical efficiency change, technological change.  

1. Introduction 

Cooper was probably the first metal ever used by humankind. Since 8000 B.C. cooper was employed in coins and 
ornaments (Doebrich, 2009). Nowadays, cooper is harnessed in building construction, industrial machinery, 
vehicles and electronic devices (Doebrich, 2009). Copper is a good electrical conductor; then, plenty of electronic 
devices employ cooper pieces because of its transmission properties (Del Águila et al., 2017). In consequence, a 
huge demand for cooper have been increasing over the years (International Council on Mining and Metals, 2011). 

A cooper global supply chain was established indeed (PwC, 2019). For one side, cooper manufacturing countries 
and on the other side nations blessed with cooper reserves. In the first class is located countries such as the United 
States, India and China which demands the major part of global cooper supply (Doebrich, 2009). Here China 
consumes and demand more than 50% of the cooper world supply (Bing et al., 2019). In the other group, Peru and 
Chile are the major cooper suppliers to the world (Fundación Chile, 2018). 

Therefore, an interdependence relationship has been made in among these countries (Chan, 2019).  Just focusing 
in Peru, it can be seen that cooper by itself provides more than 27% of the total Peruvian trading value (Ministerio 
de Energia y Minas, 2019). Moreover, Peru thanks to its friendly foreign investment environment continue 
attracting investments for future cooper extraction projects (Ernst and Young, 2019). According to the Cámara de 
Comercio de Lima (2019)those projects are valuated in more than fifty two billions of dollars. Of course, 
investments in cooper extraction projects would not be possible without the huge Peruvian reserves which 
according to the Peruvian Ministerio de Energía y Minas (2018) is the third around the world.  

The principal trade partner for Peruvian cooper is China, to this country about 60% of Peruvian total cooper 
production is destined (Ministerio de Energia y Minas, 2019). The free trading agreement signed between Peru 
and China boosted this relationship; hence China replaced the United States as the principal destiny of Peruvian 
exports, which includes copper (Chan, 2019).   

It is necessary to add that the Peruvian economy is one of social market (Olivos, 2010). Then, the Peruvian 
government allows private investment both national and international but with controls which guarantees social 
justice (Rivadeneira, 2009). Then, Peruvian mining production relies on private mining companies without any 
government intervention. However, the Peruvian government asks for taxes and contributions to the local 
government along with certain conditions for the mining activity (Sociedad Nacional de Minería Petróleo y 
Energía, 2011). Therefore, mining companies should seek the way to keep their investment profitable.  

One way to get higher levels of firm profitability is by stimulating firm productivity. For instance, Muminović 
and Barać (2015) revealed that increasing productivity affected profitability positively in the dairy processing 
industry of Croatia. Also, Margaretha and Supartika (2016) demonstrated that in the Indonesian stock market 
companies, there was a positive relationship between productivity and profitability. 

Therefore, it is necessary to know how mining companies are managing productivity in the last years. Hence, the 
current paper main objective will be to discover the mining companies’ productivity evolution through the 2015-
2019 period.  

2. Literature review 



2.1. Previous research 

Studies about productivity changes were carried previously. Ali & Lafta (2020) aimed to measure the economic 
efficiency and total productivity change of agricultural companies in Iraq in the 2005-2017 period. DEA and 
Malmquist index were harnessed for the research purpose. Labor and capital were employed as inputs; whereas 
agricultural firm´ production as output. The research encountered that capital would increase the productivity as 
well as the technological change. Hence, this study regarding to DEA points out the huge importance of 
technological change.  

Zhu et al. (2020) explored the efficiency and productivity of Pakistan´s banking industry from 2006 to 2017. DEA 
and Malmquist index techniques were employed. Then interest expense and non-interest expense were employed 
as inputs, while net interest income and non-interest income were harnessed as output variables. The research 
found that there was a productivity decline for all banks in average. However, it was found that when grouping 
banks by their origin, it was shown that the foreign banks increased their productivity in average, while the 
domestic banks suffered reductions on their productivity. Although, this study is focused on service companies, 
it is important to understand the usage of financial factors as inputs.  

Yang & Fang (2020) examined the green productivity of Chinese real estate companies from 2015 to 2018. Then, 
Malmquist index was employed. Chosen inputs were total assets, number of employees and number of patents. 
While, output variables were operating income, net income, green credit index and CO2 emission. The research 
encountered that firms´ green productivity increased in average from 0.701 to in 2015 to 0.849 in 2018. Finally, 
the authors claimed that technological progress was vital for productivity improvement. Therefore, this study also 
highlits the importance of thechnological progress for the productivity analysis. 

Sharif et al. (2019) analyzed the productivity change and efficiency of Malaysian companies. The period studied 
lasted from 2007 to 2016. Data Envelopment Analysis [hereinafter DEA] was harnessed as well as Malmquist 
Index. Total volume, dividends per share, market capitalization, price to book ratio, financial leverage were 
employed as inputs; while return on assets, return on common equity, and price earnings ratio were the output 
variables. The study found that productivity gain was due to a positive shift in the technology frontier and technical 
efficiency.  

Yonnedi & Rahman Panjaitan (2019) searched the efficiency and productivity of Indonesian regional development 
banks from 2011 to 2016 employing DEA and Malmquist index. The research used three variable selection 
approaches: intermediation approach, operational approach, and asset approach. For intermediation approach, 
third party funds, interest expense, and non-interest operating expenses were employed as inputs; while loans 
provided, interest income and non-interest income were selected as outputs. In the operational approach, interest 
expense, and non-interest operating expenses were the input variables; meanwhile, interest income and non-
interest income were the chosen outcomes. Finally, for asset approach, labor expenses, cost of funds and fixed 
asset expenses were choses as input variables; in contrast, loans provided, and investment placement were selected 
as output variables. The research found that highest productivity change took place in the asset approach supported 
by the increase of technical efficiency and technological change. In intermediation and operation approach the 
productivity increased because of technical efficiency change and scale efficiency swap. In consequence, along 
with technological change this study concluded that technical efficiency is necessary to understand productivity 
change.  

Masri & Asbu (2018) studied the productivity change of national health systems in the Eastern Mediterranean 
countries from 2003 to 2014. Hence, DEA and Malmquist index were employed. Total population, population 
proportion under 15 years, population proportion over 60, gross domestic product per capita, human development 
index, total health expenditure, general government general government health expenditure, out of pocket 
expenditure, and skilled health professional density were employed as input variables. Meanwhile, life expectancy 
and infant mortality were harnessed as desirable and undesirable outputs, respectively. The research found that 
productivity fell in all but five countries specially driven by technological issues.   

Consequently, examination of productivity switch was performed in different contexts around the world. Most of 
them encountered that technological change is of high importance to understand productivity change; also, those 
studies shown that the usage of financial factors as inputs are feasible. However, productivity change analysis in 
mining or extractive sectors were not as much as desired. Also, no studies were found about Peruvian mining 



companies’ productivity change. Then, the current paper aims to analyze the productivity switches in Peruvian 
copper mining companies by employing the Malmquist index in order to fill the encountered gap of analysis.  

2.2. Productivity change 

To talk about Malmquist index is necessary to refer to DEA. DEA is a non-parametric approach that employs 
linear programming techniques to estimate efficiency of set of units or Decision Management Unit [hereinafter, 
DMU], which is its technical name (Avkiran, 2006). Farrel (1957) conceived DEA as an efficiency analysis tool; 
however, further research has made it possible to employ DEA as a productivity change tool by the Malmquist 
Index. This index was developed by Caves, Christiensen and Diewert in 1982, who improved former Malmquist´s 
ratios distance function research published in 1953 (Aghayi et al., 2019). Also, they took concepts of Shephard´s 
theoretical indexes distance functions (Mohammadi & Ranaei, 2011). Next, Fare, Grosskopf, Lindgren, and Roos 
could decompose productivity index by employing Farrel´s efficiency measures (Delfín & Navarro, 2015). 
Consequently, the Malmquist index, specially its decomposition analysis, was linked with DEA.  

Malmquist index is mainly known as the product of efficiency change [catch up] and technological progress 
change [frontier]. Hereinafter, this decomposition will be called as decomposition one. Forsund (2002) depicts 
Malmquist index as follows:  

M (xt, y t , xt+1, yt+1)=  
𝐷𝑡+1(𝑥𝑡+1,𝑦𝑡+1) 𝐷𝑡(𝑥𝑡,𝑦𝑡)   [ 𝐷𝑡(𝑥𝑡+1,𝑦𝑡+1)𝐷𝑡+1(𝑥𝑡+1,𝑦𝑡+1) 𝐷𝑡(𝑥𝑡,𝑦𝑡)𝐷𝑡+1(𝑥𝑡,𝑦𝑡)]1/2 

Where: 

 

dt: t period distance 

dt+1: t+1 period distance 

xt: t period input vector 

xt+1: t+1 period input vector 

yt: t period output vector 

yt+1: t+1 period output vector ∆CE: Technical efficiency change: 
𝐷𝑡+1(𝑥𝑡+1,𝑦𝑡+1) 𝐷𝑡(𝑥𝑡,𝑦𝑡)    ∆CT: Technological progress change: [ 𝐷𝑡(𝑥𝑡+1,𝑦𝑡+1)𝐷𝑡+1(𝑥𝑡+1,𝑦𝑡+1) 𝐷𝑡(𝑥𝑡,𝑦𝑡)𝐷𝑡+1(𝑥𝑡,𝑦𝑡)]1/2 

 
The first component, i.e. technical efficiency change, estimates relative efficiency behavior from the first-period, 
t, to the following one, t+1. The second part, scilicet technological progress, is measured by the geometrical mean 
of the frontier change of t, and t+1 period (Vargas et al., 2016). Technical efficiency change, also called global 
efficiency change, is taken from Charnes, Cooper and Rhodes work (Charnes et al., 1978). They introduced it as 
an efficiency amount which evaluates the global efficiency of all units by comparing them with a DMU of 
reference or references (Jaime, 2016). Because of its creators’ technical efficiency change is also referred as CCR. 
The component technology change refers to how firms produce get their outcomes by employing their resources; 
hence, a better technology enables more production with the equal resources (Çalışkan, 2015). 

When the Malmquist index product [hereinafter, Mo] is >1, it indicates productivity gain. Otherwise, Mo < 1 means 
productivity loss. Finally, Mo = 1 shows no productivity change (Mohammadi & Ranaei, 2011). For all Malmquist 
components, the scores interpretation remain the same as written above.  

Fare, Grosskopf, Norris and Zhang, years later, proposed another decomposition view of the Malmquist ratio. 
They included the concepts of pure efficiency change and efficiency scale change; while maintaining 
technological change (Zofio, 2007). Hereinafter, this decomposition will be called decomposition two. Then 
Malmquist index can also be decomposed as follows:   

M(xt,yt,xt+1,yt+1)=
𝐷𝐵𝐶𝐶𝑡+1 (𝑥𝑡+1,𝑦𝑡+1)𝐷𝐵𝐶𝐶𝑡 (𝑥𝑡,𝑦𝑡) (𝐷𝐶𝐶𝑅𝑡+1 (𝑥𝑡+1,𝑦𝑡+1)𝐷𝐵𝐶𝐶𝑡+1 (𝑥𝑡+1,𝑦𝑡+1) 𝐷𝐵𝐶𝐶𝑡 (𝑥𝑡,𝑦𝑡)𝐷𝐶𝐶𝑅𝑡 (𝑥𝑡,𝑦𝑡)) [𝐷𝐶𝐶𝑅𝑡 (𝑥𝑡+1,𝑦𝑡+1)𝐷𝐶𝐶𝑅𝑡+1 (𝑥𝑡+1,𝑦𝑡+1) 𝐷𝐶𝐶𝑅𝑡 (𝑥𝑡,𝑦𝑡)𝐷𝐶𝐶𝑅𝑡+1 (𝑥𝑡,𝑦𝑡)]1/2 

 

Where: ∆CPt;t+1: Pure efficiency change: 
𝐷𝐵𝐶𝐶𝑡+1 (𝑥𝑡+1,𝑦𝑡+1)𝐷𝐵𝐶𝐶𝑡 (𝑥𝑡,𝑦𝑡)    ∆CS t;t+1: Efficiency scale change: (𝐷𝐶𝐶𝑅𝑡+1 (𝑥𝑡+1,𝑦𝑡+1)𝐷𝐵𝐶𝐶𝑡+1 (𝑥𝑡+1,𝑦𝑡+1) 𝐷𝐵𝐶𝐶𝑡 (𝑥𝑡,𝑦𝑡)𝐷𝐶𝐶𝑅𝑡 (𝑥𝑡,𝑦𝑡)) 

(2) 

(1) 



∆CT t;t+1: Technological progress change: [𝐷𝐶𝐶𝑅𝑡 (𝑥𝑡+1,𝑦𝑡+1)𝐷𝐶𝐶𝑅𝑡+1 (𝑥𝑡+1,𝑦𝑡+1) 𝐷𝐶𝐶𝑅𝑡 (𝑥𝑡,𝑦𝑡)𝐷𝐶𝐶𝑅𝑡+1 (𝑥𝑡,𝑦𝑡)]1/2 

 

The pure efficiency change score is taken from Banker, Charnes and Cooper work (Banker et al., 1984). This 
efficiency score, also called BCC, takes into consideration DMU magnitude; hence, BCC compares a DMU only 
with one of similar magnitude (Lai, 2013). Scale efficiency is the coefficient obtained by dividing the long term 
efficiency [i.e. CCR] and the short term one [i.e. BCC] (Banker et al., 1984). Scale efficiency determines if DMU 
works in an optimal operation scale or in a shortened or oversized one (Bruno & Erbetta, 2013).  

Finally, Malmquist index can analyze the productivity changes in a set of intervals which ranks from two-year 
interval (Cooper et al., 2011).  

3. Methodology 

First, cooper mining companies were selected according to its data availability. Then, only mining companies that 
participate in the Peruvian stock market were choses since the Ley de Mercado de Valores (2011) obligate these 
firms to keep an open access policy regarding their financial statements. Hence, all data was collected from the 
SMV database. Analyzed companies are shown in Table 1. 

Table 1. Companies analyzed 

Company Name Company short term 

Buenaventura BUENAV 

Santa Luisa LUISA 

Nexa Resources Peru NEXAPE 

Nexa Resources Atacocha ATACOC 

Cerro Verde CVERDE 

Corona MINCOR 

El Brocal BROCAL 

Southern Peru SCCO 

Volcan VOLCA 

 
It was necessary to follow Périco et al. (2017) methodological steps to get Malmquist index since as stated before 
it is linked to DEA efficiency analysis. First step of all, Périco et al. (2017) state that it is necessary to choose the 
variables necessary for the analysis; i.e. select output and inputs variables. Hence, the current research selected 
the elements of a cash flow financial statement [operating activities, investing activities and financing activities] 
as inputs, while sales as output. The reasons for choosing the parts of the cash flow statement was the homogeneity 
in the financial statements among the analyzed units; and, the accurate information about how resources are 
expended that only cash flow can give (Sherman, 2015). 

It is also necessary to keep in mind the number of input and outputs as suggested by Sarkis in Avkiran (2006). 
According to Sarkis, the DMU quantity can be; at least twice the sum of inputs and outputs, or at least three times 
the sum of inputs and outputs, or at least two times the product of inputs and outputs (Avkiran, 2006). Since the 
DMU quantity in the current analysis was nine, the number of inputs were three and there was only one input, the 
three options were fulfilled. Table 2 shows the variables chosen for the analysis.  

Table 2. Set of variables for the productivity analysis 

Inputs Outputs 

Operating activities Sales 

Investing activities 

Financing activities 

 
Table 3. Correlation test 



 
Sales Operating 

activities 
Investing 
activities 

Financing 
activities 

Sales 1.0000 
   

Operating activities 0.7416 1.0000 
  

0.000*** 
   

Investing activities 0.8272 0.7774 1.0000 
 

0.000*** 0.000*** 
  

Financing activities 0.6166 0.3478 0.3515 1.0000 

0.001*** 0.038** 0.036** 
 

After choosing the variables, Périco et al. (2017) recommend carrying a correlation test between the variables. 
Moreover, Avkiran (2006) claims that this analysis is to avoid redundant variables that may decrease the DEA 
discrimination power. Although Avkiran (2006) suggests that there is a risk of redundancy when correlation 
score is higher than .9, he remarks researcher criteria to establish the upper limit of correlation score and choose 
what variable is necessary to eliminate. Therefore, correlation test was performed for the whole period as shown 
in Table 3. It was not necessary to eliminate any variable since there was not redundancy between the input 
variables. 

Moreover, Périco et al. (2017) insists on choosing the model orientation [i.e. output or input orientation]. An input-
oriented model seeks to minimize inputs at a given output level, and an output-oriented model aims to minimize 
outputs at a given input level (Aziz et al., 2013). Lai (2013) suggest that the research should study if it is more 
feasible in the real world to minimize inputs or maximize outputs. Then, it was assumed for the research that it is 
going to be more realistic to maximize outputs rather than minimizing inputs. Therefore, output orientation was 
chosen. 

Although Périco et al. (2017) also suggest on choosing the suitable return to scale [constant return to scale or 
variable return to scale], it was not necessary since this research was focused on productivity analysis rather than 
efficiency study.  

Furthermore, Alemán et al. (2003), Avkiran (2006), Charles et al. (2011) and Wang et al. (2016) suggest verifying 
the isotonicity assumption which can be described as the condition of no outputs reduction for inputs increasing 
(Wang, 2016). As shown in Table 2, all inputs had positive correlations to the output. Hence, it was proved that 
if inputs increase the output will grow.  

After meeting all suggestions for building the productivity model, data was analyzed to Malmquist index scores 
employing the DEA solver by Springer software. For a better analysis it was taken two-year, three-year, and four-
year intervals. 

4. Results 

Table 4. Descriptive statistic 
 

Variable Measure Year 
2016 2017 2018 2019 

Sales* Mean 651036 826552 821983 802480 
Max 2384154 3202931 3054026 2940064 
Min 46017 92989 85370 69343 
Coefficient of variation 1.2331 1.2674 1.3041 1.3991 

Operating 
activities* 

Mean 239246 265024 240612 250811 
Max 951565 776984 654249 719416 
Min 7766 5617 32099 8498 
Coefficient of variation 1.2142 1.0191 0.9784 0.9631 

Investing 
activities* 

Mean 177843 149297 195592 173906 
Max 683554 756933 920812 665015 
Min 1091 5042 5393 11646 
Coefficient of variation 1.3837 1.5770 1.5319 1.3499 

Financing 
activities* 

Mean 157108 204437 106997 175600 
Max 793169 971593 450000 386435 
Min 0.0000 0.0000 0.0000 371 



Coefficient of variation 1.6518 1.4813 1.4691 0.8634 
*expressed in thousands of US$ 

  



Table 5. Two-year interval Malmquist Index 

DMU Malmquist Index Technical efficiency change Pure efficiency change Technological change Scale efficiency 
2016 
=>2017 

2017 
=>2018 

2018 
=>2019 

2016 
=>2017 

2017 
=>2018 

2018 
=>2019 

2016 
=>2017 

2017 
=>2018 

2018 
=>2019 

2016 
=>2017 

2017 
=>2018 

2018 
=>2019 

2016 
=>2017 

2017 
=>2018 

2018 
=>2019 

BUENAV 1.2490 2.0360 0.6969 0.9766 2.7258 1.0376 1.2076 1.3455 0.9939 1.2790 0.7469 0.6716 0.8087 2.0258 1.0440 
LUISA 0.6225 0.7684 0.3983 0.9617 1.0398 0.6049 1.0000 1.0000 0.9996 0.6472 0.7390 0.6584 0.9617 1.0398 0.6051 
NEXAPE 2.9690 0.4327 0.4831 2.0562 1.0000 0.6871 1.0000 1.0000 0.9607 1.4439 0.4327 0.7030 2.0562 1.0000 0.7152 
ATACOC 1.0000 1.0000 1.6271 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.6271 1.0000 1.0000 1.0000 
CVERDE 1.5733 0.5994 1.0663 1.0537 1.2512 1.0062 1.0000 1.0000 1.0000 1.4932 0.4790 1.0598 1.0537 1.2512 1.0062 
MINCOR 0.9320 0.7553 1.6634 0.6675 1.8275 1.2928 0.7564 1.6372 1.0000 1.3962 0.4133 1.2866 0.8825 1.1162 1.2928 
BROCAL 1.0285 2.2306 0.8688 0.9919 2.9667 1.2923 1.0165 1.0077 1.2813 1.0369 0.7519 0.6723 0.9758 2.9440 1.0086 
SCCO 1.3175 1.1486 0.7216 0.9112 5.7978 0.5084 1.0000 1.0000 1.0000 1.4459 0.1981 1.4193 0.9112 5.7978 0.5084 
VOLCA 0.8215 0.9786 0.8326 0.6979 2.0191 0.5018 0.5119 1.0794 0.8031 1.1770 0.4846 1.6593 1.3634 1.8706 0.6248 
% growth  55.56 33.33 33.33 22.22 77.78 44.44 55.56 66.67 33.33 77.78 0.00 55.56 33.33 77.78 44.44 
% constant 11.11 11.11 0.00 11.11 22.22 11.11 11.11 22.22 11.11 11.11 11.11 0.00 11.11 22.22 11.11 
% decreasing 33.33 55.56 66.67 66.67 0.00 44.44 33.33 11.11 55.56 11.11 88.89 44.44 55.56 0.00 44.44 
Mean 1.2793 1.1055 0.9287 1.0352 2.1809 0.8812 0.9436 1.1189 1.0043 1.2133 0.5828 1.0842 1.1126 2.0050 0.8672 
Max 2.9690 2.2306 1.6634 2.0562 5.7978 1.2928 1.2076 1.6372 1.2813 1.4932 1.0000 1.6593 2.0562 5.7978 1.2928 
Min 0.6225 0.4327 0.3983 0.6675 1.0000 0.5018 0.5119 1.0000 0.8031 0.6472 0.1981 0.6584 0.8087 1.0000 0.5084 
Coefficient of 
variation 

0.5420 0.5636 0.4869 0.3922 0.7086 0.3565 0.2094 0.2010 0.1216 0.2298 0.4175 0.3921 0.3476 0.7806 0.3020 

 
Table 6. Three-year interval Malmquist Index 

DMU Malmquist Index Technical efficiency change Pure efficiency change Technological change Scale efficiency 
2016=>2018 2017=>2019 2016=>2018 2017=>2019 2016=>2018 2017=>2019 2016=>2018 2017=>2019 2016=>2017 2017=>2018 

BUENAV 1.6236 1.4149 2.6620 2.8282 1.6248 1.3373 0.6099 0.5003 1.6383 2.1149 
LUISA 0.4592 0.3050 1.0000 0.6290 1.0000 0.9996 0.4592 0.4849 1.0000 0.6292 
NEXAPE 1.5802 0.1912 2.0562 0.6871 1.0000 0.9607 0.7685 0.2783 2.0562 0.7152 
ATACOC 1.0000 0.7518 1.0000 1.0000 1.0000 1.0000 1.0000 0.7518 1.0000 1.0000 
CVERDE 0.8117 0.5927 1.3184 1.2589 1.0000 1.0000 0.6157 0.4708 1.3184 1.2589 
MINCOR 0.6698 1.1810 1.2199 2.3625 1.2384 1.6373 0.5491 0.4999 0.9850 1.4430 
BROCAL 1.8459 1.7790 2.9427 3.8338 1.0244 1.2911 0.6273 0.4640 2.8727 2.9693 
SCCO 1.7099 1.1410 5.2829 2.9474 1.0000 1.0000 0.3237 0.3871 5.2829 2.9474 
VOLCA 0.9068 0.5207 1.4092 1.0131 0.5525 0.8669 0.6435 0.5140 2.5505 1.1687 
% growth  44.4400 44.4400 77.7800 66.6700 55.5600 55.5600 0.0000 0.0000 66.6700 66.6700 
% constant 11.1100 0.0000 22.2200 11.1100 22.2200 11.1100 11.1100 0.0000 22.2200 11.1100 
% decreasing 44.4400 55.5600 0.0000 22.2200 22.2200 33.3300 88.8900 100.0000 11.1100 22.2200 



Mean 1.1786 0.8753 2.0990 1.8400 1.0489 1.1214 0.6219 0.4835 2.0782 1.5830 
Max 1.8459 1.7790 5.2829 3.8338 1.6248 1.6373 1.0000 0.7518 5.2829 2.9693 
Min 0.4592 0.1912 1.0000 0.6290 0.5525 0.8669 0.3237 0.2783 0.9850 0.6292 
Coefficient of 
variation 

0.4351 0.6107 0.6619 0.6365 0.2668 0.2210 0.3040 0.2590 0.6680 0.5635 



Table 4 depicts the descriptive statistics of the employed data. It can be observed that average sales increased 
continuously from 2016 to 2019 as well as its dispersion. Sales maximum number also increased from 2016 to 2019 
but it was not constant as well as the minimum sale levels.  

Although mean operating activities had an unstable behavior since a growing year was immediately followed by a 
decreasing one, it was higher in 2019 than 2016. The upper limit of operating activities decreased from 2016 to 2019 
as its lower bound. Nonetheless, its variation decreased from 2016 to 2019. 

Average investing activities average also had a fluctuant evolution, with the 2019 value lower than its initial number. 
Similarly, its maximum values and coefficient of variation also were lower in the final year. Only investing activities 
lower bound was higher in 2019 than 2016. 

Finally, financing activities 2019 average value was lower than its 2016 mean value. Moreover, its maximum number 
also decreased as its coefficient of variation. However, in 2019 it could increase its lower bound from zero to 371 
thousand of US$. 

Table 5 shows the two-year Malmquist index as well as its decomposition. In such table it is seen that in the first 
period, 55.56% of companies grew its productivity, while 33.33% decreased it. The maximum productivity increase 
was done by NEXAPE, while the lowest score was reached by LUISA. In the second period, 33.33% of firms could 
increase its Malmquist index, while 55.56% of companies had reductions of its productivity. In this opportunity, 
BROCAL had the highest positive productivity change; meanwhile, NEXAPE had the lowest performance. In the final 
period, the percentage of both growing and decreasing productivity firms was the same as the second period. However, 
in this period MINCOR had the best productivity performance, and LUISA had the worst productivity switch again. 

In the technical efficiency change in the period first period the highest values were obtained by NEXAPE. In the second 
and third period SCCO and MINCOR, respectively. The lowest values were got by MINCOR, ATACOC and VOLCA. 
From the initial to the final period, more companies could improve its technical efficiency variation. 

The highest score in the pure efficiency change 2016-2017 period was reached by BUENAV, in the next period it was 
met by MINCOR, and in the final stretch it was gained by BROCAL. On the other hand, VOLCA got the lowest results 
in the terms 2016-2017 and 2018-2019; while, in the 2017-2018 stretch the lowest value belonged to CVERDE but it 
was not a reduction value. From the initial term to the last one less firm were able to improve its pure efficiency. 

CVERDE, ATACOC and VOLCA reached the highest technological swap values. It is important to add that the highest 
value in the period 2017-2018 was not a one-off increasing but a constant one. On the other hand, LUISA had highest 
decreasing scores in both first and last period; in the 2017-2018 stretch the lowest value was met by SCCO.   Like pure 
efficiency change, from the initial to the final term there was a reduction of improving firms in technological switch.  

About the scale efficiency change, it is shown that NEXAPE, SCCO and MINCOR had the highest values in the terms 
2016-2017, 2017-2018 and 2018-2019 respectively. Meanwhile BUENAV, NEXAPE and SCCO had the lowest ones 
in the periods described above. From the initial period to the final one more enterprise could increase its scale 
efficiency.  

Table 6 portrays the Malmquist index change and its decomposition in three-year interval. In such table is seen that in 
the Malmquist Index BROCAL had the highest scores, while LUISA and NEXAPE were the worst performing firms. 
When comparing the two periods it is observed that there was a growth in the number of companies with reductions in 
their productivity, the percentage of companies that improve their productivity remained the same; and there was an 
increment in companies that decreased their productivity. 

In the technical efficiency change, it is seen that SCCO and BROCAL had the highest scores. On the other hand, in 
the initial period the lowest score was reached by ATACOC, though it was a constant score, and in the final period 
LUISA had the poorest performance. Plenty of companies increased their technical efficiency in both terms. 

In the pure efficiency change, VOLCA had the lowest scores in both terms, while BUENAV and MINCOR were the 
best performing companies. In the technological change part, ATACOC performed the best in the two periods, while 



SCCO and NEXAPE reached the lowest values. In the two terms there was not any growing company. Finally, in the 
scale efficiency element, it is observed that MINCOR and LUISA obtained the worst scores; while SCCO and 
BROCAL the best ones. 

Table 7. Four-year interval Malmquist index 

DMU Malmquist 
Index 

Technical 
efficiency change 

Pure efficiency 
change 

Technological 
change 

Scale efficiency 

2016=>2019 2016=>2019 2016=>2019 2016=>2019 2016=>2017 
BUENAV 1.7026 2.7620 1.6149 0.6164 1.7104 
LUISA 0.2223 0.6049 0.9996 0.3675 0.6051 
NEXAPE 0.9233 1.4129 0.9607 0.6535 1.4707 
ATACOC 0.9502 1.0000 1.0000 0.9502 1.0000 
CVERDE 0.9968 1.3265 1.0000 0.7514 1.3265 
MINCOR 1.0431 1.5771 1.2384 0.6614 1.2735 
BROCAL 1.5256 3.8027 1.3125 0.4012 2.8974 
SCCO 1.6748 2.6857 1.0000 0.6236 2.6857 
VOLCA 0.4792 0.7071 0.4437 0.6778 1.5935 
% growth 44.4400 66.6700 55.5600 0.0000 77.7800 
% constant 0.0000 11.1100 11.1100 0.0000 11.1100 
% decreasing 55.5600 22.2200 33.3300 100.0000 11.1100 
Mean 1.0575 1.7643 1.0633 0.6337 1.6181 
Max 1.7026 3.8027 1.6149 0.9502 2.8974 
Min 0.2223 0.6049 0.4437 0.3675 0.6051 
Coefficient of 
variation 

0.4824 0.6142 0.2988 0.2748 0.4593 

 

Table 7 exhibits the Malmquist index and its components in the four-year interval which is the longest one. According 
to the Malmquist index, BUENAV performed the best, while LUISA the worst. It is interesting to add that LUISA had 
the poorest performing also in technical efficiency swap, technological change, and scale efficiency. Furthermore, 
55.56% of companies suffered contractions on their productivity but no one remained equal. In the technical efficiency 
switch component BROCAL had the highest score. Moreover, 66.67% of companies could improve its technical 
efficiency, but 22.22% suffered reductions in this element.  

BUENAV also performed the best in the pure efficiency change element, while VOLCA had the lowest score. About 
56% of firms could improve in this element, while 11.11% did not have any changes. ATACOC had the highest 
technological switch among the set of companies analyzed. However, no company could improve its technology in the 
interval. The last component, scale efficiency, shows that BROCAL had the best score. Also, in this element 77.78% 
of firms could increase their scores while 11.11% could not.  

It is seen that the major enhancer for the switch in productivity is technical efficiency change when decomposition one 
is done. Otherwise, when decomposition two is performed, the most relevant parts are technological change followed 
by scale efficiency. Hence it is not surprising that companies such as NEXAPE and MINCOR had the highest scores 
in Malmquist index, Technical efficiency change, and scale efficiency in the periods 2016-2017 and 2018-2019 
respectively. Moreover, LUISA had the worst productivity swap and the lowest scores in technical efficiency change, 
technological change, and scale efficiency change in the four-year interval.   

5. Discussion 

The current paper analyzed the productivity changes of Peruvian mining companies in the 2016-2019 period. 
Malmquist index analysis was employed in two-year, three-year, and four-year intervals. It was seen that according to 
the period analyzed not all companies could maintain its growing productivity level; then there were changes across 
the time. For instance, in the two-year interval analysis NEXAPE had the highest score in the first period but the lowest 
in the second one.  



When comparing the intervals, it is seen that the companies that did well in one interval not necessarily had good 
outcomes in the other ones. For example, CVERDE had a growing score in the two-year interval first period but a 
decreasing one in the first period of the three-year interval. Moreover, BUENAV did not have the highest score in any 
period of the two-year analysis but it was the best performing firm in the four-year interval. 

It was also observed that the major determinant for the Productivity change or Malmquist index was technical 
efficiency in the first decomposition. This finding matches with the results of Zhu et al. (2020), Sharif et al. (2019),and 
Yonnedi & Rahman Panjaitan (2019) since they encountered that technical efficiency was determinant for a company 
to get its productivity index in their analysis of banking industry, Malaysian companies, and regional banking 
respectively.   

If the Malmquist index is decomposed by employing the decomposition two, it was found that technology swap was 
the major driver for the Productivity index. Then, this finding matches with the results of Ali & Lafta (2020), Sharif et 
al. (2019), Yi et al. (2019), and Masri & Asbu (2018) studies. Ali & Lafta (2020) in their analysis about agricultural 
companies, Yi et al. (2019) study about real estate companies, Masri & Asbu (2018) in their study on national health 
systems, and as well as Sharif et al. (2019) encountered that technological change was a major determinant for 
Productivity outcome.  

Finally, it was seen that also Scale efficiency was an important factor for Productivity Index as the research made by 
Yonnedi & Rahman Panjaitan (2019) in the Indonesian regional banks.  

6. Conclusions 

The current research aimed to study the productivity evolution of Peruvian mining companies in the period 2016-2019. 
Hence, it was necessary to employ the Malmquist index as well as its components. Moreover, the productivity analysis 
was performed in two-year, three-year, and four-year intervals for a better perspective. According to the intervals some 
companies did well in certain periods but not in other. Also, there were companies with discrete performance in certain 
intervals but with outstanding performance in other. The research also found that technical efficiency followed by 
technological change and scale efficiency had the major impacts on the Productivity switch.  

Therefore, it is important for companies to keep the pace and not allow reductions in their productivity since both 
productivity and profitability are related. It can be stated that for copper mining companies is important to maintain 
and improve at least its technical efficiency as well its technological improvement. Better processes with an optimal 
use of resources may lead a better performance in this way. 

Moreover, it is worrying that each year less companies had increments on their productivity; however, it is important 
to understand that mining activities have a high dependence on factors outside the country, such as the international 
prices and demand, since almost the whole mining production is exported overseas. Then, for avoiding reduction on 
productivity it is important for companies to be flexible to the continuous changing environments of the world. Hence, 
prevision and quick actions are important for companies to be one step further than the changes. Although not all 
scenarios can be predicted, it is necessary for firms to be flexible and quickly adaptive for the unexpected.  

Finally, it is desirable to include in future studies data about employees’ number, machines and other physical factors 
that could also explain the productivity change. Also, it would be recommendable to include non-stock firms since 
data about those firms are desirable but difficult to get.  
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