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Abstract: Most global zinc firms consist of multiple refineries with various production capacities.
However, it is known that efficiency and Bonus Zn are mostly dependent on a firm’s production
capacity. Thus, it is important to examine whether there is knowledge transfer of efficiencies and
Bonus Zn among refineries within the same company, even if their production capacities are quite
different. The Data Envelopment Analysis (DEA) is used to measure efficiency scores of forty-two
zinc refineries. To examine whether there is a knowledge transfer about efficiency and Bonus Zn
within a firm, a propensity score model is newly applied. Additionally, a regression model is utilized
to identify whether this propagation is more effective if refineries are in the same country. It is found
that about 86% of the refineries are inefficient, which indicates that there is much room for refineries
to improve their performance. From the result, it is identified that the knowledge of efficiency and
Bonus Zn is transferred within the company. This transfer is particularly influential when both
refineries are located in the same country. We also find that firm’s revenue can be maximized when
efficiency is high and the production capacity and/or Bonus Zn are significant.

Keywords: efficiency; Bonus Zn; environmental regulation; production capacity; data envelopment
analysis; propensity score model; zinc refining firms

1. Introduction

The recent slowdown of global economic growth, strengthened environmental regulations, and
steadily rising energy costs have made the zinc smelting business environment increasingly difficult and
competition among companies has intensified [1,2]. Zinc refineries are emphasizing efficiency as a way
to survive and further secure a competitive advantage [3]. Borza [4] identified the common interests
of efficiency and sustainability by correlating the objectives to reach an optimum level of efficiency
with those creating the conditions for economic sustainability. Carley and Spapens [5] addressed
that compliance with the future requirements and in order to ensure sustainability, a revolution of
production efficiency will be needed.

Recently, companies are also trying to alleviate environmental pollution and environmental issues
by reducing resource consumption and cost in the production of products based on eco-efficiency
concepts [6,7]. Therefore, in the zinc industry, the efficiency of production and Bonus Zn are important
issues directly related to improving sustainability and solving environmental problems.

The steel industry, which has a manufacturing process and management environment similar
to those of the zinc industry, has conducted various studies on efficiency using Data Envelopment
Analysis (DEA) to increase efficiency. Lee and Kim [8] analyzed the efficiency and profitability of all
twenty-eight major Korean steel companies and presented the target values for becoming efficient
companies. Cho and Bae [9] analyzed the efficiency of major steel companies in the world in research
beyond Korean steel companies. Through this, they have presented possible reasons for the growth of
Korean steel companies.
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As a result of measuring the efficiency of twenty-six Korean steel companies, Shin [10] revealed
that domestic steel companies are worse in scale efficiency than pure technology efficiency. This is
because small and medium-sized steelmakers have made inefficient investments in steel processing
facilities (such as rolling) to achieve economies of scale through expansion of production facilities as
competition among companies has intensified.

Choi and Ha [11] used the R & D expenditure as a proxy variable of technological innovation for
three East Asian countries: Korea (45 firms), China (54 firms), and Japan (46 firms). The results showed
that the higher the level of innovation activity, the higher the efficiency. The reference company for
benchmarking was suggested.

Debbath and Sebastian [12] measured the efficiencies of twenty-two Indian steel companies. As a
result of the study, it was argued that the expansion of facilities and the continuous development
of technology are necessary to increase efficiency in the Indian steel industry. A number of studies
have been conducted on efficiency in the steel industry, which has a similar process and business
environment to the zinc industry. However, most studies have been limited to the analysis of the
efficiency status of firms and the analysis of changes in efficiency, while failing to identify the factors
that affect the efficiency of firms and provide in-depth analysis of the factors.

Lately, Park and Kim [3] not only presented the efficiency status of the East Asian zinc refinery
based on data from forty-three East Asian zinc refineries, but also identified the factors affecting
efficiency. Their findings show that the capacity of the zinc refinery and Bonus Zn, that represents
the refinery’s production and process technology capabilities to extract extra zinc, are the factors that
influence the efficiency of a refinery. Park and Kim [3] considered only the refineries located in East
Asia and did not include refineries owned by East Asian companies but located outside of the region.
Thus, by expanding the study of Park and Kim [3] to refineries around the world, we can identify
whether cooperation and synergy among refineries belonging to the same company have an influence
on efficiency and Bonus Zn recovery.

There are a number of strategic motivations and objectives for a firm to own and operate multiple
peers [13]. Chang and Song [14] addressed that if cooperation is established between these peers in
a firm, it enhanced corporate value and product diversification. However, according to a study by
Kim and Cho [15], the operation of multiple peers by one corporate structure can be characterized by
disadvantages such as difficulty of control rather than synergy effects. Therefore, it can be seen that
there are conflicting results in the performance of a firm running multiple peers. In the case of firms
operating multiple zinc smelters, the production capacity of smelters in the firm is different. In general,
the production capacity of the central smelter is much larger than other smelters in the firm.

When operating refineries with large differences in production capacity, if production capacity
has a significant impact on the efficiency of smelters, will synergies result from the operation of these
multiple refineries? Will it have a positive impact on efficiency in particular? Because smelters in
the firm have different production environments in terms of production capacity that affects their
efficiency, even if they belong to the same company, cooperation, or synergy between each other may
not appear in efficiency performance. We define a primary refinery as a refinery that has the largest
production capacity in a company and the remaining refineries are defined as secondary level refineries.
According to Park and Kim [3], the efficiency of the smelter is low when its production capacity is
small. Thus, even if the efficiency of the primary smelter in the firm is high, the efficiency of the other
small smelters in the firm may be low if the effect of production capacity is applied.

In the meantime, Rhee [16] stated that when the ownership of companies, business organizations,
or operating units is transferred to or consolidated with other entities, the larger the size difference
between these entities, the higher the post-merger performance. This is because a large company
has effective control over small firms, which means that cooperation and technology transfer can be
efficient from the large company [17]. However, some argue that the transfer of knowledge is more
difficult if the differences within organizations are large [18]. Szulanski [19] studied barriers that
make the transfer of knowledge in a company difficult and complex. His findings indicate that the
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major obstacles to knowledge transfer within a firm are the recipients’ lack of the ability of knowledge
diffusion and the complex relationship between knowledge holders and recipients. Therefore, effective
knowledge transfer requires the knowledge holders’ ability to diffuse knowledge and the recipients’
ability to absorb it [20]. Tang [20] defined the disseminative capacity as the knowledge holders’
ability of effectively and efficiently communicating and transmitting knowledge to other members
in a network, while the absorptive capacity is the recipients’ ability of receiving it. Takii [21] also
addressed that knowledge transfers cannot be effective when the recipients do not have sufficient
capacity, technologies, or trained people to take in and fully utilize the knowledge. Therefore, the effect
of knowledge transfer on large gaps in capacity between organizations has pros and cons.

Since the majority of the zinc refining firms that operate multiple smelters is composed of several
small-scale smelters and one or several large ones in terms of production capacity, the results of the
study by Rhee [16] can be applied in this case. If this is the case, the spillover effect of transferring
knowledge and technologies from the primary refinery to the other refineries in the firm can be
expected [14]. The Bonus Zn represents the amount of zinc extracted in excess of the amount of zinc
expected to be contained in the zinc or at the time of its purchase and is determined later by firm’s
proprietary process technology or methods. Therefore, efficiency and Bonus Zn could be indicators
that represent the level of the firm’s skills and technologies. In other words, when the efficiency and
the amount of additional zinc of the primary refinery in a firm are high, those of the other refineries
belonging to the same firm are expected to be higher than those of second level refineries whose
primary refinery has low efficiency and Bonus Zn. In addition, if refineries in a firm are located in
the same country, the propagation of knowledge would be more effective since these refineries are
close in terms of distance, language, and culture [13]. Zaidman [22] and Zaidman and Brock [23] also
addressed that it is difficult to transfer knowledge to subsidiaries that exist overseas because of cultural
differences. Therefore, it can be expected that there will be a difference in the efficiency of knowledge
transfer between smelters in the same area as those who transfer knowledge and subsidiaries abroad.

Thus, in this study, we have two main research questions. First, does the knowledge (such as
efficiency and Bonus Zn) of the primary refinery propagate to the rest refineries in the same firm even
if there are differences in their capacity? Additionally, is this propagation more effective if refineries
are in the same country? Second, does this knowledge affect financial performance of the firm? To our
knowledge, however, the comparison of efficiency of zinc refineries in the world as well as the spillover
effect in the firm has not been studied yet. To measure efficiency of zinc refineries, the slack-based
model is used. The propensity score model is applied to identify if there is a propagation of knowledge
of efficiency and Bonus Zn within a firm. Additionally, a regression model is utilized to identify
whether this propagation is more effective if refineries are in the same country. Moderated multiple
regression model is tried to show the effect of knowledge on firm’s financial performance.

2. DEA Model

How to measure efficiency can be divided into two major categories: parametric and nonparametric.
DEA is a nonparametric method based on the concept of nonparametric efficiency measure proposed
by Farrell [24] and the concept of distance function of Shephard [25]. This method is characterized
by the ability to consider multiple input and output factors and the ability to measure the efficiency
between input and output factors with different specific units of measure.

DEA uses linear programming to derive the most efficient DMU from all the decision-making units
(DMU) to be evaluated and then calculate the relative efficiency of the individual DMUs based on this.
DEA can be divided into the Charnes, Cooper and Rhodes (CCR) model proposed by Charnes et al. [26]
and the Banker, Chames and Cooper (BCC) model developed by Banker et al. [27]. The CCR model is
referred to as the constant returns to scale (CRS) model assuming that the ratio of the input and output
is constant regardless of the size. The BCC model is called as the variable returns to scale (VRS) model
assuming that the ratio of the input and output can vary with the size.
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On the other hand, efficiency is composed of pure technology efficiency and scale efficiency. Since
the pure technology efficiency of CCR model and BCC model are the same value, and CCR model
represents efficiency when it is optimal in scale, inefficiency due to size can be inferred from the
difference between CCR and BCC model. In addition, from the BCC model, whether the DMUs are in
the economies of scale or in the diseconomies of scale can be determined when the DMUs are not in
the optimal scale.

CCR and BBC models fall into the radial model because inefficient DMUs move in the direction of
the origin to become efficient. In the radial model, there is a disadvantage that the distorted efficiency
value can be generated even as there are slacks of the input and the output variables. To overcome
this problem, Tone [28] proposed Slacks Based Model (SBM) evaluating the efficiency based on slacks.
In this study, we utilize the SBM to measure the efficiency and CCR and BCC are used to obtain scale
efficiency values. The mathematical formulation of the SBM is presented as follows. Here, we assume
that there are J DMUs, M input resources, and N output variables.
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3. Data Collection and Variable Selection

3.1. Data

In order to measure the efficiency using the DEA, the DMU to be analyzed must first be determined.
The DMUs in this study are the world’s zinc smelting refineries with capacities of more than 10,000 tons
of zinc production. To analyze the efficiency of the zinc smelting firms, we used data from 2014 of
Wood Mackenzie, a global energy, metal and mining business consulting firm. The DMU finally used
is 66 smelters considering the availability of data.

3.2. Variable Selection

In order to utilize DEA meaningfully, the selection of input and output variables is important.
One way to choose these variables is to refer to prior studies. In addition, variables could be chosen
so that they accurately reflect the organization’s key management indicators or objectives [29,30].
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In this study, the input and output variables were determined with consideration of both the previous
research [8–12,31,32] and the key management indicators used in zinc refinery industry [3].

First, labor, energy, maintenance, and raw material costs were selected as input variables. Labor
costs were used as input variables in previous studies of the zinc and steel industries. Energy,
maintenance and raw material costs were selected considering that these are key management
indicators of the zinc smelting industry. The output variables used in this study are sales revenue and
production volume. These variables are used in almost all industrial studies as well as in the zinc and
steel industries. In particular, sales revenue represents qualitative as well as quantitative aspects of
management indicators since it includes price and quantity of the product. In general, the number of
DMUs should be at least three times larger than the sum of the number of input and output variables.
In this study, this condition is satisfied since we have forty-two DMUs with fifteen primary refineries.
The average capacity of the primary and second level refineries is 281.40 kt and 143.63 kt, respectively.
As you can see, there are significant differences between primary and secondary level refineries. The
descriptive statistics of input and output variables used in this study are summarized in Table 1.

Table 1. Descriptive statistics of input and output variables.

Input Variables Output Variables Capacity

Labor Energy Maintenance Raw
Material

Sales
Revenue

Production
Volume Primary Second

Level

000 U$ 000 U$ 000 U$ 000 U$ 000 U$ kt kt kt

Max. 1,098,137 1,629,518 326,822 6,783,104 5,243,147 1119 560 360
Min. 2759 4304 540 12,730 13,225 12 100 20

Mean. 112,361 213,205 44,310 913,304 700,736 269 281.40 143.63
Standard
Deviation 228,456 377,415 77,064 1,666,122 1,304,119 294 151.75 80.20

3.3. DEA Models

As introduced earlier, in this study, SBM is used to measure the efficiency, and CCR and BCC
models are utilized to calculate the scale efficiency. Traditionally, CCR and BBC models have been
most frequently used to measure efficiency since they were the first models developed and are easy to
understand and use. In the case of these radial methods, the efficiency value is one even in the presence
of the slack variables, which is not correct. The SBM has been recently developed as a non-radial
method to overcome this weakness of these radial models [28].

3.4. Regression Model

To analyze the factors that affect the outcome of DEA, the Tobit regression model has generally
been used because the range of efficiency scores of DEA is bounded between zero and one [33].
However, many recent studies addressed that models generate almost identical results since these
efficiency scores are only fractional data [34]. Thus, in this study, the following regression model is
used to analyze the effect of location on transferring knowledge within a firm.

S Effi = α+ β1P Eff j + 1Loci j + εij (9)

where, S Effi represents the second level DMUi’s efficiency score obtained from DEA. P Effj is the
efficiency score of the primary j. Note that DMUi and DMUj are in the same firm. 1Loc shows whether
the primary and second level refineries are located in the same country. Thus, if the secondary level
refinery i and the associated primary refinery j are located in the same country, the 1Loc variable has
one. Otherwise, it has zero value.
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3.5. Propensity Scores

To test if primary refineries’ know-how leads to secondaries’ efficiency and Bonus Zn performance,
a propensity-score model is used. By this approach, it is possible to control covariates with a propensity
score so that an effect of the variable of interest on the dependent variable could only be examined. The
basic advantage of this approach is that instead of matching directly on multiple dimensions, we match
high-efficient and low-efficient firms based on a one-dimensional summary variable: the probability
of being included in treatment group as predicted by the matching characteristics (also called as
a propensity score) [35]. In this study, we follow the following steps to test the dissemination of
knowledge from the primary to secondary level refineries.

First, a logistic regression model of dissemination with a capacity as a covariate. Based on the
model, we calculate the propensity score for all secondary level refineries. Next, we sort secondary
level refineries based on their propensity scores and run the nearest matching algorithm. Finally,
we conduct t-tests for differences in means between secondary level refineries with high performance
(efficiency and Bonus Zn) primary refineries and secondary level refineries with low performance
(efficiency and Bonus Zn) primary refineries.

4. Results

4.1. Efficiency Scores

In this study, to analyze the efficiency of the scale of the zinc refineries, we used the output-based
CCR and the BCC models, and for the efficiency the SBM model was used. The results are shown
in Table 2.

The first column of Table 2 shows the DMU. The bold DMU numbers indicate they are primary
refineries. The second column is the result of the CCR model measured under the assumption of
constant return to scale revenue and represents the overall technical efficiency (TE). In the CCR
model, two refineries were found to be efficient, and the remaining forty refineries were relatively
inefficient DMUs. The next column indicates the results of the BCC model, which represents pure
technical efficiency (PTE). In the BCC model, nine efficient refineries were identified, and the remaining
thirty-three DMUs were inefficient. Scale efficiency (SE) is shown in the fourth column and two DMUs
are efficient in scale. Scale efficiency can be obtained from dividing the result of CCR by that of BCC.

The fifth and the sixth columns indicate the cause of the inefficiency. If technical or scale inefficiency
is the reason, the fifth or sixth column is bold pointed, respectively. If technical inefficiency is the
cause, the DMU should consider the improvement in technical matters such as knowledge of processes
and/or technologies and product development. If scale inefficiency is the cause, the amounts of inputs
should be adjusted to the proper volumes of energy, maintenance, and raw materials to be efficient.
From the results, we can see that most DMUs (thirty-one out of forty-two) need improvement in their
technical efficiency rather than scale adjustment. It is also found that two largest refineries (Korea Zinc
in Korea and Glencore in Spain) in terms of their capacity turn out to be efficient and the smallest DMU
in our study shows the lowest efficiency as expected. This also tells that the production capacity is one
of the most important factors in efficiency.

The seventh column gives information on whether the yield per unit will increase or decrease as
the refinery is scaled up. Constant return-to-scale (Constant) means that the current scale is optimal.
Therefore, there is no need to scale up or down, and the two largest DMUs also belong to this group.
However, most DMUs are in “Decreasing”, which suggests that the output gained for the current input
is in a low efficiency state and therefore the scale can be reduced to increase the efficiency. On the
contrary, DMUs in “Increasing” can be increased in scale so that they can get higher return ratio. The
last column shows efficiency score obtained from the SBM, where nine refineries are efficient and the
remaining thirty-three refineries are inefficient. The average efficiency score of the total refineries
studied is as low as 0.44, which represents that most refineries need improvement. The average
efficiency of the primary refineries is shown to be 0.62 and that of the secondary level refineries is 0.27.
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As you can see, the primary refineries are much more efficient that those of their secondary level
refineries. This also implies that production capacity could be one of key factors in refinery efficiency.

Table 2. Efficiency scores of decision-making units (DMUs).

DMU
CCR BCC Scale Cause of Inefficiency

RTS SBM
TE PTE SE (TE/PTE) PTE SE

1 0.675 0.678 0.996 � Decreasing 0.574
2 0.655 0.678 0.967 � Increasing 0.524
3 0.672 0.730 0.921 � Decreasing 0.498
4 0.174 0.488 0.356 � Decreasing 0.035
5 0.490 0.637 0.770 � Decreasing 0.132
6 0.476 0.488 0.975 � Decreasing 0.239
7 0.471 0.489 0.964 � Increasing 0.330
8 0.383 0.562 0.680 � Decreasing 0.119
9 0.481 0.612 0.786 � Decreasing 0.250

10 0.498 0.638 0.780 � Decreasing 0.273
11 0.464 0.564 0.822 � Decreasing 0.246
12 1.000 1.000 1.000 Constant 1.000
13 0.708 1.000 0.708 � Increasing 1.000
14 0.321 0.623 0.515 � Decreasing 0.122
15 0.714 0.741 0.963 � Increasing 0.233
16 0.741 0.821 0.902 � Increasing 0.658
17 0.682 1.000 0.682 � Increasing 1.000
18 0.555 0.747 0.743 � Decreasing 0.163
19 0.374 0.453 0.825 � Decreasing 0.044
20 0.443 0.524 0.845 � Decreasing 0.265
21 0.409 0.595 0.686 � Decreasing 0.090
22 0.216 0.444 0.486 � Decreasing 0.120
23 1.000 1.000 1.000 Constant 1.000
24 0.894 1.000 0.894 � Increasing 1.000
25 0.485 0.540 0.898 � Decreasing 0.406
26 0.598 0.774 0.773 � Decreasing 0.178
27 0.516 0.560 0.921 � Decreasing 0.193
28 0.758 1.000 0.758 � Increasing 1.000
29 0.650 0.716 0.907 � Decreasing 0.373
30 0.616 0.672 0.916 � Decreasing 0.532
31 0.700 0.703 0.996 � Increasing 0.553
32 0.589 0.611 0.964 � Decreasing 0.299
33 0.487 0.583 0.836 � Decreasing 0.412
34 0.822 1.000 0.822 � Increasing 1.000
35 0.731 1.000 0.731 � Increasing 1.000
36 0.796 0.796 0.999 � Increasing 0.445
37 0.432 0.576 0.751 � Decreasing 0.132
38 0.724 0.808 0.896 � Decreasing 0.666
39 0.260 0.497 0.524 � Decreasing 0.148
40 0.935 1.000 0.935 � Increasing 1.000
41 0.489 0.544 0.899 � Decreasing 0.212
42 0.479 0.581 0.825 � Decreasing 0.155

Mean 0.585 0.702 0.824
Primary: 0.62

0.440Second level: 0.27

4.2. Propagation of Knowledge from the Primary to the Secondary Level Refineries

To investigate whether knowledge could be transferred among refineries within the firm,
a propensity score method is used to reduce bias in comparing a treatment group to a non-randomized
control group.
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4.2.1. Efficiency

One of objectives of the study is to examine if the efficiency knowledge can be shared among the
refineries in the firm. To do this, primary refineries, whose efficiency scores are larger than the median
of all primary refineries, are classified as a treatment group and the others belong to a control group.
A logistic regression model of a primary refinery is estimated. The covariates are the firm’s production
capacity and revenue. The predicted probability of the primary refinery, referred to as propensity
score, is calculated. The caliper matching is used to secure homogeneity, with similar propensity scores
between the treatment group and the control group for covariates. The results of caliper matching are
shown in Table 3. As can be seen in Table 3, nineteen companies in the treatment group and eleven in
the control group are matched, and the average differences in capacity and revenue are decreased 73%
and 76%, respectively.

Table 3. Matching results for efficiency.

Before Matching After Matching

Average

p-Value Standardized
Difference

Average

p-Value Standardized
Difference

Control
Group

(n = 23)

Treatment
Group

(n = 19)

Control
Group

(n = 11)

Treatment
Group

(n = 19)

Capacity 148.826 246.737 0.014 0.006853 178.000 246.737 0.179 0.004119
Revenue 43.174 41.842 0.601 −0.020423 41.364 41.842 0.871 0.007667

S eff 0.283 0.637 0.001 0.246 0.637 0.000

A t-test is conducted to examine the propagation of know-how about efficiency within the firm.
As in Table 4, the mean difference between the two groups can be judged to be statistically significant
at the significance level of 0.000 (p < 0.01). Therefore, it can be said that the knowledge related to
efficiency could be shared among all refineries in a firm.

Table 4. Result of the t-test.

Average Standard Deviation

t p-ValueControl Group
(n = 11)

Treatment Group
(n = 19)

Control Group
(n = 11)

Treatment Group
(n = 19)

S eff 0.246 0.637 0.164 0.352 4.133 0.000

4.2.2. Bonus Zn

The next objective of the study is to examine if the knowledge about Bonus Zn can be shared
among the refineries in a firm. To do this, primary refineries, whose amounts of Bonus Zn are larger
than the median of all primary refineries’ Bonus Zn amounts, are classified as a treatment group, and
other refineries in the firm are included in a control group. A logistic regression model of primary
refinery is estimated. The covariates are the firm’s production capacity and revenue. The propensity
score of the primary refinery is calculated. The caliper matching is used to secure homogeneity between
the treatment group and the control group. Table 5 shows the results of caliper matching. As shown in
the table, eighteen companies in the treatment group and eleven in the control group are matched, and
the average differences in capacity and revenue are decreased 44% and 49%, respectively.
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Table 5. Matching results for Bonus Zn.

Before Matching After Matching

Average

p-Value Standardized
Difference

Average

p-Value Standardized
Difference

Control
Group

(n = 24)

Treatment
Group

(n = 18)

Control
Group

(n = 11)

Treatment
Group)
(n = 18)

Capacity 176.000 215.944 0.316 0.002437 190.273 215.944 0.626 0.001417
Revenue 40.792 44.944 0.100 0.066209 40.545 44.944 0.200 0.054340
Bonus Zn 12.458 15.389 0.002 11.545 15.389 0.002

A t-test is conducted to examine the propagation of know-how about Bonus Zn within the firm.
As can be seen in Table 6, the mean difference between the two groups can be determined to be
statistically significant at the significance level of 0.002 (p < 0.01). Thus, it can be said that knowledge
about Bonus Zn could be spread among the entire refineries in a firm.

Table 6. Result of the t-test.

Average Standard Deviation

t p-ValueControl Group
(n = 11)

Treatment Group
(n = 18)

Control Group
(n = 11)

Treatment Group
(n = 18)

Bonus Zn 11.55 15.39 1.864 3.483 3.361 0.002

4.2.3. Location

We examine the importance of distance proximity that distinguishes between the international
and domestic relationships. We augment the previous model by introducing a dummy variable, 1Loc
that has one if the primary and secondary level are located in the same country, and zero otherwise.

S Effi = α+ β1P Eff j + 1Loci j + εij (10)

From the result in Table 7, we can see that the propagation of knowledge would be more effective.
This result is because these refineries are close in terms of distance, language, and culture so there are
fewer difficulties in communication among these refineries.

Table 7. Result of the regression model.

B Standard Error Standardized t p-Value

(intercept) −0.275 0.223 −1.234 0.225
P eff 0.745 0.15 0.689 4.951 0
1 Loc 0.205 0.153 0.311 1.997 0.053

4.3. Relationship between Revenue and Efficiency with Respect to Production Capacity or Bonus Zn

Figure 1 shows the relationship between revenue, efficiency, production capacity or Bonus Zn.
In Figure 1a, the relationship between revenue, efficiency, and production capacity is shown. X- and
Y-axes represent production capacity level and revenue, respectively, while two lines are classified
based on the level of efficiency. As can be seen from the figure, the difference in revenue according
to the production capacity is not large for the low efficiency group, but for the high efficiency group,
the difference in revenue is large according to the production capacity. Therefore, the efficiency could
be moderating the effect of firm’s production capacity on their revenue. In addition, when firms’
production capacities are low, there are a little difference in revenue between the high efficiency and
low efficiency groups. That is, when the firm’s production capacity is low, the level of firm’s efficiency
has no effect on their revenue. At the high production capacity level, however, the revenue of the firm
with high efficiency is much higher than that of the firm with low efficiency. This result is consistent
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with the results of Wei et al. [36] who studied the effect of production capacity on the revenue of
steel company.

In Figure 1b, the relationship between revenue, efficiency, and Bonus Zn is represented. The level
of Bonus Zn and revenue are shown on the X- and Y-axes, respectively, with two classified lines based
on the level of efficiency. As can be seen, the revenue differences between firms with low and high
efficiency according to Bonus Zn are small, but for the high efficiency group, the revenue difference is
large according to Bonus Zn. Thus, the efficiency could moderate the effect of firm’s Bonus Zn on their
revenue as in the case of production capacity. Additionally, when the firm’s level of Bonus Zn is low,
there is a little revenue difference between two different efficiency groups. In other words, if the firm’s
level of Bonus Zn is low, the firm’s efficiency level has no effect on their revenue. In the case of high
level of Bonus Zn, however, the revenue of high efficiency group is much larger than that of the low
efficient firm.

From Figure 1a,b, we can see that efficiency, production capacity, and Bonus Zn are important
factors in revenue. It is also found that firm’s revenue can be maximized when the efficiency is high
and production capacity and/or Bonus Zn are large.
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5. Conclusions

In this study, we examined the efficiency of forty-two zinc refineries in the world. Each refinery
belongs to one of fifteen firms. It is found that about 86% of the refineries are inefficient and overall
average efficiency score is about 0.44, which indicates that there is much room for refineries to improve
their performance. Each firm has a number of refineries, most of which consist of one large refinery
and remaining smaller ones. We find that the overall average efficiency of each firm’s largest refinery
is 0.62, and the overall average efficiency of the other remaining refineries is 0.27. These results show
that the difference in efficiency between the primary refinery of each company and the other refineries
is large. This may be due to differences in the production capacity of refineries [3].

On the other hand, as a result of analyzing whether the knowledge about efficiency is spread
within the company, it can be seen that this information is shared within the company at the significance
level of 1%. In general, if there are subsidiaries of the same industry within a company and a large
difference in size between them, then it is known that they are easily controlled by the larger company.
In the case of zinc refineries, the difference in size between refineries in a firm is large, so that it is
easy to control and spread the knowledge among them, and thus can be interpreted as to show these
results. In addition, since production capacity is an important factor in the efficiency of a zinc refinery,
knowledge about efficiency may be difficult to spread within a company if production capacity differs.
However, these results reveal that this information can be transferred from the primary refinery to the
other refineries in a firm despite differences in production capacity.
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Similarly, knowledge about Bonus Zn spreads within a company, which is statistically significant
at 5.3% significance level. The transfer of this knowledge within a firm is particularly influential when
both smelters are located in the same country.

Therefore, the strategy of focusing innovation efforts on the most competent smelters in the
firm first and then transferring the knowledge to other small refineries seems desirable. In addition,
considering the merger with the other zinc refineries, more efficient transfer of this knowledge is
possible if the refineries are located in the same country.

The relationship between revenue, efficiency, and production capacity was examined. From the
result, we find that the efficiency could moderate the effect of the firm’s production capacity in regards
to their revenue. This result is consistent with the results of Wei et al. [36] who studied the effect of
production capacity on the revenue of steel companies. In addition, the relationship between revenue,
efficiency, and Bonus Zn is also represented. Similarly, we show that the efficiency could moderate the
effect of firm’s Bonus Zn on their revenue as in the case of production capacity. From these results,
it is found that firm’s revenue can be maximized when the efficiency is high and production capacity
and/or Bonus Zn is large.

As an academic contribution of this study, the current status of efficiency of global zinc refineries
are presented, and the direction of efficiency improvement is suggested through the difference in
efficiency between the primary refinery and the remaining refineries in a firm. In addition, for the first
time, the characteristics of zinc refinery firms are identified in terms of production capacity, and the
fact that know-how in efficiency and Bonus Zn recovery could be shared within the firm are revealed
even if there is a big difference in production capacity between primary and the rest refineries in a
firm. In this study, the propensity-score matching model is newly applied to test whether primary
refineries’ knowledge lead secondary refinery’s efficiency and Bonus Zn performance. This approach
has an advantage of controlling covariates with a propensity score so that only an effect of the variable
of interest on the dependent variable could be identified. In addition, the effects of the efficiency and
Bonus Zn on the firm’s revenue are examined by the level of production capacities of refineries.

As a contribution to practical application, the strategy of resource and capacity allocation between
the primary refinery and the other refineries in a firm is suggested to improve the innovation capability
such as efficiency and Bonus Zn of the firm [37,38]. In addition, a strategy is given to consider refineries
in the same country for more efficient transfer of corporate knowledge when merging other refineries.

This study used 2014 data from Wood Mackenzie, a metal and mining business-consulting firm.
However, given the current date of 2019, some time lag occurs. The results of knowledge transfer based
on 2014 data may yield different results over time. Therefore, this is the limitation of this research and
can be the subject of future research.

In the future, panel data could be used to study changes in efficiency according to time and
technology development and the effects of the merger of zinc refineries. In addition, it is necessary to
analyze in detail the reason or backgrounds of the current strategy or business environment to add
refineries with small production capacity in expanding the firm even if the production capacity is one
of the most important factors in efficiency and Bonus Zn.
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