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Abstract: The mining industry is one of the biggest industries and has a strong impact in Peru.
Despite the mining industry’s importance, it faces labor shortages and environmental risks. For
these situations, mining students are important sources of workers not only as labor forces but also
as skilled workers who can contribute to solving the environmental issues of mining companies.
Thus, the purpose of this paper is to assess Peruvian university mining students’ preferences for
labor conditions in mining sites using a discrete choice experiment in order to promote efficient
improvements in labor conditions in mining sites that contribute to stable employment and address
environmental concerns. The number of respondents was 222 in two Peruvian universities, including
males and females aged 16–35 years. The analysis’s findings indicate that labor conditions at mining
sites can be optimized by adjusting them to specific individual characteristics of potential mining
workers, resulting in a more efficient working environment for companies and workers.

Keywords: mining labor; labor condition; working condition; conjoint analysis

1. Introduction

The mining industry is one of the biggest industries and has a strong impact in Peru.
By the early 2010s, the value of Peru’s mining exports averaged USD 25 billion, or 14% of
the gross domestic product and more than 50% of the total exports [1]. Research shows that
in a part of Peru, namely, the Madre de Dios region, high-resolution satellite imaging data
indicate that the geographic expanse of mining sites increased by 400% from 1990 to 2012
because of the soaring price of gold following the world financial crisis [2]. In addition,
the Peruvian mining industry has taken a major role as a supplier in the international
market. According to an industrial report, Peru is the second-largest producer of copper,
zinc, and silver, the third-largest producer of lead, and the sixth-largest producer of gold as
of 2020 [3].

By contrast, local residents living near mine sites are occasionally perturbed by mining
activities. The environmental impacts of mining activities lead to conflicts between local
residents and mining companies [4]. For instance, gold-mining activities thriving in
Peruvian rain forests lead to mercury exposures, and high concentrations of mercury
among local residents pose health risks, especially for pregnant women and infants [5].
Moreover, water is also a bone of contention between local residents and mining companies.
Mining activity requires water for separation, processing, and labor forces. Extraction and
its impact on groundwater directly affect the ecosystem and compete with other consumers
of water [6]. According to a report by Defensoría del Pueblo 2019, there were 714 active
social-environmental conflicts related to mining activities in Peru in 2019 [7].

Green innovation by the mining company is a breakthrough in addressing those issues.
Green innovations are organizations’ novel business activities that reduce environmental
risks or pollution and other negative impacts of the use of resources [8]. The workforce’s
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skills and abilities are critical components of a firm’s capability for green innovation.
Furthermore, employees’ academic background was a common factor in firms’ decisions
to promote green innovation [9]. Thus, companies are encouraged to employ people with
academic backgrounds to address the environmental issues that lead to conflict between
local residents and mining companies.

Although the mining industry requires skilled labor, the shortage of mining workers is
a concern in Peru. According to an industrial report, it is presumed that for a decade from
2018, 17,000 workers will retire, and 36,000 workers will be needed for 804 new mining
projects in Peru. The report also indicates that mining companies will need to consider
incentives for new mining workers to work in the companies [10].

Hence, this study aimed to contribute to understanding the situation in Peru by iden-
tifying the factors affecting the decisions of mining students, who are potential employees
of the mining industry, for labor conditions using a discrete choice experiment. This
study also examined the trend between students’ preferences and their sociodemographic
background. Finally, marginal willingness to accept (MWTA) for each attribute of labor
conditions can be estimated from the results of conjoint analysis. The MWTA result shows
that the level of monetary values of each attribute could indicate potential compensations
of each level of the attributes.

Job selection differs by income, job location, and other sociodemographic factors (e.g.,
family size, sex, and age). A discrete choice experiment was conducted in Australia among
university students to understand their preferences for working conditions at a mining
site and thus contribute to effective employment [11]. The survey included 93 university
students majoring in studies related to mining. The study results indicate that students are
concerned about wage, fatality rate, working position, commuting style, and the company
operating the mining site. In addition, sociodemographic characteristics, namely, sex
and students’ university, were examined. Another study exists on the job preferences
of a new mining labor force to attract potential workers to a remote working location
in Australia [12]. The online study utilized a discrete choice experiment with randomly
selected respondents from Brisbane. The respondents faced two different selection task
scenarios: commuting and relocation. The factors for commuting were employment (length
of contract and promotion opportunities), block shifts and days off, distance from Brisbane,
and commuter bonus. Employment, housing type, town service, family package (education
and housing subsidies), and relocation bonus were all considered in the relocation scenario.
The study’s findings indicate that the most important factor influencing relocation was the
salary size. However, this study demonstrated that additional factors influence relocation
decision making. A medium-term contract was preferred for commuting, while a long-term
contract was preferred for relocation. Other studies in the following section have examined
student preferences in job selection for other industries, assuming that university students
are the industry’s most valuable potential labor force. Workers in specific industries,
such as mining, require specialized skills. Companies in this industry must employ an
adequate number of skilled workers to ensure the mining site’s sustainability. Thus, a
better understanding of the factors influencing university students’ decision to specialize
in mining is critical for mining company management.

1.1. Previous Studies on Labor Conditions in Mining Site

In the mining industry, labor and ambient conditions are strongly related to psycholog-
ical burdens such as strain and stress, which lead to health problems and low productivity.
A study on psychological and physical hazards and their implications for employees’ safety
in the Ghanaian mining industry insisted that injuries, accidents, and near misses are asso-
ciated with mining conditions. Accidents in a mining site were associated with ambient
conditions such as excessive noise, heat stress, dusty conditions, and poor visibility. This
study reported that high job demand and low control over workload are associated with
low safety [13]. Another study focusing on workers’ stress associated with productivity
in the Australian mining industry claimed that employees residing in the mining town
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showed higher production costs than those commuting by fly-in/fly-out or drive-in/drive-
out. Moreover, employees on permanent day shifts showed higher productivity costs than
those on a rotating shift. It also showed that higher stress leads to higher production costs
and the female employees were more likely to want assistance for stress management
than male employees, although female and male employees showed a similar average
of impairment cost [14]. Another study examined the psychological strain in 71 miners
working in 794 shifts across five mining plants in Hungary. The study focused on factors
such as the presence of managers and temperature and illumination in the mining site
that might affect their heart rate, indicating miners’ strain. The study indicated that these
factors also lead to strain in miners, for example, high temperature in mining sites leads
to more strain, while brighter illumination leads to less strain [15]. Regarding the work
environment related to the employees’ well-being, a study by Donatella Di Marco estimated
that employees’ well-being is negatively impacted by a discriminatory environment [16].
Given that none of these factors apply to students without any work experience in the
mining industry, the aforementioned labor conditions were not applied to this study.

1.2. Previous Studies on Job Preferences in Various Industries

Job preferences have been studied in various regions and industrial sectors using
data from students majoring in specific academic fields, including accounting students
in Malaysia [17], agricultural students in Germany [18], and nursing students in Kenya,
South Africa, Thailand, and the UK [19,20]. Omar (2015) examined accounting students’
preferences for job conditions and found that the working environment was the most
important factor in addition to the starting salary and employer reputation. Blaauw (2010)
studied nursing students’ preferences on working conditions in Kenya, South Africa,
and Thailand and found that receptiveness to various human resource strategies differs
between countries. The findings indicate that job preferences among nursing students vary
by country, indicating that strategies tailored to local conditions are more necessary than
global strategies. As a result, research on students’ job preferences has revealed that results
vary by region, industrial sector, and other factors affecting their personal situations.

Nevertheless, those studies on students’ job preferences did not examine the effect of
a specific job task category on job satisfaction at a mining site. A mining job entails several
tasks, including mine planning, drilling, blasting, and engineering. These tasks entail
a variety of risks for employees. For instance, in comparison to mine planning, drilling
and blasting activities increase the risk of fatal accidents in a mining site. Additionally,
drilling and blasting are physically demanding tasks that require on-site labor. Given these
conditions, drilling and blasting workers are supposed to earn more than mine planning
workers. Briefly, mining companies must adjust salaries or compensations based on the
different risks and situations of each work task.

The following estimation methods and attributes were used in this study based on
previous research.

2. Materials and Methods

This study adopted a conditional logit model. When subject n selects profile i, the
subject’s utility is provided by Un,i = Vn,i + εn,i = Xn,iβ + εn,i, where Vn,i is the observable
component of Un,i, εn,i is the unobservable component of Un,i, Xni are attribute vectors,
and β is parameters corresponding to each attribute vector. The set of profiles that a subject
n can select is based on C = {1, 2, . . . , j}. The probability that a subject n chooses profile
i ∈ C is Pn,i. When subject n selects profile i, Un,i > Un,j(i 6= j) must be satisfied. Thus, the
following equation is obtained:

Pn,i = Pr
[
Un,i > Un,j, ∀j ∈ C, j 6= i

]
= Pr

[
Vn,i −Vn,j > εn,j − εn,i, ∀j ∈ C, j 6= i

]
(1)
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Following McFadden [21], εn,i and εn,j are assumed to be independent with a univari-
ate type I extreme value distribution. Then, the probability that a subject n chooses profile
i is

Pn,i =
eµVn,i

∑j∈C eµVn,i
(2)

where µ is a scale parameter. In this study, µ is normalized to 1. This model is known as a
conditional logit model. Hence, the log-likelihood function is obtained:

lnL =
N

∑
n=0

∑
i∈C

δi
nlnPn,i (3)

where L is likelihood function, N is the number of subjects, and δi
n is the dummy variable,

such that δi
n = 1 if subject n selects profile i and 0 otherwise. By maximizing the log-

likelihood function, the parameters β can be estimated.
Marginal willingness to accept is estimated to show the level of monetary values of

each attribute. The MWTA is obtained:

MWTA = − ak
βw

(4)

where ak is a parameter of attribute k and βw is a parameter of wage.
The MWTA for each attribute can be determined using the conditional logit model’s

estimation results. However, conditional logit estimation cannot account for the effects of
additional individual characteristics and job selection attributes. As a result, this study
also utilized a binomial logit model. The binomial logit model can be used to examine
both continuous and categorical variables. When subject n chooses profile i, it implies that
Un,1 > Un,0, where Un,1 and Un,0 are the utilities that n associates with profile A and profile
B, respectively. In utility Un,i, the alternative i (1: profile A; 0: profile B) indicates that
individual n is composed of two parts: a systematic term Un,i, which depends on attributes
vector X (wage, fatality rate, etc.), and a random term εn,i:

Un,i = Un,i + εn,i (5)

The utility Un,i is not observable. Decision Yn is observed and is valued at 1 if
individual n selects profile A as a preferred labor condition and 0 if the individual selects
profile B as a preferred labor condition. Assuming an individual selects the alternative that
presents the greatest utility, the result would be obtained as:

Pr[Yn = 1] = Pr [Un,1 > Un,0] (6)

Pr[Yn = 0] = Pr [Un,0 > Un,1] (7)

McFadden (1974) demonstrated that in this case, the probability that subject n selects
alternative 1 is

Pr[Yn = 1] =
e Un,1

1 + eUn,1
(8)

assuming the random term follows a logistic distribution.

Data Collection

Data were gathered through a paper-based questionnaire survey in September 2019.
This survey adopted a choice-based conjoint (CBC) experiment to clarify the types of labor
conditions at a mining site preferred by students who were enrolled in courses related
to mining engineering at the National University of Engineering and Pontifical Catholic
University of Peru in Peru. The survey process and content were reviewed and approved
by both universities. This survey excluded questions on personally identifiable information
but included students’ ID numbers. The investigation was carried out in each university’s
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mining engineering classes. Classes enrolled a total of 356 students. Of these, 214 were
from National University of Engineering and 142 from Pontifical Catholic University of
Peru. The response rate was 44.6%. A total of 222 students participated in the survey,
including males and females aged 19–44 years. The distribution of respondents is shown in
Table 1. The questionnaire consisted of a CBC experiment of labor conditions at a mining
site and items on individual characteristics, such as university, sex, age, and family, and
also risk preferences. The following section elaborates on the choice experiment.

Table 1. Subject details.

University

Sex
Male Students Female Students Total

National 135 10 145

Private 64 13 77

Total 199 23 222

This survey was based on an experimental CBC model. In comparison with traditional
conjoint analysis, the CBC analysis evaluates preferences naturalistically by observing
choice decisions [22,23]. Compared with the revealed preference approach, which deals
with data obtained from observing peoples’ behaviors, the stated preference approach,
as CBC model classifies, deals with data obtained from people’s hypothetical behaviors,
specifically their choice behaviors in hypothetical situations [24]. In the case of work choice
behaviors in the mining industry, it is based on the position because of the required skills or
work experience rather than on their preferences on labor conditions; therefore the revealed
preference approach is not suitable for analyzing the respondents’ preference from existing
data. Hence, CBC model can elicit the underlying preference of respondents by observing
their choices among hypothetical options.

To assess the preferences of students at two universities regarding labor conditions
on a mining site, five different questionnaire patterns were formed, each with eight choice
sets. Each option set included two hypothetical scenarios involving labor conditions on a
mining site. Table 2 shows the options consisting of seven variables. The wage attribute
was set to estimate the MWTA value of each variable and to reveal the effect of wage
on job selection, which was previously reported as a factor affecting job selection [12].
According to a study, differences in the working environment and injury rates are related
to the worker’s position and method [25]. Additionally, the fatality rate attribute was
included because it is a problematic aspect of the mine work environment. Another study
found that the working style attribute influences new employee job selection, and another
found that the working style is related to workers’ mental health and well-being [26].
Geographical location is included in the attributes, as it is known that it has major effects on
workers’ health [27]. Owing to Peru’s geographical features, some mining sites are at a high
altitude, which can affect workers’ health. Furthermore, the conflict between local residents
and mining companies has been a problem in Peru. A study showed that corporate
social responsibility (CSR) activities by the mining company lead to building social capital
and good communication between local residents and the mining company [28]. The
variables and their definitions are displayed in Table A1 in Appendix A. The questionnaire
items include students’ sociodemographic characteristics such as sex, age, university, and
internship experience at mining site to find preferences among students with common
sociodemographic characteristics.
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Table 2. Attributes and levels in the conditional logit model.

Attribute Levels

Wage (Peruvian sol) (30,000, 40,000, 50,000, 60,000)

Fatality rate (per 100,000 employees) (8, 16, 24)

Working position (Mine planning, Blasting, Driller, Geotechnical engineer)

Style (Living near the site, Fly-in/fly-out or Drive-in/drive-out)

Method (Underground mining, Surface mining)

Geographical status (Highland, Coast)

CSR activities (No, Environment, Society)

Each option had four common features, specifically job tenure, fixed working hours
of 10 h per day from 7 am to 5 pm, typical insurance cover, and residing in Peru. A
combination of the options in a choice set was randomly assigned for each pattern of
the questionnaire. Respondents were asked to select their most preferred option from
a choice set of two hypothetical options. The questionnaire did not include the option
of N/A, not applicable or not available, because the majority of mining students had
obtained employment in mining companies as a result of the preliminary interview. The
questionnaire was in Spanish, and the following examples are original sentences before
they were translated into Spanish.

Specifically, the following question was posed: “Now we will ask your preferences
for hypothetical labor conditions in the mining site with different conditions. You will
choose one out of four hypothetical job opportunities from A to B. Common features of
the proposed job opportunities are (1) tenure jobs, (2) 10 h per day from 7 am to 5 pm
including 1-h break, (3) covering typical insurance such as life insurance, income protection,
trauma insurance, and total permanent disability insurance, (4) any hypothetical mining
site in Peru. Job opportunities are characterized by eight variables such as average annual
wage after three years (Peru sol “S/”), the fatality rate in the mining site per 100,000,
work position, working style, mining method, geographic location, and CSR activities.
Information: Highland refers to any area at an altitude higher than 3500 m. Coast refers to
any area at an altitude lower than 3500 m. In the CSR section, Environment refers to any
CSR activity related to the environment such as nature, animals, or planting trees. Society
refers to any CSR activity related to people, such as job creation, infrastructure investments,
or meeting with locals.” Table 3 presents an example of a choice set used for the survey.

Table 3. Example of a choice set in the survey.

Question 1 Working Conditions A B

Please choose the most
preferable job from A or B Annual wage including bonus (S/.) 30,000 40,000

Write your answer below Fatality rate per 100,000 employees
within a year 8/100,000 16/100,000

Working position Geotech Engineer Mine planning

Commuting Living near the site Commuting

Mining method Underground Surface

Geographical status Coast Coast

CSR activities Environment No
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3. Results

The results were computed by the Stata/IC 14.0 software for Windows. The condi-
tional logit model and logit model were adopted in this study. Table 4 summarizes the
conditional logit model’s results estimated with Equation (3), while Table 5 summarizes
the conditional logit model’s marginal effect. The statistical significance [29] of the results
is described with the asterisks *, **, and *** in the tables which indicate that the coefficients
are significantly different from zero at the 10%, 5%, and 1% levels, respectively. According
to Table 4, nine variables are statistically significant for determining preferable labor con-
ditions from the perspective of students, including wage, fatality rate, working position
dummies such as blasting and geotech engineering, style dummies such as living near the
site, CSR activity dummies such as society and environment, method dummies such as un-
derground, and position dummy such as driller. Each coefficient is estimated by referring
to a set level as follows: mine planning for the working position, commuting for the style
of working, surface mining for method, coast for the geographic location, and no activities
for CSR activities. Table 5 shows how the independent variables change while covariates
are assumed to be constant. The students’ order of preference of variables, referring to the
levels, can be observed from the results of the marginal effect of the conditional logit model.
Among the variables of working position, mine planning is most preferred by students,
followed by blasting and drilling. Living near the site is more preferred than commuting
as a working style.

Table 6 shows the MWTA’s estimation results, estimated by Equation (4), using the
results of the conditional logit model. The monetary value of the attributes can be estimated
using the equation of MWTA. The result of MWTA can be interpreted as a monetary value
that students expect to receive if the level of the attribute of the working condition changes
from referencing level to each other level. MWTA is calculated using the conditional logit
model’s estimation results, more precisely by dividing the coefficient of each independent
variable by the coefficient of the wage (Table 4). According to the results in Table 6,
the driller has the highest value for respondents among all job levels. Additionally, the
estimation results show that respondents place a higher value on society as a CSR activity.

Table 4. Estimation results of the conditional logit model.

Attribute Coef. Std. Err.

Wage 2.99 × 10−5 *** 3.12 × 10−6

Fatality −0.052 *** 0.005

Position (referencing mine planning)

Blasting −0.401 *** 0.097

Geotech −0.664 *** 0.097

Driller −0.184 * 0.101

Style (referencing commuting) Living near site −0.387 *** 0.069

Method (referencing surface) Underground −0.155 ** 0.069

Geographic (referencing coast) High land −0.045 0.069

CSR (referencing no activities)
Society 0.563 *** 0.097

Environment 0.525 *** 0.083

There were a total of 3552 observations (222 respondents × 8 times questions × 2 options). χ2 (10) is 329.70. Prob > chi2 = 0.0000.
The asterisks *, **, and *** indicate that the coefficients are significantly different from zero at the 10%, 5%, and 1% levels, respectively.
Log-likelihood = −1935.8606.
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Table 5. Estimation results of the marginal effect of the conditional logit model.

Attribute dy/dx Std. Err.

Wage 6.68 × 10−6 *** 5.51×10−7

Fatality −0.017 *** 0.001

Position (referencing mine planning)

Blasting −0.088 *** 0.022

Geotech −0.148 *** 0.023

Driller −0.039 * 0.022

Style (referencing commuting) Living near site −0.087 *** 0.016

Method (referencing surface) Underground −0.035 ** 0.016

Geographic (referencing coast) High land −0.01 0.015

CSR (referencing no activities)
Society 0.128 *** 0.021

Environment 0.119 *** 0.018

There were a total of 3552 total observations (222 respondents × 8 times questions × 2 options). The asterisks *, **, and *** indicate that the
coefficients are significantly different from zero at the 10%, 5%, and 1% levels, respectively.

Table 6. Estimation results of the marginal willingness to accept.

Attribute MWTA (PEN)

Fatality rate 1750

Position (referencing mine planning)

Blasting 13,411

Geotech 22,201

Driller 6154

Style (referencing commuting) Living near site 12,947

Method (referencing surface) Underground 5198

Geographical (referencing coast) High land 1521

CSR (referencing no activities)
Society −18,818

Environment −17,566

Additionally, the MWTA results indicate that respondents prefer to work in a fly-
in/fly-out style rather than live near a mining site, as previously reported [30]. According
to a previous study [12], students appear concerned about the cost of living and the
availability of housing in a mining town.

The logit model’s results estimated by Equation (8) for the main effects and their
interactions with the variables of individual characteristics are summarized in Table 7. The
interaction terms were applied to identify how the effect on the students’ job selections of a
change in an independent variable depends on the value of another independent variable.
The interactions were calculated with the binomial logit model described in the materials
and methods section by using the sociodemographic data of students as independent
variables in the model. The estimation results of the main effects reveal that wage, fatality
rate, blasting, geotech engineer, living near the site, society, and environment are all
significant in determining labor conditions. Additionally, the variable “underground” has
statistical significance. Meanwhile, the driller and high land variables have a limited effect
on labor condition decision making. The logit model without interaction dummies shows
the same trend as the conditional logit model, which ensures the independence of the
independent variables’ signs.
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Table 7. Estimation results of logit model including interactions.

Attribute Coef. Std. Err.

Wage 3.24 × 10−5 *** 3.25 × 10−6

Fatality 0.115 *** 0.042

Position (referencing mine planning)

Blasting −0.69 *** 0.194

Geotech −0.93 *** 0.196

Driller −0.289 0.202

Style (referencing commuting) Living near site −0.42 *** 0.071

Method (referencing surface) Underground 1.3 ** 0.551

Geographical (referencing coast) High land −0.05 0.071

CSR (referencing no activities)
Society 0.605 *** 0.101

Environment 0.57 *** 0.086

Sex (referencing male) Female 0.965 *** 0.288

Age 0.144 *** 0.034

University (referencing private) National −0.319 ** 0.162

Internship experience (referencing none) Yes 0.343 * 0.202

Interactions

Fatality × Sex (referencing male) Female −0.069 *** 0.019

Fatality × Age −0.008 *** 0.002

Method × Age (referencing surface) Underground −0.069 *** 0.026

Position (referencing mine planning) ×
University (referencing private)

Blasting × National 0.486 ** 0.22

Geotech × National 0.459 ** 0.222

Driller × National 0.289 0.23

Position (referencing mine planning) ×
Internship experience (referencing none)

Blasting × Yes −0.342 0.272

Geotech × Yes −0.475 * 0.275

Driller × Yes −0.542 * 0.285

There were a total of 3552 observations (222 respondents × 8 times questions × 2 options). χ2 (10) is 404.24. Prob > chi2 = 0.0000.
The asterisks *, **, and *** indicate that the coefficients are significantly different from zero at the 10%, 5%, and 1% levels, respectively.
Log-likelihood = −2259.9364.

Additionally, the estimation results show that job selection is influenced by the inter-
action terms between the main factors and respondents’ individual characteristics. The
interaction between fatality rate and sex shows that female respondents prefer safer labor
conditions than male students, as previously reported. As a result, the differences in safety
conditions between underground and surface mining, as well as gender differences in risk
aversion, had a significant effect on job selection trends.

The interaction between fatality rate and age indicates that, when compared to
younger respondents, older respondents prefer fatal accident work environments less.
The negative sign of the coefficient of interaction between mining method and age in-
dicates that older respondents, in comparison to younger respondents, do not prefer to
work at an underground mining site. In terms of employment positions, there are sig-
nificant interactions between blasting and national, geotech and national, geotech and
internship experience, and driller and internship experience. Positive signs indicate that,
when compared to private university students, national university students prefer blasting
and geotechnical engineering to mine planning for labor conditions. The results of the
interactions between positions and internship experience indicate that respondents with
internship experience do not prefer geotech engineering and driller positions to mine
planning for labor conditions.
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4. Discussion

Predictably, the study’s findings indicate that students prefer jobs with higher wages
and lower fatality rates. In terms of labor conditions, students preferred mine planning,
followed by driller, blasting, and geotech engineering. A previous study conducted on
Australian students [11] showed that mine planning, which does not require heavy labor
work, was the most preferred. The result of MWTA implies that other positions have
a lower value and should yield better compensation than mine planning. These results
imply that mining companies must consider the labor conditions of drilling, blasting,
and geotech engineering. Additionally, the conditional logit model results indicate that
students do not prefer to live near the site, despite the negative effects on their mental
health, lifestyle, and family associated with commuting [26,31–33], probably because of
Peruvian geographic characteristics. Nevertheless, geographical location in the conditional
logit model had a limited effect on the students’ working condition preferences and they
appeared to like to spend their private time in the city. This result indicates that the students
might have underestimated the psychological and physical risks associated with labor
conditions. The impact of occupational health in the mining sector on the turnover rate was
examined [34]. Regarding Peru’s geographical features, a study discovered that mining
workers were harmed by the high altitude. To close the gap between their perceptions and
reality on the ground, an objective and in-depth understanding of the facts is required, as
is health support. Specifically, a university-level course on occupational health appears to
be effective. Moreover, the conditional logit and logit models indicate that CSR activities
benefiting society and the environment have a positive effect on university students’ job
selection decisions. This finding demonstrates that a mining company’s promotion of
CSR activities can result in a stronger relationship with local residents [28] and has a
positive effect on employing students. As a note, depending on the conditions among local
residents, the mining company, and other stakeholders, CSR activities have a limited effect
on the construction of the relationship [28].

The study’s findings indicate that sociodemographic characteristics and factors have
an effect on job selection in the mining industry. To be more precise, the interaction between
individual characteristics and the major variables demonstrates a significant correlation
with job selection. An earlier study in Australia showed differences in students’ preferences
for job selection by sex and students’ university [11]. Similar trends were also assessed in the
case of Peru. The interaction between fatality rate and sex is associated with differences in
risk aversion by sex [35]. The interaction between position and university can be explained
by the difference in course materials. The National University of Engineering is primarily
composed of faculty that are related to engineering; by contrast, the Pontifical Catholic
University of Peru is composed of several faculties related to social science. Students who
experienced internships at a mining site did not prefer to work for geotech engineering
and blasting but preferred mine planning compared with students without internship
experience at a mining site. The results suggest that the internship experience might
influence students’ job selection and lower the preferences of working positions requiring
heavy labor.

5. Conclusions

The purpose of this study was to identify the factors affecting Peruvian mining stu-
dents’ preferences for labor conditions in a mining site using CBC analysis. A paper-based
questionnaire survey on students enrolled in mining courses at the National University of
Engineering and the Pontifical Catholic University of Peru was carried out to collect data.
The questionnaire included questions about students’ sociodemographic characteristics,
with the assumption that there is a correlation between sociodemographic characteristics
and labor conditions.

The analysis’s findings indicate that labor conditions at mining sites can be optimized
by adapting them to specific individual characteristics of potential mining workers, poten-
tially resulting in more efficient labor conditions for companies and workers. Additionally,
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the MWTA estimation results indicate the potential values assumed to each fact of labor
conditions by respondents.

Finally, this study has limitations. This study does not represent the collective pref-
erences of all mining students in Peru regarding labor conditions. Despite the statistical
significance found in this study, the findings are not generalizable to all Peruvian mining
students due to the small sample size and differences in preferences across sociodemo-
graphic characteristics. Although this study examined the students’ preferences on labor
conditions in mining sites, it does not imply that meeting those preferences surely or
directly imparts students an increased or satisfying well-being in their work.

As a result, future studies are encouraged to include a larger sample size in order to
generalize the findings. Additionally, including a comprehensive sociodemographic vari-
able would allow for a more in-depth understanding of the study’s findings. Furthermore,
in order to apply the study’s findings to broader trends in mining worker preferences, an
in-depth examination of the preferences of experienced mining workers could enable the
effective employment of potential workers with extensive backgrounds.
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Appendix A

Table A1. Variables and definitions.

Variables Definitions

Wage A numerical variable of an average annual wage after three years (S/.)
Fatality rate A numerical variable of fatality rate at the mining site per 100,000 employees

Mine planning A dummy variable of working position at a mining site
Blasting A dummy variable of working position at a mining site
Drilling A dummy variable of working position at a mining site

Geotechnical engineer A dummy variable of working position at a mining site
Living near site A dummy variable of working style assuming living near the mining site

Fly-in fly-out A dummy variable of working style assuming commuting by air to the mining site
Underground mining A dummy variable of mining method that excavates valuable materials by drilling underground

Surface mining A dummy variable of mining method that excavates valuable materials near the surface of the earth
Coast A dummy variable of altitude of a mining site that is lower than 3500 m

High land A dummy variable of altitude of a mining site that is higher than 3500 m
No (CSR) activities A dummy variable of CSR activities assuming no CSR activities conducted by mining company

Society A dummy variable of CSR activities assuming CSR activities for society conducted by mining company

Environment A dummy variable of CSR activities assuming CSR activities for environment conducted by mining
company
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