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workers and miners
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ABSTRACT

Objective A nomogram for predicting the risk of mental
health problems was established in a population of

factory workers and miners, in order to quickly calculate
the probability of a worker suffering from mental health
problems.

Methods A cross-sectional survey of 7500 factory
workers and miners in Urumgi was conducted by means of
an electronic questionnaire using cluster sampling method.
Participants were randomly assigned to the training group
(70%) and the validation group (30%). Questionnaire-
based survey was conducted to collect information. A

least absolute shrinkage and selection operator (LASSO)
regression model was used to screen the predictors
related to the risk of mental health problems of the training
group. Multivariate logistic regression analysis was applied
to construct the prediction model. Calibration plots and
receiver operating characteristic-derived area under the
curve (AUC) were used for model validation. Decision curve
analysis was applied to calculate the net benefit of the
screening model.

Results A total of 7118 participants met the inclusion
criteria and the data were randomly divided into a training
group (n=4955) and a validation group (n=2163) in a ratio
of 3:1. A total of 23 characteristics were included in this
study and LASSO regression selected 12 characteristics
such as education, professional title, age, Chinese Maslach
Burnout Inventory, effort—reward imbalance, asbestos dust,
hypertension, diabetes, working hours per day, working
years, marital status and work schedule as predictors for
the construction of the nomogram. In the validation group,
the Brier score was 0.176, the calibration slope was 0.970
and the calibration curve of nomogram showed a good

fit. The AUC of training group and verification group were
0.785 and 0.784, respectively.

Conclusion The nomogram combining these 12
characteristics can be used to predict the risk of suffering
mental health problems, providing a useful tool for

quickly and accurately screening the risk of mental health
problems.

INTRODUCTION

The WHO defines health as a state of complete
physical, mental and social well-being and
not merely the absence of disease or weak-
ness.! Obviously, health is an organic unity of

. Huan Yan,*® Tao Liu'

STRENGTHS AND LIMITATIONS OF THIS STUDY

= This is the first study to develop an easy-to-use no-
mogram to predict the mental health risks of factory
workers and miners.

= The area under the curve of training group and ver-
ification group were 0.785 and 0.784, respectively,
showing moderate discriminatory and calibration
power.

= This nomogram model’s variables are more com-
prehensive, including demographics, burn-out, oc-
cupational stress and occupational hazards.

= We had considered many influential factors, but we
were still not certain whether all possible influences
were covered.

= There is a lack of external validation in other popu-

lations in other regions and countries.

physical and mental well-being. People with
good mental health are the precondition for
the normal operation of our society. However,
with the acceleration of people’s pace of life,
people are facing an increasing risk of poor
health, which has become a global public
health problem.? Mental health problems can
not only take a toll on physical health such
as increasing the risk of communicable and
non-communicable diseases and even causing
unintentional or intentional harm to others,3
but can also have a negative impact on the
economy. For example, mental health disor-
ders represent a growing part of the global
burden of disease, with statistics showing
that nearly one billion people worldwide
currently suffer from a mental disorder, and
mental illness is ranked as one of the leading
causes of the global burden of disease.” More-
over, one study has estimated that due to the
impact of mental illness, the global economy
loses US$1 trillion every year.”

As researchers around the world have
delved into the field of mental health,
factors such as gender, income levels, envi-
ronment and education have been found to

BM)

Lu'Y, et al. BMJ Open 2022;12:€057102. doi:10.1136/bmjopen-2021-057102 1

"1ybuAdoo Agq paroalold 1sanb Aq zz0oz ‘0 Jequiada@ uo /wod fwg uadolwgy/:dny woly papeojumod 220z ANC TZ Uo 20T 2S0-T202Z-uadolwa/oeTT 0T Se paysignd isii :uado rINg


http://bmjopen.bmj.com/
http://orcid.org/0000-0002-6655-0051
http://dx.doi.org/10.1136/bmjopen-2021-057102
http://dx.doi.org/10.1136/bmjopen-2021-057102
http://dx.doi.org/10.1136/bmjopen-2021-057102
http://crossmark.crossref.org/dialog/?doi=10.1136/bmjopen-2021-057102&domain=pdf&date_stamp=2022-07-21
http://bmjopen.bmj.com/

be associated with people’s mental health problems.”

Moreover, employment is also strongly associated with
quality of life, higher self-esteem and fewer psychiatric
symptoms.'’ In addition, in the context of the global
challenges of climate change, an increasing number
of scholars have been examining the epidemiological
links between mental health and environmental factors.
Some studies have suggested that mental health may
be influenced by ambient temperature, and an associa-
tion has been found between environmental pollutants,
particularly fine particulate matter and mental health
problems.' A relevant study shows that with short-term
exposure to ambient air pollution is associated with
increased emergency room visits due to depression or
suicide attempts.'”” Furthermore, other factors associ-
ated with mental health include sleep, diabetes, coronary
artery disease and cardiovascular disease.' * It is worth
noting that job burn-out and occupational stress are
closely linked to mental health. Job burn-out is an exhaus-
tion state of physical and psychological that often occurs
in the work environment, and has a high correlation with
depression. A large study of physicians found that of the
10.3% who met criteria for a major depressive episode,
50.7% were also affected by symptoms of burnout (OR
2.99) and indicated that worsening depression leads to a
higher likelihood of burnout symptoms.'® Occupational
stress refers to a work environment where non-reciprocity
of effort and reward may lead to strong negative emotions
and distress. Related research has shown that the combi-
nation of high effort and low reward and overcommit-
ment increases the risk of mental health problems such
as depression.'” Apparently, it is necessary to include the
Chinese Maslach Burnout Inventory (CMBI) and effort-
reward imbalance (ERI) in this study to predict the risk
of mental health problems among factory workers and
miners. However, there are few studies that include these
influences in a more comprehensive way in the practice
of detecting mental health. Therefore, more accurate
identification of mental health problems in populations
requires a questionnaire that include a wider range of
factors affecting factory workers and miners’ mental
health problems.

Factory workers and miners are a special group of
workers with a relatively low overall level of education and
are highly prone to suffering from mental health prob-
lems due to limited social support, excessive workload and
irregular lifestyles, as well as occupational hazards such as
noise and coal dust that they inevitably need to face in
their working environment.'® ' Through a review of the
literature, our group found that coal dust, crystalline silica
and noise pollution were common causes of health prob-
lems for workers in underground mines.*” And, exposure
to coal mine dust is a significant cause of pneumoconiosis
in coal miners.”' In addition, asbestos is one of the major
occupational hazards in the daily work of workers in the
construction and automotive industries.”* China has the
world’s largest group of factory workers and miners, about
6 million,” who are regularly involved in occupational

hazards. Mental health problems which need to require
a long process are known to be a syndrome caused by
chronic stress. Factory workers and miners, represented
by those engaged in coal mining, have a mental burden
rating of 8.3, one of the highest mental burdens among
150 occupations.”* This explains the high level of mental
health problems among mine workers in previous studies,
making the identification and treatment of mental health
problems even more important. Therefore, it is essential
to provide a viable and easy-to-apply tool for identifying
workers at risk of mental health problems and thus for
timely interventions.

There are many studies on mental health® 26; however,
the results of previous studies lack consistency and mostly
discuss factors influencing mental health, and most of
them are single-centre studies that focus on only certain
aspects of mental health. Our study included common
demographics, job burnout, occupational stress, chronic
illness and occupational exposure factors to distinguish
whether respondents suffered from mental health prob-
lems. In addition, there is a small body of literature that
develops and validates a risk nomogram between depres-
sion and suicide to support timely intervention by clini-
cians. And the sample sizes of the two relevant studies
were small, 474 and 273 depressed patients, respec-
tively.?” *® Today, there is increasing recognition of the
important role of mental health in achieving global devel-
opment goals, and WHO has included mental health in
the Sustainable Development Goals. However, there are
no relevant studies that have used objective indicators
for factory workers and miners to form a nomogram to
predict mental health. Therefore, to bridge this gap in
the literature and provide additional information for the
prevention of mental health problems, we conducted a
multicentre investigation to develop and validate an easy-
to-use nomogram that combines objective information
on demographics, job burnout, occupational stress and
occupational hazards to comprehensively and accurately
predict the prevalence of mental health problems among
factory workers and miners.

MATERIALS AND METHODS
Calculation of sample size
The sample size formula for the present illness rate

2
survey, n = z"%&, p is the present-hazard rate, q=1 p,

d is the tolerance error, generally taken as 0.1 p, 24 is
the significance test statistic, 2z, =1.96 for 0=0.05, then
the formula is calculated as,n = 400 x % . A cross-sectional
study in Xinjiang showed that 38.27% of factory workers
and miners had mental health problems.* And a study
revealed that 633 out of 1675 coal miners (37.8%)
suffered from mental disorders between August 2018
and June 2019.” In this study, we assumed a 30% preva-
lence of mental health problem to obtain the maximum
required sample size. which would calculate a sample size
of 934, taking into account non-response and a 20% loss
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of questionnaires, which would require approximately
1168 people.

Participants

Participants in this cross-sectional survey were factory
workers and mines in the Urumgqi region, and the survey
covered all districts and counties in the Urumqi region
to avoid selection bias as far as possible. Specifically, this
survey was conducted by means of whole-group random
sampling from January to May 2019, and a total of 202
enterprises were selected, including 21 in Tianshan
District, 30 in Shaibak District, 24 in Xinshi District, 22 in
Shuimogou District, 56 in Jingkai District, 37 in Midong
District, 9 enterprises in Dabancheng District and 3 enter-
prises in Urumqi County.

The inclusion criteria were as follows: (1) workers
working in mining enterprises or factories in Urumqi;
(2) workers with a history of working for more than 1
year; (3) Workers with no history of mental illness and no
history of taking psychotropic drugs.

The exclusion criteria were the following: (1) factory
workers and miners in non-Urumgqi area; (2) working
history of factories and mining enterprises less than
1 year; (3) a confirmed diagnosis of a mental health
problem and a history of treatment and use of psycho-
tropic medication and (4) Questionnaires with missing
data were excluded.

An online electronic questionnaire was created using
the Questionnaire Star platform to collect data. In the
introductory section of the electronic questionnaire, we
provide a paragraph stating that volunteers can choose to
continue answering the survey if they wish to participate
and the relevant data will be used for scientific research,
or refuse to answer if they do not wish to participate in the
survey. In addition, this survey was conducted by trained
surveyors who explained the purpose, meaning, content
and requirements of the questionnaire to all participants
and provided on-site instructions to ensure the return
rate of the questionnaire. All participants understood the
purpose of the study and were willing to participate in the
study. A total of 7500 questionnaires were distributed and
7315 questionnaires were returned, representing a return
rate of 97.5%. After checking the validity and integrity of
the questionnaires, 7118 questionnaires were confirmed
as valid, with an effective rate of 97.3%. A total of 7118
participants met the inclusion criteria and the data were
randomly divided into a training group (n=4955) and a
validation group (n=2163) (figure 1).

Research methods

Assessment of mental health

The Symptom Checklist 90 (SCL-90), designed by Dero-
gatis ef al, was widely used in the mental health field,”
which contains 90 items across nine dimensions: soma-
tisation, obsessive—compulsive symptoms, interpersonal
sensitivity, depression, anxiety, hostility, horror, bigotry
and mental illness. The SCL-90 has been used extensively
in previous studies and has relatively high reliability and

Factory workers and miners working in Urumqi Include criterion

T -workers working in mining

\]/ enterprises or factories in

Urumqi
7,500 people volunteered for the survey -workers with a history of
\I/ working for more than one year
-Workers with no history of
mental illness and no history of

\J/ taking psychotropic drugs

Issued a total of 7,500 questionnaires

Collected a total of 7,315 questionnaires

197 invalid questionnaires

[
v (Questionnaires with missing

data or those that do not meet

7,118 valid questionnaires

v v

Validation group (n=2,163)

the inclusion criteria)

Training group (n=4,955)

Figure 1
study.

Flow diagram of the participants involved in this

validity.”®* The questionnaire uses a Likert 5-point scale,
with a score of 0 point indicating none and 4 points indi-
cating severe. A total score above 160, a score above 2
on any item, or a positive item above 43 indicates the
presence of a psychological abnormality.” In this survey,
Cronbach’s oo was 0.99, the half-reliability coefficient was
0.98 and the Kaiser-Meyer-Olkin (KMO)was 0.994.

Assessment of occupational stress

This survey evaluated occupational stress in factory
workers and miners through the ERI model developed by
Siegrist.34 The ERI scale consists of three subscales: effort
(E, 6 items), reward (R, 11 items) and over commitment
(6 items), for a total of 23 items. A Likert 5-level scoring
method (1, ‘highly disagree’ to 5, ‘highly agree’) is used
to grade the items in the questionnaire with the same
weight for each item. The Effort-Return Index ERI=E/
RxC, where C is the adjustment coefficient, and the value
is 6/11. ERI values greater than 1, equal to 1, and less
than 1 correspond to high pay-low return, pay-return
balance and low pay-high return, respectively. Moreover,
the higher the ERI value, the greater the occupational
stress.”” In this survey, Cronbach’s o was 0.94, the half-
reliability coefficient was 0.93 and the KMO was 0.956.

Assessment of job burn-out

In this survey, the CMBI revised by Li et al was used to
assess job burn-out, which has good reliability and
validity.”® CMBI is composed of 15 items in 3 dimensions:
emotional exhaustion (5 items), depersonalisation (5
items) and reduced personal accomplishment (5 items).
The score for each item ranges from 1 to 7, with 1 point
indicating complete compliance and 7 points indicating
complete non-compliance. According to the critical
value (emotional exhaustion >25, depersonalisation >11,
personal achievement reduction >16), the levels of occu-
pational burnout are divided into none (all aspects are
below the critical value), mild (any one aspect is equal
to or above the critical value), moderate (any two aspects
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are equal to or higher than the critical values) and severe
(three aspects are equal to or higher than the critical
Values).37 In this survey, Cronbach’s o was 0.89, the half-
reliability coefficient was 0.86 and the KMO was 0.919.

Candidate predictors

Trained investigators obtained information on demo-
graphics, job burn-out, occupational stress, mental health
and occupational exposure factors through on-site face-
to-face collection of an electronic version of the question-
naire. Covariates included in this study: (1) demographic
information: gender, ethnicity, education level, profes-
sional title, work schedule, marital status, monthly
income, age, working years, labour contracts, working
hours per day and working hours per week; (2) occupa-
tional exposure factors: coal dust, silica dust, asbestos dust,
benzene, lead, noise and brucellosis; (3) questionnaires:
ERI, CMBI; (4) chronic diseases: diabetes, hyperten-
sion. Information on four areas, including demographic
information, questionnaires, occupational hazards and
chronic diseases, were filled in by participants through
their own responses on the questionnaire star.

Sex was defined as male or female; ethnicity was defined
as Han and other; education level was defined as junior
high school and below, high school, junior college or
bachelor’s degree or above; labour contracts was defined
as signed or unsigned; professional title was defined as no,
primary, middle or senior; work schedule was defined as
day shift, night shift, shift or day and night shifts; marital
status was defined as unmarried, married, divorced or
widowed; monthly income (yuan) was defined as <¥3000,
¥3000, ¥4000, ¥5000, ¥6000, ¥7000 or ¥8000; age (years)
was defined as <25, 25, 30, 35, 40 or 45; working years was
defined as 5, 5, 10, 15, 20, 25 or 30; working hours per day
(hours) was defined as <7 or >7; working days per week
(days) was defined as <5 or>b; exposure to coal dust, silica
dust, asbestos dust, benzene, lead, noise, brucellosis were
all defined as yes or no; ERI was defined as yes or no;
CMBI was defined as none, mild, moderate and severe;
hypertension and diabetes were both defined as yes or no.

Statistical analysis

Categorical variables were described as counts and
percentages, and %” test or Fisher’s exact test was used
to compare categorical variables between groups. Seventy
per cent of participants were randomly assigned to the
training cohort and 30% to the validation cohort. Vari-
ables were screened using a least absolute shrinkage
and selection operator (LASSO) regression and multi-
variate logistic regression models were used to estimate
risk ratios and corresponding 95% CIs of risk factors,
from which predictive models were constructed. A
nomogram for predicting was generated according to
the selected characteristics. In addition, forest plot was
drawn to visually depict the p value, OR and 95% CI for
the selected validations. Statistically significant predictors
were applied to develop a prediction model for the risk
of mental health problems among factory workers and

miners by introducing all selected factors and analysing
the statistical significance levels of them. We used calibra-
tion plots and receiver operating characteristic (ROC)
curves to show the calibration and discrimination of our
final model. Brier scores for overall performance, calibra-
tion slopes were used to assess the predictable accuracy
of the model. Decision curve analysis (DCA) was applied
to calculate the net benefit of the nomogram. Statistical
analysis was performed using the open-source R software
V. 3.6.1 (http://www.r-project.org). The significance level
(o) set at 0.05.

Patient and public involvement
Neither patients nor members of the public had any
involvement in the design of this study.

RESULTS

Participant characteristics

A total of 7118 participants met the inclusion criteria and
the data were randomly divided into a training group
(n=4955) and a validation group (n=2163). Over half of
all participants (65.31%) were male, 57.31% of the popu-
lation was over 35 years of age and 78.32% of the subjects
were married, showing that factory workers and miners
are generally older and most of them have spouses. The
majority of them had completed high school (83.94%),
while a smaller percentage had completed undergraduate
education (22.98%), indicating that the group of factory
workers and miners as a whole was not well educated.
The total number of workers (n, %) exposed to coal
dust, silica dust, asbestos dust, benzene, lead, noise and
brucellosis in the factory and mining enterprises were 377
(5.3), 730 (10.3), 981 (14), 1981 (27.8), 373 (5.2), 4942
(69.4) and 121 (1.7), respectively, with the total number
of workers exposed to noise amounting to 4942, or 69%
of the total population surveyed. The demographic, job
burn-out, occupational stress and occupational exposure
factors for the training and validation groups are shown
in table 1. The results showed that there were no signif-
icant statistical differences between the two groups of
characteristic variables, except for coal dust and CMBI,
indicating that the baseline levels were largely consistent
between the two groups.

Feature selection

The lambda was smallest at 0.01801 as seen from the lasso
results when there were 12 characteristics, which were
education, professional title, age, CMBI, ERI, asbestos
dust, hypertension, diabetes, working hours per day,
working years, marital status and work schedule based on
the results of the questionnaires on demographics, occu-
pational stress, job burn-out and occupational exposure
factors (figure 2).

Results of logistic regression model
The 12 features obtained from the LASSO regression
were incorporated into a multivariate logistic regression
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Table 1 Characteristics of the study participants

Variables Total (n=7118) Train (n=4955) Test (n=2163) P value
Sex, n (%) Male 4649 (65.3) 3216 (64.9) 1433 (66.3) 0.284
Female 2469 (34.7) 1739 (35.1) 730 (33.7)
Ethnicity, n (%) Han 5762 (80.9) 3982 (80.4) 1780 (82.3) 0.061
Other 1356 (19.1) 973 (19.6) 383 (17.7)
Education level, n (%) Junior high school and below 1143 (16.1) 804 (16.2) 339 (15.7) 0.765
High school 1406 (19.8) 988 (19.9) 418 (19.3)
Junior college 2933 (41.2) 2038 (41.1) 895 (41.4)
Bachelor’s degree or above 1636 (23.0) 1125 (22.7) 511 (23.6)
Professional title, n (%) None 2854 (40.1) 1983 (40.0) 871 (40.3) 0.923
Primary 1644 (23.1) 1149 (23.2) 495 (22.9)
Middle 1618 (22.7) 1133 (22.9) 485 (22.4)
Senior 1002 (14.1) 690 (13.9) 312 (14.4)
Work schedule, n (%) Day shift 3986 (56.0) 2801 (56.5) 1185 (54.8) 0.585
Night shift 270 (3.8) 187 (3.8) 83 (3.8)
Shift 2058 (28.9) 1412 (28.5) 646 (29.9)
Day and night shifts 804 (11.3) 555 (11.2) 249 (11.5)
Marital status, n (%) Unmarried 1104 (15.5) 762 (15.4) 342 (15.8) 0.218
Married 5575 (78.3) 3906 (78.8) 1669 (77.2)
Divorced 390 (5.5) 255 (5.1) 135 (6.2)
Widowed 49 (0.7) 32 (0.6) 17 (0.8)
Monthly income (yuan), n (%) <3000 1799 (25.3) 1246 (25.1) 553 (25.6) 0.966
3000 2418 (34.0) 1682 (33.9) 736 (34.0)
4000 1600 (22.5) 1125 (22.7) 475 (22.0)
5000 752 (10.6) 520 (10.5) 232 (10.7)
6000 288 (4.0) 201 (4.1) 87 (4.0)
7000 148 (2.1) 106 (2.1) 42 (1.9)
8000 113 (1.6) 75 (1.5) 38 (1.8)
Age (years), n (%) <25 431 (6.1) 297 (6.0) 134 (6.2) 0.173
25 786 (11.0) 519 (10.5) 267 (12.3)
30 956 (13.4) 684 (13.8) 272 (12.6)
35 866 (12.2) 617 (12.5) 249 (11.5)
40 849 (11.9) 588 (11.9) 261 (12.1)
45 3230 (45.4) 2250 (45.4) 980 (45.3)
Working years (years), n (%) <5 1170 (16.4) 794 (16.0) 376 (17.4) 0.248
5 1065 (15.0) 736 (14.9) 329 (15.2)
10 997 (14.0) 721 (14.6) 276 (12.8)
15 389 (5.5) 273 (5.5) 116 (5.4)
20 763 (10.7) 538 (10.9) 225 (10.4)
25 1293 (18.2) 878 (17.7) 415 (19.2)
30 1441 (20.2) 1015 (20.5) 426 (19.7)
Labour contracts, n (%) Signed 6641 (93.3) 4624 (93.3) 2017 (93.3) 0.955
Unsigned 477 (6.7) 331 (6.7) 146 (6.7)
Working hours per day (hours), n (%) <7 1161 (16.3) 814 (16.4) 347 (16.0) 0.712
>7 5957 (83.7) 4141 (83.6) 1816 (84.0)
Working days per week (days), n (%) <5 4442 (62.4) 3107 (62.7) 1335 (61.7) 0.446
>5 2676 (37.6) 1848 (37.3) 828 (38.3)
Continued
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Table 1 Continued

Variables Total (n=7118) Train (n=4955) Test (n=2163) P value

Diabetes, n (%) Yes 429 (6.0) 298 (6.0) 131 (6.1) 0.988
No 6689 (94.0) 4657 (94.0) 2032 (93.9)

Hypertension, n (%) Yes 1330 (18.7) 929 (18.7) 401 (18.5) 0.861
No 5788 (81.3) 4026 (81.3) 1762 (81.5)

Coal dust, n (%) Yes 377 (5.3) 244 (4.9) 133 (6.1) 0.039
No 6741 (94.7) 4711 (95.1) 2030 (93.9)

Silica dust, n (%) Yes 730 (10.3) 523 (10.6) 207 (9.6) 0.223
No 6388 (89.7) 4432 (89.4) 1956 (90.4)

Asbestos dust, n (%) Yes 981 (13.8) 691 (13.9) 290 (13.4) 0.570
No 6137 (86.2) 4264 (86.1) 1873 (86.6)

Benzene, n (%) Yes 1981 (27.8) 1360 (27.4) 621 (28.7) 0.287
No 5137 (72.2) 3595 (72.6) 1542 (71.3)

Lead, n (%) Yes 373 (5.2) 246 (5.0) 127 (5.9) 0.128
No 6745 (94.8) 4709 (95.0) 2036 (94.1)

Noise, n (%) Yes 4942 (69.4) 3420 (69.0) 1522 (70.4) 0.270
No 2176 (30.6) 1535 (31.0) 641 (29.6)

Brucellosis, n (%) Yes 121 (1.7) 86 (1.7) 35 (1.6) 0.800
No 6997 (98.3) 4869 (98.3) 2128 (98.4)

ERI, n (%) Yes 3147 (44.2) 2173 (43.9) 974 (45.0) 0.372
No 3971 (55.8) 2782 (56.1) 1189 (55.0)

CMBI, n (%) No 959 (13.5) 674 (13.6) 285 (13.2) 0.033
Mild 2667 (37.5) 1813 (36.6) 854 (39.5)
Moderate 2900 (40.7) 2031 (41.0) 869 (40.2)
Severe 592 (8.3) 437 (8.8) 155 (7.2)

CMBI, Chinese Maslach Burnout Inventory; ERI, effort-reward imbalance.

model and the regression results were shown in table 2.
It was clear from the results that education, profes-
sional title, age, CMBI, ERI, asbestos dust, hypertension,
diabetes, working hours per day, working years, marital
status and work schedule were independent determinants
of risk for mental health problems. In addition, there was
no evidence of multicollinearity between the covariates
included in the model. The forest plot showed that the
selected 12 features all contain items with p<0.05, among
which the degree of severe of CMBI (OR, 19.84; 95% CI,
13.88 to 28.34; p<0.001) had the greatest impact on the
risk of mental health problems among factory workers
and miners (figure 3).

Development of an individualised prediction model

Based on the results of the multivariate analysis, predic-
tors such as education, professional title, age, CMBI,
ERI, asbestos dust, hypertension, diabetes, working hours
per day, working years, marital status and work schedule
were included in the nomogram. A model incorporating
the above independent predictors was developed and
represented as a nomogram in figure 4. Each variable
in nomogram was assigned a score, and the cumulative
sum of each ‘point’ was the ‘total score’. The ‘total score’

corresponded to the ‘predictable likelihood’, which was
the predicted probability of mental health problems
among factory workers and miners as suggested by our
design of the nomogram.

As an example of the use of nomogram: a randomly
selected sample from the training group, one with no
professional title, day shift, no diabetes or hypertension,
Junior college, <5 of working years, >7 of working hours
per day, married, no exposed to asbestos dust, <25 years
of age, no ERI, mild of CMBI, with a calculated total score
of 174 and a corresponding risk probability of 8.27% for
mental health problems.

The validation of calibration

Model validation was carried out in the validation group.
The prediction accuracy of the model was assessed by
two aspects. (1) The Brier score for overall performance,
which assessed the difference between observed and
predicted values, with values closer to 0 indicating better
predictive ability. (2) The calibration slope used for
modal calibration, which assessed the agreement between
the observed and predicted values, with values closer to
1 indicating better performance. The accuracy measure-
ments for the bias correction were validated by the model

6

Lu'Y, et al. BMJ Open 2022;12:057102. doi:10.1136/bmjopen-2021-057102

"1ybuAdoo Agq paroalold 1sanb Aq zz0z ‘0 Jequiadag uo /wod fwg uadolwgy/:dny woly papeojumod 220z AN TZ Uo 20T /2S0-T202Z-uadolwa/oeTT 0T Se paysignd isii :uado rINg


http://bmjopen.bmj.com/

Open access

lambda. 15e=0.01801

number = 12

Partial Likelihood Deviance
3

i
——
=
[
[

[T

0.001
lambda

Asbestos_dust

|Diabetes
Marital_status
Education_level
me,scnenule
Age *Professional-title—

e
< Professionaltife
0.0{ Working_years

Coefficients

0.0 0610 000
lambda

Figure 2 Feature selection using the LASSO binary logistic
regression model. (A) Feature selection for the LASSO binary
logistic regression model. The partial likelihood deviation
(binomial deviation) curve was plotted against lambda by
validating the optimal parameter lambda in the LASSO
model. Dotted vertical lines were drawn based on 1 SE of the
minimum criteria (the 1-SE criteria). (B) Feature selection was
performed using the LASSO binary logistic regression model.
A coefficient profile weas plotted based on the lambda
series in (A), and 12 features with non-zero coefficients were
selected by optimal lambda. CMBI, Chinese Maslach Burnout
Inventory; ERI, effort-reward imbalance; LASSO, least
absolute shrinkage and selection operator.

with a Brier score of 0.176 and a calibration slope of
0.970, respectively (figure 5). The prediction accuracy of
the model was relatively high.

The validation of discrimination

ROC was plotted for the training and validation groups,
and the area under the curve (AUC) of training and the
verification groups were 0.785 and 0.784, respectively
(figure 6). The AUC of training and the verification
groups were both greater than 0.750, showing a good
discrimination.

Decision curve analysis

As shown in the DCA of the risk of mental health prob-
lems nomogram in figure 7, the model for predicting the
risk of mental health problems for factory workers and
miners in this study was more practically relevant if the
threshold probability of patients was >10%.

DISCUSSION

To our knowledge, this is the first study to develop an
easy-to-use nomogram to predict the mental health risks
of factory workers and miners. The nomogram developed
using the training set data contain 12 items for education,
professional title, age, CMBI, ERI, asbestos dust, hyper-
tension, diabetes, working hours per day, working years,
marital status and work schedule. In addition, validation
has shown that nomogram model has good accuracy and
discriminatory power. Our novel nomogram can be used
in any setting to provide a rapid assessment of mental
health risks and to help identify patients with mental
health risks, saving time compared with previous mental
health investigations and improving on the lack of entries
in previous investigations related to the specific working
environment of factory workers and miners. The AUC
of training group and verification group were 0.785 and
0.784, respectively, showing moderate discriminatory and
calibration power.

A review of the literature found that the vast majority of
studies constructed nomograms to predict clinical disor-
ders, with less literature used to predict psychological
problems. In a study to predict the correlates of suicide
attempts in a Chinese population with major depressive
disorder, the C-Aindex was 0.715 and the C-index in the
internal validation set was 0.703, and the calibration
curve of the column line plot also showed good agree-
ment between the predicted and observed risk of suicide
attempts. The variables in the nomogram included socio-
demographic information and clinical variables including
age, duration, number of episodes, age at onset, number
of hospitalisations, characteristics of anxiety and psychi-
atric symptoms, marital status, income, education level
and employment status.?” In another study that created
a nomogram to predict the risk of psychosocial and
behavioural problems in children and adolescents during
the COVID-19 pandemic, the Cindex exceeded 0.800 and
the calibration curve also showed good predictive accu-
racy. The variables covered three subject areas, namely
demographic information, the psychosocial impact of
the epidemic such as homework time and sedentary time,
and the Child Behaviour Checklist score for the eval-
uation of psychological problems.”® In this study, 7118
participants were randomly divided into a training group
(n=4955) and a validation group (n=2163) in a ratio of
3:1, involving a total of 23 features and 12 features were
selected by LASSO regression. The nomogram could be a
useful tool to better identify patients with mental health
problems, as it not only covered comprehensive informa-
tion, including demographic information, job burn-out,
occupational stress, chronic diseases and occupational
exposure factors closely related to factory workers and
miners, but also was simple to operate and easy to use.
In the validation group the Brier score was 0.176, the
calibration slope was 0.970 and the calibration curve
of nomogram showed a good fit. The AUC of training
group and verification group were 0.785 and 0.784,
respectively. Compared with the two studies above, our
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Table 2 Predictive factors of risk for mental health problems among factory workers and miners

Variable B SE OR (95% CI) Wald P value VIF
Intercept -2.33 0.25 0.10(0.06 to 0.16) -9357 0 -
Education level

Junior school and below versus high school 0.34 0.13 1.41(1.10to 1.81) 2.727 0.006™* 2.28

Junior school and below versus junior college 0.44 0.11  1.56 (1.24 to 1.95) 3.850 <0.001** 2.79

Junior school and below vs bachelor’s degree or above 0.38 0.13 1.46(1.13 10 1.87) 2.953 0.003** 2.51
Professional title

None versus primary 0.15 0.09 1.16(0.97 to 1.39) 1.582 0.114 1.35

None versus middle 0.05 0.09 1.05(0.87 to 1.26) 0.519 0.604 1.34

None versus senior 0.27 0.11  1.30(1.06 to 1.61) 2.458 0.014* 1.32
Work schedule

Day and night shifts versus day shift -0.38 0.11  0.69 (0.55 to 0.85) -3.364 0.001* 2.70

Day and night shifts versus night shif 0.01 0.20 1.01 (0.68 to 1.49) 0.044 0.965 1.30

Day and night shifts versus shift 0.01 0.12 1.01(0.81 to 1.27) 0.107 0.915 2.47
Marital status

Unmarried versus married 0.16 0.13 1.18(0.91 to 1.52) 1.263 0.206 2.29

Unmarried versus divorced 0.55 0.19 1.73(1.20 to 2.51) 2.918 0.004** 1.69

Unmarried versus widowed 0.69 0.43 1.99(0.85 to 4.64) 1.586 0.113 1.09
Age

25 vs 25 -0.02 0.20 0.98 (0.66 to 1.47) -0.083 0.934 3.09

25 vs 30 -0.02 0.22 0.98 (0.64 to 1.50) -0.090 0.929 4.79

25vs 35 0.56 0.23 1.76 (1.13t0 2.74) 2.503 0.012* 5.01

25 vs 40 0.33 0.23 1.39(0.88 to 2.21) 1.419 0.156 4.97

25 vs 45 0.23 0.22 1.26(0.81 to 1.95) 1.018 0.308 10.93
Working years

5vs5 0.44 0.14 1.55(1.18 to 2.05) 3.114 0.002** 2.27

5vs 10 0.06 0.15 1.06 (0.78 to 1.43) 0.366 0.714 2.48

5vs15 0.06 0.20 1.06 (0.72 to 1.56) 0.305 0.760 1.79

5vs 20 0.29 0.18 1.33(0.95to 1.88) 1.641 0.101 2.65

5vs 25 0.48 0.17 1.61(1.15t0 2.25) 2.782 0.005** 3.99

5vs 30 0.20 0.16  1.22(0.89 to 1.68) 1.239 0.216 3.90
Working hours per day

<7 vs >7 -0.50 0.09 0.61(0.50t00.73) -5.363  <0.001*** 1.15
Diabetes

No versus Yes 0.43 0.14 1.53(1.16 to 2.03) 2.974 0.003** 1.05
Hypertension

No versus Yes 0.52 0.09 1.69 (1.42 to 2.00) 5.885 <0.001*** 1.11
Asbestos dust

No versus yes 0.44 0.10 1.55(1.28 to 1.87) 4.474 <0.001*** 1.03
ERI

No versus yes 0.89 0.07 2.43(2.12t02.79) 12.786  <0.001*** 1.05
CMBI

No versus mild 0.26 0.12 1.30(1.03 to 1.64) 2.175 0.003** 2.73

No versus moderate 1.30 0.11  3.67 (2.93 to 4.59) 11.361 <0.001** 2.83

No versus severe 2.99 0.18 19.84 (13.88t0 28.34) 16.41 <0.001*** 1.44

Note: B is the regression coefficient.
*P<0.05, “*p<0.01, **p<0.001.
CMBI, Chinese Maslach Burnout Inventory; ERI, effort-reward imbalance.
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Variable OR(CI95%) P-Value
Education_level

Junior school and below VS High school 1.41(1.10,1.81) —a— 0.006
Junior school and below VS Junior college 1.56(1.24,1.95) —a— 0.000
Junior school and below VS Bachelor’ s degree or above 1.46(1.13,1.87) —— 0.003
Professional_title

None VS Primary 1.16(0.97,1.39) = 0.114
None VS Middle 1.05(0.87,1.26) i 0.604
None VS Senior 1.30(1.06,1.61) —a— 0.014
Work_schedule

Day and night shifts VS Day shift 0.69(0.55,0.85) +m— 0.001
Day and night shifts VS Night shif 1.01(0.68,1.49) +—g—— 0.965
Day and night shifts VS Shift 1.01(0.81,1.27) —— 0.915
Marital_status

Unmarried VS Married 1.18(0.91,1.52) - 0.206
Unmarried VS Divorced 1.73(1.20,2.51) —l 0.004
Unmarried VS Widowed 1.99(0.85,4.64) = 0.113
Age

~25 VS 25~ 0.98(0.66,1.47) +—&—i 0.934
~25 VS 30~ 0.98(0.64,1.50) +—&—— 0.929
~25 VS 35~ 1.76(1.13,2.74) — . 0.012
~25 VS 40~ 1.39(0.88,2.21) H—— 0.156
~25 VS 45~ 1.26(0.81,1.95) —— 0.308
Working_years

~5VS 5~ 1.55(1.18,2.05) —— 0.002
~5VS 10~ 1.06(0.78,1.43) —— 0.714
~5VS 15~ 1.06(0.72,1.56)  +—m—— 0.760
~5VS 20~ 1.33(0.95,1.88) H—a— 0.101
~5 VS 25~ 1.61(1.15,2.25) —— 0.005
~5 VS 30~ 1.22(0.89,1.68) H—-— 0.216
Working_hours_per_day

<7VS>7 0.61(0.50,0.73) Hm 0.000
Diabetes

No VS Yes 1.53(1.16,2.03) —a— 0.003
Hypertension

No VS Yes 1.69(1.42,2.00) —a— 0.000
Asbestos_dust

No VS Yes 1.55(1.28,1.87) —— 0.000
ERI

No VS Yes 2.43(2.12,2.79) —— 0.000
CMBI

No VS Mild 1.30(1.03,1.64) —a— 0.030
No VS Moderate 3.67(2.93,4.59) ———a—> 0.000
No VS Severe 19.84(13.88,28.34)I | I I I I _I-’I 0.000

05 1 15 2 25 3 35 4
The estimates

Figure 3 The forest plot of the or of the selected feature. CMBI, Chinese Maslach Burnout Inventory; ERI,effort-reward

imbalance.
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Figure 4 Developed mental health problems incidence

risk nomogram. The mental health problems incidence risk
nomogram was developed in the array, with education,
professional title, age, CMBI, ERI, asbestos dust,
hypertension, diabetes, working hours per day, working
years, marital status, and work schedule incorporated. CMBI,
Chinese Maslach Burnout Inventory; ERI, effort-reward
imbalance.
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Figure 5 Calibration curves of the mental health problems
incidence risk nomogram prediction in validation group.

The x-axis represents the predicted risk of mental health
problems. They-axis represents the actual diagnosed risk of
mental health problems. The diagonal dashed line represents
the perfect prediction of the ideal model. The solid lines
represent the performance of the column plots, where closer
to the diagonal dashed line indicates a better prediction.
ROC, receiver operating characteristic.
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Figure 6 ROC curves for training and validation groups. The
y-axis represents the true positive rate of risk prediction. The
X-axis represents the false positive rate of risk prediction. The
ROC curves for the training and validation groups are shown
in black and red. ROC, receiver operating characteristic.

nomogram showed good accuracy and discrimination,
and more comprehensive coverage in this nomogram
model. Therefore, the possibility of early intervention
for patients with high-risk mental health problems will be
increased by covering multiple information and easy to
use nomogram modal, especially for factory workers and
miners with poor working conditions, relatively low levels
of education and low patience.

08

Standardized Net Benefit
0.4

0.2

0.0

0.0 0.2 0.4 0.6 0.8 1.0
High Risk Threshold
I T T T T 1

1:100 1:4 2:3 32 41 100:1
Cost:Benefit Ratio

Figure 7 Decision curve analysis (DCA) for mental health
problems incidence risk nomogram. The y-axis measures the
net benefit. The solid red line represents nomogram of the
risk of developing a mental health problem. The light blue
dashed line represents the hypothesis that all participants
were diagnosed with a mental health problem. The black
dashed line represents the hypothesis that there is no risk

of a mental health problem. The DCA showed that using

this mental health problem incidence risk nomogram in the
current study to predict mental health problem incidence

risk increase in benefit than the intervention all patients or no
intervention all patient if the threshold probability of a patients
and a doctor is >10%.

Mental health problems were very common in the
group of factory workers and miners, and the preva-
lence of mental health of them was found to be 37.08%
in our study. Notably, the CMBI showed the most signif-
icant score (score=100) and the ERI also had a high
score (score=43) in mental health problem incidence
risk nomogram, which indicated that both of them were
relatively important factors for mental health problems
among the group of factory workers and miners. Our
finding was consistent with other studies that had shown
that occupational stress was a significant predictor of
anxiety and was negatively associated with mental health.
In addition, there is a high correlation between burnout
and depression.™

In line with previous studies, working years was also an
importantinfluential factor in this study. Related study has
shown that employment could improve patients’ mental
health, while unemployment could lead to a deterioration
in mental health.*” In China, workers’ working years is an
important aspect of employment, and researchers have
studied this aspect and found that precarious employ-
ment is a source of stress for individuals and predisposes
them to mental health problems.*! In addition, environ-
mental factors were also one of the influential factors of
mental health problems in our study. Relevant studies
have found that exposure to air pollution is associated
with increased suicide risk and depressive symptoms.*?
Hypertension and diabetes were the influential factors
in this study. A study has shown that the prevalence of
depression in adults with type 1 diabetes is approximately
three times higher than in the non-diabetic population.*’
Furthermore, there is a recognised association between
hyperglycaemic and depression, but the underlying
biological mechanisms of this association are unclear.**

Factory workers and miners were inevitably exposed to
occupational hazards such as benzene and asbestos dust
in their working environment. According to statistics, a
total of nearly 2 million workers are exposed to various
occupational hazards and over 16 million people worked
in toxic and hazardous enterprises, involving more than
30 different types of operations, of which factory workers
and miners is the one.” Similarly, the occupational
hazard asbestos dust was selected as a predictor of risk for
mental health problems in this study. Our study found
that the work schedules of factory workers and miners
were vary and the phenomenon of night shifts was very
common, which inevitably affected their normal sleep.
Some studies have shown that sleep problem is a risk
factor for a variety of mental health and chronic diseases.
Lack of sleep or poor sleep quality could lead to abnor-
malities in the body’s self-regulatory functions and distur-
bances in the circadian rhythm of the biological clock,
which in turn could suffer from negative emotions such as
anxiety and depression.* Professional title and education
level were also important influences on mental health
issues. In the workplace, generally speaking, the higher
the professional title and education level, the higher the
status of the worker in the company and the greater the
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role played in the position. The number of studies on
socioeconomic status and mental health had increased
in recent years. Some of these studies have shown that
major depression is higher in the low socioeconomic
status group.*® It has also been suggested that educa-
tion itself is the best indicator of socioeconomic status.*’
Marital status was one of the influential factors for mental
health problems. Many studies have found an association
between mental health and gender, marital status, life-
style and working conditions, and it has been shown that
poor mental health in women is associated with divorce or
widowhood.® In this study, working more than 7 hours a
day was a determinant factor on mental health problems,
which was consistent with other studies that had shown
that long working hours could have a negative impact on
employees' mental health and that excessive workloads
could increase workers’ fatigue, which in turn could lead
to anxiety and depression.*

In China, there are many problems in identifying
people with mental health problems due to uneven and
imperfect levels of medical development across regions.
Some studies have shown that in mainland China,
general practitioners, surgeons and primary healthcare
workers often have little or no mental health training,
which prevents them from providing basic mental health
services.”” Non-mental health professionals in general
hospitals learn about mental illness on their own, rather
than learning about it during their formal education.”
Therefore, this study designed a simple and comprehen-
sive nomogram to address the issue of timely detection
and effective interventions for people with mental health
problems, so that people at risk of mental health prob-
lems could easily calculate their probability of suffering
from mental health problems without the help of medical
staff. This study has several strengths. First, to our knowl-
edge, this is the first model to develop and assess the like-
lihood of mental health problems in a group of factory
workers and miners. Second, the nomogram in this study
includes demographic information, job burnout, occu-
pational stress, chronic illnesses and also occupational
exposure factors that are closely related to factory workers
and miners, allowing for a more accurate assessment of
the risk of morbidity among them, as well as providing a
methodological reference for other related studies.

LIMITATIONS

This study also has several limitations. First, we have consid-
ered many influential factors including demographics, job
burnout, occupational stress and occupational exposure
factors, but we are still not certain whether all possible
influences are covered. Second, while the robustness of
our nomogram was extensively validated internally in the
same population, external validation is lacking for other
populations in other regions and countries. Nomogram
needs to be externally assessed in a wider population.
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