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Abstract

Pharmaceutical manufacturers have a vital role in the healthcare system insofar
as any disruption in their production processes jeopardizes people’s health and
the environment they inhabit. Resilience engineering (RE) could shift such
systems from an abnormal to a normal state. In addition, macro-ergonomics
(ME) can enhance all system factors in a pharmaceutical plant. It is argued that
integrating RE with ME could result in the overall optimization of a
pharmaceutical unit. This study presents an integrated approach based on RE
and ME factors which could be used to optimize the performance of
pharmaceutical plants. A standard questionnaire was designed and distributed
among experts. Data envelopment analysis (DEA) and fuzzy DEA were used to
conduct optimization. Then. Pearson correlation test and paired t-test were used
to evaluate the best DEA or fuzzy DEA model. Next, the best model was tested
in terms of RE, ME, and combined factors. The results showed that reporting
culture, flexibility, and formalization are the most important factors in the
pharmaceutical industry. This is the first study to carry out an integrated
optimization of RE and ME in a pharmaceutical unit and, thus, provides a
practical approach for the pharmaceutical industry.

Keywords: Pharmaceutical plants, performance optimization, resilience
engineering (RE), macro-ergonomics, Data Envelopment Analysis (DEA)

Motivation & significance

Today, economic factors are one of the most critical dimensions that influence the sustainability of
organizations. Also, pharmaceutical factories have a substantial role in the healthcare system of any
country, because any problem in their production procedures might threaten the health of many
humans. Given that macro-ergonomics (ME) and resilience engineering (RE) factors have an
undeniable impact on the sustainability of any organization, this paper studies these factors in a
pharmaceutical unit. Evidently, addressing these factors can help managers provide appropriate
directions and prevent adverse events that may occur in their organization.
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1-Introduction

Regardless of the location and field they touch, economic disasters increase competition between
companies and alter customer expectations, and lead to complications which oblige firms to be
resilient. Resilience is a long-term strategic initiative that changes the way a firm operates by
adjusting linkages between competitive strategies and functional strategy. The need to be resilient
against disturbances is paramount for firms in countries with developing economies. Developing
economies that aim at economic progress are often challenged by some giant firms from developed
economies (Dangayach and Deshmukh 2001, Khanna and Palepu 2006). Resilience is typically
regarded as the power of an organization to face with big alterations in the business and economic
environment or the power to resist interruption and unfavorable events (Sheffi and Rice 2005, Beverly
and Rodysill 2007). Moreover, resilience has been conceived as the ability of organizations to
continue, overcome, or positively adjust to adverse events, disruptions, and external shocks
(Zhalechian et al., 2018, Sutcliffe and Vogus 2003, Gittell et al. 2006, Powley 2009).

In this study, resilience denotes the power of organizations or factories to adapt their
manufacturing strategies to a competitive strategy which can result in competitive advantage and
efficient performance. This is crucial because acquiring resilience must be a strategic action aimed at
decreasing the susceptibility triggered by changes in the competitive environment (Sheffi and Rice
2005). Some researchers in the manufacturing field have suggested that manufacturing strategy can
have a substantial effect on the firm’s power to obtain competitive benefits and better operation
(Ahmad and Schroeder 2003). Moreover, a few researchers have provided comparative analyses of
how the manufacturing strategy of a firm affects its competitive strategy and its overall operation.
Large companies and organizations are able to build resilience capabilities when they have business
models that conform to the needs of the competitive environment (Gittell et al. 2006). Thus, one way
of responding effectively to different emerging crises for businesses is to adjust their operational
strategy with their competitive strategy. Economic recessions have posed serious challenges for many
companies, including pharmaceutical factories, and have forced them to cultivate resilience. At times
of economic crisis, companies face major threats to their financial performance and, ultimately, their
survival. Statistics also propose that companies’ internal problems have had ripple effects on their
operation during the recent economic crisis.

In recent years, many researchers have focused on the concept and application of RE in different
industries. For example, Zhang and Lin (2010) offered five principles to design systems of resilience
by a particular focus on resilience in other concepts such as reliability, safety, and dependability.
Wang et al. (2010) considered resilience in a company's 1Ss to maximize information recovery. They
used customer relationship management (CRM) and supply chain management (SCM) as a service
system with two levels (surface and infrastructure) in a company of ISs. Park et al. (2009) examined
the effects of organizational resilience on system and information quality. They also explored whether
the system can reduce the risk and increase the quality of information and organizational resilience. It
was concluded that organizational resilience is positively influenced by system quality but not through
information quality. Azadeh et al. (2017) developed an intelligent algorithm based on artificial neural
networks, fuzzy data envelopment analysis (DEA), and statistical methods in order to conduct a
performance assessment of resilience engineering and lean production principles in a pipe
manufacturing plant. Their study showed that the performance of the manufacturer was undesirable in
terms of “fault tolerant” and “pull system” factors. Babajani et al. (2019) evaluated the performance
of a sand mine in Iran using resilience engineering. For this purpose, they used a multivariate
algorithm based on fuzzy DEA. Haghighi and Torabi (2018) proposed a mixed sustainability-
resilience framework for assessing hospital information systems. To this end, they employed a
multivariate algorithm consisting of DEA, best worst method, statistical methods, and SWOT matrix.

On the other hand, there are other factors that can affect the performance of the organization in the
future even more than do resilience factors. These are human factors (ergonomics) which have a
strong relationship with resilience engineering. Researchers have a long tradition of focusing on
micro-ergonomic factors (A. Joy Rivera-Rodriguez et al., 2013). In the late 20th century, researchers
turned to organizational or macro-ergonomic factors such as work-related stress, culture, job design,
and teamwork (Karsh, 2006). Although it is generally accepted that a 10-25% improvement might
happen for the organizations by employing micro-ergonomic techniques, more recent studies confirm
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that a 60-90% growth is the outcome of correctly applying macro-ergonomic concepts (Hendrick,
1991).

Macro-ergonomics deals with issues such as how to organize the design of the working system on
the basis of technical aspects. It also aims at creating a comprehensive and unified work system that
culminates in enhancing and promoting different dimensions of a workplace (Hendrick 2001, 2005).
The interrelationship between organizational performance and macro-ergonomics has attracted the
attention of several researchers. For example, Acosta and Karen Lange Morales (2008) employed
macro-ergonomic concepts to present a macro-ergonomic framework for distribution centers of a food
company. Their work helped optimize the company’s processes and ensure that knowledge transfer
takes place within the company. Ben-Tzion Karsh and Roger Brown (2010) investigated ergonomics
in healthcare and focused on patient safety. They specified two different levels: ‘ergonomic’ and
‘organizational hierarchy’. It was found that different micro-ergonomic/macro-ergonomic factors and
organizational hierarchy levels influence patients’ safety. The authors also discussed the impact of
these levels on the theories, measurements, analyses, and interventions introduced in the context of
patient safety research. Azadeh et al. (2016) used DEA and proposed an integrated approach for
analyzing the impact of macro-ergonomic factors in the healthcare supply chain. They concluded that
the most influential macro-ergonomic factor on healthcare supply chain is teamwork. Addressing the
application of macro-ergonomic methods in human resources processes based on the ISO 12207
standard, Franco et al. (2019) came up with an intelligent approach which utilizes machine learning.

The current study proposes an integrated framework which evaluates and analyzes the impact of
resilience engineering factors and macro-ergonomic factors by means of DEA and statistical methods.
To the best of our knowledge, this is the first study to undertake a comprehensive performance
assessment of a pharmaceutical manufacturing plant from the perspective of resilience engineering
and macro-ergonomics.

The remainder of the paper is structured as follows. Section 2 presents the methodology. Section 3
provides the results and discusses the obtained results. Finally, section 4 is dedicated to the
concluding remarks and suggests directions for future research.

2-Methodology

The framework of the paper is shown in Figure 1. As can be seen, a standard questionnaire was
first designed to collect the data; then, the validity of gathered data was established through
Cronbach's alpha. In the next step, different models of DEA were deployed to measure the efficiency
of the Decision-Making Units (DMUs) and the best model was determined. Next, data related to each
factor of the questionnaire was extracted and the efficiency of the DMUs was calculated again using
the best DEA model. Finally, the most important factors were identified using paired t-test and
Pearson correlation.

2-1-Data Envelopment Analysis

MCDM methods are widely utilized in several contexts such as safety (e.g., see Azadeh et al.,
2016, Babajani et al., 2019), healthcare systems (e.g., see Hamid et al., 2018a, Hamid et al., 2018b,
Yazdanparast et al., 2018, Hamid et al., 2019), manufacturing area (e.g., see Habibifar et al., 2019),
and scheduling (e.g., see Jamili et al., 2018), product selection (e.g., see Bastan; et al., 2019) . Data
envelopment analysis (DEA) is one of the best methods for multi attribute decision making. This
method is a nonparametric tool in operation studies and economics which attempts to make an
estimation of production frontiers. It is generally used to experimentally calculate the productive
efficiency of DMUs. Even though DEA is deeply tied to production theory in economics, it can also
be employed for benchmarking in operations management, in which some measuring tools are chosen
for benchmarking the performance of manufacturing and service operations. In benchmarking,
efficient DMUSs, as specified via DEA, might not always obtain a so-called “production frontier” but
yield a “best-practice frontier” (Cook, Tone and Zhu, 2014). Sherman and Zhu (2012) have regarded
DEA as "balanced benchmarking.” One of the advantages of non-parametric approaches is that they
do not involve taking a precise functional form for the frontier; nevertheless, they do not reveal a
general relationship (equation) that might associate outputs and inputs.
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On the other hand, there are also parametric methods for estimating production frontiers (Aigner et
al. 1997). Such methods necessitate that the shape of the frontier be conjectured in advance through
determining an exact function that could relate an output to an input. It is also possible to integrate the
relative benefits of each of these approaches (Tofallis, 2001), such that the frontier units could be first
detected through DEA and then matched to a smooth surface. This enables estimating of a best-
practice relationship between several outputs and inputs.

Using linear programming, DEA is a non-parametric method for evaluating relative efficiencies of
DMUs with common inputs and outputs. It was first developed for ranking and analyzing DMUs such
as industries, universities, schools, hospitals, cities, facility layouts, banks, etc. Azadeh and
Ebrahimipour (2002), Azadeh and Ebrahimipour (2004), Azadeh and Jalal (2001) and Zhu (1998).
DEA models can be input- or output-oriented and be specified as constant returns to scale (CRS) or
variable returns to scale (VRS) (Azadeh et al., 2012).

2-1-1-Basic models of DEA

DEAs have two basic models: CCR and BCC. The BCC model considers VRS and involves a
condition of convexity. The original fractional CCR model evaluates the relative efficiencies of n
DMUs (j = 1,. . ., n) while each DMU includes m inputs and s outputs denoted by x;;, x;j,. . .,
Xmjand yij, ¥2j,. . . ¥sj, respectively (Charnes et al., 1978). In this model, the efficiencies of n
DMUs are evaluated by maximizing outputs while inputs are constant. Since the linear CCR
programming model allocates the common index of one to all efficient DMUs in the data set, it does
not rank efficient units. Therefore, this model was later modified by Andersen and Petersen (1993) for
DEA-based ranking purposes. In Anderson — Peterson (A.P) model, the score associated with the
efficient units can be larger than one, thus enabling the ranking of both efficient and inefficient units.
This model also considers VRS. The efficient units of this study are ranked through models (1) and
(2), which are input-oriented and output-oriented, respectively.
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Fig 1. Flowchart of the study
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2-2-Questionnaire design and data collection

According to the RE framework and macro-ergonomic factors, a structured questionnaire was
initially developed for the personnel of the case study (Hale et al., 2006; Huber et al., 2009; Azadeh et
al., 2014b; Hendrick and Kleiner, 2002). It consisted of six RE components and three macro-
ergonomic components. The RE factors were top-level commitment, reporting culture, learning
culture, awareness, preparedness, and flexibility. The macro-ergonomic factors included complexity,
formalization, and centralization. Additionally, three questions were allocated for the economic factor,
all of which were related to paying employee salaries. RE and macro-ergonomics factors were the
input variables and the economic factor was considered the output variable. The answer to each
question ranged from 1 to 10, with 1 indicating “strongly disagree” and 10 representing “strongly
agree”. The questionnaire was completed by 45 individuals with different positions in the company
under consideration. The questions asked are as follows.

Fig 2. The scale of the questionnaire

1. R1: Top-level commitment (e.g. The staff are confident that the management can provide good
leadership if the organization is struck by a crisis)

2. R2: Reporting culture (e.g. Do you feel comfortable reporting issues/problems to your boss?)

3. R3: Learning culture (e.g. We learn lessons from past projects and make sure those lessons are
carried through to future projects.)

4. RA4: Awareness (e.g. Do you think you know what is going on now in this company?)

5. RS5: Preparedness (e.g. Do you think your company can solve the economic problems that may
occur in the future?)

6. R6: Flexibility (e.g. At the time of sanction or recession, the necessary information is available
from a variety of ways and places.)

7. M1: Complexity (e.g. Are there different communication devices or channels between work
elements?)

8. M2: Formalization (e.g. Is there any detailed explanation of the work process and its steps?)

9. Ma3: Centralization (e.g. If the system faces a problem, does your department have adequate
authority — from the boss — for decision making?).

10. E: Economic (e.g. Is your salary paid on time?)

2-3-Data summarization

Decision-making units of the present research were composed of 45 individuals (staff, supervisor,
and manager) working in the company. All questionnaires were filled in by employees of the same
factory in 2017. Each person responding to at least 16 questions about the RE, macro-ergonomic, and
economic factors was named a DMU. In practice, the number of DMUs should be three times as large
as the total number of inputs and outputs. In this study, this assumption is satisfied. The DMUs and
their related mean scores are shown in Table 1, where Ri and Mj are used to represent resilience and
macro-ergonomic factors, respectively (For a discussion of these factors, see section 0). Also, E is
used to denote the economic factor.
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Table 1. Mean scores of 45 DMUs

RIT R2 R3 R4 R5 R6 M1 M2 M3 E
DMUO1 82 54 90 95 68 70 70 80 67 81
DMUO02 70 85 67 69 70 75 69 58 75 74
DMU03 65 65 68 75 75 68 63 53 71 78
DMUO04 55 55 50 70 76 63 70 77 74 80
DMUO05 80 85 75 95 70 75 63 70 71 6.7
DMUO06 70 68 75 65 69 66 60 58 63 83
DMUO07 75 50 75 70 68 70 64 73 67 82
DMUO08 70 70 62 65 60 65 60 65 70 79
DMUO09 74 75 79 74 70 80 70 71 70 77
DMU10 72 75 85 80 69 81 71 63 65 78
DMU11 80 75 82 75 71 69 63 73 64 80
DMU12 59 74 59 68 66 60 70 63 67 75
DMU13 74 75 68 82 68 65 68 70 68 68
DMU14 75 72 58 66 65 62 67 73 71 81
DMU15 75 59 70 80 62 68 60 60 68 76
DMU16 55 75 69 69 55 58 63 63 68 82
DMU17 48 45 35 56 51 65 65 65 69 79
DMU18 68 72 80 70 61 65 68 69 70 73
DMU19 72 70 68 65 68 55 65 60 67 85
DMU20 69 70 59 70 69 65 71 63 66 86
DMU21 60 56 60 66 55 62 68 64 71 85
DMU22 65 68 56 65 69 65 65 66 69 88
DMU23 75 60 65 65 55 68 66 76 74 82
DMU24 75 75 60 70 65 64 67 68 71 83
DMU25 70 60 65 70 70 70 80 83 79 88
DMU26 70 60 70 60 75 60 45 45 41 78
DMU27 60 65 68 65 70 65 71 68 70 79
DMU28 70 75 65 65 65 50 54 47 48 75
DMU29 50 68 75 74 69 50 68 59 62 75
DMU30 62 80 54 50 65 70 69 67 73 88
DMU31 66 55 66 69 70 59 63 63 65 93
DMU32 55 59 55 56 75 69 61 66 63 92
DMU33 70 65 56 70 68 56 65 63 63 87
DMU34 55 70 54 49 56 65 57 62 74 81
DMU35 65 65 49 56 69 65 62 63 71 79
DMU36 66 70 56 85 70 65 55 59 73 80
DMU37 65 55 70 95 55 55 75 76 80 84
DMU38 62 90 55 75 80 76 69 69 78 77
DMU39 60 60 65 68 75 70 69 63 77 73
DMU40 46 45 65 70 65 60 63 75 70 74
DMU41 70 50 70 80 64 55 6.0 6.3 74 1.8
DMU42 65 70 50 65 46 55 55 62 69 83
DMU43 49 65 40 40 66 56 72 80 85 70
DMU44 35 45 50 60 65 65 6.1 8.0 6.4 59
DMUA45 69 70 50 45 60 75 69 61 69 82

To assess the reliability of the collected data, Cronbach’s alpha of all factors was calculated and the
results are given in Table 2.
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Table 2. Cronbach alpha coefficients of the study factors

Category Factor Cronbach Alpha
Top-level commitment 0.68
Reporting culture 0.81
Resilience Engineering Learning culture 069
Awareness 0.77
Preparedness 0.70
Flexibility 0.81
Complexity 0.88
Macro-ergonomics Formalization 0.84
Centralization 0.84
Economic Economic 0.73

3-Results and discussion

This study utilizes DEA to obtain DMUSs’ efficiencies in the company in order to identify those
resilience and macro-ergonomic factors which exert the highest impact on the economic factor. The
selection of input-output variables plays a key role in DEA (Azadeh et al., 2009). Since an increase in
inputs/outputs does not result in a proportional change in outputs/inputs, a model should be
considered which allows for VRS such as the full ranking BCC model (Anderson-Peterson model). To
this end, after the input-oriented (output-oriented) DEA model with a VRS frontier type was chosen,
the DEA model was solved using all of the mentioned inputs and outputs. Then, in each step, one of
the macro-ergonomic and RE factors was deleted from the model inputs in order to determine new
efficiency scores and evaluate the effect of each factor on the performance of the system. In other
words, the impact of each input/output variable was assessed separately with respect to resulting
changes in system efficiency.

3-1- DEA results

DEA was run in MATLAB for all data with different models. Specifically, DEA was performed in
four modes: BCC model input-oriented, BCC model output-oriented, CCR model input-oriented, and
CCR model output-oriented. Different methods can be used to determine the best DEA model. For
example, we can easily calculate the sum of all units' efficiency and choose the model with the highest
score as the best model. We can also add some noise to some of the input data values of the DEA
models and run the DEA models with this new data. Finally, by comparing the new results with the
previous results, the model with the highest noise resistance is selected as the best model. To select
the best DEA model, the second method was used and BCC model input-oriented was identified and
chosen for the next calculation. The results of the four executed models are shown in Table 3.
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Table 3. Results of DEA models

BCC-output-oriented  BCC-input-oriented CCOR;EE?::;ZUP CCR- input-oriented
DMUO1 0.8786 0.926 0.8763 0.8763
DMUO02 0.8326 0.9015 0.8308 0.8308
DMUO03 0.9391 0.9696 0.939 0.939
DMU04 0.9422 0.9596 0.9378 0.9378
DMUO05 0.7179 0.8228 0.6765 0.6765
DMUO06 0.9417 0.9443 0.9413 0.9413
DMUOQ7 0.9534 0.9776 0.9501 0.9501
DMUO08 0.8878 0.9172 0.8735 0.8735
DMU09 0.825 0.8288 0.7858 0.7858
DMU10 0.8463 0.8692 0.8402 0.8402
DMU11 0.861 0.8538 0.8442 0.8442
DMU12 0.8613 0.9345 0.8532 0.8532
DMU13 0.7315 0.8542 0.7071 0.7071
DMU14 0.896 0.9115 0.8808 0.8808
DMU15 0.8811 0.951 0.872 0.872
DMU16 1 1 1 1
DMU17 1 1 1 1
DMU18 0.8186 0.8864 0.7928 0.7928
DMU19 1 1 0.9769 0.9769
DMU20 0.9517 0.9555 0.9506 0.9506
DMU21 1 1 1 1
DMU22 0.9763 0.9643 0.9636 0.9636
DMU23 0.9518 0.9276 0.9267 0.9267
DMU24 0.9203 0.8949 0.88 0.88
DMU25 0.9491 0.9064 0.9007 0.9007
DMU26 1 1 1 1
DMU27 0.865 0.9118 0.857 0.857
DMUZ28 1 1 1 1
DMU29 1 1 1 1
DMU30 1 1 1 1
DMU31 1 1 1 1
DMU32 1 1 1 1
DMU33 1 1 1 1
DMU34 1 1 1 1
DMU35 0.9481 0.9715 0.9308 0.9308
DMU36 0.9506 0.9691 0.9417 0.9417
DMU37 1 1 1 1
DMU38 0.8364 0.8677 0.8132 0.8132
DMU39 0.807 0.9194 0.8063 0.8063
DMU40 1 1 0.9855 0.9855
DMUA41 1 1 0.9212 0.9212
DMU42 1 1 1 1
DMU43 1 1 1 1
DMU44 1 1 1 1
DMU45 1 1 1 1
Mean 0.932676 0.951027 0.921236 0.921236
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3-2-Sensitivity analysis

To identify the factor(s) with substantial effects (good or bad) on the efficiency of each person,
efficiency score was first assessed with all factors; then, one factor would be eliminated and
efficiency score was calculated once more without this factor for all individuals. Pearson correlation
test and paired-t-test were employed to determine the effect of every single factor.

3-2-1-Correlation test

To find relevant correlations between all factor data, the parametric Pearson test was performed in
MINITAB. As expected, the results demonstrated a high correlation (Table 4). The results indicated
that while all factors are important, the most consequential ones are reporting culture, flexibility, and
formalization, in order of significance.

Table 4. Pearson correlation test

Eliminated Factor R1 R2 R3 R4 R5 R6 M1 M2 M3

Pearson correlation 0975 0931 0993 0991 0986 0970 0999 0.951 0.995

3-2-2-Paired-t-test

As the main part of sensitivity analysis, paired-t-test was deployed to specify the impact (good or
bad) of every single factor. The results are shown in Table 5, where u, signifies efficiencies with all
factors and p, stands for efficiencies without one factor (eliminated factor).

As observed in Table 5, all factors have positive effects on the efficiency of individuals. In general,
it can be stated that M1 factor (Complexity) has a lower effect rather than do other factors.

Table 5. Results of sensitivity analysis

Result of T-test for Result of T-test for Result of T-test for
Factor {Ho5#1 = M {Hoilh = U {Ho:lh )
Hy:py < gy Hy:py # 1y Hy:py >
R1 P-Value = 0.995 P-Value = 0.010 P-Value = 0.005
R2 P-Value = 0.991 P-Value = 0.019 P-Value = 0.009
R3 P-Value = 0.995 P-Value = 0.010 P-Value = 0.005
R4 P-Value = 0.996 P-Value = 0.009 P-Value = 0.004
R5 P-Value = 1.00 P-Value = 0.001 P-Value = 0.000
R6 P-Value = 0.997 P-Value = 0.007 P-Value = 0.003
M1 P-Value = 0.976 P-Value = 0.048 P-Value = 0.024
M2 P-Value = 0.991 P-Value = 0.018 P-Value = 0.009
M3 P-Value = 0.986 P-Value = 0.029 P-Value = 0.014

4-Conclusion

Evaluating macro-ergonomic and resilience factors in industrial units can help managers devise
better policies for the future of their organization, especially when this assessment is undertaken
according to economic factors. In the present study, this was achieved by considering six major
factors associated with resilience and three macro-ergonomic factors. Resilience factors included top-
level commitment, reporting culture, learning culture, awareness, preparedness, and flexibility.
Macro-ergonomic factors, on the other hand, were complexity, formalization, and centralization.
Relevant data were collected through a questionnaire distributed among 45 employees with different
positions working in a pharmaceutical company. DEA was performed in MATLAB to calculate the
efficiency of DMUs. To select the best DEA model, the program was run four times with different
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modes and the input-oriented BCC model was chosen on account of its robustness to noise.
Afterwards, the next calculation was undertaken using this optimal model. To assess the effect of
each single factor, the factors were eliminated one by one from the data and efficiency was calculated
in the absence of the removed factor. Eventually, paired-t-test and Pearson correlation test were used,
and their results displayed the importance of all factors considered. However, according to Pearson
correlation test, the most important factors (in order of significance) turned out to be reporting culture,
flexibility, and formalization.
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Appendix 1. Questions of the questionnaire

Resilience engineering questions

Management commitment

Do managers find themselves committed to solving problems
when economic crises occur?

Reporting culture

Are you easily reporting your financial problems to senior
managers?

Does your organization learn from past recessions and economic

Learning crises and use them to deal with the coming economic crises?
AWAreness Do you _have_ a good undc_arstgnding of your organization's
relationships with other organizations?
Preparedness Do you think your organization_ is capable of solving the
economic problems that may occur in the future?
In times of boycott or recession, is the organization capable of
Flexibility accessing essential information and resources in a variety of ways
and places?
Macro-ergonomics questions
Are there different communication tools and channels between
. the components of the organization?
Complexity

Is there integration between the channels and the tools in the
previous question?

Formalization

Is there a complete and detailed explanation of the work process
and its steps?

Are employees required to fully respect the business processes of
the preceding question and are subject to abuse?

Centralization

Are there real and virtual partitions between employees,
supervisors, and managers?

If the system crashes, is your department given enough authority
to make a decision?

How much do you need your department manager's approval for
your work and do you need senior management's approval for
your department?

Economic questions

Is your annual salary commensurate with what you do?
Are there appropriate benefits and facilities for company employees?
Are staff salaries and benefits paid on time?
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