
Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journalInformation?journalCode=terg20

Ergonomics

ISSN: (Print) (Online) Journal homepage: www.tandfonline.com/journals/terg20

Understanding contributing factors to exoskeleton
use-intention in construction: a decision tree
approach using results from an online survey

Sunwook Kim, Aanuoluwapo Ojelade, Albert Moore, Nancy Gutierrez, Carisa
Harris-Adamson, Alan Barr, Divya Srinivasan, David M. Rempel & Maury A.
Nussbaum

To cite this article: Sunwook Kim, Aanuoluwapo Ojelade, Albert Moore, Nancy Gutierrez,
Carisa Harris-Adamson, Alan Barr, Divya Srinivasan, David M. Rempel & Maury A. Nussbaum
(2024) Understanding contributing factors to exoskeleton use-intention in construction: a
decision tree approach using results from an online survey, Ergonomics, 67:9, 1208-1221, DOI:
10.1080/00140139.2023.2289859

To link to this article:  https://doi.org/10.1080/00140139.2023.2289859

Published online: 26 Dec 2023.

Submit your article to this journal 

Article views: 286

View related articles 

View Crossmark data

https://www.tandfonline.com/action/journalInformation?journalCode=terg20
https://www.tandfonline.com/journals/terg20?src=pdf
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/00140139.2023.2289859
https://doi.org/10.1080/00140139.2023.2289859
https://www.tandfonline.com/action/authorSubmission?journalCode=terg20&show=instructions&src=pdf
https://www.tandfonline.com/action/authorSubmission?journalCode=terg20&show=instructions&src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/00140139.2023.2289859?src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/00140139.2023.2289859?src=pdf
http://crossmark.crossref.org/dialog/?doi=10.1080/00140139.2023.2289859&domain=pdf&date_stamp=26 Dec 2023
http://crossmark.crossref.org/dialog/?doi=10.1080/00140139.2023.2289859&domain=pdf&date_stamp=26 Dec 2023


Understanding contributing factors to exoskeleton use-intention in 
construction: a decision tree approach using results from an online survey

Sunwook Kima , Aanuoluwapo Ojeladea , Albert Moorea , Nancy Gutierrezb ,  
Carisa Harris-Adamsonc , Alan Barrc , Divya Srinivasand , David M. Rempelc and  
Maury A. Nussbauma 

aDepartment of Industrial and Systems Engineering, Virginia Tech, Blacksburg, VA, USA; bSchool of Public Health, University of 
California, Berkeley, Berkeley, CA, USA; cDepartment of Medicine, University of California, San Francisco, CA, USA; dDepartment of 
Industrial Engineering, Clemson University, Clemson, SC, USA 

ABSTRACT 
Work-related musculoskeletal disorders (WMSDs) are a major health concern in the construction 
industry. Occupational exoskeletons (EXOs) are a promising ergonomic intervention to help 
reduce WMSD risk. Their adoption, however, has been low in construction. To understand the 
contributing factors to EXO use-intention and assist in future decision-making, we built decision 
trees to predict responses to each of three EXO use-intention questions (Try, Voluntary Use, and 
Behavioural Intention), using online survey responses. Variable selection and hyperparameter 
tuning were used respectively to reduce the number of potential predictors and improve predic
tion performance. The importance of variables in each final tree was calculated to understand 
which variables had a greater influence. The final trees had moderate prediction performance. 
The root node of each tree included EXOs becoming standard equipment, fatigue reduction, or 
performance increase. Important variables were found to be quite specific to different decision 
trees. Practical implications of the findings are discussed.
Practitioner summary: This study used decision trees to identify key factors influencing the 
use-intention of occupational exoskeletons (EXOs) in construction, using online survey data. Key 
factors identified included EXOs becoming standard equipment, fatigue reduction, and perform
ance improvement. Final trees provide intuitive visual representations of the decision-making 
process for workers to use EXOs.
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1. Introduction

Construction workers perform manual tasks that are 
often physically demanding and continue to experi
ence high rates of work-related musculoskeletal disor
ders (WMSDs; CPWR 2018; Schneider 2001; Wang et al. 
2017). While there has been a decline in WMSD rates 
in the US construction industry over the past decade, 
the rate in 2020 remained �6% higher than the mean 
of 25.4 per 10,000 full-time workers for all private 
industries combined (BLS 2022a). With approximately 
7.5 million construction workers in the U.S. (BLS 
2022b), the number of workers affected by WMSDs is 
substantial, and these disorders impose a significant 
economic, personal, and social burden. For example, 
associated financial losses to construction workers 
were estimated to be $46 million in 2014 (Wang et al. 
2017), and the total medical costs per WMSD claim 

were estimated to be $10,961, based on workers’ com
pensation claims in Washington State from 1999 to 
2013 (Marcum and Adams 2017). Therefore, controlling 
WMSDs continues to be an important need in the con
struction industry.

Occupational exoskeleton (EXO) technologies have 
emerged as a promising intervention in recent years 
(de Looze et al. 2016; Howard et al. 2020; Nussbaum 
et al. 2019). EXOs are quite promising, given that an 
EXO can assist the wearer during various physical 
activities by providing on-body support (e.g., external 
joint torques) and can reduce exposure to high phys
ical demands. Recent systematic reviews have 
reported both beneficial and some potentially adverse 
effects of using an EXO during various job tasks, 
including those relevant to construction, while high
lighting that these effects depend on the specific EXO 
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designs used and task conditions (B€ar et al. 2021; 
Kermavnar et al. 2021; Theurel and Desbrosses 2019). 
Despite the promise of EXO technologies as an inter
vention in construction, actual adoption of EXOs in 
the workplace has been limited (Crea et al. 2021). In 
particular, there is little evidence of widespread 
acceptance or use of this technology at construction 
sites beyond initial pilot testing (Davila Delgado et al. 
2019).

To accelerate the adoption of EXOs in the work
place, there is value in understanding the factors that 
promote or impair user acceptance of this technology 
(or, EXO use-intention). Recently, Elprama, 
Vanderborght, and Jacobs (2022) proposed a theoret
ical framework for user acceptance based on results 
from previous empirical studies (e.g., Elprama et al. 
2020; Fox et al. 2019; Moyon, Poirson, and Petiot 
2019) and existing technology acceptance models 
such as the Technology Acceptance Model (TAM; 
Davis 1985) and the Unified Theory of Acceptance and 
Use of Technology (UTAUT; Venkatesh et al. 2003). 
Their framework includes five broad themes that con
tribute to EXO use-intention – physiological, psycho
social, policy, work, and implementation factors - and 
that support a comprehensive understanding of an 
individual’s EXO use-intention. Several studies have 
examined EXO use-intention in manufacturing or retail 
store environments, either without or with hands-on 
experience of an EXO during actual or simulated job 
tasks (e.g., Hensel and Keil 2019; Kim, Nussbaum, and 
Smets 2022; Schwerha et al. 2022; Siedl and Mara 
2021). In these studies, the major determinants of EXO 
use-intention included comfort, perceived job per
formance, and/or task-technology fit.

Construction workers, however, perform their tasks 
at a fast pace, often in a constantly changing and/or 
complex work environment (Forde and Buchholz 2004; 
Kramer et al. 2009; van der Molen et al. 2005), with 
task variability that differs from the typical repetitive 
tasks in manufacturing and retail environments. A 
recent review by Antwi-Afari et al. (2023) identified a 
lack of knowledge regarding the acceptance of EXOs 
by construction workers as a current research gap in 
facilitating their use of EXOs. Earlier work has dis
cussed the application potential of EXOs in construc
tion as an alternative ergonomic intervention (Kim 
et al. 2019; Okpala et al. 2022; Zhu, Dutta, and Dai 
2021), yet there is a lack of studies that have exam
ined user acceptance aspects of EXO technologies in 
this sector. Andrade and Nathan-Roberts (2022) sug
gested, in their scoping review, that discomfort is a 
key barrier to EXO acceptance in construction and 

other industrial sectors. Kim et al. (2019) and Okpala 
et al. (2022) engaged manager or higher-level con
struction stakeholders in their respective interview 
(n¼ 26) and survey (n¼ 51) studies, and these individ
uals reported both positive attitudes and concerns 
related to potential EXO use in construction (e.g., 
usability and safety). To gain an understanding of EXO 
use in the construction industry, Mahmud et al. (2022) 
obtained opinions from 18 experts in academia, indus
try, and government regarding the facilitators of and 
barriers to EXO adoption in construction. They offered 
potential solutions (e.g., education, establish best prac
tices) to mitigate the barriers perceived by the experts. 
Building on these findings, though, further effort is 
needed to refine our understanding of what contrib
utes to EXO use-intention in construction. Such an 
understanding may help to facilitate decision-making 
to improve EXO implementation in the construction 
(or other) workplace.

We sought to identify factors that contribute to 
EXO use-intention in construction using a data-driven 
approach; we did so by developing predictive models 
from the results of an earlier online survey. These pre
dictive models were used to provide insights that 
could be generalised to a broader population, beyond 
the specific survey respondents. That survey was com
pleted to understand potential benefits, barriers, and 
facilitators to the adoption of exoskeleton technolo
gies in construction (Gutierrez et al. 2024), and it 
included three questions linked to EXO use-intention, 
each of which was of interest here. Our approach was 
based on decision trees. A decision tree is a statistical 
data mining technique, offering an intuitive, easily 
explainable outcome (i.e., a visual representation of 
classification paths or a tree) to the user (Apt�e and 
Weiss 1997). Recently, two studies used decision trees 
to identify key determinants of EXO use-intention in 
manufacturing environments, based on task character
istics and usability responses (Kim, Nussbaum, and 
Smets 2022; Schwerha et al. 2022). Previously we com
pleted an initial exploratory decision tree analysis on a 
subset of the noted survey data (Moore et al. 2021), 
which suggested that perceived productivity and 
fatigue reduction were related to reported willingness 
to try an EXO. Hence, we adopted this technique here 
with a focus on predicting EXO use-intention, with the 
expectation that the final decision trees would enable 
a detailed understanding of the factors that positively 
(or negatively) influence a construction worker’s EXO 
use-intention, and could serve as a tool for informed 
decision-making for future EXO implementation.

ERGONOMICS 1209



2. Methods

2.1. Overview of online survey

We used data from a self-administered online survey 
to assess EXO use-intention. Survey responses 
(n¼ 361) were obtained between July 31, 2020, and 
January 9, 2021. The study protocol was approved by 
the Institutional Review Boards of Virginia Tech and 
the University of California, San Francisco. A detailed 
description of the survey, including questions, proce
dures, and descriptive findings, can be found else
where (Gutierrez et al. 2024). In brief, the survey 
included 65 open- and closed-end questions regarding 
EXO knowledge; work history; demographic informa
tion; job task characteristics; and perceived benefits, 
health and safety concerns, and facilitators for adop
tion and use of EXOs in construction. Individuals were 
eligible to participate if they had current or prior 
experience working in construction, supervising con
struction workers, or managing a construction com
pany. The survey was delivered using an online survey 
platform (Qualtrics, http://berkeley.qualtrics.com). Prior 
to answering any survey questions, participants gave 
informed consent and were made aware that they 
could withdraw their consent and/or participation at 
any time; if they consent, they then needed to watch 
a 3-min. EXO introductory video.

2.2. Potential predictors of EXO use-intention

Among the survey questions, we selected 47 questions 
as a broad set of potential predictors of EXO-use- 
intention (see Appendix A), by excluding questions 
that were open-ended or specific to individual trades 
(e.g., perceived risks related to roofing). The selected 
questions were then categorised into seven groups: 1) 
demographics; 2) job demands; 3) musculoskeletal 
pain; 4) EXO knowledge/experience; 5) perceived 
social implications of EXO use; 6) opinions about EXO 
use; and 7) perceived potential risks.

2.3. EXO use-intention questions

We considered responses to the following three ques
tions as indicative of self-reflected use intention: If 
given the option, would you want to try an exoskeleton? 
(Try); If my employer provided an exoskeleton, I would 
use it voluntarily (Voluntary Use); and I would wear an 
exoskeleton for an entire workday (Behavioural 
Intention). The first question had response options of 
yes, maybe, or no; as such, this question may reflect a 
more exploratory intention to use the EXO technology 

than the latter two questions. The latter two questions 
were responded to using a 5-point scale (1 ¼ strongly 
agree, 2 ¼ agree, 3 ¼ neither agree nor disagree, 4 ¼
disagree, 5 ¼ strongly disagree). Only �2% and �4% of 
responses (excluding missing responses) were strongly 
disagree for the ‘Voluntary Use’ and ‘Behavioral 
Intention’ questions, respectively. Thus, we re-coded 
this response as disagree.

The ‘Try’, ‘Voluntary Use’, and ‘Behavioral Intention’ 
questions were answered respectively by 227, 226, 
and 224 respondents. Respondents who completed 
<70% of the 47 predictor questions tended to not 
answer most questions. Therefore, we excluded their 
data from subsequent analyses, resulting in 160 data 
points for the ‘Try’ question, and 159 each for the 
‘Voluntary Use’ and ‘Behavioral Intention’ questions.

2.4. Missing data imputation and variable 
selection

‘Try’, ‘Voluntary Use’, and ‘Behavioral Intention’ data
sets each had about 5.3% missing data. To address 
these, we used multivariate imputation using chained 
equations (MICE) – a widely used technique that gen
erates multiple imputations and pools them into one 
imputed dataset. This approach can produce unbiased 
estimates when data are missing at random or missing 
completely at random (White, Royston, and Wood 
2011); given lack of evidence otherwise, we assumed 
one of these situations applied. We used the mice 
package (van Buuren and Groothuis-Oudshoorn 2011) 
in R statistical software (R Core Team 2022) to gener
ate separate complete datasets for the ‘Try’, ‘Voluntary 
Use’, and ‘Behavioral Intention’ questions.

Given the relatively large number of predictors 
(n¼ 47), a variable selection technique was used to iden
tify a subset of predictors to increase efficiency in obtain
ing EXO use-intention prediction models. Specifically, we 
used the Boruta algorithm (Kursa and Rudnicki 2010), 
which is a feature selection method built on the random 
forest classification algorithm and is designed to itera
tively remove features that are less important than ran
dom probes. We used the Boruta package in R (Kursa 
and Rudnicki 2010) to identify important variables related 
to the target variable for each dataset (i.e., responses to 
‘Try’, ‘Voluntary Use’, or ‘Behavioral Intention’ questions). 
The variables identified are listed in Table 1.

2.5. Decision trees

Separate decision tree models were developed to predict 
a response to each of the three EXO use-intention ques
tions, using recursive partitioning and regression trees 
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(RPART). Specifically, we used the rpart package in R 
(Therneau, Atkinson, and Ripley 2015), which supports 
changing several model hyperparameters. These 
included: 1) the maximum depth of any node of the final 
tree (max_depth), which is the maximum number of lev
els or nodes in the tree from the root node to the leaf 
node; 2) the minimum number of data in a node (min_ 
n), which is the minimum number of data points in a 
node to further split the node into child nodes; and 3) 
the minimum improvement of the tree required when 
splitting/branching a node (i.e., complexity parameter or 
cp), which is used in a pruning process to simplify the 
tree by removing nodes that do not contribute signifi
cantly to the accuracy of the tree. To optimally select/ 
tune these three hyperparameters, and to estimate the 
final tree performance, we used 10 replications of a 5- 
fold cross validation (CV) with an independent test set, 
following the procedure described by Raschka (2018):

� split dataset randomly into training and validation 
sets, using a 5-fold CV with an 80:20 ratio

� for each hyperparameter set, apply the 5-fold CV 
on the training set

� fit the decision tree on the complete training set 
using the hyperparameters that produce the best 
results in the 5-fold CV procedure

� evaluate the tree model using the validation set
� repeat the steps above nine more times
� fit the final decision tree on the complete data set 

with the best hyperparameters

The replication of a 5-fold CV was implemented with 
each of the three datasets (‘Try’, ‘Voluntary Use’, and 

‘Behavioral Intention’) using the tidymodels package in R 
(Kuhn and Wickham 2020). Combinations of hyperpara
meters were generated using the space-filling parame
ters grid function in this package (grid_max_entropy), 
with max_depth, min_n, and cp set to respective ranges 
of 2 - 10, 5 - 25, and 0.0001 − 0.9. For model evaluation, 
we generated four common performance metrics (Alaa 
2020; Grandini, Bagli, and Visani 2020):

� Balanced accuracy (range ¼ 0 – 1): the arithmetic 
mean of sensitivity (i.e., true positive rate) and spe
cificity (i.e., true negative rate)

� Cohen’s Kappa (range ¼ -1 – 1: a statistical meas
ure of inter-rater agreement for categorical items

� F1-score (range ¼ 0 – 1): the arithmetic mean of 
recall and precision

� Area under the receiver operator curve (AUC-ROC; 
range ¼ 0 – 1): the area under the ROC curve that 
is a plot of sensitivity against specificity for all 
threshold values that are used to distinguish posi
tive from negative classification results

To interpret balanced accuracy, F1-score, and AUC- 
ROC, we concluded that decision tree prediction per
formance was high when a value was >0.9, moderate 
when a value was 0.7–0.9, low when a value was 0.5– 
0.69, based on the arbitrary interpretation used by 
Swets (1988). For Cohen’s Kappa, we considered that 
performance was high when a value was >0.8, moder
ate when a value was 0.61–0.8, and fair when a value 
was 0.41–0.6 (Grandini, Bagli, and Visani 2020).

Finally, the importance of a variable in the final 
decision trees was computed using the vip package in 

Table 1. Summary of potential predictors for EXO use-intention.
Category Try Voluntary Use Behavioural Intention

Demographics Age Age Age
Company size Years of experience Gender

Job demands How tired for a typical week How tired for a typical day
How tired for a typical day How many workdays per week

Musculoskeletal pain How much shoulder pain for a 
typical month

How much shoulder pain for a typical 
month

How much shoulder pain for a 
typical month

How much back pain for a typical 
month

How much back pain for a typical month How much back pain for a typical 
month

EXO knowledge / experience Aware of EXO in construction
Perceived social implication of 
EXO use

See: Envious See: Envious See: Envious
See: Cool See: Cool See: Cool

See: Curious
Opinions about EXO use Agree: Reduce fatigue Agree: Reduce fatigue Agree: Reduce fatigue

Agree: Make work easier Agree: Make work easier Agree: Make work easier
Agree: Increase productivity Agree: Increase productivity Agree: Share with co-workers
Agree: Share with co-workers Agree: Share with co-workers Agree: Increase productivity

Agree: Concern about cleaning
Standard equipment Standard equipment Standard equipment
Useful Useful Useful

Perceived potential risks Concern: Ladder Concern: Ladder Concern: Ladder
Concern: Noise Concern: Machine 

(in and out of it)
Concern: Confined space

Concern: Struck Concern: Slip
Concern: Scaffold Tipping
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R (Greenwell and Boehmke 2020). This approach is 
used to quantify which variables had large influences 
on the predicted outcome, by assessing the direction 
and magnitude of changes in the predicted outcome 
with respect to changes in the values of a variable. 
Such results can help understand which variables are 
more important in a given decision tree.

3. Results

3.1. Prediction performance of decision trees

Table 2 summarises the prediction performance of the 
decision tree for each EXO use-intention question, as 
estimated using the repeated 5-fold CV. Performance 
was rather comparable across the three use-intention 
questions, and the results for each question are pre
sented in more detail subsequently.

3.2. Try—‘if given the option, would you want to 
try an exoskeleton?’

A tree was generated from the complete Try dataset, 
with max_depth¼ 5, min_n¼ 7, and cp¼ 0.00289. The 
final tree had ‘Standard equipment’ as the root node, 
along with 12 leaf or terminal nodes (Figure 1). Five 

leaf nodes were associated mainly with a ‘Yes’ 
response (i.e., Yes leaf nodes), two were No leaf nodes, 
and four were Maybe leaf nodes. One leaf node had 
mixed responses of ‘Yes’ and ‘Maybe’. The nine most 
important variables are shown in Figure 2; these varia
bles were in the categories of opinions on EXO use, 
demographics, job demands, and perceived potential 
risks.

A large portion (75%) of the respondents fell into 
the Maybe leaf nodes that were associated mainly 
with a Maybe response. In particular, one Maybe leaf 
node accounted for �53% of respondents, and those 
individuals responded that EXOs will become standard 
equipment over time. Four Yes leaf nodes showed 
that respondents indicated being likely to try an EXO 
if they thought that EXOs could reduce fatigue, or if 
they experienced a less than moderate level (4 − 4.5) 

Table 2. Summary [mean (SD)] of decision tree performance 
metrics for three EXO use-intention questions.

Question
Balanced  
Accuracy Kappa F-1 AUC ROC

Try 0.73 (0.03) 0.48 (0.08) 0.63 (0.06) 0.75 (0.10)
Voluntary Use 0.71 (0.05) 0.48 (0.07) 0.59 (0.08) 0.74 (0.06)
Behavioural Intention 0.73 (0.03) 0.44 (0.04) 0.59 (0.04) 0.78 (0.03)

Figure 1. Decision tree to identify responses to the Try question If given the option, would you want to try an exoskeleton? with 
three response options (No, Maybe, or Yes).

Figure 2. Nine important variables in the Try decision tree. 
Note that importance values were zero beyond the ninth 
variable.
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of physical tiredness (see ‘How tired for a typical 
week’ and ‘How tired for a typical day’ nodes). The 
‘How tired for a typical week’ node shows that the 
respondents who were older than 59.5 years still indi
cated a desire to try an EXO when their tiredness level 
for a week was <4, even when they did not agree 
about the effectiveness of EXOs.

3.3. Voluntary Use—‘if my employer provided an 
exoskeleton, I would use it voluntarily’

A tree was generated from the complete ‘Voluntary 
Use’ dataset, with max_depth¼ 5, min_n¼ 11, and 

cp¼ 0.00758. The final tree had ‘Agree: Reduce fatigue’ 
as the root node and eight leaf nodes (Figure 3). 
There were two Strongly agree and three Agree leaf 
nodes. The remaining three leaf nodes were associ
ated with a mixed response (i.e., ‘Agree’, ‘Neutral’, or 
‘Disagree’) or a ‘neutral’ response. The six most impor
tant variables are shown in Figure 4, which reflected 
opinions on EXO use and social implications.

Most (�88%) of the respondents fell into either the 
Strongly Agree or Agree leaf nodes. Specifically, those 
who indicated they strongly agreed that EXO use 
reduces fatigue, or that EXOs will become a standard 
equipment, were in the Strongly Agree or Agree leaf 
nodes, as shown in Figure 3. Even when respondents 
did not indicate strongly agreeing with the potential 
for fatigue reduction with EXO use, they were still 
associated with Strongly Agree or Agree leaf nodes, as 
long as they responded that EXOs were likely to 
become standard equipment. Otherwise, the respond
ents belonged to either mixed, Maybe, or No leaf 
nodes.

3.4. Behavioural Intention—‘I would wear an 
exoskeleton for an entire workday’

A tree was generated from the complete ‘Behavior 
Intention’ dataset, with max_depth¼ 9, min_n¼ 17, 

Figure 3. Decision tree to identify a response to the Voluntary Use question If my employer provided an exoskeleton, I would use it 
voluntarily? with four response options (Strongly Agree, Agree, Neutral, Disagree).

Figure 4. Six important variables in the Voluntary Use decision 
tree. Note that importance values were zero beyond the sixth 
variable.

ERGONOMICS 1213



and cp¼ 0.0154. The final tree had ‘Agree: Increase 
productivity’ as the root node and had nine leaf nodes 
(Figure 5). Two leaf nodes were associated with a 
‘Strongly Agree’ response and four with an ‘Agree’ 
response. The remaining three leaf nodes can be con
sidered as mixed responses of ‘Neutral’ or ‘Disagree’. 
The eight most important variables are shown in 
Figure 6, and these variables were generally related to 
opinions on EXO use, demographics, social implica
tions, musculoskeletal pain, and job demands.

Strongly Agree and Agree leaf nodes accounted for 
about 60% of the respondents. When respondents 
reported that EXO use could increase their 

productivity, they were likely to fall to Strongly Agree 
or Agree leaf nodes, with one exception. This excep
tion was that female respondents were associated 
with a Neutral leaf node if they provided agree or neu
tral responses regarding expected fatigue reduction 
with EXO use. About 38% of respondents did not 
agree that EXO use could increase productivity, result
ing in either Neutral or Disagree leaf nodes. However, 
respondents belonged to an Agree leaf node if they 
reported more than a moderately-strong level (�6.5) 
of shoulder pain for a typical month (‘Shoulder pain 
for a month’ node). The ‘How much back pain for a 
typical month’ node shows that respondents reporting 
a< 6.5 level of back pain tended to indicate a more 
‘Agree’ response (vs. ‘Strongly Agree’) than those 
reporting a level �6.5.

4. Discussion

To help identify the primary drivers of EXO use-inten
tion in construction, we used separate decision trees 
to predict responses to three questions indicative of 
self-reflected EXO-intention to use (namely, the ‘Try’, 
‘Voluntary Use’, and ‘Behavioral Intention’ questions). 
These decision trees yielded moderate prediction 

Figure 5. Decision tree to identify a response to the Behavioral Intention question I would wear an exoskeleton for an entire work
day with four response options (Strongly Agree, Agree, Neutral).

Figure 6. Eight important variables in the Behavioral Intention 
decision tree. Note that importance values were zero after the 
seventh variable.
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performance overall (Table 2). Our major finding was 
that EXO use-intention appears to be most influenced 
by opinions on EXO use or the perceived social impli
cations of EXO use (see Figures 2, 4, and 6) – specific
ally, respective responses to Do you think an 
exoskeleton could become standard equipment over 
time? or I think wearing an exoskeleton could make me 
more productive. Furthermore, important (or influential) 
variables were found to be quite distinct between the 
different decision trees for EXO use-intention. We dis
cuss these findings in more detail below.

4.1. Key influential variables in EXO-intention to 
use decision trees

Opinions about trying or voluntarily using an EXO 
were influenced substantially by two common varia
bles – the degree of agreement that EXOs will become 
standard equipment over time (‘Standard equipment’) 
and that EXO use can reduce fatigue (‘Agree: Reduce 
fatigue’) (see Figures 2 and 4). We may interpret 
standard equipment as being readily available and 
widely used at a construction site. Given this interpret
ation, it is perhaps not surprising that respondents 
were more likely to indicate that they would try/use 
an EXO when agreeing with the potential for it 
becoming standard equipment. It is unclear, though, 
whether respondents perceived EXOs as becoming 
part of their standard work tools or as personal protect
ive equipment to reduce adverse effects. The latter per
spective may have been the case, given that the 
‘Agree: Reduce fatigue’ variable was identified as 
among the important variables. Additionally, earlier 
authors defined EXOs as an ergonomic intervention in 
their studies, and found that perceived effectiveness 
of EXO use (e.g., a reduction in effort and/or fatigue) 
is an important variable for EXO-use intention (Crea 
et al. 2021; Ferreira et al. 2020; Hensel and Keil 2019). 
In retrospect, we should have clarified the meaning of 
‘standard equipment’ to construction workers, and 
doing so is recommended for future efforts.

When EXOs were not expected to be standard 
equipment, the opinion about EXO sharing (‘Agree: 
Share with coworkers’) was found to be important in 
the Try decision tree (Figures 1 and 2). Responding 
‘Neutral’ or ‘Disagree’ to this variable led respondents 
to be in either mixed or Yes leaf nodes. Otherwise, the 
respondents were led to be in Maybe or No leaf 
nodes. However, it is not clear to us how the level of 
agreement regarding EXO sharing affected a decision 
to voluntarily use an EXO. Respondents may have had 
diverging ideas about whether an EXO should be 

sharable, yet still converged to the same decision 
about voluntary use. Interestingly, both ‘Strongly 
Agree’ and ‘Strongly Disagree’ responses were associ
ated with Maybe or No leaf nodes. Those with the for
mer response may have had other concerns (e.g., 
hygiene), but were still comfortable with the idea of 
sharing an EXO. Schwerha et al. (2021) noted that 
hygiene concerns were raised in nearly every manufac
turing company in their field testing, especially when 
EXOs were expected to be shared among workers. On 
the other hand, those with the latter response here 
likely viewed EXOs as a personal device and may have 
had concerns about wearing an additional personal 
device (that they did consider as standard equipment).

The Voluntary Use decision tree revealed that a 
potential social implication (‘See: Envious’) was an 
important factor influencing a decision to voluntarily 
use an EXO. Yet, regardless of how strongly respond
ents agreed (or disagreed) with the statement Why 
don’t I have one?, they had expressed agreement with 
EXO voluntary use (i.e., Strongly Agree or Agree leaf 
nodes). When respondents provided extreme 
responses (i.e., ‘Strongly Agree’ or ‘Strongly Disagree’), 
perceptions about seeing co-workers use an EXO 
appeared to contribute to a stronger positive agree
ment, depending on their response to the ‘Agree: 
Make work easier’ node (Figure 3). Earlier studies have 
suggested that peer perception or pressure can affect 
the decision to use an EXO (e.g., Baltrusch et al. 2020; 
Cha et al. 2019; Elprama et al. 2020; Kim et al. 2019). 
Overall, we suggest that social influences on EXO- 
intention to use is bidirectional between the wearer/ 
user and their co-workers.

In the Behavioural Intention decision tree, a 
response to the statement I would wear an exoskeleton 
for an entire workday was influenced strongly by two 
variables: ‘Agree: Increase productivity’ and ‘How 
much shoulder pain for a typical month’ (Figure 6). 
That productivity plays an important role in EXO-inten
tion to use is consistent with earlier studies. For 
example, a long-term field study on the use of an 
arm-support EXO in automotive assembly found that 
self-perceived job performance and comfort were key 
contributors to EXO use-intention (Kim, Nussbaum, 
and Smets 2022). The importance of these two con
tributors was also supported in the study of Schwerha 
et al. (2022); they examined the use of different EXOs 
in various manufacturing environments by providing 
participants with hands-on EXO experience for a short 
duration. Furthermore, Elprama et al. (2020) showed 
that performance expectancy (i.e., how useful exoskel
etons seem to be for work) is a predictor of EXO use- 
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intention, using the UTAUT framework. Interestingly, 
respondents in the current study provided more 
‘Agree’ than ‘Neutral’ responses when they also 
reported having moderate or higher levels of shoulder 
pain (Figure 5), despite not agreeing that EXO use can 
increase their productivity. A contrast can be observed 
in the ‘Back pain for a month’ node, where, depending 
on their response at this node, respondents led to be 
in either a Strongly agree or an Agree leaf node. When 
respondents reported having moderate or higher lev
els of back pain, their responses became less positive, 
albeit still at the level of ‘Agree’. In general, these 
results on back and shoulder pain parallel the finding 
of Baltrusch et al. (2020), who found that workers with 
back pain were open to the use of a back-sup
port EXO.

4.2. Practical implications

Our results may help guide future EXO introduction 
and implementation strategies to improve worker buy- 
in for and engagement with EXO use. For example, 
when EXOs are first introduced to workers, informa
tion could be provided about continuing efforts to 
actively advance safety, EXO design and evaluation, 
and usability standards for occupational EXOs via 
standards developing organisations such as the 
International Organisation for Standardisation (ISO) 
and ASTM International (Bostelman and Hong 2018; 
Lowe et al. 2019). Worker opinions on expected bene
fits, specifically fatigue reduction and work perform
ance gains, were key influential variables in all the 
decision trees developed here. This finding emphasises 
the need for effective and efficient selection of EXOs 
that best suit individual construction workers and 
work tasks, especially given that the effectiveness and 
subjective experiences of using an EXO are specific to 
EXO designs and task characteristics (e.g., Kermavnar 
et al. 2021; Ojelade et al. 2023; Theurel and 
Desbrosses 2019), as well as individual characteristics 
such as gender (Madinei et al. 2020). Improved EXO 
selection could ensure that construction workers (as 
EXO users) experience the benefits of EXOs while mini
mising potential adverse effects (resulting from poor 
EXO selection or task/EXO mismatch). However, there 
is as yet no simple method to select an ‘optimal’ EXO, 
so involving workers with comprehensive knowledge 
of their needs and workplaces should be considered 
prior to EXO introduction (Siedl and Mara 2022). 
Additionally, as suggested by Elprama et al. (2020), 
EXO training or demonstration may be valuable to 
help users improve their understanding of EXO 

functionality and application and, perhaps, to maxi
mise EXO benefits.

Some consideration should be given as well to the 
management of potential social influences from EXO 
implementation, since both seeing a co-worker wear
ing an EXO or being seen wearing an EXO may affect 
EXO-intention to use. Siedl and Mara (2022) also noted 
a need for sufficient measures to manage negative 
group dynamics with EXO implementation in food 
retail and corporate logistics organisations. One such 
measure could be selecting an EXO design that will be 
socially accepted at work (Baltrusch et al. 2020) and 
accepted by workers, since they can perceive the 
same device as being ‘cool’ or ‘funny’ (Cha et al. 
2019). In addition to social influences, caution should 
be used when involving workers who suffer from 
existing musculoskeletal pain, since they may be more 
inclined to use an EXO for an entire workday. There 
are some reports that using a back-support EXO can 
have positive short-term effects on task performance 
and low-back discomfort for those who had low to 
moderate levels of self-reported back pain (Baltrusch 
et al. 2020; Kozinc et al. 2021). However, there is a 
lack of evidence on the long-term effects of EXO use 
on individuals with musculoskeletal pain. When imple
menting EXOs, safety and medical personnel in an 
organisation may thus need to clearly communicate 
with potential EXO users about the scope and limita
tions of the current evidence of EXO use, and to adopt 
a conservative decision-making approach especially for 
those with existing or previous musculoskeletal pain/ 
injury.

5. Study limitations

Several limitations in this work should be acknowl
edged. First, the study sample was limited to those 
who were fluent in English (since the online survey 
was provided in English only), and a majority of survey 
respondents were male. Caution is thus required in 
generalising the current results to construction work
ers who are racial minorities or do not speak English, 
or to females. Second, the survey did not include spe
cific questions regarding opinions or thoughts that 
can be formed only by or after using an EXO in prac
tice. Specifically, several variables that might contrib
ute to EXO use-intention were not considered in the 
decision trees, including EXO fit and comfort, and 
potential issues related to maintenance, repair, 
and logistics (e.g., storage and cleaning). Notably, fit 
and comfort have been considered key variables in 
field-based studies of EXO use (e.g., Hensel and Keil 
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2019; Kim, Nussbaum, and Smets 2022; Schwerha 
et al. 2022). A recent study suggested that hands-on 
EXO experience can lessen perceived concerns about 
safety and negative effects of EXO use (Narasimhan 
Raghuraman et al. 2022). If so, our survey respondents 
may have been more critical of EXO use than if they 
had had such experience. In addition, questions about 
resistance to innovation (e.g., change in work routines 
and culture with EXO use) could have been incorpo
rated to supplement the questions associated with the 
technology acceptance framework (Nnaji et al. 2023). 
Third, responding to our online survey was voluntary, 
leading to possible sampling bias. Those who volun
teered may have already had some interest in EXO 
technologies and, if so, might have responded some
what more positively than a random sample. Fourth, 
the prediction performance of the decision trees was 
moderate. Given this, and that the key variables identi
fied in the decision trees were consistent with extent 
literature, it might be more advisable to use the deci
sion trees to guide EXO introduction and implementa
tion strategies, rather than to predict specific 
responses of a potential user. Fifth, continued use of 
an EXO was not examined, although successful tech
nology implementation depends on continued use 
(i.e., post adoption). As suggested by Nnaji et al. 
(2023), future efforts are needed to assess the post- 
adoption behaviour of workers during EXO use, to 
better facilitate effective implementation of this tech
nology in the construction industry. Such efforts, and 
inclusion of the potentially important variables noted 
above, will likely help develop decision trees with 
enhanced prediction performance.

6. Conclusions

We developed decision trees to predict responses to 
three EXO-intention to use questions (i.e., ‘Try’, 
‘Voluntary Use’, and ‘Behavioral Intention’ questions). 
Important (influential) variables were identified as 
associated with these responses. These variables were 
related to perceptions regarding: (1) EXOs becoming 
standard equipment over time; (2) anticipated fatigue 
reduction with EXO use; (3) social reactions to seeing 
co-workers wearing an EXO; (4) performance increases 
with EXO use; and (5) level of musculoskeletal pain 
experienced in a typical month. Fatigue reduction 
with EXO use was the only variable common across all 
three decision trees, while other influential variables 
were often specific to different decision trees (i.e., spe
cific question about EXO use-intention). Findings from 
this study provide a basis for future research to help 

guide the effective introduction and implementation 
of EXOs in construction worksites, and subsequently 
to improve the decision trees (e.g., for better predic
tion performance and to predict long-term use 
intention).
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Appendix A

Table A.1. Summary of potential predictors of EXO-use-intention.
Category Variable

Demographics Age
Gender
Job experience
Years of experience
Company size

Job demands How physically challenging
How tired for a typical week
How tired for a typical day
Work Hours (day)
Work days (per week)

Musculoskeletal pain How much shoulder pain for a typical week
How much shoulder pain for a typical month
How much back pain for a typical week
How much back pain for a typical month

EXO knowledge/experience EXO knowledge
Aware of EXO in construction
Tried EXOs previously

Perceived social implication of EXO use See: What is that? (Curious)
See: They are injured (Injured)
See: How cool! (Cool)
See: they’re old (Old)
See: They are physically weak (Weak)
See: Why don’t I have one? (Envious)

Opinions about EXO use Agree: Reduce fatigue
Agree: Increase productivity
Agree: Share with co-workers
Agree: Make work easier
Agree: Concern about adjusting
Agree: Concern about cleaning
Agree: Concern about storing
(EXO being) Standard equipment
Useful

Perceived potential risks Concern: Fall
Concern: Slip
Concern: Trench
Concern: Scaffold tipping
Concern: Scaffold collapse
Concern: (electric) Shock
Concern: Noise
Concern: Dust
Concern: Vibration
Concern: Temperature
Concern: Muscle fatigue
Concern: Struck by or caught in
Concern: Ladder
Concern: Confined
Concern: Machine (in and out of it)

ERGONOMICS 1221


	Understanding contributing factors to exoskeleton use-intention in construction: a decision tree approach using results from an online survey
	Abstract
	Introduction
	Methods
	Overview of online survey
	Potential predictors of EXO use-intention
	EXO use-intention questions
	Missing data imputation and variable selection
	Decision trees

	Results
	Prediction performance of decision trees
	Try—‘if given the option, would you want to try an exoskeleton?’
	Voluntary Use—‘if my employer provided an exoskeleton, I would use it voluntarily’
	Behavioural Intention—‘I would wear an exoskeleton for an entire workday’

	Discussion
	Key influential variables in EXO-intention to use decision trees
	Practical implications

	Study limitations
	Conclusions
	Disclosure statement
	Ethics statement
	Funding
	Orcid
	References


