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Abstract: Work-related musculoskeletal disorders are a major concern globally affecting societies,
companies, and individuals. To address this, a new sensor-based system is presented: the Smart
Workwear System, aimed at facilitating preventive measures by supporting risk assessments,
work design, and work technique training. The system has a module-based platform that enables
flexibility of sensor-type utilization, depending on the specific application. A module of the Smart
Workwear System that utilizes haptic feedback for work technique training is further presented and
evaluated in simulated mail sorting on sixteen novice participants for its potential to reduce adverse
arm movements and postures in repetitive manual handling. Upper-arm postures were recorded,
using an inertial measurement unit (IMU), perceived pain/discomfort with the Borg CR10-scale,
and user experience with a semi-structured interview. This study shows that the use of haptic
feedback for work technique training has the potential to significantly reduce the time in adverse
upper-arm postures after short periods of training. The haptic feedback was experienced positive
and usable by the participants and was effective in supporting learning of how to improve postures
and movements. It is concluded that this type of sensorized system, using haptic feedback training,
is promising for the future, especially when organizations are introducing newly employed staff,
when teaching ergonomics to employees in physically demanding jobs, and when performing
ergonomics interventions.

Keywords: smart workwear system; risk assessment; prevention; work technique training;
wearable sensors; inertial measurement units; workwear; vibrotactile feedback; musculoskeletal disorders;
work postures

1. Introduction

1.1. Background and Problem Description: Musculoskeletal Disorder and Risk Assessments

Work-related diseases and disorders constitute a large problem globally and affect societies,
organizations, and individuals. The attributed costs have been estimated as 3.9% of the Gross
Domestic Product globally and 3.3% within the EU [1]. Musculoskeletal disorders (MSDs) are the
most common work-related health disorder, constituting 40% of the global compensation costs
of occupational and work-related accidents and diseases [2]. Despite a large focus on increasing
automation in the handling of goods, the exposure to major work-related MSD risk factors such as
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heavy and repetitive manual handling and awkward postures [3–7] remains frequent in the working
population [8]. International surveys indicate that the amount of manual handling activities has not
declined substantially in the last decades [8,9], although an increasing number of industrial processes
for goods handling have been automated. Manual handling is still a feasible solution in many situations
due to its high flexibility and low investment costs compared with many fully or semi-automated
solutions [10,11]. Therefore, future manufacturing systems, such as Industry 4.0 [12], which has
increased utilization of automated processes, may partly rely on the manual handling of goods for the
foreseeable future. When manual handling cannot be avoided, employers are obligated to perform
a risk assessment to ensure that operations can be performed without adverse health effects [13].
However, risk assessments are often initiated late in the process and often initiated reactively from
employees’ reports of symptoms, disorders or disabilities [14]. Such reactive risk-management
strategies may result in unnecessary adverse physical loads due to workstations or jobs with a poor
fit to the employees’ anthropometrics (e.g., strength, stature, and reach), as well as mental abilities.
As a result, poor work design may induce large direct and indirect costs for the organizations related
to increased quality deficiency rates, for example [15–18].

An alternative is to shift the focus to proactive risk management [19], where risk assessments of
potential hazards are performed at earlier stages before symptoms such as work-related pain have
emerged [20–23]. Such risk assessments are often performed by professional ergonomists with the direct
or indirect support of observation-based assessment tools [14,24,25]. Despite the broad applicability
of observation-based assessment tools [26,27], they can have low precision and reliability [28,29],
and can additionally be less cost-efficient than technical measurement instruments when considering
the precision of the obtained data [30]. To compensate for such disadvantages, the assessment of risk
factors for MSDs by using observation-based assessment tools may benefit from being complemented
with increased use of technical measurement instruments [31], such as sensors.

1.2. State-of-the-Art Sensor-Based Solutions in Risk Assessments and Work Technique Training

Technical measurement instruments for the recording of work postures and movements have
in the past mainly been applicable for research, and they are still scarcely used among professional
ergonomists compared to observation-based tools [24]. For example, among professional ergonomists
in the US, only about 12% reported using non-optical motion capture instruments at least once every
six months, and less than 5% reported using electronic goniometer for the wrist or trunk at least once
every six months. Recent rapid technological developments have resulted in an increasing number of
low-cost solutions for the monitoring of human movements and postures [32–36]. While some technical
solutions solely focus on single joints [37], others target multiple body segments, e.g., the trunk, arms,
hands, and the lower limbs [38,39]. Some of these solutions are stationary [39,40], making them less
suitable for monitoring tasks where the monitored employee is not working in a fixed work area,
when compared to ambulatory systems [38,41]. Given the nature of many jobs, ambulatory solutions
may be more applicable for monitoring a larger variety of tasks.

The majority of these sensor-based technical solutions provide kinematics data or perform
classification of the type of physical activity [42,43], but only a few have integrated a system for
automatic mapping of the kinematics data to research-based risk level metrics that can be used for
occupational applications for the risk assessment of physical workloads or MSDs risk factors [44–47].

In the handful of existing systems, the risk assessment usually includes mapping of the
kinematics data to criteria derived from research-based observation tools, e.g., the Strain Index [48,49],
the Ovako Working Posture Assessment System (OWAS) [50–52], the Rapid Upper Limb Assessment
(RULA) [45,52–54], the Revised NIOSH lifting equation [52,55,56], or a single criterion associated
with, for example, the maximal acceptable levels of energy expenditure to avoid global (whole-body)
fatigue [44], or a criterion based on threshold values associated with an increased risk of developing
MSDs based on epidemiological studies [47]. The risk assessment may give useful information that can
be used for the guidance of measures and evaluation of the effectiveness of previously implemented
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measures [14]. In addition to providing risk assessments, some of these systems also enable real-time
analysis that can give feedback to the wearer for work technique training [45,57].

For example, Vignais et al. [45] evaluated the effect of real-time visual feedback provided via a
transparent head-mounted display to reduce postural load in a simulated industrial manual handling
task, using the RULA-method score as criteria. When compared to the control group, the participants
provided with real-time feedback spent significantly less time in the high exposure categories derived
from the RULA score. The study suggests that real-time feedback may be an effective strategy to alter
the work technique, at least in the short term. However, visual feedback may be unsuitable for work
tasks requiring continuous visual control.

The current evidence does not provide strong support that interventions targeting the individuals’
work technique by, for example, education training on body mechanics and back care, as well as
lifting techniques training, are effective in reducing musculoskeletal disorders [58–60]. Still, there is a
growing number of studies indicating that the use of extrinsic (augmented) direct-feedback by using
auditory, visual, or haptic displays [41] can be effective in reducing biomechanical exposures in manual
handling [45,61,62], in computer work [63], or in surveillance operations [64].

The traditional work technique training uses trained instructors and is, therefore, resource
intensive. Biofeedback training is effective in terms of conveying the message, and it is also efficient
since self-training is involved to a large extent. There is consequently the potential to apply extrinsic
direct-feedback training in combination with cost-efficient monitoring of workers for assessing risks
associated with physical loads. This type of technology needs to be adaptive for monitoring a broad
range of risk factors and easy to use; additionally, it should not interfere with the wearer and the tasks
to be performed. Such a system would require a platform capable of recording, storing, and presenting
workload-related data continuously for a period up to a full working day and unobtrusively in various
types of workplaces, e.g., manufacturing industry, building sites, nursing homes, etc.

Just as work technique training has relied on trained instructors, feedback training in sport has
typically depended on personal coaching. With the development in recent years of wearable movement
sensors, for instance, inertial measurement units (IMU) incorporated in clothing, some examples of
support in sports have emerged. These systems typically lack real-time feedback and there is still
a clear emphasis on capturing data for analysis performed in hindsight, and the feedback is often
limited to visual presentations in graphical form on a screen [65–67]. One exception is a pilot study on
locomotion training where real-time haptic feedback was introduced [68]. Here vibrotactile actuators
were used for immediate feedback on cadence and foot-drop angle during running.

1.3. New Sensor-Based Solution for Risk Assessment and Work Technique Training: The Smart
Workwear System

The Smart Workwear System is an ambulatory and flexible sensor-based technical solution
targeting work-related physical and psychosocial stressors that can have adverse or promoting effects
on health and direct or indirect effects on work performance. Depending on the targeted exposure
type, suitable sensors can be used, including the following: accelerometer-based sensors, IMU sensors,
or strain sensors for monitoring human movement and postures [69]; electrocardiogram and thoracic
electrical bio-impedance sensors for monitoring the heart rate, respiratory rates, energy expenditure,
or heart rate variability [44]; pressure sensors for monitoring force exertions; electromyography (EMG)
sensors for monitoring muscle activity levels, muscle rest (gaps), muscle activity variability, or muscle
fatigue. This diversity makes the system usable for a large variety of applications, and previous
applications where the system has been tested include healthcare, industrial manufacturing,
construction, office work, service, and transport, with tasks ranging from driving, computer work,
postal delivery, and assembly operations, to order picking and cleaning [44,47,69–71]. To prevent
work-related MSDs (WMSDs), the system can be used for exposure measurements, risk assessments,
work design, and training of workers.
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As an illustration of an application of the Smart Workwear System (Figure 1), body-worn sensors
collect kinematic data on human movements that are sent to a receiver, such as a smartphone, for storage
and real-time analysis, using mobile computing software (ErgoRiskLogger). Raw or preprocessed data
can additionally be sent to a server, allowing for storage and real-time or off-line analysis of data from a
single worker or a group of workers. The mobile computing software synchronizes and controls these
devices, collecting data from the different sensors, performing real-time analysis to obtain exposure
information that is simultaneously mapped against research-based criteria and expressed as risk levels
related to, e.g., WMSDs.
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Figure 1. Overview of the Smart Workwear System, illustrating information flow from workwear-worn
sensors to a mobile device such as a Smartphone, which can provide feedback directly to the worker
via, e.g., auditory, visual, or haptic feedback, or send the information to a local server for real-time
assessment or post-analysis of single or multiple workers, based on Lind et al. [47].

This information can then be used for risk assessment and exposure measurements, in which the
system can provide a report of the exposures or risk levels for single or multiple workers performing
single or multiple tasks based on recordings of shorter or longer time periods (minutes or several
hours), to provide a snapshot or a general picture of the exposure and risk level. Such information can
then be applied when prioritizing resources for measures and to support the design of measures such
as workstation layout improvements. Additionally, the real-time exposure information from one or
multiple workers can be used by ergonomics experts such as occupational health service personnel or
professional ergonomists for real-time evaluation of worker training [47,71]. Alternatively, the real-time
analyzed data can be fed back to the wearer in two ways. One is to convey the current exposure level
(real-time exposure level) via concurrent (real-time) feedback. The other way is accumulated exposure level
(using terminal feedback [72]), which is derived from a longer measurement period, ranging from
minutes to hours, depending on the application. Depending on the need, different types of feedback
modalities can be provided, such as visual on a screen, auditory through earphones, or tactile via haptic
actuators [41]. The intention of feedback directly provided to the worker is to make the worker aware
of hazards arising from the individual work technique, as well as poorly designed work environments
such as equipment or workstation layout.

1.4. Aim

The aim of this study was to (1) describe the technical aspects of a newly developed haptic
feedback module of the Smart Workwear System platform and (2) to evaluate its user experience
and usefulness for reducing biomechanical loads in light repetitive manual handling operations by
targeting work technique training and workstation design. The usefulness of the system included
the system’s efficiency in reducing time spent in adverse upper-arm postures, while also considering
the discomfort and user learning. The haptic module tested was designed for research applications,
but the study aims to test the usefulness of haptic feedback for applications beyond research.
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1.5. Article Structure

The rest of this article is organized as follows. Section 2 describes the Smart Workwear System
haptic feedback module, and the methodology of the system application and user evaluations of
the module. Section 3 presents the results from the evaluation including kinematics postural data,
ratings of discomfort/pain and user experience. Section 4 contains a discussion on the potential and
limitations of the Smart Workwear System and the haptic feedback module. The findings from the
system application and user evaluations are discussed considering effectiveness, clinical relevance,
and implications. The system application and user evaluations methodology are discussed considering
its strengths, limitations and research opportunities. Finally, the conclusions are presented in Section 5.

2. Methods

2.1. The Smart Workwear System Haptic Feedback Module

The Smart Workwear System haptic feedback module (Figure 2) is non-invasive and ambulatory,
monitors body movements and postures by using IMUs, and provides feedback to the wearer by
using a vibrational actuator (haptic feedback unit). The kinematic data from the IMUs are sent to a
smartphone device, which stores and automatically evaluates this information with research-based
ergonomic criteria [47], using the ‘ErgoRiskLogger’ application.
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Figure 2. Conceptual depiction of the Smart Workwear System haptic feedback module. Bold black
arrows indicate data or actuation flow, while white block arrows illustrate wireless communication flow.

Based on this, the wearer is provided with haptic feedback either simultaneously with task
execution (concurrent feedback) or after task execution (terminal feedback), using the haptic
feedback unit.

When applied for measurements and feedback on postures and movements of the trunk and
upper arms, the IMUs are placed in embedded pockets of a stretchy workwear shirt (9418, LiteWork,
Snickers Workwear, Hultafors Group Sverige AB, Bollebygd, Sweden; fabric, 58% polyamide and 42%
polyester 37.5®; mass, 165 g/m) customized to a short-sleeved shirt (Figure 3). The trunk IMU pocket
is placed at the upper back at the level of the thoracic vertebrae 1–2 [73], and the arm IMU pockets are
placed bilaterally on the arm sleeves below the insertion of the deltoideus muscle [74,75].
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Figure 3. (a) The Smart Workwear System, here, (b) fitted on the human body with two inertial
measurement units (IMUs) for recordings of work postures of the upper arms and to provide haptic
feedback on the dominant arm. The hardware components in this module example include a
customized workwear T-shirt, two IMUs, one vibration actuation unit, and a semi-elastic textile strap,
and one smartphone.

2.1.1. Inertial Measurement Unit

The IMUs (LPMS-B2 IMU, LP Research, Tokyo, Japan; size, 39 × 39 × 8 mm; mass, 12 g)
measure acceleration and angular rate in a three-dimensional local reference system. This allows the
recording of postural and kinematic data, which are transmitted to the smartphone device via BLE
communication standard (Bluetooth version 4.1, Bluetooth Low Energy). The 3-axis accelerometer in
the IMUs were configured with a total range of ±4 G and the 3-axis gyroscope with a range of ±500◦/s,
both recorded with a 16-bit resolution.

The accelerometer and gyroscope data, acquired with a frequency of 25 Hz, are employed to
capture the position of the upper arm with the use of an extensive complementary Kalman filter
working as a sensor fusion algorithm. This filter estimates the state of the system and the estimate’s
variance, with the state variables defined as the orientation quaternion. Quaternion representation is
used in order to avoid angular singularities [76]. The estimate performed by the filter is continuously
updated, using the accelerometer and gyroscope measurements from the IMU, as depicted in Figure 4.
Initially, estimates of the state variables are produced. The next observed measurement updates
the state variables, using a weighted average, where more uncertain measures have a lower weight.
This sensor fusion is implemented in the STM32 microcontroller of the LPMS-B2 IMU as part of the
IMUcore software modules (LP Research, Tokyo, Japan), allowing users to obtain the quaternion
output of the angular position with a frequency of 25 Hz.

After establishing a connection, the quaternion output, the accelerometer, and the gyroscope raw
data are continuously transmitted to the smartphone device for real-time haptic feedback performance
by the ErgoRiskLogger application, and additionally stored for post-analysis usage.
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Figure 4. Simplification of the filter. Orientation initially determined by an integration of the angular
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2.1.2. Haptic Feedback Unit

The vibrational actuator (haptic feedback unit) employed was a Ø12 mm eccentric rotating
mass vibration motor (Precision Microdrives, London, United Kingdom) (Figure 5a). The actuator
was controlled with an Adafruit Feather 32u4 Bluefruit (Adafruit Industries, NY, USA), a compact
(51 × 23 × 8 mm) development board with an ATmega32u4 8 MHz processor, equipped with a BLE
(Bluetooth version 4.1, Bluetooth Low Energy) module and powered by a lithium-ion polymer 3.7 V
500 mAh battery. The control was executed by a customized control software programmed in C++.
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Figure 5. (a) Adafruit Feather 32u4 Bluefruit development board connected to an eccentric rotating
mass vibration motor and powered by a battery; and (b) a depiction of the acceleration of the eccentric
rotating mass of the vibrational motor. The first level (in blue) consists of two lower-intensity oscillations,
while the second level (in red) consists of four higher-intensity oscillations, for 1000 milliseconds.
Users perceived the first level as less intense than the second.

The haptic feedback unit worked as a peripheral node, with no data processing performed by
its internal control software. The control software executed the necessary routines to (a) establish a
Bluetooth connection with the smartphone device, in order to actuate or report about the status of
the sensor and battery, by demand of the software present in smartphone device, and (b) perform the
vibration actuation, to convey feedback to the worker. When predetermined Euler upper-arm elevation
angle thresholds were exceeded, as detailed in Section 2.2 Test Settings, the control software of the
smartphone would request an actuation on the haptic feedback unit. This was made making use of
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two distinct vibration intensity levels (Figure 5b), produced by the modulation of the pulse duration of
the vibration.

2.1.3. Data Collection and Analysis System

Data collection and real-time exposure calculation and feedback were performed by the
‘ErgoRiskLogger’ software application (Figure 6), which functioned as an edge-computing node
in a Samsung Galaxy A7 (Samsung Group, Seoul, Korea). The software was developed for smartphone
devices with the operative system Android 7.0 Nougat or higher versions and was accessible and
configurable employing a graphical user interface (GUI).Sensors 2020, 20, x FOR PEER REVIEW 8 of 24 
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Figure 6. Screenshots of the Android smartphone application ‘ErgoRiskLogger’: (a) splash screen
to enter wearer identification with a unique identifier and biometrical information (sex, age, weight,
height, and selection of the dominant arm); (b) user interface screen for the selection of sensors, which is
limited to the dominant arm of the user (wearer) for this study; (c) IMU and haptic feedback calibration
screen, in order to establish a zero elevation position and test vibrational intensity; and (d) screen with
real-time feedback with additional text report and color-coded icons.

As a first step, the GUI requested an anonymized user identification, followed by the entry of the
wearer’s gender, age, weight, and height. Afterwards, the wearer was offered a selection of sensor
and actuator devices to connect to, which can be located in different preset positions of the wearable
system. Once the connection to the selected sensors was requested by the users, the software initiated
a Bluetooth communication standard connection petition to the media access control (MAC) address of
each IMU and haptic feedback unit, allowing to univocally connect to each sensor as an independent
node. The connection to these sensors made use of a standard class 2 Bluetooth host interface with
serial protocol profile support. Connection to the device took approximately 5 s, with a 30 s timeout
established to abort the connection attempt and present a warning to the user. Additionally, if a
sensor was disconnected during operation, the system would warn the user and try to connect to
the sensor node a preset number of times, after which, if failed, it would inform the user that further
reconnection to the sensor had to be performed manually. In the same manner, the IMU and haptic
feedback unit had an internal routine to stop reconnection attempts to the smartphone after a preset
number of times. Once the sensors and actuators were connected, the software initiated a calibration,
synchronization, and evaluation procedure. This procedure (a) initialized the referential system of
the IMU, by establishing a neutral position of the upper arm as the origin of the reference system
and (b) tested the vibrational perception from the wearer, by performing both vibration intensities
sequentially in order to verify that device was properly located and that feedback could be perceived.

Upon request, the software application started recording the raw data and angular orientation
extracted from the IMU, which is expressed in quaternions, referenced to the initialized referential
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system. These referential units are transformed into Euler angles, which are used by both the system
operator (e.g., the ergonomist, see Figure 1) and the real-time risk assessment algorithm. Additionally,
the timestamps in the application of haptic feedback are also stored.

The start of the recording of the sensor data triggers the commencement of the real-time risk
assessment. Additionally, the GUI displays color-coded icons and a textual report, which inform the
ergonomist of the risk level. Additionally, this textual report is stored, associated with the evolution of
exposure over time.

All raw sensor data are synchronized with the addition of timestamps and stored for post-analysis
in the smartphone device, individually for each wearer with their unique identification.

2.2. Test Settings

2.2.1. Participants

Sixteen participants (nine women and seven men), were recruited from the student and staff

population of the university where the study was performed. Twelve reported right-hand dominance,
and four reported left-hand dominance. Their mean (SD) age was 25 (8) years, body mass 70 (13) kg,
stature 170 (13) cm, elbow height 105 (8) cm, and elbow–fingertip length 44 (4) cm. All participants
had ≤3 months’ experience of mail sorting and were thus considered novices. Only participants
without musculoskeletal discomfort or disorders that could hinder the mail sorting were included.
All participants gave written consent prior to participation, and the study was approved by the regional
ethical committee in Stockholm, Sweden (2017/1586-31/4).

2.2.2. Equipment and Feedback Thresholds

The participants were equipped with the customized Smart Workwear T-shirt, and two IMUs
were placed bilaterally in embedded upper-arm pockets where the upper edge of the IMU was
approximately positioned below the insertion of the deltoideus muscle [74]. The haptic feedback unit
with the integrated Bluetooth transmitter was positioned approximately 5 cm distal of the IMU on the
participants’ dominant arm and secured by using a semi-elastic textile strap (Figure 3b). The reference
position for the upper arm (to denote 0◦ upper-arm elevation) was recorded with the subject standing
upright, looking forward at eye-level, and with relaxed arms hanging down and with the palms facing
towards the body [38,69]. Only postural data from the dominant arm were used for the haptic feedback
as well as for evaluating the effect of the haptic feedback training.

The concurrent haptic feedback (Figure 5b) was provided for upper-arm elevation angles of ≥30◦

and ≥60◦ relative to the upper-arm reference position, with the aim of augmenting the awareness of
these upper-arm elevation threshold angles. These two elevation angles are correspondingly assigned
to the two vibrational levels, ordered in intensity level. The rationale for using these thresholds was
that upper-arm elevation angles exceeding 30◦ for >50% of the work time and 60◦ for >10% of the
work time [77], and upper-arm elevation angles exceeding 45◦ for >15% of the worktime [4] have been
associated with increased risk of MSDs in the neck–shoulder region.

2.2.3. Procedure

The haptic feedback module was tested on simulated mail sorting, since postal delivery workers
have reported a high prevalence of upper-extremity MSDs compared to the general working population,
and mail sorting has been reported as one of their most physically demanding work tasks [78],
involving frequent movements of the upper arms. The simulated mail sorting task was performed in a
laboratory setting, in which a mail sorting workstation was designed comprising a height-adjustable
table and a letter tray stack (Figure 7).
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Figure 7. Example of postures of two participants during the mail sorting.

The task comprised the sorting of 30 randomly ordered letters (marked 0–9) in their corresponding
letter tray (marked 0–9) under two experimental conditions: (A) an intervention condition with
predetermined positions of the letter tray stack and where the participants received verbal ergonomics
instructions to reduce adverse postures (Ergo-Instr. 1 and 2) or verbal instructions in combination
with haptic feedback (Haptic-FB 1 and 2), and (B) a workstation design condition (WS-design)
where the subjects were instructed to arrange the position of the ten letter trays to minimize their
upper-arm elevation receiving verbal ergonomics instructions (WS-Design 1 and 2) or verbal ergonomics
instructions in combination with haptic feedback (WS-Design 3). Each participant performed a practice
session before the study to become familiar with the mail sorting task, subjective ratings of perceived
discomfort/pain, using the Borg CR10 scale [79] and a body map [80], and the general work instruction
that was based on previous psychophysical studies to determine acceptable workloads [81]. No time
restrictions were given; instead, the subjects were instructed to imagine the mail sorting task as being part
of their normal job and performing the task at a pace which they could sustain for two hours per workday
for five days per week, and that the task was not a competition (i.e., the general work instruction).

After the practice session, the participants performed a baseline session followed by seven
sessions (Figure 8), in all of which they sorted 30 randomly ordered letters, using their dominant
upper arm. Before the baseline session, the general work instruction was repeated, and for the seven
following sessions an ‘ergonomics instruction’ (i.e., Ergo-Instr.) was provided in addition to the
general work instruction. For the ‘ergonomics instruction’, the participants were instructed to reduce
the upper-arm elevations by keeping the elbow close to the trunk when performing the mail sorting.
For three of the sessions, the participants received concurrent haptic feedback. Before these three
sessions, the participants were additionally instructed that the system would give them vibration
feedback on their dominant upper arm if they did not keep their elbow close to their bodies. For the
workstation design sessions, the participants were additionally instructed to arrange the position of
the letter trays to minimize their upper-arm elevation.
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Figure 8. Time sequence of the test comprising the practice session, the baseline, the intervention
condition (Ergo-Instr. 1 and 2, and Haptic-FB 1 and 2), and the workstation redesign condition
(WS-Design 1–3).

Immediately after sorting the last letter of each session, the participants rated their perceived
discomfort/pain, using the Borg CR10 scale and the body map to indicate the discomfort/pain intensity
level and the locations. A minimum rest period of 3 min was provided between each session to avoid
the accumulation of fatigue. After the 3 min rest period, the participants repeated the discomfort/pain
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ratings. In the event that they reported a CR10 discomfort/pain intensity level of “1” (i.e., “very weak”
discomfort/pain) or more, an additional rest period of 2 min was provided [82].

For the baseline and the intervention sessions, the letter tray stack was placed on a height-adjustable
table with the tabletop vertically positioned at each participant´s elbow height (wearing shoes). The front
of the stack was positioned at a horizontal distance equivalent to each participant´s elbow–fingertip
length, defined as the horizontal distance from the back of the elbow to the middle fingertip [83].
For the three workstation design sessions, the height-adjustable table was lowered to a position with
the tabletop positioned between the participant’s knee and waist level and the letter tray placed on a
separate table. Thereafter the participants were instructed to freely arrange the workstation (letter tray
and height-adjustable table) to minimize demanding work postures. Thereafter, the participants sorted
the 30 letters in this self-designed workstation. All sessions were videotaped.

After having finished the experimental conditions, a semi-structured interview was conducted and
recorded for each participant. The questions focused on the participants’ experiences of discomfort/pain,
the workwear system and its usage, the task, workplace arrangements and learnings from the sessions
(see Appendix A). The recorded interviews were analyzed by extracting meaningful entities from each
participant and question [84].

2.3. Statistical Analysis

To statistically test the effect of the vibrotactile feedback and the verbal instruction on the upper-arm
elevation angle compared to the baseline, a within-subject analysis with pairwise comparisons was
employed. The intervention effect was tested by comparing the proportion of the accumulated time in
dominant upper-arm elevations ≥30◦, ≥45◦, and ≥60◦, and the arm angles (50th, 90th, 95th, and 99th
percentiles) at baseline compared with the intervention scenarios. The data were checked for symmetric
data distributions, and the Wilcoxon signed-rank test was applied to statistically test the difference
in exposure between the scenarios. A p-value of <0.01 was used to denote statistically significant
differences, and statistical analyses were performed in IBM SPSS Statistics 26 (Armonk, NY, USA).

3. Results from System Application and User Evaluations

3.1. Effect of Haptic Feedback and Verbal Ergonomics Instructions on Upper-Arm Posture

As shown by the descriptive data (Table 1 and Figure 9a), significantly less accumulated time
was spent in upper-arm elevations ≥30◦, ≥45◦, and ≥60◦ when given verbal instructions (Ergo-Instr.
1 and 2 scenarios), and when additionally given haptic feedback (Haptic-FB 1 and Haptic-FB 2)
when compared to the baseline. Compared to the baseline, the group median accumulated time
declined by 24–65% (Table 1). The same trend was also found when examining the 50th, 90th, 95th,
and 99th percentile upper-arm elevation angle (Figure 9b), where a significant decline in elevation
angle was observed for all scenarios (except for the 95th percentile angle for the Ergo-Instr. 1 scenario)
when compared to the baseline, where the group median angle decreased by 10–33%. Further,
no significant difference in accumulated time or angle (P50–99) was observed when comparing the
Ergo-Instr. 1 to the Ergo-Instr. 2 scenarios, and when comparing the Haptic-FB 1 to the Haptic-FB
2 scenario. However, when comparing Ergo-Instr. 1 and Ergo-Instr. 2 scenarios with the Haptic-FB
2 scenario, significant decline was observed in the accumulated time in upper-arm elevations ≥30◦,
≥45◦, and ≥60◦.
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Table 1. The median (M) values in accumulated time in dominant upper-arm elevations ≥30◦, ≥45◦,
and ≥60◦, and the 50th, 90th, 95th, and 99th percentile dominant upper-arm elevation angles of the
baseline and the intervention scenarios where the participants received verbal ergonomics instructions
(Ergo-Instr.) or verbal ergonomics instructions in combination with haptic feedback (Haptic-FB).
The proportional differences (diff) of the values obtained in the intervention scenarios when compared
to the baseline value, where significant differences (p < 0.01, Wilcoxon signed-rank test) are displayed
in bold.

Baseline Ergo-Instr. 1 Haptic-FB 1 Ergo-Instr. 2 Haptic-FB 2
M M diff (%) p M diff (%) p M diff (%) p M diff (%) p

Arm elevation (s)
≥30◦ 48.6 35.1 26 0.001 29.3 38 <0.001 33.2 30 0.001 29.7 38 <0.001
≥45◦ 25.7 19.4 24 0.001 16.5 36 <0.001 17.4 32 0.001 14.0 45 <0.001
≥60◦ 13.0 7.7 41 0.002 6.7 49 0.001 7.8 40 0.005 4.5 65 <0.001

Arm elevation (◦)
50th 28.9 22.1 23 0.001 19.5 32 <0.001 20.1 31 0.001 19.4 33 <0.001
90th 64.0 55.7 13 0.010 53.5 16 <0.001 55.3 14 0.004 50.9 21 0.001
95th 72.0 65.1 10 0.020 65.0 10 0.002 65.1 10 0.003 58.7 19 0.001
99th 86.7 77.5 11 0.007 75.7 13 0.001 75.5 13 0.001 73.1 16 <0.001

3.2. Workstation Design Effect

As shown by the descriptive data (Table 2 and Figure 10a), significantly less accumulated time
was spent in upper-arm elevations ≥30◦, ≥45◦, and ≥60◦ when given the possibility to redesign
the workstation (WS-Design sessions) when compared to the baseline. Compared to the baseline,
the group median accumulated time declined by 88–100% (Table 2). The same trend was also found
when examining the 50th, 90th, 95th, and 99th percentile upper-arm elevation angle (Figure 10b),
where a significant decline in elevation angle was observed for all scenarios when compared to the
baseline, where the group median angle decreased by 48–74%. Further, when having received haptic
feedback training, a significant decrease of the accumulated time in upper-arm elevation angle ≥30◦

was observed with a decrease of 94% (not shown in the table). The decline after having received haptic
feedback was also observed in the angle (P50–99), where a decline of 33–37% was observed (not shown
in the table).

Table 2. The median (M) values in accumulated time in dominant upper-arm elevations ≥30◦, ≥45◦,
and ≥60◦, and the 50th, 90th, 95th, and 99th percentile dominant upper-arm elevation angles of the
baseline and workstation design (WS-Design) scenario. The proportional differences (diff) of the values
obtained in the workstation design sessions 1–3 when compared to the baseline value, where significant
differences (p < 0.01, Wilcoxon signed-rank test) are displayed in bold.

Baseline WS-Design 1 WS-Design 2 WS-Design 3
M M diff (%) p M diff (%) p M diff (%) p

Arm elevation (s)
≥30◦ 47.6 5.5 88 0.001 0.3 99 <0.001 0.0 100 <0.001
≥45◦ 25.7 0.3 99 0.001 0.0 100 <0.001 0.0 100 <0.001
≥60◦ 13.0 0.0 100 <0.001 0.0 100 <0.001 0.0 100 <0.001

Arm elevation (◦)
50th 28.9 15.1 48 0.001 9.5 67 <0.001 8.2 72 <0.001
90th 64.0 25.3 61 <0.001 16.9 74 <0.001 16.7 74 <0.001
95th 72.0 30.4 58 <0.001 19.7 73 <0.001 18.7 74 <0.001
99th 86.7 41.1 53 <0.001 26.2 70 <0.001 23.5 73 <0.001
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was spent in upper-arm elevations ≥30°, ≥45°, and ≥60° when given the possibility to redesign the 

Figure 9. (A) Accumulated time of the dominant upper-arm elevations ≥30◦, ≥45◦, and ≥60◦,
and (B) the 50th, 90th, 95th, and 99th percentile dominant upper-arm elevation angles of the baseline and
the intervention scenarios where the participants received verbal ergonomics instructions (Ergo-Instr.)
or verbal ergonomics instructions in combination with haptic feedback (Haptic-FB). The boxplots
show the median, the interquartile range, and the max and min values. Statistically significant
(p < 0.01, Wilcoxon signed-rank test) differences between the scenarios are displayed with their
corresponding p-values.
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Figure 10. (A) Accumulated time of the dominant upper-arm elevations ≥30◦, ≥45◦, and ≥60◦,
and (B) the 50th, 90th, 95th, and 99th percentiles of dominant upper-arm elevation angle in the baseline
and the workstation design (WS-Design) scenario. The boxplots show the median, the interquartile range,
max and min values. Statistically significant (p < 0.01, Wilcoxon signed-rank test) differences between
the scenarios are displayed with their corresponding p-values.

3.3. Ratings of Discomfort/Pain

As shown by the descriptive data (Figure 11), low CR10-ratings of discomfort/pain were reported
for all sessions. The mean CR10-ratings for all sessions immediately after finishing the task were 0.41
(SD 0.28), and 0.21 (SD 0.35) after 3 minutes’ rest, where a value of 0.5 corresponds to an extremely weak
(just noticeable) discomfort/pain. The mean CR10-ratings were <0.7 for each session end (0 min), and <0.5
after 3 minutes’ rest. A few participants rated the discomfort/pain as weak/light (2.0) or slightly
more (2.5) following the end of the sessions. These few ratings were generally reduced to around
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1.0 (very weak discomfort/pain) after a rest period of 3 min. Twelve of the participants did not at any
point state their discomfort/pain to be more than very weak, while four participants reported their
discomfort/pain to be more than very weak at least once during the entire trial, and located in the
following body regions: right/left shoulder (N = 2), right/left elbow (N = 1), and upper/lower back
(N = 2). None of the participants, however, reported discomfort/pain to be more than very weak
immediately following the last test session (WS-Design 3). It should be noted that, when asked to rate
the perceived discomfort/pain, the participants tended to base their discomfort/pain-ratings on perceived
discomfort rather than perceived pain.
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Figure 11. Borg CR10 discomfort/pain ratings before the training and baseline sessions, and after
finishing each session (0 and 3 min after end). The values include the peak discomfort/pain ratings
for each participant for each measurement occasion. The boxplots show the median, the interquartile
range, and the max and min values.

3.4. User Experiences

The task was in general considered monotonous, and 14 participants in the interviews reported
having felt some kind of discomfort during the sorting. The discomfort felt during the task made
most participants aware of the problems of the vertical work height and the horizontal reach distance.
A few participants spontaneously tried to change their work techniques to make sorting more
comfortable. The haptic feedback made all but one of the participants more aware of their work
technique. The most frequent response was that the feedback reminded them of their posture
all the time. However, four persons mentioned that the feedback made them more distracted or
stressed at the beginning, even if this feeling tended to disappear fairly rapidly. The feedback
was also the most important input for redesigning the workstation, even though the participants
also used their experiences from body discomfort in addition to the haptic feedback as input to the
redesign. However, the feedback was considered more powerful by most participants. The participants
rearranged and designed their workstation to get a lower vertical height of the racks (between waist
and elbow height), closer to the body, angled in relation to the reaching direction, and with an adjusted
work surface height. Fifteen participants considered the haptic feedback positively and one was
indifferent. The participants used words such as fun, exciting, interesting, but also unusual. Some of
them also pointed to the trustworthiness of the feedback from the system.
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4. Discussion

4.1. The Smart Workwear System

This paper introduces a new module-based ambulatory system: the Smart Workwear System,
targeting work-related physical and psychosocial stressors that can have adverse or promoting effects
on health and direct or indirect effects on work performance.

It supports risk assessment, work technique training, and work and workplace design, at the
same time as it reduces the need for the involvement of skilled trainers and ergonomists. Moreover,
substituting observations with measurements has the potential to increase accuracy and reproducibility
of the measurements. Using a modular platform, a range of sensor types can be connected depending
on the specific need of each situation. To date, sensors for the recording of work posture and
movements, heart rate, respiratory rates, energy expenditure, and force exertions have been tested in
real work environment contexts [44,47,70,71]. As demand rises for the assessment of an increasing
number of risk factors, the Smart Workwear System is continuously being developed to include
additional risk factors addressed in the research literature, allowing for more sensors and with more
analysis software. There are many wearable solutions that have an origin in sports, rehabilitation
and fitness applications and of different technological sophistication (see, e.g., www.hexoskin.com
and www.swedishposture.com). Many of these solutions are capable of recording various signals
representing posture, load, or other physiological measurements, but they are typically designed for
just one or a small number of specific types of analyses and targeting a few specific problems/issues.
In contrast, the Smart Workwear System constitutes a platform allowing sensors, microprocessor
devices, mobile/stationary computers, and servers to be integrated into a complete solution as a
supportive tool for workplace-related ergonomic tasks such as risk assessment, workstation design,
etc. The software implements algorithms to assess the risks of musculoskeletal disorders and injuries,
and it implements methods for work technique training that are based on contemporary research.
Every application of the Smart Workwear System includes only the components that are required for
the task at hand, but it can be expanded at any time with additional components should the need arise.

The idea behind the risk assessment function is that work tasks and workplaces should be assessed,
not individuals. Therefore, it is desirable that several workers perform the same tasks at the same
workplace so that the influence of individual differences can be limited. From an ethical and an
integrity point of view, the ownership of individual data is of importance. Previous research indicates
that employees are positive about receiving individual feedback on work-related exposures, but they
like to retain ownership of the collected data, and the mandate to decide with whom the data are
shared [85]. This highlights the importance of possibilities for the anonymization of the collected data
at all steps of the data management, including storage.

4.2. The Smart Workwear System Haptic Feedback Module

The haptic feedback module was developed for automatic real-time work technique training for
both newly employed and currently employed staff working in physically demanding jobs. The chosen
feedback modality (i.e., concurrent feedback) is intended for short training periods of about 10–30 min.
For longer training periods, other feedback modalities should be considered, such as terminal feedback
where the feedback is provided after task execution [72]. While this application uses haptic feedback
as a strategy to mimic and augment intrinsic signals of discomfort or pain, other feedback modalities
might be suitable, such as visual or auditory feedback [41]. However, the use of visual feedback
may be less suitable when the task requires continuous visual control, and auditory feedback may be
unsuitable in noisy work environments.

Some limitations of the system have been identified. Similar to several other systems that record
human movements and postures [45,46], the haptic feedback system is sensitive to the initial IMU
and haptic feedback calibration, for which the system currently has no automatic verification routine
to validate if the angles and positions that are established as a reference are coherent and within a

www.hexoskin.com
www.swedishposture.com
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certain tolerance in a global reference system. Currently, the calibration has to be performed when
the IMUs are mounted on the wearer. Recent validation of the system [86] with forty participants
shows excellent accuracy and precision of the system when validated reference positions are used for
calibration of the global postural angles.

Additionally, strenuous movement may shift the location of the IMU, causing motion artifacts that
in some situations can be transformed into false positive feedback to the worker or shift the location of
the haptic feedback unit, not conveying feedback correctly to the worker if the contact surface of the
skin with the vibration actuator is reduced. To limit potential motion artifacts, a filtering algorithm was
applied to the angular acquisition. This translated into a small delay (0.5 s) in the feedback received by
the worker, for all motions.

Concerning the angular measurement by the IMU, this was limited to the use of the three-axis
accelerometer and gyroscope. Small errors introduced from the gyroscope measurements in the
integration step have an exponential influence on the angular calculation result. Orientation data from
the gyroscope, which was corrected with information from the accelerometer (roll and pitch angles),
should be further improved with corrections from the magnetometer (yaw angle), to calculate orientation
information with higher accuracy and robustness against drift over time. However, as previously
shown by Robert-Lachaine et al. [87], the use of magnetometers may not be suitable in work situations
with significant local magnetic fields.

The system was designed to operate in a personal area network, making use of Bluetooth Low
Energy for connection and data transmission. This limits the distance between the data receiver
(a smartphone device) and the operator wearing the wearable system. If this distance restriction is
exceeded, disconnection ensues, which could cause the loss of data for a certain time. Currently,
the system executes a warning to the wearer and a reconnection routine with the IMU and haptic
feedback system, but future improvements can introduce local storage in the sensors for a limited
period, mitigating the risk of data loss. Additionally, even though battery management routines
are implemented, both in the software of the sensors and the ErgoRiskLogger software application,
and devices that support and use Bluetooth Low Energy transmission have been selected, the battery
life of the complete haptic system is currently lower than a complete 8 h workday, this depending on the
need to apply haptic feedback more frequently for a certain wearer or based on the active interaction
of the user with the smartphone device. Future implementations should improve the efficiency of
the data packages transmitted and investigate other vibration implementations which can convey
similar feedback levels with lower energy consumption. The current technical version of the haptic
module is currently limited to research. For use beyond research applications, the technology needs to
be converted into a more robust solution and tested regarding its durability and long-term service life.

4.3. System Application and User Evaluations

4.3.1. System Application and User Evaluations—Major Findings, Clinical Relevance,
and Implications

The system application and user evaluations present the first evaluation of this specific haptic
module of the Smart Workwear System, using a single haptic feedback unit. The study found a
reduction of the accumulated time in upper-arm elevation following both the verbal ‘ergonomic’
instructions and the haptic feedback. While both strategies were effective, the haptic feedback in
combination with verbal instructions had significantly larger effects on reducing the accumulated time
in upper-arm elevation when compared to using verbal instructions only.

A substantially reduced proportion of accumulated time was observed among the participants
when provided solely with verbal ‘ergonomic’ instructions (24–41%) and reduced further when
provided with haptic feedback training in combination with verbal ‘ergonomic’ instructions (36–65%).
This reduction in accumulated time in upper-arm elevation related to the haptic feedback is larger
than has been observed previously, where reductions in accumulated time in upper-arm elevation
angles of 4–32% were observed [69]. These differences might reflect the proportional postural load
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attributed to the individual work technique, hence the potential that can be targeted by using the
haptic feedback training for work technique improvements. Clearly, all adverse exposures cannot be
reduced solely by work technique improvements and they are also to a large extent influenced by,
e.g., the work/workstation design. Given the results from the interviews, the haptic feedback module
had the potential to contribute to improvements in work/workstation design.

If the exposures during mail sorting at baseline are extrapolated to 8 h of work, the average
accumulated time in upper-arm elevations ≥30◦, ≥45◦, and ≥60◦ relative to the reference would be
approximately 228, 123, and 62 min, respectively. Such exposures exceed the action level proposed
by Arvidsson et al. [77], which stipulates that the upper-arm elevation angle should not exceed 60◦

for more than 10% of the worktime (i.e., 48 min). Additionally, the proportion of time ≥45◦ exceeds
15% of the worktime (i.e., 72 min), i.e., a level associated with increased risk of MSDs in the shoulder
region [4]. Following the haptic feedback (Haptic-FB 2) and extrapolated to 8 h work, the mean time
for elevation angles ≥45◦ would drop to 67 min, and the mean time for elevation angles ≥45◦ to 22 min,
both below the levels associated with MSDs in the shoulder region [4,77]. Hence, this indicates that
clinically relevant reductions in exposure were obtained following the haptic feedback.

4.3.2. System Application and User Evaluations—Methodological Considerations and Limitations

Previous studies from industrial type manual handling operations have shown significantly longer
task execution times when receiving direct feedback training [45,69], which may be attributed to actions
taken to alter the work technique. Given that increased task execution time reduces productivity,
the increased execution time can have negative effects on work performance. For the present study,
however, no statistically significant difference in the time to complete the task was observed for
either the verbal instruction sessions or the haptic feedback sessions when compared to the baseline,
although a slight tendency to longer execution times was observed for the haptic feedback sessions.

It is possible that the relatively low complexity level of the simulated mail-sorting task contributed
to this, as only minor, relatively obvious, work technique changes were needed in order to reduce the
occurrence of the haptic feedback signal (and load levels). For work involving operations with a higher
level of complexity, the situation may be different.

Additionally, the total feedback training period in the current study and in Lind et al. [69] was less
than 15 min, so the effect on reduced productivity is limited and should rather be compared with
the time needed when using other training programs. Interestingly, no significant difference was
observed in the accumulated time of upper-arm elevation when comparing the first and second
haptic feedback sessions (Figure 9a), or when comparing the first and second verbal instruction
sessions. This indicates that the participants rapidly implemented strategies that reduced the time in
the adverse arm postures. These findings may have practical implications for how long a time the
feedback is needed for improving the work technique, and indicates that the haptic feedback training
is time-efficient.

Feelings of discomfort during the performance of the task were an obvious source of (intrinsic)
feedback and identified problems with the workstation design. Stronger discomfort seemed to be
a stronger motivator to change work technique and the workstation design. However, it seemed
as if the haptic feedback was a stronger input channel, especially for those who felt no or weak
discomfort. In that situation, the haptic feedback strengthened or even replaced the intrinsic body
signals. One potential risk with this work technique training application is that the training decreases
the load on the intended body part, but instead increases the load on another body part. As long as
this does not cause adverse loads on the other body parts, the technique change can be considered
desirable. If discomfort arises in other body parts, however, this must be considered and addressed.
This aspect is of course an important issue to be aware of when applying all types of work technique
training. Based on visually observing the participants, a changed work technique was observed,
including having the hands closer to the body and, for some, using wrist flexion. However, no clearly
increased musculoskeletal discomfort in those regions was reported, but given the short time span,
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such effects may arise after longer time periods. Therefore, monitoring of the long-term effect following
work technique changes is desirable.

The feedback modality used (concurrent haptic feedback) is based on error augmentation/amplification
aiming at raising the awareness of hazardous work situations, and thereby promoting alternative work
techniques strategies that are more beneficial from an MSD-prevention perspective. Alternatively,
augmentation of sound work techniques strategies could have been used. As previous studies have
concluded, the use of both concurrent feedback and error augmentation may be less efficient when
feedback is provided for longer time periods and may increase the risk of inhibiting the wearer from
responding to cues provided by the body´s intrinsic feedback system [72]. This might also result in
extrinsic feedback dependency [88–90]. Therefore, using the concurrent haptic investigated in the
present study may be less advisable if the feedback training is to be used for several hours or workdays.

The case study included only novice participants and a manual sorting task with a relatively low
complexity level, so generalization to experienced workers, as well as tasks with a higher complexity
level, should be made with caution. While the use of novice participants may be less suitable for some
investigations, this can be justified when examining effects in populations of newly hired staff that are
inexperienced in the work operations. However, the results from previous studies indicate that the
Smart Workwear System can improve the work technique also in experienced workers [69].

To test the potential effect of verbal instructions and haptic feedback, a within-subjects design
was applied where each subject´s postural load was compared between all scenarios. To minimize
potential effects related to the task order, random assignments of the test scenarios could have been
used. However, a randomly assigned order was not seen as an appropriate choice since this would
most likely have introduced unwanted spillover effects, where learnings following the haptic feedback
could have influenced the work technique during sessions without haptic feedback, as seen from
the retained effect following biofeedback training [62,91]. Instead, the subjects were provided with a
training period to familiarize themselves with the mail sorting and to ensure that they were sufficiently
trained before the baseline. Given the low complexity of the task and to avoid fatigue, a short test
trial was chosen. Two researchers were present during the trials and observed for cues indicating the
potential need to extend the training period.

To what extent the reduced exposures following the haptic feedback and the verbal instructions
are retained, and whether the additional effect of using haptic feedback compared to solely verbal
instructions is retained, amplified, or attenuated cannot be answered by this study. A clear advantage
of only using verbal instructions is that they can be easy to administer, at least if trained instructors are
available. Experience from previous studies on assembly workers [47] indicates, however, that the
workers often tend to forget such verbal instructions when performing cognitively demanding tasks,
while constant reminders in the form of concurrent feedback retain the focus on reducing adverse
posture despite the high cognitive demands. Although more studies are needed to evaluate the
retained effects, some studies indicate promising retained effects following biofeedback training [62,91].
More research is also needed to establish a suitable training program, including guidelines for how long
a time the feedback is provided and how often, e.g., once per month or year, etc. Such studies should
also consider the maximum suitable number of haptic devices and how this influences the possibility
of conveying meaningful information that will facilitate improvements in the work technique.

5. Conclusions

The Smart Workwear System is an ambulatory and flexible sensor-based technical solution
targeting work-related physical and psychosocial stressors that can have adverse or promoting effects
on health and direct or indirect effects on work performance. The haptic feedback module of the system
allows work technique training in simulated mail sorting. The module consisted of a customized
T-shirt, an IMU, a haptic feedback unit, a smartphone, and an Android-based application to collect,
analyze, and send sensor data, using Bluetooth connections. This study shows that the use of haptic
feedback for work technique training has the potential to significantly reduce the time in adverse
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upper-arm postures after short periods of training. The system can increase the awareness of the
situations that create adverse upper-arm postures. The haptic feedback was experienced positive
and usable by the participants and this kind of extrinsic biofeedback was effective in supporting
learning how to improve postures and movements. The feedback also made the participants aware of
several different improvements of workstation design, and supported them to design and rearrange
the workstation. The system improved the work technique and supported work and workplace
design at a relatively low cost with good accuracy compared to alternative methods. The system is
flexible and modular, and can thus be adapted to a range of work-related exposures, and sectors of
working life and in research. It is concluded that this type of sensorized system, using haptic feedback
training, is promising for the future, especially when organizations are introducing newly employed
staff, when teaching ergonomics to employees in physically demanding jobs, and when performing
ergonomics interventions. Future studies are needed to improve the efficiency of the feedback regimes
and to identify limits of how much and what type of feedback information can be beneficial. For use
beyond research applications, the technology needs to be converted into a more robust solution and
tested regarding its durability and long-term service life.
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Appendix A

The following are the questions used in the semi-structured interview:

• How did you perceive the mail-sorting task?
• Did you feel any discomfort during the session?
• How did the discomfort influence you and your way of working?
• How did you perceive the vibration feedback?
• What did you learn from the feedback?
• How did the vibration feedback affect you?
• How did the vibration feedback affect your way of working?
• What made you rearrange the workplace the way you did?
• Is there anything else you would like to add that we did not ask about?
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