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Abstract: Employee productivity is a well-studied area, which has been explained in various
dimensions. However, there is insufficient research on how workers’ on-job emotional status relates
to productivity. This study examined the relationship between workers’ emotional states and
productivity by assessing on-job emotionality recorded using a specially designed wearable biometric
device. The experiment was conducted at KP Beau Lao Co. Ltd., a Japanese plastic toys and cosmetic
products company in Savannakhet province in Southwestern Laos. Participants were 15 plastic
toy painters. Mental status, daily output, and other issues were recorded for three consecutive
working days. Using random effects panel regression models, we examined how productivity,
operationalized as the log of daily output, was related to workers’ emotional states, including the
amount of time workers reported being happy, angry, relaxed, and sad. We controlled for conversation
time, heart rate, and other demographic features. The results revealed that happiness, and no other
emotional state, was significantly and positively related to productivity. Such findings suggested
that workers’ emotional states must be addressed as part of an organization’s operational strategy to
ensure higher productivity.

Keywords: productivity; emotional status; wearable biometric device; conversation time; heart rate;
Japan

1. Introduction

Improving employee productivity is an important consideration for the overall wellbeing of
an organization. Productivity is related to not only the organization’s profitability but also its
operations and human resource management. Because of its multidimensional importance, numerous
studies have been conducted to observe what affects employee productivity and how it could
be improved. Previous studies have already documented how employee productivity is linked
to job-related terms and conditions, technological advancement, and employees’ demographic,
socioeconomic, and psychological factors. Recent research shows that employees’ mental health status
and psychological conditions affect their productivity. However, there is inadequate research on
how employees’ on-job emotional conditions affect their productivity. On-job emotional condition is
important because it defines how employees will apply their acquired knowledge in the workplace.
Thus, the present study examined the relationship between employee productivity and on-job emotional
states. A unique dataset that tracks both employees’ emotional states during working hours within
a factory and their quantifiable output on a real-time basis were used in the study.

Productivity refers to how efficiently workers produce goods or services to achieve a company’s
objectives. Workers’ productivity can be measured as an output (e.g., unit of sales or volume of
production) relative to an input (e.g., the number of hours worked or the cost of labor). Mathis and
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Jackson [1] referred to productivity as a measure of quantity and quality of work done considering
the cost of the resource used to do the work. Higher productivity does not necessarily only mean
greater output; it also means fewer people or less money or less time are used to produce the same
amount. Mathis and Jackson [1] identified three factors, which contribute to workers’ productivity:
the ability to do the work, the level of effort made, and support given to them. Ferreira and Du
Plessis [2] also considered that the time an employee spends performing a job is an important
component of productivity. Higher productivity can help reduce costs, increase profitability, expand
operations, satisfy stakeholders, and ensure a place in the competitive marketplace [3–5]. As a result,
many organizations automate their production process and employ new technologies to improve
productivity. Oliner and Sichel [6] provided evidence that the advancement of information technology
during the second half of the 1990s ensured sustained growth in productivity in the US. Relich [7]
reported that investment in information and communication technologies at the company level
positively affects labor productivity in EU countries. Apart from investment in technology and
innovation, to improve productivity, organizations invest in human resources programs, such as
organizing training, increasing facilities and benefits, providing favorable job-related terms and
conditions, implementing worker monitoring devices, and so on. Perhaps the most important and
most closely scrutinized of all productivity resources are human resources [1]. However, compared
to the aforementioned human resources development and monitoring issues, the psychology and
emotions of employees have received less emphasis in the analyses of employee productivity. Sharma
and Sharma [8] argued that while the physical presence of an employee is needed for productivity,
his/her mental presence is equally important.

Previous studies provided evidence for the factors that explain productivity from different
dimensions. In terms of on-job conditions, employee productivity can be explained as a means to assess
issues that motivate workers to optimally engage in productive activity. Job security, organizational
justice, fairness, benefits, and prosocial spending are a few factors that motivate employees to perform
and improve their productivity [9–12]. Anwar, Aslam, and Tariq [13] and Holzer [14] observed that
previous experience, tenure in the current job, and types of job contracts have significant positive
effects on employee productivity. The use of technology in the workplace is another important aspect
of productivity. For instance, computers, Internet access, robotics, and other forms of automation help
improve productivity in the workplace. Basu, Fernald, and Shapiro [15] revealed that productivity
growth is positively related to technological changes, both in the manufacturing and non-manufacturing
sectors. Hempell [16], the Productivity Commission of Australia [17], and Gavin [18] have noted how
information and communication technology help to improve productivity within each organization
and in the overall job sector.

A different strand of studies provided evidence that workers’ demographic and socioeconomic
attributes, such as age, education, income, assets, and social status, influence their productivity. So far,
studies on the relationship between age and productivity have provided mixed evidence. Skirbekk [19],
Dostie [20], Lallemand and Rycx [21], and Garibaldi, Oliveira Martins, and van Ours [22] observed
a non-linear and complex relationship between age and productivity whereby productivity declines
after a certain age. However, against this complex and non-linear relationship, there is evidence for
a flat or even positive relationship between age and productivity. Aubert and Crépon [23] found
that productivity peaks at the age of 40–45 and remains stable thereafter, and Göbel and Zwick [24]
showed a flat age-productivity relationship between 40 and 60 years of age. Börsch–Supan and
Weiss [25] found that productivity continues to increase until the age of 65. In addition to the mixed
evidence on how productivity evolves with age, previous literature provides mixed evidence on how
aging affects productivity at the micro-level (worker’s productivity) and at the macro-level (aggregate
productivity). Calvo–Sotomayor, Laka, and Aguado [26] provided evidence that an increase in the
older workforce reduced an increase in productivity, but the influence would be less observed due
to the development of capital and knowledge-intensive sectors. Mahlberg et al. [27] also reported
that a larger share of older employees was not associated with reduced productivity at the firm level.
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However, there is a concern for reduced productivity at the aggregate level due to an increase in the
aging population [28]. Wu and Cheng [29] found that gender equality in the workforce could also
increase productivity growth. Jones [30] reported that workers’ education is positively related to
productivity. Belorgey, Lecat, and Maury [31] provided evidence that human capital, as proxied by
education, is one of the most important factors in determining overall productivity. Saxena [32] further
observed that workforce diversity in terms of age, cultural background, physical abilities, race, religion,
sex, and sexual orientation has a positive impact on productivity.

Recent studies have revealed that workers’ mental health conditions and related risk factors are
also associated with workplace productivity [33–38]. Workers’ psychological states, such as positive
attitudes and mental peace, can also influence productivity. DiMaria et al. [39], Frey [40], and Tenney et
al. [41] revealed that positive thinkers, namely happy and satisfied workers, are more likely to perform
well. Studies have also emphasized how an employee’s health and wellbeing impact productivity.
Neumann and Dul [42], as well as Ødegaard and Roos [43], found that healthier employees are more
productive. Gubler, Larkin, and Pierce [44] provided evidence that implementing a corporate wellness
program improved employee productivity. Recognizing the importance of workers’ mental health and
wellness, organizations have increased investment in health and wellness-related programs [45].

The discussion in the previous paragraph suggests that physical and mental health conditions are
related to productivity, but the relationship between employees’ emotions and productivity has not been
studied extensively. Emotions are states of consciousness, comprising feelings, physiological responses,
and behavioral expressions, which often occur simultaneously [46]. Although we are not always
aware of it, emotions play a critical role in our everyday behavioral tasks [37]. Current workplaces
have increased interactions between humans and machines, and emotions play an important role in
determining performance [38,47]. How workers interact with machines can depend on their emotional
state. For instance, enthusiasm could help make tasks easier, while lethargy could make tasks more
difficult. Yang and Hung [48] conducted an experiment using an emotion induction technique to
assess how emotional states affect performance. The results revealed that happy people tend to value
long-term rewards and assign greater utility to effort. Oswald, Proto, and Sgroi [49] also found that
happy people were 12% more productive than others. Given that emotions change throughout the
day [47], it is important to track these emotional states and organize tasks accordingly [37].

Although there have been several studies relating productivity to employees’ emotions, there is
a dearth of research focusing on how a worker’s on-job emotional status relates to productivity. Thus far,
studies have measured emotions passively based on employees’ actions, such as by analyzing the
text, content, and tone. Thus, how employees’ on-job emotional states affect their productivity is still
not evident. The use of wearable biometric devices, which can track an employee’s emotional states,
provides an opportunity to examine more objective components of the emotion-productivity link.
To the best of our knowledge, this was the first study to examine how employees’ emotional states
affect productivity, using the quantity of daily output as an outcome. The present study controlled for
other biometric and known demographic factors that could influence emotionality and productivity.
It contributed to the existing literature in several ways. It provided evidence of how emotional states
were directly related to productivity and which specific emotional states were related and unrelated to
productivity. It also suggested how employees could overcome adverse emotional states to enhance
productivity. Finally, the evidence from the study could be used by management to improve workflows,
allocation of break times, and performance targets.

2. Data and Methodology

2.1. Sample Selection, Variable Definitions, and Measurement Issues

Unskilled line workers from KP Beau Lao Co. Ltd, a Japanese plastic toys and cosmetic products
company in Savannakhet province in Southwestern Laos, participated in this study. Although the
production of toys and cosmetic goods is complicated and requires a great deal of technical knowledge,
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the workers in the present study were focused on a specific, unskilled task that could be easily
quantified. This was intended to reduce the role of skill level in productivity to adequately compare
work output as a function of emotionality. Our sample comprised of 15 workers. They had to answer
a questionnaire and wear a wristband biometric sensor that could capture physiological responses.
The device, SilmeeTMW20, is produced by the TDK Corporation Tokyo, Japan. The device measures
20.5 x 65 x 12.5 mm and weighs about 29.5 grams. It has built-in sensors to detect acceleration,
pulse wave, environmental ultraviolet light, temperature, and sound through which it continuously
records physical activity, beat-to-beat pulse intervals, skin temperature, and sleep. The ethics committee
at Hiroshima University, Japan, approved the study protocol.

Workers were monitored for three working days (March 11 to 13, 2019). On the first day of the
experiment, participants were informed about the purpose, methods, and privacy issues related to
the study. All of them agreed to participate and signed an informed consent form. Participants were
also informed that they could withdraw at any time. They then provided information on sex, age,
education, work experience, living arrangement, and commute time to work. Finally, all workers wore
the biometric sensor device and continued working on their painting tasks.

The emotional measures were based on the circumplex model of emotion [50], which postulates
that emotions are distributed along arousal and valence dimensions. Arousal represents the vertical axis,
and valence represents the horizontal axis, while the center represents a neutral valence [51]. According
to this model, emotional states represent different levels of activation and pleasantness/unpleasantness.
We focused on the emotions signifying happy, angry, relaxed, and sad states. We also considered neutral
as the absence of any distinct emotion. Emotional states were measured through a complex process of
considering beat-to-beat pulse intervals via custom software developed by NEC Corporation Tokyo,
Japan. The condition of each subject’s automatic nervous system was evaluated by observing the R-R
interval (RRI), which indicates the heartbeat variability. The software uses a specific algorithm pattern
of the subject’s heartbeat variability to differentiate among emotional states. It is already documented
that RRI is associated with the condition of one’s automatic nervous system, representing emotional
status. Choi et al. [52] provided evidence that heart rate variability could be used to adequately
evaluate human emotion. Valenza, Antonio, and Enzo [53] and Lane et al. [54] also confirmed that heart
rate variability could be an objective tool to assess emotional responses. The device used in the present
study also collected data on heart rate per minute, skin temperature, the amount of ultraviolet light
received, conversation time (i.e., speaking during a specific time interval), number of steps in a minute,
and activity type (not moving, walking, running, light-medium-heavy exercise, and sleep state).

To measure workers’ productivity, we examined the full work shift from 7:40 AM to 16:40 PM,
with three breaks. Work hours were separated into four segments: (1) 7:40–9:30 AM, (2) 9:40–11:30 AM,
(3) 12:10–14:10 PM, and (4) 14:20–16:20 PM. A manager kept track of the number of finished toys each
worker painted during each shift. All aforementioned variables and definitions are as shown in Table 1.
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Table 1. Definition of Variables.

Variables Definition

Output Total finished toys painted in a day, excluding overtime
Log of output Log of total finished toys painted in a day, excluding overtime

Happy emotion Percentage of working hours in which workers remain in a happy state
Angry emotion Percentage of working hours in which workers remain in an angry state

Relaxed emotion Percentage of working hours in which workers remain in a relaxed state
Sad emotion Percentage of working hours in which workers remain in a sad state

Neutral emotion Percentage of working hours in which workers do not show any particular emotion
Conversation Percentage of working hours that workers spend in conversation

Heart rate Average heart rate per minute during working hours
Sex Dummy variable: 1 = female and 0 = male
Age Age of workers in years

Experience Work experience in painting plastic toys (in months)
Schooling Years of education

Accommodation Dummy variable: 1 = living at company’s accommodation, 0 otherwise
Commuting time Commuting time from home to company (minutes)

2.2. Data

The main variables of interest in this study were emotional status, conversation time, and heart
rate during working hours, along with demographic data. We treated emotional status variables
and conversation time as percentages of the working hours. For heart rate, we used average beats
per minute.

Descriptive statistics are displayed in Table 2. The average daily output per worker was 1789
(SD = 729, Max = 3490, Min = 650). The first day output (M = 1107, SD = 423, Max = 1960, Min =

650) was much lower than the output on days 2 (M = 2165, SD = 615, Max = 3490, Min = 1400) and
3 (M = 2120, SD = 589, Max = 3220, Min = 1340). This could be because the study started earlier
during the second and third days. The output of the first day only included segments 3 to 5. Overall,
workers reported mostly a happy mood (M = 9% of total working hours, SD = 10% of total working
hours, Max = 54% of total working hours, Min = 0% of total working hours) compared to angry (M =

6%, SD = 5%, Max = 24%, Min = 0%) and relaxed states (M = 1%, SD = 1%, Max = 8%, Min = 0%).
Sad moods were negligible in the sample. Workers seemed to be in a neutral mood most of the time
(M = 85%, SD = 14%, Max = 100%, Min = 19%). Workers also spent a considerable amount of time
in conversation (M = 14%, SD = 9%, Max = 31%, Min = 0%). Average heart rate was 86.63 beats per
minute (SD = 15, Max = 118, Min = 59). Fourteen of the workers were women, with one male colleague;
therefore, the gender distribution of the sample was not unbiased. However, this fact is justified by the
overall gender distribution of KP Beau Lao Co. Ltd. Most of the workers in this company are female.
Nonetheless, the gender distribution in our sample could have implications for the overall conclusion
and generalizability of the study. Average work age was 22.67 years (SD = 3.11, Max = 29, Min = 19),
and average work experience was 25.67 months (SD = 10.40, Max = 48, Min = 11), with 8.80 years (SD
= 3.32, Max = 16, Min = 5) of schooling. Only one worker lived in the company’s accommodation.
Average commute time to work was 28 minutes (SD = 14.17, Max = 50, Min = 0).
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Table 2. Descriptive Statistics.

Variable Observations Mean
(M)

Standard
Deviation

(SD)
Min Max

Output Overall 44 1789.55 729.73 650.00 3490.00
Day 1 15 1107.33 423.40 650.00 1960.00
Day 2 14 2165.71 615.24 1400.00 3490.00
Day 3 15 2120.67 589.21 1340.00 3220.00

Log of output Overall 44 7.40 0.45 6.48 8.16
Day 1 15 6.94 0.28 7.24 8.16
Day 2 14 7.64 0.30 7.29 8.36
Day 3 15 7.62 0.28 7.20 8.08

Happy Overall 45 0.09 0.10 0.00 0.54
Day 1 15 0.04 0.03 0.00 0.13
Day 2 15 0.11 0.13 0.00 0.54
Day 3 15 0.12 0.08 0.01 0.31

Angry Overall 45 0.06 0.05 0.00 0.24
Day 1 15 0.03 0.02 0.00 0.07
Day 2 15 0.07 0.06 0.01 0.24
Day 3 15 0.07 0.06 0.00 0.17

Relaxed Overall 45 0.01 0.01 0.00 0.08
Day 1 15 0.00 0.00 0.00 0.01
Day 2 15 0.01 0.01 0.00 0.04
Day 3 15 0.01 0.02 0.00 0.08

Sad Overall 45 0.00 0.00 0.00 0.01
Day 1 15 0.00 0.00 0.00 0.00
Day 2 15 0.00 0.00 0.00 0.01
Day 3 15 0.00 0.00 0.00 0.01

Neutral emotion Overall 45 0.85 0.14 0.19 1.00
Day 1 15 0.93 0.05 0.81 1.00
Day 2 15 0.81 0.19 0.19 0.99
Day 3 15 0.80 0.12 0.57 0.99

Conversation Overall 45 0.14 0.09 0.00 0.31
Day 1 15 0.20 0.06 0.10 0.30
Day 2 15 0.11 0.08 0.00 0.31
Day 3 15 0.11 0.08 0.00 0.24

Heart rate Overall 45 86.63 15.55 59.69 118.29
Day 1 15 91.80 12.59 70.21 112.19
Day 2 15 83.09 17.60 59.69 116.38
Day 3 15 85.01 15.69 66.37 118.29

Sex Overall 45 0.93 0.26 0 1
Age Overall 45 22.67 3.11 19 29

Experience Overall 45 25.67 10.40 11 48
Schooling Overall 45 8.8 3.32 5 16

Accommodation Overall 45 0.07 0.26 0 1
Commuting time Overall 45 28 14.17 0 50

2.3. Method

The present study used a panel data analysis technique. The Breusch–Pagan Lagrange multiplier
(LM) test was used to decide between a random-effects regression or ordinary least squares regression
analysis. For the LM test, the null hypothesis states that variance across entities is zero (i.e., there is
no significant difference across units). If the null hypothesis cannot be rejected, the random effects
regression is inappropriate. However, if the null hypothesis is rejected, we can apply the Hausman test
to decide between random and fixed effects regression analysis. Here, the null hypothesis states that
the unobserved heterogeneous errors are not correlated with the regressors in the model. If the null
hypothesis is not rejected, the random-effects model is suitable.



Sustainability 2020, 12, 1544 7 of 15

Based on the LM and Hausman test, we chose the random effects regression model. This is because,
in the present study, the chi-square statistic for the LM test was 7.21 (p < 0.01). The Hausman test results
provided a non-significant chi-square test result. Therefore, we could not reject the null hypothesis
that there was no correlation between the unobserved heterogeneous effect and the regressors.

In the random effects panel regression model, we used worker productivity as the dependent
variable and emotional states as the independent variable, controlling for the demographic and
biometric factors. The regression equation is as follows:

log(output)it=β0+β1emotionalstatusit(happy, angry, relaxed, orsad)+

β2conversationit+β3heart rateit+β4femaleit+β5ageit+β6experienceit+

β7schoolingit+β8accomodationit+β9commuting timeit+ui+εit

(1)

where ui represents the unobserved heterogeneous factor, and εit is the error term.

3. Empirical Results

Several random-effects regression models were conducted to examine how emotional states
are related to productivity after controlling for demographic and biometric factors. We developed
four models, each of which controlled different variables. For example, in the first set of models,
the log of daily output was the dependent variable, and happiness was the independent variable.
In model (1,1), we controlled for conversation and heart rate during the working hours. In model
(1,2), we controlled for all socioeconomic and biometric factors. In model (1,3), we ignored sex and
accommodation, owing to the lack of variability of these factors. In model (1,4), we excluded sex,
experience, and accommodation. The same set of model compositions was created to analyze sad,
angry, and relaxed emotional states.

The regression results are reported in Table 3. Happiness was found to be significantly related to
an increase in work output across all model specifications. Moreover, spending more time conversing
with coworkers during work hours was significantly negatively related to work output across all
models. In the happiness models, heart rate and demographic factors were insignificantly related to
daily output. Since there is the possibility of multicollinearity between happiness and conversation
time (i.e., greater conversation time in a work environment could be related to higher happiness),
we conducted correlation and multicollinearity tests in the models. We included the results as
supplementary materials rather than directly in the paper, to save on space. The results showed that
multicollinearity between the variables was not significant, suggesting that the independent effects of
happiness and conversation time on productivity were not biased. The correlation matrix showed
a weak relationship between happiness and conversation while VIF (variance inflation factor) statistics
of the independent variables were less than 10, meaning that multicollinearity was not significant in
the models.

Being in an angry emotional state was not significantly related to daily output in any model.
However, as with the happiness models, time spent conversing was negatively associated with the
work output. No other biometric or demographic variables were associated with daily output. Being in
a relaxed emotional state was not significantly related to daily output across any of the four model
specifications. As with the other two main models, time spent in conversation was significantly and
negatively associated with daily output. No other variables significantly predicted work output.

Finally, there were no significant relationships between sadness and daily work output across
any of the four model specifications. Time spent conversing, however, was negatively related to work
output. No other factors significantly predicted work output.
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Table 3. Regression Results Random Effect Model.

Variables
Dependent Variable: Logarithm of Daily Output

Model 11 Model 12 Model 13 Model 14 Model 21 Model 22 Model 23 Model 24

Happy 2.246 *** 2.019 ** 2.312 *** 2.293 ***
(0.7690) (0.8630) (0.7930) (0.7850)

Angry 2.266 2.64 2.198 2.449
(1.4210) (1.6310) (1.6500) (1.5510)

Conversation −2.701 *** −2.701 *** −2.745 *** −2.731 *** −2.836 *** −2.765 *** −2.776 *** −2.793 ***
(0.6440) (0.7190) (0.6770) (0.6730) (0.6880) (0.7500) (0.7660) (0.7430)

Heart rate 0.00039 −0.000124 0.000598 0.000549 −0.0012 −0.00183 −0.0013 −0.00123
(0.0031) (0.0034) (0.0031) (0.0031) (0.0034) (0.0035) (0.0036) (0.0035)

Female 0.319 0.436
(0.4120) (0.4230)

Age −0.0173 −0.0188 −0.0189 −0.0126 −0.0137 −0.0123
(0.0325) (0.0393) (0.0351) (0.0334) (0.0320) (0.0319)

Experience −0.000509 −0.000114 0.00226 0.000541
(0.0101) (0.0113) (0.0107) (0.0096)

Schooling 0.0128 0.00968 0.00978 0.0187 0.0074 0.00655
(0.0375) (0.0368) (0.0325) (0.0384) (0.0301) (0.0293)

Accommodation 0.361 0.644
(0.4980) (0.4970)

Commuting Time 0.00627 0.000223 0.000202 0.00817 −0.00177 −0.00209
(0.0094) (0.0082) (0.0075) (0.0096) (0.0069) (0.0071)

Constant 7.555 *** 7.415 *** 7.875 *** 7.878 *** 7.779 *** 7.188 *** 8.064 *** 8.046 ***
(0.2860) (0.8670) (0.8550) (0.7870) (0.2940) (0.9130) (0.7350) (0.7250)

Observations 44 44 44 44 44 44 44 44
Number of id 15 15 15 15 15 15 15 15

Sigma 0.4080 0.3770 0.4670 0.4460 0.3750 0.3780 0.3620 0.3820
sigma_u 0.2980 0.2550 0.3760 0.3480 0.2480 0.2520 0.2280 0.2590
sigma_e 0.2780 0.2780 0.2780 0.2780 0.2810 0.2810 0.2810 0.2810
r2within 0.5820 0.5790 0.5830 0.5830 0.5440 0.5500 0.5430 0.5490

r2bw 0.0410 0.1560 0.0629 0.0632 0.0000 0.1070 0.0060 0.0027
r2overall 0.3140 0.3710 0.3300 0.3300 0.2230 0.3180 0.2410 0.2350

chi2 37.040 31.880 37.760 37.600 25.490 26.980 22.290 24.870
p-value 0.0000 0.0002 0.0000 0.0000 0.0000 0.0014 0.0023 0.0004
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Table 3. Cont.

Variables
Dependent Variable: Logarithm of Daily Output

Model 31 Model 32 Model 33 Model 34 Model 41 Model 42 Model 43 Model 44

Relaxed 6.186 5.893 6.523 6.484
(4.0970) (4.2990) (4.3760) (4.2300)

Sad 8.562 7.775 7.655 7.686
(23.3000) (24.2300) (23.9900) (23.9700)

Conversation −2.840 *** −2.999 *** −2.928 *** −2.942 *** −2.948 *** −3.083 *** −3.100 *** −3.063 ***
(0.6910) (0.7350) (0.7420) (0.7290) (0.7190) (0.7640) (0.7580) (0.7540)

Heart rate −0.000509 −0.000605 −0.000217 −0.000178 −0.000851 −0.00103 −0.000569 −0.000586
(0.0034) (0.0035) (0.0036) (0.0035) (0.0034) (0.0036) (0.0035) (0.0035)

Female 0.333 0.372
(0.4630) (0.4890)

Age −0.0259 −0.0263 −0.0269 −0.0166 −0.0165 −0.0197
(0.0371) (0.0338) (0.0320) (0.0387) (0.0390) (0.0350)

Experience 0.000643 −0.000628 −0.00166 −0.003
(0.0115) (0.0097) (0.0120) (0.0112)

Schooling 0.0185 0.00564 0.00638 0.0162 0.00398 0.00745
(0.0419) (0.0313) (0.0295) (0.0447) (0.0370) (0.0329)

Accommodation 0.615 0.631
(0.5430) (0.5740)

Commuting Time 0.0106 0.0011 0.00125 0.0106 0.000913 0.00134
(0.0103) (0.0070) (0.0068) (0.0109) (0.0082) (0.0075)

Constant 7.809 *** 7.597 *** 8.325 *** 8.312 *** 7.871 *** 7.492 *** 8.257 *** 8.207 ***
(0.2950) (0.9690) (0.7390) (0.7220) (0.2990) (1.0230) (0.8510) (0.7860)

Observations 44 44 44 44 44 44 44 44
Number of id 15 15 15 15 15 15 15 15

Sigma 0.4050 0.4500 0.4190 0.4260 0.4260 0.4710 0.4810 0.4610
sigma_u 0.2580 0.3240 0.2800 0.2900 0.2840 0.3470 0.3610 0.3340
sigma_e 0.3130 0.3130 0.3130 0.3130 0.3180 0.3180 0.3180 0.3180
r2within 0.4650 0.4680 0.4650 0.4650 0.4530 0.4530 0.4540 0.4540

r2bw 0.1080 0.3050 0.1420 0.1410 0.0599 0.2390 0.0784 0.0754
r2overall 0.3000 0.3930 0.3280 0.3280 0.2510 0.3440 0.2680 0.2650

chi2 24.420 26.500 23.800 24.710 21.920 23.760 22.450 22.270
p-value 0.0000 0.0017 0.0012 0.0004 0.0001 0.0047 0.0021 0.0011

Notes: *** = 1% level of significance; ** = 5% level of significance. The standard errors are in parentheses.
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4. Discussion

Workers’ productivity is an important issue for any business organization interested in increasing
output, reducing costs, and making profits. Productivity analyses are an often-studied area within
the field of production and operational management. Previous studies have examined workers’
productivity from the viewpoint of job-related issues [10–13], technology [15,18], worker demographics
and socioeconomic features [7,19,22,31], and worker health conditions [34–36,42–45,55,56]. Although
previous research has explored several factors contributing to workers’ productivity, few studies have
examined the link between workers’ on-job emotional states and productivity. The present study
examined how workers’ emotional states (i.e., happiness, anger, relaxation, and sadness) were related
to productivity after controlling for various biometric and demographic features.

The random-effects panel regression results revealed that being happy in the workplace was
significantly and positively related to productivity. Overall, of all the emotional states (other than
neutral), participants reported being happy more than being angry, relaxed, and sad while working.
Happy workers tended to be motivated to work harder, which increased their productivity. Previous
studies have shown that happy workers are more likely to be high performers [38,49,57]. We measured
happiness in different ways to previous studies, but our results confirmed their findings.

Although we expected a significant negative relationship between anger and productivity, this was
not the case. The regression results did not reveal that anger was associated with productivity. This was
despite the fact that workers reported being angry for a non-trivial portion of time during their working
hours. This suggested that, even in a distressed state, workers could maintain a competent level of
productivity. This was also the case for sad emotional states; however, participants reported being in
a sad state quite infrequently. The fact that productivity was not significantly related to angry and sad
emotional states contradicts the results of past studies. For instance, Yang and Hung [48] found that
sad people do not value effort highly. Moreover, sad people feel there are more obstacles to attaining
goals, which could reduce their self-efficacy and willingness to work toward a challenging and difficult
goals. One possible reason for the conflicting findings between the present and previous studies could
be that emotion was operationalized and measured differently. For instance, most previous studies did
not examine in-the-moment emotionality, but the present study did.

In the present study, participants reported a small amount of anger, sadness, and relaxation,
but these states did not seem to impact productivity. One possible reason for this could be the
nature of the work observed in the present study. Painting toys is a simple task, which only requires
following a few procedures. While sufficient levels of concentration and emotional engagement are
advantageous, these are not essential for successful performance. Additionally, workers’ emotional
states fluctuated frequently throughout the day, making it difficult to pinpoint whether one particular
state at a given time could influence productivity within that moment. This was evident in the variable
effective patterns outlined in Figure 1, which showed workers’ in-the-moment emotional status and
conversation time on a given day. Although a happy emotional state (shown in green) was present
most of the time, it was not steady but interrupted by different emotional states (red represents ager,
yellow represents relaxation, and gray represents neutral) and conversation time (blue). Furthermore,
it was possible that the preponderance of happy and neutral states might have counteracted any
experience of anger, relaxation, and sadness. These results supported the findings of Hayano et al. [46],
who also observed large variability in reported emotional states among participants.
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The horizontal line shows the time span during a day, and the vertical line shows workers’ emotional
status and conversation during that time.

Our study provided evidence for a significant negative relationship between time spent conversing
and productivity, suggesting that conversational interactions were associated with diminished
productivity. This relationship was significant irrespective of any reported emotional state, biometric
variable, or demographic factor. Workers spent approximately 14% of each shift conversing with
each other. Since the completion of the work tasks required a specific amount of time, engaging in
conversation seemed to hamper efficiency. However, it could be the case that for some tasks, time spent
conversing could be beneficial. For instance, for highly technical and sophisticated tasks, employees
may need to consult each other. However, given that the task assessed in the present study required
unskilled labor, conversational time was likely a hindrance rather than a benefit.

The present results have several implications for operational and human resources strategies.
The significant positive relationship between happiness and worker productivity suggested a need to
consider emotionality when producing workflow designs that could help ensure a pleasant working
environment. The KP Beau Lao Co. is situated in one of the special economic zones in Laos, which is
referred to as the Savannakhet special economic zone. Special economic zones have been established
to attract foreign direct investment, which offers many incentives for investors to obtain cheap
labor. Attracting such investments is one of the ways in which developing and emerging economic
countries have formulated their development strategies. In anticipation of efforts to reduce foreign
investment growth in China (mostly due to increased labor costs), the special economic zones within
ASEAN countries have become a solid destination for foreign investment. However, the flow of
investment into these zones over the years has increased competition among countries and companies.
For instance, the KP Beau Lao Co. was initially in China but later moved to Laos, owing to increasing
labor costs. In recent years, labor costs and turnover rates have begun to increase within ASEAN
countries, including Laos. Workers often switch to companies offering higher wages. Thus, apart from
wages, companies could retain employees by creating pleasant work environments. It is important to
understand workers’ emotional states to address worker retention. The KP Beau Lao Co. is concerned
with this issue and trying to ensure good working conditions, which has helped reduce their turnover
ratio. While the present study did not explicitly examine worker turnover, lower employee turnover
is consistent with the implication that pleasant working environments influence productivity and
employee commitment. This also applies to other countries with special economic zones facing
competition from within and outside their borders.

5. Conclusions

The present study examined how workers’ emotional states were associated with productivity.
While worker productivity is a well-studied area, no prior research had examined how on-job emotional
states are associated with productivity. A wearable biometric device that records workers’ emotionality
during working hours made it possible to examine more objectively the relationship between workers’
mental status and productivity.
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The regression results revealed that happiness was significantly associated with increased
productivity, while anger, sadness, and relaxation were not significantly predictive. We argued that the
nature of the job and variability in workers’ in-the-moment emotional states throughout a shift could
help explain why happiness was the only significant predictive emotion. Our study found that workers
remained in happy emotional states most of the time while working, compared to other emotional
states. Since happy workers are usually the high performers, the significantly positive relationship
between happiness and productivity is to be expected. On the other hand, participants reported
being in angry, sad, and relaxed states quite infrequently. Painting toys is a simple task, which does
not require a high level of concentration and skills, but requires following a few basic procedures.
While sufficient levels of concentration and emotional engagement are advantageous, these are not
essential for successful performance. Additionally, we observed that, regardless of emotional state,
worker productivity was negatively associated with conversational behaviors during a shift. Since the
completion of the work tasks requires a specific amount of time, engaging in conversation during
the working hours seems to reduce efficiency. While time spent conversing could be beneficial for
some technical and sophisticated tasks where employees need to consult each other, given that the
task assessed in the present study required unskilled labor, conversational time was likely a hindrance
rather than a benefit.

A few study limitations should be noted. A lack of emotionality, as determined using the biometric
device, was presumed to reflect the presence of neutral effect among workers. However, we could not
rule out the possibility that technical errors caused disruptions in the recording of emotional states.
Another limitation was the number of observations made during the study. Workers were assessed only
over three days, which might not have allowed enough time to obtain a variable range of emotional
states and resultant links with productivity. Finally, it was possible that the evidence of a positive
relationship between happiness and productivity was influenced by the biased gender distribution of
our study. In our sample, 14 out of 15 workers were female, which implied that the evidence of the
relationship between happiness and productivity applies mainly to women. Thus, the results of this
study should be generalized cautiously. Despite these limitations, the present study provided prima
facie evidence of how on-job emotional states might influence productivity. Future research needs to
be directed towards finding a more generalized impact of emotional states on workers’ productivity.
Since the scope of the current study was limited to the line workers where technical skills were mostly
required to conduct the job, it would be interesting to observe whether emotional conditions play
different roles in other functional areas where sophisticated knowledge is required. Furthermore,
the research could be extended to other sectors where employees work in a stressful environment, such
as transportation and healthcare services.

These results have significant implications for organizational management in terms of designing
work schedules and managing human resources. The changes in workers’ emotional state during
working hours is likely to have an important influence on productivity. Thus, management could
improve productivity by maximizing workers’ positive emotional experiences in the organizational
environment. Furthermore, happy workers are not only high performers but also tend to be loyal to
the organization. As a result, organizations could reduce the cost of staff turnover as well as ensuring
higher productivity by maintaining an environment that makes workers happy.
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