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1. Introduction 

The purpose of the work described here is to develop algorithms that can accurately 
predict daily job performance using widely available mobile sensing technology. 
Because data on physiology and physical activity can be easily collected from a 
variety of off-the-shelf devices, large-scale deployment of passive sensing 
technologies is feasible for Soldiers, as well as for large sectors of the civilian 
workforce. Such data holds the potential for conversion into detailed, daily insights 
into job performance, which could be used to assess and potentially diagnose 
problems in performance as they arise. Here, we develop machine learning 
algorithms for predicting job performance from the dynamics of daily behavior. 

The identification of correlates of job performance has a long history in 
industrial/organizational psychology, the logic being that such models would 
facilitate interventions or decision-making to improve outcomes. Early efforts 
employed survey measurements made at a single point in time; for example, a meta-
analysis of situational judgment tests found they correlated at reasonably high 
levels with job performance metrics in cross-sectional samples (McDaniel et al. 
2001). Cognitive ability, personality factors like conscientiousness and emotional 
stability, and emotional intelligence have all also been related to job performance 
(Hurtz and Donovan 2000; Salgado 2003; Tracey et al. 2007; Joseph et al. 2015).  

More recently, some studies have assessed job performance over longer periods of 
time. At a broad level, fluctuations in job engagement—which predicts job 
performance—have been conceptualized as being related to resources, such as 
social support and feedback, proactively influencing the job (termed “job crafting” 
in the literature), and daily recovery from stress (Bakker 2014). For example, a 
study following 288 participants over the course of three months found that job 
crafting at month two predicted job engagement and performance at month three, 
even after adjusting for month one measures (Tims et al. 2015). Another study 
measured job performance weekly for a month, finding that it was predicted by 
participants feeling “recovered” after the weekend (Binnewies et al. 2010). 
Weekend recovery was predicted by psychological detachment, relaxation, and 
mastery of experiences. The advantage of data that include longer timescales is that 
the resulting models are robust to within-person fluctuations in job performance, 
which could be due to changes in stress or outside life circumstances that happen 
at longer timescales (e.g., seasonal changes, having a child). 

Notably, the literature cited previously primarily investigates self-reported 
measures as correlates of job performance. In contrast, studies of other, related 
constructs, such as cognitive ability, have used passive sensing devices to obtain 
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objectively measured correlates. For example, decline in performance by a group 
of 29 active-duty service members over 2 h of cognitive testing was significantly 
associated with electrodermal activity and two features extracted from recorded 
speech (Heaton et al. 2020). Additionally, heart rate variability features have also 
been used to develop personalized models able to predict declines in cognitive 
performance (Tsunoda et al. 2017).  

In the work presented here, we combine the longer temporal scale of studies that 
measure job performance over the course of days, weeks, or months with more 
objective sensor data, a rarity in the literature. Specifically, using data from a long-
term longitudinal study, we develop machine learning models that classify self-
reported performance as a function of daily time series of heart rate and step counts 
taken from wearable sensors. We focus on a classification method that allows for 
the importance of multi-timescale features to emerge, which is distinct from much 
of the existing literature (e.g., Tims et al. 2015; Alessandri et al. 2018, but see Puig-
Ribera et al. 2008), which tends to conceive of job performance as a function of 
single time-point measures (e.g., average response on a questionnaire), albeit taken 
repeatedly through time. Furthermore, much of the work on job performance 
focuses on identifying correlates through statistical models, which does not provide 
good information on potential out-of-sample prediction in the face of unseen data. 
We address this issue through k-fold cross validation. We argue that the approach 
taken here accounts for sources of variability in a way that previous work did not, 
and that this is key for making real-world decisions and building interventions that 
can prevent mid- and long-term performance decreases. 

1.1 Why Heart Rate and Physical Activity? 

Research has consistently found an interrelationship among biological, 
psychological, and social domains, suggesting that they can be conceived of as part 
of a single larger system (Ader and Cohen 1995). From a dynamic systems 
perspective, it may therefore be possible to detect aspects of the system based on 
the dynamics of a single or a small number of channels (Sugihara and May 1990; 
Chang et al. 2017).  

Heart rate is a particularly promising candidate for detecting these complex 
interactions because a wealth of prior research has linked it to physical, social, and 
psychological outcomes. For example, patterns of heart rate variability have been 
linked to personality traits (Oveis et al. 2009; Kogan et al. 2014), social perceptions 
by others (Kogan et al. 2013), and stress responses (Berntson and Cacioppo 2004). 
Patterns of heart rate variability have also been linked to physical health in the form 
of predicting future myocardial infarction (Chattipakorn et al. 2007). Additionally, 
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analyses have found that changes in intraday heart rate and heart rate variability can 
be an indicator of specific periods of elevated stress, particularly when combined 
with information about physical movement (Verkuil et al. 2016). 

This last point, that heart rate in combination with a measure of physical activity 
has particular predictive power, is potentially critical for understanding 
psychological outcomes. Patterns of heart rate assessed throughout the day are 
influenced by internal subjective states, such as stress and affect, but also heavily 
influenced by physical behavior, such as walking or typing (Vrijkotte et al. 2000; 
Rennie et al. 2003; Hjortskov et al. 2004; Thayer et al. 2012). Recent research has 
suggested that estimates of heart rate and heart rate variability that are statistically 
adjusted for levels of physical activity may give a more precise estimate of when 
an individual is experiencing a stressful episode (Verkuil et al. 2016; Brouwer et 
al. 2018; Brown et al. 2020). These methods attempt to disentangle metabolic and 
psychological influences on heart rate, creating an estimate of heart rate 
fluctuations that are due primarily to internal appraisals—such as experiencing a 
stimulus as threatening or stressful. 

Research has long established that passive sensing of physiology and activity can 
provide insight into psychological states, but foundational work relied on smaller 
samples run in a laboratory setting. With the proliferation of inexpensive wearable 
technologies in recent years, it has become feasible to collect data at a larger scale. 
Steps and heart rate are among the most ubiquitously collected data streams in 
commercially available wearables, making them excellent candidates for the 
development of models that can be implemented widely and in combination. Thus, 
physical activity and heart rate meet both theoretical and practical considerations 
for use in predictive modeling efforts. 

1.2 Secondary and Contextual Features 

In addition to using heart rate and physical activity for prediction, this data set 
contained important contextual features likely to be related to workplace 
performance. The first is the day of the week. Work weeks have consistent cycles 
to them, and feeling recovered after a weekend versus fatigued at the end of a week 
has been related to changes in alertness and performance on information processing 
tasks (Wellens and Smith 2006).  

Additionally, data was collected on social activity during the week. Participants had 
a mobile phone with the Electronically Activated Recorder (EAR) app installed 
(Mehl 2017). This app makes brief recordings of ambient sounds, which can then 
be coded to determine patterns of social activity during daily life. Social support 
has been identified as a predictor of job performance in previous research, and 
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EAR-coded speech has been related to general satisfaction with life (Bakker 2014; 
Milek et al. 2018). 

In previous research, sound recordings were manually coded, but in this case, EAR 
files needed to be automatically processed to preserve anonymity. Additionally, 
participants were asked by their organization not to bring the device into certain 
meetings or areas of the office complex. Since this caused significant patterns of 
non-random missingness, the EAR data was not treated as a time series, but instead 
the average proportion of speech for the whole day was estimated from available 
data. This provides some context regarding whether an individual had a more social 
or more solitary day, which may help predict job performance. Day of the week 
and amount of socializing on a given day were used as additional predictors in 
modeling (as described later), to account for context. 

1.3 Multi-Timescale Features and Time-Series Classification 

Our goal in this work is to relate daily time series of passively sensed data from a 
wearable device to self-reported job performance. In the literature from psychology 
research, typical summary statistics of a given time series, such as the mean and 
standard deviation, are often correlated with an outcome of interest (e.g., Kuppens 
et al. 2010; Gruber et al. 2015; Sloan et al. 2017). In some less-common cases, 
nonlinear methods are used to generate features that can be correlated with these 
outcomes (e.g., Danvers et al. 2020, Likens et al., 2018). The major advantage of 
these approaches is interpretability: If the summary statistics or nonlinear features 
are well understood and have theoretical meaning, such methods can assist in 
further theory development. 

The major disadvantage of the approach typical of psychology is a lack of flexibility 
in representation on the part of the model, and therefore, poorer out-of-sample 
performance. There are infinite ways of quantitatively characterizing a given time 
series, and it may be that there is an important feature of the time series that relates 
to the outcome of interest that is nonlinear, happening at multiple timescales, and 
far outside of the set of typical features (e.g., means and standard deviations) 
considered. One could expect this in the case of job performance because people 
vary both day to day and throughout the day in their level of engagement and 
productivity at work based on the interplay of many factors, both externally 
determined (e.g., deadlines, events) and internal (e.g., chronic stress, sleep 
disturbances).  

In the machine learning literature, our goal of relating sensed data to job 
performance would be defined as an example of so-called time-series 
classification—that is, finding a function that matches one or more time series to a 
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categorical outcome, also called a class or label. The function is typically allowed 
to be arbitrarily complex and is learned by optimizing for classification 
performance over interpretability. In this work, we use Random Convolutional 
Kernel Transform (ROCKET), an algorithm that generates a very large number of 
multi-timescale features from input time series and then matches them to labels 
(Dempster et al. 2020). 

2. Methods, Assumptions, and Procedures 

2.1 Participants 

Participants were individuals who participated in a 60-day longitudinal study at a 
Silicon Valley office. Data from 212 participants who had completed at least one 
outcome measure were considered. On average, 26 days per person were considered 
for the study. 

2.2 Procedures 

Participants were instructed to wear sensors while at work during the 60-day period 
when they were enrolled in the study. Enrollment in the study was on a rolling basis, 
so participants did not all participate during the same set of days. No specific 
instructions or behavioral manipulations were provided to participants, so that data 
represented a naturalistic, ecologically valid sampling of their daily life in the office 
context. 

2.3 Measures 

Heart Rate. Participants wore a Fitbit Charge 4 device throughout the day. The 
Fitbit device captures heart rate through photoplethysmography (PPG) and outputs 
heart rate data through internal processing algorithms. Raw PPG data was not 
stored, so the estimated heart rate provided by the Fitbit processing algorithm was 
used. Some participants wore their Fitbit devices for more than their period at work, 
but only data from 7 AM to 4 PM (approximating work hours for the full day until 
the questionnaire was sent out) was used. Mean and standard deviation of heart rate 
across 5-min samples were used as input time series to ROCKET. 

Physical Activity. Step counts recorded by the Fitbit Charge 4 device were taken as 
an index of physical activity. As with heart rate, data from 7 AM to 4 PM was used 
and both mean and standard deviation across 5-min segments were included as 
features. 
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Social Activity. Participants were given Android smartphones with the EAR app 
downloaded and programmed. This app recorded 10-s segments of ambient audio 
every 5 min. The raw audio was processed using the Google Audioset algorithm, a 
machine learning algorithm that was trained to identify specific sound categories 
from 8 million YouTube audio clips. The sound category “speech” from each 
processed audio file was saved and used as an indicator of social activity. 

Day of the Week. The day of the week on which measures were taken was saved as 
a contextual feature for use in the model. 

Job Performance. Participants responded to a survey sent to them every third day 
at 4 PM. The survey asked them to reflect on their job performance “today” and 
indicate their agreement with a series of statements about job performance. Based 
on initial observation, we found that responses to many items had very low 
variability. These low variability items were excluded. 

2.3.1 Subjective Job Performance 

Two scales were administered that assessed a participant’s subjective job 
performance. The daily versions of these scales were adapted from well-validated 
industrial/organizational psychology instruments. 

In-Role Behavior (IRB). Items were adapted from the IRB used in Williams and 
Anderson (1991). Participants responded on a seven-point Likert scale, from 
“strongly disagree” to “strongly agree”. There were seven items included in the full 
scale, but for three items, the most socially desirable response was given over 60% 
of the time. The low variability in responses to these items led us to remove them 
from the scale. The items removed were “Performed tasks that are expected of you”, 
“neglected aspects of the job you are obligated to perform”, and “failed to perform 
essential duties”. The last two items are reverse coded when included in the scale. 
The following items were retained: 

1) Adequately completed your assigned duties 

2) Fulfilled responsibilities specified in your job description 

3) Met formal performance requirements of your job 

4) Engaged in activities that will directly affect your performance evaluation 

Individual Task Performance (ITP). Items were adapted from Griffin et al. (2007). 
Participants responded on a five-point Likert scale, from “strongly disagree” to 
“strongly agree” to a series of items indicating ITP. The following items were 
included: 



 

7 

1) Carried out the core parts of your job well 

2) Completed your core tasks well using the standard procedures 

3) Ensured your tasks were completed properly 

To check that items from these scales did capture distinct constructs, parallel 
analysis was used to determine the number of factors that should be extracted in an 
exploratory factor analysis. Parallel analysis uses resampled data to empirically 
determine expected null eigenvalues for each number of factors in an exploratory 
factor analysis and suggests that any factors with eigenvalues above this level be 
retained. Parallel analysis suggested retaining two factors, and exploratory factor 
analysis using two factors found that the items from the two scales loaded highly 
on separate factors with minimal cross-loadings. The two factors were moderately 
correlated (r = 0.67). Therefore, separate IRB and ITP scores were estimated from 
this exploratory factor analysis. 

Histograms of IRB and ITP factor scores were plotted. Based on a visual inspection 
of the histograms, we identified natural cut points. Outcomes were therefore split 
into categories at each of these cut points, which created low, medium, and high 
groupings for the IRB and ITP scales. These cut points are plotted in Fig. 1. 
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Fig. 1 Histograms of subjective job performance scores with cut points 

2.3.2 Objective Job Performance 
Participants were also asked about performing specific behaviors on the day of 
assessment, providing a more-objective assessment of job performance. 

Specific Behaviors. Participants indicated whether they did or did not perform 
specific job-related behaviors. These behaviors were drawn from scales for 
Organizational Citizenship Behavior (OCB; Fox et al. 2012) and 
Counterproductive Workplace Behavior (CWB; Bennett and Robinson 2000). In 
almost all cases, the socially desirable response was given over 80% of the time, 
suggesting that they did not track regular changes in work performance well. 
However, one OCB and one CWB item had a variability lower than 66% (e.g., the 
desirable response was chosen less than 66% of the time). These two items were 
retained for modeling. They are the following: 

• Volunteered to do something that was not required. (OCB; 59% yes)  



 

9 

• Spent time on tasks unrelated to work. (CWB; 61% no) 

The full list of items is provided in the Appendix. 

2.4 Analysis 

Our entire data set comprised 3693 input–output pairs, where a given input was 
represented as four time series (mean and a standard deviation of 5-min bins for 
heart rate and activity) of 108 samples. Outputs took two forms: two classes for the 
objective job outcomes “volunteered to do something not required” (yes/no) and 
“did unrelated work” (yes/no), and three classes (low/medium/high) for IRB and 
ITP. Note the same inputs were used for each different output in separate models.  

Initially, 20% of the data set (pseudo-randomly selected such that the cases were 
balanced on the variable “volunteered”) was held out as a test set. Balancing was 
done on only one variable so that the test data would be the same when training and 
evaluating all models. When training models on the remaining 80% of the data, 
five-fold cross-validation was used for grid-search-based hyperparameter tuning, 
where folds were made such that classes were balanced on instances of each value 
of the associated outcome. This balancing was done separately for each outcome.  

As mentioned, our primary modeling approach uses ROCKET for times-series 
classification. ROCKET includes two steps. First, a very large number of random 
kernels are generated and applied to the input time series, thereby dramatically 
expanding the feature space. A given kernel is defined by its length, weight and 
bias values, padding, and dilation. This approach is similar to what is typical of 
feature extraction via convolutional layers in convolutional neural networks 
(CNNs); however, in CNNs, kernels are learned from the data as opposed to 
randomly generated. In the second step, the expanded feature space is fed to a 
classification algorithm (e.g., ridge regression in the original conceptualization). 
Critically, these two steps have been shown to result in out-of-sample classification 
performance at or above other state-of-the-art methods but with significantly lower 
computational costs (Ruiz et al. 2021). This method is particularly well suited to 
our data, given the relatively few instances (at least compared to data in deep 
learning contexts) and the hypothesized importance of multi-timescale features. 
Specifically, kernel dilation is a kind of “stretching” operation that, along with 
changing kernel size, can capture information from different timescales. In 
development, this multiscale information was found to be important to ROCKET’s 
predictive accuracy. 

ROCKET includes several hyperparameters. First is the number of kernels, where 
more kernels yield linearly increasing accuracy, but increasing slow-down in 
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training. The default, based on 85 time series tested by Dempster et al. (2020), is 
10,000; increases beyond this point did not significantly improve accuracy. In the 
analysis presented here, only sets of 10,000 kernels were considered. The second 
hyperparameter is the set of sizes possible for random kernels. Two groupings of 
kernel sizes were considered. In the small group, kernels could be of size 3, 7, 15, 
or 32 points. In the large group, kernels could be of size 3, 9, 27, or 79 points. The 
longer kernel sizes were explored due to the longer length of the time series used 
here (i.e., 108) relative to many of the examples used to validate the ROCKET 
algorithm. 

We assessed two classification algorithms for the second step of ROCKET. The 
first, ridge regression, which was used in the original version of ROCKET, adapts 
a penalized regression model for binary or multi-class classification. The ridge 
classifier also has a tunable hyperparameter in its penalty parameter. A series of 20 
evenly spaced penalty values ranging from 0.5 to 3 was used. The second, random 
forests, is an ensemble method that combines decision trees. For random forests, 
the number of trees and the number of features to consider at each decision point 
are hyperparameters and were tuned using a grid search. Values for the number of 
trees considered were 500, 1000, and 2000. Values for the number of features to 
consider were 6, 36, and 60. 

All ROCKET models were compared to baseline models where ridge regression 
and random forest models were fed the average of the input time-series features: 
heart rate, heart rate variability (average of the standard deviation series), physical 
activity, variability in physical activity (average of the standard deviation series), 
and average amount of speech during the day. Hyperparameters for these baseline 
models were tuned similarly to their analogs in our implementation of ROCKET. 
Note, however, that the number of features to consider for random forest baseline 
models could not include 36 and 60, since there were not sufficient features for 
these options. 

The performance of all models was assessed using the Matthew’s Correlation 
Coefficient (MCC; Gorodkin 2004) for K classes: 

 𝑀𝑀𝑀𝑀𝑀𝑀 = 𝑐𝑐 ×𝑠𝑠−∑ 𝑝𝑝𝑘𝑘×𝑡𝑡𝑘𝑘𝐾𝐾
𝑘𝑘

��𝑠𝑠2−∑ 𝑝𝑝𝑘𝑘
2𝐾𝐾

𝑘𝑘 �×(𝑠𝑠2− ∑ 𝑡𝑡𝑘𝑘
2𝐾𝐾

𝑘𝑘 )
 . (1) 

where c is the number of instances correctly predicted, s is the total number of 
instances in the data set, tk is the number of times class k occurred, and pk is the 
number of times class k was predicted. Perfect prediction is represented by  
MCC = 1, whereas average random guessing is represented by MCC = 0. The 
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minimum value of MCC for two classes is ‒1 and minimum value for multi-class 
MCC is somewhere between 0 and ‒1 and depends on the data in question.  

3. Results and Discussion 

Demographics. Summaries of demographic information for participants, designed 
by the study group to reduce identifiability, is presented in Table 1. 

Table 1 Summary of participant demographics 

Demographics Response options/bins N % 

Gender identity 
Female 84 40% 
Male 128 60% 

Age 

18-34 101 48% 
35-44 40 19% 
45+ 71 33% 

Education Level 

Some HS – 
15 7% Some college 

College degree – Some graduate 130 61% 
Master’s degree – doctoral degree 67 32% 

Supervise others 
Yes 53 25% 
No 159 75% 

Time with 
employer 

< 10 years 109 51% 
10+ years 103 49% 

 
Classification performance for all models is presented in Table 2. 

Table 2 Classification performance on the test data for all models 

Outcome Classifier 
Baseline: 

MCC 
ROCKET small: 

MCC (%𝚫𝚫) 
ROCKET large: 

MCC (%𝚫𝚫) 
IRB Ridge 0.045 0.057 (27%) 0.062 (38%) 
IRB RF 0.066 0.077 (17%) 0.11 (67%) 
ITP Ridge 0.06 0.065 (8%) 0.068 (13%) 
ITP RF 0.049 0.099 (102%) 0.064 (31%) 

Volunteer Ridge 0.096 0.142 (48%) 0.135 (41%) 
Volunteer RF -0.013 0.01 (177%) 0.031 (339%) 
Unrelated Ridge 0.028 0.093 (232%) 0.087 (211%) 
Unrelated RF 0.042 0.061 (45%) 0.048 (14%) 

Note: Volunteer = volunteering to do additional work; Unrelated = doing work unrelated to one’s job at work; 
Ridge = ridge regression classifier; RF = random forests classifier; ROCKET small = small kernel sizes (3, 7, 
15, 32); ROCKET large = large kernel sizes (3, 9, 27, 79); %𝚫𝚫 = percentage change of ROCKET model 
performance from baseline performance. When MCC was negative, the proportion change value was divided 
by the absolute value of the baseline MCC. 

Results from the baseline models indicate that the mean values of inputs across a 
day, combined with the day of the week, can provide better than random 
performance for all outcomes. When the ROCKET algorithm was used, predictions 
increased, and in some cases substantially, for all outcomes. The best-performing 
baseline model was random forest applied to IRB at MCC = 0.066, whereas the 
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best performance for a ROCKET model for IRB was MCC = 0.110, an increase of 
67%. This same pattern held across all outcomes with improvements of 65%, 48%, 
and 121% for ITP, volunteer, and unrelated, respectfully.  

For all variables except IRB, the ridge regression version of ROCKET was better 
than the random forest version. This likely reflects the dimensionality of the data. 
Ridge regression automatically accounts for all the features—meaning the 
maximum and number of positive predictive values for each kernel, plus baseline 
features—in its additive, weighted model. However, random forest models select a 
random group of predictors at each step, potentially missing some that might be 
useful. More comprehensively sampling the space of predictors through random 
forests would require growing a number of decision trees comparable to the number 
of kernels, which is not feasible computationally (and removes the low 
computational cost that is one of the primary benefits of ROCKET). Instead, 
random forest baseline models tended to do better than the ridge regression baseline 
models, likely because of the smaller set of features. This is expected, as this 
smaller set of features can be more fully explored in all its combinations. 

Although using ROCKET substantially improved classification performance, 
overall performance remains modest. The MCC values for the final models can be 
compared to Pearson’s correlation coefficient, as MCC is a statistic trying to 
capture the same information from a contingency table. From that perspective, all 
of the final MCC values are comparable to what is considered a small effect in 
psychology (MCC = 0.10, analog to r = 0.10) (Funder and Ozer 2019). Small effects 
can have substantial importance in theory development and are common in 
behavioral science. However, they leave substantial room for improvement, 
potentially through the use of a broader set of predictors. 

4. Conclusions 

The ROCKET algorithm improved classification performance of all job 
performance metrics by a substantial amount—ranging from 48% to 121%. The 
substantial improvements are in line with previous research applying the ROCKET 
algorithm to a variety of time-series classification tasks (Dempster et al. 2020). The 
problem addressed here is one that has long been difficult for psychologists: 
predicting subjective self-report data from objective measures. This machine 
learning approach has made significant progress on increasing predictive accuracy, 
but not yet solved this problem. 

Volunteering to do something that was not required on a given day was the most 
accurately predicted outcome. Volunteering reflects capacity (e.g., having the time 
and energy to do something additional) as well as motivation (e.g., having the desire 
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to help colleagues and the organization). Changes in heart rate can reflect stress and 
engagement, which can influence capacity and motivation. High levels of stress 
reduces capacity to take on more work, while high levels of task engagement may 
reflect motivation to complete workplace projects. This specific behavior appears 
to be most closely connected with the information picked up by the sensors used in 
this study. 

IRB was the next-most-accurate model. This variable reflects a self-reported 
assessment that the individual was performing their job duties adequately. 
Accounting for changes in activity and heart rate may be able to provide more 
insight into this behavior due to the way these reflect workplace engagement. Low 
levels of physical activity may reflect time spent in “heads-down work”, while high 
levels of heart rate variability may reflect focused engagement with a task. 

Overall, the most accurate models for all outcomes were comparable. Beyond 
volunteering behavior, which was slightly higher (MCC = 0.142), accuracy for all 
other predictors was around MCC = 0.10 (for IRB, MCC = 0.110; for ITP,  
MCC = 0.099; for unrelated work, MCC = 0.093). 

Classification performance, as assessed by MCC, was still modest overall. This is 
in line with findings from previous large-scale projects attempting to predict daily 
outcomes from this data (Mattingly et al. 2019). Translating low-level features, like 
heart rate and physical activity, into indicators of a higher level construct, like 
workplace performance, remains challenging. 

5. Future Directions and Limitations 

The data collected here, while representing a large and relatively diverse sample as 
compared to typical behavioral science studies, only samples from a single office 
with employees at a large company doing white collar work. It is likely that patterns 
of heart rate related to job performance would be significantly different if 
employees doing different types of work, such as manual labor, customer service, 
or deployment in the field, were studied. Researchers collecting data in the current 
work environment would also do well to sample from employees working from 
home, as this is an increasingly common work context. Additionally, patterns of 
prediction may differ across cultural or ethnic groups, potentially based on learned 
interpretations of physiological signals or underlying levels of life stress.  
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Appendix. All Job Performance Questions
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Original IRB Items 

The following questions concern your perceptions about your job performance 
today. 

Please indicate your level of agreement with whether you... 

1) Adequately completed your assigned duties 

2) Fulfilled responsibilities specified in your job description 

3) Performed tasks that are expected of you 

4) Met formal performance requirements of your job 

5) Engaged in activities that will directly affect your performance evaluation 

6) Neglected aspects of the job you are obligated to perform [R] 

7) Failed to perform essential duties [R] 

Response scale ranges from 1 (Strongly disagree) to 7 (Strongly agree). 

[R] = Reverse scored. 

Original ITP Items 

This inventory pertains to behaviors you perform on your job. Please indicate how 
often you carried out these three behaviors today. 

1) Carried out the core parts of your job well 

2) Completed your core tasks well using the standard procedures 

3) Ensured your tasks were completed properly 

Response scale: 1 (Very little); 2 (Somewhat); 3 (Moderately); 4 (Considerably); 5 
(A great deal). 

Original OCB and CWB Items 

Today, I… 

1) Went out of my way to be a good employee. (OCB) 

2) Was respectful of other people’s needs. (OCB) 

3) Displayed loyalty to my organization. (OCB) 

4) Praised or encouraged someone. (OCB) 

5) Volunteered to do something that was not required. (OCB) 
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6) Showed genuine concern for others. (OCB) 

7) Tried to uphold the values of my organization. (OCB) 

8) Tried to be considerate to others. (OCB) 

9) Spent time on tasks unrelated to work. (CWB) 

10) Gossiped about people at my organization. (CWB) 

11) Did not work to the best of my ability. (CWB) 

12) Said or did something that was unpleasant. (CWB) 

13) Did not fully comply with a supervisor’s instructions. (CWB) 

14) Behaved in an unfriendly manner. (CWB) 

15) Spoke poorly about my organization to others. (CWB) 

16) Talked badly about people behind their backs. (CWB) 

(OCB) = OCB items; (CWB) = CWB items. 

Response scale is Yes/No. 
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List of Symbols, Abbreviations, and Acronyms 

ARL Army Research Laboratory 

CNN  convolutional neural networks 

CWB  Counterproductive Workplace Behavior 

DEVCOM US Army Combat Capabilities Development Command 

EAR  Electronically Activated Recorder 

IRB in role behavior 

ITP individual task proficiency 

MCC Matthew’s Correlation Coefficient 

OCB  Organizational Citizenship Behavior 

PPG  photoplethysmography 

RF random forests 

ROCKET Random Convolutional Kernel Transform 
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