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Abstract

Mental fatigue undermines workplace safety and productivity. Early detection of
subtle declines in objective alertness and cognitive performance in workers can
enable timely interventions to prevent costly errors and safeguard employee health.
However, conventional assessments often require controlled laboratory conditions
and prolonged testing, limiting their real-world applicability. Here, we demonstrate

an approach that utilizes smartphone keyboard metrics in everyday use to provide a
more scalable, continuous, and ambulatory method for evaluating mental fatigue. We
examined the adjusted association between novel yet widely available SensorKit typ-
ing performance metrics and wearable-derived time since waking from a most recent
major sleep episode or napping among 366 first-year training physicians in the United
States who generated 45,042 typing sessions over a two-month period. Typing per-
formance, especially typing speed, has a significant non-linear adjusted relationship
with time awake. At the population-level, typing speed increases and peaks around
7.5 hours since awake and has a substantial decrease around 15.3 hours of time
awake, highly consistent with classical lab-based active task Psychomotor Vigilance
Test findings that showed increased response lapses beyond 15.8 hours of wake
period. Our findings are relevant for developing a ubiquitous and unobtrusive tool to
assess, monitor, and manage mental fatigue on a continuous basis in everyday life,
especially for populations in high-risk and high-stake settings.
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Author summary

Mental fatigue can impact people’s safety and performance at work, especially in
demanding jobs like medicine or shift work. We wanted to find an easy and effec-
tive way to measure when people start feeling mentally tired, without interrupting
their regular work and life. In this study, we followed 366 new doctors across

the United States as they typed on their iPhones as they did their usual daily
activities. By collecting data from over 45,000 typing sessions through the native
keyboard sensor, and combining it with information about their sleep, we no-
ticed clear changes in how fast people typed as they became more tired. Typing
speed increased over the first several hours after waking up, but then showed

a clear slowdown as people stayed awake longer, closely matching results from
special attention tests done in special labs. Our work shows that everyday smart-
phone typing could reveal early signs of mental fatigue in real time. This ap-
proach could help people in high-stress jobs track their own alertness and take
steps to prevent mistakes, ultimately supporting safer and healthier workplaces.

Introduction

Mental fatigue is a driving risk factor for impairment of workplace safety and productiv-
ity and increase in work errors, especially for occupations with long work hours or shift
schedules, such as healthcare workers [1, 2]. Mental fatigue in real-world performance
is predominantly influenced by two main factors: sleep deprivation and prolonged time
on task. At present, the methods to reliably measure mental fatigue require active par-
ticipation. For instance, the Psychomotor Vigilance Test (PVT), the most widely utilized
tool for detecting these fatigue-related signals [3], requires several minutes of active
participation to complete, even with the developed brief versions [4], and is generally
restricted to laboratory settings. Thus, current tools cannot be used for real-time, con-
tinuous detection of mental fatigue signals in the real world without interrupting regular
activities. Therefore, alternative measures are needed to address the gap.

Recent research has investigated the connection between typing performance and
mental fatigue, using both naturalistic and controlled environments to assess how
cognitive functions influence typing speed and accuracy. Pimenta et al. proposed an
unobtrusive method for measuring an individual’s level of fatigue through the inter-
action patterns of the individual with the mouse and keyboard of the computer [5, 6].
Al-libawy et al. proposed various methods to predict fatigue status using smartphone
text entry performance metrics such as hold time and digraph time [7, 8]. de Jong et
al. further reported that typing markers of computer keyboard could inform the mental
fatigue status, by showing that decreased P3 brain potential amplitude (known to
be related to mental fatigue [9—11]) recorded by electroencephalography (EEG) is
related to increase in typing time and typing errors [12]. Ross et al. discovered that
typing speed on smartphones is positively associated with performances in the digital
version of trail making test, a neuropsychological test that assesses visual attention,
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processing speed, and task switching [13]. Based on these validations of using typing performance as an indicator of
mental fatigue, de Jong et al. found that typing markers are susceptible to changes in behavior related to mental fatigue,
with dynamic changes over different time scales such as time-on-task, time-of-day, and day-of-week in an uncontrolled
work environment [14]. A study of emergency medicine resident physicians demonstrated significant decrements in typing
speed during night shift compared to day shift and evening shift [15]. These studies underscore the value of typing perfor-
mance as a non-intrusive and reliable indicator for monitoring mental fatigue across various settings. However, these stud-
ies have been constrained by small sample sizes (all fewer than 100) and the need for a customized keyboard application
to capture typing metrics, limiting the robustness of their conclusions and the utility and scalability of the tools utilized.

SensorKit (Apple Inc.) [16,17] is an innovative technological framework on iPhone that enables researchers to request
relevant sensor data from consented participants via a study app that reads the data on-device after said participant
grants permission. Metrics from on-device sensors for iPhone help to optimize user experience without sharing personal
data off-device, including not with Apple. Specifically, the keyboard sensor captures the configuration of the phone’s
keyboard and monitors its usage pattern, such as typing speed and accuracy, during the use of any App or other phone
function, without recording the actual content typed or identifying the App or function. This capability provides a powerful
tool for passively examining typing performance on a large scale, without the need for additional software installation.
With over 1.3 billion active iPhone users worldwide [18], the scalability of a passive iPhone based mental fatigue marker
is immense. This study aims to utilize the data collection capabilities for the native iPhone keyboard to investigate whether
passively collected keyboard performance could serve as an indicator of mental fatigue. To accomplish this aim, this study
considers first year medical residents (interns), who typically endure long work hours, difficult decisions, and sleep depri-
vation, representing an ideal population for studying mental fatigue.

Methods
Ethics statement

The study was approved by the University of Michigan Institutional Review Board (HUM00033029) and all subjects pro-
vided informed consent after receiving a complete description of the study.

Study design

The Intern Health Study is an annual cohort study that follows the stress and mental health of first-year physician res-
idents (interns) across the United States. In the 2023 cohort of Intern Health Study, interns starting residency in 2023
were invited to participate via email 2-3 months before the start of internship (July 2023). Participants completed the
main study consent and a baseline survey that collected demographic information and then logged into the MyDataHelps
mobile application (CareEvolution, Ann Arbor, MI). Upon enrollment, participants were provided with their choice of wear-
able devices including Fitbit Charge 4, Inspire 2 (Google Fitbit, San Francisco, CA), Apple Watch (Apple Inc., Cupertino,
CA), or $50 if they already have a Fitbit, Apple watch or Garmin watch (Garmin Ltd., Olathe, KS). Interns received up to
$80 additional compensation throughout the year for continued participation. iPhone users among the participants were
offered enrollment in the SensorKit arm of the study (Ambient Light, Keyboard Usage, Message Usage, Phone Usage,
and Visits) through additional consenting processes, see Funk et al. 2025 for details [19]. No additional incentives were
provided for opting into the collection of SensorKit data.

Data collection

iPhone keyboard metrics. The keyboard usage and measurement of participants were collected through SensorKit,
which is a novel framework supported by Apple allowing researchers to obtain additional data collected from sensors
of consented study participants’ iPhones. The Keyboard Usage sensor [20] of SensorKit provides information about
keyboard usage including typing duration (seconds, ‘totalTypingDuration’), typing speed (characters per second,
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‘typingSpeed’), total taps (counts, ‘fofalTaps’), and total deletes (counts, ‘tofalDeletes’). Other keyboard features, such as
width and height of the keyboard (both in millimeters), as well as the active keyboard languages (‘inputModes’) were also
recorded. The date and time of each typing event were recorded, and the typing events were grouped to the nearest half-
hour session for privacy reasons (i.e., daily at 00:00, 00:30, ..., 23:00, 23:30, 24:00). For privacy protection, any of the
words typed, or any information about keyboard extensions or stickers were not collected (S1 Fig).

The iPhone keyboard metrics from the first two months (July and August, 2023) of the intern year were included in the
analysis. From the original measures of keyboard usage, we derived two metrics that reflect average typing performance
for the multiple typing events (i) grouped by typing session at each day’s each half-hour grid point (f), where t represents
the actual date and time stamp rounded to the nearest half-hour. All subjects share the same set of grid points; we cal-
culate the typing metrics for subject s at f only if there is at least one associated typing session. First, the average typing
speed for subject s at t was calculated by:

i {totaITypingDurations(t, i) x typingSpeed(t, l)}

TypingSpeeds(t) = >, totalTypingDurationg(t, /)

Second, the average typing accuracy, represented by the rate of deletions, for subject s at t was calculated by:

> totalDeletess(t, i)
DeleteR ==
eleteRates(() S, totalTapss(t, i)

Finally, because this study focuses on examining changes within individuals over the course of time since awake, typ-
ing speed and rate of deletions were converted to standardized z-scores for each subject s at ¢

_ TypingSpeed;(f) — 1« (AllRecordedTypingSpeed)
T Speed Z t)=
ypingSpeed Zscore(!) o (AllRecordedTypingSpeed;)

and

DeleteRates(f) — 11 (AlIRecordedDeleteRates)
o (AllRecordedDeleteRates)

DeleteRate Zscoreg(f) =

where p(-) and o(-) represent the mean and the standard deviation of all records of typing speeds
(AllRecordedTypingSpeed, = {TypingSpeeds(t) . if subject s typed at t}) or deletes rate
(AlIRecordedDeleteRateg = {DeleteRateS(t) . if subject s typed at t}) over all day all time points for subject s, respectively.

Sleep measures

Similar to validation tests for the PVT [21], we used time awake as the metric representative of the level of mental fatigue
due to the build-up of the homeostatic sleep drive during sustained wakefulness. Sleep timing (bedtime and wake time)
of the participants were recorded by the wearable devices. Fitbit and Garmin watches directly provided the bedtime and
wake time of each sleep episode. Apple Watch provided intraday sleep stage data via HealthKit [22], from which we com-
bined any sleep stages that were separated by gaps of <30 mins into one sleep episode for each subject, and extracted
the bedtime and wake time from each sleep episode.

Next, for each subject, we linked each typing session with a preceding sleep episode if 1) no other sleep episode
occurred in between; 2) the time interval between the previous wake time and the typing session was no more than 24
hours. Then for each typing session, time awake was derived as the time interval between the timestamp of the typing
initiation (rounded to the nearest half hour) and the wake time of its linked most recent sleep episode.
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Statistical analysis

All statistical analyses were conducted with the use of R version 4.3.2 (The R Foundation, Vienna, AUT) [23].

We utilized generalized estimating equations (GEE) modeling, which is capable of adjusting for repeated measures
from the same subject, to formally examine the population-average association between time awake and typing perfor-
mance. We used an independent working correlation matrix to produce robust inferential results to protect against poten-
tial endogeneity [24]; however, this analysis still acknowledges the dependence of typing performance outcomes within
each subject in the calculation of the coefficient estimates, intervals, and p-values. The analyses were performed with R
packages ‘geepack’ [25] and ‘gimtoolbox’ [26].

We fitted two sets of models, one with typing speed zscore as the outcome, and the other with rate of deletion zscore
as the outcome. To account for potential non-linear relationships, both linear and quadratic terms of time awake were
included as primary predictors in the analysis. Three nested models were analyzed:

E[Typing performance] = 3, + 31 (time awake) + 3,(time awake)?, (1)
E[Typing performance] = 3, + (1(time awake) + 3, (timeawake)? + vcovariates, (2)

E[Typing performance] = (; + 31(time awake) + 3,(time awake)?
+ O3(time awake x age) + fa(time awake x sex)
+ B5(time awake x wearable device types) + 5(time awake x last sleep duration)

+ 7 ((timeawake )2 x age) + (g ((time awake)? x sex)
+ B9 ((time awake)? x wearable device types)

+ Bio ((time awake)2 x lastsleep duration)

+ -y covariates. (3)

The first model assessed the relationship between the typing performance metrics and time awake without adjustment for other
covariates. The second model examined this relationship after adjusting for covariates, including age, biological sex, time of
day (modeled using the sine and cosine of its radian format to capture the circular nature of time and flexibly represent rhythms
of any phase and amplitude), total typing duration (and its quadratic term), duration of previous sleep period (and its quadratic
term), whether the day is weekend, wearable device types, keyboard area, and the other typing performance metric (if the
outcome is typing speed zscore, then rate of deletion zscore is included as a covariate, vice versa). The third model further
explored whether factors including age, sex, wearable device types, and duration of last sleep episode moderated the relation-
ship between typing performances and time awake. Model fit was compared by the Schwartz-type penalized Gaussian
Pseudo-likelihood Criterion (SGPC) (lower values are better) which was shown to outperform other existing methods in select-
ing variables and performs well regardless of whether the working correlation structure is correctly specified or not [27,28].

When visualizing the smoothed relationship between time awake and typing performances, we included a generalized
additive model (GAM) smoothed prediction fitting line using a model similar to model (2), but replacing the linear and
quadratic terms of time awake with a natural spline term (df=3) of time awake, to better capture the possible higher order
of non-linear relationship:

E[Typing performance] = 5y + 51 natural_spline (time awake, df = 3);
+ 3, natural_spline (time awake, df = 3),
+ 3natural_spline (time awake, df = 3);
+ 7 covariates. (4)
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The typing performances could potentially also be affected by time of day, independent of hours awake. To test whether
typing performances present diurnal rhythmicity, we fit cosinor models, with typing performances as outcome, and time of
day as the time variable, using the ‘cosinor’ package.[29] In addition, to separate the effects of time awake and time of day
on typing performances, we made an illustration with 4 strata where time awake was set at less than 6 hours, 6—12 hours,
12—-18 hours, and 18—24 hours. Each stratum was fit with model (4) respectively.

Sensitivity analyses

First, to mitigate potential skewness arising from a small number of typing sessions occurring beyond 18 hours awake, we
repeated the analysis by restricting to the typing sessions with a maximum of 18 hours awake.

Second, to eliminate the impact of different language settings on typing performance, we repeated the analysis by
restricting to the typing sessions where the input mode was US English (‘en_US’).

Third, to clarify whether wearable device type affected results, we conducted a sensitivity analysis by repeating the
same analysis within three subgroups that contain typing sessions associated with only Fitbit-recorded, Apple
Watch-recorded, or Garmin-recorded sleep episodes. Each subgroup was fit with its own model:

E[ Typing performance ] =3, + 34 natural_spline ( time awake, df = 3);
+ 3, natural_spline ( time awake, df = 3),
+ 3 natural_spline ( time awake, df = 3)3
+ ~ covariates (excluding types of wearable devices). (5)

Finally, the wearable and SensorKit data analyzed were collected from the first two months of medical internship,
however, it is important to note that sleep at baseline (the period after enroliment but before the beginning of intern-
ship) might have influenced the results. To account for this, we re-ran model (3) including only the participants with
baseline sleep data and added baseline sleep duration as an additional covariate, both with itself and its interaction
with time awake.

Results
Sample characteristics

4,151 interns starting residency in July 2023 were invited and 1,437 interns enrolled in 2023 Intern Health Study. After
excluding non-iPhone users, subjects who opted out of the SensorKit keyboard usage data collection, and the ones
who didn’t provide sufficient data, 366 participants from 24 specialties and 154 residency programs were included in the
final analyses (see Fig 1 for study flow chart). Table 1 provides the descriptive statistics of demographics and the col-
lected typing and sleep data for the included subjects. There were 212 (57.9%) female participants, with mean age of
27.7 years old (SD=2.7). The proportion of Fitbit, Apple Watch, and Garmin Watch users were 15.0%, 80.1% and 6.3%,
respectively, with 5 subjects using more than one type of device (not on the same day). In all, 45,042 typing sessions
linked with a preceding sleep episode were recorded. The individual mean typing speeds ranged from 2.1 to 6.6 char-
acters per second (c/s) and averaged at 4.6 c/s (SD=0.8 c¢/s). The individual mean rate of deletion ranged from 1% to
25%, and averaged at 7.3% (SD=3.0%). The average of individual median wake up time was at 06:23 am (SD=108.7
minutes). Time awake was significantly correlated with both the sine (r=-0.46, p<0.001) and cosine (r=0.67, p<0.001)
transformations of time-of-day, i.e., the time awake tends to be longest near midnight (peak of cosine) and shortest

in the morning (peak of sine). S2 Fig shows the distributions of time awake, typing speed, and rate of deletion of the
recorded typing sessions. Fig 2 illustrates an example of recorded sleep episodes and typing sessions of one random
subject throughout 62 days.
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First-year medical interns in the United
States, who enrolled in the Intern Health
Study in 2023 (N = 1,437)

Excluded (N = 273): Participants who were not
iPhone users

A 4

A 4
Participants who were eligible for
participating in Apple SensorKit data
collection (N=1,164)

Excluded (N = 565): Participants who opted
out of the SensorKit Keyboard Metric data
collection

A 4

A

Participants who participated in SensorKit
keyboard metric data collection (N = 599) Excluded (N = 221):

- Participants who did not have sleep
data recorded during the first two
months of intern year (n = 205)

- Participant who had 0 or only 1 typing
session associated with a preceding
sleep episode within 24 hours (n = 16)

A 4

A 4
Participants who contributed both sleep
data and keyboard data (N = 378)

Excluded (N = 12): Participants who did not
provided age information

A
Participants who were included in the final
analysis (N = 366)

Fig 1. Study sample flow chart.
https://doi.org/10.1371/journal.pdig.0001281.9g001

The relationship between time awake and typing speed

According to SGPC, the adjusted model (2) had the best fit for the relationship between time awake and typing speed.
Based on model (2), typing speed was significantly associated with both the linear and quadratic terms of time awake,
after adjusting for the covariates (Table 2, middle column). The negative coefficient for quadratic term of time awake sug-
gests that the relationship between time awake and typing speed follows an inverted U-shape, as shown in Fig 3A. Based
on the GAM-smoothed prediction from model (4), the typing speed increased upon waking and peaked to approximately
0.098 SD above average at around 7.5 hours after wake-up, and declined to over 0.1 SD below average at about 15.3
hours awake. The numbers of typing sessions occurring after being awake for more than 19 hours were relatively lower
(S2A Fig) thus the error bars were wider for these times.
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Table 1. Sample characteristics (N=366).

Sample characteristics

Age (years), mean (SD) 27.7 (2.7)
Sex (female), N (%) 212 (57.9)
Wearable Device Type, N (%)
Apple Watch 293 (80.1)
Fitbit 55 (15.0)
Garmin 23 (6.3)
Number of Typing Sessions of each Subject, mean (SD) 123 (139)
Duration of Typing Sessions (seconds), mean (SD) 141 (128)
Number of Sleep Episodes of each Subject, mean (SD) 28 (19)
Duration of Sleep Episodes (minutes), mean (SD) 417 (103); 6.95 hrs (1.72hrs)
Individual mean Typing Speed (characters per second), mean (SD) 4.6 (0.8)
Individual mean Rate of Deletion (%), mean (SD) 7.3 (3.0)
Individual median wake up time, mean (SD) 06:23 am (108.7 mins)

https://doi.org/10.1371/journal.pdig.0001281.t001

Data from 2023-07-01 to 2023-09-01

10
~ [ TH
~ T IR
~ | IR 11N
~= ]Il W IHH 101 \ I
~ I TETIEEE [l il |
~ IR DR

~ I T 1 )

Bl : : = 10 B Tping speed,

Monlday Tue'sday Wednlesday Thurlsday Friaay Satulrday Sun'day
Day of the Week

Time since
awakening

Week Number

Fig 2. Recorded sleep episodes (red blocks) and typing sessions (blue bars) for a randomly chosen subject between the start of internship on
July 1st to September 1st, 2023. Recall that each typing session was rounded to the nearest 30-min mark for privacy considerations and may contain
multiple typing events.

https://doi.org/10.1371/journal.pdig.0001281.9002
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Table 2. The relationship between time awake and typing speed. Left: unadjusted - model (1); Middle: adjusted - model (2); Right: adjusted
with interactions - model (3).

Predictors Typing speed Zscore Typing speed Zscore Typing speed Zscore

B cl P B cl P B cl P
Intercept -0.045 |-0.078 —-0.012 | 0.007 0.065 -0.010-0.140 | 0.087 0.062 -0.057 - 0.182 |0.306
Time Awake (hours) 0.031 0.024 - 0.039 | <0.001 0.017 0.005-0.029 0.007 0.016 -0.006 - 0.038 |0.157
Time Awake Squared (hoursA2) -0.002 |-0.003 —-0.002 | <0.001 | -0.001 -0.002 --0.001 |<0.001 |-0.001 -0.002 - 0.000 |0.053
Age 0.002 -0.006 —0.009 | 0.635 -0.014 | -0.054-0.026 |0.492
Sex [Female] -0.025 |-0.043--0.006 |0.009 -0.063 | -0.135-0.010 |0.091
Time of Day (Sine) -0.045 |-0.074--0.016 |0.002 -0.046 | -0.073--0.019 |0.001
Time of Day (Cosine) -0.084 |-0.107 —-0.062 |<0.001 |-0.08 -0.103 —-0.057 | <0.001
Total Typing Duration (minutes) -0.058 |-0.071--0.045 |<0.001 |-0.058 |-0.071--0.045 | <0.001
Total Typing Duration Squared 0.003 0.002 - 0.004 <0.001 | 0.003 0.002 - 0.004 | <0.001
(minutes”2)
Last Sleep Duration (minutes) 0 -0.000 - 0.000 | 0.653 0 -0.000 - 0.000 |0.679
Last Sleep Duration Squared 0 -0.000 - 0.000 |0.271 0 -0.000 - 0.000 |0.436
(minutes”2)
Weekend 0.008 -0.014 - 0.030 | 0.464 0.009 -0.013-0.031 |0.420
Device [Fitbit] -0.031 -0.054 —-0.009 | 0.006 -0.083 |-0.179-0.012 |0.088
Device [Garmin] -0.061 -0.086 —-0.036 | <0.001 |-0.185 |-0.295--0.075 |0.001
Keyboard Area (scaled) -0.007 |-0.012--0.001 |0.012 -0.007 |-0.012--0.002 | 0.010
Rate of Deletion Zscore -0.367 | -0.382--0.351 |<0.001 |-0.367 |-0.382--0.351 | <0.001
Time Awake x Age 0.005 -0.004 - 0.014 |0.256
Time Awake x Sex[Female] 0.007 -0.008 - 0.022 |0.388
Time Awake x Device[Fitbit] 0.006 -0.015-0.026 | 0.575
Time Awake x Device[Garmin] 0.021 -0.004 — 0.045 | 0.095
Time Awake x Last Sleep 0 -0.000 - 0.000 |0.587
Duration
Time Awake Squared x Age 0 -0.001 - 0.000 |0.200
Time Awake Squared x 0 -0.001 -0.001 |0.563
Sex[Female]
Time Awake Squared x 0 -0.001-0.001 |0.970
Device][Fitbit]
Time Awake Squared x -0.001 -0.002 -0.001 |0.327
Device[Garmin]
Time Awake Squared x Last Sleep 0 -0.000 - 0.000 |0.907
Duration
Schwartz-type penalized Gauss- | 127152 120029 120065
ian Pseudo-likelihood Criterion
(SGPC); lower the better

https://doi.org/10.1371/journal.pdig.0001281.t002

There were different individual patterns of the change of typing speed over the course of time awake, as the two exam-
ples illustrated in Fig 4. Among several factors including age, sex, the type of wearable device used, and the duration of
the most recent sleep episode, no covariate demonstrated a significant moderating effect on the relationship between time
awake and typing speed (Table 2, right column).

The relationship between time awake and rate of deletion

The adjusted model (2) had the best data fit for the relationship between time awake and rate of deletion according to
SGPC. Based on model (2). After adjusting for covariates, the rate of deletion was significantly associated with both the
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Fig 3. Average typing speed (A) and average rate of deletions (B) by number of hours awake. Typing speed and rate of deletions were converted
to individual z-scores. The error bars represent 95%CIl. The GAM-smoothed prediction lines from covariate-adjusted model (4) were plotted (green).
The Blue solid line represents the individual average (z-score =0), while the red dashed line represents -0.1 standard deviation in (A) and +0.1 standard
deviation in (B).

https://doi.org/10.1371/journal.pdig.0001281.9003

linear and quadratic terms of time awake (Table 3, middle column). Despite this significant association, the change

in deletion rate was minimal, with none of the predicted rates of deletion exceeding 0.1 standard deviations above the
average (Fig 3B). S3 Fig illustrates two examples of individual patterns showing different trends in the rate of deletion
over time awake. We did not find any significant moderating effect of age, sex, the type of wearable device used, and the
duration of the most recent sleep episode, on the relationship between time awake and rate of deletion (Table 3, right
column).

Diurnal rhythmicity

As shown above, time of day has a significant effect on tying speed (Table 2) but not rate of deletion (Table 3). After
adjusting for covariates, typing speed exhibits significant diurnal rhythmicity with an amplitude of 0.10 (SE=0.01), and the
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Fig 4. Average typing speed by hours awake for two example subjects. Typing speeds were converted to individual z-scores. The Blue solid line
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peak of the rhythm occurs at 11:49am. Across all four strata of different lengths of time awake, typing speed is consistently
higher during the day compared to the night, with overall lower typing speed in longer time awake strata.(Fig 5)

Sensitivity analyses: Restriction to a maximum of 18 hours awake

There were 43,413 (96.4% of all 45,042) recorded typing sessions from 365 subjects (99.7% of all 366) that occurred
within 18 hours awake. Analyses conducted on this subset yielded similar results (S4 Fig).

Sensitivity analyses: The effect of input languages

There were 40,834 (90.7% of all 45,042) recorded typing sessions from 363 subjects (99.2% of all 366) having the input
mode of US English. Analyses conducted on this subset yielded similar results (S5 Fig).
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Table 3. Relationship between time awake and typing accuracy (rate of deletion). Left: unadjusted - model (1); Middle: adjusted - model (2);
Right: adjusted with interactions - model (3)).

Predictors Rate of deletion Zscore Rate of deletion Zscore Rate of deletion Zscore

B cl P B cl P B cl P
Intercept 0.01 -0.016 - 0.036 | 0.463 |-0.084 | -0.157—--0.010 |0.025 |-0.101 |-0.220-0.017 |0.094
Time Awake (hours) -0.003 |-0.010-0.003 |0.291 | 0.015 |0.007 —0.023 |<0.001 |0.019 |-0.004 —0.042 |0.104
Time Awake Squared (hoursA2) 0 -0.000 — 0.001 | 0.241 |-0.001 | -0.001--0.000 | <0.001 |-0.001 | -0.002-0.000 |0.071
Age -0.001 |-0.003-0.001 |0.413 |-0.003 |-0.032-0.025 | 0.818
Sex [Female] 0.004 |-0.001-0.010 |0.117 |-0.014 |-0.064-0.036 |0.587
Time of Day (Sine) 0.019 |-0.003-0.042 |0.092 |0.02 -0.004 — 0.045 |0.098
Time of Day (Cosine) -0.014 |-0.031-0.003 |0.103 |-0.011 |-0.029-0.006 | 0.200
Total Typing Duration (minutes) 0.013 /0.002-0.024 0.022 |0.013 |0.002-0.024 |0.023
Total Typing Duration Squared (minutes”2) 0 -0.001 -0.001 |0.737 |0 -0.001 - 0.001 |0.733
Last Sleep Duration (minutes) 0 -0.000-0.000 |0.737 |0 -0.000 - 0.001 | 0.495
Last Sleep Duration Squared (minutes”2) 0 -0.000-0.000 0565 |0 -0.000 - 0.000 |0.457
Weekend 0.038 |0.016-0.060 |0.001 |0.039 |0.017-0.061 0.001
Device [Fitbit] 0.009 |-0.000-0.019 |0.058 |0.018 |-0.044-0.079 |0.572
Device [Garmin] 0.003 |-0.013-0.019 |0.710 |-0.025 |-0.126 —0.076 |0.630
Keyboard Area (scaled) -0.001 |-0.004 —0.001 |0.341 |-0.001 |-0.004 —0.002 | 0.445
Typing Speed Zscore -0.372 |-0.388 —-0.356 |<0.001 | -0.372 |-0.388 —-0.357 | <0.001
Time Awake x Age 0 -0.007 - 0.007 | 0.950
Time Awake x Sex[Female] 0.002 |-0.010-0.014 |0.723
Time Awake x Device[Fitbit] -0.007 |-0.022 - 0.007 | 0.328
Time Awake x Device[Garmin] -0.001 |-0.022 -0.020 |0.936
Time Awake x Last Sleep Duration 0 -0.000 - 0.000 |0.740
Time Awake Squared x Age 0 -0.000 - 0.000 |0.823
Time Awake Squared x Sex[Female] 0 -0.001 - 0.001 | 0.929
Time Awake Squared x Device[Fitbit] 0.001 |-0.000-0.001 |0.158
Time Awake Squared x Device[Garmin] 0 -0.001 - 0.001 |0.532
Time Awake Squared x Last Sleep Duration 0 -0.000 - 0.000 |0.878
SGPC; lower the better 127472 120730 120781

https://doi.org/10.1371/journal.pdig.0001281.t003
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Fig 5. The relationship between time of the day with typing speed stratified by time awake. Dataset was split into 4 subgroups: <6 hours, 6-12 hours,
12-18 hours, and 18-24 hours. Each subgroup was fitted with model (4) respectively. The GAM-smoothed prediction lines from each model were plotted.

https://doi.org/10.1371/journal.pdig.0001281.9005
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Sensitivity analyses: The effect of wearable device types

Among 45,042 typing sessions included in the analysis, there were 32,940, 9,111, and 2,991 typing sessions linked with
a sleep episode recorded by a Fitbit, Apple Watch or Garmin watch, respectively. No significant interaction was found
between the device types and time awake on both of the typing performances (Tables 2 and 3). In addition, sensitivity
analyses that repeated the same analysis within three device type subgroups, which contain typing sessions linked with
only Fitbit-measured, Apple Watch-measured, or Garmin-measured sleep episodes, showed similar patterns with the
results including all data (S6, S7 Figs).

Sensitivity analyses: The effect of baseline sleep duration

There were 320 participants with at least one day of sleep data at baseline, contributing 41,048 typing episodes in
total. Baseline sleep duration had no significant effect on either typing speed (8=1.8x10+, p=0.59) or rate of deletion
(8=3.2x10*, p=0.19). There was also no significant interaction between baseline sleep duration and time awake (lin-
ear and quadratic terms) on typing speed (8, _ =-8.1x10%, p=0.24; =3.7x10%, p=0.27) or rate of deletion (8

linear
oo =-0.0x10"°, p=0.26; B =2.2x10%, p=0.36).

quadratic lin-

quadratic

Discussion

In this study, we investigated the potential utility of real-time, unobtrusive and ambulatory smartphone keyboard typing
performance metrics to continuously and passively measure mental fatigue signals. Using over 45,000 typing episodes
assessed through SensorKit and sleep information recorded by wearable devices, among over 350 medical interns, we
found that typing speed was significantly associated with time awake, after adjusting for its diurnal rhythmicity, and other
confounding factors. Specifically, we found that the typing speed increased upon waking and peaked at 0.098 SD above
average 7.5 hours after wake-up and then declined to over 0.1 SD below average by 15.3 hours awake. These results
remained robust after considering the effect of input languages and the type of wearable devices measuring sleep time.

Traditional tools of assessing alertness and fatigue, such as the PVT, that require active participation for assessment,
have limited ability to continuously detect mental fatigue in the real world. Our findings suggest typing performance, espe-
cially smartphone typing speed, may be a promising new tool to passively and continuously follow mental fatigue in a nat-
uralistic setting. Monitoring smartphone typing speed takes advantage of the ubiquitous use of mobile phones, imposes
virtually no burden on the users while protecting user privacy. This tool could be valuable in real-word settings such as
ensuring the work safety and quality of shift workers who are prone to fatigue-related errors. It could also be applied in
areas where continuous alertness is essential, such as healthcare, manufacturing, public safety and transportation, to
provide real-time feedback and inform interventions such as scheduling adjustments, timely breaks, and targeted wellness
programs that enhance worker safety and operational efficiency. The tool could also be useful for individuals, providing
information on when they should focus on cognitively demanding tasks and when they should disengage.

Our findings from typing speed are consistent with findings from active assessments of mental fatigue using tools
such as the PVT. For example, the critical wake period beyond which PVT response lapse increased was estimated to
be 15.8 hours [21], aligning closely with our observation regarding the amount of time awake (15.3 hours) when typing
speed reduced to 0.1SD below average. Yet it is also important to note that our analyses identified periods of elevated
typing speeds suggesting above-average alertness earlier in the day (~7-8 hrs after awakening). Future research directly
comparing PVT and typing speed within the same group of subjects would help to further demonstrate the validity of using
typing speed as a real-world and passively-sensed proxy for PVT,

The significant associations between typing speed with both time awake and time of day is consistent with the
well-described two-process model of sleep [30]. This model describes the interaction of two distinct processes to pro-
duce consolidated periods of wakefulness and sleep: the homeostatic process (Process S) drives sleep need based
on prior sleep and wakefulness, and the central circadian pacemaker (Process C) times the propensity for alertness

PLOS Digital Health | https://doi.org/10.1371/journal.pdig.0001281 March 26, 2026 13/17




PLON. Digital Health

to align with the daylight period. In a normally entrained, non-sleep deprived individual, upon awakening the homeo-
static sleep drive is low but accumulates throughout the day with sustained wakefulness. The circadian alerting signal
increases in opposition to the growing homeostatic sleep drive such that wakefulness can be sustained across the day-
light period until bedtime. Approximately two hours prior to habitual sleep onset, the circadian alerting signal drops and
in conjunction with an elevated homeostatic sleep drive, promotes sleep onset. Our findings align with these processes,
with an initial increase in typing speed commensurate with an increasing circadian alerting signal (process C) followed
by a decline in typing speed that aligns with an accumulation of the homeostatic sleep drive (process S) and drop in the
circadian alerting signal. Further research exploring these dynamics may provide better predictions of cognitive perfor-
mance and fatigue.

In addition to our findings related to the average trend among participants, we also found that there are individual
differences in the relationship between typing speed and time awake. As illustrated in Fig 4, individuals differed in
the timing and shape of their typing speed peaks and troughs with reference to time awake. Furthermore, meaningful
departures from personal past typing speed trends can help to identify additional important driving factors. Specifically,
continuous data collection enables establishment of personalized models that can be interrogated for associations
with other individual differences (e.g., genotype, chronotype, type of work) and within-person predictors (e.g., exertion,
breaks). Based on the results of the interaction tests, basic demographics like age and sex, as well as baseline and
previous sleep duration, did not seem to be the factors moderating the relationship between time awake and typing
speed. Future work is warranted in identifying between and within individual characteristics that may signal differences
in mental fatigue development. From an applied perspective, tailored models could be developed to anticipate potential
critical periods that maximize alertness and minimize fatigue for use in personalized feedback and intervention. Ongo-
ing individualized monitoring of typing performance trends could also serve as a sentinel for unexpected critical drops
in alertness.

In contrast to typing speed, typing accuracy, represented by the rate of deletion, remained relatively stable with time
awake and time of day. This suggests that rate of deletion may not be as sensitive a measure of mental fatigue under
the conditions studied. One possible explanation is that deletions during typing can reflect not just mistakes, but ongoing,
deliberate editing, such as when composing charts or work emails, thus limiting its usefulness as a fatigue indicator. Addi-
tionally, autocorrection features on devices may further confound accuracy measures. Therefore, while typing accuracy
seems less sensitive to time awake in this context, it warrants further exploration.

This study has several strengths. First, the study benefits from high statistical power with longitudinal data collected
over two months from more than 350 subjects, resulting in over 45,000 typing episodes, a much larger sample than
previous studies on typing performance and mental fatigue signals [5-8, 12—15]. Second, the study population, medi-
cal interns, typically endure long work hours and follow shift work schedules, which ensures that the collected data are
well-distributed across various times of the day and durations of wakefulness. Additionally, interns frequently engage
in typing on their phones for both professional and personal purposes. This group is also susceptible to fatigue-related
work errors. These characteristics make medical interns an important and ideal group to study mental fatigue and its
related markers. Third, with SensorKit and wearable technology, we were able to objectively collect both typing and
sleep data in a naturalistic setting. This approach provides better accuracy than self-reported data, such as sleep dia-
ries; and places minimal burden on subjects compared to assigning specific typing tasks. The utilization of SensorKit
also allows massive scalability of the tool for mental fatigue assessment, if future studies confirm and extend findings
from the study.

There are also some limitations to this study. First, there may be other confounding factors, such as caffeine and
nicotine intake, medication, medical history [31], workload and demands, as well as motivation and context of typing,
that could influence the associations between typing performance and time awake. For example, a higher workload
may cause fatigue to accumulate more rapidly after shorter periods awake, while caffeine consumption may increase
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alertness even after extended wakefulness. Additionally, typing speed may differ between texting with friends and
work-related emailing that requires greater cognitive effort. In fact, even during the periods associated with the high-
est average typing speed, there are still >40% typing sessions with individual typing speed z-scores below -0.1 (S8
Fig), reflecting meaningful variability that may be driven by these contextual factors. However, these factors were not
measured and thus not accounted for in our study. Future studies could benefit from systematically examining these
contextual influences. Second, the study sample was limited to young, healthy adults engaged in medical internships.
Conducting additional research with diverse population groups will help to better determine the generalizability of this
innovative tool. Third, due to device-wearing habits and the limited battery life, there was missingness in sleep data
collection. To mitigate this issue, we restricted the time interval between the previous wake and the subsequent typing
session to 24 hours or less. This approach helps prevent inaccurately prolonged wake periods linked with typing ses-
sions due to unrecorded sleep episodes. Finally, this study did not take into account the time spent at work, which could
be another factor contributing to mental fatigue. Future analyses, incorporating other SensorKit metrics such as location
types, may provide deeper insight into this aspect.

In summary, our findings highlight the promise of using typing performance, particularly typing speed, as a novel and
practical method for unobtrusive, ambulatory mental fatigue assessment in the real world. This approach, utilizing com-
mon smartphone technology, has the potential to provide valuable insights into cognitive alertness and fatigue and to offer
a scalable low-cost, low-burden and privacy-preserving tool that can be embedded organically in everyday life. Future
studies should aim to further validate and refine this approach across diverse populations and settings, as well as explore
and evaluate personalized intervention strategies.

Supporting information

S1 Fig. SensorKit Keyboard Usage data collection.
(DOCX)

S2 Fig. The numbers of: typing sessions by hours awake (A), subjects by hours awake (B), typing sessions by
typing speed (C), and typing sessions by rate of deletion (D) in the sample.
(DOCX)

S3 Fig. Average rate of deletion of two example subjects by hours awake.
(DOCX)

S4 Fig. Average typing speed (A) and average rate of deletions (B) by number of hours awake, limited to a maxi-
mum of 18 hours awake.
(DOCX)

S5 Fig. Average typing speed (A) and average rate of deletions (B) by number of hours awake, US English input
mode only.
(DOCX)

S6 Fig. Average typing speed versus hours awake, by the type of wearable device recording sleep.
(DOCX)

S7 Fig. Average rate of deletion versus hours awake, by the type of wearable device recording sleep.
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S8 Fig. Proportion of typing sessions with low speed by hours awake in the sample.
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