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Aircrew rostering workload
patterns and associated fatigue
and sleepiness scores in short and
medium haul flights in Brazil
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Relationships between workload and fatigue or sleepiness are investigated through the analysis of
rosters and responses to questionnaires from Brazilian aircrews, taken from Fadigémetro database.
The approach includes temporal markers—coinciding with Samn—Perelli (SP) and Karolinska Sleepiness
Scale (KSS) responses—where SAFTE-FAST software outcomes are calculated. The latter results
follow the increase of fatigue and sleepiness perceptions during the dawn (0h00 to 05h59), but
underestimate self-rated scores during the evening (18h00 to 23h59). Importantly, the KSS scores and
the inverse of SAFTE-FAST effectiveness fit the relative risk of pilot errors, representing interesting
proxies for risk assessment. Linear relationships obtained between workload metrics, computed
within 168-h prior to the responses, and self-rated SP and KSS scores provide a consistent method to
estimate accumulated fatigue and sleepiness. Considering 7149 rosters of 2023, the duty time (DT),
the number of flight sectors (Ncrew) and the sum of flight sectors with sit periods longer than one
hour (Ncrew + Nsir) are associated with 70.1%/60.6% of the highest predicted scores of SP/

KSS. Applying the mitigations DT < 44h, Ncrew < 15and Necrew + Nsir < 19 for every
168-h interval yields a significant decrease in higher values of SP/KSS with minimal impact on roster
coverage.
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According to the International Civil Aviation Organization (ICAO)' fatigue is defined as “a physiological state
of reduced mental or physical performance capability resulting from sleep loss, extended wakefulness, circadian
phase, and/or workload (mental and/or physical activity) that can impair a person’s alertness and ability to
perform safety related operational duties”. Consequently, ICAO recommends that operators apply methods to
manage fatigue risks, either via a Prescriptive Approach or via the implementation of a Fatigue Risk Management
System (FRMS)!. The Prescriptive approach requires that operators comply with prescriptive limits defined by
the State, while managing fatigue hazards using the Safety Management System (SMS) processes, and the FRMS
approach is a performance-based system that also need to be approved by the State. Both approaches are based
on scientific principles and knowledge and operational experience.

Despite been necessary in most cultures, the Prescriptive Approach is not sufficient to mitigate fatigue
and/or sleepiness in all scenarios, especially during disruptive and/or night shifts, as recently announced by
the European Aviation Safety Agency (EASA)2. Such finding endorses the need for improvements in Safety
Management Systems in order to identify potential hazards and apply effective mitigation barriers, regardless of
being fully compliant with the regulations. More specifically, the “interactions between fatigue and workload in
their effects on physical and mental performance” should also be taken into account!.

As pointed out recently’, biomathematical models have been developed in the last decades to estimate fatigue
and sleepiness levels in industry, but still have their limitations to provide quantitative results. The models
usually take into account the sleep-awake cycle, governed by the homeostatic process, and the circadian rhythm
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oscillations along the day*~. The effect of sleep inertia—a transient reduction in alertness shortly after waking
up—is also considered in some models®~2°. Despite being interesting and useful tools for estimating fatigue and/
or sleepiness, models may not quantitatively address the complex relationships between task-related workload
patterns and fatigue or sleepiness outcomes, as recently presented in the Fatigue management resource guide
published by the Australian Civil Aviation Safety Authority (CASA)>.

Considering Brazilian regulation, a new set of prescriptive rules was implemented by the local regulator
Agéncia Nacional de Aviagao Civil (ANAC) in March 2020 (Regulamento Brasileiro de Aviagdo Civil 117, RBAC
117)%, following the requirements of the new Labour Law in force since August of 2017%.

In 2017, a new collaboration amongst several stakeholders—named Fadigémetro—was initiated, with the
aim of estimating fatigue and sleepiness outcomes in the analysis of thousands of Brazilian aircrew rosters, as
predicted by the Sleep, Activity, Fatigue, and Task Effectiveness Fatigue Avoidance Scheduling Tool (SAFTE-
FAST) software, which is based on the SAFTE model described in Ref.!°. So far, two studies have been produced
under the scope of Fadigdmetro, either investigating the sensitivity of SAFTE-FAST outputs when comparing
rosters of low- versus high-season months of 20184, or providing a comprehensive analysis of the root causes of
fatigue related with night-shifts and departures and/or arrivals within 02h00 and 06h00°. This latest study analysed
8476 rosters in a pre-COVID-19 period (2019 and early 2020), proposing important safety reccommendations for
both the regulatory framework and fatigue risk management policies, which were subsequently approved and
endorsed—as preventive measures—by the National Committee for the Prevention of Aeronautical Accidents
(CNPAA) in November 2022.

Another recent study under RBAC 117 rules included 51 Brazilian airline pilots and demonstrated higher
odds for high scores of self-rated fatigue and sleepiness comparing shifts encompassing 0h00 and 06h00 and
early-start shifts (start of duty between 06h01 and 07h59) with the other types of shifts, besides other relevant
findings?®.

Brazilian regulator ANAC is currently conducting a review of the RBAC 117 rules, proposing considerable
increases in several prescriptive limits (including maximum flight duty periods per day, maximum flight hours
within 28 days, among others), which makes it necessary that current fatigue levels and associated risks are
accurately estimated and appropriately managed. Such premisses depend on a robust and rigorous test of current
regulations, which has not yet being accomplished. In this regard, the present work proposes a novel approach
to bridge this gap and evaluate the correlations and relationships between several workload patterns in aircrew
rosters along each 168-h loop and the self-rated fatigue and sleepiness scores in terms of the Samn-Perelli*® and
Karolinska Sleepiness Scale?”’, respectively. While this approach does not aim to exhaust the extensive literature
on fatigue measures and models (see Ref.?®), it provides insights into best practices for using bio-mathematical
models to guide management decisions, especially when evaluating fatigue and/or sleepiness outcomes in high
workload scenarios. As highlighted by the Australian Civil Aviation Safety Authority?!, biomathematical models
differ in scope, have important limitations, and should only be used as supportive tools rather than the sole basis
for roster design. Finally, based on our analysis, we propose mitigation strategies in some key roster metrics that
are likely to generate small impacts on roster coverage during optimization processes while yielding a remarkable
reduction in accumulated fatigue and sleepiness.

Methods

The sample and its requirements

The sample includes the responses to a questionnaire and executed rosters from aircrew workers pertaining to
major Brazilian airlines, without distinction of sex, race, age, rank or years in the job. The sample was split into
four components:

« Sample 1: 585 aircrew responses of the questionnaire since its launch in June 2021.

« Sample 2: 263 executed rosters from June 2021 until December 2023 overlapping the questionnaire responses
dates for each aircrew.

« Sample 3: 216 executed rosters satisfying the requirement of Sample 2 with valid SAFTE-FAST outputs.

o Sample 4: 7149 executed rosters of 2023.

The questionnaire and the overlapping rosters were extracted from the Fadigémetro database on January 15,
2024 and all the 2023 rosters were extracted on March 21, 2024.

Ethical and legal aspects

This work was approved by the ethics committee of the Institute of Biosciences, University of Sio Paulo
(Certificate of Presentation for Ethical Appraisal no. 89058318.7.0000.5464). The data acquisition methods and
analyses ensure confidentiality to all eligible aircrew volunteers who agreed to participate by approving a digital
informed consent form. We declare no conflict of interest with any professional association involved in the
experiment, airline or local regulator. The confidentiality of the airlines was also assured. All methods were
performed in accordance with the relevant guidelines and regulations.

Questionnaire and roster data: acquisition, criteria and markers

The Fadigometro questionnaire was designed as a cross-sectional instrument, answered only once by each
participant. It comprises 30 items covering a broad range of aspects, including sociodemographic characteristics,
behavioral and health-related information, sleep habits and quality in different contexts, commuting routines,
and self-perceived fatigue and sleepiness in operationally relevant scenarios. The responses were collected
through a web application, where each volunteer accessed a personal and exclusive link. For each submission, the
timestamp was automatically recorded. In the present study, the analysis was focused on the self-reported fatigue
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(Samn-Perelli scale, SP) and sleepiness (Karolinska Sleepiness Scale, KSS), while the remaining questionnaire
information will be explored in future analyses.

Rosters were also acquired through a web application and, more recently, through an application available on
I0S and Android mobile platforms. These rosters were then extracted from the Fadigdmetro platform as comma-
separated values (CSV) files, already formatted for direct import into the SAFTE-FAST software. Rosters with
long-haul flights performed with augmented crew (three or four pilots) within 168 h prior to the questionnaire
response time (hour and minute) were excluded (sample 2), thus ensuring that all rosters were executed with
minimal crew (only two pilots).

Markers of 15 min, ending at the exact questionnaire response time for each aircrew, were merged with
the respective roster’s files in SAFTE-FAST console (version 6.6; see Supplementary Section for details of
parameters and criteria). The SAFTE-FAST average values of Effectiveness, Sleep Reservoir, Samn-Perelli Scale
and Karolinska Sleepiness Scale were then calculated within the marker periods. For details of the SAFTE model
refer to Ref.!°. In 47 of the 263 rosters with markers, the SAFTE-FAST software (with all Auto-Sleep functions
activated) predicted sleep periods overlapping with questionnaire response times, which prevented valid
outputs. These markers were then discarded in sample 3 (N = 216) in order to avoid any arbitrary manipulation
of SAFTE-FAST predictive sleep. The SAFTE-FAST parameters and criteria are the same as those adopted in
Ref.? and are discussed in subsection 1 of the Supplementary Section.

Sample 4 included all rosters of 2023 (N = 7149), except those with long-haul international flights, thus
ensuring that flights were carried out with minimum crew. This eliminates flights with augmented crews that
allow in-flight sleep events, which are not considered in the SAFTE-FAST configuration in these analyses.
Differently from our previous 30-day epochs for rosters?, this work adopts a 28-day epoch, which is in line with
the RBAC 117 parameter for accumulated block hours?2. Moreover, this sample also excluded rosters with more
than 21 consecutive days without any event, which are likely associated with vacation periods encompassing
fractions of two consecutive months. As described in more detail elsewhere?, all working and flying activities of
the executed rosters were included in the analyses, except home standbys, where the aircrew stays on-call at the
place of his/her choice.

Fatigue and sleepiness outcomes, workload patterns and statistical analyses

The model dependent variables include the SAFTE-FAST outputs of Effectiveness [Esr(%)], Sleep Reservoir
[RsF(%)], Samn-Perelli Scale (SPsr) and Karolinska Sleepiness Scale (KSSsr), all calculated within the
15-minute markers (sample 3). They also include the SAFTE-FAST minimum effectiveness [EMc(%)],
minimum sleep reservoir [RMc(%)], and fatigue hazard area [ F"H A (min)], all within critical phases of flight,
considering a standardized 28-days epoch for all rosters of 2023 (sample 4). The self-rated fatigue and sleepiness
scores include the Samn-Perelli (SP)? and Karolinska Sleepiness Scale (KSS)?’ from the questionnaire (samples
2 and 3). Given that sample 3 had few results for SP > 6 and KSS > 8, the SP results were grouped from 1 to
5 and a sixth group combining the scores 6 and 7, whereas the KSS scores grouped from 1 to 7 and an eighth
group combining the scores 8 and 9. The independent workload metrics were chosen considering the authors’
operational expertise and include:

o Number of night-shifts (N s) - shifts that encompass any fraction between 0h00 and 06h00.

o Number of consecutive night-shifts (Ncns).

o Number of early-start shifts (Ngs) - shifts that start between 06h01 and 07h59.

« Total duty time in hours (DT).

o Number of flight sectors (Ncrew ).

o Number of departures and/or arrivals between 02h00 and 06h00 (NwocrL).

o Number of long sit events (Nsr7) - intervals between consecutive flight sectors longer than 1 h.
o Number of short rest periods (NresT) - rest periods shorter than 16 h.

o Number of long duties (Npyry) — duty periods longer than 9 h.

All metrics were computed by a dedicated Fortran algorithm (Microsoft Visual Studio 2019, Intel® Fortran
Compiler v.2021.1.1) specifically developed to parse, integrate, and consolidate the roster CSV files and marker
datasets. From the rosters, the algorithm retrieved non-identifiable internal ID, exclusion criteria for long-haul
flights, duty type, flight leg times, and duty period boundaries; from the markers, it incorporated the same
internal ID, submission timestamp, self-reported SP and KSS, and SAFTE-FAST outcomes (Esr, Rsr, SPsr
and KSSsr). By automating this process, the algorithm ensured full traceability from raw inputs to consolidated
workload metrics and fatigue/sleepiness outcomes, calculated over standardized intervals of 168 hours (sample
2) or 28 days (sample 4).

For the normality hypothesis we have applied the Shapiro-Wilk test?, and for the null hypothesis the
Mann-Whitney test for independent samples. All statistical tests, descriptive statistics, calculations of Pearson’s
correlations and risk ratios analyses were performed using the IBM SPSS version 25. The linear fittings were done
using the Least Squares Method (LSM) in matrix formalism®® with Mathcad 15. The 95% confidence intervals of
the fitted functions were obtained using uncertainty propagation methods and the covariance matrix of the fitted
parameters, as described in more detail elsewhere?.

Results

Questionnaire general statistics

The second questionnaire of Fadigémetro was answered by 585 Brazilian aircrew workers (sample 1) from
June 14, 2021 to January 15, 2024. The participants were 69.2% male, 26.5% Captains, 22.9% First Officers and
50.6% Cabin Crew. The average ages and respective standard deviations in years were: 41.3 £ 11.8 (male),
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37.0 £ 8.6 (female), 46.9 £ 12.2 (Captains), 36.4 £ 8.6 (First Officers), 38.0 £9.8 (Cabin Crew) and
42.0 £ 11.9 (Pilots: Captains and First Officers).

As a baseline for subsequent analyses, the mean Samn-Perelli (SP) and Karolinska Sleepiness Scale
(KSS) scores, and their standard errors, were 3.499 4 0.058 and 4.439 + 0.082 for sample 1 (N = 585),
3.494 £+ 0.085 and 4.39 £ 0.12 for sample 2 (N = 263), and 3.458 £ 0.095 and 4.38 = 0.14 for sample 3
(N = 216), respectively.

SAFTE-FAST outputs and self-rated fatigue and sleepiness scores

The SAFTE-FAST Effectiveness (Esr) and Sleep Reservoir (RsF) represent two important software outputs
to estimate fatigue and sleep debt, respectively®. They are usually calculated during critical phases of flight
(departures and/or arrivals), indicating potentially hot spots of fatigue and/or excessive wakefulness during high
demands of cognitive tasks.

The averages of these outputs—calculated for each 15-minute marker of sample 3 (N = 216)—also
demonstrate statistically significant Pearsons correlations with the self-rated fatigue and sleepiness
scores from the questionnaire: SPxEsp (r = —0.242,p < 0.001), SPxRsr (r = —0.320,p < 0.001),
KSSxEsr (r = —0.184,p = 0.007) and KSSxRsr (r = —0.168, p = 0.014). These findings show that the
higher the SF Effectiveness (or Sleep Reservoir), the lower are the SP and KSS scores reported by the participants.

Linear relationships were also obtained using the LSM*® and grouping the SP and KSS results into 6 and 8
intervals, respectively (sample 3, see Methods). Figure 1 presents the fittings (blue lines) of SP (upper-left) and
KSS (upper-right) versus Esr, as well as, SPxSPsr (lower-left) and KSSxKSSsr (lower-right). The dashed-
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Fig. 1. Upper panels: Self-rated SP (left) and KSS (right) scores versus average SAFTE-FAST Effectiveness
(black circles) and associated standard errors (error bars). Lower panels: Self-rated SP (left) and KSS (right)
scores versus average SAFTE-FAST SP (left) and KSS (right) (black circles) and associated standard errors
(error bars). The blue lines represent the fitted functions and the dashed-dotted red and green lines represent,
respectively, their upper and lower limits considering a 95% confidence interval (CI) (N = 216, sample 3).
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Fitting parameters
Function Slope Intercept N.D.E X2 Probability(%)
SPxEsr -0.68+0.18% | 98.45+0.51% | 4 257 |63.1
KSSxEsp -0.37+0.12% | 98.03+0.47% | 6 10.06 | 12.2
SPxSPsr 0.165+0.043 | 1.52+0.14 4 194 |746
KSSxKSSgp |0.12540.041 | 1.87+0.17 6 10.02 | 124

Table 1. Slopes and intercepts of the fitted functions presented in Fig.1. Also shown the number of degrees of
freedom (N.D.E), the x* and the probability of exceeding the .
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Fig. 2. Upper panel: Averages of SP scores (black squares) and their standard errors (black error bars) and

the averages of 1/ Esr (red circles), normalized to the SP averages of groups 2 (morning) and 3 (afternoon),
and their standard errors (red error bars), as a function of the average response times for each clock-time
group in Brasilia (Brazilian capital) time (UTC-3). Middle panel: The same for the KSS average scores (black
diamonds) and the averages of 1/ Esr (red circles) normalized to the KSS averages of groups 2 and 3. Lower
panel: Relative Risk of pilot errors in the cockpit for the four clock-time groups [dashed blue histograms with
each data point (blue triangles with error bars)] and the fitted averages of KSS (black stars with error bars) and
1/Esr (red pentagons with error bars) as a function of the average response times for each clock-time group.
All plots refer to sample 3 (N = 216). Details in the text.

dotted red and green lines represent, respectively, the upper and lower limits of the fitted function considering a
95% Confidence Interval (CI). The results of the fittings are summarized in Table 1.

Circadian oscillations in the SAFTE-FAST Effectiveness and self-rated SP and KSS scores were also
investigated by splitting sample 3 into four clock-time periods, herein defined as: dawn (from 0h00 to 05h59,
group 1), morning (from 06h00 to 11h59, group 2), afternoon (from 12h00 to 17h59, group 3) and evening (from
18h00 to 24h59, group 4), all considering Brasilia (Brazilian capital) time (UTC-3). This choice is particularly
useful since night shifts are defined by Brazilian regulations?»** as any shift encompassing any fraction between
0h00 and 05h59, with the other groups defined with the same time interval. For each clock-time group, the
averages of the response times and associated standard errors were calculated. Since the relative fatigue risk is
proportional to the inverse of Esr? - which derives from the finding that 1/ Es also scales with the relative
likelihood of human-error rail road accidents?*—it is plausible also to compare this transformed variable with
the self-rated SP and KSS scores. These results are presented in Fig.2 both for the SP (upper panel) and KSS
(middle panel) scores, where the averages of 1/Esr (with Esr in decimal units) have been multiplied by a
normalization constant that fit the SP (and KSS) averages in groups 2 and 3 simultaneously. Such criterion was
adopted after retaining the null hypothesis (Mann-Whitney tests for independent samples) between groups
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2 (morning) and 3 (afternoon) both for SP (p = 0.310) and KSS (p = 0.669) and also considering the flat
behaviour of the average values of 1/ E s for these periods of the day.

Following the same steps described elsewhere®, the SAFTE-FAST software was also used to calculate the
average values of minimum effectiveness EMc, minimum sleep reservoir RMc, and fatigue hazard area
FHACc, all within critical phases of flight, considering a standardized 28-days epoch for all rosters of 2023
(sample 4). The results of this calculation are presented in subsection 1 of the Supplementary Section.

Pilot errors versus time of the day

This section investigates, as a function of time of day, the associations between pilot errors®! and two quantities:
the self-rated sleepiness scores from the Fadigémetro questionnaire (KSS) and the inverse of the SAFTE-FAST
effectiveness (1/Esr). The pilot errors were collected in a large Brazilian airline in 2005 via the analysis of
155,327 flight hours using the Flight Data Monitoring (FDM) system. Overall, de Mello et al.>! found 1065 pilots
errors, distributed along the time of the day in the same time periods adopted in the previous section.

The averages of KSS scores and the inverse of SAFTE-FAST effectiveness (1/Egsr) within the same four
clock-time groups (sample 3, N = 216) were fitted to the relative risk of pilot errors (normalized to unit within
06h00-11h59) using the Least Square Method. The uncertainties for < KSS > and < 1/Esr > were taken
as their respective standard errors, whereas the uncertainty in the relative risk of pilot error, herein denoted as
relative risk (RR), was assumed as crg = RR - VN /N, where N stands for the total number of errors (this
assumption holds if the distribution of pilot errors along time follows a Poisson distribution). The fitted constant
for KSS was C; = 0.240 + 0.010, with a x? of 1.05 for 3 degrees of freedom (p = 0.790). For the inverse of
FEsr, the constant was Co = 1.001 £+ 0.031, with a X2 of 2.30 for 3 degrees of freedom (p = 0.513). In both
cases, the averages are statistically indistinguishable from the pilot errors, indicating that KSS and 1/Esp can
serve as interesting proxies for risk assessment. The bottom panel of Fig. 2 presents these results, showing the
fitted KSS (black stars with error bars) and 1/Esr (red pentagons with error bars), along with the relative risk
of pilot errors®!, represented by the dashed blue histogram with each data point (blue triangles with error bars)
centered at each clock-time group.

Workload patterns and self-rated fatigue and sleepiness scores

To shed light on the complex interactions between workload patterns and fatigue/sleepiness outcomes, several
rosters metrics of sample 2 (N = 263) were carefully analysed through a dedicated computer algorithm within the
168 h period prior to the questionnaire response times (see Methods). The Pearson’s correlations between all the
independent metrics and the fatigue/sleepiness outcomes are presented in Table 2, with statistically significant
results highlighted in bold, according to the criterion of p < 0.05. Among all metrics, the number of night-shifts
(NN s), total duty time [DT(h)], number of flight sectors (Ncrew) and number of sit times longer than one
hour (Nsrr) have statistically significant correlations with both SP and KSS scores. Additionally, the number of
short rests (NresT) and long duties (Npury ) are also significantly correlated with SP and KSS, respectively.
Although the absolute values of Pearson’s r were modest, statistically significant correlations at the 5% level were
obtained for some metrics, which is explained by the relatively large sample size.

Linear relationships were obtained between N s, DT(h), Ncrew, and Nsrr, as well as the sum of flight
sectors with long sit events Ncrew + Nsrr with both SP and KSS scores, and also Nrest versus SP and
Npury versus KSS, as shown in Fig. 3. All the fittings were done by grouping the workload metrics into suitable
intervals, where the number of bins (Ngroup) equals the number of degrees of freedom (N.D.F.) plus two. The
dispersions in the x-axis, whenever applicable, were also taken into account, such that the total variance of each
data point (SP or KSS) could be written as:

JZ = <8y/8x>2 ol 4 0507 (1)

Fatigue/sleepiness self-rated scores
Workload metric SP KSS

r p—value | r p—value
Nns 0.166 | 0.007 0.125 | 0.042
NcnNs 0.056 | 0.368 0.044 | 0.478
Ngs 0.075 | 0.223 0.036 | 0.561
DT(h) 0.208 | 0.001 0.176 | 0.004
NerEW 0.260 | <0.001 | 0.211 | 0.001
Nwoct 0.007 |0.907 0.035 | 0.572
Nsrr 0.180 | 0.003 0.163 | 0.008
NrEST 0.134 | 0.030 0.077 | 0.215
Npury 0.096 | 0.122 0.122 | 0.048
Ncrew + Nsir | 0.253 | <0.001 0.209 | 0.001

Table 2. Pearson’s correlations (r) and respective p—values between the workload metrics and fatigue/
sleepiness self-rated scores (SP and KSS) of sample 2 (N = 263).
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Fig. 3. Average SP (left) and KSS (right) scores (data points) and their standard errors (error bars) as a
function of workload metrics computed within 168 h prior to the questionnaire response times (sample 2, N
=263). The fitted functions are shown by the solid blue lines, where the dashed-dotted red and green lines
represent, respectively, their upper and lower limits considering a 95% CI. Details in the text.

where oy, is the standard error for SP (or KSS), o the standard error of the workload metric (x-error) and
(0y/0zx) the slope of the fitted function, which was calculated iteratively until its convergence. The results of
all the fittings are shown in Table 3, where all slopes proved to be statistically different from zero (uncertainties
smaller than the estimates), thus reinforcing the robustness of the relationships.

The fittings presented in Fig. 3 represent meaningful results to understand the relationships between several
workload metrics and the expected SP (or KSS) average values, considering an accumulated period of 168 h
before the assessment. On the other hand, these findings do not clarify a crucial question regarding fatigue risk
management: What is the relative probability of having a high fatigue (or sleepiness) score considering different
workload profiles? So, to address this question we conducted risk ratio calculations comparing groups of rosters
of sample 2 with different workload levels, also assuming that scores of SP > 6 or KSS > 7 do represent high
fatigue or sleepiness outcomes?®2732,

According to Shapiro-Wilk Normality tests, almost all metrics - except DT (p = 0.325)—are unlikely to
be generated by a normal distribution (p < 0.002). Consequently, the sample was divided into two Groups,
namely: G, which included all the workload values below the average (or at or below the medians), and
G, which included all values above the averages (or medians) for each distribution. The results of Risk Rations
between G4 and G _, obtained with 95% CI using SPSS version 25 are presented in Table 4, where we found
statistically significant figures for DT, considering both SP [7.111 (95% CI 1.659-30.481)] and KSS [2.844 (95%
CI 1.503-5.384)] scores, as well as, for Ncrew [2.515 (95% CI 1.399-4.519)] and Ncrew + Nsir [2.450
(95% CI 1.380-4.349)] considering KSS scores. Moreover, Table 4 also shows threshold values above which there
are less than 2.5% of events in each distribution, together with the actual fraction of events above these cutoff
parameters. As will be discussed in detail later, these thresholds are promising metrics do address fatigue and
sleepiness mitigation strategies in aircrew rosters.
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Fitting parameters

Function Intercept | Slope N.D.E X2 Probability (%)
DTxSP 2.71£0.22 | 0.031240.0075 h~1 |3 0.74 | 86.3
DTxKSS 3.31+0.31 | 0.040+0.012 K~ ! 3 3.99 |26.3
NN sxSP 3.13+0.14 | 0.227+0.076 3 6.77 | 8.0
Ny sxKSS 4.02+0.21 | 0.23+0.11 3 2.41 | 49.2
Nc rEWXSP 2.86+0.17 | 0.090+0.019 4 1.16 | 88.4
Nc rEwXKSS 3.61+£0.24 | 0.103+0.029 4 5.01 | 28.6
Nsr7xSP 3.18+0.13 | 0.171+0.052 4 097 | 914
Ngr7xKSS 3.98+0.18 | 0.220+0.074 4 1.08 | 89.7
(Ncrew + Nsi7)XSP 2.93+0.17 | 0.064+0.015 3 1.09 | 80.0
(Ncrew + NsrT)xKSS | 3.67+0.23 | 0.075+0.022 3 4.88 | 18.1
NRrESsTXSP 3.33+0.12 | 0.122+0.070 3 3.08 | 38.0
NpuTyxKSS 4.13+0.16 | 0.28+0.13 2 1.56 | 45.8

Table 3. Intercepts and slopes of the linear functions between workload metrics—computed within 168 h
prior to the questionnaire response times—and the self-rated fatigue (SP) and sleepiness (KSS) scores. Also
shown the number of degrees of freedom (N.D.E), the x? and the probability of exceeding the x? for each

fitting.
Risk ratio (G4 /G -) Mean or | Threshold | Fraction of

Variable SP > 6 KSS > 7 median | values excluded events
DT 7.111 (1.659-30.481) | 2.844 (1.503-5.384) | 25.4h 43.9h* 2.3%

Nns 0.960 (0.287-3.209) 0.995 (0.495-2.003) |2 4 0%

NcrREw 1.677 (0.658-4.270) 2.515 (1.399-4.519) | 7 15 1.9%

Nsrt 1.691 (0.668-4.280) 1.249 (0.711-2.196) |2 5 2.3%

Nerew + Nsrr | 1.810 (0.695-5.120) | 2.450 (1.380-4.349) | 9 19 1.9%

NrEST 1.521 (0.607-3.813) | 0.718 (0.395-1.304) | 1 4 0.8%

Npury 0.900 (0.304-2.666) | 1.513 (0.866-2.644) |1 3 1.5%

Table 4. Risk ratios G+ /G for high fatigue (SP > 6) and sleepiness (KSS > 7) scores and their 95%
confidence intervals for all workload variables with statistically significant Pearson’s correlations with SP
and/or KSS (see Table 2). Also shown the mean (or median), the threshold values and the actual fraction of
excluded events for each distribution. (*) For practical purpose the DT threshold was fixed at 44h.

Estimating maximum cumulative fatigue and sleepiness scores from roster workload
patterns: a novel Fatigue Risk Management approach
In this section, a novel fatigue risk management approach is proposed in order to estimate the maximum
cumulative fatigue and sleepiness scores by analysing roster workload patterns. The method also addresses the
impacts of mitigation strategies on both operational safety (i.e: reduction in the predictive scores of SP and KSS),
as well as on roster coverage (i.e: impacts on roster production). The approach is based on the implementation
of mitigations in some key workload metrics, such as DT, Ncrew and Ncrew + NsiT, keeping them below
or equal the threshold values that exclude less than 2.5% of the higher figures of sample 2 (see Table 4). These
workload metrics were chosen given their statistically significant risk ratios for either high fatigue (SP > 6) or
sleepiness (KSS > 7) scores found between G 1 and G —. Considering that these thresholds affect less than 2.5%
of each distribution one would expect small impacts on roster coverage during optimization processes.

The analyses are then performed via the implementation of the following steps:

1. First, we pick all non-augmented crew rosters of 2023 (sample 4) using a standardized 28-days epoch for all
months.

2. Second, we calculate the expected values of SP and KSS for each 168-h loop and each workload metric using
the corresponding fitted functions (see Table 3) plus a random value (negative or positive) normally distrib-
uted around zero (u = 0) with standard deviation equals to o, which is the propagated uncertainty of the
fitted functions (95% CI ~ 1.960).

3. Third, we collect the maximum value of SP and KSS considering all 168-h loops within 28 days for each
roster of 2023 (total of 3,610,145 loops).
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Fig. 4. Left upper/lower panels: Average maximum SP/KSS scores and their standard errors under the current
RBAC 117 rules (red squares/circles) and with the proposed mitigations (blue squares/circles). Also shown
the 2023 annual averages with mitigations (magenta lines) both for SP (upper) and KSS (lower) scores. Right
upper/lower panels: Maximum SP/KSS distributions under the RBAC rules (red histograms) and with the
proposed mitigations (blue histograms).

4. Fourth, we perform the same calculations of the previous steps, but include a mitigation strategy that re-
stricts some key workload metrics at their thresholds shown in Table 4, such that DT < 44h, Ncrew < 15
and Ncrew + Nsrr < 19 for each 168-hour loop.

Under this framework, it is possible to estimate the maximum values of SP and KSS (with or without mitigations)
by the combination of the analysis of all workload variables in each successive 168-hour loops for all the rosters
0f 2023 (N = 7149) and the fitted functions with their respective standard errors found in the previous section
(see Fig. 3 and Table 3 for details).

Considering the current RBAC 117 rules, the predicted average values and standard errors of the
maximum SP/KSS scores for each 28-day epochs of 2023 are presented by the red squares/circles in the upper/
lower left-hand panels of Fig.4. The blue squares/circles in the upper/lower left-hand panels represent the
average SP/KSS maximum values for the same epochs after applying the mitigations for DT, Ncrew and
Ncrew + Nsrr. The magenta lines show the mitigated annual averages for SPasax (4.1788 & 0.0026)
and KSSarax (5.2375 4 0.0038), obtained via the Least Squares Method (SP: x? =174, N.D.F. =11,
p = 9.8% and KSS: x? = 19.5, N.D.F. = 11, p = 5.3%).

The distributions of the maximum SP/KSS scores considering all 7149 rosters of 2023 under the RBAC
117 rules are presented by the red histograms in the upper/lower right-hand panels of Fig. 4, whereas the blue
histograms show the SP/KSS maximum scores distributions after applying the mitigations.

Considering all rosters of 2023 under RBAC 117 rules (without mitigation), the workload metrics of
DT, Ncrew and Norew + Nsir were associated with 70.1% (60.6%) of the highest predicted scores of
SP (KSS), reinforcing the relevance of these variables in the proposed mitigation. An overall analysis of the
workload metrics associated with the predicted highest values of SP and KSS can be found in subsection 2 of the
Supplementary Section.

Potential impacts of the proposed mitigations on roster coverage were also investigated, where we found
that over the 3,610,145 loops of all rosters of 2023, only 3.9%, 3.1% and 3.8% exceed the thresholds DT < 44h,
Ncrew < 15and Ncrew + Nsrr < 19, respectively. Combining the three workload metrics, only 6.7% of
all loops exceed at least one of the proposed limitations. The complete analysis of this impact can be found in
subsection 2 of the Supplementary Section.
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For the sake of completeness, the workload metrics were also calculated considering a 28-days epochs for all
rosters of 2023 (sample 4). The results are presented in subsection 3 of the Supplementary Section.

Discussion

The self-rated fatigue (SP) and sleepiness (KSS) scores obtained from the questionnaire responses showed
statistically significant Pearson’s correlations with SAFTE-FAST Effectiveness. Although the correlation
coefficients were modest, their statistical significance at the 5% level (p < 0.05) reflects the relatively large
sample size. Importantly, the linear relationships obtained (upper panels of Fig. 1) demonstrate small variations
of Esr for large variations in SP or KSS. In fact, varying the SP scores from 1 to 7, or KSS from 1 to 9, yields,
respectively, small decreases in Esr, typically from ~ 97.8% to 93.7%, or ~ 97.7% to 94.7%. Furthermore,
the slopes found between SP and SPs#(0.165 £ 0.043) and KSS and KSSs#(0.125 £ 0.041) (see Table 1)
indicate that just small fractions of the variations in the self-rated scores are being reflected in the software
outcomes (ideally, one would expect slopes close to unit and intercepts close to zero). Such results suggest the
limitations of the model to accurately reproduce perceptions of fatigue and sleepiness, as well as, evidences
of software outcomes with high false negative for fatigue/sleepiness considering the Brazilian scenario. As a
consequence, these results should be used with caution and not as the sole source of information to rule out the
likelihood of potentially high levels of fatigue and/or sleepiness in actual aircrew rosters. A possible explanation
for this finding would be that the model does not take workload effects into account when calculating F'sr (or
SPsr and KSSsr), probably causing an underestimation of fatigue and/or sleepiness perceptions in successive
168-h loops. Moreover, the inverse of Esr in sample 3 does not vary considerably between 06h00 and 24h00,
in contrast with the circadian oscillations found for SP and at some extent also for KSS (see upper and middle
panels of Fig. 2, respectively). In fact, the averages of 1/ Esr, normalized to the SP (or KSS) scores of groups
2 (from 06h00 to 11h59) and 3 (from 12h00 to 17h59) present modest peaks within 0h00 and 05h59, but do
not reproduce the increase in fatigue (or sleepiness) perceptions between 18h00 and 23h59. Once again, the
peak in the self-rated SP—and qualitatively also in KSS—during the evening could be associated with the
effects of workload, a feature not included in the calculation of E'sr. Importantly, recent versions of SAFTE-
FAST include the Combined Capacity metric, which integrates Effectiveness, Sleep Reservoir, and Workload to
identify conditions of high compound fatigue risk when cognitive demands exceed operator capacity. While this
functionality is valuable for operational insights and fatigue risk management, it does not modify the fatigue
indicators of the model itself—particularly Effectiveness, which remains the main variable used by operators for
decision-making.

The circadian oscillations observed in both the self-rated sleepiness scores and the inverse of SAFTE-FAST
effectiveness (sample 3, N = 216) are quantitatively associated with the relative risk of pilot errors in the cockpit
(see the lower panel of Fig. 2), underscoring the ability of both metrics to reproduce objective FDM data. Despite
the large uncertainties involved (see Limitations), this finding suggests that errors in the complex cockpit
environment aligns with both perceived sleepiness (KSS) and 1/Es .

The linear relationships found between seven workload metrics—computed within 168 h prior to the
questionnaire responses—and both SP and KSS scores of sample 2 (see Fig. 3 and Table 3) demonstrate how
fatigue/sleepiness perceptions increase with respect to roster’s characteristics. Furthermore, the risk ratios
for high fatigue (SP > 6) or sleepiness (KSS > 7) scores when comparing groups G and G_ (see Table 4)
indicate statistically significant figures for the total duty time (DT) both for SP and KSS, and for the number
of flight sectors (Ncrew) and the aggregated metric (Ncrew + Nsrr) with KSS. Such findings make clear
the benefits of mitigation strategies to eliminate extreme situations via the inclusion of threshold values that
exclude only few percent (herein fixed at or below 2.5%) of the respective metric distributions (see Table 4).
Obviously, these thresholds based on a cut-off of less than 2.5% of each distribution are arbitrary and likely
extreme values, but they demonstrate the potential of this new approach to mitigate the risk of high scores of
fatigue and sleepiness with the likelihood of minimal impact on roster optimization processes. In this sense, for
the purpose of fatigue risk management, operators should analyse the benefits of the mitigations, increasing cut-
off values and verifying their impacts on roster coverage (see the Safety Recommendations section).

The analysis of all 2023 rosters (sample 4, N = 7149) via the linear relationships found for sample 2 (N = 263)
propitiated a robust method to estimate maximum values of fatigue (SP) and sleepiness (KSS), as presented in
Fig.4. The novel approach calculates the maximum fatigue and sleepiness scores for each 168-h loop and selects
the global maximum within a 28-day epoch for each roster. It also takes into account the uncertainties of the
fitted functions (see Fig. 3) using a Monte Carlo sampling technique, thus ensuring that the final results reflect
the covariance matrix of the fitted parameters and, ultimately, the variance of the fitted data of sample 2 (see also
the Limitations section).

The results of the averaged maximum values of SP (KSS) for each month of 2023 are presented by the red
squares (circles) in the left-upper (lower) panels of Fig. 4. The predicted averages of SPyvax (KSSmax) scores
after mitigations are 2.5% (2.3%) lower, when compared with the actual RBAC 117 rules, as shown by the
fitted magenta lines in the left-upper (lower) panels of Fig. 4. Indeed, the mitigated annual averages found for
SPyax (4.1778 £ 0.0026) and KSSmax (5.2375 £ 0.0038) do represent very precise figures, with uncertainties
of 0.06 and 0.07%, respectively. Despite the modest decrease in the annual averages of SPyax (KSSwmax) after
applying the mitigations, their effectiveness and benefits to reduce higher scores are evident via the inspection
of the upper (lower) right panels of Fig. 4. The blue histograms show a significant reduction of the higher
values of the distributions both for SPyax (upper) and KSSyax (lower), when compared with the non-
mitigated scenario (upper and lower red histograms, respectively). The combined thresholds for DT, Ncrew
and Norew + Nsrr are exceed in only 6.7% of the total 3,610,145 loops analysed, thus demonstrating the
applicability of the mitigations with minimal impact on rosters production.
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Limitations of the study

Despite that this study includes several rosters from the same individual, the self-rated SP and KSS assessments
were made just once in time. Consequently, the individual variations along time and with respect to different
roster’s characteristics could not be captured. Such cross-sectional method limits the statistical robustness of the
sample when associating workload metrics with fatigue and sleepiness outcomes (sample 2). In fact, considering
the multinomial character of both SP and KSS scores, one would expect sigmoid shapes between these data and
the workload metrics, instead of linear relationships, which are not bounded within asymptotic maximum/
minimum values. On the other hand, the limitations related with the linear assumptions were at some extent
taken into account in the uncertainty ranges of the fitted functions, which depend on the variance matrix of
the data. In this regard, it is still feasible and very insightful to extrapolate the results found for sample 2 for
the analysis of all 7149 rosters of 2023. Ideally, longitudinal experiments with objective sleep measurements
and multiple fatigue and sleepiness assessments for the same individual—as the one proposed recently**—
are very welcome to capture individual random effects and provide a better understanding of the complex
relationships between workload and fatigue or sleepiness. The association of pilot errors in the cockpit with self-
rated KSS scores and the inverse of SAFTE-FAST effectiveness (see lower panel of Fig. 2) should be interpreted
with caution. Uncertainties in the data (error bars)—particularly during the dawn—limit a more rigorous test
(typically ~ 10% for pilot errors, ~ 9% for KSS and ~ 4% for 1/Egsr). Specifically for perceived sleepiness,
a dedicated experimental design with multiple responses from the same individual, focused only on shift days,
would provide more robust statistics and allow more granular clock-time intervals.

Albeit being a useful approach to estimate cumulative self-rated SP and KSS scores based on roster’s
workload metrics, the results herein obtained might have been affected by the COVID-19 outbreak, mostly in
2021 and 2022. In addition, the proposed task-related workload metrics do not exhaust the cognitive demands
in the complex aviation environment that also depends on weather conditions, air traffic, abnormal airplane
configurations, flight disruptions, to name a few.

Other minor limitation of the study is related with the non-inclusion of home standby duties, which, as
mentioned previously®, are indistinguishable from days off in our analyses.

Safety recommendations

This section summarizes our main findings and the associated safety recommendations applicable for non-
augmented minimum crew passenger flights dedicated to short/medium haul operations in Brazil. We also
provide insights for best practices for the use of bio-mathematical models, as well as a novel data-driven fatigue
risk management approach.

Mitigations in the RBAC 117 rules
Considering our predictions for cumulative fatigue and sleepiness, it is recommended that the following
limitations are considered in planned and executed rosters:

1. Total Duty Time (DT): The total duty time, excluding home standby duties, should be limited to 44 h for each
168-h period in the roster. This limit should not apply for long-haul international flights.

2. Flight Sectors (Ncrew ): The number of flight sectors should be less than 16 for each 168-h period of the
roster.

3. Flight Sectors plus Sit Times longer than 1 h (Ncrew + Nsr7): The number of flight sectors plus the num-
ber of sit times longer than 1 h should be less than 20 for each 168-h period in the roster.

Best practices of using bio-mathematical models

According to ICAO DOC 9966!, bio-mathematical models do not constitute an FRMS on their own, but are
only one tool of many that may be used within an FRMS”. Additionally, ICAO brings an implication for States,
which “should not rely on bio-mathematical models as the sole means of evaluating the effectiveness of a Service
Provider’s FRMS”. In this regard, bio-mathematical models should not be used as the sole information for “GO”
decisions in the following scenarios (given the likelihood of high false negative results for fatigue):

1. Decisions that allow more flexible prescriptive limits.
2. Decisions that disqualify a fatigue report from aircrew.
3. Decisions that discard the likelihood of fatigue in rosters with relevant workload.

Data-driven fatigue risk management approach
For the purpose of managing workload, fatigue and sleepiness, Operators and Scheduling Personnel should:

1. consider the workload metrics of DT, Ncrew and Ncrew + Nsrr as Key Performance Indicators (KPI)
during the rostering optimization processes. These parameters should be kept as low as reasonably achieva-
ble for every 168-h period for each individual.

2. consider limiting the total duty time to 44 hours or less, the total number of flight sectors to less than 16 and
the sum of flight sectors and sit periods longer than one hour to less than 20 at each 168-h loop during the
rostering optimization processes.

3. evaluate the benefits of fatigue risk mitigations in DT, Ncrew and Ncrew + Nsrr—computed at every
168-h period—via the analysis of their relationships with the available operational indicators, such as, ex-
ceedances in Flight Data Monitoring, hard landings, missed approaches, as well as medical records, among
others.
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Conclusions

This work proposes a novel approach to investigate the complex relationships between workload metrics and
self-rated fatigue (Samn-Perelli, SP) and sleepiness (Karolinska, KSS) scores. The study also addresses the
limitations of bio-mathematical models that may provide high false negative results that do not accurately
reflect the perceptions of fatigue and sleepiness, which are most likely associated with roster’s characteristics,
in addition to the main model ingredients related with the homeostatic sleep process and circadian rhythms.

Conversely, after fitting a single multiplicative constant, the time-of-day averages of both KSS and the inverse
of the SAFTE-FAST effectiveness fit the relative risk of pilot errors in the cockpit’!, indicating that these metrics
can serve as interesting proxies for risk assessment.

The linear relationships found between workload metrics and SP (or KSS) scores provided a consistent
method to estimate peak values of accumulated fatigue and sleepiness for every 168-h loop. The risk ratios for
high fatigue (SP > 6) or sleepiness (KSS > 7) comparing groups G and G (see Table 4) are statistically
significant for the total duty time (DT) both for SP and KSS, and for the number of flight sectors (Ncrew)
and the sum of flight sectors with sit times longer than one hour (Ncrew + Nsrr) with KSS. These workload
variables are also associated with 70.1% (60.6%) of the highest predicted scores of SP (KSS) considering all
rosters of 2023, representing key metrics for safety recommendations either for the regulatory framework, as
well as for fatigue risk management approaches. Applying the mitigations DT < 44h, Ncrew < 15 and
Ncrew + Nsrr < 19 for every 168-h interval yields a significant decrease in the higher values of SP and KSS
with minimal impact (6.7% of all loops of 2023) on roster coverage.

Further longitudinal experiments with objective sleep measurements and multiple fatigue and sleepiness
assessments are very welcome to provide more robust results with the possibility of implementing daily analyses
and mitigations, in addition to the cumulative (weekly) approach proposed here.

Data availability

The results presented in Figs. 1, 2, 3 and 4 can be accessed in electronic format upon request to tulio@if.usp.br.
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