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ARTICLE INFO ABSTRACT

Keywords: X-ray screening of passenger baggage at airports is performed in different work settings. In local cabin baggage
Work environment screening (LCBS), airport security officers (screeners) analyse X-ray images of passenger bags at the checkpoints
Noise

where they are exposed to noise and social stress from passengers. In remote cabin baggage screening (RCBS),
screeners work in remote, quiet, and office-like environments. The primary aim of this study was to compare the
screening performance in LCBS and RCBS. In addition, we examined the effects of time on task and task load in
both work settings. Using linear mixed models, we analysed threat image projection (TIP) data from 1706
screeners collected over two years (669,168 TIP events). The results showed better detection of prohibited ar-
ticles (higher hit rate) and longer processing times in RCBS than in LCBS. In both settings, we found a decrease in
the hit rate with increasing time on task, and this decrease was stronger when the task load was high. Inter-
estingly, the effects of work setting, time on task, and task load were relatively small compared with the inter-

Social stressors

Visual search

Time on task

X-ray baggage screening

individual differences in performance across screeners.

1. Introduction

Before entering an aircraft, passengers and their baggage are
screened for prohibited items (International Air Transport Association,
2019). Airport security officers (screeners) visually inspect X-ray images
of passenger baggage in order to decide whether they are harmless or
suspicious and need to be analysed in a secondary search using manual
bag search, explosive trace detection, and other methods (Dorton and
Liu, 2016; Sterchi and Schwaninger, 2015). In this job, it is important to
make the correct decisions and to make them promptly. Ensuring no
prohibited items are on board the airplane is central to passenger se-
curity and safety. However, each false alarm (i.e., sending a harmless
bag to a secondary search) negatively impacts passenger throughput
(Dorton and Liu, 2016; Sterchi and Schwaninger, 2015). Hence,
providing a work environment that ensures high detection of prohibited
items and good throughput is highly relevant for the airport security
industry. Airports use different work settings to screen baggage. In local
cabin baggage screening (LCBS), screeners analyse X-ray images of
passenger bags at checkpoints where they are exposed to noise and so-
cial stress from passengers (Michel et al., 2014). In remote cabin

* Corresponding author.

baggage screening (RCBS), screeners work in remote, quiet, office-like
environments (Buser and Merks, 2020; Kuhn, 2017). Although both
work settings are applied in airports, little is known about their impact
on screening performance. To close this research gap, the primary aim of
this study was to compare the screening performance of LCBS and RCBS.
In addition, we examined the effects of time on task and task load in both
work settings. Using linear mixed models, we analysed large volumes of
field data (screener decisions on 642,035 X-ray images of passenger
bags) from an international European airport that used both work set-
tings. In the remainder of the introduction, we discuss cabin baggage
screening. We then explain LCBS and RCBS. This is followed by a dis-
cussion of previous studies on noise and social stress. Finally, we
conclude by introducing the present study and its expected results.

1.1. Baggage screening

Baggage screening is a visual inspection task that involves searching
and decision making (Koller et al., 2009; Wolfe and Van Wert, 2010).
This task is challenging because of low target prevalence, having to
search for an unknown target set, the possible presence of multiple
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targets, and variation in target visibility (for reviews, see Biggs and
Mitroff, 2015; Donnelly et al., 2019). Factors influencing screening
performance include image-based factors (Schwaninger et al., 2005;
Bolfing et al., 2008), screeners’ aptitude and cognitive abilities (Hard-
meier et al., 2005; Hattenschwiler et al., 2019; Peltier and Becker, 2017,
2020), and the quality and amount of computer-based training (Halb-
herr et al., 2013; Koller et al., 2008; McCarley et al., 2004; Schuster
et al., 2013). Findings from other studies suggest that screening per-
formance varies with time on task (Basner et al., 2008; Buser et al., 2020,
2023; Ghylin et al., 2007; Meuter and Lacherez, 2016; Rubinstein, 2020)
and task load (Buser et al., 2023; Meuter and Lacherez, 2016; Rieger
et al., 2021). Specifically, the hit rate decreased with time on task, and
this decrease was accelerated when task load was high (Buser et al.,
2023; Meuter and Lacherez, 2016). Environmental stressors such as
noise (Yu et al., 2015) and social stressors (Marin et al., 2007; Michel
et al., 2014) have also proven to be relevant to performance in X-ray
baggage screening.

1.2. Centralised image processing, LCBS, and RCBS

While screening cabin baggage for prohibited articles, screeners are
typically positioned at an X-ray machine at the checkpoint and receive
image input exclusively from this X-ray machine. However, some air-
ports network their X-ray machines and process their images centrally.
With centralised image processing (CIP) (Buser and Merks, 2020; Kuhn,
2017), screeners can inspect images from X-ray machines located else-
where (e.g., in other lanes). CIP allows airports to allocate personnel
resources more flexibly and efficiently by eliminating the one-to-one
relationship between the screener and the X-ray machine. Moreover,
this approach allows for more options regarding where screening takes
place: pooled X-ray images can be distributed to analyst stations located
in the lanes next to the X-ray machines (LCBS), or they can be analysed
remotely in a separate room (RCBS; Buser and Merks, 2020; Kuhn,
2017). Although RCBS is a recent development in cabin baggage
screening, it has been operational for screening hold baggage since
many years (Belyavin, 2014; Lazarick, 2001). An airport can use one CIP
system to employ a mix of LCBS and RCBS, allowing screeners to use the
same user interface regardless of whether they work locally or remotely.
Fig. 1 illustrates the two work settings, LCBS and RCBS.

1.3. Effects of noise and social stress

Conveyor belts with trays and baggage, chatting passengers, public
announcements, and other sources make checkpoints noisy. Based on
field studies at several US airports, [hrig (2017) reports ambient noise
levels in LCBS between 56 and 68 dBA, with an average noise level of 63
dBA (measured without nearby announcements and transient noise).

International Journal of Industrial Ergonomics 102 (2024) 103598

The noise levels in RCBS are much lower, because screeners work in a
remote, quiet, office-like environment separated from the busy check-
points (Kuhn, 2017; Wetter, 2013). The noise levels in RCBS are typi-
cally around 40 dBA, comparable to the noise levels in offices (e.g. Delle
Macchie et al.,, 2018). Moreover, whereas screeners in LCBS often
experience social stress from difficult and impatient passengers (Bolfing
and Schwaninger, 2009; Michel et al., 2014), they have no such expo-
sure in RCBS. Using different tasks, previous studies found that envi-
ronmental noise and social stress can affect human performance. Several
studies have shown that noise can affect cognitive performance (Ban-
bury and Berry, 2005; Boggs and Simon, 1968; Broadbent, 1954; Dalton
and Behm, 2007; Hygge and Knez, 2001; Smith, 1988; Taylor et al.,
2004; Warner and Heimstra, 1971). Moreover, airport security screeners
reported that noise affects baggage screening (Michel et al., 2014); and
in a simulated baggage screening task, Yu et al. (2015) found that
background speech slowed down processing times. Social stress can also
lower performance by reducing the cognitive and emotional resources
that can be committed to a task (Hershcovis and Barling, 2010).
Furthermore, direct exposure to impatient passengers waiting for their
baggage to be checked might induce time pressure, and time pressure
has been shown to impact visual search performance (Fleck et al., 2010;
Rieger and Manzey, 2022). Performance decrements under high time
pressure have also been observed in a simulated X-ray baggage
screening task (Rieger et al., 2021). Moreover, evidence from field
research indicates that long passenger queues cause screeners to speed
up their inspections (Marin et al., 2007). In summary, several studies
have found that noise and social stress can negatively affect performance
in different tasks. However, most of these studies were based on labo-
ratory experiments with students, and no previous study has compared
LCBS and RCBS with airport security screeners in the field.

1.4. Present study

Comparing screening performance in LCBS and RCBS is theoretically
interesting and practically relevant because of the increasing interest in
RCBS in airports in recent years (Buser and Merks, 2020; Kuhn, 2017). In
this study, we analysed a large sample of screener data from a European
airport with LCBS and RCBS work settings. We compared screening
performance in terms of detecting prohibited articles (hit rate) and the
time required to analyse the X-ray images (processing time). The pro-
cessing time may provide additional information on the mechanisms
underlying the potential differences in hit rate. We expected that the less
distracting environment in the RCBS and the absence of confrontations
with queuing passengers and socially induced time pressure would
result in higher hit rates in RCBS than in LCBS. Previous studies have
found that time on task (Basner et al., 2008; Buser et al., 2020, 2023;
Ghylin et al., 2007; Meuter and Lacherez, 2016) and task load (Buser

Fig. 1. Work settings in LCBS and RCBS.

Note. Illustrations of (A) local cabin baggage screening (LCBS) and (B) remote cabin baggage screening (RCBS). In LCBS, screeners analyse X-ray images of passenger
bags at checkpoints where they are exposed to noise and social stress from passengers. In RCBS, screeners work in remote, quiet, office-like environments separated

from the checkpoints.
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et al., 2023; Meuter and Lacherez, 2016; Rieger et al., 2021) can reduce
screening performance, and that screening performance decreases more
with time on task when task load is high (Buser et al., 2023; Meuter and
Lacherez, 2016). We expected a similar pattern in our study. However,
although negative effects of time on task and task load have been found
in both LCBS (Meuter and Lacherez, 2016) and RCBS (Buser et al.,
2023), itis unclear whether these effects are equally pronounced in both
work settings. Therefore, we analysed whether the effects of time on task
and task load differed between LCBS and RCBS.

2. Method
2.1. Sample

Analyses were based on performance data from 1482 screeners who
had worked at a European airport over two years. The same screeners
worked in both work settings, analysing images in LCBS and RCBS. The
same CIP system (with 2D multi-view X-ray imaging technology) was
used for both work settings. It logged the screener identity, analyst
station location, and screening performance. Due to the CIP system used
at the airport, false alarm rates and processing times for target-absent
images (i.e., images of bags that do not contain prohibited articles)
were unavailable. However, we analysed the screening performance on
so called threat image projection images, which is explained in the next
section. The CIP data showed only the total of number of processed X-ray
images per screener at the day level and did not distinguish between
work settings. The task load could therefore only be traced back to a
specific work setting for days when screeners had worked in either LCBS
or RCBS. We only included such days in the analysis (1706 screeners and
669,168 TIP events representing 69.6% of all TIP data).

2.2. Screening task and threat image projection

Work at the security checkpoint is typically organised in teams, with
members rotating through different positions during their shift. In
addition to the X-ray image analysis of passenger baggage, work rotation
typically includes other positions such as the manual search of passen-
gers or helping passengers divest their belongings. Screeners screen
cabin baggage for up to approximately 20 min before proceeding to the
next position and usually complete several screening sessions (periods
during which a screener is actively working at an X-ray screening po-
sition) per work shift. Screeners rarely encounter threat items such as
bombs and guns during routine baggage screening. Because the detec-
tion of targets can become worse when they are rare (Godwin et al.,
2010; Wolfe et al., 2005, 2007), many airports use threat image pro-
jection (TIP) to artificially increase screeners’ exposure to threat items.
TIP systems project pre-recorded X-ray images of threat items (fictional
threat images, FTIs) onto images of a random selection of passenger bags
screened at the checkpoint (Cutler and Paddock, 2009; Hofer and
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Schwaninger, 2005; Schwaninger, 2006; Skorupski and Uchronski,
2016). Therefore, a predefined percentage of the images inspected by
screeners contain a projected FTI (Fig. 2). If the screener suspects a
threat in an X-ray image, they indicate this by pressing a button or
marking the threat’s location. If a suspected threat is a projected FTL, the
TIP system informs the screener of the successful detection. The screener
is also informed if they miss an FTL For each TIP image, the system
records the time it was analysed, whether it was detected or missed, and
how long the image was displayed before the screener indicated their
decision. Therefore, TIP can be used not only to tackle rarely occurring
threats during daily screening routines but also to assess the individual
performance of screeners (Buser et al., 2023; Cutler and Paddock, 2009;
Hofer and Schwaninger, 2005; Meuter and Lacherez, 2016).

2.3. Design

We compared the hit rate and processing time as dependent variables
by analysing TIP data from an international airport with both work
settings. We included the work setting (RCBS vs LCBS), time on task, and
task load as independent variables in our analyses. We examined main
effects and interactions. Because screening performance might depend
on baggage characteristics that potentially change with the season, we
included season as a control variable in our analyses.

2.4. Measures

The hit rate was defined as the percentage of detected FTIs. The
processing time was defined as the time between the appearance of an X-
ray image on the screen and when screeners pressed the respective
button to indicate their decision on whether the image contained a
prohibited article. Processing times were examined separately,
depending on whether screeners detected a target (PTh;) or missed it
(PTpiss)- They were log-transformed to normalise the residuals and
standardised (using a z transformation) before model fitting (Weisberg,
2005). The variable screening location indicates whether the image was
analysed while the screener was working either in the lane (i.e., in LCBS)
or remotely (i.e., in RCBS). Time on task was calculated as the time
elapsed since the first event of the session. Furthermore, task load was
calculated as the total number of bags analysed by the screener on that
day divided by the total screening duration on the same day. To calcu-
late the latter, we computed the duration of each session as the time
from the first reported event (i.e., hit, miss, or non-TIP alarm) within a
session to the last reported event within the same session. Time on task
and task load were standardised (following a z transformation) prior to
model fitting. To control for seasonal effects on the TIP hit rate owing to
seasonal differences in baggage characteristics, the variable season was
included in the analyses by dividing the year into six 2-month bins
(starting in January and February).
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X-ray image of a
real passenger bag
being screened

Fig. 2. Threat image projection (TIP) in cabin baggage screening.

item (FTI)

TIP image
shown to
the screener

Note. TIPs are X-ray images of real passenger bags containing a projection of a pre-recorded fictional threat item (FTI). Adapted from Schwaninger (2006).
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Table 1
Compared models for hit rate and processing times.

International Journal of Industrial Ergonomics 102 (2024) 103598

Model 1
Model 2
Model 3
Model 4

Model 1 + Time on task x Task load

Screening location + Time on task + Task load + Season + (1|Screener) + (1|Session)

Model 1 + Screening location x Time on task -+ Screening location x Task load
Model 2 + Screening location x Time on task + Screening location x Task load + Screening location x Time on task x Task load

Note. Model specifications tested during model comparisons for hit rate and processing times.

2.5. Exclusions

On rare occasions, the task load was unreasonably high, reaching up
to 86 bags per minute. This may have been due to data-logging problems
in the CIP system. Days with a task load of more than 30 images/min
suggested improbably low average processing times of less than 2 s per
image. They were thus excluded from the analyses (excluding 1987
decisions, ~0.3% of the data). For all analyses, decisions were excluded
for screeners who worked in only one of the two work settings over the
analysed period (963 decisions, ~0.1% of the data). Airports usually
analyse TIP performance only for screeners who have analysed at least
20 TIP images over six months. Therefore, we excluded screeners with
an average of fewer than 20 decisions on TIP images in total or fewer
than 40 per year during the observation period (excluding 991 decisions,
~0.1% of the data). To remove irregular sessions, sessions shorter than
5 min (e.g., due to logins for system testing) or longer than 25 min (e.g.,
because screeners did not log out properly after screening) were
excluded (excluding 21,122 decisions, ~3.2% of the data). Because
screening activity was very low at night, we excluded images recorded
during night shifts between 10 p.m. and 3 a.m. (excluding 2070 de-
cisions, ~0.3% of the data). In total, 25,063 decisions (3.8%) were
excluded from the final analysis. The final dataset used for the model
calculations contained the decisions of 1482 screeners made on 642,035
TIP images; 58% were analysed in the lane (LCBS) and 42% were ana-
lysed in the remote room (RCBS).

2.6. Analyses

Due to the data’s hierarchical structure (decisions nested within
sessions that are nested within screeners), data were analysed using
mixed models (Snijders and Bosker, 2012). All models included the user
and session as random factors. Models were fitted using the lmer and
glmer functions of the Ime 4 package (Kuznetsova et al., 2017) in R (R
Core Team, 2020). Reported p values were computed using the Sat-
terthwaite formula for degrees of freedom. The hit rate was analysed by
fitting a logistic mixed model using the maximum likelihood [ML] and
Nelder-Mead optimisation methods. The processing times were
modelled by fitting linear mixed models using restricted maximum
likelihood [REML] and nloptwrap optimisers. We analysed PTp;; and
PTp,iss separately because positive (hits) and negative responses on tar-
get-present images (misses) are considered to follow distinct search
dynamics. Positive responses are typically faster than negative responses
(Koller et al., 2008; Rieger et al., 2021; Wolfe, 1998; Wolfe and Van
Wert, 2010). To select the appropriate model for each dependent vari-
able (hit rate, PThj;, and PTpss), we first tested a model with only the
main effects against a model that also included the interaction time on
task x task load. An interaction was included when the likelihood ratio
test indicated improved model fit. We then tested either the main effect
or interaction model against a model that also included the interactions
of screening location with all other independent variables in the model
but not the control variable season. Table 1 presents the models we
compared to each other.

3. Results

For the hit rate and PTy,s, the interaction time on task x task load
improved the model fit. However, including interactions with screening

location increased the model fit only for PTy;ss. For PTy;;, the interaction
time on task x task load did not improve the model fit. However, the
model fit increased when interactions with screening location were
included. Table 2 presents the model comparisons and final models for
each dependent variable. Fig. 3 shows the marginal effects of time on
task on the hit rate (top), PThj; (bottom left), and PTy,jss (bottom right),
depending on screening location and task load. For readability, esti-
mates and confidence intervals were back-transformed to absolute rates
and processing times without any bias correction. The logistic mixed
model for the hit rate revealed a significant main effect of screening
location (b = 0.104, SE = 0.010, p < .001), indicating that the hit rate
was higher for the RCBS than for the LCBS. Main effects for time on task
(b = —0.025, SE = 0.004, p < .001) and task load (b = —0.019, SE =
0.004, p < .001) were also significant, indicating that hit rate decreased
with increasing time on task and task load. Moreover, a significant task
load x time on task interaction was found (b = —0.009, SE = 0.004, p =
.017), indicating that the hit rate decreased more strongly with time on
task when task load was high compared to when task load was lower.
Table 3 shows the estimated odds ratios and confidence intervals for all
variables in the model. For PTy;;, there was a significant main effect of
screening location (b = —0.070, SE = 0.003, p < .001). Moreover, there
was a significant main effect of task load (b = —0.047, SE = 0.002, p <
.001) and a significant task load x screening location interaction (b =
—0.027, SE = 0.003, p < .001). This indicated that PTy;; decreased more
strongly with increasing task load in the RCBS than in the LCBS. The
main effect of time on task (b = 0.003, SE = 0.002, p = .053) was not
significant. However, a significant time on task x screening location
interaction was found (b = —0.007, SE = 0.002, p = .004), whereby PTy;;
decreased with time on task in the RCBS and not in the LCBS (Fig. 3). The
regression outputs and confidence intervals of the model on PTy; are
listed in Table 4 (left). For PTy;ss, there were significant main effects of
screening location (b = 0.088, SE = 0.008, p < .001), time on task (b =
—0.045, SE = 0.004, p < .001), and task load (b = —0.122, SE = 0.004, p
< .001). The interaction time on task x task load was also significant (b
= —0.018, SE = 0.003, p < .001). This indicated that PTy,;ss decreased
more strongly with time on task when the task load was high. Moreover,
the interactions for time on task x screening location (b = —0.015, SE =
0.007, p = .022) and task load x screening location (b = —0.018, SE =
0.008, p = .028) were significant, indicating stronger negative effects of
time on task and task load in the RCBS than in the LCBS. A significant
three-way interaction for time on task x task load x screening location
was found (b = —0.020, SE = 0.008, p = .010). This indicated that the
negative effect of time on task was amplified more strongly by task load
in the RCBS than in the LCBS. Table 4 (right) lists the regression outputs
and confidence intervals of the model on PTypiss.

4. Discussion

With RCBS, airport security screeners can work in a quiet, office-like
environment away from busy checkpoints (LCBS) where screeners are
exposed to noise and social stress from passengers (Bolfing and
Schwaninger, 2009; Buser and Merks, 2020; Kuhn, 2017; Michel et al.,
2014). The primary aim of this study was to compare screening per-
formance in LCBS and RCBS. To this end, we analysed extensive TIP data
from an international European airport. We further investigated
whether the effects of time on task and task load differed between the
two work settings. We found a higher hit rate and longer processing time
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Table 2
Model comparisons and final models for hit rate and processing times.
AIC Loglik Deviance xz Df P
Test whether including the interaction time on task x task load improved model fit
Hit rate Model 1 460427 —230202 460405 - - -
Model 2 460423 —230200 460399 5.410 1 .020*
PThit Model 1 1475011 —737494 1474987 - - -
Model 2 1475012 —737493 1474986 0.765 1 .382
PThiss Model 1 193081 —96528 193057 - - -
Model 2 193037 —96505 193011 45.856 1 <.001%**
Test whether including interactions with screening location improved model fit
Hit rate Model 2 460423 —230200 460399 - - -
Model 4 460426 —230198 460396 3.199 3 .362
PThic Model 1 1475011 —737494 1474987 - - -
Model 3 1474942 —737457 1474914 72.759 2 <.001***
PThiss Model 2 193037 —96505 193011 - - -
Model 4 193030 —96499 192998 13.168 3 .004**

Note. PTy; = Processing time for hits; PTy,;ss = Processing time for misses; AIC = Akaike’s information criterion; Loglik = log likelihood; X2

= chi-square test statistic;

Df = difference in degrees of freedom of the compared models. The final model for each dependent variable is shown in bold. *p < .05. **p < .01. p*** < .001.

Hit rate
LCBS | RCBS
92
90
- Task load
I
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T 88 E " .
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0 5 10 15 20 25 0 5 10 15 20 25
Time on task [min]
Processing time for hits Processing time for misses
LCBS i RCBS | LCBS [ RCBS |
12 12
. . \
o ° \
§ 3 \
= 10 = 104
[e)] (=]
= [ =]
%] 1%}
[0] [0}
Q Q
<] o 4l
&84 i 8
- —
——
6 64

15 20 25 0 5 10 15 20 25

Time on task [min]

0 5 10

15 20 25 0 5 10 15 20 25

Time on task [min]

0 5 10

Fig. 3. Marginal effects of time on task on hit rate and processing times for hits and misses.
Note. Hit rate (top) and processing times (bottom) are shown based on model predictions for screening location, time on task, and three different levels of task load

(average task load, +1 SD).

in RCBS compared to LCBS. In both working settings, the hit rate and
processing times for misses decreased with time on task, whereby the
decrease in the hit rate was stronger when task load was high.

4.1. Remote cabin baggage screening versus local cabin baggage screening

At airport security checkpoints, various factors contribute to noise
levels, including conveyor belts with trays and baggage, passenger
conversations, and public announcements. In LCBS, background noise

levels of 56-68 dBA have been reported, dependent on the size and ar-
chitecture of the security checkpoint (Ihrig, 2017). However, in RCBS,
screeners operate in a quieter, office-like environment away from the
bustling checkpoints. Here, noise levels are significantly lower (Kuhn,
2017; Wetter, 2013), usually around 40 dBA, comparable to typical
office noise levels (Delle Macchie et al., 2018). Additional measurements
that we conducted at an international European airport confirmed
substantial differences regarding the average noise levels in the two
work settings (we measured an average of 65 dBA in LCBS and 32 dBA in
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Table 3
Fixed effects, random effects, and variance explanation of the mixed model for
the hit rate.

Predictor Hit rate

Odds ratios 95% CI P
(Intercept) 6.652 [6.403, 6.911] < .00
Screening location [RCBS] 1.109 [0.984, 0.998] <.001*
Time on task 0.974 [0.967, 0.982] < .001%**
Task load 0.981 [0.973, 0.990] < .001%**
Time on task x Task load 0.991 [0.984, 0.998] 017*
Season [2] 0.978 [0.949, 1.007] 131
Season [3] 0.923 [0.896, 0.951] < .001%**
Season [4] 0.917 [0.891, 0.944] < .001%**
Season [5] 0.988 [0.959, 1.017] .402
Season [6] 1.101 [1.087, 1.132] < .001%**
Random effects
¢* 3.29
7% Session .08
7% User .28
ICC .10
N User 1482
N Session 334,116
Observations 642,035
Marginal R%/conditional R* .002/.101

Note. 62 = residual variance or within-subject variance; 7°° = random intercept
variance or between-subject variance; marginal R> = variance explanation
through the fixed effects; conditional R> = variance explanation through the
fixed and random effects; ICC = intraclass correlation. *p < .05. ***p < .001.

RCBS). In our study, as expected, screeners showed a higher detection
rate of prohibited articles (hit rate) in RCBS than in LCBS. This is
consistent with Michel et al. (2014) who reported that screeners
perceive noise as relevant to baggage-screening performance. Moreover,
several studies using different tasks, mostly in the laboratory with stu-
dents, have shown that environmental noise can be distractive and can
lower cognitive performance on various tasks (e.g., Banbury and Berry,
2005; Dalton and Behm, 2007; Hygge and Knez, 2001; Smith, 1988; see
Szalma and Hancock, 2011, for a comprehensive review). Studies on
visual search and signal detection under noisy conditions imply that
ambient noise can be especially relevant for search performance when
task complexity is high (Boggs and Simon, 1968; Broadbent, 1954;
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Warner and Heimstra, 1971). However, the effects of noise on perfor-
mance have also been observed at relatively low levels of task
complexity. For instance, Taylor et al. (2004) found that intermittent
and random noise lowered performance in a visual search task and
concluded that inspectors could be distracted by intermittent or random
noise patterns at the workplace even when conducting a relatively easy
search task. Yu et al. (2015) investigated the effects of background
speech on performance in a simulated X-ray baggage screening task.
They found higher processing times with background speech than in a
non-speech condition. The effect on the hit rate was not significant,
possibly due to the sample size that would not allow the detection of
small effects. At the checkpoint, environmental noise includes back-
ground speech as well as other sources of noise such as baggage handling
and the operation of screening equipment.

Another plausible contributor to the higher hit rate in RCBS is that
screeners are not directly exposed to queuing passengers, whereas
screeners in LCBS are regularly confronted with difficult passengers
(Bolfing and Schwaninger, 2009; Michel et al., 2014). When confronted
with customers who are rude, impatient, or otherwise ungrateful,
emotional regulation becomes necessary and involves emotional labour
(Chu et al., 2012; Grandey et al., 2002; Grebner et al., 2003; Hochschild,
2022; Morris and Feldman, 1996). In such stressful interactions, task
performance can be impaired because cognitive and emotional re-
sources are strained and cannot be directed towards the task (Hershcovis
and Barling, 2010). Additionally, passengers wait impatiently in the
security lane for their baggage to be checked. This can lead to stress due
to socially induced time pressure, because screeners can feel urged to
hurry to reduce passenger waiting times. Studies have shown that time
pressure reduces visual search performance (Fleck et al., 2010; Rieger
etal., 2021; Rieger and Manzey, 2022). Additionally, Marin et al. (2007)
found that screeners accelerated their inspection when passenger queues
were long.

The differences in hit rate and processing times found in our study
cannot be explained by a speed-accuracy trade-off (McCarley, 2009;
Wickelgren, 1977) because hits were processed faster and not slower in
RCBS than in LCBS. Instead, the lower socially induced time pressure in
RCBS might have led to changes in the perceived payoff for decisions on
whether a passenger bag contains a prohibited article. Changes in

Table 4
Fixed effects, random effects, and variance explanation of the mixed model for PTy;; and PTy;ss.

Predictors PThi PTniss

Estimates 95% CI p Estimates 95% CI p
(Intercept) 0.252 [ 0.227, 0.276] 0.142 [0.111, 0.173] < .00
Screening location [RCBS] —0.070 [-0.077, —0.063] 0.088 [ 0.072, 0.104] <.001
Time on task 0.003 [-0.000, 0.006] —0.045 [-0.052, —0.037] < .001%***
Task load —0.047 [-0.050, —0.043] < .001%** —-0.122 [-0.129, —0.114] < .001%***
Time on task x Task load -0.018 [-0.024, —0.011] < .00 ***
Time on task x Screening location [RCBS] —0.007 [-0.012, —0.002] .004** —0.015 [-0.028, —0.002] .022*
Task load x Screening location [RCBS] -0.027 [-0.034, —0.021] < .001%** -0.018 [-0.034, —0.002] .028*
Time on task x Task load x Screening location [RCBS] —0.020 [-0.035, —0.005] .009%*
Season [2] 0.017 [ 0.008, 0.027] < .001%** 0.023 [-0.000, 0.046] .053
Season [3] 0.026 [ 0.016, 0.035] < .001%*** —0.002 [-0.025, 0.021] .887
Season [4] 0.021 [ 0.011, 0.030] < .001%*** —0.024 [-0.047, —0.002] .033*
Season [5] —0.008 [-0.018, 0.001] .090 —0.025 [-0.047, —0.002] .030*
Season [6] —0.048 [-0.057, —0.038] < .001%*** —0.008 [-0.031, 0.016] .513
Random effects
¢* 0.66 0.60
%0 .14 Session 0.08 Session

.21 User 0.21 User
ICC .34 0.33
N 1482 User 1475 User

313,864 Session 68,971 Session
Observations 564,684 77,351
Marginal R%/conditional R* .004/.346 .026/.346

Note. 6> = residual variance or within-subject variance; °° = random intercept variance or between-subject variance; marginal R? = variance explanation through the
fixed effects; conditional R* = variance explanation through the fixed and random effects; ICC = intraclass correlation.*p < .05. **p < .01. ***p < .001
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perceived decision payoffs typically lead to a shift in people’s decision
criteria (Green and Swets, 1966; Macmillan and Creelman, 2005; Sterchi
et al.,, 2019). In RCBS, screeners could decide more often that a pro-
hibited article is present (i.e., apply a more liberal criterion) because the
immediate consequences of producing a false alarm (i.e., sending a
harmless bag to a secondary search, thereby lowering passenger
throughput) are less salient. When such a criterion shift occurs, hits
become more frequent and faster, whereas “target-absent” responses on
target-absent images (i.e., images not containing a prohibited article)
become slower (Wolfe et al., 2007; Wolfe and Van Wert, 2010).

In our study, we could measure decisions and processing times only
for target-present images (i.e., TIP images) but not for target-absent
images. However, other studies have found that response times for
negative decisions on target-present images (i.e., misses) follow a similar
pattern to that of negative decisions on target-absent images. Therefore,
the response pattern expected under a criterion shift is consistent with
that observed in our study: a higher hit rate in RCBS associated with
faster processing times for hits and slower processing times for misses
compared with LCBS.

4.2. Time on task and task load

As expected, the hit rate decreased with increasing time on task and
task load in both settings, with a stronger decrease over time when task
load was high. This result is consistent with previous studies reporting
that the hit rate in X-ray baggage screening decreases with time on task
(Basner et al., 2008; Buser et al., 2023; Ghylin et al., 2007; Meuter and
Lacherez, 2016) and that the performance decrement is stronger when
task load is high (Buser et al., 2023; Meuter and Lacherez, 2016). We
observed a relatively small decrease in the hit rate over time when task
load was low. For higher task loads, the decrease over time was stronger.
In addition to the decrease in the hit rate, we observed a decrease in the
processing time for misses with increasing time on task. However, the
processing time for hits hardly changed with increasing task time. This
suggests that the observed effects of time on task are not the result of a
mere speed-accuracy trade-off. However, the observed changes in pro-
cessing time with time on task also did not show the pattern expected for
a mere criterion shift. Moreover, increasingly faster responses for misses
contradict theories that assume that a depletion of attentional resources
over time is the source of a drop in performance (Helton and Warm,
2008; Matthews et al., 2010).

A plausible explanation for the decrease in hit rate and processing
time with time on task comes from dynamic resource theory (DART;
Rubinstein, 2020). DART assumes that individuals apply implicit stra-
tegies to prevent the potential loss of cognitive resources over time. To
preserve their cognitive resources, they invest less time in their searches.
Lower processing times then lead to fewer target-present responses
(Rubinstein, 2020). DART could also explain the interaction between
time on task and task load, with hit rate and processing time of misses
decreasing more rapidly when the task load is high. With a high task
load demanding more cognitive resources, adapting behaviour to pre-
vent the loss of these resources becomes more urgent. DART provides a
framework to explain the reduced hit rate, false alarm rate, and response
time typically observed in search tasks with rare targets (Basner et al.,
2008; Drury, 2015; Thomson et al., 2014). Further research could help
to explain why the decrease in processing time in our study was driven
mainly by images in which individuals did not detect a target (PTpjss)-

Interestingly, we did not find differences between RCBS and LCBS
regarding the effects of time on task and task load on the hit rate. This
implies that even a relatively sheltered and quiet work environment in
RCBS does not alleviate the decline in performance over time. For the
processing time of misses, however, we found a three-way interaction
between screening location, time on task, and task load: the speed was
accelerated more strongly by task load in RCBS than in LCBS. Thus,
whereas hit rates remained higher in RCBS over the whole session,
processing time for misses converged towards processing time in LCBS
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when the task load was high. This may have been because the screeners
started off more slowly in RCBS and had more scope for speeding up.

4.3. Practical implications

Our results suggest that the work environment can significantly
impact screening performance. The estimated increase in the hit rate for
RCBS was 1.14 percentage points. Given that, on average, 13.07% of the
TIP images were missed in LCBS, the increase in the hit rate implies 8.7%
fewer misses in RCBS. This roughly means that for every 10 prohibited
items that are missed in LCBS, one is found in RCBS. Simultaneously,
higher processing times for misses in RCBS suggest that screeners
needed approximately 0.6 s more time for image analysis when working
remotely. Higher hit rates and longer processing times in RCBS than in
LCBS indicate a trade-off between performance and throughput, which
airports need to consider and weigh individually. Notably, the effects of
the work setting found in our study were relatively small compared with
the differences between individual screeners. This is consistent with
previous studies showing that screening performance depends strongly
on individual factors such as the screener’s cognitive abilities (Hard-
meier et al., 2005; Hattenschwiler et al., 2019; Peltier and Becker, 2017,
2020) along with the quality and amount of computer-based training
and the higher X-ray image interpretation competence that this can
produce (Halbherr et al., 2013; Koller et al., 2008; McCarley et al., 2004;
Schuster et al., 2013). Focusing on the optimal selection and training of
screeners promises a greater improvement in the hit rate than intro-
ducing RCBS. However, RCBS can offer additional improvements.

Independent of the work environment, we found that the hit rate
decreased with time on task; moreover, this decrease was steeper when
task load was high. That is, time on task was more relevant under high
task load. Interestingly, the decrease in hit rate with time on task was
equally pronounced in both work settings. However, aligned with recent
findings from Buser et al. (2023), we found that the changes in screening
performance with time on task that occurred within typical session
lengths (approximately 20 min) were relatively small compared to the
inter-individual differences between screeners.

4.4. Limitations

Based on the available TIP data, we could not calculate the false
alarm rate (i.e., the percentage of bags that were harmless but wrongly
classified as containing a prohibited article) and the processing time for
target-absent images (i.e., processing times for images of bags that did
not contain a prohibited article). This represents a limitation often
encountered when analysing field data from TIP systems (Meuter and
Lacherez, 2016; Skorupski and Uchronski, 2016). Data on false alarm
rates are necessary to make definitive conclusions about whether the
observed changes in hit rates are due to a shift in screener response bias
or changes in sensitivity. The processing time for target-absent images
could contribute to gaining a more detailed understanding of the dy-
namics underlying the observed effects on the hit rate. The processing
time for target-absent images is also relevant from a practical perspec-
tive because most images in the daily screening routine do not contain a
prohibited article, thus driving the overall throughput of screened pas-
senger baggage at the checkpoint. Although the average noise level and
social stress might be the most notable differences between the two work
settings, they can also differ in other aspects that might affect perfor-
mance (e.g. lighting). Therefore, our study cannot attribute the observed
performance differences directly to noise and social stress alone.
Furthermore, the screeners in our study alternated between working in
LCBS and RCBS, and our analyses focused on performance differences
between the two work settings. However, there might be potential
long-term effects of working in RCBS (e.g., breaks from being exposed to
a noisy environment in LCBS) that our analyses failed to capture.
Furthermore, our study was limited to one specific airport and may not
be generalisable to airports with different levels of stressors or screener
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populations. Survey data or structured interviews could extend our
research by identifying the stressors that foster or impede high perfor-
mance in baggage screening and thus provide advice on future check-
point architectures.

4.5. Conclusion

In RCBS, screeners work in a remote, quiet, office-like environment
away from busy checkpoints where screeners are exposed to noise and
social stress from passengers. Our study provides the first evidence that
RCBS results in better detection of prohibited articles than LCBS at the
expense of longer processing times that cannot be explained by a speed-
accuracy trade-off. Furthermore, our results suggest that decrements in
the hit rate over time on task are similar for both work settings and are
accelerated when task load is high. Importantly, the effects of work
setting, time on task, and task load were relatively small compared with
the differences between individual screeners.
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