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The NASA-Task Load Index (NASA-TLX) is a widely used multidimensional scale for measuring subjective workload in
Human-Computer Interaction (HCI) research. Despite widespread adoption, diverse reporting methods hinder cross-study
comparisons and standardization. We systematically reviewed 522 CHI papers (2006-2024) to_ identify usage variations
and common implementation errors, and collected subscale values from 683 tasks across 185 papers for meta-analysis.
Correlation, regression, and factor analyses revealed stronger inter-subscale correlations than the original development study,
different beta weights, and weakened discriminability. Factor analysis identified a two-factor structure, with PERFORMANCE
showing notably low communality as a distinct dimension. We propose a Short TLX (STLX) that retains MENTAL DEMAND,
Prysicar DEMAND, and PERFORMANCE as a condensed instrument, given that many studies already omit subscales. We provide
standardized implementation guidelines and contribute an interactive research database and a data collection toolkit to
facilitate consistent use of NASA-TLX across the HCI community.

CCS Concepts: » Human-centered computing — HCI design and evaluation methods.

Additional Key Words and Phrases: NASA Task Load Index, subjective workload, workload assessment, systematic review,
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1 Introduction

Human-Computer Interaction (HCI) practitioners and researchers examine how technical systems affect users.
New systems and application cases can cause stress; mental load, fatigue, or other negative effects whose mag-
nitudes are not obvious during prototyping. The NASA Task Load Index (NASA-TLX), developed by Hart and
Staveland, is a widely used multidimensional scale in human factors research for measuring subjective work-
load [29]. The NASA-TLX evaluates whether changes in an interface have a positive or negative impact on a
user’s perceived workload: The NASA-TLX also enables comparisons between multiple conditions, typically
pairwise. The NASA-TLX consists of six subscales to measure various aspects of mental workload: MENTAL DEMAND,
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PrysicaL DEMAND, TEMPORAL DEMAND, PERFORMANCE, EFFORT, and FrusTrATION. The NASA-TLX produces an overall work-
load score by weighting the six subscales according to each factor’s perceived contribution. The NASA-TLX has
been adopted in many areas: aeronautics, transport, healthcare, and computer science [35, 44, 54]. Its use at the
Conference on Human Factors in Computing Systems (CHI) continues to grow. Our review found that 99 papers
at CHI 2024 employed it.

Meta-analyses and systematic reviews have examined the NASA-TLX across domains, highlighting both its
strengths and limitations in measuring subjective workload. Hart’s comprehensive meta-analysis of 20 years of
NASA-TLX usage [28] demonstrated that Raw TLX (RTLX), which simply averages the six subscales without
weighting, has yielded mixed sensitivity compared to the weighted approach, with different studies finding it
more sensitive [31], less sensitive [50], or equally sensitive [9]. Despite these inconclusive findings, RTLX gained
widespread adoption in HCI research due to its simpler implementation. However, subsequent studies have raised
concerns about NASA-TLX’s sensitivity. Rubio et al. [71] found that NASA-TLX exhibits low sensitivity to different
task manipulations compared to alternatives like the Workload Profile. Hertzum’s meta-analytic review provided
comprehensive reference values for NASA-TLX across different domains, technologies, and settings, revealing
distinct patterns in subscale intercorrelations and demonstrating that TLX values vary significantly by domain
and region [32]. In a subsequent meta-analysis, Hertzum further investigated subscale patterns, showing that the
associations among the workload dimensions, performance, and situational characteristics vary systematically
across task and study contexts [33]. More recently, Babaei et al’s systematic review of CHI papers identified
critical issues in NASA-TLX application: inconsistent definitions of mental workload, limited convergent validity,
and poor sensitivity to HCI tasks [1]. Additional reviews by Kosch et al. acknowledged NASA-TLX as the most
widely used tool while emphasizing its limitations and the need for careful use [42]. The field shows ongoing
disagreement about subscale usage, with Bolton et al. [5] arguing against combining subscales and recommending
evaluation of individual dimensions, while Virtanen et al. [81] emphasized the importance of weighting and
proposed new weighting methods. Despite consensus that the NASA-TLX warrants careful use, two gaps persist:
few systematic reviews examine its application patterns in HCI, and the relationships among subscales remain
unclear.

In this work, we review how NASA-TLX is used in the HCI community and reflect on the reporting practices,
taking a bottom-up approach that examines actual usage patterns rather than theoretical or methodological
ideals. By analyzing real-world implementation practices, we assess current methods, highlight limitations, and
offer several suggestions foriimproving NASA-TLX reporting based on observed community behaviors. Our
analysis reveals that the subscale structure differs substantially from that of the original development study [29],
with stronger correlations among MeNTAL DEMAND, TEMPORAL DEMAND, EFrorT, and FrusTraTION, indicating reduced
discriminability in HCI contexts. Factor analysis identified a two-factor structure, with PERFORMANCE emerging as a
distinct dimension with a notably low communality, while each subscale showed different beta weights than in
the original study.

We make the following contributions:

(1) We systematically review NASA-TLX usage in HCI research by analyzing 522 papers from CHI proceedings
(2006-2024), revealing a lack of standardized reporting practices, with researchers employing diverse
statistical approaches and visualization methods.

(2) We examine methodological patterns in NASA-TLX assessment and reporting, identifying best prac-
tices and common implementation errors such as reversed performance scales and inconsistent rating
granularity.

(3) We collect subscale values from 683 tasks across 185 papers and analyze interrelationships among the six
NASA-TLX subscales using correlation analysis, beta-weight regression, and factor analysis, comparing
findings with the original development study [29] to assess validity in HCI contexts.
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(4) Motivated by widespread use of subsections of the NASA-TLX instead of the full original, we suggest a
Short TLX (STLX) comprising MENTAL DEMAND, PHYSICAL DEMAND, and PERFORMANCE for abbreviated assessments,
alongside comprehensive implementation guidelines and a toolkit for NASA-TLX response collection to
facilitate standardized usage across the HCI community.

2 Background and Related Work

Accurate subjective workload assessment is crucial to compare UI/UX design decisions and interaction modalities.
Among the many measures of workload, the NASA-TLX remains one of the most widely used [24]. Initially
created by Hart and Staveland for the aviation industry [29], the tool has been adopted by many other research
and professional fields, most prominently HCI.

The NASA-TLX defines workload as a multidimensional construct that represents the cost incurred by a human
operator to achieve a particular level of performance. This human-centered, rather than task-centered, definition
recognizes that workload emerges from the interaction among task requirements, the circumstances under which
tasks are performed, and the skills, behaviors, and perceptions of the operator [29]. It comprises six dimensions
capturing different aspects of the workload experience. Three focus on task-related demands: MENTAL DEMAND (MD),
Prysicar DEmManD (PD), and TemporaL DEMAND (TD). Two dimensions focus on behavior-related factors: PERFORMANCE
(OP) and Errorr (EF). The final dimension captures subject-related factors: FrustraTiON (FR): The original NASA-TLX
involves two steps. First, participants make binary choices across all 15 pairwise comparisons of the six subscales
to determine which factor contributes more to their perceived workload. These comparisons are used to weight
each subscale’s contribution to the overall workload, reflecting individual differences in how people define and
experience workload. Second, participants rate the workload magnitude for each subscale on a continuous scale,
typically ranging from 0 to 100.

However, we found that only 17 papers (of 522) reported performing pairwise comparisons. Instead, the
RTLX (just step 2, excluding the pairwise comparisons) is most common, as it is simpler and has shown mixed
but generally acceptable sensitivity [28, 31]. Another frequent practice involves excluding certain subscales
that the authors deem irrelevant to their study. For example, in 2024, three papers (of 99) excluded physical
demand [41, 46, 83]. In addition, some publications excluded multiple subscales. ErrorT was excluded along with
PrysicaL DEMAND [58], and PERFORMANCE was sometimes omitted as well [91]. Some papers used only three subscales
(MeENTAL DEMAND, TEMPORAL DEMAND, PERFORMANCE) [17], two subscales (EFForT and FRUSTRATION) [15, 52], MENTAL DEMAND
and Prysicar DEMAND [30], or only MenTar DEmMaND [19]. Beyond these methodological variations, a critical but often
overlooked detail is ensuring a consistent direction for all six subscales: lower values indicate lower workload
across all dimensions, including performance. The performance scale measures how poorly participants believe
they performed, not how well, with “good” at the low end and “poor” at the high end. This design ensures
that higher scores across all-subscales consistently indicate higher workload. A common mistake is flipping the
performance scale, which corrupts the intended measurement by reversing its directionality.

The HCI community continues to debate the standardization of subjective scales for usability and task load [36].
Although standardized scales like the NASA-TLX have gained traction due to their reliability [37], inconsistent
sample sizes and methods across HCI studies continue to hinder comparability [10]. However, Cockburn et al.
are also concerned about anchoring effects regarding the NASA-TLX due to the within-subject experimental
design [16]. Overcoming within-subject design limitations will prove very difficult, as it is one of the main
constraints of the NASA-TLX. Yet, standardizing the statistical analysis of the NASA-TLX is easier to overcome.
Furthermore, we can improve the readability of results by using a visualization that emphasizes the relative change
between conditions. The original development study identified that between-subject variability in subjective
ratings can be minimized through giving clear instructions, calibrating raters by demonstrating concrete examples,
and providing reference tasks [29]. However, researchers who collect data without the original printed materials
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or official application may inadvertently omit critical subscale explanations, introducing systematic differences in
how participants interpret the scales.

These diverse implementation practices and ongoing concerns about NASA-TLX effectiveness in contemporary
HCI contexts highlight the need for systematic examination of current usage patterns and empirical validation of
the tool’s continued validity across HCI tasks.

3 Research Approach and Methodology

We designed a comprehensive research approach to address three key objectives that guide our investigation of
NASA-TLX usage in HCI research. First, we systematically review current usage patterns and reporting practices
to identify common issues and offer concrete guidelines for NASA-TLX application. Second, we validate the NASA-
TLX subscales in HCI contexts by comparing their behavior with the original development study and evaluating
partial-subscale approaches. Third, we provide a practical toolkit for NASA-TLX administration, including
standardized instructions and a Short TLX (STLX) for studies that require an abbreviated implementation.

As a previous comprehensive survey was published in 2006 [28], we analyzed papers published between
2006 and 2024 to examine how usage patterns have evolved over this period. We focused our analysis on the
premier conference in HCI, the ACM (Association of Computing Machinery) CHI conference on Human Factors
in Computing Systems (CHI), to examine NASA-TLX usage in HCI studies. This investigation addresses critical
concerns about whether standardized approaches to NASA-TLX usage have emerged in HCI research, particularly
given that HCI researchers have often adapted NASA-TLX for contexts different from its original purpose in
aviation control systems.

3.1 Investigation Design

To systematically address the research purpose, we designed a comprehensive two-part approach that examines
both methodological practices and underlying measurement properties. Our research strategy combines systematic
literature review methods with quantitative meta-analysis to provide evidence-based recommendations to the
HCI community.

We structure our investigation around two complementary approaches that directly support our three main
objectives. Part 1: Usage Patterns and Reporting Practices in section 4 examines how researchers currently
implement and report NASA-TLX in HCI research, focusing on identifying trends, variations, and areas for
standardization. This investigation directly informs our first objective by revealing current practices and their
limitations. Part 2: NASA-TLX Subscales in section 5 investigates the psychometric properties and subscale
relationships of NASA-TLX when applied to HCI tasks, comparing findings with the original development study
to assess whether the tool maintains its validity in contemporary computing environments. This investigation
addresses our second objective by validating subscale effectiveness and exploring alternative usage approaches.

Both investigations draw from the same corpus of CHI conference papers published between 2006 and 2024,
allowing us to trace the evolution of NASA-TLX usage over nearly two decades. This timeframe encompasses
technological changes in HCI, from desktop-centric computing to mobile, wearable, and immersive technologies.

Our systematic approach enables us to move beyond anecdotal observations to provide quantitative evidence
about NASA-TLX implementation patterns and measurement properties. The findings from these two inves-
tigations inform our guidelines and toolkit development, our third objective, ensuring recommendations are
grounded in actual community practices rather than theoretical ideals. This bottom-up approach acknowledges
the diversity of HCI research contexts while identifying opportunities for improved standardization and reporting
consistency.
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"query" : { AllField: ("NASA-Task Load Index" OR "NASA-TLX") }
"filter": { Conference Collections:
CHI: Conference on Human Factors in Computing Systems,
Publication Date: (01/01/2006 TO 08/31/2024) }

* Link for ACM Digital Library Advanced Search:
https://dl.acm.org/action/doSearch?fillQuickSearch=false&target=advanced&ConceptID=119596&expand=all&AfterMonth=1&AfterYear=
2006&BeforeMonth=8&BeforeYear=2024&AllField="Nasa-Task+Load+Index"+OR+"NASA-TLX"

Fig. 1. Database query used to retrieve paper list from ACM Digital Library

[ Identification of studies via databases and registers ]
? Records identified from*: Records removed before screening:
8 Databases (n = 753) .| Records marked as ineligible by
E Registers (n = 8) ”| automation tools (n = 177)
g
() Records screened . | Records excluded
(n=584) (n=0)
é’ Reports sought for retrieval . | Reports not retrieved
8 (n=584) "| (n=0)
& v
Reports assessed for eligibility Reports excluded:
(n =584) »  Not using NASA-TLX in study
(n=62)
Reports of included studies Reports excluded:
% (n=522) »| Not reporting full NASA-TLX 6
= Studies included in review subscales values
o (n = 570) (n=323)
3
2
%]
= Reports of included studies
g (n.=185)
% Studies included in review
(n =199)

Fig. 2. PRISMA 2020 flow diagram for the selection of studies using NASA-TLX in CHI 2006-2024. The process starts with
753 records from databases and 8 from manual registration. After removing 177 ineligible records, 584 records were screened.
62 were excluded for not using NASA-TLX, resulting in 522 reports (570 studies) included in Part 1. For Part 2, we further
excluded 199 reports for not reporting all 6 subscales and 278 reports for not reporting standard deviation or error bar type,
resulting in 45 reports (68 studies) with complete subscale data.
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3.2 Data Collection and Screening Process

We conducted a systematic literature review following the PRISMA 2020 guidelines to analyze reporting practices
in HCI research [63]. We included all regular conference papers of CHI publications from 2006 to 2024. We chose
the ACM Digital Library as our primary database since it includes all CHI papers from our target timeframe.

We searched the ACM Digital Library using the advanced search feature, querying for papers containing either
‘NASA-TLX’ or ‘NASA-Task Load Index’. We filtered the results to include only CHI conference papers published
between January 1, 2006, and August 31, 2024. Figure 1 shows our exact search query and provides a link to
reproduce our search in the ACM Digital Library. The query returned 753 articles, and we manually registered
eight additional articles that used NASA-TLX but were not captured by the ACM query.

From the initial 761 articles, we excluded 177 articles that were either Extended Abstracts (EA) publications
or incorrectly filtered non-CHI conference papers. We successfully retrieved and screened the full texts of all
584 remaining records. During the full-text review, we excluded 62 articles that were survey papers, that only
mentioned NASA-TLX without using it, or that used NASA-TLX for purposes other than workload assessment
(e.g., as ground-truth data for training machine learning models). After this screening process, our final dataset
contained 522 articles and 570 distinct studies. The complete screening and selection process is detailed in Figure 2.

This approach captures two decades of NASA-TLX usage at CHI, grounding our three research objectives in
observed community practices.

4 Part 1: Usage Patterns and Reporting Practices

We examine the usage patterns of NASA-TLX in HCI studies to understand how researchers have applied this tool
over time and whether standardized practices have emerged. Our analysis encompasses four key areas: First, we
investigate paper metrics and research context by examining publication trends and the types of media/devices
evaluated. Second, we analyze experimental design decisions, including sample sizes, task structures, and whether
studies implemented the complete NASA-TLX procedure with pairwise comparisons or opted for simplified
versions. Third, we examine the statistical approaches used, focusing on test selection and data handling methods.
Finally, we review reporting practices, including visualization techniques, and whether researchers analyzed
subscales individually or as an aggregate score.

4.1 Procedure

From the 570 studies, we systematically extracted key information through a comprehensive full-text review. We
collected data on the devices used, participant counts, number of workload comparisons, response collection
methods, statistical analyses performed, and reporting approaches. We selected these metrics as they provide
essential insights into how researchers employ the NASA-TLX throughout their studies, from experimental
design to data collection and results reporting. We organized findings into four categories: usage trends over time,
experimental design, analysis methods, and reporting. Given inconsistent reporting across studies, we limited the
analysis to attributes explicitly documented in each paper’s methods and results sections.

Beyond these general attributes, we developed two classification schemes to enable more granular analysis. First,
we classified the articles into seven device categories based on the computing devices used: 1) Desktop/Laptop/TV:
stationary computing with traditional input devices; 2) Phone/Tablet: mobile devices using touch screens as input;
3) Wearables: body-worn devices with small or no displays; 4) HMD/Smartglasses: wearable, head-worn devices
with integrated displays; 5) Immersive/Large Display: wall-sized displays and visualization systems including
CAVEs; 6) Tangible/Haptic/Robot: physical computing interfaces with haptic feedback; 7) Others: including
multimodal interfaces, Al agents, or others not specified or fitting into the above categories. Second, for the
subscale analysis in Part 2, we categorized the studies into six task types following the classification in the
original development study [29]: (1) SINGLE-COGNITIVE tasks that primarily involve mental processing such as
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arithmetic calculations and searching, (2) SINGLE-MANUAL tasks involving simple manual control like button
clicking, gesture performance, or typing with steady targets, (3) DUAL-TASKS combining two unrelated tasks, (4)
FITTSBERG tasks requiring response selection and execution with feedback which refer to the task related to
Fitts” law test, including target selection in AR/VR, (5) POPCORN tasks demanding situational awareness and
decision-making in response to emerging events, like tasks while driving, and (6) SIMULATION tasks involving
complex virtual environments such as flight simulators or VR locomotion and object manipulation. For both
classification schemes, we first examined all types present in each study. When a study involved multiple device
types or task types (e.g., comparing a novel system against a baseline), we assigned the category based on the
main experimental condition rather than the comparison or baseline condition. To ensure accuracy and reliability,
three researchers independently verified the data extraction and categorization process.

10.0%- »-100
8.0%-
6.0%-

4.0%-

2.0%-

NASA-TLX included paper ratio (%)
NASA-TLX included paper counts

0.0%
{ Lo 6 wo 1 )
2SI T eI e N o e e e e T e

o\ @Q’Lu

|2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024|Total

w/ TLX]| 5 7 6 4 6 10. 18 14 18 19 24 20 32 38 58 46 33 65 99 | 522
(Ratio, %)|(3.31) (3.85) (3.82) (1.44) (1.99) (2:44) (4.86) (3.57) (3.87) (5.01) (4.25) (3.33) (4.80) (5.41) (7.63) (6.16) (5.18) (7.39) (9.84)| (5.41)

All | 151 182 157 277 302 410 370 392 465 379 565 600 666 703 760 747 637 879 1006|9648

Fig. 3. Number of papers and the ratio of papers that include the NASA-TLX in CHI from 2006 to 2024

4.2 Results
In the following, we report aggregate results for each category; the complete underlying data, including the
per-paper details tabulated in the online appendix (supplementary material), can be explored interactively in our
web-based research database at https://sebaram.github.io/nasa-tlx/ (described in section 7).

We identified 522 papers that used the NASA-TLX and analyzed their distribution across years. To analyze
temporal trends, we gathered total publication counts from the SIGCHI archive ! and the ACM Digital Library.

Ihttps://archive.sigchi.org/conferences/conference-history/chi/
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The number of papers using the NASA-TLX at CHI has shown a consistent upward trend over the past 19 years,
as illustrated in Figure 3. From five papers (3.31%) at the beginning of 2006, usage has grown to 99 papers (9.84%)
in 2024. The total number of papers using NASA-TLX reached 522, representing 5.41% of all CHI papers during
this period. The ratio of papers employing the NASA-TLX to the total number of papers in CHI has also increased
steadily, from around 3-4% in the early years to nearly 10% in 2024, indicating growing adoption of this workload
measurement in HCI research.

4
DESktop/LaptOp/TV (16]‘;%) (33%) (23%) (37.95%) (Zﬁ%) (25%%) (1563%) (l:!.Z[")A:) (1]6.9]%») (1{31)
1 1 2 3 4 4

Phone/Tablet aese) o) [JEX (2020%> eren | @229 @) <1z?:%> (30.60%) <1s§%> (zlsl%) (13%) ugﬂm <3%> <m7s%) (5!'1)%)
Wearable(Smartwatch,Ring,etc.) (wlu%) (5}%) (A%) (1020%) (lﬁ%) (7:?%) (2}%) (3%) (1}%)
D, mariisees [RYRR] o3 Y . Pt 5 N
Immersive/Large display e (B%%) (3} ) (2}%) (1%%) (]}r)
Tangible/Haptic/Robot 1 1 1 2 2 1 B4 2 3y 5P 1 =P 1 | 8

(14.3%) (16.7%)  (10.0%) (14.3%)  (11.1%) (42%) | (200%) (62%) (7.9%) (816%) (22%) (3.0%) (L5%)  (8.1%)

Others 1 11 194 6 1 9 14

(10.0%) (71%)  (5.6%) (5.0%) - (3:1%) (10.3%) (30%)  (138%) (141%)

2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019. 2020 2021 2022 2023 2024

Fig. 4. Distribution of device types analyzed with the NASA-TLX in CHI papers from 2006 to 2024. The color of each element
is a heatmap based on the percentage of device types in each year.

Originally developed for aviation, the NASA-TLX is now widely used in HCI to evaluate workload across
diverse computing devices. We classified the articles into the seven device categories described in our methodology
to systematically analyze how researchers have applied the NASA-TLX across different form factors.

Figure 4 visualizes the distribution of device types analyzed with the NASA-TLX in CHI papers from 2006
to 2024. Desktop/Laptop/TV dominated early research (2006-2012) and continues to be studied. Phone/Tablet
studies rose around 2010 and have sustained a steady presence since. HMD/Smartglasses grew sharply from 2015
onward, becoming one of the most studied device types in recent years. This evolution in device types reflects
how NASA-TLX has adapted from evaluating traditional computing interfaces to assessing workload across an
increasingly diverse range of interaction technologies.

Experimental Designs Used. To understand how researchers design experiments using the NASA-TLX, we
investigated several key aspects of experimental methodology. We examined whether studies used within-subject
designs with the same participants completing all conditions, between-subject designs with different groups
completing the conditions, or mixed designs that combine both approaches. We also counted the number of
experimental conditions and participant counts across studies to identify common practices in the field.

Almost all experiments were conducted using a within-subjects design, comparing multiple tasks with the
same participants (as intended by the NASA-TLX documentation). 88% (459) of the papers from CHI used a
within-subject design. About 8% (41) of the publications used between or mixed subject conditions. Lastly, about
4% of the papers (22) use the NASA-TLX for a single task to estimate the absolute subjective workload [3, 23, 39,
69, 75, 86—88, 90], compare the importance of the subscales [25, 38, 55, 58, 76, 78, 82, 91], use the NASA-TLX as a
qualitative reporting questionnaire [22, 43, 77, 80] or investigate correlations with other metrics [68]. Table 1
provides a summary of the metadata, excluding single-task designs.

Next, we examined the number of divisions in the rating scales used to collect NASA-TLX responses. We
tallied the number of divisions used for assessment as detailed in NASA-TLX, either mentioned or shown in their
reporting form. 7-point Likert-like scales were the most common (96 papers), followed by 20-21-point scales (50
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Table 1. Average numbers of comparisons and participants in experiments using the NASA-TLX in CHI from 2006 to 2024

. ‘ Within ‘ Between/Mixed
Study design — — — —
‘ Comparisons Participants ‘ Comparisons Participants
Mean (SD) | 4.13 (SD: 3.75) 29.32 (SD: 87.31) | 4.45 (SD: 2.98) 166.73 (SD: 349.85)
Min. | Median | Max. | 2336 4181505 | 235716 1255/ 2149
" Tasks per study o Tasks per study
2 Q
e 310
© 100 o
5 c 5
S S | 1
] ] . . , 2 0 u T r "
= % T 40 eo 0 20 40 60
Tasks Tasks
" Participants per study " Participants per study
& 1001 9
S S
2 2.2
2 50 2
kS k]
E s Ll
Z o Z 0 : . :
0 25 50 75 100 0 25 50 75 100
Distributions Participants Participants
Num. Studies | Paper | 503 | 460 { 4440
*Comparisons encompass the data points gathered or statistically identified in the study, covering different methods, tasks, groups,
etc.
**As the number of comparisons for between/mixed designs shows even number, the median is the average of the two middle
numbers.

papers). However, a majority of the papers (340) did not specify the granularity of their responses. We estimate
that most of these unspecified articles likely used the original 20-point scale (which uses 21 tick marks to create 20
intervals), based on the NASA document ? and the appendix from the survey paper [28]. When papers reported
using a 21-point scale, we combined them with 20-point scale papers, as we assume these authors followed the
original suggestion but counted the 21 tick marks rather than the 20 intervals.

We also examined whether papers conducted a statistical analysis. Studies using 20-point scales conducted
statistical analyses more frequently than those using 5-, 7-, or 10-point scales. A full list of the papers, along with
the percentage that conducted statistical analyses, is available in the online appendix. Also, we found that 17
papers collected pairwise comparisons for weighting the subscales [4, 6, 13, 21, 27, 34, 40, 45, 48, 49, 51, 61, 65, 70,
72,73, 79].

Statistical Methods Used. We analyzed the statistical methods used in papers that explicitly reported them,
organizing them into three categories: preliminary tests for data validation, primary inferential methods, and

2https://humansystems.arc.nasa.gov/groups/TLX/downloads/TLXScale.pdf

ACM Trans. Comput.-Hum. Interact.


https://humansystems.arc.nasa.gov/groups/TLX/downloads/TLXScale.pdf

10 « Leeetal

post-hoc adjustment techniques. Both parametric and non-parametric methods are widely used for NASA-TLX
analysis. ANOVA is the most common method with 174 papers, while non-parametric tests are also frequently
employed, including the Wilcoxon Signed Rank test (116 papers), the Friedman test (82 papers), and the Aligned
Rank Transform (ART) [84] (24 papers) for factorial designs. 79 papers do not include results from statistical
hypothesis tests but instead present raw values with their distributions or basic statistics such as mean and
standard deviation.

Result Presentation Methods. We also analyze how the NASA-TLX is reported. We classified each type (bar
graph, box plot, etc.) we observed, noting those with all six subscales and separately counting those reporting only
RTLX or a subset of subscales. Bar graphs are the most popular, appearing in 191 papers. However, we could not
find any paper that followed the weighted bar type visualization suggested in the NASA-TLX survey paper [28].
The second most-used visualization is the box plot (79 papers), with the interquartile range or standard deviation.
Most papers presented the raw values for each comparison; however, one paper reported delta values relative to
the baseline condition [2]. Furthermore, 88 papers used tables to supplement their test statistics across multiple
conditions. Five papers show different custom visualizations using distributions of the responses with color and
length [8, 12, 47, 66, 85], with histograms [53, 89], with scatter plots [62] or with a dimmed background [67].
Bar charts and box plots obscure individual participant differences. We sought emerging alternatives that might
improve transparency and interpretability of NASA-TLX data but found none:

4.3 Discussion: Usage Patterns and Implementation Trends

NASA-TLX usage has grown 3x from 2006 to 2024 to now be included in‘approximately 10% of all CHI publications.
While papers analyzing Desktop/Laptop/TVs were common in the early years (2006-2012), papers using the
NASA-TLX to analyze HMDs/Smartglasses now constitute the majority. We suspect more papers investigating
the workload benefit of Al agents, both in smartglasses and on other platforms, will use the NASA-TLX in the
future.

We found no standardized reporting approach; statistical methods and visualizations varied widely across
studies. The majority of studies (88%, 459 papers) employed within-subject designs comparing multiple conditions,
typically with around four comparisons (mean = 4.13, SD = 3.75) and approximately 29 participants (mean =
29.32, SD = 87.31). However, statistical approaches varied considerably: ANOVA was most common (174 papers),
but non-parametric methodswere also widely used, including the Wilcoxon Signed-Rank test (116 papers), the
Friedman test (82 papers), and the Aligned-Rank Transform (24 papers).

This variation in statistical approach may be the inadvertent result of how the scales are demarcated. The
original paper suggested using 20 intervals for each scale, representing values ranging from 0 to 100. The intention
was for participantsto mark their perceived workload for each subscale on a piece of paper with a pencil or pen.
Then, the researcher would convert these marks into real numbers ranging from 0 to 100, including decimals (e.g.,
21.5). Such a practice would make the NASA-TLX scales similar to interval data (like degrees on a thermometer).
Parametric tests such as the Student’s t-test (for equal variances between conditions), Welch’s t-test (for unequal
variances), and ANOVA would be considered appropriate. However, when practitioners instead use 3, 5, 7, or
20-21 discrete values, the practice resembles Likert scales (where participants are given a statement and asked to
indicate their agreement on a seven-point scale: strongly disagree, disagree, ..., strongly agree). Reviewers of
such papers may argue that the data is ordinal and that non-parametric tests such as the Wilcoxon signed-rank
test are more appropriate due to inherent biases in ordinal data. Carifio and Perla [11] in “Resolving the 50-year
debate around using and misusing Likert scales” make the argument that measurements that sum the results
of multiple items are, in fact, interval and not ordinal. The NASA-TLX with its six subscales is such a summed
measurement, and thus it follows that parametric tests should be allowed. More practically, Norman [59] goes
further and uses empirical testing to support an even stronger proclamation:
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Parametric statistics can be used with Likert data, with small sample sizes, with unequal variances,
and with non-normal distributions, with no fear of “coming to the wrong conclusion”

Norman’s results should also apply to the parallel case of the NASA-TLX. In general, critics such as Carifio, Perla,
and Norman argue that debates over statistical analyses quibble over small differences that are unlikely to change
the results. However, given the number of arguments we have seen among HCI paper reviewers on these issues,
we thought it appropriate to address the issue here.

However, we are more concerned with the many papers that omit important methodological details. 79 papers
did not conduct any statistical tests and simply reported raw values. While statistical tests are just a part of the
process of making a scientific argument, their presence helps readers better judge whether there are meaningful
differences in results. 340 papers did not report the number of rating scale divisions. That lack of reporting is a
problem, as we do not know whether coarser scales, such as 3-point, 5-point, or 7-point divisions, are acceptable
alternatives for any given study, since different granularities may yield different response tendencies, ceiling
effects, or sensitivity to detecting workload differences across conditions. However; many of these papers also did
not report whether the subscale descriptions were provided to participants. Not providing the subscale descriptions
is a common omission, yet in HCI, the presence or absence of instructions, such as subscale descriptions, can
significantly affect the outcome [18]. As Dix et al. note, “given that the evaluator is not likely to be directly
involved in the completion of the questionnaire, it is vital that it is well designed” [20], making inconsistent
administration of subscale descriptions a meaningful source of variation.

Most researchers opted for Raw-TLX, with only 17 papers implementing the pairwise comparison weighting
procedure. This widespread omission of pairwise comparison likely stems from researchers following the 2006
survey paper published 20 years after the original development, which emphasized the Raw-TLX approach [28].
Moreover, 22 papers (4.21%) used the NASA-TLX for single-task evaluations without comparisons. Hart and
Staveland designed the NASA-TLX for comparative evaluation across conditions, and the within-subject design is
integral to controlling for individual rating differences. Single-task usage is not inherently wrong, but it lacks the
instrument’s built-in calibration mechanism and requires stronger justification. The core difficulty is that NASA-
TLX lacks normative reference values in HCI contexts. Unlike instruments with established population norms,
a score of 60 cannot be interpreted as “high” or “low” in isolation. While Hertzum’s meta-analytic review [32]
provides reference values across domains, these are broadly aggregated and better suited for contextualizing
results than for drawing definitive conclusions about a specific task’s workload level. For single-task designs, we
identify two productive approaches: (1) between-participant analyses examining whether workload perceptions
differ across user groups; and (2) between-subscale analyses identifying which dimensions dominate the workload
profile. However, between-subscale comparisons should be interpreted cautiously: our Part 2 findings show
that subscales have different beta weights and form a two-factor structure, with PerrorMaNcE distinct from
the MenTAL DEMAND/ TEMPORAL DEMAND/EFFORT/FRUSTRATION cluster, meaning observed differences may partly reflect
instrument structure rather than task demands. We also recommend incorporating the pairwise comparison
procedure as an independent source for validating subscale importance and Exploratory Factor Analysis (EFA) to
examine subscale relationships, which we demonstrate in Part 2.

In summary, the most common implementation pattern combines within-subject designs with statistical testing
and visualization of overall and subscale scores, but critical details such as scale granularity, subscale descriptions,
and visualization choices vary widely and are often unreported. Given these frequent deviations from the original
methodology, assessing the scale’s validity and each subscale’s discriminative power in HCI contexts is critical,
which the next section addresses.

ACM Trans. Comput.-Hum. Interact.



12 « Leeetal

5 Part 2: NASA-TLX Subscales

Given that researchers have employed NASA-TLX in various forms that often differ significantly from the original
methodology, we now turn to examining whether the scale is functioning correctly in HCI contexts and assess the
individual power and validity of each subscale. Our systematic review revealed not only methodological variations
but also raised fundamental questions about the effectiveness of the six NASA-TLX subscales in modern HCI
research settings. While the original NASA-TLX was designed with six distinct dimensions to capture different
aspects of workload, their relationships and discriminative power in contemporary computing environments
remain unclear.

To address these questions, we conducted a comprehensive analysis of NASA-TLX subscale relationships
using data extracted from the 522 CHI papers in our systematic review. Following the approach of the original
development study [29], we examined relationships among subscales using correlation analysis and investigated
beta weights to assess each subscale’s contribution to overall workload. Motivated by our observation that many
researchers use only subsets of the full NASA-TLX, we conducted Exploratory Factor Analysis (EFA) to identify
essential subscales.

5.1 Procedure

To systematically examine the relationships between NASA-TLX subscales using data from published papers,
we needed to gather numerical values from the reported results. However, most papers reported results via bar
charts or box plots rather than numerical values, requiring extraction from visual representations. To ensure
consistency across hundreds of papers, we developed a custom annotation tool for this meta-analysis. Our data
collection process comprised two main steps: first, extracting the raw data from papers, and second, preparing it
for statistical analysis.

For data extraction, we systematically processed the graphs in each paper and manually marked key measure-
ment points with mouse clicks. The marking process varied by visualization type: for bar plots, we recorded
means and whisker extremities; for box plots, we marked medians when means were not shown, box boundaries,
whisker ends, and means when displayed. Values were estimated using linear interpolation based on axis scales.
When the papers provided exact numbers in tables or graphs, we allowed direct manual input. Figure 5 shows
the annotation tool that we developed for this process.

For data preparation, we standardized all collected values to a consistent 0-100 scale to enable meaningful
comparisons across studies. In cases where overall workload values were absent, we calculated them by averaging
all subscales following the Raw TLX (RTLX) method. Using this systematic approach, we collected data from
683 comparisons across 199 studies published in 185 papers. The complete dataset and screening procedures are
detailed in Figure 2, and the analysis procedure will be described in each result section.
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Fig. 6. Correlation across NASA-TLX responses. The heatmaps illustrate correlations between the six NASA-TLX subscales
and an overall score. (a) Heatmap based on the original development study by Hart and Staveland [29] (their intercorrelations
are reported in Table 11). (b) Heatmap generated from our meta-analysis of CHI papers.(c) Differences between the two
correlation matrices, highlighting where HCI contexts show stronger or weaker relationships than the original study. Darker
shades indicate stronger positive correlations.

5.2 Result

5.2.1 Analyses Following the Development Study [29]. To understand the relationships between NASA-TLX
subscales and their contributions to overall workload, we followed the approach of the original development
study [29] and conducted two key analyses: (1) correlation analysis to examine the interrelationships among
subscales, and (2) beta weights analysis to determine the relative contribution of each subscale to overall workload
predictions.

Correlation. For the 683 comparisons collected, we performed a Spearman correlation analysis between sub-
scales using data from all annotated papers. The results are shown in Figure 6; we include the analysis from Hart
and Staveland’s previous NASA-TLX study [29] for comparison.

The correlation analysis revealed several key findings about the relationships between NASA-TLX subscales.
MENTAL DEMAND, TEMPORAL DEMAND, EFFORT, and FrusTRATION showed strong correlations with overall workload. EFForT
demonstrated the strongest correlation with overall workload (p = .90), followed by FrusTRATION (p = .88), and
MenTAL DEMAND (p = .85). In contrast, PErrorMANCE showed the weakest correlation with overall workload (p = .59),
with correlations to other subscales falling below 0.5. PHYsIcAL DEMAND also exhibited relatively weak correlations
with other subscales, all below 0.7.

When comparing our correlation results with the original NASA-TLX development study, we found that most
correlations in our analysis were higher, with two notable exceptions: frustration-performance and mental-
physical correlations. The most significant differences emerged in correlations involving frustration, while the
smallest differences were observed in mental demand-performance and mental demand-overall correlations,
which differed by only 0.01.

Beta Weights. We employed multiple regression analysis to determine each subscale’s contribution to the
overall workload score. Specifically, we fit a linear regression model without an intercept term, as the overall
workload should be directly proportional to the weighted sum of subscales. Following the terminology of the
original development study [29], we report these results as beta weights, the standardized regression coefficients
that indicate the relative importance of each subscale in predicting overall workload. Unlike raw regression
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Table 2. Beta weights for the six NASA-TLX subscales predicting overall workload scores. The coefficients represent the
relative contribution of each subscale to the overall workload calculation, as shown in the formula below (*=p<0.01). Blue
color indicates maximum values, and red color indicates minimum values within each row. The corresponding values from
the original development study are reported in Table 12 of Hart and Staveland [29].

| r N MD PD TD OP EF FR

SINGLE-COGNITIVE .88 - .43* .15* .04 .01 33" .13*
SINGLE-MANUAL  .78* - .38 .39 .11* .12* .21* .00

Development of | DUAL-TASKS 82 - 41 19* 02 .09° .29* .20*
NASA-TLX [29] | FITTSBERG 86 - .32%  24* 17* 09* .16* .19
POPCORN 90 - .34* 23* 22 03 .19 .10*

ALL 86 - 38" 22* 08 .05 .24° .16°
SINGLE-COGNITIVE .99 178 .20* .18* .18* .24* 22* .22°
SINGLE-MANUAL .99 148 .20° .21* .16*. 21~ 26% .21

DUAL-TASKS 10 42 21* 17* .16° .25% .16° .22

(Czlgé6l\_4§5§4) FITTSBERG 91 151 .16 .34* 12° .23* 21 .07
POPCORN 98 70 .19* 19" 23* 24* .28 .14*

SIMULATION 98 94 31% 21* 14% 24¢ 17* 19*

ALL 97 683 21* .22% a7* 22* 21* .19*

6
Overall = Z B;Val; (1)

« Overall: The overall workload score. a

« [: Regression coeflicient for subscale i (represents importance).

« Val;: Subscale value (0=100),
where i includes: MD: Mental Demand, PD: Physical Demand, TD: Temporal De-
mand, OP: Performance, EF: Effort, FR: Frustration.

Note: Val; reflects both participants’ responses and weights determined by pairwise comparison.

coefficients, beta weights are scale-invariant, allowing direct comparison of each subscale’s unique contribution
when controlling forother subscales. The settings and results of this analysis are described in Table 2. We analyzed
the beta weights across the six task types described in the procedure and compared them with those reported in
the original study, as shown in Table 2.

The beta weight analysis reveals high r? values (0.91-1.0) across all task categories in our meta-analysis,
compared to 0.78-0.90 in the original study. This higher consistency likely stems from our use of RAW-TLX data
without weighting processes. While the original study found MenTaL DEMAND dominated most task types (except
SINGLE-MANUAL), our analysis of CHI papers shows more diverse and balanced beta weight patterns across
task categories, suggesting that different aspects of workload contribute more evenly to overall task load in HCI
research.

The highest weighted subscales varied across task types. PERFORMANCE emerged as the dominant factor for
both SINGLE-COGNITIVE and DUAL-TASKS categories, while Errort showed the highest weights in SINGLE-
MANUAL and POPCORN tasks. PrysicaL DEMaND dominated in FITTSBERG tasks, likely due to their target selection
nature, and MENTAL DEMAND was most prominent in SIMULATION tasks, reflecting the cognitive complexity of
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virtual environments. However, all except for FITTSBERG and POPCORN tasks showed the lowest weights for
TemporaL DEMAND. For the difference between maximum and minimum weights, FITTSBERG showed the highest
difference (0.34-0.07=0.27) and SINGLE-COGNITIVE showed the lowest difference (0.24-0.18=0.06). In addition,
when combining all task types, the weights were relatively evenly distributed (0.17-0.22).

5.2.2  Factor Analysis. Beyond replicating the analyses from the original NASA-TLX validation studies, we
conducted Exploratory Factor Analysis (EFA) to empirically investigate the underlying dimensional structure
of the six subscales. We used maximum likelihood estimation with oblique (oblimin) rotation, which allows
factors to correlate and provides a more realistic representation of workload dimensions that may share common
variance. We mark loadings with absolute value above .60 as primary (bold in the tables), following Guadagnoli
and Velicer [26], who note that “If components possess four or more variables with loadings above .60, the pattern
may be interpreted whatever the sample size used” (p. 274). As we report oblimin pattern matrices, standardized
loadings can occasionally exceed [1.00| and are not correlations. To determine the optimal number of factors,
we employed two complementary approaches: parallel analysis, which compares eigenvalues from actual data
with those from random data to identify statistically meaningful factors, and BIC model comparison, which
balances model fit against complexity. This mixed-method approach was selected because with only five or six
subscales, the degrees of freedom available for factor extraction are limited, and parallel analysis tends to favor
parsimonious solutions when variables are highly correlated. Therefore, we not only determined the optimal
number of factors but also examined the underlying patterns in the factor structure. While these methods may
suggest different solutions, together they provide a comprehensive assessment of the factor structure. In the
following sections, we present the results of our factor analysis, examining both the overall structure across all
tasks and task-specific patterns that may reveal how workload dimensions vary across activity types. All analyses
were conducted using R version 4.4.1 with the psych package (version 2.5.6) and GPArotation package (version
2025.3.1).

Overall. Initial analyses included all six subscales (MENTAL DEMAND, PHYSICAL DEMAND, TEMPORAL DEMAND, PERFORMANCE,
ErrorT, and FRUSTRATION) across all tasks. Bartlett’s test of sphericity was significant (y%(15) = 3003.61, p < .001),
indicating that the correlation matrix was suitable for factor analysis. The Kaiser-Meyer-Olkin (KMO) measure
of sampling adequacy was .87, exceeding the recommended threshold of .60 and suggesting that the data were
appropriate for factor analysis. Individual KMO values for each subscale ranged from .81 to .94, all indicating
adequate sampling adequacy: Parallel analysis suggested a two-factor solution.

We examined solutions ranging from one to two factors (Table 3). The one-factor solution accounted for 63.3%
of the variance, with all subscales showing substantial loadings on the single factor (loadings ranged from .42 to
.93). However, this model showed poor fit (y?(9) = 135.93, p < .001; RMSEA = .144, TLI = .929, BIC = 77.19). The
two-factor solution improved model fit considerably ()(2(4) =15.53, p <.01; RMSEA = .065, TLI = .986, BIC = -10.57)
and explained 69.2% of the variance (Factor 1: 64.0%, Factor 2: 5.1%). Both parallel analysis and BIC comparison
(BIC improved from 77.19 to -10.57) converged in supporting the two-factor solution. Chi-square difference testing
further confirmed that the two-factor solution provided significantly better fit than the one-factor model (A y?(5)
=120.40, p < .001). However, inspection of communalities revealed that the PERFORMANCE subscale had notably lower
communality (:178) compared to other subscales (range: .499-.995), suggesting it was poorly represented in the
factor structure. Additionally, the two factors showed minimal correlation (r = .03), indicating near independence.

Given the low communality of the PERFoRMANCE subscale, we conducted a secondary EFA excluding PERFORMANCE
and retaining the remaining five subscales (MENTAL DEMAND, PHYSICAL DEMAND, TEMPORAL DEMAND, EFFORT, and FRUSTRATION).
Bartlett’s test remained significant (y?(10) = 2849.84, p < .001), and the overall KMO measure was .86, with
individual subscale values ranging from .81 to .93. Parallel analysis again suggested a two-factor solution. We
examined one-, two-, and three-factor solutions (Table 3). The one-factor solution explained 72.4% of variance
but showed poor fit ()(2(5) =125.89, p < .001; RMSEA = .188, TLI = .915, BIC = 93.26). The two-factor solution
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substantially improved fit ()(2(1) =1.21, p = .27; RMSEA = .017, TLI = .999, BIC = -5.32), accounting for 64.4% of
variance (Factor 1: 34.1%, Factor 2: 30.3%). Both parallel analysis and BIC comparison (BIC improved from 93.26
to -5.32) converged in supporting the two-factor solution. Chi-square difference testing confirmed significant
improvement over the one-factor model (A y?(4) = 124.68, p < .001). The two factors showed moderate correlation
(r = .72). The three-factor solution explained 67.9% of variance (29.2%, 18.9%, and 19.8% respectively) with excel-
lent fit (TLI = 1.004; RMSEA and BIC were not available due to model saturation), but the factors were highly
correlated (range: .68 to .84), and the model was saturated (negative degrees of freedom). Based on model fit
indices, parsimony, interpretability, and the convergence of parallel analysis and BIC comparison, the two-factor
solution provided the most appropriate representation of the data.

Table 3. Model fit indices for EFA solutions with six subscales (including Performance) and five subscales (excluding
Performance) across all tasks. The three-factor solution for five subscales was saturated (negative degrees of freedom),
rendering the RMSEA and BIC unavailable. For chi-square goodness-of-fit tests, non-significant p-values (p > 0.05) indicate
good model fit, suggesting no significant difference between observed correlations and those predicted by the factor structure.

Subscales Factors N x> df p |RMSEA TLI BIC

1-factor 683 | 13593 9 <.001 144 929 ~77.19
2-factor 683 | 1553 4 <.01 .065 986 -10.57

Six subscales

1-factor 683 | 125.89 5 <.001 .188 915 93.26
Five subscales 2-factor 683 1.21 1 27 017 999 -5.32
3-factor 683 — — — — 1.004 —

Note. df = degrees of freedom; RMSEA = Root Mean Square Error of Approximation; TLI = Tucker-Lewis Index; BIC =
Bayesian Information Criterion. The TLI is non-normed and can exceed 1.00 when the model y? falls below its degrees of
freedom; such values are conventionally truncated to 1.00 and, at'these low degrees of freedom, provide limited diagnostic
information, so we report it only for completeness alongside RMSEA and BIC.

Table 4. Factor loadings for the final two-factor solution using five subscales (N=683). Pattern matrix from oblique (oblimin)
rotation. Bold values indicate primary loadings.

Subscale Factor 1 Factor2 h? u? r BIC
Mental Demand 1.000 0.000 2995  .005
Physical Demand -0.111 0.899  .676 .324
Temporal Demand 0.346 0.553  .702 .298
Effort 0.521 0.462 833 167 | .72 -5.32
Frustration 0.334 0.614 .785 .215

Variance Explained ~ 34.1% 30.3%

Note. h?: Communality; u®: Uniqueness; r: factor correlation; BIC: Bayesian Information Criterion.
Bold values indicate primary loadings (|loading| > .60).
Variance Explained is shown as a proportion of the variance explained by each factor.
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Task Specific. To examine whether the factor structure varies across different task types, we conducted separate
EFAs for four task categories: SINGLE-COGNITIVE (N=178 from 55 papers), SINGLE-MANUAL (N=148 from
39 papers), FITTSBERG (N=151 from 42 papers), and SIMULATION (N=94 from 30 papers). We excluded two
additional categories due to insufficient paper counts. POPCORN tasks (N=70 from 18 papers) and DUAL-TASKS
tasks (N=42 from 13 papers) did not meet our minimum threshold of 30 papers for reliable factor analysis.
Based on the overall factor analysis findings, we analyzed only five subscales: MENTAL DEMAND, PHYSICAL DEMAND,
TEMPORAL DEMAND, EFFORT, and FRUSTRATION.

Parallel analysis consistently suggested a one-factor solution across all task types. However, model comparisons
revealed that the optimal factor structure varied with task characteristics (Table 5). For SINGLE-MANUAL tasks,
the one-factor solution showed the better fit (BIC = -15.40) compared to the two-factor solution (BIC = -3.24),
with all five subscales loading strongly on a single general workload factor (loadings ranging from .75 to .93).

In contrast, the other three task types showed substantially improved fit with a two-factor solution. SINGLE-
COGNITIVE tasks demonstrated the largest improvement (BIC from 23.44 to -4.53), with one factor primarily
capturing MENTAL DEMAND (1.00), TEMPORAL DEMAND (.62), EFForT (.86), and FRUSTRATION (.59), while PrysicAL DEMAND (.97)
loaded strongly on a second factor. The FITTSBERG tasks also showed substantial improvement (BIC from 20.11
to -3.86), where MENTAL DEMAND (.98) formed one factor while PrysicAL DEMAND (.97), TEMPORAL DEMAND (.71), EFFORT
(.53), and FrusTratiON (.79) loaded on another. For SIMULATION tasks, the two-factor solution (BIC from 10.78 to
-0.85) separated MENTAL DEMAND (1.00), TEMPORAL DEMAND (.61), EFForT (.74), and FRUSTRATION (.85) on one factor from
PrysicaL DEMAND (.99) on another. Factor correlations in these two-factor solutions ranged from moderate to high
(.47 to .76), indicating that while distinguishable, these dimensions remain related.

Table 5. Model fit comparison for task-specific EFA solutions using five subscales. BIC values are shown for one-factor and
two-factor solutions where applicable. Lower BIC values indicate a better fit.

Task Type Factors N X2 df p RMSEA TLI  BIC
Ifactor 178 | 4934 5 <.001| 223 885 23.43
SINGLE-COGNITIVE — 2¢tor )
o-factor 178 | 065 1 420 | 000  1.005 -453
1-fact 148 9.59 5 .088 .078 984 -15.40
SINGLE=MANUAL actor
2-factor 148 | 176 1 180 | 071 986 -3.24
Ifactor 151 | 4520 5 <.001| 231 886 2011
FITTSBERG actor )
o-factor 151 | 116 1 280 | 032 998 -3.86
Ifactor 94 | 3349 5 <.001| 246 808 1078
SIMULATION actor )
2-factor 94 | 369 1 055 | 169 909 -0.85
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Table 6. Factor loadings for task-specific EFA solutions using five subscales. Pattern matrices from oblique rotation for
two-factor solutions. Bold values indicate primary loadings (|loading| > .60).

Task Type Subscale Factor 1 Factor2 h? w? | r BIC
Mental Demand 1.000 -0.130  .740 .260
Physical Demand -0.130 0.970  .640 .360
T 1D d 0.620 0.300 740 .260
SINGLE-COGNITIVE __Pora Deman
Effort 0.860 0.000 .850 .150 | .70  -4.53
(2-factor)
Frustration 0.590 0.350 770 .230
Variance Explained ~ 49.4% 23.8%
Mental Demand 0.880 — 770 .230
Physical Demand 0.750 - .570 . .430
T 1D d 0.770 - 590 410
SINGLE-MANUAL ~ _cnporai beman
Effort 0.930 - .860 < .140 | — -15.40
(1-factor)
Frustration 0.880 — 780 .220
Variance Explained ~ 71.5% =
Mental Demand 0.020 0.980 .780 .220
Physical Demand 0.970 -0.130 630 .370
FITTSBERG Temporal Demand 0.710 0.170 .680 .320
Effort 0.530 0.480 920 .080 | .76 -3.86
(2-factor)
Frustration 0.790 0.150 .790 .210
Variance Explained  47.2% 24.9%
Mental Demand 1.0100 0.000 .850 .150
Physical Demand 0.000 0.990 270 .730
T 1D d 0.610 0.250 550  .450
SIMULATION gporat Ueman
Effort 0.740 0.240 760 .240 | 47 -0.85
(2-factor)
Frustration 0.850 0.000 720 .280
Variance Explained ~ 53.1% 22.3%

Note. h?: Communality; u?: Uniqueness; 1: factor correlation; BIC: Bayesian Information Criterion.
Bold values indicate primary loadings (|loading| > .60).
Variance Explained shown as proportion of variance explained by each factor.

Computing Device Comparison. As shown in Figure 4, a notable trend in HCI research is the increasing diversity
of computing devices. While early research focused on traditional 2D display-based devices, recent studies
increasingly incorporate immersive and mobile devices, such as AR/VR headsets and smart glasses. To investigate
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whether computing device type affects the dimensional structure of NASA-TLX, we compared factor structures
across device categories.

Following findings that the PERFORMANCE subscale showed low communality and that different task types have
distinct factor structures, we compared factor structures across device categories while controlling for task type.
We focused on SINGLE-COGNITIVE tasks (88 observations from 24 papers for 2D interfaces; 57 observations
from 17 papers for HMD) as they were the only task type with sufficient observations in both device categories
for reliable comparison.

Both datasets demonstrated suitability for factor analysis with significant Bartlett’s tests (2D: y?(10) = 350.73,
p < .001; HMD: y2(10) = 220.24, p < .001) and adequate KMO values (2D: .85; HMD: .83). Parallel analysis
suggested a one-factor solution for both device types. However, examining multiple model fit indices revealed that
two-factor structures provided better overall fit for both conditions (Table 7). For 2D interfaces, the two-factor
solution demonstrated superior fit across all indices. For HMD devices, although the one-factor solution showed
a marginally better BIC, it exhibited a poor absolute fit (significant chi-square test; p = .004), elevated RMSEA,
and insufficient TLI. We therefore examined the two-factor solution for both device types.

The factor loadings for the two-factor solutions are presented in Table 8. In both device types, MENTAL DEMAND
is loaded primarily on one factor and PrysicaL DEMAND is loaded on a second factor. TEMPORAL DEMAND and EFFORT
showed consistent patterns across both device types, with both TemporaL DEMAND and EFrorT showing more loadings
on the first factor. However, FrustraTiON showed different loading patterns across device types. With 2D interfaces,
FrustrATION showed cross-loading between both factors (.39 and .49), whereas in HMD, FrustratiON loaded more
strongly on the mental demand factor (.74) than the physical factor(.27). Both device types showed moderate-to-
strong factor correlations, though HMD devices exhibited a lower correlation (2D: r = .72; HMD: r = .59).

Table 7. Model Fit Indices for Computing Device Comparison (Traditional 2D Interfaces vs. HMD) for Single-Cognitive Tasks
Only

Device Type Factors N Papers | x> df p |RMSEA TLI BIC
l-factor 88 - 24 | 2363 5 <.001| 205 890 1.24
Desktop / Laptop / TV
2-factor 8 24 | 035 1 550 | .000 1019 -4.12
l-factor 57 17 | 1741 5 004 | 208 880 -2.80
HMD / Smartglasses
2-factor 57 17 | 154 1 214 | 088 978 -2.59

Note. The TLI is non-normed and can exceed 1.00 when the model y? falls below its degrees of freedom; such values are
conventionally truncated to 1.00 and, with only 1 df, provide limited diagnostic information.

Division Strategy Comparison. To investigate whether scale division approaches reported in the literature
affect the factor structure of NASA-TLX, we compared two aggregated groups. The first group consisted of
coarse-grained scales with 5- and 7-point divisions, comprising 228 observations from 59 papers. The second
group consisted of fine-grained scales using 20/21-point divisions. We also include research that does not specify
the division strategy, as we assumed they followed the original 20-point scale suggested in the development study.
The total number of observations is 402 from 112 papers. Given that task types influence subscale responses,
we examined each task type separately for the division strategy analysis. We found that most task types lacked
sufficient observations to enable robust comparisons between coarse-grained and fine-grained scales. Specifically,
the coarse-grained scales group contained only 16 DUAL-TASKS, 35 FITTSBERG, 19 POPCORN, 29 SIMULATION,
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Table 8. Factor Loadings for Computing Device Comparison (2-Factor Solution) for Single-Cognitive Tasks Only. Pattern
matrix from oblique (oblimin) rotation.

Desktop / Laptop / TV ‘ HMD / Smartglasses

Subscale Factor 1 Factor2 | h? u? ‘ Factor 1 Factor2 | h? u?
Mental Demand 0.976 -0.125 .790 .210 0.990 -0.177 .800 .200
Physical Demand 0.010 0.990 1.00 .005 0.046 0.969 1.00 .005
Temporal Demand 0.682 0.206 710 .290 0.629 0.267 .670. .330
Effort 0.829 0.148 .890 .110 0.837 0.106 .820 .180
Frustration 0.390 0.492 .670 .330 0.735 0.272 .850 .150
Variance Explained 50.0% 31.0% 56.0% 26.0%

Factor Correlation (r) .723 .593

BIC -4.12 -2.59

Note. h?*: Communality; u?: Uniqueness; r: factor correlation; BIC: Bayesian Information Criterion.
Bold values indicate primary loadings (|loading| > .60).
Variance Explained is shown as a proportion of the variance explained by each factor.

and 40 SINGLE-MANUAL observations. The fine-grained scales group showed 23 DUAL-TASKS, 110 FITTSBERG,
42 POPCORN, 58 SIMULATION, and 95 SINGLE-MANUAL observations. Only single-cog tasks provided adequate
sample sizes with 89 observations from 21 papers for coarse-grained scales and 74 observations from 27 papers
for fine-grained scales. We therefore focused our comparison of division strategies exclusively on single-cog
tasks.

We conducted a correlation analysis between the subscales and the overall score for SINGLE-COGNITIVE
tasks, as shown in Figure 7. We found that most correlations remained similar across scale divisions, ranging
from .03 to .20. However, the PERFORMANCE subscale exhibited substantially larger differences in its correlations
with MENTAL DEMAND, TEMPORAL DEMAND, EFFORT, and FRUSTRATION, ranging from .28 to .46.

Next, we run EFA for SINGLE-COGNITIVE tasks. The results are shown in Table 9 and Table 10. Following
the overall EFA approach, we excluded the PErRFoRMANCE subscale from this analysis because of its reversed-
scoring interpretation. Both datasets demonstrated suitability for factor analysis with significant Bartlett’s tests
(coarse-grained: y2(10) = 433.33, p < .001; fine-grained: y?(10) = 372.63, p < .001) and adequate KMO values
(coarse-grained: .83; fine-grained: .85). Table 9 presents the model fit indices for both division strategies. Parallel
analysis suggested a one-factor solution for both scale groups. However, BIC comparisons indicated that two-
factor structures provided a better fit for both coarse-grained (RMSEA = 0.000, TLI = 1.005, BIC = -3.68) and
fine-grained scales (RMSEA = 0.000, TLI = 1.007, BIC = -3.54). Both scale groups showed comparable factor
correlations (coarse-grained: r = .74; fine-grained: r = .75), yielding similar overall factor structures (Table 10).

5.3 Discussion

Our meta-analysis draws upon data extracted from CHI papers that reported complete subscale scores in text,
figures, or tables. We focused on examining subscale relationships compared to the NASA-TLX development
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(a) Coarse-grained (5- & 7-point) (b) Fine-grained (20- & 21-point) (c) Difference (fine — coarse)

Fig. 7. Correlation Matrices Comparison Between Division Settings. The heatmaps illustrate correlations between the six
NASA-TLX subscales and an overall score for SINGLE-COGNITIVE tasks. (a) Coarse-grained scales (5- and 7-point divisions;
89 observations from 21 papers). (b) Fine-grained scales (20- and 21-point divisions; 74 observations from 27 papers). (c)
Differences between the two correlation matrices, highlighting how scale granularity affects the relationships between
subscales. Darker shades indicate stronger positive correlations in (a) and (b), and-larger positive differences in (c).

Table 9. Model Fit Indices for Division Strategy Comparison.in SINGLE-COGNITIVE Tasks

Division Type Factors N Papers‘ ¥ daf_p ‘RMSEA TLI BIC

1-factor 89 21
2-factor 89 21

38.29 5 <.001
081 1 .368

.273 .842  15.85

Coarse-grained (5, 7) 000 L005 3.8

1-factor * 74 27
2-factor 74 27

29.06 5 <.001
076 1 .382

.255 861 7.54

Fine-grained (20, 21) 000 1007 -3.54

Note. The TLI is non-normed and can exceed 1.00 when the model y? falls below its degrees of freedom; such values are
conventionally truncated to 1.00 and, with only 1 df, provide limited diagnostic information.

study and analyzing how patterns vary across task types. We employed correlation analysis, beta weights
calculations, and exploratory factor analysis to maintain consistency with the original study while identifying
underlying dimensions. The following sections present key findings from these methods, providing a multifaceted
understanding of NASA-TLX in HCI contexts.

Stronger subscale intercorrelations in HCI contexts. We observe distinct correlation patterns in HCI contexts
compared to the development study. Our analysis reveals higher correlations between subscales, particularly
between mental demand, temporal demand, effort, and frustration. This increased correlation may suggest that
participants in HCI studies perceive these dimensions as more interconnected than in the NASA-TLX development
study. The beta weight calculations further support this observation, showing a more uniform distribution across
subscales than in the development study. However, for FITTSBERG tasks, the beta-weight patterns differed from
the original, showing more concentrated deviations, consistent with the findings of the development study. This
distinction indicates that the sensitivity and discriminability of subscales vary based on task type.
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Table 10. Factor Loadings for Division Strategy Comparison in SINGLE-COGNITIVE Tasks (2-Factor Solution). Pattern
matrix from oblique (oblimin) rotation.

Coarse-grained (5, 7) Fine-grained (20, 21)

Subscale Factor 1 Factor 2 ‘ h? u? ‘ Factor 1 Factor 2 ‘ h? u?
Mental Demand 1.011 -0.018 0.995 0.005 0.954 -0.116 0.758 0.242
Physical Demand -0.094 0.983 0.837 0.163 -0.002 0.999 0.995 0.005
Temporal Demand 0.430 0.459 0.690 0.310 0.431 0.521 0.795. 0.205
Effort 0.563 0.370 0.764 0.236 0.930 0.060 0.953  0.047
Frustration 0.247 0.774 0.945 0.055 0.765 0.158 0.791 0.209
Variance Explained 39.1% 45.5% 55.3% 30.6%

Factor Correlation(r) .744 .752

BIC -3.68 -3.54

Note. h?: Communality; u: Uniqueness; 1: factor correlation; BIC: Bayesian Information Criterion.
Bold values indicate primary loadings (|loading| > .60).
Variance Explained is shown as a proportion of the variance explained by each factor.

These findings emphasize the importance of careful experimental design and task selection when implementing
NASA-TLX in HCI research. NASA-TLX may not always effectively capture differences between experimental
conditions, particularly for certain task types. The weighting procedure appears to play a crucial role in maintaining
subscale distinctiveness, which is an important consideration given that unweighted scores are commonly used
in HCI studies. We recommend that researchers carefully evaluate whether NASA-TLX is appropriate for their
specific experimental context and consider using the weighting procedure to improve measurement sensitivity.

Performance subscale: A distinct dimension with implementation concerns. The performance subscale exhibited
notably lower communality(:178) in our exploratory factor analysis. This distinct pattern warrants special attention
and suggests two possible explanations. First, performance may represent a conceptually distinct third factor
separate from cognitive-affective and physical workload dimensions. When included in the initial analysis with
all six subscales, the two factors showed minimal correlation (r = .03), indicating near independence. This pattern
suggests that performance reflects outcome-focused self-evaluation rather than the process-oriented workload
perceptions measured by other subscales. Second, the inconsistent performance pattern could partially stem from
implementation errors identified in our systematic review. A common mistake we observed is incorrectly reversing
the performance scale direction. The NASA-TLX was designed so that lower values consistently represent lower
workload across all subscales, meaning higher performance ratings should indicate worse performance and thus
higher workload. Note that if a participant is confused about the direction of the performance scale, the results
could be difficult to interpret. A particular easy task might be rated at 100 in performance, and all the other
subscales are rated near 0. For RTLX, what should be 0 becomes 16.7, and the weighted TLX could yield much
higher scores. Meanwhile, a harder task could be rated higher on all scales (e.g., 20), with performance rated at 0,
and the RTLX would also be 16.7. While this case would be extreme, it shows that confusion on the direction of
the performance scale can unnecessarily reduce the sensitivity of the NASA-TLX. Interestingly, several papers
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reversed the direction of the performance scale while maintaining the intended direction for other subscales,
potentially introducing noise that obscures the true factor structure.

Given these findings, performance requires particularly careful implementation and interpretation. Researchers
must ensure performance is rated with consistent directionality, where higher values indicate poorer performance.
The distinct nature of this subscale suggests it captures unique aspects of workload experience. For studies in
which performance assessment is central to the research question, we recommend retaining this subscale, despite
its independence from other workload dimensions. However, when the research context does not emphasize
performance outcomes, researchers might consider omitting it in favor of focusing on the two primary workload
factors. Based on the poor fit and low communality, we excluded performance from subsequent factor analysis to
better identify the underlying structure of the remaining subscales.

Two-factor structure: Cognitive-Affective workload and Physical workload. Our exploratory factor analysis
revealed a clear two-factor structure when examining five subscales (mental demand, physical demand, temporal
demand, effort, and frustration). As shown in Table 4, the two-factor solution accounts for 64.4% of variance
with a good model fit. Mental demand, temporal demand, effort, and frustration load primarily on the first
factor, representing a combined cognitive-affective workload dimension. Physical demand loads distinctly on the
second factor, representing physical workload demands. The moderate correlation between these factors (r = .72)
indicates they are related yet distinguishable dimensions of workload. Task=specific analyses (Table 6) further
revealed that factor structure varies by task type: SINGLE-MANUAL and POPCORN tasks showed one-factor
solutions, while single-cog, fittsberg, simulations, and dual-task conditions exhibited two-factor structures with
varying patterns.

Scale granularity affects subscale correlations and factor assignment. We compared division strategies using
SINGLE-COGNITIVE task data to examine how granularity of scale affects the NASA-TLX measurement proper-
ties. The original NASA-TLX instrument employed a continuous 0-100 scale with 5-point increments, resulting in
21 tick marks that create 20 intervals (i.e., a 20-point scale). However, our systematic review identified considerable
variation in implementation, with many studies adapting it to coarser 5- or 7-point Likert scales. This deviation
from the original methodology may reflect researchers’ familiarity with conventional Likert-scale instruments
rather than adherence to the NASA-TLX design specifications. Our analysis provides empirical evidence for the
consequences of such modifications.

Examining the correlation‘matrices revealed that scale granularity primarily affects the relationships among
subscales rather than fundamentally altering the overall factor structure. For fine-grained scales (20/21 divisions),
the correlations among mental, physical, and temporal demand ranged from .67 to .87, indicating strong intercor-
relations. For coarse-grained scales (5 and 7 points), similar subscales showed somewhat lower correlations (.62
to .74), suggesting slightly more differentiation between dimensions. One notable difference is the correlation
between PerrorMANCE and other subscales. For fine-grained scales, the correlation is around .28 to .46, while
for coarse-grained scales, the correlation is around .03 to .20. This difference is likely due to the fact that the
PERFORMANCE subscale was unintentionally scored more often in the opposite direction for coarse-grained scales.

Both scale types supported two-factor solutions based on model fit indices. However, the factor assignments
differed markedly between groups, revealing how scale granularity influences the interpretation of workload
dimensions. Both solutions identified distinct factors, anchored in mental and physical demand, respectively.
Temporal demand showed moderate loadings on both factors across both scale types, reflecting its hybrid nature
in capturing both cognitive processing speed and physical time pressure. The critical differences emerged in how
effort and frustration were assigned to factors. For fine-grained scales, both Errort (loading = .930 on Factor 1)
and Frustration (loading = .765 on Factor 1) loaded primarily on the MenTaL DEMAND factor, creating a coherent
cognitive-affective workload dimension. The factor variance distribution further supported this interpretation,
with the mental-anchored factor explaining 55.3% of variance compared to 30.6% for the physical factor. For
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coarse-grained scales, the pattern diverged substantially. Errort showed split loadings across both factors (loading
=.563 on mental factor, .370 on physical factor), while FrustratION loaded primarily on the physical factor (loading
= .774) rather than the mental factor (loading = .247). The variance distribution also shifted, with the physical-
anchored factor explaining 45.5% and the mental-anchored factor explaining 39.1%, suggesting a more balanced
but potentially distorted structure.

These divergent patterns have important implications for measurement validity. For SINGLE-COGNITIVE
tasks, we expect mental demand to emerge as the dominant factor, with effort and frustration representing
cognitive-affective responses to mental workload demands. The fine-grained scale results align with this theoretical
expectation and with the nature of SINGLE-COGNITIVE tasks. The coarse-grained scale results, in contrast,
suggest that reduced response granularity may produce artifactual factor loadings that misrepresent the underlying
workload structure. We interpret this as evidence that coarse-grained scales introduce measurement error that
distorts the relationships among subscales, potentially leading researchers to draw incorrect conclusions about
the dimensionality of workload in their specific task contexts. This interpretation gains additional support from
the notably weak correlations between PErroRMANCE and other subscales on coarse-grained scales (ranging from
.03 to .20), which suggest that data collection with coarse divisions may involve less rigorous implementation
practices than with fine-grained scales.

These findings suggest practical implications for NASA-TLX implementation. We strongly recommend main-
taining the original 0-100 scale with 20 divisions to preserve valid measurement and appropriate factor structure.
Coarse-grained scales (5 or 7 points) introduce systematic distortions that misassign certain subscales to a non-
dominant factor or blur the distinction between subscales. Researchers should also exercise particular caution
with the PERFORMANCE subscale, as its reverse scoring makes it susceptible to implementation errors when using
custom response collection tools rather than the original paper form or validated digital instruments. When
practical constraints necessitate simplified response formats, researchers should interpret results conservatively,
acknowledge the potential for measurement artifacts; and avoid drawing strong conclusions about individual
subscale differences.

Device type influences frustration’s relationship to workload dimensions. Our comparison of traditional 2D
interfaces and HMD/smartglasses environments, controlling for task type by analyzing only single-cognitive
tasks, revealed that both device types support a two-factor structure separating cognitive-affective workload
from physical workload. However, the relationship between frustration and these factors differs across device
types, suggesting that the sources and nature of frustration may vary depending on the interaction paradigm.

In both device types, MENTAL DEMAND and ErrorT loaded primarily on Factor 1, while PuysicaL DEmanp loaded
distinctly on Factor 2, consistent with the overall pattern. TEmporaL DEMAND showed moderate cross-loading in both
conditions, reflecting its hybrid nature in capturing both cognitive processing speed and physical time pressure.
The key difference emerged in the assignment of the frustration factor. With 2D interfaces, FRusTraTION showed
balanced cross-loading between the two factors (.39 on the mental factor, .49 on the physical factor), suggesting
that frustration in desktop environments stems from both cognitive challenges and physical interaction difficulties.
In HMD environments, FrusTraTioN loaded primarily on the mental demand factor (.74), with weaker loading on
the physical demand factor (.27), indicating that frustration in immersive contexts is more strongly associated
with cognitive-affective demands than with physical discomfort.

This pattern has important implications for understanding workload in immersive environments. The stronger
association between frustration and cognitive demands in HMD contexts may reflect several factors. First, users
may adapt to or tolerate the physical discomfort of HMDs (weight, heat, pressure) while remaining sensitive to
cognitive challenges such as spatial disorientation, interaction difficulties, or task complexity. Second, the novelty
and complexity of 3D interaction paradigms in HMD environments may lead to greater cognitive frustration
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than the familiar mouse/keyboard interactions in 2D interfaces. Third, the immersive nature of HMD experiences
may make cognitive failures more salient and emotionally impactful than physical discomfort.

The factor correlations also showed interesting differences. The 2D interface data showed a higher factor
correlation (r = .72) than the HMD data (r = .59), suggesting that the cognitive and physical workload dimensions
are somewhat more independent in HMD environments. This result may reflect the distinct physical demands
of HMDs (head/neck strain, device weight) that are more separable from cognitive demands than the minimal
physical effort of desktop interaction.

However, we note important limitations in this analysis. The sample size for HMD environments (N=57) is
relatively modest for factor analysis, which may affect the stability of the results. More critically, even when
controlling for task type (single-cognitive tasks), different devices may still be used for qualitatively different
activities within that category. For example, HMD-based single-cognitive tasks might involve spatial memory or
3D object manipulation, while 2D-based single-cognitive tasks might involve text processing or'decision-making.
These residual differences in task characteristics could contribute to the observed differences in factor structure
beyond the device type itself.

Researchers using NASA-TLX in HMD studies should pay particular attention to the frustration subscale, as
it appears to capture cognitive-affective responses more than physical discomfort in immersive environments.
When comparing workload across device types, researchers should consider that frustration may reflect different
underlying sources depending on the interaction paradigm. Future research with larger samples and more
carefully matched task designs would help clarify whether these device-related differences in factor structure are
robust and generalizable.

6 Proposed Guidelines for using NASA-TLX in HCI

Our comprehensive analysis of NASA-TLX usage across nearly two decades of HCI research reveals that the
tool has proven its enduring value, with usage growing from 3% to nearly 10% of CHI publications. Despite
increased subscale intercorrelations and implementation inconsistencies, our findings support continued use
of NASA-TLX in HCI research. The fundamental issue is not with the instrument itself, but rather with how
researchers implement and interpret it. The challenges we identified highlight the critical importance of careful
interpretation and standardized methodology rather than invalidating the tool. Rather than simply distributing
questionnaires and reporting raw scores, researchers need to consider subscale relationships, task-specific factors,
and proper scale directionality. To support this goal, we provide comprehensive guidelines that incorporate our
empirical findings and offera toolkit to facilitate standardized usage. We organize these guidelines according to
the typical timeline for using NASA-TLX in research studies.

(1) Why NASA-TLX?: Ensure that NASA-TLX aligns with your research objectives. The NASA-TLX provides
amultidimensional assessment of subjective workload and is typically paired with objective performance
metrics for a comprehensive evaluation of the user experience.

(2) Ensure participant understanding: Provide clear explanations of what participants are responding to,
including each subscale’s meaning, the interpretation of rating values, the task being evaluated, and the
overall assessment context.

(3) Pay special attention to the Performance subscale: Explicitly clarify that for all six subscales, including
Performance, higher scores indicate higher workload and worse outcomes. Verify that participants
understand the scale direction and document any necessary score reversals during data processing.

(4) Use the original 21-point scale and report as 0-100: Use the original 21-point scale (0-100 in 5-point
steps) to preserve measurement sensitivity, and report scores on the 0-100 scale, including the overall
workload score. Avoid coarse scales of 7 or fewer points, which our analysis shows distort the factor
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structure; whether intermediate granularities such as 11-point (0-10) scales perform comparably remains
an open question for future work.

(5) Consider pairwise comparisons between the six subscales: When measuring workload for a sin-
gle task without comparison conditions, the pairwise comparison step can provide valuable insights
by identifying which dimensions contribute most to the overall workload and revealing task-specific
characteristics.

(6) Plan for partial implementations: If study constraints require fewer subscales, consider the Short-TLX
(STLX) option with MENTAL DEMAND, PHysicAL DEMAND, and PErForMANCE while documenting why subscales
were omitted and how task characteristics informed that decision.

6.1 Why NASA-TLX?

Before implementing NASA-TLX in a study, researchers should verify that the instrument aligns with their
research goals. NASA-TLX measures subjective workload through six distinct subscales, providing quantitative
data suitable for statistical analysis. We typically use NASA-TLX alongside objective performance metrics
to provide a comprehensive evaluation of user experience, as subjective workload can reveal that objective
metrics alone cannot capture. This strategy makes the NASA-TLX particularly valuable when researchers need
to understand not just the overall workload magnitude, but also which specific aspects contribute most to
participants’ experiences while enabling rigorous quantitative comparison across conditions.

We also emphasize understanding NASA-TLX’s measurement properties. The scale produces interval or ordinal
data, not ratio data, meaning the differences between scores are meaningful, but a score of 80 is not necessarily
“twice as demanding” as a score of 40. This property makes NASA-TLX particularly powerful for comparative
analysis between conditions or tasks, where relative differences provide meaningful insights into how design
changes or interventions affect workload across different dimensions.

6.2 Ensure Participant Understanding

Researchers must ensure that participants clearly understand each subscale and the purpose of the assessment
during the study. Our meta-analysis revealed strong correlations among MENTAL DEMAND, TEMPORAL DEMAND, EFFORT,
and FrusTrATION, indicating that these dimensions are interconnected. These correlations exceeded those in the
original study [29], suggesting stronger interconnection in HCI contexts. Our factor analysis results further
support this finding, showing that these subscales share substantial common variance and load together on the
same underlying factor. To ensure accurate responses, we recommend that researchers provide participants with
detailed explanations of each subscale rather than relying solely on subscale names. When collecting responses,
both the subscale title and its complete description should be clearly displayed. Following the original guidelines,
we emphasize using descriptive linguistic endpoints at both ends of each scale rather than numerical values
alone. This approach helps participants better understand what they are rating and ensures more consistent and
meaningful responses across studies.

Researchers must also clearly define task boundaries, as the NASA-TLX measures task-specific workload rather
than general or prolonged activity. We observed cases where the NASA-TLX was applied to overly broad contexts
without a clear task definition. This practice leads participants to rate general experience rather than specific
task workload, weakening the distinction between subscales. We recommend specifying concrete tasks, such as
“pointing and selecting the target as quickly as possible” rather than vague descriptions like “using the system”
This specificity ensures participants focus their assessment on the intended activity, yielding more accurate and
comparable measurements.
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6.3 Pay Special Attention to PERFORMANCE

The PErRrORMANCE subscale exhibits patterns distinctly different from the other five subscales. Our exploratory factor
analysis revealed notably low communality for PERFORMANCE, indicating it captures variance largely independent of
the other workload factors. This finding aligns with observations from the original development research, which
similarly documented weaker associations between PERFORMANCE and the remaining subscales [29]. However, while
other subscales demonstrated increased intercorrelations in HCI contexts compared to the development study,
PERFORMANCE maintained its distinct pattern.

We identified two possible explanations for this independence. First, PERFORMANCE may represent a distinct
outcome-based evaluation dimension, with participants rating performance strictly and independently, regardless
of other workload variations. However, this explanation weakens given that the other five subscales showed
increased intercorrelations in HCI contexts, whereas PERFORMANCE remained independent. The second and more
compelling explanation involves a misunderstanding of scale direction. Unlike MENTAL DEMAND, PHYSICAL DEMAND,
TempORAL DEMAND, EFFoRT, and FrRusTRATION where lower values intuitively represent better outcomes, PERFORMANCE
creates ambiguity because participants naturally associate higher numbers with better performance, leading
them to unintentionally invert the scale.

Hart and Staveland recognized this confusion and included descriptive endpoints (“Perfect=Failure” or “Good-
Poor”) to clarify directionality [29]. Despite these precautions, our systematic review revealed persistent imple-
mentation errors. We observed studies where participants reported unusually low values across all five demand
subscales but notably high values for PErrorMANCE. More problematically, some papers interpreted high perfor-
mance values as indicating good results without correction. Such misinterpretation undermines the NASA-TLX
methodology, which combines all six subscales into an overall workload score. Reversed performance values
reduce this combined score, producing misleading results.

We offer two recommendations. First, researchers must explicitly emphasize that for all six subscales, including
PErFORMANCE, lower values indicate better outcomes and less workload, using clear verbal or written instructions. A
second alternative is collecting performance data using an intentionally reversed scale (i.e., low values indicating
poor performance). In such cases, researchers must reverse the values before analysis or reporting and clearly
document this transformation. These practices ensure that PERFORMANCE captures its distinct outcome-focused
dimension while maintaining consistency with the NASA-TLX’s design principle that higher values always
indicate higher workload.

6.4 Use the original 21-point scale and report as 0-100

We recommend using the original standardized 0-100 scale with 21 response options (0-100 in 5-point intervals;
i.e., 20 intervals) for collecting and reporting NASA-TLX responses. This approach aligns with the original
recommendation and demonstrates critical advantages in our analysis. Our comparison of division strategies for
SINGLE-COGNITIVE tasks revealed that fine-grained scales with 20-point divisions preserve appropriate factor
structure and subscale relationships. In contrast, coarse-grained scales with 5 or 7-point divisions introduce
systematic measurement distortions. Specifically, coarse-grained scales misassign frustration to the physical
factor rather than to the cognitive-affective factor, where it theoretically belongs, and they yield weak correlations
for the PErrormMANCE subscale. These distortions can lead researchers to draw incorrect conclusions about the
dimensionality of workload in their specific contexts.

Some researchers might prefer coarse-grained scales to maintain consistency when using NASA-TLX alongside
other subjective measures that employ 7-point Likert scales. Despite this consideration, we recommend retaining
the original 21-option (0-100) scale for NASA-TLX to preserve the measurement precision intended by the original
design, as the original printed and computerized implementations of NASA-TLX already provide this granularity,
thereby establishing it as the standard approach. Modern input technology, such as mice and touchscreens, makes
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implementing this scale straightforward and widely accessible. Although modern input technology makes it easy
to offer scales even finer than the original 21 options, it is questionable whether finer granularity is actually better.
Psychometric theory would not predict gains in reliability or sensitivity beyond this point [60]. Coarse scales, on
the other hand, are clearly worse, as our data show that 5- and 7-point scales distort the factor structure. The
space in between remains unproven, as our review provides no evidence at intermediate granularities; whether
an 11-point (0-10) scale matches the 21-option scale is an open question. We therefore recommend the original
21-option scale and leave scales of roughly 10 steps or finer to future work.

However, given the mixed findings in the slider vs. discrete scale debate [7, 14, 74], we recommend preserving
the original discrete format and making direct point-and-click (or tap) selection of any response option the
primary input method. This mirrors the paper-based NASA-TLX, in which respondents simply marked a position
on the scale rather than drawing a line. Dragging may be offered as an optional convenience rather than as the
primary input method. It can aid correction on touchscreens by letting participants fine-tune their mark to the
intended position, since finger input can introduce fat-finger or other accuracy issues. This preserves usability on
both mouse and touchscreen without departing from the standard design, and is the approach adopted in our
toolkit (section 7).

Regardless of the collection method employed, we strongly recommend reporting all NASA-TLX scores on
the standardized 0-100 scale. Consistent reporting improves interpretability and helps readers contextualize
findings within the established framework used across the field. While NASA-TLX data does not possess true
ratio properties, this standardization convention allows readers to interpret results within the established
0-100 framework and better understand how findings relate to other studies that use different implementation
approaches.

6.5 Consider pairwise comparisons for single-task studies

NASA-TLX is designed primarily to compare workloads between conditions rather than to establish absolute
workload levels. We strongly advise against interpreting absolute NASA-TLX scores as universal indicators of
task difficulty, as scores are inherently subjective and task-dependent. Results should be reported quantitatively,
with appropriate statistical analyses and effect sizes, rather than qualitatively, emphasizing that the NASA-TLX is
both quantitative and subjective.

Our systematic review identified 22 papers that used NASA-TLX for single-task evaluations. While the
instrument was originally designed for between-condition comparisons, single-task applications can provide
valuable insights when approached appropriately. For such applications, we recommend focusing on two analytical
approaches.

First, examine between-participant variation to assess response consistency and identify potential individual
differences in workload perception. High variability among participants may indicate unclear task instructions,
individual differences in expertise, or inconsistent experimental conditions.

Second, use between-subscale analyses to determine which dimensions contribute most significantly to overall
task workload. We recommend using statistical tests to identify dominant subscales for a given task (e.g., using
a paired-per-participant t-test to test whether physical load is rated higher than mental load). This approach
can reveal whether a task is primarily mentally demanding, physically challenging, or performance-oriented,
providing insights into task characteristics and potential design improvements.

In addition, our beta-weight analysis revealed more distributed values across subscales in HCI contexts com-
pared to the original development study, indicating that subscales contribute more uniformly to overall workload.
This distribution pattern suggests reduced discriminability between dimensions, making it harder to identify
which specific aspects of workload dominate in a given task. In single-task studies where between-condition
comparisons are unavailable, the pairwise comparison procedure is particularly valuable for identifying which
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dimensions contribute most to perceived workload, helping researchers understand task-specific characteristics
despite the increased subscale overlap we observe in HCI contexts.

Note that using the second stage of the NASA-TLX should be considered. For all 15 binary comparisons
across the six subscales, participants explicitly rate which of the two subscales presented had a greater effect on
workload. This step normally provides the weights for the original NASA-TLX. Here, it can provide a consistency
check for each participant. For example, if the per-participant paired t-test returns that physical load was larger
than performance, but enough of the binary comparisons show the opposite, then one might suspect that the
performance subscale labelling may have been reversed or not provided.

When reporting results, researchers should first present overall workload scores, followed by detailed analyses
of individual subscales, since NASA-TLX measures multiple factors that contribute to overall workload. We
emphasize using the term workload rather than cognitive load when reporting results, as NASA-TLX measures
multiple dimensions, including physical and temporal demands, effort, performance, and frustration, beyond
cognitive factors alone. Researchers should explicitly state whether they employed the weighting process in their
analysis and provide sufficient detail to enable reproducibility.

6.6 Partial Implementations: Short-TLX (STLX)

While we recommend using all six subscales for comprehensive workload assessment, many CHI papers already
adopt partial implementations to reduce participant burden or align with existing study batteries. To support those
scenarios, our meta-analysis highlights three subscales that consistently remain informative when researchers
abbreviate the instrument: MENTAL DEMAND, PHysicAL DEMAND, and PERFORMANCE. These dimensions emerged as the
most influential components across factor analysis and beta weight calculations, capturing fundamental aspects
of task workload. The remaining subscales (EFrorT, TEMPORAL DEMAND; and FRUSTRATION) often overlap with these
core dimensions, suggesting they may be partially redundant when shorter forms are unavoidable.

We refer to this focused combination as Short-TLX (STLX), paralleling the Raw TLX (RTLX) naming that
denotes unweighted scores. STLX serves as guidance for studies that must shorten response time rather than
as a replacement for the full instrument. It can help when experiments involve numerous comparisons that
may burden participants with repetitive responses, or when researchers seek frequent workload checkpoints
throughout an experiment.

Researchers should still exercise caution when implementing STLX, as optimal subscale selection may vary
depending on task characteristics. The factor structure differs across task types, with some tasks showing one-
factor solutions and others exhibiting two-factor structures. For purely cognitive tasks, MENTAL DEMAND tends to
dominate, while tasks involving physical interaction benefit from including PHysicaL DEMAND. PERFORMANCE captures
a distinct outcome-focused dimension that remains important across task types. When implementing STLX,
researchers should document why specific subscales were retained or omitted and interpret results in the context
of the experimental design.

7 Toolkit for Standardized NASA-TLX Implementation

To support researchers in implementing the standardized NASA-TLX practices outlined in our guidelines, we
developed a comprehensive toolkit that directly addresses the implementation challenges and inconsistencies
identified in our systematic review. Our toolkit serves two primary purposes: providing easy access to the meta-
analysis data and enabling researchers to follow our recommended standardized methodology. The toolkit includes
(1) a web-based research database for exploring historical usage patterns and (2) a response collection application
for standardized data collection. While applications are available for iOS [56] and Android [57], these solutions
have significant limitations: they require discrete button presses rather than continuous input, mandate pairwise
comparisons, and lack educational support materials. Therefore, we developed our own application to address
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these limitations, supporting multiple options and educational materials to improve participant understanding of
subscale definitions.

NASA-TLX CHI-Meta Database
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Fig. 8. Interactive research database interface showing NASA-TLX data collected from CHI papers. The database allows
researchers to explore patterns in workload assessment across different studies and experimental conditions.

Interactive Research Database. We created a comprehensive web-based database that provides searchable access
to all NASA-TLX usage data from our systematic review. This tool allows researchers to explore implementation
patterns, examine the methodologies of specific papers, and identify relevant prior work based on device types,
experimental designs, or statistical approaches. The database includes filters for publication year, device category,
participant count, and analysis methods. This resource enables researchers to benchmark their study designs
against existing work and identify appropriate comparison studies for their research context. The database is
accessible at https://sebaram.github.io/nasa-tlx/.
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Fig. 10. Screenshots of the NASA-TLX assessment tool with a learning game: (a) Arithmetic game interface, (b) Review of
user’s response, and (c) Expert explanations for NASA-TLX subscales

Response Collection Application and Educational Materials. Our application addresses these limitations through
several key features. First, participants record responses by pointing and clicking (or tapping) directly on any
position along the 0-100 scale using mouse or touch interfaces; dragging is additionally supported as an optional
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convenience but is never required, so that users with reduced dexterity are not disadvantaged. By default, the
application presents the original 21-point scale (0-100 in steps of 5), and we also provide options for other
commonly used scales of 5, 7, and 11 (0-10) points to accommodate different study requirements. All scales begin
at 0 and map directly onto the 0-100 reporting range, so scores can always be reported on the same standardized
scale. The application provides flexible weighting configurations, similar to the iOS tool [56], allowing researchers
to implement pairwise comparisons in three ways: disabled entirely for unweighted scores, enabled globally
across all tasks, or applied per individual task following the original methodology. These options give researchers
control over the weighting process while maintaining compatibility with established practices. Based on our
systematic review findings, we highlighted the performance scale endpoints to prevent the common error of
reversed ratings, in which participants misinterpret the direction of the performance measure. The application
also allows researchers to selectively enable or disable individual subscales, supporting studies that require
focused assessment of specific workload dimensions. This feature is particularly useful for implementing the
STLX variant we described earlier, though we continue to recommend using all six subscales when possible to
maintain comprehensive workload assessment.

To improve participant understanding and response quality, we integrated comprehensive educational materials
into the toolkit. These include a 10-minute video lecture that explains each subscale with concrete examples and
an interactive arithmetic game with multiple difficulty levels. In the game, participants complete 5-10 arithmetic
problems per level, then identify which subscale increased most significantly compared to the previous level. The
system provides immediate feedback by comparing participant responses with expert classifications validated by
multiple PhD researchers.

During response collection, participants can access detailed subscale descriptions adapted from the original
NASA-TLX development study. The interface displays both the subscale name and its complete definition to ensure
accurate interpretation. All text supports localization; titles and descriptions are easily replaced for different
languages. We welcome community-contributed translations.

The application exports results in a standardized CSV format compatible with common statistical software
packages. Both the application and educational materials are released as open-source software to encourage
community adoption and contribution. The complete toolkit is available at https://sebaram.github.io/nasa-tlx-
tools/.

8 Conclusion

We analyzed how the NASA-TLXis used in HCI research by examining 522 papers from CHI conferences spanning
19 years (2006-2024). Our analysis reveals a lack of standardized methodology in reporting NASA-TLX results,
with researchers employing diverse statistical approaches and visualization methods. We collected values for
six subscales from 683 tasks across 185 papers, then conducted correlation analysis, beta-weight regression,
and factor analysis. Our subscale analysis indicates stronger correlations among subscales than in the original
development study, and each subscale showed different beta weights and reduced discriminability. We developed
guidelines to help ensure proper implementation of the NASA-TLX and to facilitate standardized usage. These
guidelines include suggesting a short version (STLX) as an abbreviated measure that incorporates MENTAL DEMAND,
PrysicaL DEMAND, and PERFORMANCE, based on the findings of factor analysis. We also created a toolkit to promote
more consistent and detailed reporting of NASA-TLX measurements. Our work establishes a foundation for
improving the quality and transparency of workload assessment reporting.
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