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ABSTRACT
Within-subjects experiments are prone to asymmetric transfer, which confounds results interpretation. While HCI researchers routinely test asymmetric transfer in objective data,
doing so for subjective data is rare. Yet literature suggests that
anchoring effects should make subjective measures particularly susceptible to asymmetric transfer. We report on four
analyses of NASA-TLX data from four previously published
HCI papers, with four main findings. First, asymmetric transfer is common, occurring in 42% of tests analysed. Second,
the data conforms to predictions of anchoring effects. Third,
the magnitude of the anchor’s effect correlates with the magnitude of the difference between the interface ratings – that
is, the anchor’s ‘pull’ correlates with the anchoring stimulus. Fourth, several of the previously published findings are
changed when data are reanalysed using between-subjects
treatment. We urge caution when analysing within-subjects
subjective measures and recommend that researchers test
for and report the occurrence of asymmetric transfer.
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INTRODUCTION
Controlled experiments play a pivotal role in the development of foundational understanding in Human-Computer
Interaction. Subjects are assigned to experimental conditions,
with objective and subjective data taken to help researchers
understand various aspects of technology and human reactions to it. Objective data normally characterises aspects
of performance, such as task time or error rates; whereas
subjective data provides insights into human experiential
factors, such as perceived workload, frustration, preferences,
and so on. To assist researchers in gathering subjective data,
and to facilitate comparison across studies, various survey
techniques have been developed, such as the Questionnaire
for User Interface Satisfaction (QUIS) [6] and the NASA Task
Load Index (NASA-TLX) [15]. These survey methods typically require users to select a response from a small set of
ordered values on a semantic differential scale or Likert item,
with responses translated into corresponding numerical values (e.g., 1 to 5). The existence of large sets of HCI studies
using similar scales facilitates meta-analyses that would otherwise be impossible. For example, through a meta-analysis
of 127 different user interface evaluations, Nielsen and Levy
[27] determined that the median response for interface satisfaction was 3.6 out of 5. In short, quantitative analysis of
subjective measures plays an important role in HCI research.
HCI experiments are often designed to use within-subjects
treatment for interface factors, meaning that all experimental
participants complete tasks using all of the interfaces evaluated (as opposed to between-subjects treatment in which
each participant uses exactly one interface). Two reasons for
preferring within-subjects treatment are that, first, it provides some control for individual variability (a user who is
particularly slow with one interface is likely to be comparatively slow with other interfaces) and second, it facilitates
participant economy (one participant provides data for n
interfaces, whereas between-subjects assignment requires n
participants to gather the same quantity of data). The primary
drawback of within-subjects treatment involves order effects
– there are risks that unintended factors such as learning or
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fatigue effects may influence measures across conditions. For
example, when an experimental participant completes tasks
using interface A and then B, their faster performance with
B may be explained by B providing better support than A;
or perhaps the improvement is due to the participant being
more familiar with the experimental tasks (a learning effect).
To mitigate confounding order effects, researchers use
order counterbalancing – for example, half of the participants
might complete condition A before B, with the other half
completing B before A. When experiments involve more than
two conditions, more complex counterbalancing measures
can be applied, such as using a Latin square to assure that
no condition prevalently precedes another.
However, counterbalancing does not eliminate risks of
order effects. In particular, there are risks of asymmetric
transfer [31] in which the order of experience differently
influences the transfer effect between conditions. Figure 1a
shows a hypothetical example of asymmetric transfer (the
meaning of the scale is unimportant). In Group 1 participants
completed tasks in the order A1 then B2 (meaning A first,
B second), with condition A1 serving as good preparation
for condition B2 (mean ratings of 2.5 and 5 respectively).
However in Group 2 (order B1 then A2 ), B1 with a mean of 4
served as poor preparation for A2 resulting in it receiving a
mean value of 1.5.
Asymmetric transfer can be detected through a groupbased analysis of the dependent measure – for example, comparing the mean value for the A1 B2 group with that of the
B1 A2 group. When asymmetric transfer occurs, appropriate
results interpretation is fraught, and researchers will typically discard all data except that from the first experienced
condition, using between-subjects analysis.
The need to be cautious about asymmetric transfer in
within-subjects experiments is well known in HCI, featuring
in texts on research methodology (e.g., [23]). However, while
we are aware of many studies that have inspected objective
data for the presence of asymmetric transfer, we are unaware
of studies in HCI that have done so for their subjective data.
Importantly, psychology research on anchoring effects suggests that subjective responses are particularly susceptible
to asymmetric transfer. Anchoring effects cause people to
import earlier numerical experiences into their subsequent
numerical assessments – the earlier number becomes an anchor that influences the latter number. Tversky and Kahneman [38] demonstrated the effect in an experiment in which
participants first watched a roulette wheel that was rigged
to have the ball land on either 10 or 65; and subsequently
participants guessed the proportion of African countries in
the United Nations. The mean guesses were 25% following 10
and 45% following 65. The anchor values 10 and 65 ‘pulled’
responses down and up, respectively.
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(b) A1 lowers B2 ; B1 raises A2 .
Figure 1. Two hypothetical forms of asymmetric transfer.
Top, A1 before B2 raises B2 ’s value, but B1 before A2 lowers A2 ’s value. Bottom, consistent with anchoring effects, in
Group 1, A1 ’s low value drags down B2 ’s value, but in Group
2, B1 ’s high value before A2 drags up A2 ’s value.

Figure 1b characterises how anchoring effects might influence users’ subjective assessments of interface experiences.
In the figure, the dark bars (A1 and B1 ) show the conditions
completed first, representing ‘truthful’ subjective values that
are unaffected by transfer. In Group 1, the low first assessment of A1 results in an artificially low response for B2 (the
low value anchors the second assessment); and in Group 2,
the high initial assessment of B1 provides an anchor that
lifts the subsequent assessment of A2 . Importantly, anchoring effects should result in asymmetric transfer (indicated
in this example by a difference in means between Groups 1
and 2), which confounds results interpretation. Furthermore,
anchoring effects should diminish the truthful differences
between interfaces A and B, potentially leading to Type II
errors.
This paper describes four analyses in which NASA-TLX
data from four previously published within-subjects HCI
experiments were reinspected. The specific contributions
of the paper are as follows: 1. a review-based appraisal of
the likelihood that anchoring effects will cause asymmetric
transfer in user interface subjective ratings; 2. confirmation
that asymmetric transfer occurred in many of the previously
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BACKGROUND
Three areas of background work are briefly reviewed, concerning detection of asymmetric transfer, psychology foundations on anchoring and related effects, and prior studies
in HCI examining these issues.
Detecting Asymmetric Transfer
Asymmetric transfer occurs when there is a differential transfer across experimental conditions dependent on order of
exposure [31]. In user interface evaluation this might occur if interface A provided good preparation for B, while
B provided poor preparation for A. Asymmetric transfer is
detected when there is a statistically significant difference
in the dependent measure between group ordering (i.e., the
mean for the A1 B2 group differs from that of the B1 A2 group).
The charts shown in Figure 1 both show this type of effect.
The occurrence of asymmetric transfer is sometimes inspected by investigating the interaction between factors order ∈ { f irst, second} and condition (such as interface A and
B). However this method is logically equivalent to testing
the main effect of group. For example, the data from Figure 1a can be redrawn (Figure 2) to show an interaction
of order×interface, with A values decreasing from A1 to A2
while B values increase. But conducting the analysis in this
way is problematic due to incomplete cells in the experimental design. This occurs because participants complete
both orders ( f irst and second) and both interfaces (A and
B), suggesting that both factors are within-subjects, but the
factors are not crossed, meaning that for each participant
only one of A or B is completed first.
The general problems of asymmetric transfer [31] are well
documented in the HCI literature for objective measures
(e.g., [22]), but not for subjective measures. Furthermore, the
problems of cross-contamination to within-subjects subjective responses have been discussed in relation to the testing
of utility theories in behavioural economics [20], and this
knowledge has influenced experimental designs within HCI
(e.g. [32]). However, we are unaware of prior HCI research
that has analysed or demonstrated asymmetric transfer for
subjective measures.
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published tests; 3. confirmation that the data conforms to
anchoring effects; 4. results showing that the strength of
the anchoring outcome correlates with the magnitude of
the anchor’s stimulus; and 5. evidence that several of the
previously published findings would change if reanalysed in
a between-subjects manner (discarding data from all but the
first condition experienced). The important implications for
future analysis of subjective measures are discussed.
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Figure 2. Asymmetric transfer evident in an Order×Interface
interaction, using identical data to that shown in Figure 1a:
values for A decrease from First to Second, while values for
B increase.

Foundations on Anchoring and Related Effects
The findings of reliable anchoring effects have been confirmed many times since Tversky and Kahneman’s [38] famous roulette wheel study. While many studies have focussed on the corrupting influence of an anchor value on
quantitative subjective judgements, others have generalised
these findings to subjective valuation and preference. For
example, Ariely [2] conducted a study that asked subjects
whether they would be willing to buy items such as wine or
books for a value equal to the last two digits of their social
security number, and they were subsequently asked to state
their maximum willingness-to-pay (WTP) value. Higher social security numbers resulted in higher WTP values – for
example, subjects whose social security number was in the
top quintile were willing to pay an average of $56 for a
cordless computer keyboard, compared to only $16 for those
whose numbers were in the bottom quintile. In another of his
studies, Ariely examined the price at which subjects would be
willing to accept (WTA) re-listening to a brief painful noise
played over headphones. Higher initial offers (higher anchors) resulted in higher payments required before reaching
a WTA threshold. Anchoring effects have also been shown
to influence valuation in art auctions [5], general purchase
and selling decisions [37], and even criminal sentences in judicial decisions [12]. A full review of literature on anchoring
effects is beyond the scope of this paper; interested readers
are directed to Furnham and Boo’s relatively recent review
[13].
In summarising anchoring effects, Ariely stated ‘an initial
choice will exert a normatively inappropriate influence over
subsequent choices and values’ [2, p78]. If true for HCI experiments involving within-subjects use of subjective rating
scales, this is a clear area for concern.
Other psychological effects could also influence users’ subjective responses when engaged in a series of assessments.
In particular, Kahneman and Tversky’s prospect theory [19]
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states that people make judgements with respect to a reference point (e.g., expecting to be paid $50 for some work). If
an outcome is less than the reference point (e.g., being paid
$40), then it represents an objective loss, and if greater (e.g.,
being paid $60), it is an objective gain. A key transformation
in prospect theory is that the magnitude of the subjective
value associated with losses is greater than the subjective
value associated with gains – being paid $40 feels worse than
being paid $60 feels good. The general sentiment is that ‘bad
is stronger than good’ (see Baumeister et al. [4] for a review).
Importantly for our discussion, reference points can shift
[21]. Consequently, if the ‘good’ experience of one interface
caused the reference point to rise (raising expectations), then
the failure of the next interface to meet the new reference
point could result in an amplified negative subjective value
derived from the loss. This hypothetical scenario is characterised in Figure 1a – in Group 1, the initial low value of A1
lowers the reference point, resulting in a higher than normal
assessment of B2 ; and in Group 2, the high assessment of B1
raises the reference point, resulting in a lower than normal
assessment of A2 (lowering the overall mean for A). Note that
the hypothetical influence of a shifting reference point pulls
subsequent assessment values in the opposite direction to
that of the hypothetical influence of anchoring. Under a theory of shifting reference points, the difference between the
two second interfaces grows (|A2 − B2 | > |A1 − B1 |, Figure 1a),
potentially promoting Type I errors of false identification of
a significant difference.
In contrast, under a theory of anchoring, the equivalent
difference diminishes (|A2 − B2 | < |A1 − B1 |, Figure 1b). While
the direction of the difference between assessments of A
and B should not change under anchoring, any reduction
in the magnitude of the difference between scores of A and
B could potentially cause Type II errors (failures to identify
a significant difference) for two reasons. First, the widely
used Wilcoxon sign-rank test incorporates data on the direction and magnitude of difference, so reductions in the
magnitude of difference are likely to reduce test sensitivity. Second, survey response scales are typically coarse in
granularity (typically five or seven items), so a reduction in
the magnitude of difference may increase the proportion of
score ties, again reducing the likelihood that a significant
difference will be identified. Furthermore, papers frequently
report mean and other values for scale responses to indicate
differences between conditions, so it would be useful to know
if systematic effects underestimate these differences.
Primacy effects [3, 11, 30] could also influence users’ responses to a series of survey questions. Primacy effects show
that the probability of recalling items in a series of cued
items (such as words) follows a U-shape across serial position,
with initial and terminating items recalled best. This effect
has been generalised to encompass a well-validated priming
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tendency for information that is acquired early to have a
disproportionally strong influence on memories, decisions,
and judgements (e.g., [26]). Close connections are suspected
between the underlying mechanisms of primacy, priming,
and anchoring, but remain under debate (e.g., [25, 26, 38]).
Finally, straight-lining effects have been shown to occur
[17], particularly in long surveys, with respondents providing identical responses to questions regardless of their content.
Anchoring and Related Effects in HCI
Anchoring and related psychological effects have been studied in various areas of HCI, with work on recommender
systems making the most direct and frequent reference to
the effects.
Cosley et al. [10] examined how recommender systems
influence users’ subjective ratings. Results from their laboratory study of a movie-rating interface showed that users’
ratings were significantly lower or higher than normal when
the interface showed a predicted rating that was respectively
lower or higher. These results conform to an anchoring effect,
although the paper makes no mention of anchoring. Adomavicius [1] later noted that Cosley et al.’s results could be
explained by anchoring effects, and Zhang et al. concluded
that ‘the rating provided by a recommender system serves
as an anchor for the consumer’s constructed preference’ [42,
p375]. Similar effects have also been observed in information
retrieval [36] (user’s relevance assessment of documents is
influenced by the quality of the last document judged) and
in information visualization [39] (the interpretation of a visualization can be influenced by the previous visualization).
These studies examined effects influencing the user’s assessment of information presented through the interface.
However, previous HCI studies have also examined the role
of related effects on assessments of the interface itself. For example, Hartmann et al. [16] examined a variety of influences
on users’ assessment of interface aesthetics, finding that
ratings tended to spill over between assessment categories
in a form of halo effect [28] that might also be influenced
by anchoring: ‘attribution of good quality on one attribute
positively influenced judgment on another, even in the face
of objective evidence to the contrary’ [16, p15]. Similarly,
studies by Raita and Oulasvirta [33] showed that a positive
priming stimulus increased interface usability ratings, while
negative primes reduced them. Michalco et al. review several
studies showing related effects, placing their own studies
within the framework of expectation disconfirmation [29].
Although an interesting framework, expectation disconfirmation has been criticised because its underlying theories
can be used to predict all possible experimental outcomes
while prohibiting none [41].
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ANALYSIS ONE: ASYMMETRIC TRANSFER
To examine whether asymmetric transfer occurred in past
studies, we required data sets in which two interface conditions were examined using within-subjects treatment, and
with interface order recorded. We selected studies using the
NASA Task Load Index (NASA-TLX) [15] for three reasons:
it is among the most widely used ratings methods for subjective assessment, it provides six different data-points (mental,
physical and temporal workload, success/performance, overall effort, and frustration), and it has relatively consistent
means for presentation in the form of numerical scales, typically in the range 1-5, 1-7 or 1-9.
We limited our analyses to studies that investigated exactly
two interface conditions. We did so because analyses with
three or more conditions would likely produce tiny samples
for the between-subjects analysis that is necessary when
considering group ordering effects. For example, a study
with 18 participants across three interface conditions has
six different potential orderings, which provides only three
participants’ data in each order.
Data was retrieved from four of our own previously published studies – [24], with n = 36, and responses gathered
using paper survey sheets on a 5-point scale; [8], n = 28, paper 7-point scale; [35], n = 10, paper 5-point scale; and [14],
n = 16, online 10-point scale. The source data file and R script
are available on the ACM Digital Library as supplementary
material. The four studies yield 48 separate subjective measurements (4 studies × 6 NASA-TLX measures × 2 interface
conditions), and the same number of group ordering data
points (4 × 6 × 2 groups (A1 B2 and B1 A2 )). We normalised
data from all studies to real values in the range 1-5.
We used the ARTool R package to apply the Aligned Rank
Transform [18, 34] to NASA-TLX measures. Having done so,
we used a mixed two factor ANOVA to analyse the effect
of Group ∈ {A1 B2 , B1 A2 } (between-subjects) and Interface
∈ {A, B} (within-subjects) on the NASA-TLX measures. To
reiterate, the subscript in the coding A1 means that interface
A was conducted first. As stated above, asymmetric transfer
was identified though a significant effect of Group.
Results: Confirming Asymmetric Transfer
Figure 3 summarises the mean subjective ratings for Group 1
(A1 then B2 , left in each plot) and Group 2 (B1 then A2 , right
in each plot) in the six NASA-TLX measures (columns) across
the four studies (rows). The p value for the main effect of
Group in each of the 24 separate ANOVAs is shown within
the plots (pg ), in green bold text where significant, indicating
asymmetric transfer.
In total, 10 of the 24 tests (42%) indicated significant asymmetric transfer at α = .05 – the 42% value represents the
proportion of tests that would have indicated significant
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asymmetric transfer if the original researchers had tested
for its occurrence. All of the four studies showed asymmetric transfer in at least two tests. Of course, with 24 tests, at
α = .05 we should expect at least one false positive (Type
I error) among the data – Bonferroni-Holm correction for
a hindsight-based analysis indicates a 33% detection rate.
This rate of asymmetric transfer should not occur without
some underlying cause. Frustration measures showed significant asymmetric transfer in all four studies (none for
mental effort), but the number of studies examined is too
small to indicate whether differences exist across NASA-TLX
categories.
ANALYSIS TWO: EVIDENCE OF ANCHORING
Anchoring effects should cause a particular form of asymmetric transfer in which a rating that follows a low initial
assessment is pulled down by the low anchor, and a rating
that follows a high initial assessment is pulled up. To determine whether the data was consistent with anchoring effects,
we made two initial computations, as illustrated in Figure 4.
First, we determined which condition (A1 or B1 ) provided
the ‘low’ anchor and which provided the ‘high’ anchor. We
did so by comparing A¯1 with B̄1 (the mean values when conducted first, and therefore uninfluenced by transfer effects).
Second, we calculated the magnitude and direction of the
resultant ‘pull’ of the anchor on the second assessment. This
involved calculating the difference between the second and
first mean rating for the interfaces: for example, ∆Ā = A¯2 −A¯1 ,
as shown in Figure 4.
If anchoring effects apply, then the ∆ value for the interface following the ‘high’ interface should be positive, and
the ∆ value should be negative when following the ‘low’
interface.
We conducted a paired t-test to compare the influence
of ‘low’ and ‘high’ initial assessments on the subsequent
assessment. In this test the dependent measure was the appropriate ∆ value for the second interface: for example, in
Figure 4, ∆ B̄ is the dependent measure for the ‘low’ condition
(because interface B followed the low value of A1 ), and ∆Ā
is the dependent measure for the ‘high’ condition (because
interface A followed the high value of B1 ). Each of the 24
different NASA-TLX outcomes (four studies each with six
workload measures) gives two values for the paired analysis:
the ∆ value following the ‘low’ assessment and the ∆ value
following the ‘high’ assessment.
Results: Support for Anchoring Effects
Results are summarised in Figure 5. The mean ∆ value following the low interface was -0.34 (s.d. 0.62, 95% CI [-0.61, -0.07]),
compared to a mean value of +0.53 (s.d. 0.58, 95% CI [0.28,
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Figure 3. Mean values for each of the NASA-TLX measures in the four studies, together with p values for the main effect of
Group. Green and bold values of pg indicate significant asymmetric transfer at α = .05.

0.78]) following the high interface: T 22 = 4.47, p < .00051 .
Note that the 95% confidence intervals following the low anchor only include negative values; and only positive values
following the high anchor.
These results are consistent with anchoring effects – when
users provide an initial low assessment, their subsequent
assessment of the second interface is pulled down by the
anchor value; and when they provide a high assessment,
their subsequent assessment of the second interface is pulled
up by the anchor value.

1 The degrees of freedom are 22 rather than 23 because one test was excluded

ANALYSIS THREE: ANCHOR STIMULUS & PULL
The analyses above indicate that asymmetric transfer is worryingly common in subjective ratings (42% in our sample)
and that the nature of asymmetric transfer is consistent with
anchoring effects. However, we were concerned that the rate
of asymmetric transfer may be even higher when there are
meaningful differences between the interfaces. For example,
if two interfaces are truthfully similar to one another in their
mental effort (say), then there is little stimulus for a resultant
anchoring effect. By analogy, when assessing the value of a
house with a nominal value of $1,000,000, anchoring cues of
$300,000 and $3,000,000 provide a strong stimulus for different value assessments due to anchoring effects, but cues of

due to A¯1 == B¯1 , preventing classification of either interface as low.
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Figure 6. Correlation analysis of the mean strength of anchoring stimulus (the difference between A1 and B1 ratings,
with lower interfaces left and higher interfaces right) and
the resultant ‘pull’ of the anchor (∆ values for the interfaces).
Data points corresponding to significant asymmetric transfer are green and filled.
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Figure 5. Mean ∆ values (e.g., Ā2 − Ā1 ), representing the anchor value’s pull on the assessment that follows the low (left)
and high (right) first assessment. Error bars ± 1 s.e.m. Results conform to an anchoring effect, as characterised in Figure 4.

In the figure, the filled green dots indicate conditions associated with significant asymmetric transfer (summarised in
Figure 3); unfilled orange dots indicate no significant asymmetric transfer. If the correlation analysis is conducted incorporating only the data that showed significant asymmetric
transfer, then Pearson r = .82; and the correlation is near
absent (r = .15) when using only the data that showed no
significant effect.
In other words, the strength of the anchoring stimuli correlates positively with the upwards or downwards pull on
the subsequent rating for the equivalent measure in the next
interface.

$300,001 and $300,002 provide a weak stimulus for different
assessments.
We therefore used correlation analysis to investigate the
relationship between the strength of anchoring stimulus
and the upward or downward ‘pull’ of the anchor. Stimulus
strength was calculated as the difference in mean rating
values for the interfaces when completed first (e.g., A¯1 − B̄1 ),
which was correlated with the ∆ value for the interface that
followed (the resultant ‘pull’).

ANALYSIS FOUR: DO PRIOR RESULTS CHANGE?
The main concern about asymmetric transfer is that it confounds results interpretation and promotes false conclusions.
We therefore conducted a final set of analyses to inspect
whether the findings from the NASA-TLX results in previously published papers would change when accounting for
asymmetric transfer.
We recalculated the original findings using within-subjects
Wilcoxon signed ranked tests. We also computed new statistical measures using between-subjects Mann-Whitney tests of
only the condition conducted first (i.e., A1 or B1 , discarding
data from A2 and B2 ), which removes the potential impact
of asymmetric transfer.

Results: Stimulus Correlates with its ‘Pull’
Figure 6 summarises the results, revealing a positive correlation between the strength of anchoring stimuli and the
resultant ‘pull’ of the anchor value (Pearson’s r = .67, classified as a ‘large effect’ according to Cohen’s conventions [9]).

Results: Many Previous Results Change
Table 1 summarises the findings for the six NASA-TLX measures across each of the four studies. Columns to the left
show the originally published within-subjects analyses; the
between-subjects reanalysis is to their right. Both of these
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analyses show mean values for the two interfaces, the difference between these values (∆w and ∆b for within- and
between-subjects comparisons), a comparison of whether
the mean for A is greater, less, or similar to B (within 0.1),
and the resultant statistical p value. The ‘A B Gap Change’
columns indicate the difference between ∆ values in the
between- and within-subjects analyses – a negative value indicates that the difference between interfaces was smaller in
the between-subjects difference than in the within-subjects
analysis (‘closing’ the gap, which is the opposite of the predicted effect of anchoring); a positive value indicates that
the between-subjects analysis shows a larger difference between interfaces than the within-subjects analysis (consistent with anchoring). The final column on the right indicates
any change between the within- and between-subjects analyses.
We briefly highlight four different forms of change that
occurred.
First, there are eleven cases of gap widening, where the
difference between A¯1 and B̄1 in the new analysis is larger
than the originally reported difference between Ā and B̄. This
effect occurs in Studies 2, 3, and 4. For example, the original
values for Frustration in Study 3 showed a magnitude of difference of 0.9, which widens to 2.2 in the between-subjects
analysis. This gap widening effect is consistent with anchoring – anchoring should diminish the truthful differences
between conditions (see Figure 1b) because an initial high
assessment pulls up the second assessment, and an initial
low assessment pulls down the second assessment, falsely
closing the gap.
Second, in four cases, the gap widening effect contributed
to previously non-significant results becoming significant
(Physical workload in Study 2, Effort and Frustration in
Study 3, and Temporal workload in Study 4). In the cases
of Physical Workload in Study 2 and Temporal Workload in
Study 4 the meaning of the data is substantially altered, with
the previous suggestion of equivalence between conditions
being replaced with a finding that one interface is more demanding than the other. Three other analyses also suggest
that this effect is occurring, with the between-subjects analyses approaching significance when the previously reported
means were similar (Temporal workload and Frustration in
Study 2, and Frustration in Study 4).
Third, there are five cases of gap closing, where the betweensubjects analysis results in a smaller difference between A¯1
and B̄1 than originally shown between Ā and B̄. This is evident in Study 1’s measures for Mental effort, Success, Effort
and Frustration, and in Study 4’s measure of Physical effort. While it may appear that these data points oppose a
theory of anchoring, the earlier analysis of the strength of
the anchoring stimuli suggests that this is not the case. In
all but one case where gap closing occurs, the magnitude
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of the difference between the ‘truthful’ A¯1 and B̄1 values is
small (0.1 for Mental effort and Success in Study 1, and also
for Physical effort in Study 4; 0.2 for Frustration in Study 1).
These small differences suggest that anchoring effects should
have had little influence because the initial assessments of
both interfaces were similar.
Finally, there are four cases in Study 1 and one in Study 3
where originally significant findings become insignificant
in the between-subjects analysis. One factor contributing
to this is the loss of statistical power that comes from the
loss of half of the sample due to between-subjects treatment,
and the loss of control for individual variability that is inherent in within-subjects treatment. The most puzzling data
point in this analysis, however, is Success in Study 1, where
a marginal effect is shown with Ā > B̄ in the within-subjects
analysis, despite similar values for A¯1 and B̄1 . We currently
have no explanation for why this analysis showed significance in the within-subjects treatment, suspecting that noise
in random sampling is at play (a Type I error).
DISCUSSION
To summarise the main findings, first, reanalysis of four previously published studies showed a high rate of asymmetric
transfer in NASA-TLX measures (42% at α = .05). Second,
the nature of the asymmetric transfer was analysed, showing
that it conformed to anchoring effects. This analysis involved
comparing the subjective ratings for the two interfaces when
conducted first, treating one as providing a ‘low’ anchor and
the other as a ‘high’ anchor, and then inspecting whether
the second assessment rating for each interface was pulled
up or down with respect to its first assessment value. Results
showed that the ‘low’ anchor pulled subsequent values down,
while the ‘high’ anchor pulled subsequent values up. Third,
correlation analysis also supported anchoring effects, indicating that stronger anchoring stimuli (i.e., bigger differences
between the subjective ratings of interfaces when assessed
first) induced larger ‘pulls’ upwards or downwards. Finally,
new between-subjects analysis (the standard practice when
asymmetric transfer occurs) indicated that the basic meaning
of several previously published findings would have changed
if asymmetric transfer had been originally inspected.
The following discussion generalises the findings, offers
suggestions for future researchers, and raises cautions for
the research community.
Why and When Anchoring Occurs
The results show strong evidence for prevalent asymmetric
transfer in subjective measures, with good indications that
the effects are attributable to anchoring effects. However,
further work is needed to better understand the nature and
extent of these effects.
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Table 1. Summary of published within-subjects analyses and new between-subjects analyses, including means for A and B,
∆ between these values, order of values for A and B, and p values. The ‘A B Gap Change’ columns indicate the difference
between ∆b and ∆w , with the ‘Type’ column showing whether the between-subjects analysis shows a smaller difference between
interfaces than the within-subjects analysis (‘closing’ the gap, opposing anchoring) or ‘widening’ the gap (consistent with
anchoring). Value differences of less than |0.1| are interpreted as being similar (≈). A tick in the ‘Asym?’ column shows that
significant asymmetric transfer was indicated. The ‘Meaning Change’ column summarises any change of meaning between
the published and new analyses.
Study

Published (within-subjects)
Ā

B̄

∆w

Order

1
Ment.
Phys.
Temp.
Succ.
Eff.
Frust.

2.6
2.1
2.5
4.0
2.4
2.0

2.9
2.7
2.7
3.6
3.0
2.7

-0.3
-0.6
-0.2
0.4
-0.6
-0.7

A<
A<
A<
A>
A<
A<

2
Ment.
Phys.
Temp.
Succ.
Eff.
Frust.

3.2
2.1
2.8
3.0
3.1
2.6

3.4
2.1
2.9
3.2
3.2
2.6

-0.2
0.0
-0.1
-0.2
-0.1
0.0

3
Ment.
Phys.
Temp.
Succ.
Eff.
Frust.

2.6
1.9
2.2
4.3
2.1
1.6

2.8
3.2
3.1
4.2
3.2
2.5

4
Ment.
Phys.
Temp.
Succ.
Eff.
Frust.

3.0
2.1
2.6
3.7
2.9
2.0

2.8
2.5
2.6
3.6
3.1
1.9

Reanalysed (between-subjects)

p

A¯1

B¯1

∆b

Order

B
B
B
B
B
B

.23
.02
.19
.05
.01
.00

2.5
2.1
2.3
3.8
2.3
2.2

2.6
2.6
2.6
3.9
2.7
2.4

-0.1
-0.5
-0.3
-0.1
-0.4
-0.2

A≈
A<
A<
A≈
A<
A<

B
B
B
B
B
B

.84
.18
.38
.7
.36
.6

A<
A≈
A≈
A<
A≈
A≈

B
B
B
B
B
B

.47
.69
.30
.23
.52
.83

3.1
1.5
2.6
3.2
2.7
2.0

3.5
2.3
3.4
3.4
3.4
2.7

-0.4
-0.8
-0.8
-0.2
-0.7
-0.7

A<
A<
A<
A<
A<
A<

B
B
B
B
B
B

-0.2
-1.3
-0.9
0.1
-1.1
-0.9

A<
A<
A<
A≈
A<
A<

B
B
B
B
B
B

.68
.03
.06
1.0
.05
.07

2.8
2.0
2.4
4.4
1.8
1.4

3.0
3.2
3.2
4.2
4.0
3.6

-0.2
-1.2
-0.8
0.2
-2.2
-2.2

A<
A<
A<
A>
A<
A<

0.2
0.4
0.0
0.1
-0.2
0.1

A>
A<
A≈
A≈
A<
A≈

B
B
B
B
B
B

1.0
.19
.84
.84
.38
.95

3.2
2.0
3.0
3.7
3.1
2.4

2.4
1.9
2.0
3.7
2.6
1.6

0.8
0.1
1.0
0.0
0.5
0.8

A>
A≈
A<
A≈
A>
A>

Asym?

Meaning Change

Type

within → between

-0.2
-0.1
0.1
-0.3
-0.2
-0.5

Closing
≈
≈
Closing
Closing
Closing

A<B→A≈B
sig. → not sig.

.32
.03
.07
.38
.18
.11

0.2
0.8
0.7
0.0
0.6
0.7

Widening
Widening
Widening
≈
Widening
Widening

B
B
B
B
B
B

.66
.13
.27
.6
.01
.02

0.0
-0.1
-0.1
0.1
1.1
1.3

≈
≈
≈
≈
Widening
Widening

B
B
B
B
B
B

.2
.83
.02
.77
.28
.08

0.6
-0.3
1.0
-0.1
0.3
0.7

Widening
Closing
Widening
≈
Widening
Widening

In particular, questions remain about how and why these
effects occur. In traditional psychology experiments on anchoring effects, participants are given a numerical stimuli
(e.g., a high or low value) and then immediately proceed
to a subsequent numerical assessment. However, this response immediacy is not typically present when completing
NASA-TLX worksheets to assess user interfaces. Instead, participants typically answer a series of questions about a first
interface, such as A1−mental , A1−physical , . . . , A1− f rustration , and
then proceed to a related series of questions for a second
interface. Why, then, should a value for A1−mental serve as an
anchor for B2−mental given that a series of values intervened?
We see three candidate explanations, but further work is
required to determine their veracity. First, it might be that
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A B Gap Change

p

|∆b | − |∆w |

sig. A > B → A ≈ B
sig. → not sig.
sig. → not sig.

A ≈ B → sig. A < B
A≈B→A<B
A≈B→A<B
A≈B→A<B

sig. → not sig.
not sig. A < B → sig. A < B
not sig. A < B → sig. A < B

not sig. A < B → A ≈ B
A ≈ B → sig. A < B
not sig. A < B → not sig. A > B
A ≈ B → not sig. A > B

users simply remember their earlier value, and this memorised value anchors their subsequent one. Second, NASATLX values are often recorded on paper worksheets, and
these worksheets are sometimes available to participants
throughout the experiment. Therefore, when completing an
assessment for one category (such as B2−mental ), the participant might refer back to their earlier value (e.g., A1−mental ),
with this reference refreshing the anchor value. Studies 1,
2 and 3 analysed in this paper all used paper worksheets
that permitted referring to earlier responses. Study 4 used
computer-based presentation that prohibited back referencing. Finally, it is possible that participants form an overall
impression of one interface and that its associated overall
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subjective value serves as a form of anchor for their assessment of the subsequent interface (consistent with the halo
effects reported by [16]).
Further work to better understand these issues has practical implications for how researchers should gather subjective
ratings. For example, if physical worksheets were known to
amplify anchoring effects due to eased back-referencing, this
would suggest that on-line methods should be preferred, with
previous responses suppressed in the data display. However,
it seems likely that some memory effects will remain.

Recommendations for Experimenters
In light of our findings, we urge researchers to inspect subjective measures for asymmetric transfer, preferably using
the aligned rank transform [40]. When asymmetric transfer
is indicated, researchers would be best to revert to betweensubjects comparison of data from only the conditions completed first. Furthermore, given the psychological foundations for anticipating asymmetric transfer in subjective measures, between-subjects analysis is probably preferable even
when asymmetric transfer is not significantly indicated.
This recommendation to prefer between-subjects treatment has three main problems. First, within-subjects treatment has substantial benefits in increasing test sensitivity,
largely because the role of individual differences are mitigated. Adopting between-subjects analysis therefore risks
increasing Type II errors. However, given that it is already
standard practice to switch to between-subjects treatment
when asymmetric transfer is indicated for objective measures, we see little reason for adopting a different practice
for subjective measures.
Second, opening the possibility for researchers to analyse
within-subjects subjective measures using between-subjects
methods may increase opportunities for researchers to ‘phack’ – applying a multitude of tests in the hope that one
will show a desirable result, unduly increasing Type I error rate. Preregistration of experimental procedures could
mitigate these risks, with researchers stating their analytical methods before conducting the experiment (including
their intention to test for asymmetric transfer and revert to
between-subjects analyses if indicated) [7].
Third, the recommendation is problematic when experiments involve more than two interface conditions. The analyses reported in this paper only studied experiments in which
there were exactly two interfaces. We had datasets from several studies that involved three or more interfaces, but we
elected not to analyse them for two reasons. First, anchoring
effects might operate in several ways, such as A1 influencing
both B2 and C3 , or alternatively A1 might influence B2 , with
B2 then influencing C3 . Second, full counterbalancing across
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n conditions creates n! different group orders, which will normally cause tiny samples for between-subjects group-based
analysis.
Given the frequency of asymmetric transfer in the studies analysed in this paper, and its unknown (but suspected)
occurrence in studies with three or more levels, we recommend treating with suspicion any subjective rating data from
within-subjects analysis of more than two interfaces.
Other Subjective Measures
Our analysis only examined NASA-TLX responses. The decision to limit the analysis to these measures was intended
to minimise extraneous factors and maximise data consistency across studies. However, this creates risks that the
findings will not generalise beyond NASA-TLX worksheets.
We believe that this is a relatively minor concern because the
results conform to a well established and comprehensively
evaluated underlying theory of anchoring effects. Regardless, further work validating the occurrence of asymmetric
transfer and conformance with anchoring effects is needed
for other forms of subjective measure.
Arguably the most promising direction for further study
lies in understanding what factors contribute to asymmetric
transfer in subjective ratings when the effect of anchoring is
minimal or absent. This includes understanding the roles of
choice framing, reference points, primacy effects, and other
related effects as described in the Background section*.
CONCLUSION
Within-subjects experimental designs are widely used in
HCI research, and subjective rating measures are commonly
gathered in these experiments. However, within-subjects
designs are susceptible to asymmetric transfer effects, and
when asymmetric transfer occurs, within-subjects analyses
are confounded.
We presented the rationale for suspecting that asymmetric transfer would frequently occur in the subjective data
gathered from within-subjects HCI experiments, due to anchoring effects. Yet HCI researchers do not (to our knowledge) inspect subjective data for its troublesome occurrence.
Through four analyses of NASA-TLX data from four previously published HCI experiments we confirmed the following: 1. asymmetric transfer was disturbingly common; 2. the
data conformed to predicted effects of anchoring; 3. the magnitude of the anchoring effect correlated with the magnitude
of the anchoring stimulus; and 4. several of the previously
published findings changed when the effects of asymmetric transfer were appropriately addressed through betweensubjects treatment. We encourage HCI researchers to be

Page 10

CHI 2019 Paper

cautious when inspecting and interpreting subjective measures from within-subjects experiments; asymmetric transfer should be anticipated and tested, with between-subjects
treatment preferable when asymmetric transfer is indicated.
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