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A new multidimensional subjective workload assessment instrument—Workload
Profile—was introduced and evaluated against two unidimensional instruments—
Bedford and Psychophysical scaling. Subjects performed two laboratory tasks
separately (single task) and simultaneously (dual task). The multidimensional
procedure compared well with the unidimensional procedures in terms of sensi-
tivity to task demands, concurrent validity with performance, and test-retest
reliability. The results suggested that the subjective workload profiles would
only have limited predictive value on performance. However, results of the
canonical analysis demonstrated that the multidimensional ratings provided
diagnostic information on the nature of task demands. Further, the diagnostic
information was consistent with the a priori task characterization. This strongly
supports the notion that mental workload is multidimensional and that subjects
are capable of reporting the demands on separate workload dimensions. Theor-
etical implications on mental workload models and practical implications on the
assessment approaches are discussed.

id evaluates a multidimensional subjective workload

- The present paper introduce

st o ASSESSMETIEANStrutient-<the Workload Profile. Implicit in all of the multidimensional

workload procedures is the assumption that mental workload is multidimensional
and multidimensional information is available to and accessible by the subjects. In
contrast to a unidimensional approach, a multidimensional approach has the
potential to offer diagnostic information concerning the nature of the task demand
in addition to information on the intensity or levels of demand.

The benefits and necessity of developing theoretically based workload models
have been advocated by many (Gopher and Donchin 1986, Gopher and Kimchi 1989,
Kantowitz 1992). Several multidimensional instruments (such as the Subjective
Workload Assessment Technique (SWAT), Reid and Nygren 1988, the NASA
Tasl.( Load Indfax (TLX), Hart and Staveland 1988, the VACP model (visual,
audl.tory, cognitive, psychomotor model), McCracken and Aldrich 1984) have been
foutmely used and found to provide useful information. However, most of these
Instruments do not have strong theoretical underpinnings. The workload dimensions
in the Workload Profile procedure proposed here, in contrast, are based on a current
theoretical model that has been subjected to much empirical testing. Theoretically
base.d‘workload predictions can therefore be made a priori and tested. The diag-
nostxggy of ?he Workload Profile dimensions can be judged against the theoretical
predictions, independently of how they compared to other instruments.
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1. Workload Profile
The Workload Profile procedure has in common with another multidimensional
procedure—Workload Index (W/INDEX, North and Reiley 1988), the assumption
that workload dimensions can be defined by the resource dimensions hypothesized in
the multiple resource model of Wickens (1987). The various workload dimensions
represent the different demands that can be imposed by a task: perceptual/central
processing, response selection and execution, spatial processing, verbal processing,
visual processing, auditory processing, manual output, and speech output. To the
extent that these dimensions are a good representation of mental workload, the
multidimensional ratings could provide a diagnostic workload profile that would
describe the manner in which the task is demanding.

One major difference between W/INDEX and the Workload Profile procedure is
that the latter asks the subjects directly to rate the proportion of attentional resources
used for each task on several dimensions. Specifically, subjects are asked to provide
difficulty ratings retrospectively (after they have performed all of the tasks) on the
eight dimensions hypothesized in the Wickens’ model (see also Wierwille and
Eggemeier 1993). With W/INDEX, researchers knowledgeable about the tasks to
be performed and familiar with the theoretical background of the resource dimen-
sions (subject matter experts) would make a programmatic estimate a priori. The
estimate is a workload index used to predict the eventual performance, especially
time-shared performance (North and Reiley 1988, Sarno and Wickens 1991). The
Workload Profile procedure examines the diagnosticity afforded by the multidimen-
sional ratings provided directly by the subjects who have actually experienced the
tasks and who are not necessarily familiar with the theoretical framework or
predictions. In short, W/INDEX is a projective technique, whereas Workload Profile
is an assessment technique.

As the Workload Profile procedure has not been previously examined, its
performance is compared to two more established instruments. The comparison is
made along three criteria: sensitivity to manipulation of task demands, concurrent
validity with task performance, and test-retest reliability. A discussion on the
importance of the various criteria for selecting workload assessment instruments
can be found in Muckler and Seven (1992), O’'Donnell and Eggemeier (1986), and
Wierwille and Eggemeier (1993). .

The natural choice of instrument for comparison would be another multidimen-
sional instrument. Instead, two unidimensional instruments, the Bedford (Roscoe
1987) and Psychophysical (Gopher and Braune 1984) procedures, were ghosen. Th'ere
were two reasons for this. First, multidimensional ratings generally require more time
to collect. As will be made clear below, time was severely limited given tpe scope of the
present experiment. Second, rating on different dimensiops for t_he dlﬁ‘erept instru-
ments in one setting could be unduly confusing to the sul_);ects. Given th'at. it was not
practically feasible to compare the new instrument with other multidimensional
instruments, comparing the new instrument with thg umdl‘me_n.swnal instruments
would at least provide some indications of the sensitivity, re%lablhty., gnq concurrent
validity of the new instrument. Without these qualities, the diagnosticity information
offered by the multiple dimensions would be of little vglpe. . o .

To summarize, the present paper introduces a mu1t1c}n.nens1onal subjective wor -
- load assessment technique and examines the diagnos‘ucrcy' afforded by tl.le multi-
dimensional workload ratings. The task demand of the experimental tas}gs will ﬁr§t be
characterized according to a multiple resource model and relevant empirical findings.
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The actual subjective ratings are then gauged against the a priori f:haracter.ization.
Second, the new instrument is compared to two well-known subjective techniques to
obtain some preliminary indications of its sensitivity, reliability and concurrent

validity.

2. Method
2.1. Subjects
Sixteen right-handed college students (8 females and 8 males) between the ages of 18
and 28 years (M = 21-7 years) served as subjects. Subjects were either remunerated at
$4-00 per hour or received research credits towards a course requirement.

2.2. Tasks
A discrete Sternberg memory task and a continuous tracking task were used. Each

task could be performed alone (single task) or the two tasks could be performed
simultaneously (dual task). The use of the continuous tracking task and the Sternberg
memory task have been common in workload research (for example, sec Gopher and
Donchin 1986). These tasks have well-defined and documented difficulty manipula-
tions, as well as face validity to real-world activities. The tracking task is commonly
considered a generic laboratory analogue for a vehicular control task that requires
constant monitoring and control in order to remain on course. The Sternberg task
imposes a working memory demand that is typical of many in-flight operations. For
example, a pilot will often have to maintain the air traffic controller’s instructions
(such as a new radio frequency) in memory amidst flight control activity. Generally,
workload assessment techniques that have fared well in laboratory environments that
used operational-relevant tasks have generalized well to the operational settings. For
example, the Subjective Workload Dominance (SWORD) technique (Vidulich ez al.
1991) was originally tested on a dual-tracking laboratory task (Vidulich and Tsang
1987) and has subsequently been successfully used in evaluating F-16 HUD designs
(Vidulich ef al. 1991) and the impact of crew-reduction in the KC-135 (Rueb et al.
1994).

2.2.1. Sternberg task (SB): Subjects learned a memory set of two (SB2) or four (SB4)
letters at the beginning of each trial. Memory set size was manipulated as an objective
difficulty parameter against which subjective workload measures could be compared.
The letters were randomly chosen from the English consonants for each trial. During
the trial, a single probe was presented at the centre of the screen where it remained
until the subject responded. The Sternberg task had a fixed response-stimulus interval
of 1'5s. Subjects responded with the left hand by pressing the ‘yes’ button if the letter
belonged to the memory set or the ‘no’ button otherwise. Subjects were asked to be as
accurate and as fast as possible, but accuracy was emphasized over speed. The
dependent variables were accuracy, omissions, and reaction time (RT, the median
reaction time of the correct responses for the trial). Since there were not enough
omissions for analysis and there was no evidence of speed-accuracy tradeoff, only the
RT measure is discussed here.

2.2.2. Tracking task (TR): A one-dimensional continuous compensatory tracking .
task was used. The task was to maintain a moving cursor centred on a stationary
rgference line at the centre of the screen. Lateral random disturbance was generated
with sum of sines. The leftmost possible cursor position and the rightmost possible
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cursor position on the screen subtended a visual angle of 6° 50'. The control stick was
a spring-centred, finger-controlled, joystick (Measurement System Inc., Model 531).
The tracking task was performed with the right hand. Two orders of control were
used: first order or velocity control (TR1) and second order or acceleration control
(TR2). The order of control was manipulated as an objective difficulty parameter
against which subjective measures could be compared. The dependent variable for the
tracking task was Root Mean Square error (RMSE). (The joystick position was
sampled 30 times per second. A RMSE was calculated over every 10 samples. A
running average of the RMSEs was obtained over a 1-s sliding window. Finally, a
mean RMSE of these running averages was calculated for the trial.)

2.2.3. Dual tasks: The four single tasks were factorially combined to produce four
dual tasks: TRISB2, TRI1SB4, TR2SB2 and TR2SB4. The tracking task was
presented directly below the Sternberg task. The two tasks were presented spatially
close together to minimize visual scanning. The vertical visual angle subtended by the
two tasks was 1° 10'; the horizontal visual angle subtended by the Sternberg stimulus
and the furthest possible cursor position on one side was 3° 17'. Subjects were asked to
pay equal attention to both tasks and to do their best on both tasks.

2.2.4. A priori task characterization: According to Wickens® multiple resource model
and findings in the literature, the tracking task would be characterized as a spatial
task and the memory task as a verbal task. The memory and tracking tasks had their
input and output modalities in common (both were visually presented and responded
to manually). The more difficult version of both tasks (TR2 and SB4) were expected
to impose increased perceptual/central processing demand due to an increased
demand on working memory in SB4 and the need to anticipate future position of
the tracking cursor so as to generate leads for effective second order control (Isreal et
al. 1980, Wickens et al. 1981). TR2 would also have increased response processing
demand relative to TR1 owing to the need for more movement reversals for TR2
control. Jagacinski (1977) and Wickens (1986) provide an excellent overview of the
parameters and demand of manual control. Among the dual tasks, resource competi-
tion or resource demand (and therefore dual-task performance decrement) was
expected to be lowest for TR1SB2, intermediate for TR1SB4 and TR2SB2, and
highest for TR2SB4 (see, for example, Tsang et al. 1995).

2.3. Workload measures

2.3.1. Psychophysical scaling: The Psychophysical scaling procedure (Gopher an.d
Braune 1984) involves first assigning an arbitrary workload value to one task tha't is
designated as the ‘reference task’. In the present experiment, the first order tracking
task was designated the reference task and assigned a work}oad value of 100. A
somewhat easy task was used as a reference task so that the asmgned value would not
constrain the upper end of the ratings. The reference task was listed at Fhe top c_>f the
page and all the other tasks were listed below in a random order. Subjects asmgr.led
one rating to each of the other tasks relative to the reference task, after ha\{mg
experienced all the task conditions. No restriction was placgd on the range of poss_lble
ratings, hence each rating was transformed into a proportion of the range of r.all;m 1%5
used by the subject (Gopher and Braune 1984). Once subjects were fa;mhafr w1tll :he
procedure, it typically took only a few minutes to complete the ratings for all the
tasks.
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2.3.2. Bedford scaling: The Bedford scaling procedure has been used to evaluate
aircraft systems in Britain (Roscoe and Ellis 1990) and in the United States (Corwin et
al. 1989). Like the Psychophysical procedure, the Bedford procedure asks for a single
unidimensional rating for each task condition. Immediately after performing the task
to be rated, subjects went through a decision tree like that of a Cooper-Harper scale
and rated the task by reporting the amount of spare attentional capacity not utilized
by the task. Subjects had the Bedford decision tree available at the time of the rating,
but few subjects consulted the tree after the first few trials. A rating of ‘I’
corresponded to insignificant workload; a rating of ‘10’ corresponded to extremely
high workload with no spare capacity and unable to complete the task. It took only
seconds to obtain a Bedford rating for each task.

2.3.3. Workload Profile: Conceptually similar to the Bedford scaling procedure, the
Workload Profile asked the subjects to provide the proportion of attentional resources
used after subjects had experienced all of the tasks to be rated. Figure 1 is a sample
rating sheet. The tasks to be rated were listed in a random order down the column and
the eight workload dimensions were listed across the page. Detailed explanation and
examples for each of the workload dimensions were provided to the subjects
(appendix A). Subjects had available with them the definition of each dimension at
the time of the rating. In each cell on the rating sheet, subjects provided a number
between 0 and 1 to represent the proportion of attentional resources used in a
particular dimension for a particular task. A rating of ‘0’ meant that the task placed
no demand on the dimension being rated; a rating of ‘1’ meant that the task required
maximum attention. Since there were no auditory or speech tasks, only six of the eight
dimensions were analysed. The ratings on the individual dimensions were later
summed for each task to provide an overall workload rating to be compared with
the unidimensional Bedford and Psychophysical ratings. The ratings required 15 to
30 min to complete because the explanations were lengthy and because subjects had to
rate multiple dimensions.

2.4. Procedure

All subjects performed the same tasks in six, 2-5 h sessions. The extent of practice was
necessary for stabilizing performance and examining other psychological issues not
relevant to the present paper. Although there were several blocks of task perfor-
mance, subjective ratings were obtained only twice. The subjective ratings were
collected once early in practice (Block 1 obtained in Session 1) to assess subjects’

P —

Worklood Dimengion

Stage of Proceasin Cods of Processing - ;
- w&' Reaponso Spatial Vesba) Visusl "’Immm Msnual oﬁmls'lmdx
TRI
| TR1-5B4
[TR1-882
E2
[TR2S82
TR2
TRZSBA
EX

Figure . Workload Profile sample rating sheet.
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initial reaction to the tasks and once late in practice (Block 2 obtained in Session 4)
when they were ‘skilled’ at the tasks. Analyses were performed on the subjective
ratings and performance obtained in these two blocks only.

There were three trials of each task condition in a row in Block 1 and two trials in
a row in Block 2. Trial duration was 3 min. Subjects were informed of the task
condition at the beginning of the trial. Subjects were asked to pay equal attention to
both tasks in the dual-task conditions. Subjects were instructed to treat the two tasks
in a dual-task condition as a unit and to report a Bedford rating that reflected the
spare capacity not needed by either task. Bedford ratings were obtained at the end of
the last trial of the same task condition, the Psychophysical and Workload Profile
ratings were obtained at the end of the block.

3. Results
The predictive and diagnostic value of the ratings of the Workload Profile dimensions
will first be examined. The overall Workload Profile ratings are then compared with
the Psychophysical and Bedford ratings on their (a) sensitivity to objective task
demands, (b) concurrent validity with task performances, and (c) test-retest relia-
bility. Henceforth the overall subjective measures refer to the unidimensional Bedford
and Psychophysical ratings and the sum of the ratings on the six Workload Profile

dimensions. All post-hoc comparisons reported below used the Tukey Studendized
Range statistic.

3.1. Predicting performance with subjective workload ratings
Multiple regression analyses were performed to obtain an estimate of the variance in
performance accounted for by the subjective ratings on the six workload dimensions
in the Workload Profile procedure. To the extent that the subjective ratings could
account for the performance variance, the multiple regression equations could
provide the appropriate weights (regression coefficients) for the various variables
upon which future performance could be predicted. To assess the explanatory and
predictive value of the subjective ratings, the amount of variance accounted for by the
subjective ratings were, (a) tested to determine if they were significantly greater tt-lan
zero, and (b) compared with that of objective demands. Several multiple regression
models were examined. The top two models in Table 1 examined the relation between
single-task performance and subjective ratings. The middle mo@el .exam{ned the
relation between the joint dual-task performance and dual-task subjective rathgs. An
estimate of the joint dual-task performance (ZSUM) was obtained by summing Fhe
standardized dual-task RT and RMSE. The joint performance allowed exammgﬂon
of the effects of task demand on both task performance regardless of the subject’s
allocation policy. In the bottom model, single-task ratings for each workload
dimension were summed over the tracking and memory tasks and were used to
predict the joint dual-task performance. '
The full multiple regression models examined had a performance measure (1.eci
RT, RMSE, or ZSUM) as the dependent variable; ratings on thg six workload
dimensions, the objective difficulty parameters (rpemory S-et size, tracking ord;:;), ?n
block (practice) as independent variables. Subject was included as a 0135.31 ca{) Ilorll
variable because it was a repeated measure design. '_I‘he first colu.mn of R in tat. e
shows that the objective difficulty parameters, practice, and the six S“}_’JCC“V‘;Ta_m%S
accounted for a substantial amount of variance mn performan.ce in bot single
and dual-task conditions. Of note is that the sum of the single-task ratings
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Table 1. Multiple regression analysis models and squared multiple correlations.
R?

Full model Reduce model

Multiple Regression model With  Without With Without
Single <~ PCRP SP VB VS MN Memory Block -84k .§1H¥*% J ik DGk
RT Single-task ratings Size
Single «— PCRP SP VB VS MN Track Block 93k .g@H*¥k g3hdokx Rk
RMSE Single-task ratings order
Dual «— PCRPSP VB VS MN Memory Track MxT Block -81##¥# .7gdoxk . gk .] sk
ZSUM Dual-task ratings Size  order
Dual « PCRPSPVBVSMN Memory Track MxT Block -82%#¥k .7g¥*&x .30xkx  J(*
ZSUM Single memory + Size  order
Single tracking
ratings

Notes. PC =perceptual/central, RP = response, SP = spatial, VB = verbal, VS = visual, MN =man-
ual; full model included all independent variables listed, reduced model included only the subjective
ratings for the six workload dimensions; with =with subject as a classification variable in the model,
without =without the subject variable; MxT=Memory set size X tracking order interaction;
ZSUM =sum of the standardized dual task RT and RMSE; **** p < -0001 that R? is significantly
different from zero, *** p < -001, ** p <01, * p < -05.

m%del (bottom model, R? = -82) did just as well as the dual-task ratings model
(R = -81).

The subject variable was statistically significant in the two single-task models
(p < -0001), suggesting considerable individual variability in single-task performance.
Since the effect of a given individual is unknown and therefore could not be used for
predicting performance, all the analyses were re-run without the subject variable. This
was to determine which independent variable would make a significant contribution
to the model without the influence of the subject variable. The second column of R? in
table 1 shows that the subjective ratings, objective difficulty parameters, and practice
together accounted for a substantial proportion of the variances in single- and dual-
task performance, even without the subject variable.

The next logical step would be to examine the regression coefficients in order to
determine the relative contribution of each variable. It would be useful to be able to
distinguish for each task those components or specific workload dimensions that
contributed significantly to changes in performance from those components that did
not. However, the workload dimensions were found to be highly correlated among
themselves. Table 2 displays the squared multiple correlation of each variable with the
other independent variables in the full model without the subject variable. Multi-
collinearity among the workload dimensions was considerable and rendered the
regression coefficients uninterpretable and not useful for prediction (Levine 1977,
Pedhazur 1982). Multicollinearity among the workload dimensions however would
not invalidate the R® or the proportion of variance in performance accounted for by
the independent variables.

A second set of multiple regression analyses was therefore run with a reduced
model. Only the ratings from the six workload dimensions served as the independent
variables in the reduced models to assess the explanatory and predictive power of the
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Table 2. Multicollinearity among the independent variables in t

. he full multiple regression
model without the subject variable.

R* (1 - Tolerance)

Independent Single Single Dual
variable memory tracking task
PC 61 -49 76
RP 52 -69 81
Sp -09 78 .54
VB 52 —f -43
VS 71 72 63
MN -64 -76 ‘55
MEM ‘16 12
TRK 19 21
MEMxTRK -00
BLK .26 37 07

Notes R* = squared multiple correlation of each variable with the other independent
variables in the model, PC = perceptual/central, RP = response, SP = spatial, VB = verbal,
VS =visual, MN = manual, MEM = memory set size, TRK = tracking order,
MEMxTRK = Memory set sizex Tracking order interaction, BLK = block.

TVB was not correlated with the other variables because all subjects assigned a rating of
zero for the tracking task.

subjective ratings by themselves. Comparing the first and third columns of R? in table
1, the reduced models clearly explained less performance variance than the full models
that included the objective difficulty parameters, but the subjective ratings alone still
accounted for a significant proportion of variance in performance. The proportion of
variance accounted for was further reduced when the subject variable was not
included in the model (last column). Statistically, the difference in R? between the
reduced model with the subject variable and the reduced model without (between the
third and fourth columns of R?) was significant for all four models (single RT:
(F(15,106) = 11-06, p < -001; single RMSE: F(15,106) = 3-05, p < -001; ZSUM with
dual-task ratings: (F(15,106)= 6-54, p < 0-001; ZSUM with sum of smg.le-t.a_sk
ratings: (F(15,106) = 2-01, p < -05). This indicated considerable individual variability
in the subjective ratings.

The difference in R* between the full and reduced models (second and fourth
columns in table 2) were all significant at -001 level (single .RT: (F(2,119) = 30-57;
single RMSE: (£(2,119) = 287-63; ZSUM with dual-task ratings: (F(4,117) = 86-47;
ZSUM with sum of single-task ratings: (F(4,117)= 97-52). Note.that the dlff.erer_xce
between the full and reduced models could be attributed primarily to the objective
difficulty parameters since the block variable accounted for only 5% of the variance in

the single RT model and 2% or less in the other three models. Given that the objective -

difficulty parameters accounted for the predominant shar.e of performance variance,
the fourth model in table 1 shows that the single-task objective <.11fﬁcu1ty parameters
could predict dual-task performance quite well. The sum of the smglg-task sgl'oject:;;e
ratings, on the other hand, did appreciably more poor.ly. Npththgtan ing g
difference between the full and reduced models, the six lclll;nensmngeiﬂl accounte
for a significant proportion of performance variance in a four models. ‘
Thegmain ﬁnl(jiings from thg multiple regression analysis can ‘t.)e summin.lzleidh?s
follows. First, subjective ratings on the six workload dlmensmns wer ghly
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Figure 2. Discriminate function centroids of the different task conditions.

correlated with each other, rendering the regression coefficients uninterpretable. The
ramifications of multicollinearity among the workload dimensions are further
discussed below. Second, the objective difficulty parameters accounted for most of
the variance in performance. Third, although the subjective ratings alone accounted
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for a statistically significant proportion of variance in performance, subjective ratings

would have limited predictive value because of the small proportion of variance that
they accounted for.

3.2. Diagnosticity of the Workload Profile

A statistical approach that takes into account the intercorrelations among variables was
used to examine the diagnosticity of the subjective workload ratings. The ratings on the
six workload dimensions constituted a workload profile for each task condition (figures 3
and 4). Canonical discriminant analysis (SAS® procedure CANDISC) was used to
examine the extent to which the workload profiles of the various task conditions could be
distinguished. Second, canonical correlation analysis (SAS® procedure CANCORR)
was used to examine the relationship between the dual-task workload profiles and the
component dual-task performances (RT and RMSE).

As some readers may not be familiar with canonical analysis, a brief overview is
provided here. Canonical analysis is used to study the relations between two sets of
variables. The variables in each set are differentially weighted (expressed by standar-
dized or structure coefficients) and a linear combination of the variables (known as
the canonical variate) is formed for each set. The weights are determined in such a
way that maximum possible correlation between the canonical variates of the two sets
is obtained. Since there may be more than one pair of linear combinations that are
highly correlated with each other, additional canonical variates are obtained. Each
subsequent pair of combinations has a smaller canonical correlation than the
preceding pair and is uncorrelated with all the preceding combinations. The

08 TR
0.7+

0.0

0.0

PC RP SP VB VS MN PC RP SP VB V§ MN
SB4
0&r TRz ]
0.7} ) 0.7 !
061 0.8 A
05} 0.5 i
04t 0.4}
03¢ 0.3F
02f a2f
01 0.4}
A A AN A Az Oqo . & AL Y /e L L4 MN
00—’ —SP VB ¥S  MN fc  RP SP VB VS

on the six workload dimensions in the Workload

Figure 3. Single task mean subjective ratings X response, SP — spatial, VB = Verbal,

Profile procedure. PC = perceptual/central, RP
VS = visual, MN = manual.
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Figure 4. Dual task mean subjective ratings on the six workload dimensions in the Workload
Profile procedure. PC = perceptual/central, RP = response, SP = spatial, VB = verbal,
VS = visual, MN = manual.

maximum number of pairs of combination is constrained by the number of variables
in the smaller set. The square of the canonical correlation (R2) is an estimate of the
variance shared by the two canonical variates.

In the present paper, the structure coefficients rather than the standardized
coefficients from the canonical analysis are interpreted for the following reasons.
Standardized coefficients are sample-specific and may not generalize across settings
because they are related to the variances and covariances of the variables (Pedhazur
1982). Further, high multicollinearity among the variables (as is the case among the
workload dimensions being studied) would result in broad confidence intervals around
the standardized coefficients, and one variable may hide or suppress the importance of
another variable correlated with the first (Levine 1977). Structure coefficients purport-
edly do not suffer from these two disadvantages. Structure coefficients are the
correlations between the original variables and the canonical variates. They are
obtained by multiplying the standardized coefficients by the correlation matrix
(Pedhazur 1982). The structure coefficients are to be interpreted in the same manner
as the loadings in factor analysis. The variables with the larger structure coefficients on
a given canonical variate identify the dimensions on which they load. According to
Pedhazur (1982), a rule of thumb is that only those structure coefficients >-30 and only
those squared canonical correlations (R%) > 10 are meaningful.

3.2.1. Distinguishing among task conditions: Three canonical discriminant analyses
were performed to examine the diagnosticity of the subjective workload profiles in: (1)
single tasks, (2) dual tasks, and (3) single and dual tasks in the same analysis. That is,
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the set of ratings on the six workload dimensions were used to discriminate among the
set of task conditions (a categorical variable). The squared canonical correlation and
the structure coefficients for the significant canonical variates are reported in Table 3.

In the single task analysis (top proportion of table 3), subjective ratings on the six

Table 3. Canonical correlations between task conditions and workload profiles.

Structure coefficients

Canonical Canonical
Variate 1 Variate 2
Single-task workload dimensions PC ~0-36 0-81
RP 016 0-54
Sp 093 0-25
VB ~0-88 0-27
VS 0-15 0-17
MN 023 0-34
Redundancy 26 03
Task means TR1 192 —0-48
TR2 2:37 0-48
SB2 —1-89 —0-36
SB4 —2-40 0-37
R 0.83 0-16
Dual-task workload dimension PC 0-64 0-68
RP 0-70 0-45
SP 0-84 0-05
VB 0-25 0-82
\'A 0-49 0-38
MN 063 0-21
Redundancy 08 03
Task means TRI1SB2 —0-56 -0-32
TR1SB4 —0-44 0-41
TR2SB2 043 —0-38
TR2SB4 0-57 0-29
R 0-21 0-13
Single- and dual-task workload dimension PC —-0-17 0-84
RP 0-19 0-66
SP 0-84 050
VB —0-64 071
VS 0.16 0.37
MN 025 048
Redundancy 16 ‘16
TR1 1-80 ~1-25
TR2 232 ~0-58
SB2 —226 -g-gg
SB4 —2-78 -0
Task means TR1SB2 0-13 0-12
TR1SB4 —0-29 0-70
TR2SB2 071 0-78
TR2SB4 0-37 1-36
R 0-74 0-43

= ial. VB = verbal, VS = visual,
Notes. PC = perceptual/central, RP = response, SP = spatial, V5 3
MN “~o“ frfanu%, "1Pl§r1 —_? ﬁrst/ order tracking, TR2 = second order tracking, SB2 = memory set

size 2, SB4 = memory set size 4.

e A T RS YR TSR e o e R B




370 P. S. Tsang and V. L. Velazquez

Table 4. Canonical correlations between dual-task performance and workload profiles.

Structure coefficients of Canonical Variate 1

Single tracking

Dual task R + single memory R?

Workload dimension PC 0-71 —0-13

RP 0-67 —-0-17

SP 0-54 —0-58

VB 0-25 0-26

VS 0-27 —0-21

MN 0-58 -0-01

Redundancy 15 -07
Dual-task performance RT 0.64 -10 0-82 ‘14
RMSE 0-95 21 ~0-24 01

R? 0-23 0-20

Notes. R? = squared canonical correlation, R? = squared multiple correlations between a
canonical variate and performance (RT or RMSE); PC = perceptual/central, RP = response,
SP = spatial, VB = verbal, VS = visual, MN = manual.

workload dimensions were used to discriminate among the four single tasks
(TR1,TR2, SB2, SB4). The Wilks’ Lambda was significant at -0001 level (approx.
F(18,337) = 18:62), showing that the workload profiles for the four single tasks were
different. Two canonical variates were significant (canonical variate 1: approx.
F(18,337)=18:62, p<-0001, R?=-83; canonical variate 2: approx.
F(10,240)=2-44, p < 001, R? =16). The first canonical variate (first column,
table 3) showed that the workload profiles for the tracking tasks (positive task
means) and the memory tasks (negative task means) could be distinguished. The
structure coefficients showed that the tracking tasks had high spatial and low verbal
difficulty ratings, whereas the memory tasks had high verbal and low spatial ratings.

The second canonical variate (second column) showed that the workload profiles
could also be distinguished by the objective task difficulty. According to the structure
coefficients, the perceptual/central processing demand (-81) predominantly accounted
for the difficulty of TR2 and SB4 (positive task means). High ratings in the response
processing dimension (-54) was also associated with the more difficult tasks. The task
means for each of the canonical variates are plotted at the top of figure 2. The task
mean for each task was an average (over subjects) of the product of the coefficients in
each canonical variate and the ratings for the corresponding dimension.

The first canonical variate accounted for 26% of the variance among the four
single-task conditions (redundancy coefficient = -26), the second variate accounted
for 3% (redundancy coefficient = 0-3). Put differently, 26% of the total variance
among the single-task conditions was explained by the first linear combination of the
ratings on the six subjective workload dimensions.

Results of the canonical analysis on the four dual tasks are presented in the middle
portion of table 3. The Wilks’ Lambda was significant at ‘001 level (approx.
F(18,37) = 2-50), showing that the four dual task workload profiles were different.
The only significant canonical variate (approx. F(18,337) = 2-50, p < -001; Rg =-21)
appeared to be primarily distinguishing between the dual second-order tracking tasks
(positive task means) from those with first-order tracking (negative task means),
irrespective of memory set size. The distinction laid heavily on the spatial dimension
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that had the largest structure coefficient (-84). The structural coefficients further
showed tl_lat the response (-70), perceptual/central (-64), and manual (+63) dimensions
all had fairly large loadings and served to distinguish between first- and second-order
tracking.

The second ca}nonical variate was not significant (p > -1), but was displayedin table 3
anyway because it suggested a memory set size difference irrespective of tracking order.
The primary dimensions distinguishing between the dual tasks with memory set size 4
(positive task means) and those with memory set size 2 (negative task means) were the
verbal and perceptual/central dimensions. The first canonical variate accounted for 8%
of the variance among the four dual-task conditions (redundancy coefficient = -08). The
second canonical variate accounted for 3%. The task means for each of the canonical
variates are plotted in the middle of figure 2.

The third analysis examined the single- and dual-task workload profiles in the
same analysis (bottom portion of table 4 and figure 2). Two canonical variates were
significant (canonical variate 1: approx F(42,1143) = 14-13, p < -0001, R? = -74;
canonical variate 2: approx. F(30,978) = 5-37, p <0001, R?=-43). The first
canonical variate (horizontal axis at the bottom of figure 2) primarily distinguished
the workload profiles between the tracking and memory tasks. The single second-
order tracking task had the highest positive task mean and the single-task memory set
size 4 had the highest negative task mean. The dual tasks had intermediate task
means, perhaps because each dual task had a tracking as well as a memory
component. The high positive loading in the spatial dimension and the fairly high
negative loading on the verbal dimension showed that the tracking tasks (positive task
means) had high spatial and low verbal difficulty ratings whereas the memory tasks
(negative task means) had high verbal and low spatial ratings.

The second canonical variate (vertical axis at the bottom of figure 2) distinguished
between single (negative task means) and dual (positive task means) tasks. According
to the structure coefficients, the perceptual/central dimension (-84) played a particu-
larly important role in differentiating the single from dual-task workload profiles.
This is totally consistent with the a priori characterization that both the memory task
and tracking (especially the second order task) place some demand on the perceptual/
central dimension. Adding a tracking or memory task would logically add to the
perceptual/central demand. The verbal demand and response demand also appea.red
to increase substantially from single to dual tasks. The first and second canonical
variates each accounted for 16% of the variance among the eight single and dual task
conditions. Lo

In summary, the canonical discriminant analyses revealed-that thg subjective
workload profiles for the different task conditions were distinguishable in ways that
were meaningful and consistent with expectations derived from the multiple resource
model. The workload profiles revealed that: (a) the tracking demand was primarily
spatial in nature and the memory task was primarily verbal in nature, (b) the difficulty
manipulation effectively increased the perceptual/central and response p‘roce.ssmg
demands, (c) second order and first order tracking demands cou}d be‘dlstlnguifh‘z1
along the spatial, response, perceptual/central, and manual dlmf:nsmns,1 an b( 1)
performing an additional task effectively increased the perceptual/central, ver 2
and response processing demand with the present _e)fperlmenta.l tasks. More HEPO;

i itly for )
tant, these findings suggested that, when asked explicitly for the mformcelltlon fiu %etche
were able to provide meaningful information about the nature of the demand o

various task conditions.
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3.2.2. Distinguishing between performances: Two canonical correlation analyses were
performed on the dual-task data to examine the relationship between the workload
dimensions and the two performance measures. In the first analysis, the two dual-task
performance measures formed a set of variables and the dual-task subjective ratings
on the six workload dimensions (workload profiles) served as the other set of
variables. The linear combination of the two performance measures is referred to
as the performance variate and the linear combination of the six workload ratings is
referred to as the workload variate. The canonical analysis was performed to
determine if the various workload dimensions differentially explained RT and
RMSE. The second analysis was the same as the first except that the sum of the
single task workload profiles (i.e. ratings on each workload dimension for single
tracking and memory tasks were added together to generate the workload profile) was
used to distinguish dual RT and dual RMSE. Table 4 presents the principal statistics
from these two analyses.

From the analysis with the dual-task workload profile, two canonical variates
were significant (canonical variate 1: F(12,240) = 4-01, p < -0001, R? = -23; canoni-
cal variate 2: F(5,121) = 2-51, p <05, R? = +09). However, since the squared
canonical correlation for the second variate was not even ‘10, only the first variate
is interpreted here. The structure coefficients (first column in table 4) showed that
tracking RMSE (structure coefficient= -95) was highly correlated with the first
performance variate. In the workload variate, the perceptual/central dimension had
the highest loading, followed by the response, manual, and spatial dimensions. About
15% of the performance variance was explained by the first workload variate
(redundancy coefficient = -15). The squared multiple correlations (R?) between the
performance variables and the workload variate indicated that the first workload
variate was not particularly useful in predicting RT (R? = -10), but slightly better in
predicting RMSE (R? = -21).

From the analysis with the summation of the two single-task workload profiles,
only the first canonical variate was significant (F(12,240) = 3-22, p < -001, R% = 20).
RT was highly correlated with the performance variate (structure coefficient = -82).
The corresponding workload variate had a small loading on the verbal
dimension (-26). RMSE was only slightly correlated with the performance variate
and the corresponding workload variate had a moderate loading on the spatial
dimension. The first workload variate explained about 7% of the variance in
performance (redundancy coefficient = -07). The squared multiple correlations indi-
cated that the linear combination of the sum of the single memory and single tracking
Eatzings cc)mld not predict RMSE (R? = -01) and could predict RT only poorly

R =-14).

The last two analyses showed that changes in tracking RMSE were associated
with changes in the subjective difficulty of perceptual/central, response, spatial, and
manual demands. How the workload demand changed with the RT changes was less
clear. Second, the dual-task workload profiles appeared to have slightly higher
predictive value than the sum of the single-task profiles. This suggested that the
subjects’ report of their mental integration of the difficulty of two tasks were more
accurate than the estimates derived from single-task ratings. So far, results from the
canonical analysis suggested that the workload profiles had rather impressive
diagnostic value and the multiple regression analysis suggested that the workload
profiles had rather low predictive value. The remaining analyses compared the
workload profile ratings with the Psychophysical and Bedford ratings.
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3.3, Sensitivity to task demands

A Block x Task ANOVA (analysis of variance) was performed on each of the
performance and overall subjective measures. All eight tasks (four single and four
dual tasks) were included in the overall subjective ratings ANOVAs. Only six tasks
were included in the ANOVAs for the performance measures because there was no
tracking performance measure for the two single memory tasks and no memory
performance measure for the two single tracking tasks. The block main effect was
reliable (at least p < -05) for all measures showing a practice effect in performance
that is reflected also in the subjective difficulty of the tasks. Invariably, the mean
RMSE, RT, and subjective workload ratings decreased from Block 1 to Block 2.

The task main effect was statistically significant (p < -001) for all of the subjective
and performance measures, demonstrating that they were all sensitive to changes in
task demands. Post-hoc comparisons on the performance measures showed a clear
difference between the two levels of difficulty in both the tracking and memory tasks.
Second order dual-tracking tasks had significantly (p < -01) higher error than first
order dual-tracking and single-tracking tasks. Single task RT from SB2 was faster
(p < -05) and dual task RT from TR2SB4 was slower (p < -01) than any other task
conditions. Dual-task RT was significantly slower than single-task RT with the same
memory set size (p < -05). As predicted by the multiple resource model, TR2SB4 had
the highest tracking error and slowest RT.

In addition, one Block x Task MANOVA (multivariate analysis of variance) was
performed on the performance measures (RT and RMSE) and one MANOVA was
performed on the six Workload Profile ratings obtained from the four dual tasks. The
task main effect for both performance (F(6,88)=69-08) and ratings
(F(18,113:62) = 3-70) was significant at -0001 level. The multivariate effect size

Table 5. Comparison of the workload assessment instruments.

Performance Subjective
Workload
RMSE RT Bedford Psychophysical profile
Subjective approaches ) 1 .
Djimensioff;lity Unidimensional Unidimensional Multidimensional
Absolute versus )
relative Absolute Relative Absolute
Immediate versus . :
retrolspective Immediate Retrospective Retrospective
Time to complete Several seconds  Few minutes 15-30 minutes
Sensitivity
Univariate effect _
size 75 -30 -37 -57 28
Multivariate effect 73
size 97
Concurrent validit .
r with RMSE, -50* o6 o
r with RT G5 -62%** 66
Reliability 0k 94k
r, tracking tasks ~ -98** BI¥ gg** 9k
r, memory tasks g3k -86** )

. # 01.
* = correlation significantly different from zero at p < 05, **=p < 01
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(1—Wilk’s Lambda, Huberty (1972)) was -97 for the performance measures and 73
for the workload ratings.

Table 5 lists the effect size or magnitude of treatment effects (Dodd and Schultz
1973) for each of the measures. Of the two performance measures, tracking error had
larger effect size than RT. However, this could be due to a difference in the magnitude
of memory size manipulation and tracking order manipulation. The effect size of the
three overall subjective measures rivalled that of one of the performance measures—
RT. Among the overall subjective measures, the Psychophysical ratings had the
largest (-57), and the overall Workload Profile had the smallest (-28), effect size.
However, the multivariate effect size for the Workload Profile ratings was an
impressive *73. In sum, while all the performance and subjective measures were
sensitive to task demands, some had larger effect size than others.

3.4, Concurrent validity with task performance

Pearson correlations between each performance and each subjective measure across
the six tasks (two single and four dual) were calculated for each subject. The Fisher z-
transforms (z;) of these correlations (Silver and Hollingsworth 1989) were then
averaged over subjects and backtransformed into a mean correlation. These correla-
tions were tested to determine if they were significantly different from zero. Con-
current validity was demonstrated by significant correlations between each of the
performance measures and the three overall subjective measures (table 5).

To compare the three subjective instruments, the z, of the correlations between
performance and the overall ratings were subjected to one-way ANOVAs. Correla-
tions between RMSE and the three instruments were significantly different
(F(2,30) = 3-73, p < -05). Post-hoc comparisons showed that RMSE had signifi-
cantly higher correlation with the Psychophysical ratings than with the Bedford
ratings (p < -01). Correlations with RT were not different among the three overall
ratings. In short, each of the overall ratings, and especially the Psychophysical
ratings, changed systematically with an objective measure of task demands (perfor-
mance).

3.5. Test-retest reliability

Test-retest correlations between Blocks 1 and 2 were obtained for RMSE and overall
subjective ratings from the two single tracking and four dual tasks. Test-retest
correlations for RT and overall subjective ratings were obtained from the two
single memory and four dual tasks. The Fisher z, transforms of the test-retest
correlations were averaged over subjects and backtransformed to a mean correlation.
These mean correlations were tested for significance. The test-retest correlations were
significantly different from zero for both performance measures and all three overall
workload ratings (table 5).

The magnitudes of the z, of the test-retest correlations for the various measures
were compared with ANOVAs. One ANOVA compared the z, of the RMSE and the
three overall ratings from the tracking tests. Post-hoc comparisons showed that
RMSE (-98) had significantly higher test-retest correlations than the Bedford ratings
(81, p < -01), but the three instruments were not different from each other. Another
ANOVA compared the z, of the RT and the three overall subjective ratings from the
memory tasks. Test-retest correlation for RT was not different from the three
instruments.

To summarize, both performance measures and all three overall subjective ratings
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appeared 1o be reliable measures. Tracking RMSE had the highest test-retest
correlation that was significantly higher than that of the Bedford ratings. The test-

retest reliability of RT, however, was not different from that of the three overall
subjective ratings.

4. Discussion 4
A new multidimensional subjective workload assessment instrument was introduced
and evaluated against two common unidimensional subjective instruments. Table 5
summarizes the comparison in terms of their sensitivity to changes in task demand,
concurrent validity with performance, and test-retest reliability. Theoretical and
practical implications of the comparison are discussed below.

4.1. Objective versus subjective measures ‘

That tracking error had large effect size and high test-retest reliability has also been
observed in several other studies (e.g. Tsang and Vidulich 1994). In contrast, although
the RT measure also proved to be a sensitive and reliable measure, it did no better
than the overall subjective ratings obtained in the present study. In addition, memory
set size—an objective difficulty parameter that had demonstrative effect on perfor-
mance—did not account for any greater amount of variance in performance than the
Workload Profile ratings. Examining the RT models in table 1, the amount of
variance accounted for by memory set size could be estimated by the difference in R?
between the second and the fourth column. Notice that this difference is quite
comparable to the R® of the subjective ratings alone (fourth column). These
observations emphasise that subjective measures are not necessarily inferior to
objective measures. There is little support for making a categorical distinction

in utility between objective and subjective measures (see also Muckler and Seven
1992).

4.2. Dimensionality

Compared with the two unidimensional Bedford and Psychophysical procedures, the
multidimensional Workload Profile procedure exhibited similar concurrent validity
and test-retest reliability. Although the overall Workload Profile rating (sum of tpe
ratings on the individual dimensions) also proved to be sensitive to t_ask demands, its
effect size was considerably smaller than that of the two unidimensional procedures
(table 5). On the other hand, the multivariate effect size for the six Workload Profile
ratings demonstrated superior sensitivity. _

Multiple resource models in fact would predict that a sxmp!e sum qf the wo_rkloa}d
dimensions would not be an optimum way of combining mul‘tldlmen_swnal ratings in
generating a composite overall rating. The weighted composites derlvefi from ‘mult1~
ple regression analysis and canonical analysis were also‘not impressive. This was
evidenced by the rather small proportion of the variance in performance accounte
for by the weighted composites. The small but mgmﬁcant proportion of variance
accounted for in turn showed that although informative, the weighted composites
only had limited predictive value for perforr_nanc.e. These'j results ’sug%es; that tnlg—:
relationship between performance and subjective dlﬁic;ulty is not a simple 11riear1 c;) be;
It is not clear from the present results how the different dimensions shou
combined to provide an overall workload index. o - )

Second, ffrther analysis revealed a signiﬁcrfmt contribution unigue tbq t;: I:::itlld
dimensional approach. The canonical analysis demonstrated that subje
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meaningfully discriminate among the workload dimensions and provided ratings for
the different dimensions according to the a priori task characterization. This strongly
supports the notion that mental workload is multidimensional and that subjects are
capable of reporting the demands on different workload dimensions. In fact, results of
the last two canonical correlation analyses on the dual-task data suggested that
subjects could also integrate the demands from two tasks, and provide a joint rating
that had more predictive value than the summation of the single task estimates.

To elaborate, while the performance measures indicated differential demand levels
between the difficulty levels, and between single and dual tasks, the canonical analysis
on the Workload Profile ratings revealed similar distinction. In addition to the levels
of demand, the canonical analysis revealed distinctive workload profiles for the
differential task conditions. The present results suggest that the primary dimensions
by which the distinction was made could be extracted with quantitative analysis.
Knowing more precisely the way in which a task is difficult, as opposed to having only
the overall difficulty information, would be invaluable for task and training designs.
For example, if the task is difficult primarily because of high demand on visual
processing, then the display may need augmentation. If the task is difficult primarily
because of high demand on response processing, then the procedure or the complexity
of the response should be simplified. One potential use of the subjective workload
profile is to obtain more precise information concerning the way in which a system
can be improved.

Third, the secondary task technique is traditionally the workload assessment
technique that one would use to obtain diagnostic information (Wierwille and
Eggemeier 1993). The present study demonstrates that subjective rating is a viable
and less intrusive alternative to the secondary task technique.

4.3. Implications for the multiple resource model

4.3.1. Exigency of the workload dimensions: The workload dimensions, as defined by
the resource dimensions in the multiple resource model, appeared to be intelligible to
the subjects and evidently elicited meaningful ratings. Although the various task
conditions were characterized a priori according to the multiple resource model, the
characterization was mainly a qualitative one and only in general relative terms. For
example, the memory set size 4 task was characterized to place a heavier demand on
the perceptual/central dimension than the memory set size 2 task. The subjective
ratings turned out not only to be consistent with the qualitative a priori characteriza-
tion, but also supplemented the characterization with quantitative estimates.

The most distinguishing dimension between the tracking and memory tasks in the
present data was the spatial and verbal dimensions or the codes of processing
dimension (Wickens 1987). A number of performance studies corroborated the role
that the codes of processing play in predicting performance (Brooks 1968, Wickens
and Liu 1988). However, Sarno and Wickens (1991), in their evaluation of the role of
multiple resources in predicting time sharing performance, failed to support a
distinction between spatial and verbal processing. In fact, removing the spatial/
verbal distinction from the W/INDEX model improved the correlation between the
model prediction and tracking error decrements. That the tasks used did not place
cgntinuous demand on the subject was one possible reason proposed for the lack of
distinction between the codes of processing. The present results, partly based on a

cc:)nFinuous tracking task, strongly suggest that the spatial/verbal dimensions are
distinct workload dimensions.
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Clearly, the present experiment did not test all dimensions proposed in the
multiple resource model. Future experiments will be needed to systematically examine
all the dimensions. In general, the present results are supportive of the multiple
resource model, but also offer additional insights that are addressed below.

4.3.2. Multicollinearity among workload dimensions: Statistically, multicollinearity
among the independent variables in multiple regression analysis suggests that the
variables are not independent of each other. There could be several interpretations of
the multicollinearity in the present context. First, subjects could not evaluate the
various workload dimensions independently. Second, the workload dimensions were
not independent of each other. Results of the canonical analysis did not support either
one of these interpretations however. Subjects appeared to provide subjective ratings
discriminately for the different dimensions in a manner that was consistent with
expectations. While the current study was not designed to test the independence of the
resource dimensions in the Wickens model, the canonical results suggested that the
various dimensions were distinguishable in meaningful ways.

Third, a plausible explanation for the high multicollinearity among the workload
dimensions is that it may be inevitable that manipulation of any difficulty parameter
would affect more than one specific workload or processing resource dimension. For
example, the canonical analysis suggested that increasing the order of tracking
control increased the demand on: perceptual/central, response, spatial, and manual
processing. Vidulich and Bortolussi (1988) also observed high correlation among the
six workload dimensions in the NASA-TLX scale. Ratings on all six NASA-TLX
dimensions were found to rise and fall in the same direction across different phases of
flights.

Fourth, given that the six dimensions from the Workload Profile and NASA-TLX
are quite different, the correlations among the workload dimensions from the two
instruments could be incidental, or it may have a common cause. Possibly, in addition
to affecting specific workload dimensions or specific processing resources, the
difficulty parameters also affected some general undifferentiated resource that is in
charge of the executive and housekeeping activities. A demand change in this general
resource could be reflected in all the dimensions.

4.4. Implications for future research . . .
A possible, if only partial, explanation for the small proportion of variance in
performance accounted for by either the subjective ratings or the memory set size
was the large variability attributed to the subjects (compare the first aqd second
columns or the third and fourth columns of R? in table 1). Future research W{ll need to
examine this possibility by having a larger number of ob§ewations. Tl'le persistence of
large subject variability would be troublesome as it would seriously diminish
predictability of performance. .

Although the Bedford and Psychophysical procedures have now peen used in a
number of studies and settings, the Workload Profile procedure is new and is
therefore in particular need of replication. In particular, the Workl.oad’Prc?f.ile
procedure needs to be applied to a variety of tasks to bet?er evaluate subjects ablhtl}(r
to provide meaningful diagnostic information concerning the nature of the tas
demand. Further, it would be instructive to compare the Workloa.d Profile to otl}er
more established multidimensional techniques. A comparison with the projective
W/INDEX would be particularly interesting.
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Last and most important is the need for a better understanding of human
information processing and continual development of better human performance
models upon which subjective or objective workload metrics can be based. As
indicated in the present findings and as Gopher and Kimchi (1989) have pointed
out, it is not yet clear how the different manifcstations of workload relate to one
another, or how the different influences of workload interact. While subjects appeared
to be able to provide useful information, it is not clear what information should be
elicited and how the various information should be combined or utilized for
predicting performance.

4.5. Practical applications

The present data demonstrate that the different approaches to assessing subjective
workload each have something different to offer. Among the three subjective
procedures, the Psychophysical ratings were the most sensitive to task demand
manipulations and had the highest concurrent validity with tracking error. The
overall ratings of the Workload Profile were the least sensitive to task demand
manipulations; but the multivariate effect size was more impressive. The workload
profiles also offered meaningful diagnostic information that unidimensional proce-
dures could not. Finally, although the Bedford procedure was not outstanding in any
of the criteria examined, the Bedford ratings did not do poorly. As others have shown
(Roscoe and Ellis 1990), the Bedford procedure produced sensitive and reliable
ratings, but its most attractive feature is probably its ease of use. Subjects found it
intuitively easy to understand and required little time to provide the ratings (table 5).
The Workload Profile took the longest to collect and required more effort from the
subjects to generate the ratings.

Further, the Bedford procedure is easy to administer and can be applied to a
variety of tasks without alteration. With the Psychophysical approach, the selection
of the reference task would require careful consideration of all the tasks to be
rated (Gopher and Braune 1984). In the present context, there was only a choice
of two tasks and the tracking task was arbitrarily chosen, With a larger
heterogeneous set of tasks, the choice of a reference task may require more delibera-
tion (Gopher et al. 1985).

Since there are already a number of univariate instruments with demonstrated
effectiveness (e.g. the Bedford scale and the Psychophysical scale), the attractiveness
of the multidimensional approach lies in its potential in affording diagnostic
information. However, the determination of the relative merit of a unidimensional
and multidimensional rating cannot be done independently of the merits of the
dimensions that are being considered. If the workload dimensions to be rated do not
reflect those of the true workload construct, then ratings on these dimensions would
simply be uninformative, if not misleading. It is therefore imperative that the
construction of the theoretically based workload dimensions can be subjected to
empirical testing.

5. Conclusiouns
The main conclusion is that subjective ratings can be valid workload metrics. It is
however important to recognize that different approaches used in the assessment
process can influence the ratings. For example, the overall Workload Profile ratings
exhibited lower sensitivity to task demands than the unidimensional procedures, but
the workload profiles provided the diagnostic information on the nature of task
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demands for the different task conditions. Understanding one’s assessment goal and
the approachgs behind the different subjective assessment instruments should thus be
the first step in selecting a subjective workload assessment instrument. As recom-

mended by Wierwille and Eggemeier (1993), multiple measures should be obtained
when feasible.
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Appendix A. Workload dimensions in the Workload Profile.
1. Stages of processing

(1) Perceptual/central processing. These are attentional resources required for
activities like perceiving (detecting, recognizing, and identifying objects),
remembering, problem-solving, and decision making.

(2) Response processing. These are attentional resources required for response
selection and execution. For example, there are three foot pedals in a standard
shift automobile; to stop the automobile, we have to select the appropriate
pedal and step on it.

2. Processing codes ‘

(1) Spatial processing. Some tasks are spatial in nature. Driving, for example,
requires paying attention to the position of the car, the distance between the
current position of the car and the next stop sign, the geographical direction
that the car is heading, etc.

(2) Verbal processing. Other tasks are verbal in nature. For example, reading
involves primarily processing of verbal, linguistic materials.

3. Input modality

(1) Visual processing. Some tasks are performed based on the visual information
received. For example, playing basketball requires visual monitoring of the
physical location and velocity of the ball. Watching TV is another example of
a task that requires visual resources.

(2) Auditory processing. Other tasks are performed based on auditory inforn.ma-
tion. For example, listening to the person on the other end of the telephoneisa
task that requires auditory attention. Listening to music is another example.

Note that spatial information may be processed visually or auditprily. For example,
you can get to a new restaurant by following a map (visual prgc&fssmg) or by f_ollowmg
the directions spoken by your friend (auditory processing). Similarly, verbal 1nformg-
tion may be processed visually or auditorily. Listenir.lg to the news on the radio
requires auditory processing of verbal materials; reading the news from the news-
paper requires visual processing of verbal materials.

4. Output modalities . . -
(1) Manual responses. Some tasks require considerable attention for producing the

manual response as in typing or playing a piano. '
(2) Speech responses. Other tasks require speech responses instead. For exampli;
engaging in a conversation requires attention for producing the speec

responses.
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