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Abstract 

This paper presents a formal approach to analyzing 
behavioral sequences produced by computer users. 
Following this approach, the behavioral sequences are 
represented as square transition matrices, distances 
between the individual matrices are calculated, and the 
resulting distance matrix is scaled rnultidirnensionally. 
The ernerging scales reflect differences in the users' 
problern solving behavior and can be used as a guideline 
for detecting behavioral aspects influencing quality of 
task solution. '.The rnethod was exemplarily applied to two 
different kinds of behavioral data, the first reported 
by Upmeyer, Meseke & Enzmann (1988) and the second by 
Eyferth, Widowski & Schmid (1991). 

Keywords: cornputer user, behavior sequences, 
multidimensional scaling 
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The main problem in research of human-computer 
interaction is the identification of user 
characteristics influencing the effectiveness and 
correctness of performance. Such characteristics are of 
interest in the domain of both user interaction with 
software systems (e.g., Card, Meran & Newell, 1983, 
Polson & Kieras, 1984} and programming behavior (e.g., 
Johnson, 1988~ Kessler & Anderson, ·1989}. In both 
domains, knowledge concerning relevant user 
characteristics and their relationship to aspects of 
performance is a necessary ~rerequisite for developing 
instruction programs and support strategies, andin the 
domain of interaction with software systems such 
knowledge may help constructing software which is 
sensitive to different kinds of users (cf. Potosnak, 
1986). 

The user characteristics mostly investigated are 
general personality factors and measures of previous 
experience (cf. Shneiderman, 1980, chap. 2.5 and chap. 
3.5). However; focussing research on such predefined 
features, unduly restricts the scope of considered 
relevant characteristics. Especially characteristics of 
computer users' behavior during the process of problem 
solving have up to now been mostly neglected. In order 
to overcome these limitations it is necessary to conduct 
explorative ernpirical studies which are based upo~ ~ata 
reflecting the user-c~mputer interaction process as 
detailled and complete as possible. Measures describing 
the interaction process should be constructed and the 
relationship between these measures and quality of 
perforrnance should be investigated. 

The construction of measures refle6ting relevant 
information of detailled behavioral data, however, is 
rather difficult, because the total information 
contained in an individual problem solving sequence is 
extremly complex. Furthermore, sequences produced by 
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different users vary with respect to their input 
elements and their lengths. Of course, it is possible to 
construct measures which at least reflect apart of the 
information contained in the sequences, as for example 
"number of coirections", "number of calls for help" 
(Moll, 1987} or "number of backward movements in 
produced texts" (Green, Bellamy & Parker, 1987}. 
Possible sets of scales constructed in such a way, 
however, may be too ~elective to reflect those aspects 
of the sequences which are most crucial for 
discriminating users 1 problem solving behavior. 
Therefore., scaling procedures are needed which are not 
constrained by too many a-priori assumptions and which 
are sensitive to detecting yet unregarded, relevant 
behavioral aspects. 

The purpose of this article is ·to propose a 
bipartite method which may help to identify relevant 
features of the users' problem solving behavior. The 
first part of the method is a procedure for the 
construction of scales which reflect differences between 
the users with respect to the succession of their 
behavioral elements. The second part of the method is a 
strategy for interpreting these scales. For the 
illustration of the proposed scaling procedure, two 
empirical applications are presented. The first example 
deals with users' problem solving behavior while 
generating a technical draft with a software system, and 
the second example with the reading behavior of 
programmers in a program memorization task. 

THE SCALING PROCEDURE 

The only prerequisit"e for applying the scaling 
procedure·is the representation of the behavioral data 
as a sequence of weli defined elements. These may be, 
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for exarnple, the comrnands of a software systern or the 
syntactical units of a prograrnrning language. The 
complete scaling procedure consists of three successive 
steps: first, representing sequences as transition 
matrices; second, calculating distances between 
transition rnatrices; third, rnultidimensional scaling of 
the distances. 

Representing Sequences as Transition Matrices 

The first step of the procedure serves to represent 
the different sequences in a comparable forrnat. For this 
purpose, the sarne concepts are applied as those upon 
which the definition of a Markov chain is based (cf. 
Ethier & Kurtz, 1986). Each rneaningful segment of the 
sequences that was produced at least once by at least 
ohe user during the experimental sessions is considered 
as a possible state of the sequence. This set of states 
constitutes the vocabulary for describing the individual 
sequences. Each sequence can then be represented as a 
matrix that contains inforrnation concerning the 
frequency of transitions for each ordered pair of 
states. The resulting individual matrices are all square 
and have the same number of rows and columns, being 
equal to the nurnber of possible states. 

According to the view presented here the most 
decisive information concerning the transitions from one 
state to the other is the absolute frequency normed with 
regard to the total nurnber of transitions within the 
respective individual sequence. Consequently each 
element of the transition rnatrix can be calculated by 

f„
lJ {1)t•• = ------lJ 1 -1p 
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with 
t„

lJf„
lJ 

= 
= 

element of the transition matrix, 
absolute number of transitions from 
state i to state j, 

1p = total number of actually realized 
segments in sequence ·p 
(i.e. 1 -1 is the total number of 
transi~ions produced by subject p). 

Dividing the absolute frequencies by the total 
number of transitions produces measures which reflect 
how typical the corresponding transitions are with 
regard to the respective sequence. Information 
concerning the length of the sequence is neglected. 

Calculating Distances between Transition Matrices 

The second step of the procedure serves to 
determine measures of proximity between the different 
individual sequences. For this purpose we propose the 
E:uclidian distance, that is 

= (2}dpq 

with 
dpq = distance between the sequences p and q, 
n = number of possible states, 
p„ = cell element representing thelJ transition from state i to state j in 

sequence p, 
q„

lJ = cell element representing the 
transition from state i to state j in 
sequence q. 

This step of the scaling procedure results in one 
single symmetric square matrix ~f distances between the 
sequences. The number of rows and columns of this matrix 
is equal to the number of investigated subjects. 
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" Multidimensional Scaling of Distances between 
Sequences 

The third and last step of the scaling procedure 
serves to render scale values assigned to the sequences 
and to reflect the dominant features which determine the 
distance between the transition matrices. For this 
purpose a rnultidirnensional scaling approach (MDS) is 
applied·. Because the matrix is syrnrnetric and the 
distances are rneasured at least on interval level, a 
metric scaling model (Roskarn, 1972} can be used. 
For the determination of the required number of 
dirnensions, both the goodness of fit of the 
configuration as well as parsirnony and interpretability 
of the representation should pe taken into account 
(Shepard, Romney & Nerlove, 1972, pp. 9). The resulting 
dimensional values represent relations between the 
individual sequences and rnay serve as guides for 
detecting relevant user characteristics. 

A STRATEGY FOR INTERPRETATION 

The scaling procedure presented so far may serve 
quite different purposes. In the context discussed here 
the MDS-solution will be applied for the detection of 
new behavioral aspects which influence the quality of 
performance.-For thii purpose an analytical strategy 
consisting of three steps is proposed. 
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Testing the Diagnostical Information of MDS-
Dimension(s) 

The first step serves to investigate whether the 
MDS-dimension(s) contain inforrnation diagnostically 
relevant to users' quality of performance. In the case 
of a single dimensional solution, this can be tested by 
calculating a product-mornent-correlation with the 
dirnension for each considered measure of performance. In 
the case of a solution with more dimensions, a multiple 
correlation with the dimensions as predictors should be 
calculated for each measure of perforrnance. 

If relevant user characteristics are reflected in 
different patterns of transition between the possible 
states of the behavioral sequence, the squared 
correlation coefficients should be significantly higher 
than zero. If correlations are not significant, a 
further analysis of the dimensional values is not 
promising and can therefore be dispensed with. 

Comparing MDS-Dimension(s) with A-priori Defined 
Scales 

The next step serves to cornpare the diagnostical 
value of the MDS-scales with that of other user scales. 
Such concurring scales could be rneasures for 
theoretically postulated aspects of users' problem 
solving behavior or measures constructed exploratively 
as descriptors of the users' solution process. The 
crucial question is, whether the dimensional values 
represent behavioral aspects which are relevant for 
predicting performance and which are not_represented by 
the a-priori defined scales. 
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The comparison of dimensional values and a-priori 
defined scales can be done by means of a general F-test 
for an increment (Cohen & Cohen, 1983, p. 145). i.e.: 

(R2Y.AB - R2Y.A} / kB 
F = ------------------------------- (3) 

(1 - R\.AB> / (n - kA - ks -1} 

= squared multiple correlation with 
performance as criterion and 
MDS-dimension(s} and a-priori defined 
scales as predictors,

2 = squared multiple correlation withR Y.A 
performance as criterion and only 
a~priori defined scales as predictors, 

kA = number of a-priori defined scales, 
ks = number of MDS-dimension(s), 
n = number of sequences. 

If there is no additional information in the MDS-scales, 
the statistic is F-distributed with k 9 degrees of freedom 
for the nominator and n~kA-k8-1 degrees of freedom for 
the denominator. 

If the MDS-dimensions contribute significantly to 
the multiple regression coefficient, they can be used 
for identifying new aspects of users' problem solving 
behavior relevant to performance. Otherwise they can at 
least help toward a better understanding of the already 
regarded aspects. If it is, for example, possible to 
rotate the MDS-dirnensions in such a way, so that one 
dirnension correlates with the performance measures 
higher than any of the a-priori scales, then the 
interpretation of this dimension may provide a more 
precise conception of the crucial behavioral aspects. 
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Interpreting MDS-Dimension(s) 

In order to detect yet unregarded user 
characteristics influencing problem solving performance, 
the spatial representation has tobe analyzed internally 
(Shepard, 1972~ pp. 39). Therefore, it is useful to have 
a closer look at the user sequences represented as 
extreme values of the dimensions. Furthermore, it rnay be 
helpful to include behavioral sequences in the analysis 
which have an a-priori known meaning, as for exarnple the 
solution process of an expert user or a norrnatively 
defined optimal solution. The consideration of such a-
priori defined sequences could reveal characteristics 
which discrirninate actual users frorn ideal users and 
therefore influence perforrnance. In the case of a 
Solution with more than one dimension, it may be useful 
to rotate the resulting dimensions with reference to 
such a-priori defined sequences. 

To reduce the interpretational arbitrariness of the 
internal interpretation it may help to investigate the 
relationship of the dimensional values with the a-priori 
scales. If there are significant correlations between 
these scales and the dimensional values, they can be 
used to validate the results of the internal analysis. 

EXAMPLES 

The method described above was applied to two 
different kinds of user sequences. The data were 
obtained in two different research projects. Upmeyer, 
Meseke and Enzmann (1988} collected data of users' input 
sequences while working with a software systern. Eyferth, 
Widowski and Schmid (1991) collected data of 
programmers' reading sequences while rnernorizing a 
program text. Both projects registered users' behavior 



9 A Method for 

in complete log-files {Gaines, 1981} and made these data 
accessible for the application of our scaling procedure. 

Example 1: Performance Strategies of CAD-Users 

The study of Upmeyer et al. (1988) was designed to 
evaluate the software system AutoCAD which is a 
computer-aided design system (CAD) widely used for 
construction in areas such as electronic or mechanical 
engineering. AutoCAD, as presented in the study, offers 
a range of over 250 commands and parameters. The system 
is hierarchically organized in menus with respect to the 
function of the available commands. Two kinds of input 
medias, keyboard and mouse, are provided, i.e. commands 
can be given to the system by typing the cornmand name 
with the keyboard or by selecting the command with the 
mouse in a menu. 

Description of the Study 
Twentythree undergraduate engineering students of 

the Technical University Berlin and a CAD expert 
participated in the study. The students had finished one 
introductory CAD course before participation. The expert 
was an engineer with long experience working 
professionally with AutoCAD. 

In the experimental sessions the students' task was 
to transfer a technical draft from paper-to AutoCAD. The 
draft consisted 

0 

of·three maiQ partsj the profile of a 
flange, the corresponding plane view, and a legend. The 
time for solving the task was restricted to 90 minutes. 
All inputs given by students with keyboard or with mou~e 
were recorded in log-files. Furthermore, the sessions 
were video recorded. 
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Scaling of the Sequences 
The segmentation of the log-files into meaningful 

elements is based upon the set of possible AutoCAD 
commands. That is, every use of the mouse button and 
every sequence of keystrokes finished with the RETURN 
key is considered as a meaning~ul segment of the 
sequence. 

Altogether 150 different segments were produced at 
least once by at least one person. These segments 
constitute the possible states for defining the 
transition matrices. The number of segments actually 
produced per sequence varies between 382 and 1196 (M = 
141.35, SD = 239.82). Each person used a different 

1subset out of the set of possible states. As a result of 
multidimensional scaling a two-dimensional solution 
(coefficient of alienation = .19) has been accepted as 
an appropriate representation. 

Prediction of Performance 
Two scales for completeness of solution are 

introduced as external measures describing quality of 
user performance: first, the number of produced draft 
elements; second, the number of completed subtasks. 

To construct the measure number of produced draft 
elements, the presented drawing was divided in 93 basic 
units as lines, circles, arcs or hatchings. For the 
production of each element only one specific command 
with the accompanying parameters has tobe used. 

The measure number of completed subtasks relies on 
a more global partition of the technical draft. A 
subtask is defined as a cluster of draft elements 
sharing two features: first, each element of the subtask 
has to belong to the same of the three main parts of the 
draft; second, each element of the subtask has tobe 
produced with the same type of specific command. 
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Utilizing the MDS-dimensions as predictors, the 
multiple regression coefficient is R = .72-'(F(2,22) = 
10.23, p < .01) for the number of produced draft 
elements and R = .75 (F(2,22) = 12.21, p < .01) for the 
number of completed subtasks as a criterion. The MDS-
solutions therefore can be regarded as meaningful 
predictors of the quality of performance. 

Comparison with A-priori Defined Scales 
Four scales were defined a-priori which may reflect 

some relevant aspects of the input sequences: first, the 
ratio between the number of mouse and the number of 
keyboard inputs (keyboard coefficient); second, the 
number of actually produced ~egments (number of inputs); 
third, the number of different commandsj and fourth, the 
frequency of changes between the three rnain parts of the 
draft (changes between drawing parts). 

The keyboard coefficient is a measure proposed by 
Shneiderman (1984) as an indicator for expertise. He 
claims that users preferring the keyboard are usually 
more experienced than users prefering the mouse. The 
remaining three scales are newly introduced in this 
study for the explorative analysis of data. 

Utilizing both measures of perforrnance as criteria, 
the multiple regression coefficients are significant for 
the a-priori defined scales alone as well as for both, 
the a-priori scales and MDS-dirnensions as predictors. 
~he increment of the multiple correlation coefficient by 
addition of the MDS-dimension as predictors is 
significant for both performance measures (table ~}. 
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TABLE 1 
Increment of the Multiple Regression Coefficients by 

' Adding MDS-Dimensions as Predictors (Example 1) 

a-priori 
o n l ~• 

Predictors 
scales a-priori scales , 

and MDS-Dimensionsb 
F for 

Incrementc 

Elements .76** 3.91* 

Subtasks .62* 4.33* 

Note. Elements= 
Subtasks= 

N = 2!!. 
1d f = 4, 20. 

*P<. O!!, 

number of produced 
number of produced 

)d f = 6, 18. 

**P<-01. 

elements; 
subtasks. 

cd f = 2, 18. 

Therefore~ the MDS-scales can be regarded as containing 
more inforrnation with respect to behavioral aspects 
relevant to performance than the concurring a-priori 
scales. 

Interpretation 
For the interpretation of the MDS-solution we 

introduced three sequences in the scaling process which 
have a-priori meaning: first, the sequence of the CAD 
expert; second, a normative sequence, generated by 
producing a correct solution with a rninimurn of inputs; 
third, the prototypical sequence of the sample, which is 
the ernpirically found sequence with minimal distance to 
all other empirical sequences. 

As expected for a mathematically correct MDS-
solution, t~e prototypical sequence is situated in the 
center of the spatial configuration (figure 1). 
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Figure 1., Two-dimensional solution of multidimensionally 
scaled differences between user sequences {Example 1) 

As suggested by the a-priori meaning of the sequences, 
the expert and the normative sequence are situated close 
to each other in comparison with the other points. This 
indicates that the MDS-solution reflects psychologically 
relevant aspects of the users' problem solving behavior. 

The location of the dimensions provided by the 
scaling procedure is rather favorable for the further 
interpretation process, because expert and normative 
sequences constitute the extreme points on the first 
dimension and the center points on the second dimension. 
Therefore, dimensions were not rotated. The data 
material applied for the internal analysis are the log-
files as well as the videotapes recorded during the 
experimental sessions. 

The inspection of the video protocolls for the 
extreme points on the first dimension ~hows that users 
situated opposite to expert and normative sequence 
(positive end of the first dimension) more ofterr 
cancelled activated commands and browsed in the menus 
without actually selecting a command. In contrast, users 
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on the same end as the expert and the normative sequence 
(negative end of the dimension), mostly selected the 
appropriate commands at the first trial and seldom 
browsed through the menus. This suggests that the first 
dimension reflects users' knowledge about .the relevant 
commands of the system and their proper use. 

This interpretation is supported by the pattern of 
correlations with the a-priori scales (table 2). 

TABLE 2 
Correlations of MDS-Dimensions with A-priori Defined 

Scales (Example 1) 

Dimension 
1 2 

Keyboard coeff1c1ent .08 
Humber of Inputs -.29 .36 
Humber of Different commands -,44* , 28 

Changes between Drawing Parts -.09 ,44* 

Note. N = 2D, df = 23, 
itp(,0D, **P<.01. 

The first dimension correlates significantly with the-
keyboard coefficient and the number of different 
commands. Persons situated on the negative side of the 
first dimensi6n preferably work with the keyboard and 
use a lot of different commands. 

The inspection of the extreme points on the second 
dimension shows that users at the negative end selected 
apart of the draft and tried to complete this part 
before starting a new one. In contrast, users situated 
at the positive end of the axis started a lot of parts 
of the drawing and changed between these parts very 
often. The position of the expert and the normative 
sequence in the center of this dimension suggests that a 
compromise between a too persistent and too flexible 
organization of the drawing process is an effective 
strategy for mastering the given task. A)toqether the 
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second dimension seems to reflect how users organize 
their problern solving behavior. 

This interpretation is also supported by the 
_ correlations with the a-priori defined scales. The 

second dirnension correlates significantly with the 
changes between the drawing parts (table 2); i.e. 
persons with high positive values on the second 
dirnension change a lot between the main parts of the 
draft, whereas persons situated on the negative end of 
this dimension produced a low number of changes. The 
marginally significant correlation of the dimension with 
the number of inputs can be explained in that way that 
frequent changes between parts of the drawing make 
additional inputs necessary. 

Example 2: Reading Strategies for Program 
Memorization 

In the second study, Eyferth et al. (1991) 
investigated the relationship between reading stra-tegies 
in a program-mernorization-task and the quality of 
r~production. The prograrn language used in the project 
is ELAN {Elementary LANguage}. 

Description of the Study 
Fortyeight undergraduate students of computer 

science at the Technical University Berlin participated 
in the experirnent. The students had had introductory 
prograrnming courses with ELAN. 

In, the experimental sessions they read an ELAN 
program which was tobe reproduced later. The reading 
time was limited to half an hour. While reading the 
program the rnonitor was masked so that only one line 
could be read at one time (Widowski & Eyferth, 1986). 
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Students could choose the line they wanted to read next 
by using the rnouse. They could read every line as often 
as they wished. 

As an independent variable two different versions 
of the ELAN-prograrn were introduced {24 subjects for 
each version). While both versions fulfill the sarne 
function, one is prograrnrned in an applicative and the 
other in an imperative style. Imperative and applicative 
are concepts used in computer science for the 
classification of programming languages. In this context 
it will only be relevant to notice, that the prograrn of 
the imperative version is characterized by the use of 
loops {iteration) and of the definitions of new 
variables within the. program text. In contrast! the 
applicative version is characterized by the use of 
subroutines which call themselves {recursion) and by 
dispensing with the definition of variables within the 
text. 

Scaling of the Seguences 
The elements of the transition matrix are the lines 

of the programs. The imperative program version consists 
of 58 lines, the applicative version of 55 lines. 

For the imperative version the minimal number of 
read lines was 201, the maximal number 606 (M = 381.75, 
SD = 114.8). For the applicative version the minimum was 
174, the maximum 506 (M = 356, SD = 90.88). The 
multidimensional scaling was applied independently to 
each program version. For both versions, applicative and 
imperative, the single dimensional solution has been 
accepted (coefficient of alientation for applicative 
version = .29; coefficient of alienation for imperative 
Version= .25). 



17 A Method for 

Prediction of Performance 
Widowski constructed two scales to describe the 

quality of reproduction: first, the number of reproduced 
tokens; second, the number of reproduced subroutines. A 
third scale, the score of a program questionnaire, 
measures program understanding (see Eyferth et al., 
1991). 

The measure number of reproduced tokens is based 
upon a segmentation of the programs in basic units 
(tokens). A token is defined as. the smallest unit of the 
program text which contains semantic information (i.e. 
keywords of a programming language, variable or constant 
names, brackets etc.). 

The measure number of reproduced subroutines 
reflects the number of the independently functioning 
parts of the program, which are'correctly coded. Both 
program versions consist of 7 subroutines. 

The programm guestionnaire score was obtained by 34 
questions about the function of the program and its 
subroutines. The questionnaire is meant to control 
whether the subje~ts had really understood the prograrn 
or only had committed the representation of the prograrn 
to their memory without understanding its meaning. 

The correlations of these performance measures with 
the MDS-dirnension are significant for both versions 
(table 3). 
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TABLE 3 
Correlations of Performance Measures with MDS-Dimensions 

(Example 2} 

Tokens Subrout1nes Questionnaire 
Appllcat1ve 1 . !17** .48* .61** 

I mp e r a t 1 v e 1 .61** .43* .42* 

~- Tokens = number of reproduced tokens; 
Subroutines number of reproduced subrouttnes; 
Questionnaire = program questionnaire score. 
Applicative = MDS-dimension of the applicative verston; 
Imperative= MDS-dimension of the imperative verslon. 

1n = 2 4. 
*P<.O!I. **p<.01. 

This suggests that the scale values reflect aspects of 
the program reading process relevant for the quality of 
memorization. 

Comparison with A-priori Defined Scales 
To investigate determinants of reading which 

influence program reproduction, Widowski used two a-
priori defined scales: first, the number of lines read; 
second, the nurnber of hark backs (see Eyferth et al., 
1991) . 

The rneasure nurnber of lines read describes the 
total amount of read lines whereas number of hark backs 
reflects the number of times when a subject stopped 
reading the text top-down and turned back to a line 
higher above in the program text. 

For both program versions the multiple regression 
coefficients are not significant, only when the a-priori 
scales are used as predictors (table 4). 
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TABLE 4 
Increment of the Multiple Regression Coefficients by 

Adding the MDS-Dimension as Predictor (Example 2) 

a-prtori 
10 n 1 y 

Predictors 
scales a-priori scales 

and MDS-Dtmensionsb 
f for 

Incrementc 

Tokens 
Subroutines 
Questionnaire 

• 28 

.20 
• 30 

Appli~ative version• 

. 6!1* 

. !11 

.66** 

11,72** 
!I. 9!1* 

11:93** 

• 

Imperative vers1on 4 

tokens 
Subroutines 
(2uestionna1re 

• 44 
, 41 
. 39 

.67** 

. !16 

. 47 

9, 4!1** 
4,06 

1. 80 

~- Tokens = number of reproduced tokens; 
subroutines = number of reproduced subroutlnes; 
Quest1onnaire = program quest1onna1re score. 

idf = 2,21. bdf = 3,20. cdf = 1,20. 
*P<,0!I. **P<,01, 

The multiple r~gression coefficients with the a-priori 
scales and the MDS-dimension as predictors are 
significant for two of the three measures of performance 
in case of the applicative version and for one 
performance measure in case of the imperative version. 
This result is somewhat puzzling because the single 
correlations between dimension and measures of 
performance are significant in each case (table 3). For 
the applicative version this can be explained by the 
fact that the contribution of the_ a-priori scales to the 
multiple correlation is so small that it cannot be 
compensated in all cases by the contribution of the 
dimension. For the imperative version the contribution 
of the a-priori scales is slightly higher, but it seems 
tobe determined by the same behavioral aspects as the 
contribution of the dimension. 
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This interpretation is supported by the 
correlations between the dimensions and the a-priori 
defined scales (table 5). 

TABLE 5 
Correlations of the MDS-Dimension with A-priori Defined 

Scales (Example 2) 

No. o f No. o f 
lines read hark backs 

Appl1cat1ve 1 • 07 - • 02 

I mp e r a t 1 v e 1 .42* 

~- Applicative = MDS-dimension of the appl1cat1ve version; 
Imperative= MDS-dimension of the imperative version. 

1n = 24, 

*P<,05, **P<,01. 

Bath correlations are nearly zero for the applicative 
version but significantly different from zero for the 
imperative version. Consequently, the increment to the 
multiple correlation given by the dimension is 
significant in all cases for the applicative version but 
only once for the imperative version (table 4). 
Therefore, in the case of the applicative version the 
MDS-dimension seerns to reflect new behavioral aspects, 
whereas in the case of the imperative version the 
dimension reflects similar behavioral aspects as the a-
priori scales but it grasps better those features which 
influence performance. For this reason, an internal 
interpretation of the MDS-dimension may provide better 
insights for both versions. 

Interpretation 
For both versions the MDS-solution was interpreted 

by investigating the sequences represented at the end of 
the dimension. In both versions the dimension reflects 
different distributions of the amount of reading over 
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the program parts. Subjects reading more often in. 
complex subroutines represent one extreme of the 
dimension whereas subjects reading mostly simple 
routines represent the oth~r extreme. For both versions 
the correlations of the dirnension with the performance 
measures shows, that spending more effort on the complex 
routines influences the quality of reproduction. 

As outlined above, the two program versions differ 
with respect to the intercorrelations between the 
dimension and the a-priori scales (table 5). Whereas the 
correlations are near zero for the applicative version, 
there are significant relationsships between the 
dimension and the number of lines read as well as the 
number of hark backs for the imperative version. This 
result suggests, that the different programming concepts 
require different reading strategies. For the 
applicative version the only important feature of an 
effective reading strategy is 'concentration on the 
complex subroutines. For the imperative version, on the 
other hand, it is additionally necessary to refer to 
earlier parts of the prograrn text and read the lines of 
the program more often. 

This finding is in keeping with the discussion of 
imperative and applicative programming style by Widowski 
(see Eyferth et al "'' 1991). He postulates that 
understanding imperative prograrns needs rnore mental 
effort, because the program structure requires that 
relevant information about variables be situated at the 
beginning of each subroutine. Therefore, the reader has 
often to go back to obtain the inforrnation relevant for 
the understanding of the prograrn. In applicative 
programming, on the other hand, the variable concep~ is 
abandoned. Therefore, a sequential reading process from 
the top of the prograrn to the end is facilitated. 
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DISCUSSION 

We proposed a procedure for the multidimensional 
scaling of· complex behavioral sequences. The purpose of 
this procedure is the identification of aspects that 
influence performance. The procedure was exemplarily 
applied to two different kinds of behavioral data. In 
both cases, the resulting scales are better predictors 
for performance than those a-priori defined measures 
which are additionally considered in these 
investigations and which also represent the behavioral 
sequences. In both data sets, internal interpretation of 
the multidimensional scales has provided a better 
understanding of the behavioral aspects determining 
performance. We therefore believe that the application 
of this method is promising for analyzing the behavior 
of computer users and it may e~en prove useful for quite 
a variety of data. 
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