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espite a growing research interest 
in program comprehension, there 
is still much to learn about how 

individual differences in reading strategies 
influence comprehension of procedural 
text, such as algorithms. Textbooks usu- 
ally depict algorithm definitions in either 
pseudocode or a programming language. 
Text is frequently accompanied by graph- 
ics to support understanding of an 
algorithm’s behavior. Increasingly, com- 
puters use animated graphics to show 
dynamically how an algorithm works. 

Traditionally, operating-system manu- 
als and computer-related training materi- 
als are written with little regard to the 
reader. For example, keywords in pro- 
grams are often printed in boldface type. 
This study suggests, however, that key- 
words are the least observed portions of a 
program’s text. 

Until recently, designers of program- 
ming languages relied primarily on their 
intuition to tell them what is “best” for 
programmers. Replacing instinct by in- 
depth knowledge regarding human under- 
standing of algorithms can benefit many 
disciplines, from the writing of computer 
documentation to the design of program- 
ming and specification languages. The 
wide variety of individual styles docu- 

Researchers want to 
understand how 
different reading 

strategies influence 
comprehension of 

procedural text. For 
example, does 

experience alter 
strategy and thus 

affect how or where 
we look? 

mented in this study suggests that these 
materials would be more effective if they 
were adapted to reader preferences. 

The Pascal version of an algorithm is 
considerably more succinct and therefore 
more complex than typical prose. Do we 

read algorithms the way we read any other 
text, or does our reading strategy change to 
accommodate the complexity of proce- 
dural text? Graphical representations often 
contain text. Does this supplementary text 
draw as much attention as the graphics? 

Procedural text incorporates areas of 
varying complexity. Highly formal code is 
accompanied by informal comments in 
English. Complexity varies even within 
the actual code; while keywords are pre- 
dictable, Boolean expressions are terse yet 
replete with information. When viewing 
procedural text, do subjects prefer to con- 
centrate on comments or code? Within the 
code, do complex areas attract more atten- 
tion? 

In addition to traditional methods used 
to analyze subjects’ comprehension, moni- 
toring of eye movement has emerged as a 
way to explore a subject’s attention in 
unprecedented detail. The position and 
duration of eye fixations show where the 
subjects focus. Two opposing theories 
explain the relationship between eye 
movement and reading (see sidebar on eye 
movement). Nevertheless, research using 
prose suggests that analyzing individual 
scan patterns may shed new light on indi- 
vidual differences in reading and under- 
standing algorithms. 
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Research shows that experience fosters 
comprehension (see sidebar on program 
comprehension). While we expected nov- 
ices to have varying strategies, we hy- 
pothesized that with increasing expertise, 
strategies become more efficient and thus 
similar. Can we assume that experience 
promotes viewing strategies that expedite 
understanding? In particular, does experi- 
ence influence the way our eyes scan mate- 
rial, or does it change the time we spend 
looking at important text areas? In other 
words, does experience effect how we 
look, or where we look? 

The experiment 
The purpose of this study was to explore 

the way subjects view an algorithm, writ- 
ten in Pascal, and the graphical representa- 
tions of its behavior. We designed an ex- 
periment that examined the influence of 
programming experience on how subjects 
view a short but complex algorithm, and 
we analyzed the scan patterns of eye 
movement for subjects at two experience 
levels. 

The experiment concentrated on the 
following questions: 

Is there a lag between viewing and 
processing complex text; that is, does the 
immediacy theory hold for reading algo- 
rithms? 

Is there a difference between reading 
simple text and complex text such as algo- 
rithms? 

Does a subject’s experience influence 
a preference for comments versus code? 

Does experience influence a subject’s 
focus on critical areas of the algorithm? 

Do the viewing patterns of experi- 
enced subjects differ from those of nov- 
ices? 

We assumed that reading algorithms 
would differ from reading prose because 
algorithms tend to be complex and are for- 
mulated on a high level of abstraction with 
little redundancy. We expected individual 
differences in reading strategies and hy- 
pothesized that experience would be the 
key factor - that reading strategies would 
become more efficient with increasing 
expertise. 

Eye movement research 
Since analysis of eye movements 

provides g wealth of data at a fine level 
of detail, it is particularly suited for the 
investigation of cognitive processes. 
Two theories link eye fixation data to 
comprehension. Bouma’ proposes the 
existence of an internal buffer that 
stores the image viewed during an eye 
fixation. Since the image is processed 

task. In addition, several studies re- 
cognitive processes. 

Referencclr 

We selected 19 volunteers randomly 
from the University of Hawaii’s computer 
science program. The low-experience 
group consisted of 10 subjects from the 
second-semester, CS2, course. The high- 
experience group consisted of eight gradu- 
ate students and one recent PhD faculty 
member. All subjects were familiar with 
Pascal. Only a sample of the subjects will 
be mentioned in our discussion of individ- 
ual strategies; they will be called LA to LE 
(low-experience group) and HA to HC 
(high-experience group). 

In a prior study we contrasted the com- 
prehension of Pascal and English versions 
of 12 algorithms. In this study, we applied 
a fine-grain analysis using eye movement 
to one specific algorithm. The binary 
search was selected because it can be de- 
fined in a few lines of Pascal code, contains 
enough complexity, and can be expressed 
in a form that intrigues experienced pro- 
grammers. During the semester, this algo- 
rithm was covered in CS2 lectures. In 
addition, two months prior to the experi- 
ment a laboratory session was devoted to 
presenting the algorithm’s behavior using 
animated graphics. 

January 1990 25 

Authorized licensed use limited to: Technische Informationsbibliothek (TIB). Downloaded on March 17,2025 at 17:17:54 UTC from IEEE Xplore.  Restrictions apply. 



The demonstration program visualizes 
search steps on a set of 15 numbers repre- 
sented as a bar chart (Figure 1). As the 
numbers are ordered, the bars increase in 
height from left to right. The program 
provides another view when searching 
among 120 numbers (Figure 2). While the 
representation of 15 numbers can accom- 
modate placing the numbers beneath the 
corresponding bars, the representation of 
120 numbers uses bars only. In each step 
the algorithm narrows the subset of num- 

bers that can contain the number to be 
found. This subset is represented graphi- 
cally; the corresponding bars are enclosed 
in two brackets. While the bars remain 
static, one bracket is moved in each step. 
The choice of the bracket depends on a 
comparison between the number searched 
and the number in the middle of the en- 
closed subset. Again, the number searched 
is presented graphically as a highlighted 
bar. This bar is placed next to the bar in the 
middle of the enclosed set (to the left if it is 

smaller, to the right if it is greater). 
The program also incorporates a sepa- 

rate screen where students can see the 
algorithm written in Pascal. The slides 
used in the experiment were snapshots 
from the animated program demonstrating 
the algorithm's behavior. One snapshot 
was taken in the middle of the search pro- 
cess in both set sizes (Figures 1 and 2). 

Typical program code contains portions 
of varying complexity. Longer Boolean 
expressions are comparable to compact 

Program comprehension by novices and experts 

Literature explaining the differences 
between novices and experts is profuse. 
In a landmark study, Chase and Simon' 
explored chess board pattern memoriza- 
tion. They found that experts and nov- 
ices remember random patterns equally 
well, but expert players remember 
meaningful board configurations signifi- 
cantly better. In addition, research from 
psychology and linguistics suggests that 
the better text fits a meaningful context, 
the more likely it is to be assimilated. 

Numerous theories explain perform- 
ance differences in problem solving. For 
example, Lesgold et found that 
while novices search longer for a solu- 
tion, experts spend more time building 
up a representation of the problem. 
Therefore, experts are more likely to in- 
voke a solution strategy appropriate to 
the problem. The ability to organize ma- 
terial in a meaningful way emerges as 
one of the distinguishing characteristics 
of an expert. 

Novice-expert differences are particu- 
larly evident in computer programming. 
Expert programmers are more likely than 
novice programmers to find programs in- 
telligible. In a variation of the Chase and 
Simon experiment, Shneidermana pre- 
sented short computer segments in ei- 
ther shuffled or executable order to sub- 
jects with varying levels of expertise. 
Analogously, no significant difference 
was found in the recall of the shuffled 
program segments. Experienced sub- 
jects who understood the meaning of the 
statements in executable order recalled 
them better. Adelson' suggests that ex- 
perts remember programs differently; 
while novices group statements syntacti- 
cally, experts rely on functionally or se- 
mantically equivalent statements. 

Program understanding can be stud- 
ied at different levels of detail, from eye 
fixations and memory recall to protocol 

analysis. Shneiderman3 proposes a bot- 
tom-up, line-by-line model of program 
comprehension, where the programmer 
first deals with the syntactic aspects of 
the program and then advances to lower 
level semantic structures such as identi- 
fying statements and logical chunks. Al- 
ternatively, BrooksS devised a top-down 
model of program comprehension based 
on a hypothesis about the program's 
function. Curtis et 
crepancies in performance even among 
expert programmers with similar experi- 
ence. Brooks' model attributes the dis- 
parities among subjects with similar ex- 
perience to slight differences in training. 

Brooks observed that programmers do 
not study programs line by line but search 
for key lines (beacons) to verify their hy- 
pothesis about a program's function. 
Weidenbeck' found that this did not ap- 
ply to novices. Weidenbeck and Scholtzs 
suggest a causal link between beacons 
and comprehension, since comprehen- 
sion by experienced programmers de- 
clines when beacons are disguised. 
Soloway and Ehrlich9 hypothesize that 
programmers have plans and rules that 
allow the chunking of related program 
segments. They found that experts do 
much better than novices on "plan-like" 
programs, while the differences diminish 
on "non-plan-like" programs. 

PenningtonIo outlines a model of pro- 
gram comprehension based on the theo- 
ries of text comprehension posed by 
Van Dijk and Kintsch. Using protocol 
analysis, she found that professional 
programmers with a high level of com- 
prehension use a cross-referencing 
strategy that alternates among system- 
atic study of the program, its verification, 
and its application. Programmers with a 
low level of comprehension focus on ei- 
ther the program or its application, but 
not both. 

report large dis- 
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mathematical formulas, while keywords 
contain standard information. The com- 
plexity of comments also varies; while 
assertions and invariants are frequently 
stated as mathematical formulas, plain 
English is often used to describe the pur- 
pose of the code statements. Because we 
were interested in how complexity affects 
viewing patterns, the slide with the Pascal 
text was slightly different from the version 
of the binary search algorithm used in the 
demonstration program. The meaning of 
the statement “found := left = right + 2” is 
hard to grasp even for expert programmers 
(Figure 3). This alternative form, however, 
was explained in an earlier CS2 lecture. 

The textual slide contained an error: The 
direction of the comparisons was reversed 
(“<=” in line 5 and “>=” in line 6). For 
programmers, this is not an unusual sight, 
as a substantial portion of their coding time 
is devoted to tracing errors. 

Subjects were tested individually. The 
order of the algorithm slides was the same 
for all subjects: The Pascal code in Figure 
3 was followed by the graphical slides in 
Figures 2 and 1. The subjects were told that 
they could view the slides for as long as 
they needed to understand and remember 
them. They indicated verbally when they 
were finished looking at the slide. At the 
beginning of the experiment, the subjects 
were given a comprehension pretest based 
on general knowledge of the binary search 
algorithm. This quiz was repeated after the 
text slide and at the end of the experiment. 
After the text slide, subjects were also 
asked to correct the Pascal code if neces- 
sary. 

Cloze tests followed every slide. The 
Cloze procedure is a more convenient and 
objective measure of reading comprehen- 
sion. The procedure requires every nth 
word (typically the fifth) to be replaced 
with blanks. Then, on the basis of their 
global understanding, the subjects must 
reconstruct the text. To determine whether 
the subjects memorized the slide or recon- 
structed the correct algorithm from prior 
knowledge, the reversed comparisons 
were left empty in the Cloze test. We plan 
to analyze the effect of errors on the view- 
ing pattern of subjects who notice them. 

The subjects’ experience was the inde- 
pendent variable. The dependent variables 
were (1) fixation time, calculated either as 
the total time in seconds of all fixations in 
an area or as a percentage of the total time, 
and (2) number of fixations, calculated 
either as the total number of fixations in an 
area or as a percentage of the total number 
of fixations. 

10 11 13 a 18 21 26 30 32 36 36 41 43 46 48 

d#: a 
Figure 1. Graphics slide: “15 bars.” 

I 

Figure 2. Graphics slide: “120 bars.” 

1 

begin (*array A sorted. i.e. AIil S AIjl and leftSi<]sright*) 

repeat (*Atleft1 S x s Atright] and left s right *) 
(* rhoorre middle to split A into 3 subarrays *) 

middle := (left + right) dir 2; 

if Atmiddl01 >= x then left := middle + 1: 

if AImiddlel c= x then right := middle - 1; 

I 

until left > right; 

tound := left = right + 2: 

index := middle; 

ends (* BinSerrch *) 

Figure 3. Text slide with Pascal code. 
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begin (*array A sorted, i.e. A[i] 3 A[j l  and I e f t ~ i ~ j ~ r i g h t Y )  

index := middle: 

repeat 

Figure 4. Subdivision of the text slide into areas. 

[*A[leftl  9 x 5 AIrightIand le f t  5 r ight  *I 

a3 lines pupil areas 0 erase 

middle : = 

Figure 5. Partial sequence of HB’s eye movements when reading text. 

(Ief t + right) d iv  2; 

a3 lines IxI pupil 0 areas e r a s e m  

i f  

i f  

@atternS)  

A[middlel >= Y then left := middle +.l: 

A[middlel <= x then right := middle - 1; 

steps: a binary search 

unti l  

(resetx clear) (-) fittation r a n 9 e : m - H  fimtion: 

l e f t  > riBht; 

Figure 6. Partial sequence of HB’s eye movements when viewing the graphic in 
Figure 1. 

The experiment was performed at the 
eye-monitoring laboratory in the Depart- 
ment of Educational Psychology at the 
University of Hawaii. The equipment 
consisted of an Applied Science Laborato- 
ries eye movement monitor, controlled by 
a host computer. The host computer’s soft- 
ware calculated the eye fixations from 
data generated by the eye movement 
monitor in real time. 

Materials and analysis software were 
developed on Macintosh computers. This 
software for postexperimental analysis 
was designed to provide a highly visual, 
dynamic picture of the subjects’ eye 
movements. Eye fixations are superim- 
posed on a gray, scaled-down picture of 
the slide. Each fixation point is displayed 
in time proportional to its real duration. A 
fixation can be visualized in a variety of 
modes: as a corner of a path where lines 
connect subsequent fixation points; as a 
circle whose radius is proportional to the 
pupil size; or by highlighting the enclos- 
ing area. 

Another feature of our analysis soft- 
ware allows the experimenter to partition 
the slide into areas that can be used for a 
more global analysis. Figure 4 shows how 
the text slide was subdivided into areas of 
varying complexity. Then, the total num- 
ber of fixations (or total time) can be 
shown in each area. Early analysis of the 
experimental data indicated that some 
subjects apply periodically similar scan- 
ning patterns. To  visualize these patterns, 
the software was enhanced to produce 
two-dimensional graphs showing the se- 
quence of areas in time. 

Results 

Immediacy theory and procedural 
versus simple text. According to the 
immediacy theory, the total number of 
fixations is a measure of the relative atten- 
tion subjects devote to each area (see side- 
bar on eye movement). Figure 5 shows a 
typical left-to-right, top-to-bottom read- 
ing pattern. Notice how closely the indi- 
vidual eye fixations match the centers of 
the relevant textual areas. This correspon- 
dence strongly suggests the validity of the 
immediacy theory, at least for procedural 
text. The close fit of material and eye 
fixations, however, is not limited to text, 
as the viewing strategy in Figure 6 shows. 
The correspondence of eye fixations and 
material viewed was not confined to iso- 
lated cases, but was observed consistently 
throughout the entire experiment. On the 
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3 

BGN 

b1,Sin (*ermy A sorted, i.e. A[ilO A[jl rrd left<icjSright*) 

r 5 c . t  ['Alleftl c x 5 AIrig6land left 6 right 'I 

I* choose middle t o  s .61 A i n t o  3 subarrays *) 

midllllle = (left + r i81t )  d i v  2; 

i f  A I m i d l l 3  >= x r h 3 1  left :$ Biddle + 1: 

2s Atmid210 e= x t h o ,  light :&iddle - I; 

maiil left >3iaht .  

f o 6 i d  := l e f t  = 114it + 2: 

ind~xl=7iniddle:  

0 d: (* EinSlaich *I  

( * A 1  *I I 

22 

R P T  

4 

(* A2 *) 

q ~ i n  (*army Arorted. i .e.  Al1l1:3j l  -adlcft i i+right*)  

rl~.,Omt [*Alleft] s x 5 A I r i g 4 r n d  left 5 right *I 
[* choose middle to 611t Ainto I subarrays *) 

mi186r = (left + 5 0 )  div 2; 

2 AImid213 >= x tl1:.1 left 2 T i d d l e  + I: 

01 Atmid210 T= x th21 light fniddle - 1 ;  

b , i i 1  left 2 2 g h t .  

foJid :=left =2& + 2: 

indexl=3niddle; 

*d; (* EinS$arch *) 

mdl := 

basis of the correctness of the immediacy 
theory, we can interpret an eye fixation as 
a measure of attention devoted to the sur- 
rounding area. 

Notice that Figures 5 and 6 are only 
snapshots demonstrating how our analysis 
software can replay aportion of a subject's 
eye movement sequence (in this case fixa- 
tions 4 to 34 and 250 to 353) superimposed 
on the slide displayed in the inner rec- 
tangle. As we will show in the subsequent 
figures, all subjects needed to view impor- 
tant text areas numerous times. The num- 
ber of eye fixation regressions in our ex- 
periment is far greater than the number 
reported in studies using nonprocedural 
prose. div 

Comments versus code. The text of a 
computer program contains two primary 
types of information: code to be executed 
and comments that contribute to its under- 
standing. Figures that show the total num- 
ber of fixations per area (Figure 7) super- 
imposed on each of the areas defined in 
Figure 4 clearly distinguish code-oriented 
and comment-oriented subjects. (Fixa- 
tions outside all areas are displayed out- 
side the border.) 

IF 1 >= 
IF2 <= 

Analysis of subjects' attention showed a 
wide range of focus distributions regard- 
less of experience level. For example, 
subjects HA and HB from the high-experi- 
ence group showed opposite tendencies. 
While HA (Figure 7a) concentrated pri- 
marily on code, HB (Figure 7b) used the 

comments extensively. Similarly, we 
found in the low-experience group both 
code-oriented and comment-oriented sub- 
jects. Subject LA (Figure 7c), for instance, 
demonstrated a distribution comparable to 
that of HB. 

Figure 7 also clearly demonstrates that 

TH 1 1 := + 

TH2 r:=  - 
UHT l > r  

Figure 8. Labels of subareas in the text slide. 
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(* N4*) 
END 

inx := 
= + 2  

fnd := 
l > r  
UNT 

r :=- 
TH2 

IF2 
1 :=+ 

TH1 

IF 1 
div 

mdl := 
RPT 
m 

(* c3 *I 
(* A 2  *) 
(* A1 *) 

???? 

<= 

>I 

(*A#*) 
EN) 

i#T 
=+2 
fidr 

1 )r 
LNT 

r L- 
l?Q 

F2 
1 L+ 
lHt 

01 

(* M*) 
rn 

iD(= 
=+2 
M= 

1 >r 
l N T  

r =- 
Tu? 

F2 
1 F +  
THl 

F1 
div 

Inn= 
m 
&N 

)c 

(*a *I 
(* *I 
(*A1 *) 

???? 

these subjects needed many eye fixations 
in most of the algorithm’s areas. 

To compare the time devoted to com- 
ments by subjects in the two groups, we 
determined the percentage of time spent 
viewing comments. While the low-experi- 
ence group averaged 44 percent of the time 
viewing comments, the high-experience 
group viewed them only 35 percent of the 
time. 

Individual viewing strategies. For fur- 
ther analysis of individual viewing pat- 
terns, we developed “area/fixation graphs” 
that depict the sequence of viewed areas. In 

these graphs the horizontal axis represents 
the sequence of fixations (one fixation is a 
unit) and is therefore closely related to 
time. The vertical axis represents areas. 
Figure 8 assigns each area a label, shown 
on the vertical axis of the graph. (* AI *) 
and (* A 2  *), for instance, represent the 
assertion comments in the first two lines, 
(* C3 *) the descriptive comment on the 
third line, BGN and RP1 the keywords 
“begin” and “repeat” on lines 1 and 2, mdl 
and div the two parts of the statement 
“middle := (right + left) div 2,” and ??’? 
means outside (compare to Figure 4). 

The dynamic evaluation of subjects’ eye 

movement while looking at the text slide 
revealed distinct periodic scanning pat- 
terns. The area/fixation graphs depicting 
the viewing sequence confirmed this find- 
ing. Of course, the order of areas, which 
can be chosen arbitrarily, determines the 
visual impact of these analysis graphs. 
Notice that except for the comment areas, 
we chose an order that reflects the “natu- 
ral” left-to-right, top-to-bottom flow of 
text (see Figure 5). Comments were 
grouped to highlight strategies that com- 
pare them with corresponding code. This 
sequence of areas produced the best con- 
trast. 
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(*M*) 
EN) 

i i x =  
=+2 
lm .= 

1 >r 
LNT 

r =- 
Ttn 

F2 
1 =+ 

* 

mi 
)c 

F1 
div 

d r  

8GN 

Figure 9. Text-scanning patterns: (a) LA uses a mul- 
tiple-scan strategy; (b) HB’s multiple-scan strategy; 
(c) HA uses a two-scan strategy; (d) LB’s two-scan 
strategy; (e) LC uses one scan; (f) LD’s comparative 
strategy. 

(*M*) 
EN) 

i i x =  
=+2 
lmF 

1 >r 
CNT 

r =- 
THZ 

F2 
1 =+ 
TH1 

F1 
div 

mn= 

+% 

* 

II 

Let’s look at individual viewing strate- 
gies. In Figure 9a subject LA reveals a 
periodic “multiple scan” viewing strategy. 
The monotonic increasing peak of the first 
scan (the length of the bars increases stead- 
ily) shows a regular left-to-right, top-to- 
bottom perusal of the text. The subsequent 
low, flat area signifies concentration on 
comments. The next scan maintains the 
natural reading order but, more impor- 
tantly, begins to show some selectivity and 
stress on individual statements. Notice, for 
instance, the area “(right + left) div 2,” 
labeled as div. The tendency toward selec- 
tivity is particularly visible in the last scan. 

Although the order is still maintained, this 
scan shows a distinctly comparative ap- 
proach (short bars follow long ones and 
vice versa). 

Subject HB (Figure 9b) exhibits a pat- 
tern strikingly similar to that of LA. Again, 
the first linear scan is followed by a second 
scan that concentrates more on specific 
areas. The second half of the graph shows 
attention to comments interrupted by 
comparative excursions into the code. 

Subject HA efficiently used two distinct 
scan periods (Figure 9c). Little attention 
was paid to comments (only a few bars 
end at the heights (* A1 *), (* A2 *), and 

(* C3 *)). During the first scan more atten- 
tion was devoted to individual areas. The 
second scan shows a more comparative ap- 
proach. 

Subject LB is an extreme case of the 
“two scan” strategy; the scans are virtually 
identical (Figure 9d). 

Multiple scanning patterns were not 
used exclusively, however. Subject LC 
used a “single scan” strategy that concen- 
trated on individual areas and exhibited 
few comparisons with neighboring areas 
(Figure 9e). 

Subject LD used an extreme case of a 
“comparative” strategy (Figure 9f). The 
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Figure 10. For the graphic in Figure 1 (“15 bars”), both LE and HC concentrate on numbers: (a) LE’S eye movements; (b) 
LE’S scanning pattern; (c) HC’s eye movements; (d) HC’s scanning pattern. 

Figure 11. “15 bars.’’ (a) HB concentrates on numbers and scans the tops of bars; (b) LA’S pattern is similar to HB’s. 
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Figure 12. Both HB and LA used five times as many fixations for “15 bars,” which contains 17 number elements, as they 
did for “120 bars,” which contains only two number elements. (a) HB’s scanning pattern for “120 bars”; (b) HB’s scanning 
pattern for “15 bars”; (c) LA’s scanning pattern for “120 bars”; (d) LA’s scanning pattern for “15 bars.” 

natural order was no longer predominant, 
as comparison became the overriding 
scheme. Nevertheless, this strategy was 
purposeful rather than random, since the 
subject’s test scores demonstrated a per- 
fect understanding. 

Strategies for viewing graphics. Be- 
sides area/fixation graphs, analysis of gra- 
phical scenes used pupil concentration 
patterns showing all the fixations, each 
represented as a circle superimposed on 
the original slide. 

The slides were partitioned into areas 
according to their prominence (for ex- 
ample, highlighting) and their relevance to 
the interpretation of the algorithm. A natu- 
ral order for graphical areas is not obvious. 
After replaying eye movements and ana- 
lyzing total pupil concentration patterns 
(for example, Figure loa), we arranged the 

areas in the area/fixation charts in three 
groups: text related, numbers, and bars. 
Within each group the areas were ordered 
top to bottom, left to right. 

Analysis of total pupil concentration 
patterns and area/fixation graphs revealed 
that while most subjects barely looked at 
the numbers, a few concentrated on them. 

The one strategy common to both expe- 
rience groups is represented by subjects LE 
(Figures 10a and lob) and HC (Figures 1Oc 
and 10d). Both subjects concentrated on 
the numbers, particularly those under the 
highlighted graphical elements. These 
subjects were not interested in the tops of 
the bars on the right. 

The similarity between scanning pat- 
terns is further exemplified in the area/ 
fixation graphs (see Figures 10b and 10d). 
Both subjects first perused all areas of the 
picture and then concentrated on the num- 
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Figure 13. Algorithm areas viewed by high- and low-experience groups. 

tween highlighted graphic elements than 
did HB, who exhibited a very consistent 
pattern when viewing numbers. 

As the juxtaposition of Figures 12a and 
12b with Figures 12c and 12d shows, sub- 
jects HB and LA needed almost the same 
number of fixations for the two graphic 
slides. They both briefly perused the pic- 
ture “120 bars,’’ which contains only two 
number elements. Then they used five 
times as many fixations for the picture “15 
bars,” which contains 17 numbers (notice 
the 1.5 ratio in the length of Figure 12a 
versus 12b and Figure 12c versus 12d). 

Experience and focus on critical ar- 
eas. Program code contains areas of vary- 
ing complexity and importance. Portions 
of text in the Pascal version of the algo- 
rithm were classified as comments, com- 
parisons, complex statements, simple as- 
signments, or keywords, according to rat- 
ings by computer science faculty. The total 
fixation durations in each class for both 
low- and high-experience groups was 
computed to determine the influence of ex- 
perience on subjects’ attention to critical 
program areas. 

Comments vary in their difficulty level, 
but they give subjects basic information. 
Although comments  indicate the 
algorithm’s overall purpose, the state- 
ments and comparisons and their interrela- 
tions are indispensable for algorithm com- 
prehension. Comparison areas are decep- 
tive; although they seem easy to under- 
stand. it is hard to recall the direction of the 

comparison operator. Complex statements 
provide the most information about algo- 
rithm details. While simple assignments 
are statements of moderate complexity, 
they are essential to comprehension of the 
algorithm, as they provide the necessary 
contextual information. Keywords in Pas- 
cal such as “begin” and “end” are predict- 
able and provide little semantic informa- 
tion; therefore, they can be considered the 
least important area of the program. 

Figure 13 compares the low- and high- 
experience groups’ attention to the five 
classes of program areas. It shows the 
average percentage of fixation time spent 
on eachclass. (**means significant differ- 
ence with probability p IO.01, and * with 
p 5 0.05. It is generally accepted that if the 
difference is significant with probability p 
S 0.05 or less, we can be confident that the 
difference between the two values is not 
due to chance.) 

As anticipated, keywords and simple 
statements did not attract much attention, 
and the reading time in these areas was not 
significantly different for the two experi- 
ence groups. The comment areas received 
the most attention from both groups. The 
reading did, however, depend on experi- 
ence: The low-experience group spent sig- 
nificantly more time reading the com- 
ments. Experience was also a predictor for 
viewing the comparison areas. Again, the 
low-experience group perused these areas 
significantly longer than did the high-ex- 
perience group. 

The greatest and most significant differ- 
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Figure 14. Percentage of time spent 
viewing “left=right+2.” 

ence @ < 0.001) in viewing time between 
the two experience groups occurred in the 
complex statements. The high-experience 
group devoted 68 percent more fixations to 
these areas than did the low-experience 
group. 

The perception that experienced sub- 
jects concentrate on complex statements 
was further strengthened by our analysis of 
the most complex area of the binary search 
algorithm. The statement “1 = r + 2” was 
considerably more complex than versions 
commonly encountered, a s  it used a 
Boolean assignment to condense informa- 
tion usually found in an entire “if-then- 
else” construct (for instance, the less ob- 
tuse but inefficient version “if left = right + 
2 then found := true else found := false”). 

Two months before the experiment, in 
the CS2 course, the low-experience group 
was taught two versions of the binary 
search algorithm, including the “1 = r + 2” 
version. The high-experience group had 
more exposure to several variations of the 
algorithm throughout the curriculum. As 
Figure 14 clearly demonstrates, with the 
exception of two outliers all subjects in the 
high-experience group had higher average 
fixation duration in “1 = r + 2” than all 
subjects in the low-experience group. 
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(Differences between experience groups 
were significant, with p I 0.01.) These 
results confirm in detail that with increas- 
ing experience, subjects learn to discover 
and focus on the key areas of information, 
as suggested by research in program com- 
prehension (see sidebar on program com- 
prehension). 

Discussion 

All subjects in our experiment needed 
numerous fixations in most areas of the 
algorithm and spent more time viewing 
relevant slide areas than did subjects in 
studies using simple text. ‘I hi5 phenome- 
non is consistent with other studies using 
complex material. We conclude that view- 
ing strategies for algorithms indeed differ 
from those for prose. 

Moreover, our analysis revealed strik- 
ing correspondence between subsequent 
eye fixations and the relevant sequence of 
attention focus, suggesting the validity of 
the immediacy and eye-mind assumptions 
in correctly modeling the reading of com- 
plex, abstract material. 

Dynamic analysis of eye movement 
revealed a wide variety of scanning pat- 
terns for subjects viewing both text and 
graphics. While reading Pascal text, sub- 
jects showed varied strategies regarding 
the attention devoted to comments and to 
code. On the average, subjects in the low- 
experience group devoted significantly 
more attention to comments than did those 
in the high-experience group. Neverthe- 
less, we found code-oriented and com- 
ment-oriented subjects in both groups. 

When viewing time for graphics slides 
with two number elements was contrasted 
with viewing time for graphics containing 
several numbers, we found a category of 
subjects who used five times more fixa- 
tions on the slide with several numbers. 
Again, those subjects were found in both 
experience groups. 

Using the natural left-to-right and top- 
to-bottom ordering of the slide areas, we 
identified distinct classes of scanning pat- 
terns. The patterns vary in number and 
length of scan periods, as well as in the 
frequency and duration of comparisons. 
Moreover, a similar distribution of total 
fixation points was detected. 

The classes of scanning patterns tran- 
scended the experience levels. The two 
subjects whose patterns were most similar 
for scanning both text and graphics be- 
longed to opposite experience groups. The 

wide variety of scanning patterns suggests 
a broad spectrum of cognitive styles. 
However, our results show that the classi- 
fication of scanning patterns does not fol- 
low the common categorization along the 
dimension of experience. 

Experience does, however, influence 
viewing strategies with respect to alloca- 
tion of reading time. Highly experienced 
subjects recognize and spend more time 
concentrating on meaningful areas. 

hile existing literature reports 
a great variety of scanning W patterns, we did not anticipate 

being able to classify them. Such classifi- 

cation should be the focus of further funda- 
mental studies that would provide a basis 
for tailoring the presentation of material to 
users’ characteristics. 

Currently, we are relating viewing 
strategies to other characteristics of sub- 
jects - for example, comprehension and 
cognitike styles. Moreover, we designed 
follow-up experiments that contrast the 
reading of (1) simple stories versus Eng- 
lish versions of procedural text, and (2) 
procedural versus natural-language forms 
of nested if-then-else rules. These experi- 
ments will help us further refine the analy- 
sis of individual strategies, classify them, 
and separate the influence of language for- 
malism from that of semantic content. m 
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