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Abstract 

Prior empirical studies of programming have shown that novice programmers tend to program by exploration, 

relying on frequent compilation and execution of their code in order to make progress.  One way a programming 

environment might facilitate this exploratory programming process is to support a “live” editing model, in which 

immediate feedback on a program’s syntactic and semantic correctness is provided automatically at edit-time.  

Notice that the notion of “liveness” actually encompasses two distinct dimensions:  (a) the amount of time a 

programmer must wait between editing a program and receiving syntactic and semantic feedback (feedback delay); 

and (b) whether such feedback is provided automatically, or whether the programmer must explicitly request it 

(feedback self-selection). While a few prior empirical studies of “live” editing do exist, none has specifically 

evaluated the impact of these dimensions of “live” editing within the context of the imperative programming 

paradigm commonly taught in first-semester computer science courses. As a preliminary step toward that end, we 

conducted an experimental study that investigated the impact of feedback self-selection on novice imperative 

programming. Our within-subjects design compared the impact of three different levels of feedback self-selection 

on syntactic and semantic correctness: (a) no syntactic or semantic feedback at all (the No Feedback treatment); (b) 

syntactic and visual semantic feedback immediately provided on request when a “run” button is hit (the Self-Select 

treatment); and (c) syntactic and visual semantic feedback immediately provided on every keystroke (the Automatic 

treatment).  The Automatic and Self-Select treatments yielded programs that had significantly fewer syntactic and 

semantic errors than those of the No Feedback treatment; however, no significant differences were found between 

the Automatic and Self-Select treatments. These results suggest that, at least within the context of novice imperative 

programming, the value of “liveness,” if there is any, may stem from minimal feedback delay.   
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1. Introduction 

Computer programming environments differ with respect to the times at which, and the delay with which, they 

furnish syntactic and semantic feedback to programmers.  For example, in the case of a traditional text editor 

coupled with a compiler, the programmer must explicitly request syntactic feedback by executing the compiler. 

Likewise, the programmer must explicitly request semantic feedback by executing the program itself.  This 

traditional edit-compile-execute cycle introduces a potentially substantial delay between the time a program is 

edited, and the time feedback on that program is obtained.  

Through their support of syntax highlighting and pop-up menus containing lists of valid next tokens, modern 

imperative programming environments such as Eclipse® and Visual Studio® narrow the gap between program 

editing and syntactic feedback. Imperative programming environments geared toward novices go even further by 

providing visual semantic feedback on program execution (see, e.g.,[1, 2]) and program structure (see, e.g.,[3, 4]); 

however, because compiled languages underlie most of these environments, they still require programmers to 

explicitly run a program in order to receive semantic feedback.   

Because they are able to execute code on the fly, a large number of modern programming environments are 

able to eliminate the gap between program editing and semantic feedback that is common in imperative 

programming environments. For example, interpreted languages such as Python [5] and Scheme [6] are able to 

execute on a line-by-line basis, thus providing semantic feedback at edit-time. Similarly, in declarative 

programming environments such as Forms/3 [7], all formulas are automatically recalculated whenever a formula is 

changed. Thus, users are provided with instantaneous syntactic and semantic feedback at edit-time.  

Over a decade ago, Tanimoto [8] introduced the notion of “liveness” in order to characterize the level of 

responsiveness of a programming environment to the programmer’s edits.  According to Tanimoto’s “liveness” 

spectrum, the least “live” programming environments are those that do not support program execution at all. In 

contrast, the most “live” programming environments are those that allow a program to be edited while it is 

executing, with any changes immediately reflected in the execution.  Notice that Tanimoto’s notion of programming 

environment “liveness” actually encompasses two distinct dimensions:   

(a) the amount of time a programmer must wait between editing a program and receiving syntactic and 

semantic feedback (feedback delay); and  
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(b) whether such feedback is provided automatically, or whether the programmer must explicitly request it 

(feedback self-selection).  

While a few prior empirical studies of the impact of programming environment “liveness” on programming do 

exist, it is noteworthy that no previous studies have specifically evaluated the impact of the above dimensions of 

“liveness” within the context of novices first learning the imperative programming paradigm commonly taught in 

college computer science courses. The following research question thus arises:   

Research Question: What is the impact of feedback delay and feedback self-selection on novice 

programming? 

 

Three well-known models and theories of human-computer interaction—Norman’s seven stages of action 

model [9], Shneiderman’s principle of direct manipulation [10], and Green and Petre’s ‘cognitive dimension’ of 

progressive evaluation [11]—all reach a similar conclusion with respect to the value of automatic, continuous 

feedback on task performance:  In order for  users to be successful, they must be able to continuously evaluate their 

progress toward their goals.  Hence, a programming environment with continuously updated (automatic) feedback 

ought to promote more accurate programming than one that does not provide continuously updated feedback. This 

suggests the following hypothesis: 

H1: Continuous edit-time feedback will promote the development of programs that are more correct than 

those promoted by feedback that is provided only on request. 

 

In contrast, based on educational psychology’s cognitive load theory (see, e.g., [12]), one might posit that 

automatic feedback may not have any advantages over on-request feedback in a programming task. Notice that, in 

order to benefit from automatic feedback during the act of programming, the programmer must mentally integrate 

that feedback with the evolving algorithm source code. According to cognitive load theory, such integration 

imposes a potentially substantial extraneous cognitive load.  Compounding this extraneous cognitive load  is the 

intrinsic cognitive load brought about by the programmer’s need to shift from the local editing context (a line of 

code) to a more global context (the programming plan [13] of which the current line is a part) in order to make 

sense of semantic feedback. This line of reasoning suggests the following opposing hypothesis:  
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H2:  Automatic feedback will promote the development of programs that are equally as correct as the 

programs promoted by feedback that is provided on request.   

 In addition to helping to resolve the dilemma raised by these opposing hypotheses, experimental studies of 

novice programming environment “liveness” are needed to guide the future evolution of novice programming 

environments, which have chosen to adopt features that support increasing levels of “liveness,” in spite of the 

absence of any empirical evidence of its benefits.    

As an initial step toward these ends, this article presents an experimental study that systematically investigated 

the impact of one dimension of programming environment “liveness”—syntactic and semantic feedback self-

selection— on novice programming performance. Our experiment adopted a within-subjects design that compared 

three different levels of syntactic and semantic feedback:  

(a)  no syntactic or semantic feedback at all (the No Feedback treatment);  

(b)  syntactic and visual semantic feedback provided on demand when a “run” button is hit (the Self-Select 

treatment); and  

(c)  syntactic and visual semantic feedback updated on every keystroke (the Automatic treatment).   

We found that the Self-Select and Automatic treatments promoted the development of programs with 

significantly fewer syntactic and semantic errors than those promoted by the No Feedback treatment.  However, we 

found no significant differences between the Self-Select and Automatic treatments with respect to either syntactic or 

semantic correctness. We must therefore conclude that, within the context of novice imperative programming tasks, 

the benefits of “liveness,” if there are any, stem from minimal feedback delay.  

The remainder of this article is organized as follows. In Section 2, we review related work. Section 3 details the 

design and methods of our experiment, while Sections 4 and 5 present and discuss our results.  We conclude, in 

Section 6, by summarizing our findings, considering their implications for programming environment design, and 

identifying directions for future research.  

2. Related Work 

As noted above, a great deal of past research has been concerned with the development of novel programming 

environment interfaces that enable programmers to complete tasks more quickly and efficiently than they can with 

conventional text editors coupled with compilers.  Dating from the late 1970s, one line of this research has explored 
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the idea of structure editors (e.g., [14-16], which prevent syntax errors by providing an interface through which 

programmers can edit a program’s syntax tree directly. Insofar as it explores user interface mechanisms for enabling 

users to create syntactically correct programs more quickly, this line of work marginally relates to our interest in the 

issue of feedback self-selection. However, very little of this work (cf. [17]) has been rooted in, or subjected to, 

empirical studies, making it difficult to draw definitive conclusions on the efficacy of its approach.   

Within the general area of human-computer interaction, much research has explored the question of how 

software can best provide feedback to the user.  Notice that answers to this question might address at least three 

different aspects of feedback, the last two of which are embodied in Tanimoto’s [8] notion of “liveness”:  

(1) Feedback content—What particular information do users need in order to make progress toward their goals 

at a particular point in a task sequence? 

(2) Feedback delay—How quickly do users need feedback in order to perform tasks quickly and accurately? 

(3) Feedback self-selection— Should the software provide feedback automatically and continuously, or only 

when the user requests it?  

In the remainder of this section, we review related empirical studies that considered each of these three aspects 

of feedback.  

2.1 Feedback Content Studies 

Clearly, “live” feedback will be of little value if users cannot meaningfully interpret it to identify and recover 

from errors, confirm successes, and ultimately make progress toward their goals. Several studies of novice 

programming have shed light on the content of effective textual feedback messages. In a study of a Lisp intelligent 

tutoring system, Corbett and Anderson [18] compared feedback messages that explained why a piece of code was 

incorrect against feedback messages that simply reported that an error had occurred. The results showed that 

students who received explanatory feedback made significantly fewer intermediate programming errors, although 

there were no significant differences with respect to final code correctness or time-on-task.  

 In a similar vein, Shneiderman [19] considered the impact of differing COBOL error messages on novice 

programming performance in a series of six studies. A general result of Shneiderman’s studies was that specific 

error messages that explained how to fix the problem not only improved error recovery rates, but also garnered 

higher subjective ratings.  
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While the syntactic feedback in our study was textual, the semantic feedback provided by the programming 

environments used in our study came in the form of visualizations of program variables and arrays. These 

visualizations corresponded to the state of the algorithm at the current execution point, marked by an arrow in an 

algorithm source code window. Prior research into the use of complementary textual  and pictorial representations 

as learning aids (such as the code and visualization windows in our study’s programming environments) has shown 

that learners may have trouble benefiting from these multiple representations unless they are able to integrate the 

two representations into a coherent mental model (see, e.g., [20, 21]). According to one line of empirical research, 

requiring learners to actively draw connections between multiple representations before actually using those 

representations as learning aids can help learners to integrate the representations, leading to better learning 

outcomes [22].  

2.2 Feedback Delay Studies 

The majority of computer feedback studies have focused on the issue of how long a computer system should 

take to provide feedback on user actions. Reviewed in chapter 10 of [23], this corpus of studies has yielded 

somewhat inconsistent results. In complex problem-solving tasks, users were capable of adapting their work 

strategies to the rate of feedback. However, there was no clear benefit to shorter feedback delay times with respect 

to both task efficiency and accuracy. For example, two different studies of  complex problem solving tasks (matrix 

multiplication and statistics) [24, 25] found that feedback delay times that ranged from as low as 0.1 seconds to as 

high as 64 seconds resulted in no differences with respect to the time participants needed to produce correct 

solutions. In a study of circuit layout tasks by Barber and Lucas [26], however, a feedback delay “sweet spot” of 12 

seconds was found, even though participants subjectively preferred shorter feedback delays. 

A key difference between the study presented here and this line of studies is that we considered novice 

performance, whereas these prior studies considered expert performance. In addition, in contrast to these prior 

studies, the feedback delay in the two feedback treatments in our study was fixed; it was set to be essentially 

instantaneous.  Thus, while the results of this prior line of work might predict user satisfaction to be equally high in 

both of our feedback treatments, this prior line of work cannot make any predictions regarding user performance.  

Building on these prior studies of feedback delay, a more recent study by Wilcox et al. [27] shares our study’s 

goal of explicitly investigating of the impact of programming environment “liveness” on task performance. In the 
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Wilcox et al. study, senior-level computer science students performed two debugging tasks using “live” and “non-

live” versions of a (declarative) spreadsheet environment [7]. The “live” version provided syntactic and semantic 

feedback immediately after a cell was edited and dismissed, whereas the “non-live” version provided syntactic and 

semantic feedback 90 seconds after it was explicitly requested with a press of a “run” button.  The study found that 

the average number of bugs corrected with the help of each alternative environment varied by problem, with the 

“live” environment yielding a significant advantage for one of the problems. A follow-up analysis of the study data 

by Cook et al. [28] found that, with respect to those bugs that were ultimately corrected, participants in the “live” 

condition performed the correction significantly faster than did participants in the “non-live” condition.   

The study presented here differs from that of Wilcox et al. in four key respects.  First, our study focused on 

novice programming activity, as opposed to the more expert programming activity of senior-level computer science 

students. Second, whereas the Wilcox et al. study looked at declarative (spreadsheet) programming, our study 

considered the kind of imperative programming that students typically learn in an introductory computer science 

course.  Third, we believe a potential confound in the Wilcox et al. study was the fact that its two experimental 

conditions actually varied with respect to two separate factors: feedback delay (“live”—0 seconds; “non-live”—90 

seconds) and feedback self-selection ( “live”—no; “non-live”—yes). Our study attempted to disentangle these two 

factors by fixing feedback delay and varying feedback self-selection. Fourth, and perhaps most notable, our study 

investigated the impact of “liveness” on writing a program from scratch, as opposed to debugging a program that 

has already been written and deliberately injected with bugs.   

This fourth difference can be seen as a key extension to this previous work. Indeed, in their own discussion of 

their results, Wilcox et al. point out that an “as-yet open question is whether “liveness” helps keep the bugs out 

during initial program construction” (p. 264); they go on to identify this question as “one for which many 

developers have strong intuitions that need to be either debunked or verified” (p. 264).   

2.3 Feedback Self-Selection Studies 

Besides the study presented here, we are aware of only one other series of studies that has examined the 

benefits of providing feedback automatically versus only on request.  As part of a large body of studies of  various 

versions of the Lisp Intelligent Tutoring System, Corbett and Anderson considered, in two separate studies [29, 30], 

the question of feedback timing: Should feedback always appear whenever an error is detected or the learner 
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appears to be struggling, or should feedback appear only when the learner explicitly requests it? In both of these 

studies, no differences in programming accuracy were detected between a treatment group that obtained feedback 

only on request, and a treatment group that automatically received feedback whenever the system detected that the 

user was struggling, or whenever an error was detected.  However, the treatment group that received automatic 

feedback performed programming tasks significantly faster. 

 Like the studies of Corbett and Anderson, the study presented here focused on the impact of feedback self 

selection on novice programming. There are, however, two notable differences between Corbett and Anderson’s 

studies and our study. First, our study considered programming in a simple imperative pseudocode-like language, 

rather than the functional Lisp language. Second, unlike the intelligent tutoring system considered by Corbett and 

Anderson, our experimental software was merely a programming environment; it was not a tutor. Thus, it was 

unable to provide feedback that guided the user’s programming efforts according to a hierarchical plan of 

programming goals; it was unable to provide feedback when it sensed that the user was struggling; and it was 

unable to provide feedback that prevented the user from straying from an ideal solution. Clearly, an ability to 

provide these three forms of feedback places an intelligent tutoring system on unequal footing with a novice 

programming environment. It is therefore difficult to make predictions about the results of our study based on 

Corbett and Anderson’s results.   

3. Design and Methods 

The main objective of the experiment presented here was to investigate systematically the impact of feedback 

self-selection on novice programming performance within the imperative programming paradigm commonly taught 

in college computer science courses.  To that end, we adopted a single-factor within-subjects design in which each 

participant was exposed to all of the following three levels of the feedback self-selection independent variable: 

1. No feedback. This is akin to asking someone (a) to write a program in a text editor or with pen and 

paper, and then (b) to mentally simulate the program on a sample input data set. Because it promotes 

active mental simulation of program execution, such an exercise may well have pedagogical benefits; 

however, it also requires that the programmer have, a priori, a serviceable mental model of program 

execution—an ambitious expectation for novices just learning to program. Although novice 
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programmers may only seldom program in this way, we included this level of feedback immediacy as a 

control treatment against which to compare the other levels of feedback self-selection. 

2. Self-Select feedback.  The user must explicitly request syntactic and semantic feedback. This is the 

normal state of affairs in novice programming and visualization environments such as ALICE [1], Jeliot 

[2], BlueJ [3], and Raptor [4]. Although some of these environments do support automatic feedback on 

syntactic correctness, programmers must still explicitly hit a run button in order to obtain visual 

execution feedback.  

3. Automatic feedback.  While common in declarative programming environments, this is a level of 

feedback that, because it poses implementation challenges, is rare in imperative programming 

environments.  On every keystroke, an environment supporting automatic feedback re-evaluates the 

program. If a syntax error is present, that error is reported in a pop-up tooltip. Otherwise, a visual 

representation of the program, which provides semantic feedback on its execution state, is automatically 

updated to reflect the current state of the program.   

It is important to note two points with regard to this design. First, in the Self-Select and Automatic treatments, 

we held the other dimension of “liveness,” feedback delay, constant at essentially 0 seconds: Users received 

feedback immediately after they hit the run button or typed a keystroke. (Processing requirements actually incurred 

a delay of up to one tenth of a second, but this was not noticeable in practice.) Second, while it would certainly be 

possible for a programming environment to support a level of syntactic feedback self-selection that differed from its 

level of semantic feedback self-selection, our experiment considered only three possible combinations: those in 

which syntactic and semantic feedback were provided at the same level.  Our reasoning was that these three 

combinations were most likely to occur in practice, and that they best embodied the feedback differences whose 

effects we wanted to measure.  

To measure differences between these different levels of feedback self-selection, we defined two primary 

dependent variables: 

1. Semantic correctness—The percentage of semantic components from an “ideal” solution that are 

included in a program solution. 

2. Syntactic correctness—The percentage of statements in a program solution that are syntactically 

correct. 
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Given that time on task proved to vary significantly in the prior feedback self-selection studies of Corbett and 

Anderson [29, 30], one might wonder why our design did not include task completion time as a dependent measure. 

In a large “pilot” version of this study, we asked participants to complete tasks as quickly as possible without 

sacrificing accuracy, and we put no restriction on the amount of time they could spend on a given task. It turned out 

that this led to a mortality confound: participants in the two feedback treatments dropped out at higher rates than 

participants in the no feedback treatment, because they tended to spend so much time on early tasks that they could 

not get to later ones.  In order to avoid this confound, we opted, in this study, to fix time on task and measure 

accuracy alone.  

3.1 Participants 

Our participants were drawn from the fall, 2005 offering of CS 121 (“Program Design and Development”), the 

introductory computer science course at Washington State University. The course took an “algorithms-first” 

approach to teaching computer science. In the two weeks of instruction prior to the study, students explored 

algorithms and algorithmic problem solving using general pseudocode. Some 150 students, mostly freshmen and 

sophomores, were enrolled in the course. 

We ran the study as part of the regularly-scheduled three-hour lab sessions that took place in the third week of 

the course.  Students received course credit for participating in the study sessions. However, we did not collect data 

on every student who participated in the labs. Two factors influenced whether a given student was included in the 

study. First, we used a background questionnaire to screen students for prior programming experience. Students 

who self-reported any prior programming experience were excluded from the study. Second, by signing an informed 

consent form, students were given the option of allowing videos of their programming activities (not analyzed here), 

along with their final code solutions, to be collected and analyzed for the purposes of this study.  

In the end, we identified 57 students (52 males and 5 females; mean age 19.8 years) in the course who were 

both eligible (because they had no prior programming experience) and willing (because they signed the informed 

consent form) to participate in the study.  

3.2 Materials and Tasks 

All participants worked on Pentium IV computers running the Windows XP operating system. Equipped with 

mice and keyboards, the computers had 1 GB of RAM and either a 15 or 18 inch LCD color display set to a 
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resolution of 1024 × 768. Participants completed three roughly equivalent programming tasks with the help of three 

different programming environments, each of which supported one of the three levels of our feedback self-selection 

variable. Below, we describe the three alternative programming environments used by participants, the training 

materials they received, and the programming tasks they completed.  

3.2.1 Programming Environments 

The programming environments used in the three experimental treatments of this study were derived from the 

ALVIS Live! algorithm visualization and programming environment [31]. The ALVIS Live! environment supports 

programming in SALSA, an interpreted “mini language”[32] with a pseudocode-like syntax.  Table 1 summarizes 

the SALSA language’s nine valid commands, which were designed specifically to support single-procedure, array-

iterative algorithms.  

Figure 1 presents the version of ALVIS Live! used by participants in the Automatic condition. In this version of 

ALVIS Live!, the user directly types SALSA commands into the Script Window on the left.  The focal point of the 

environment is the green Execution Arrow, which marks the line of code that was most recently executed, and that 

is currently being edited. On every keystroke, that line of code is re-executed. Syntactic feedback appears in a pop-

up tooltip just below the line of code currently being edited (see Figure 2). Likewise, up-to-the-keystroke visual 

semantic feedback, in the form of a graphical depiction of the code’s variables, arrays, and data movements, appears 

within the Animation Window on the right.  

In order to facilitate automatic feedback, the execution arrow, which can also be moved around with the 

Execution Controls, follows the editing caret around in the Script Window. Thus, whenever the programmer moves 

the caret to a new line, the script is automatically executed (either forwards or backwards) to that point, and the 

visual representation of the program displayed in the Animation Window is updated accordingly. This “execution-

follows-the-caret” behavior thus provides, on an edit-by-edit basis, dynamic syntactic and semantic feedback on the 

programmer’s coding efforts. 

Figure 3 presents a snapshot of the modified version of ALVIS Live! used by participants in the Self-Select 

condition. As with the version of ALVIS Live! used in the Immediate condition, users directly type commands into 

the Script Editor of this version of the software; however, they do not immediately see the results of those 

commands. Rather, they must press either the “step forward” (the blue single-arrow button in the Execution 
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Controls; see Figure 3) or “execute forward” (the blue double-arrow button in the Execution Controls; see Figure 3) 

in order to “compile” and “execute” their code. When one of those buttons is pressed, the script is “background 

executed” to ensure that it is syntactically correct. If syntax errors are detected, an Error Window, which appears 

below the Script Window (see Figure 4 for an example), reports a full list of those syntax errors. Otherwise, the text 

in the Script Window changes from plain text to syntax-highlighted text, and users enter “execution” mode, in 

which it is possible to execute the script forwards and backwards using the execution controls (just as is the case in 

the Automatic condition; see Figure 1). If users attempt to make an edit within “execution” mode, a dialog box 

appears asking them to confirm that they want to leave “execution” mode in order to make further edits to the script  

(see Figure 5). 

Figure 6 presents a snapshot of the greatly stripped-down version of ALVIS Live! used by participants in the 

No Feedback condition. In fact, this version of ALVIS Live! is nothing more than a text editor; all of the code 

execution and visualization features are turned off. Users interact with this version of the software simply by typing 

commands into the window. Their commands, which appear in plain (unhighlighted) text, cannot be executed.  

 

3.2.2 Training Materials 

Prior to each task, participants completed a 10-minute tutorial that introduced them to the particular version of 

the ALVIS Live! environment that they would be using.  The tutorial walked participants through a task in which 

they constructed and debugged a simple “Find Max” algorithm, which was similar to the algorithms they would 

subsequently write in the programming tasks.  Upon completion of the tutorial, participants were given a one-page 

SALSA quick-reference guide containing a summary of each SALSA command. Participants were allowed to use 

the quick-reference guide throughout the programming tasks. 

3.2.3 Programming Tasks 

All participants completed the same three programming tasks: compute sum, replace zeroes, and reverse list 

(see Table 2). Notice that all of the tasks involved creating, populating, and iterating over one or more arrays. The 

main difference among the tasks lay in the manner in which array elements had to be processed.  In the first task, 

array elements had to be summed. In the second task, all 0-valued array elements had to be replaced with the value -
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1. In the third task, array elements had to be reversed through the use of a second array. Note that the task 

instructions emphasized that correct solutions had to be able to handle arrays of varying size.  

Because we adopted a within-subjects design, we needed to ensure that the study tasks were equivalent in terms 

of difficulty. In order to do this, we created an “ideal” solution to each problem, and identified a set of essential 

semantic components embodied by each solution. Each semantic component corresponded either to a key line of 

code (e.g., creating an array), or to a property that a correct solution should possess (e.g., the loop should visit each 

array element). Our ideal compute sum algorithm had 11 semantic components, whereas our ideal replace zeroes 

and reverse list solutions had 13 semantic components.  As we shall illustrate in the following section, a post-hoc 

statistical analysis revealed that task difficulty did not contribute to the effects we observed, thus confirming that the 

three tasks were sufficiently equivalent. 

3.3 Procedure 

In order to counterbalance treatment order, we randomly assigned participants to one of six possible treatment 

orders prior to running the study (see Table 3).  Ideally, we would have also counterbalanced the order in which 

participants completed the three tasks (giving us 6 × 6 = 36 possible task-treatment orders). However, practical 

constraints made task counterbalancing infeasible. In particular, because we ran the study within five regularly-

scheduled computer science labs, we were forced to run participants in groups of 10 to 12. In order to maximize the 

possibility that participants read and understood the tasks, we felt it was important to read the task instructions aloud 

to the groups of participants. This meant that all participants had to complete the study tasks in the same order.  

While we readily admit that this design flaw could have produced a confounding order or carryover effect, we 

confirmed through a post hoc statistical analysis (see the next section) that there was no significant sequence effects. 

The general procedure for a given lab section was as follows. Prior to their lab section, participants completed a 

background questionnaire and informed consent form. Upon arriving at their lab section, participants were given an 

instruction packet corresponding to the treatment order to which they were assigned.  Once all participants in a 

given lab section were seated, the experimenter read aloud a set of general instructions as participants followed 

along. Following that, participants completed the three study tasks in the same order, Prior to working on each task, 

participants were first given 10 minutes to work through, on their own, a tutorial that covered the experimental 

version of the software with which they were to complete the task; we then read aloud the instructions for the task. 
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Based on a pilot study, participants were given 40 minutes to complete the first task, and 35 minutes to complete 

each of the final two tasks. They were asked to complete the tasks as accurately as they could within the allotted 

time, and to use any extra time they had to go back and verify the correctness of their code. Students saved their 

code solutions to their local hard drives.   

3.4 Code Solution Scoring Methods 

To evaluate the syntactic correctness of participants’ code, we developed a computer program that calculated 

the percentage of syntactically correct lines in a solution. We ran all participants’ code through this program to 

automatically calculate the percentage of lines that were syntactically correct. 

To evaluate the semantic correctness of participants’ solutions, we checked them against the sets of semantic 

components in the ideal solutions we developed.  Most semantic components corresponded to a single line of 

SALSA code. The exceptions were those components that handled the iterative aspects of the algorithm; such 

components were distributed over multiple statements within and including a while statement.  As mentioned above, 

there were 11 semantic components in our Task 1 solution, and 13 semantic components in our Task 2 and Task 3 

solutions.   

Consistent with the strategy that college instructors often use to grade exams, we wanted to give credit to a 

solution component that was syntactically incorrect, but that captured the essence of a semantic component. To 

enable us to apply such a lenient grading policy consistently, we developed a detailed grading strategy, the essence 

of which can be summarized by the following three rules: 

1. If a semantic component is internally correct, but, because of errors in the code, it is never reached, it is 

still counted as correct.  

2.   If minor syntactic changes will correct a semantic component, then it is counted as correct.  

3.   If a component is broken simply because a previous component is broken, but it would otherwise be 

correct, then that component is correct.  

In order to ensure that our system for grading semantic correctness was reliable, we had two independent 

graders score 20 percent of participants’ code solutions according to a more detailed version of the grading strategy 

outlined above. The two graders achieved an average level of agreement of 95% across all three tasks. We thus 

concluded that our grading rules were sufficiently reliable, and had a single grader score the remaining 80% of the 



 16

code solutions.  Note that, for the purpose of the statistical analyses presented in the next section, all scores were 

converted to percentages correct. 

4. Results 

Table 4 presents, by treatment, the mean percentage of syntactically correct lines, and the mean percentage of 

correct semantic components. Figure 7 contains box plots of the data by treatment, whereas Figure 8 contains box 

plots of the data by treatment order. Inspection of these data suggests that the two experimental treatments had a 

clear advantage over the No Feedback treatment with respect to both syntactic and semantic correctness, and that no 

particular treatment order appeared to be advantageous. However, given that we counterbalanced treatment order 

but not task order (formally called a “crossover” design), we had to be careful, in our statistical analysis of the data, 

to ensure that any measured differences were due to the treatment effect, and not to possible task sequence effects, 

or to possible carryover effects from a given task-treatment combination.  

To measure such effects alongside treatment effects, we first used normal probability plots, and plots of 

residuals to predicted values, to verify that our data met assumptions of normality and equal variance. We then ran a 

general linear model analysis of variance (ANOVA) for our crossover design.  The analysis found no task sequence 

effects or carryover effects with respect to either syntactic correctness (sequence: df = 5, F = 0.44, p = 0.8217; 

carryover: df = 2, F = 1.73, p = 0.1827) or semantic correctness (sequence: df = 5, F = 0.48, p = 0.7914; carryover: 

df = 2, F = 0.54, p = 0.5823). However, the ANOVA did find a significant treatment effect with respect to both 

syntactic correctness (df = 2, F = 29.15, p < 0.0001) and semantic correctness (df = 2, F = 8.07, p = 0.0005).  Post-

hoc Tukey-Kramer tests indicated that the differences lay between the Self-Select treatment and the No Feedback 

treatment (syntactic correctness: p < 0.0001; semantic correctness: p = 0.0004) and between the Automatic and No 

Feedback treatment (syntactic correctness: p < 0.0001; semantic correctness: p = 0.0321); however, no differences 

were detected between the Automatic and Self-Select treatments (syntactic correctness: p = 0.9776; semantic 

correctness: p = 0.3620).  

Notably, our ANOVA also detected a marginally significant subject (sequence) effect with respect to syntactic 

correctness  (df = 51, F = 1.41, p = 0.072), and a significant subject (sequence) effect with respect to semantic 

correctness (df = 51, F = 8.62, p < 0.0001). This latter result well reflects the wide variance typically seen in novice 
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performance, and underscores the importance of employing within-subjects designs in studies of novice 

programming.  

In sum, our results showed that, while the two feedback treatments yielded significantly better syntactic and 

semantic correctness than the No Feedback treatment, the two feedback treatments did not differ significantly from 

each other.  Through post-hoc statistical tests, we confirmed that the observed effects were due to treatment, and not 

to task order, thus putting to rest any concern that our failure to counterbalance task order impacted our result. 

Finally, we also detected a significant subject effect, indicating that participants’ task performances differed 

substantially from one another. 

5. Discussion 

Having learned valuable lessons from previously running a between-subjects “pilot” version of this experiment, 

we felt reasonably confident in the design of this experiment. We can cite only four possible concerns: 

(a) the possibility that we introduced an order confound by not varying task order in addition to treatment 

order;  

(b) the possibility that the three experimental tasks were not sufficiently isomorphic, which might lead to a 

task confound; 

(c) the possibility that participants could not meaningfully interpret our textual syntactic feedback ; and 

(d) the possibility that participants were unable to benefit from the visual semantic feedback because of an 

inability to integrate the code and visualization views  into a coherent mental model (see, e.g., [20, 21]). 

 However, as our post-hoc statistical analysis showed, neither concern (a) nor (b) manifested itself in our 

results. Indeed, our general linear model ANOVA ruled out order, task, and carryover effects, and found that the 

only significant effects were attributable to treatment and subject, the latter of which was successfully handled by 

our within-subjects design. With respect to concern (c), while we cannot say for certain that all participants were 

able to take full advantage of our syntactic feedback messages, we made those messages as specific as possible, and 

made sure to offer specific suggestions for how to fix the errors, in accordance with Shneiderman’s prior research 

on the design of textual feedback [19]. Finally, to address concern (d),  we included a tutorial in the study that 

familiarized participants with the relationship between the code and visualization windows; however, our study did 

not contain the kind of active integration task recommended by prior research [22], so we cannot fully rule out the 
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possibility that at least some of our study participants may have failed to comprehend the connections between our 

semantic feedback (variable and data structure visualizations) and the algorithm source code of their solutions. 

Given the apparent absence of confounding factors in our results, it appears that we can take our results at face 

value. In practical terms, these results suggest the following: 

• As long as the feedback is delivered instantaneously, automatic and self-selected feedback both yield a 

significant improvement in syntactic and semantic accuracy, as compared to no feedback at all.   

• As long as the feedback is delivered instantaneously, both automatic and self-selected feedback are not 

significantly different from each other. 

It is important to emphasize that our study considered just one particular set of tasks, one particular novice 

programming environment, and one particular form of syntactic feedback and semantic feedback. Thus, one must 

exercise extreme caution in any attempt to generalize the above findings beyond this set of particulars; clearly, there 

is no guarantee that these results will hold under different conditions. 

Given our results, we must reject the first of our original hypotheses (H1), which predicted that automatic 

feedback would yield higher accuracy than self-selected feedback. Recall that H1 was inspired by three well-known 

models and principles of human-computer interaction: Norman’s seven stages of action model [9], Shneiderman’s 

principle of direct manipulation [10], and Green and Petre’s ‘cognitive dimension’ of progressive evaluation [11]. 

All of these suggest that continuous feedback would be superior because it would better help users to detect and 

repair errors, evaluate progress toward their goals, and ultimately converge on those goals. However, in contrast to 

these models and principles, our results suggest that, at least within the context of novice programming, the 

important property of syntactic and semantic feedback is not that it be continuous (i.e., always visible and 

automatically updated), but rather that it be immediately available when the user wants it.  

We speculate that, in less cognitively-demanding tasks, H1 would prove a viable hypothesis. In such tasks, 

there would appear to be a stronger need for continuous feedback, because the overhead of requesting feedback 

would appear to disrupt workflow, and hence have a greater impact on performance. In contrast, in more 

cognitively-demanding tasks such as programming, we have found that the overhead of requesting feedback is small 

relative to the task itself. In fact, an explicit request for feedback might even be seen as a sign of readiness, on the 

part of a user, to switch focus from the local editing context to a more global execution context.  
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Such speculation suggests why our second original hypothesis (H2) may have correctly predicted our results.  

Recall that, based on cognitive load theory, H2 predicted that there would be no difference between self-selected 

and automatic feedback, because taking advantage of both forms of feedback would impose an equally substantial 

cognitive load.  Whereas H1 posited that continuous feedback would help users assess progress more effortlessly 

and without disruption, H2 conjectured that the very act of assessing progress with respect to a global programming 

plan would be disruptive within the context of an immediate editing task.  Based on our results, we can speculate 

that the local-to-global context-switching required to integrate continuous visual execution feedback imposes such a 

high cognitive load that novices cannot take advantage of it. Instead, we suspect that they end up doing exactly what 

users of self-selected feedback do: they choose to integrate semantic feedback only when they are ready to do so. 

Notice that this interpretation acknowledges the real possibility that novices are, in fact, able to take advantage of  

automatic syntactic (local) feedback, because integrating such feedback would not require such context-switching; 

however, our experiment’s dependent variables, which only considered final syntactic correctness, were simply not 

sensitive to this possibility. 

Our participants’ subjective impressions of automatic versus self-selected feedback shed further light on our 

results. In an exit questionnaire, we asked participants to rate the three environments they had used on a scale of 1 to 

10 with respect to four factors: (a) helpfulness of error feedback, (b) helpfulness of programming suggestions, (c) 

overall helpfulness, and (d) overall programming environment effectiveness.  Participants rated both the automatic 

and self-selected feedback environments favorably on all four measures (between 7.6 and 8.7 out of 10), with the 

automatic feedback environment receiving somewhat higher ratings (0.5 higher on average); however, none of the 

differences was statistically significant, indicating that participants found both environments to be roughly equally 

helpful and effective. 

Interestingly, when asked directly which environment they preferred and why, 65% of participants chose the 

automatic feedback version, 23% chose the self-selected feedback version, and 12% had no preference. Resonating 

with our speculation that integrating automatic execution feedback at edit time imposes a potentially high cognitive 

load, seven participants expressed the concern that automatic feedback interfered with their programming at least 

some of the time. As one participant put it, “I preferred [self-selected feedback] because I could see how the 

algorithm executed when I was done, but I was not interrupted while I was writing.” Likewise, another participant 
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stated that the self-selected feedback version “allowed you to attempt to write up the code in peace,…but if there 

was something wrong it would help you.”  

In contrast, the participants who preferred the automatic feedback version tended to cite its immediacy as being 

extremely valuable. Unsurprisingly, many of these participants expressed a lack of confidence in their own 

programming skills, and felt that the automatic feedback made it, as one participant put it, “easy to understand how 

the code was carried out.” This was because, as another participant put it, “you had both the code and the 

visualizations at the same time.”  In fact, in at least one instance, automatic feedback led to an “epiphany” that 

helped the participant to see “how the code should be written for the desired algorithm.”  A few others felt that 

having to explicitly request feedback was overly cumbersome; these participants felt that the convenience of 

automatically receiving feedback made the automatic feedback version superior.  

6. Summary, Implications, and Future Work 

As we have shown, many aspects of feedback, as it relates to the completion of computer-based tasks, have 

been empirically studied; however, few studies have looked specifically at the impact of feedback self-selection on 

task performance, and even fewer have examined the impact of feedback self-selection within the context of novice 

programming tasks. Moreover, relevant models, principles, and theories drawn from human-computer interaction 

and educational psychology lead to contradictory hypotheses regarding the impact of feedback self-selection on 

novice programming. Some predict that automatic feedback should lead to superior performance, while others 

predict that automatic feedback should be no better than on-request feedback.  As a preliminary step toward 

resolving this dilemma within the context of novice imperative programming, and in order to provide designers of 

novice programming environments with empirical guidance, we have presented an experimental comparison of 

three different levels of feedback self-selection (automatic, self-selected, and none) on novice programming 

accuracy. While we found that novice programmers tend to prefer automatic feedback over self-selected feedback, 

our results indicate that neither automatic nor self-selected feedback promotes higher syntactic and semantic 

accuracy, as long as the feedback is delivered without delay.  

Our results have important implications for the design of visual programming environments. From an 

implementation standpoint, providing continuously-updated, automatic feedback is more challenging than providing 

feedback that is provided on-request. Our results provide the beginnings of an empirical case against the need for 
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automatic  feedback—one  aspect of “liveness” [8],  a programming environment feature that has been highly touted 

in the visual languages community.  In particular, our results suggest that, rather than coming up with ways to 

facilitate “liveness,” programming environment designers ought to be putting their efforts into designing effective 

semantic feedback that benefits users. This involves carefully considering when users will be ready to take 

advantage of the feedback that is coming toward them, along with what content will be most beneficial.   

In addition to its implications for programming environment design, the study presented here raises several 

questions for future research. We are particularly interested in pursuing three of these. First, recall that a key finding 

of our study is that novices must be “ready” in order to benefit from semantic feedback. We are unaware of past 

psychological research that has specifically explored the idea of “readiness” within the context of novice 

programming. We believe that studies that investigate this issue would be a valuable contribution to the literature  

We can imagine instrumenting the ALVIS software such that it loggged a current code snapshot immediately before 

each execution attempt. Analyzing the progression of such code snapshots could provide insight into the following 

research questions:   

• At what points do novices typically request feedback?  

• Are there particular patterns of requests that lead to higher semantic accuracy?  

• Can we design “smart” feedback mechanisms that step in and provide feedback when users fail to request 

feedback at times when it would likely help them?  

Second, recall that, as an initial step, our study chose to examine just one of the two dimensions of Tanimoto’s 

notion of “liveness” [8]. The other dimension of “liveness,” feedback delay, was fixed at essentially 0 seconds. If it 

is true, as past programming environment research appears to believe, that “liveness” is an important attribute of 

programming environments, then  feedback delay must be the key factor, at least for novice programming 

environments.  In an upcoming experimental study, we plan to investigate the impact of feedback delay on 

programming outcomes by systematically varying feedback delay at regular intervals between 0 and 30 seconds. 

Such a study will shed even more light on the value of “liveness” in novice programming, and perhaps provide the 

empirical case for “liveness” that is presently lacking. 

Second, in choosing to focus primarily on syntactic and syntactic correctness as dependent measures, our study, 

as presented here, provides but a narrow glimpse of the impact of feedback self-selection on novice programming.  

Indeed, the data we reported here say little about the ways in which differing levels of feedback self-selection 
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impacted the programming processes by which participants arrived at their solutions.  In both this study and the 

“pilot” run of this study that was mentioned above, we recorded lossless videos of all participants’ coding sessions.  

Based on an iterative analysis of a sample of the video collected in our “pilot” study, we have already devised a 

principled scheme for coding the video data of participants’ programming sessions, and for transforming those 

codes into a set of quantitative measures that can shed substantial light on the programming process differences 

promoted by differing levels of feedback. A strength of our coding scheme is that it allows us to generate timeline 

visualizations that illustrate (a) how participants direct their coding efforts over time, (b) when participants request 

feedback, and (c) how feedback ultimately impacts their coding efforts. Using our scheme, three independent 

coders, with one month of training, achieved 95% agreement on a sample of our video data from the “pilot” run of 

this study. They proceeded to code all of the Task 1 videos gathered from that pilot study (nearly 33 hours of 

recordings).  In an upcoming publication, we look forward to presenting our coding methodology and the results of 

this post-hoc video analysis, which will complement and shed further light on the results presented here.  
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9. Tables 

Table 1. Summary of the SALSA Pseudocode Language 

COMMAND MEANING 
create Creates new variables, arrays, and array indexes 

(special variables that reference array cells) 

set Creates and sets the value of new variables and array 
indexes on the fly, or changes the values of existing 
variables, arrays, and array indexes 

input Prompts the user for a variable’s value; the variable is 
created if it does not already exist 

populate Fills the empty cells of an array with new values 

print Outputs a value to the user 

if…elseif…else…endif Specifies blocks of code that execute conditionally 
based on the results of Boolean tests 

while…endwhile Specifies a loop that executes as long as the Boolean 
test evaluates to true 

move Moves a variable, array, or array index to a new 
location 

swap Causes two variables or array indexes to change 
positions 

 

Table 2. Study tasks 

TASK # SYNOPSIS 
1 Using ALVIS, design an algorithm that creates an array containing n random integers between 1 and 100. 

Your algorithm should compute the sum of all the values in the array, and print out that sum. 
 

2 Using ALVIS, design an algorithm that creates an array containing n random integers between 0 and 2. Your 
algorithm should set all occurrences of the value 0 in the array to the value -1, and print out the number of 
such replacements that were made.  
 

3 Using ALVIS, design an algorithm that first creates a "source" array containing n random integers between 1 
and 100. Next, your algorithm should create a "destination" array of the same size containing all 0 values. 
Finally, your algorithm should copy the values of the "source" array to the "destination" array such that those 
values appear in the "destination" array in reverse order. .  

 

Table 3. Assignment of Participants to Treatment Orders 

Treatment Order n 
No/Self-Select/Automatic (NSA) 10 
No/Automatic/Self-Select NAS) 10 
Self-Select/No/Automatic (SNA) 9 
Self-Select/Automatic/No (SAN) 10 
Automatic/No/Self-Select (ANS) 8 
Automatic/Self-Select/No (ASN) 10 



 26

Table 4. Syntactic and Semantic Correctness by Treatment 

 Treatment 
Dependent Measure Automatic Self-Select No Feedback 
% Lines Syntactically Correct 
 Min 
 Max 
 Mean 
 SD 
% Semantic Components Correct 
  Min 
  Max 
  Mean 
  SD 

 
50.00 

100.00 
96.64 
10.13 

 
0.00 

100.00 
69.55 
29.72 

 
54.55 

100.00 
97.61 
7.86 
 

0.00 
100.00 
74.55 
28.58 

 
33.33 

100.00 
79.95 
19.34 

 
0.00 

100.00 
62.23 
30.98 
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10. Figures 
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Figure 1. The programming environment used in the Automatic Treatment  
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Figure 2. Up-to-the-keystroke syntactic feedback that appears in a pop-up tooltip in Automatic Treatment 
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Script Window Animation
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Figure 3. The programming environment used in the Self-Select treatment 

 

 

Figure 4. Example of how the Self-Select treatment software reports an error 
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Figure 5. Self-Select treatment dialog box that appears when the user attempts to edit a script when in 

"execution" mode 

Script Window
 

Figure 6. The programming environment used in the No Feedback Treatment 
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(a) % Lines Syntactically Correct 

 

(b) % Correct Semantic Components 

Figure 7. Box plots of (a) the syntactic (line) correctness and (b) semantic correctness by treatment. Note that 

the boxed regions delineate the middle 50% for each treatment; the asterisks denote outliers; and the horizontal lines 

through each box mark the medians. 

 

 

(a) % Lines Syntactically Correct 

 

(b) % Correct Semantic Components 

Figure 8. Box plots of (a) syntactic (line) correctness and (b) semantic correctness by treatment sequence. Note 

that “S” is used to abbreviate the Self-Select treatment, “A” is used to abbreviate the Automatic treatment, and “N” 

is used to abbreviate the No Feedback treatment. 
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