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ABSTRACT

Current research and educational assessment have concluded that the majority of Al programs
have Al bias, which causes their data to be skewed (Schwartz et al., 2022). Because of this trend
that can affect almost all Al programs, it is hard to know how large of a problem Al bias can be
and how much it can affect data representation. This paper explores whether Al bias exists in
finding errors in computer code. We conducted an experiment in which we took 2 Al code
debuggers and 2 human programmers. Next, we tested the Al code debuggers against 24
different pieces of code with various errors, using the human programmers as a control
comparison. The results of the experiment showed that the Al’s accuracy of error was around
95% while the humans were around 89%. These results showed that, in regard to the Al
programs used for error detection in coding, Al bias is not a frequent problem that can impact
data heavily.

Introduction

Over the years there have been numerous technological advances in the field of artificial
intelligence. Ever since Al was established as a field in 1956 during the Dartmouth Conference,
organized by John McCarthy, Marvin Minsky, Nathaniel Rochester, and Claude Shannon, it has
been improved upon at an vast and ever growing rate. When first created, Al was used only for
playing chess and checkers. Now, only 70 years later, Al can be used to write programs, create
pictures, correct spelling, have conversations, and much more.

However, despite such technological advances, Al has had many shortcomings through the
years. When in training, a skewed data set can cause some Al programs to have biased
predictions. In fact, In 2023, Al algorithms led to non-white patients getting more Cesarean
procedures unnecessarily. Also, In 2023, a class action lawsuit accused UnitedHealth of illegally
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using an Al algorithm to turn away seriously ill elderly patients from care under Medicare
Advantage. The lawsuit blamed naviHealth’s nH Predict Al model for inaccuracy (Horowitz,
2024). In other words, if an Al’s training data and prediction modeling is skewed or incorrect it
can cause grave mistakes to befall those on the receiving side of the Al’s predictions.

Another example of this is that, back in 1988, the UK Commission for Racial Equality found a
British medical school guilty of discrimination. The computer program it was using to determine
which applicants would be invited for interviews was determined to be biased against women
and those with non-European names. However, the program had been developed to match human
admissions decisions, doing so with 90 to 95 percent accuracy. What’s more, the school had a
higher proportion of non-European students admitted than most other London medical schools.
Using an algorithm did not cure biased human decision-making. But simply returning to human
decision-makers would not solve the problem either (Manikiya, 2019).

That begs the question, should Al replace humans on certain tasks, or does Al bias cause Al to
be too prone for errors and lacking in accurate results? In the present study, we will test whether
or not Al can give the same level or more accurate results when tested against its human
counterparts. In the study, we pitted 2 Al Code checkers and 2 human programmers against each
other in order to see which is more accurate in detecting computer bugs, Al or humans?

Methods
Participants

The participants for this experiment consisted of 2 programmers who were fairly versatile in
programming. Both participants passed two necessary criteria for this experiment. The first
criterion was that they had to be over the age of 21 in order for them to participate. Another
criterion was that both participants had to have at least 5 years of coding experience. Along with
that, the participants had to have actively used coding at least once per month, or had a
profession that specializes in coding. However, both participants had to have been around equal
skill level. This allowed the data to be unbiased and not skewed toward one side or another based
on the difference in skills levels between the two programmers. This experiment was volunteer
only, which eliminated biased answers caused by the incentive of money.

Examples and Technology Used
The technology used for this experiment consisted of 2 Al coding error detectors.

The two sites used were the two free sites, zzzcode.ai and OpenAl’s ChatGPT software. For this
experiment, there were a total of 24 examples. These examples consisted of 8 simple errors, 8
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complex errors, and 8 pieces of code with no errors. The errors we used for the simple examples
were RTE Errors(Runtime Errors), Misspelled Var errors, Printing sentence errors , Incorrect
loop errors, and LE Errors. For the complex coding errors, there were assent loading errors,
complex RT errors, and pieces of code with multiple errors in them. Lastly, for the code with no
error, the same examples that were used for the simple errors were reused but with the mistakes
corrected.

Procedure

During this experiment, the two Al Coding Error debuggers had numerous coding language
options. However, for both we chose to use Javascript as our language since it was the most
common, and probably had the most data in the Al training set. For the experiment, we would
take the code we chose beforehand and input it into the debugger. Afterwards, the debugger
would debug the code, identifying the problem and explaining how to resolve it.

Since there are multiple ways are a variety of coding languages, ways of reading code, and
debugging code we chose a simpler approach. Before inputting our code, we would make sure all
the examples were in javascript since that was the most popular coding language and most likely
had the most examples when the Al for the debugger was in its training phase. After collecting
all the examples of code needed for the experiment, we first used the Al checkers to debug the
code. When we imputed the code, if the Al checker correctly identified the error, we would mark
the result for that example as 1 and if it was incorrect, we would mark it as 0. After we did this
for all 24 examples, we showed the two professionals the same 24 examples, asked them to
identify any errors, and scored 1 or O depending on whether or not they correctly identified the
errors.

Results

For the codes which contained simple errors, both Al checkers correctly identified and classified
all of the errors. However, the first human checker misidentified one bug and the other two
missed two. For the eight pieces of code with the complex errors, the first Al checker
misidentified 3 of the complex errors for the simple variant and the second Al checker
misidentified 4 for its simple counterpart. Similarly, both human checkers also misidentified 3
complex errors for their simple counterpart. The next eight pieces of code had no errors among
them. As an effect, both Ai checkers and both humans found no errors in all eight pieces of code.
Lastly, the final eight pieces of code also consisted of eight simple errors. In those eight
examples, both Al checkers did not miss an error. However, the second human checker missed
an error in one of the pieces of code. These results suggest that human and Al checkers
performed virtually identically.
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Discussion

The primary purpose for this paper was to compare Al and Human in terms of efficiency,
accuracy, and the comparative agreeability between the 2 humans and 2 Al models. After
completing the testing phase of the investigation, we discovered 2 notable things. First, despite
the technological breakthroughs in Al programming over the years, their results were
comparable to those of their human counterparts. For the section of the experiment where they
would have to identify a simple error in the code, the Al scored 100% accuracy on average.
Meanwhile, the humans scored 81.25% accuracy on average. Similarly, for the part of the
evaluation with complex bugs, both Al and Human checkers were 56.25% accurate on average.
However, unlike the human debuggers, both Al checkers evaluated different pieces of code
incorrectly. The first Al checker got the first, second, fourth, fifth, and seventh examples correct.
On the other hand, the second Al checker got examples two, three, six, and seven correct.

This discrepancy in the data is most likely caused by over-inflation in the training data which
caused skewed results. To clarify, if an Al program receives a multitude of one type of problem
and not much of any other, it could cause the Al to skew the results in a shift towards the type of
problems it has experience with. Lastly, both Al checkers never missed a bug entirely or detected
a non-existent bug. Similarly, the humans also never found a bug in clean code. However, they
did miss a bug entirely making their accuracy score slightly worse than the Al in that section.
They scored a 93.75% while the Al had 100% accuracy. In total, the humans were 89.06%
accurate while the Al checkers were 95.94% accurate.

These results show that Al, when being compared to humans, show little to no bias in their
training data set when analyzing and correcting mistakes. As a result, for this type of task, Al can
be used without significant bias. This suggests that bias in Al may be task dependent and depend
on the quality of the training data. More research is needed to articulate when bias is likely to
occur in Al and how to mitigate it.
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