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Abstract—This research paper describes how pattern recogni-
tion can be used to validate student-assigned labels and improve
a training dataset natural language processing. In our preceding
research, we attempted to enhance peer assessment by harnessing
the power of natural language processing (NLP) and machine
learning (ML) to critically evaluate the substance and quality of
peer-review comments. This required training data, which we had
students create by labeling review comments they had received
from peers on various aspects of their work. Our previous
paper delineated strategies for the automatic validation of labels
(“tags”) applied by students, aiming to enhance the reliability
of the data fueling our ML algorithms. This paper examines
the metrics introduced in our previous work, and studies how
effective they are in the evaluation of actual labels assigned by
students.

Index Terms—Quality Control, Expertiza, Labeling, Krip-
pendorf’s alpha, Pattern Detection, Quality Control Metrics ,
Taggers, Tags, Reliable

I. INTRODUCTION

Machine learning requires labeled data to train a model.
Obtaining the labeled data is often difficult or expensive. In
many cases, it is a good idea to crowdsource [1, 11] the
labeling of these datasets. Our goal is to measure the quality
of reviews. We use machine learning to find suggestions [25],
detect problem statements [23], and assess helpfulness [3]. For
this we need data that is labeled accurately. We assign students
to label the reviews of their own work, because this distributes
the labeling task widely, and because the authors of the work
are best qualified to judge the utility of the reviews.

In more detail, the workflow proceeds as follows. Students,
usually working as a team, submit a project. Other students are
assigned to review the project, based on a rubric containing a
set of criteria. Filling out the rubric involves assigning scores
and, optionally, making comments on each criterion. To auto-
matically rate the quality of the review, we would like to know
how many of the reviewer comments contained suggestions,
identified problems, or were (subjectively) considered helpful
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by the author. To train a machine-learning model to recognize
these characteristics, we can use labels assigned by the student
authors whose work has been reviewed. They are an ideal
group to assess the review comments, because the comments
are about their work, and they need to assimilate them to
improve their final product.

It did not take long for us to recognize that not all of
the student authors were careful about assigning labels (see
Figure 1). Many of them whizzed along, assigning each label
in less than one second. Strings of consecutive yeses and nos
were common. For a time, we tried to manually assess the
quality of the labeling. But this was labor intensive, and we
could not guarantee the consistency, because assessments were
made by multiple staff members and we did not have enough
manpower to assign multiple raters to evaluate the same labels.
We sought an automated strategy for assessing labeling, to
go along with the automated strategy we were developing
for assessing reviews. We outlined this approach in a paper
[4] in last year’s conference. It used three kinds of metrics:
tagging speed (to detect labelers who were working “too
fast”), detecting labelers whose labels disagreed with the labels
assigned by others, and detecting repeated patterns in labeling
(such as YYYNYYYNYYYN ...). This paper reports on our
experience in applying this strategy to actual peer assessments.
This case study shows how we were able to obtain a reliable
training dataset for machine learning, leveraging contributions
from crowdworkers of uneven diligence. It should be useful to
others who need training data for machine learning that their
students can help them to construct.

Our first innovation was to combine all three of these
metrics into a credibility score, a single number that could
be used to assess the quality of the assigned labels. However,
since this metric had not been validated in any way, we did
not use it to assign scores for labeling. Instead we used our
initial scoring metric, which awarded up to 10 points to each
student for the labels they had assigned, and then subtracted



points for too-fast tagging and for too many consecutive Ys
or Ns (this approach is described in greater detail below). A
third metric is the pattern ratio, which calculates the fraction
of labels that are found in repeated sequences of length one,
two, or three.
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II. RELATED WORK

The problem of vetting crowdsourced labels is not new. Sev-
eral approaches have been developed for determining which
labelers are to be believed, and for aggregating the work of
many labelers into a a high-quality dataset.

Inter-rater reliability (IRR) is one common measure of
the consensus among several evaluators who independently
classify the same information. It has often been observed that
discarding data with low consensus among raters enhanced the
efficacy of machine-learning models trained with that data. A
measure often used for this purpose is Krippendorff’s alpha,
which considers the actual agreement among raters and com-
pares it with the amount of agreement expected by chance. One
study applied Krippendorff’s alpha to assess the consistency of
sentence labels provided by Amazon Mechanical Turk workers
[19], revealing its effectiveness in spotting subpar labels.
Another investigation [16] found it useful for identifying poor-
quality labels in user reviews labeled by students. A third study
[20] introduced a weighted inter-rater reliability strategy to
pinpoint low-performing annotators in video labeling tasks,
which proved successful in reducing inconsistent labels.

Another method involves recognizing and discarding con-
tributions from annotators who work unusually quickly. This
technique, known as speed-based filtering, operates on the
premise that rapid labelers might not thoroughly consider
their tasks, potentially leading to substandard label quality.
Research has been conducted to determine the impact of fast
tagging on the quality of data labeled by a large group of
people. Daniel et al. [6] developed a procedure detect rapid
labelers using a median time threshold for labeling tasks,
which, when applied, resulted in more accurate labels. Several
other investigations showed that label quality and consistency
improved when labels from too-fast annotators were removed
[10, 12, 21], as studied among a group of Amazon Mechanical
Turk workers. Other studies cautioned that fast tagging might

not deliver high-quality labels, and suggested a combined
approach with other quality-control methods for better results
[13, 17].

Instead of trying to remove the contributions of low-quality
labelers, we might instead construct an aggregation algorithm
that accords greater weight to more reliable crowdworkers.
This was the approach followed in Venzani et al’s [22]
entry in the 2013 CrowdScale—Shared Task Challenge for
constructing reliable estimates of sentiments derived from a
half-million tweets about the weather. The aggregation strategy
has been followed in many subsequent research projects [2].
Many approaches have been proposed for combining labels
from labelers of uneven quality into high-quality datasets [9,
18, 24]. That work, however, cannot be directly applied to our
problem, because for any particular comment, we never have
labels from more than 3 workers, and usually only one or two.

III. METHODOLOGY
A. Data Collection

Data was collected from our Expertiza [8] peer-assessment
platform. We reviewed tags submitted by authors on peer
reviews from several assignments. These assignments are
created by the professor and teaching assistants, with students
organized into teams for each task. Teams submit their work,
which is then reviewed by individuals (who are not members
of the submitting team). The reviews are based on rubrics,
which ask reviewers to assign a score to the work based on
each review criterion, and allow the reviewer to add a com-
ment. Each team receives multiple reviews, and the students
in these teams are responsible for tagging the comments they
receive.

B. Toward metric definitions

This study aims to identify students who tag reliably and
those who do not, based on peer assessment activities. To
assess the reliability of taggers, we will evaluate them using
three specific metrics. We have observed that reliable taggers
tend to share certain characteristics: they do not tag too
quickly, their tags generally align with their teammates’ tags,
and their tagging does not follow a discernible pattern. These
observations yield the following metrics for tagging quality.

1) Time Taken to Tag: We use the timestamp information
on each tag that is assigned to measure the intervals between
tag assignments. Taggers who assign labels hastily may not
adequately consider the review comment, leading to incon-
sistent or noisy labels. To identify too-fast taggers, we first
calculate the time difference between consecutive tag times-
tamps, and apply a logarithmic transformation to these time
differences to compress the distribution of timestamp values.
These logarithmic timestamp differences are then summed to
calculate the total time taken by each tagger to complete the
assignment. The tagging speed is obtained by averaging the
total time spent on all tags by each student. After analyzing
these tagging speeds, a threshold is established. Students with
an average tagging time above this threshold are likely taking
sufficient time to thoughtfully assign tags. On the other hand,



those with an average tagging time below the threshold may
be tagging hastily.

2) Krippendorff’s alpha: When different students tag the
same data, it’s natural to see some variations in their responses.
But if the taggers are working conscientiously, most of their
tags they assign should agree. Inter-rater reliability (IRR)
provides a measure to evaluate the degree of agreement among
students who label the same data. Several measures exist for
evaluating IRR, including Fleiss’ kappa [7], Cohen’s kappa
[5], and Krippendorff’s alpha [15].

Of the three mentioned above, Krippendorff’s alpha is
a prominent reliability coefficient designed to measure the
level of agreement among multiple taggers. It is adaptable
to various types of data, including nominal, ordinal, interval,
ratio and and is capable of handling incomplete data. [14]
. The Krippendorff’s alpha values range from —1 to 1. An
alpha value of —1 indicates no agreement, while a value of 1
represents perfect agreement.
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The arguments in the two disagreements measures (D, and
D.), ock, ne, ni and n, refer to the frequencies of values in
coincidence matrices which is defined in the paper [14].

In this study, we have considered the Krippendorff’s alpha
values for all users within a team across various assignments.
These alpha values indicate the degree of agreement among
team members. An alpha value below O for a user suggests less
agreement among that user and other team members, while
values close to 1 indicate high agreement.

There are specific cases where Krippendorff’s alpha cannot
provide a reliable measure of inter-rater agreement, resulting
in a value of None (NaN). The first condition occurs when a
team consists of only one member. In such instances, there is
no basis for calculating agreement or disagreement, causing
Krippendorff’s alpha to return NaN. The second condition
arises when all students in a team assign the same tag to all
data items, such as all “Yes” or all “No” tags, leading to no
variability in the data. Lastly, Krippendorff’s alpha also returns
NaN when assignments have no tags assigned by any student.

3) Pattern Detection: Pattern detection is an effective
method for identifying students who may be tagging in a
repetitive manner, such as using a yes-no-yes sequence. Se-
lecting answers randomly according to a predetermined pattern
suggests that the student may not be paying adequate attention
to the task. Such patterns indicate that the student is not
engaging thoughtfully with the tagging process.

To implement this strategy, we developed an algorithm that
looks for consecutive length-three and length- two patterns in

all the tags of a student. This algorithm identifies and counts
occurrences of a specific two and three-element pattern (e.g.,
YN, NNN, YNY) within a list of student tags. It then deter-
mines the maximum number of consecutive repetitions of this
pattern. Initially, we examined patterns of longer lengths, but
this approach did not help us distinguish between reliable and
unreliable taggers. Upon focusing on students with multiple
occurrences of longer patterns (e.g. 5- to 9-tag patterns), we
observed that their tags were consistent and reliable, even
though a pattern was repeated. We also recognized that it is
generally challenging for an unreliable tagger to memorize and
apply a pattern of five elements or more. Therefore, we limited
our algorithm to considering shorter patterns.

C. Metric Information

We have devised several metrics to assess the reliability of
labelers.

1) Points Deduction: The points deduction metric, as its
name would indicate, gives the points deducted from a stu-
dent’s base score (which is based on the number of tags
assigned). This metric takes into consideration both the time
taken to assign tags and the occurrence of sequences compris-
ing 10 or more consecutive “Yes” or “No” tags. The possible
values for this metric range from 0 to 10. A score of 10
indicates that a student is tagging at a very rapid pace with
numerous repetitions.

Let

« s be the tags set by the labeler

« t be the mean of the logarithms of the number of seconds
between the setting of two consecutive tags,

e n be the number of tags in sequences of 10 or more
consecutive “no’’s, and

e y be the number of tags in sequences of 10 or more
consecutive “yes’es.

o Let w=(n+y)/s.

Then

PD=(3if 0.95 <t <13 or b if t <0.95)
2 2

2) Credibility Score: The credibility score is designed to
evaluate tagging behaviors by considering several key factors.
Firstly, it takes into account the amount of time the tagger
spends assigning a tag value, with a higher score indicating
that the student took more time, which helps to identify
hasty tagging behavior. Secondly, the score incorporates Krip-
pendorft’s alpha coefficient, which measures the level of
agreement among students to identify contentious tags. Lastly,
the score examines the frequency of “Yes” and “No” patterns
in the tags.

Let

o / be the time taken in seconds between the setting of
two consecutive tags for each labeler (where “labeler” is
a synonym for “tagger”),

o « be the Krippendorff’s alpha coefficient for the labeler,



o 7 be the number of total repeating characters in all of the
labeler’s tags
e /', v’ and o’ be the normalized values of ¢, r, and .
e Let v =1 — 7/, this would indicate that a labeler with
the highest r value would have an r” value of 0.
Then
0 +ao +r
B 3
3) Pattern Ratio: The pattern ratio is a metric that eval-
uates each labeler by analyzing the presence of length-three,
length-two, and alternating Yes and No patterns in their tags.
Additionally, it considers the total number of repeated Yes
and No responses. This metric aims to identify whether a
student is memorizing specific tagging patterns and applying
them consecutively in their tagging. Our analysis focuses on
length-three patterns, as we believe this pattern length is the
most likely to be remembered and utilized by students.

Let

o y be the total number of repeating Yes’s in the labeler’s
tagging pattern,

e n be the total number of repeating No’s in the labeler’s
tagging pattern,

o s be the number of tags that the labeler did set,

« m be the total number of consecutive length- two patterns
in the labeler’s tagging pattern (YN, NY),

e p be the maximum number of consecutive length-three
patterns in the labeler’s tagging pattern like YNY, NNY.
Only values greater than 3 are considered.

e let g=y+n+2m+ 3p.

CS

Then
PR=2.
S
IV. RESULTS

A. Results for Experiment 1

The Data collected for this assignment consisted of 77
labelers, each tagging an average of 100 review comments.
For this experiment,“helpful?” was the designated tag prompt
(that is, the labelers were asked to decide whether or not each
comment was helpful). Based on the feedback they received,
labelers rated the usefulness of each review with a “Yes” or
“No”.

For each participant, the pattern ratio, credibility score, and
points deduction were calculated. In order to enable cross-
metric comparison, a regression analysis was conducted to
examine the correlation between the pattern ratio and cred-
ibility score, as illustrated in Figure. 2.

The aforementioned results can be divided into zones to
improve our understanding of the reliability of labelers, as
shown in Figure 3. Zone 1 delineates the trustworthy zone,
where labelers exhibit a high credibility score and a low pattern
ratio. In contrast, Zone 2 delineates the untrustworthy labelers.

Figure 4 shows the frequency of points deducted in Experi-
ment 1. As seen in the figure, only a small number of labelers
had 3,5 or 10 points deducted. Since the majority of students
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Fig. 3: Reliable and Unreliable Zones
did not have any points deducted, we use the “zones” as a
more effective means of explaining student reliability.
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We conducted a similar experiment on a different assign-
ment, below are the results of that experiment.

B. Results for Experiment 2

This assignment comprised an average of 50 comments as-
sessed by 48 labelers. The tag prompt used for this experiment
again was “helpful?”. Labelers assessed the helpfulness of
reviews based on the comments received, tagging them as
either “Yes” or “No”.



The points deduction, credibility score, and pattern ratio
were computed for all participants. To facilitate comparison
across these metrics, a regression analysis was undertaken to
examine the relationship between credibility score and pattern
ratio, depicted in Figure 5.
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To enhance our comprehension of the reliability of labelers,
we can partition the above results into zones, as illustrated in
Figure 6. Zone 1 delineates the reliable zone, characterized by
labelers having a high credibility score and a low pattern ratio,
while Zone 2 delineates the opposite scenario of unreliable
labelers.
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Fig. 6: Reliable and Unreliable Zones

Figure 7 illustrates the frequency of point deducted in Ex-
periment 2. Consistent with our observations from Experiment
1, only a small number of labelers had any points deducted,
which does not provide much guidance in determining reliabil-
ity. Therefore, we once again use “zones” to provide a clearer
explanation.

C. Summary

We conducted a ground-truth analysis to explore which
metric yielded the most accurate results for identifying reliable
taggers.

We analyzed the tagging behaviors of a randomly selected
sample of students from the zones specified in Figures 3
and 6, as well as students outside these zones. The results
indicated that some students demonstrated reliability in their
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tagging even if they were not part of the reliable zone. These
students reviewed comments, the majority of which were
helpful. However, their tendency to tag numerous comments
with “Yes” inflated their pattern ratio, thereby pushing them
out of the reliable zone.

We examined the ground truth tags of taggers in both the
reliable and unreliable zones. Our observations revealed that
students with higher credibility exhibited lower pattern ratios,
and conversely, those with lower credibility had higher pattern
ratios.

Our metrics provide a way to evaluate tagging objectively.
By incorporating various factors such as tagging speed, team
agreement, and patterns in tagging, this approach offers a well
grounded assessment of a student tagger’s reliability.

V. FUTURE SCOPE

To ensure the robustness and generalizability of our metrics,
additional experiments should be conducted across a broader
range of assignments, academic fields, and curriculum levels.
This would help to identify any potential biases or limitations
in the current metrics and provide insights into how they can
be adjusted or improved.

Incorporating large language models like GPT-4 for ground
truth labeling could significantly enhance the accuracy of
identifying reliable labelers. These models can provide a more
nuanced understanding of the content and context of peer
reviews, helping to distinguish between genuinely thoughtful
feedback and superficial comments.
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