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ABSTRACT
Performance appraisals are subject to recent debates with one common denominator: most discus-
sions point to their lack of accuracy. In theory, performance appraisals aim to reflect an employee’s
performance over a certain period of time. However, recent research shows that appraisals fall
short in reaching this goal. Although many studies acknowledge the benefits of performance com-
ments over ratings on a scale, research has paid little attention to the potential of performance
comments to achieve higher accuracy in performance evaluations. To approach this issue, we con-
ducted a laboratory experiment and collected objective performance data as well as numerical and
verbal performance appraisals. In particular, we compile numerical ratings, written comments, and
spoken comments on performance from independent evaluators. To make the numbers (assigned
ratings) and the comments comparable, we applied a Random Forest algorithm to transfer the
comments into numerical ratings (algorithmic ratings). By analyzing each rating (assigned and
algorithmic) in relation to the performance, we find evidence that spoken comments reflect per-
formance differences most accurately within a team. Our results offer important insights into how

performance appraisals may be approached to reflect objective performance more accurately.

Keywords: performance appraisal; rating accuracy; rating format; performance appraisal com-

ment; rating scale



INTRODUCTION

In recent debates, performance appraisal systems and their shortcomings have been widely
discussed (Adler, Campion, Colquitt, Grubb, Murphy, Ollander-Krane, & Pulakos, 2016;
Brown, Inceoglu, & Lin, 2017; Murphy, 2020). In general, performance appraisals aim to reflect
an employee’s performance during a certain time period. However, low reliability of performance
ratings and underlying biases complicate the process of reflecting true performance (Angelovski,
Brandts, & Sola, 2016; Biernat, Tocci, & Williams, 2012; Bizzi, 2018; Catano, Darr, & Campbell,
2007; Kamphorst & Swank, 2018; Speer, 2018). In general, one can distinguish between issues
concerning evaluations on the general level and fairness considerations. The former make it
challenging to identify the strongest and the weakest performing employees, e.g., because of too
much compression in ratings or too much leniency. Contrarily, the latter deal with the blurry lines
on the group level as team outcomes cannot be attributed to one particular group member, e.g., the
fair acknowledgement of achievements or the misattribution of mistakes. Taken together, these
factors lead to a considerable decrease in the utility of performance appraisals for individuals and
organizations (Murphy, 2020).

Although performance appraisals typically consist of both quantitative rating scales and qual-
itative comment sections, appraisals have become synonymous with numerical ratings (Brutus,
2010). In many practical applications, comment sections are intended to provide reasoning for a
given rating. However, because comments are time-consuming to process, they often remain blank
or go unanalyzed. In an effort to address the shortcomings of performance appraisals, improving
numerical rating scales has been the most frequently proposed solution (Adler et al., 2016). Yet,
research has shown that improving rating scales does not necessarily reduce bias or enhance accu-
racy, which has led to increased attention on rater training (Sanchez, Diaz-Cabrera, & Hernandez-

Fernaud, 2019). Despite this, studies also indicate that training alone is not sufficient to achieve
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greater accuracy (e.g., Bernardin & Pence, 1980; Sanchez et al., 2019). Recognizing this limitation
early on, Henemann, Moore, and Wexley (1987) emphasized the need to give greater consideration
to the appraisal format when investigating rating accuracy.

However, few studies in the field of performance appraisals have sought to examine the role
of performance appraisal comments when examining rating accuracy. One reason for the neglect
of performance comments certainly lies in manageability. Numerical ratings are much easier to
produce and process than comments (Brutus, 2010; Speer, 2018). Yet, with recent advances in
natural language processing (NLP), texts can be collected, analyzed, and operationalized with low
time effort. The benefits of comment over rating scales have been widely acknowledged. Previous
studies point out that employees pay more attention to performance comments than to ratings
(Smither & Walker, 2004) and that comments provide more reasoning and give context
(Speer, 2018). Accordingly, employees have more information on why a certain assessment was
made and get a clearer idea of the areas they need to improve.

Nonetheless, the advantages of one over the other do not allow for judgment on the accuracy
of either appraisal format. If rating scales and narrative comments are both unrelated to the true
performance, they neither hold value for the evaluated employee nor for individuals working with
the appraisal data (Decotiis & Petit Andre, 1978). Thus, it is imperative to shed light on the relation
between the appraisal format (i.e., ratings and comments) and the true performance.

In performance appraisal literature, the term “format” predominantly indicates variations in
the design of graphic rating scales (Brutus, 2010). We use a broader definition of the term in this

paper, including numerical but also verbal' elements. Numerical formats are limited in the topics

!'In this paper, we adhere to the Merriam-Webster definition of “verbal” as “relating to or consisting of words” (Mer-
riam-Webster, n.d.). Accordingly, “verbal” includes both spoken and written comments.



they address and in their response options (e.g., rating the communication skills of a co-worker on
a five-point scale). Contrarily, verbal formats also address predefined topics but respondents are
free to choose which aspects they want to mention and to what degree (e.g., evaluating the com-
munication skills of a co-worker by writing a comment).

To judge the accuracy of numerical and verbal evaluation formats, it is crucial to know the
extent to which each format is connected to the ground truth, i.e., the real performance that it aims
to reflect. Yet, measures of individual performance are usually not available for employees, as they
often work in teams, jobs require multi-tasking or the work output cannot directly be measured
(e.g., in creative tasks).

With the aim of investigating the relationship between the appraisal format and the perfor-
mance, we conducted a laboratory experiment. For this purpose, we collected spoken and written
comments as well as numerical ratings to test different evaluation formats. Through the use of a
trained Random Forest algorithm,? we predict numerical ratings for the written and spoken com-
ments (algorithmic ratings) that allow for a comparison with the assigned ratings on the one hand
and the performance measure on the other. We measure the participants’ true performance by doc-
umenting their individual number of errors during the task. One important differentiation that we
make in our study is analyzing between and within teams. This allows us to examine the evaluation
behavior on a broader level but also on a more granular scale.

Our results fall into two broad categories, regarding (1) the level of analysis and (2) the ap-
praisal format. The findings indicate that (1) neither assigned nor algorithmic ratings correlate with

performance between teams. Yet, our within-teams-analysis reveals that evaluators differentiate

2 Within the scope of a previous paper, we have already trained a Random Forest algorithm to translate verbal assess-
ments into numbers (source blinded for double-blind review; the source will be added later).



the most (2) when speaking about performance, i.e., the differences in algorithmic ratings derived
from spoken comments correlate with performance differences.

The results from the between- and within-team analysis are largely supported by the robustness
check conducted using a generative Al approach (ChatGPT-4). The robustness check indicates
that spoken comments most closely reflect the number of errors at both the between- and within-
team levels. In sum, our analysis suggests that the degree of differentiation in evaluations strongly
depends on the chosen reference points (between or within teams) and the evaluation format (nu-
merical ratings, written comments, or spoken comments).

Based on our findings, we suggest that performance comments, when combined with machine
learning models, can significantly improve the accuracy of performance appraisals. By applying
both a widely used supervised learning model (Random Forest) and a Large Language Model
(ChatGPT), we account for the interpretability-accuracy trade-off in machine learning models
(Feuerriegel et al., 2025). Our findings show that both models yield the same results, indicating
that spoken comments relate most closely to performance. Our paper is a first step toward increas-
ing the accuracy of performance appraisals through verbal comments and machine learning.

This paper is organized into the following sections: First, we review the existing literature on
rating accuracy in performance appraisals. In the next step, we describe the data and our method.
Specifically, we present our experimental design, empirical strategy, and the Random Forest algo-
rithm which we applied to translate the appraisal comments into numerical ratings. Also, we depict
our data collection and processing. Next, we describe our data analysis and show our results. In

the last section of our paper, we discuss our results and conclude our work.



RATING ACCURACY

Rating accuracy is understood as a measure that reflects the degree to which behavior is accu-
rately credited (Martell & Leavitt, 2002), or in other words, it describes the extent to which the
rating reflects the true score (Funder, 1995; Speer, 2020). The accuracy of performance ratings has
previously been described as “an issue of major concern” (Henemann et al., 1987: 431) in person-
nel decision-making, especially since accurate assessments of employee performance seem to pose
an “impossible task™ (Decotiis & Petit Andre, 1978: 635). One factor influencing rating accuracy
is the approach to the true value, i.e. the measures that are applied. In the context of performance
assessments, the measures are predominantly distinguished in terms of subjectivity or objectivity
(Bayo-Moriones, Galdon-Sanchez, & Martinez-de-Morentin, 2020; Hoffman, Nathan, & Holden,
1991; Rojon, McDowall, & Saunders, 2015). In the following sections, we will review the litera-

ture with regard to the dimensions of both approaches.

Subjective measures

Over the last years, numerous studies have tried to estimate rating accuracy. For example,
Borman (1979) investigated the relationship between rater training and rating biases and let
participants watch videos that showed individuals performing a task. One group of participants
underwent rater training in advance, while the other did not. Results showed that prior training did
not improve accuracy in performance appraisals. To estimate which group rated the observed
performance more accurately, expert ratings served as a true value (Borman, 1979).

Similarly, Mero, Motowidlo, and Anna (2003) explored the impact of accountability on rating
accuracy and used expert ratings as the true score. In their study, participants also watched
videotapes of employees performing a work task. If they were assigned to the treatment group,

participants had to justify their performance rating. Being accountable improved the accuracy and



the effect was moderated by behavior during the observational period. In line with this approach,
Yun, Donahue, Dudley, and McFarland (2005) drew on expert ratings when examining the effects
of personality, social context, and the rating format on ratings. The performance that the
participants were asked to assess was a video-taped teamwork task. They found that a rater’s
personality (i.e., agreeableness) affects rating accuracy.

In all of these examples, the accuracy of participants’ ratings is measured through inter-rater
reliability. Expert ratings serve as a reference point and both ratings (participant — expert) focus
on one point in time, i.e., work performance shown in a video. In general, rating accuracy has
predominantly been determined with different types of inter-rater agreement (Vanhove,
Gibbons, & Kedharnath, 2016). In this respect, inter-rater reliability is not limited to experts’ and
participants’ ratings. Self-ratings as well as supervisor-, subordinate-, or peer-ratings can also be
considered when examining inter-rater agreement (Conway & Huffcutt, 1997).

Yet, self-ratings have been found to be more lenient than peer- and supervisor-ratings
(e.g., Heidemeier & Moser, 2009; Hoffman et al., 1991; Ohland et al., 2012). This potentially leads
to discrepancies between self-ratings and third-party-ratings and ultimately affects the reliability.
Funder (1995) calls the inter-rater approach “constructivist” (p. 666) as it only requires inter-rater
consensus. It ignores that raters may suffer from the same biases and therefore also overlooks that
the inter-rater overlap is not equal to objective accuracy. Similarly, Funder and West (1993) argue
that: “two judges can agree with each other perfectly yet both be perfectly wrong” (p. 458). Still,
inter-rater agreement influences the confidence in accuracy (Funder, 2012). When different raters
come to very different conclusions, the disagreement indicates that one rater must be wrong and
vice versa (Funder, 2012). This means that inter-rater agreement serves as an approach for esti-

mating accuracy but does not objectively reflect the rated criteria.



Beyond inter-rater comparisons, intra-rater reliability is another way to estimate rating accu-
racy (Viswesvaran, Ones, & Schmidt, 1996). For ratings over a period of time, rate-rerate reliabil-
ity serves as a measure of accuracy, or more specifically for consistency (Dierdorff & Wilson,
2003). Here, the ratings of one rater are compared at different points in time (Viswesvaran et al.,
1996). However, performance may change with time and variance in the (re-) rating process may
be ascribed to differences in performance (Sturman, Cheramie, & Cashen, 2005). Additionally,
Cronbach’s alpha represents a way to compute the intra-rater reliability for multi-item scales
(Viswesvaran et al., 1996).

Yet, all of the presented methods would fail if there were persistent and systematic measure-
ment biases among raters or across time. In other words, when the true value is not really true, this

complicates the process of measuring rating accuracy.

Objective measures

Apart from subjective approaches, performance can also be estimated by applying objective
measures. Sundvik and Lindeman (1998) investigated rating accuracy and its predictors in a field
setting. In particular, they collected supervisory performance ratings and used sales productivity
as the true performance value. Since the company gave each salesperson points for every sold
service, these points served as a measure of sales productivity. The authors found that rating
accuracy varied significantly and that ratings were more accurate the longer the supervisor—
subordinate relationship. More recently, Kusterer and Sliwka (2022) studied biases in performance
evaluations by comparing subjective appraisals to objective data from a text-entering task. Their
results indicate that when accuracy is rewarded, evaluations are less lenient. Also, their study
shows that ratings are less accurate and more lenient when bonus payments depend on the

evaluation.



Other studies have not explored rating accuracy but applied objective performance measures
for different purposes. For example, Sturman and Trevor (2001) examined the relationship
between turnover and performance. They used data from a financial services organization and
measured performance in terms of fees that are generated from sold loans. Another example of
applying objective measures of performance is the well-known study of Lazear (2000) who
investigated the influence of monetary incentives on performance. In his work, performance was
measured in terms of the number of pieces that employees installed, or more specifically the
number of glass units. Mas and Moretti (2009) studied peer effects and assessed performance by
counting the number of scanned products per second in a supermarket chain. In their study,
Bandiera, Barankay, and Rasul (2005) investigated the role of relative incentives. By analyzing
data from a fruit farm, they studied the effects of relative daily pay on performance. Here, the daily
pay depended on the own performance relative to the average co-worker’s performance. The
authors determined individual performance by evaluating the kilograms of fruit that workers
picked per hour.

Although these studies show that there are certainly ways to objectively measure individual
performance, literature also demonstrates that these measures predominantly rely on quantity in a
given time. Frederiksen, Lange, and Kriechel (2017) refer to these settings as “simple settings
where simple measures can readily quantify the overall performance of employees reasonably
well” (pp. 408). Yet, in most work settings, supervisors can only observe a total work result and
cannot observe the individual contribution that an employee made to this result (Mas & Moretti,
2009). This explains why most studies in the performance appraisal literature focused mainly on

subjective approaches to estimate the true value.



Relation between subjective and objective measures

Subjective appraisals and objective productivity may be very different measures and there is
some evidence that supervisors inflate ratings for low-performers (Bol, 2011; Golman & Bhatia,
2012; Varma, Pichler, & Srinivas, 2005; Woods, 2012), especially when signals are noisy (Bolton,
Kusterer, & Mans, 2019). While objective measures may only represent one single task, subjective
measures are more holistic, yet prone to biases and therefore not necessarily more accurate.

We, therefore, test a different approach to capture performance, namely comments. Since
objective key figures remain unavailable in most organizations (Kusterer & Sliwka, 2022), we
explore the extent to which some subjective evaluations (i.e., comments) might be more accurate
than others (i.e., ratings). Notably, the comments are made by individuals and underlie subjectivity.
Yet, they might relate more strongly to performance than numerical ratings because they contain
more information on the context and on factors influencing the evaluation. To the best of our
knowledge, this method has not fully been explored in the past, typically because comments cannot
be as easily compared to each other as numbers. In comments, evaluation criteria might vary and
accordingly, employees’ performance cannot be ranked intuitively. However, recent
advancements in natural language processing may change the picture (Haller, Aldea, Seifert, &
Strisciuglio, 2022; Hirschberg & Manning, 2015).

The benefits of comments have been widely acknowledged. Smither and Walker (2004) report
that employees pay more attention to written texts than to numerical ratings (Smither & Walker,
2004), potentially because texts put the evaluation into context and provide reasons for certain
decisions (Speer, 2018). Yet, text processing is demanding as the text needs to be written and
coded. This concerns the evaluator writing texts but also managers in human resources and
employees reading and processing these reports to take adequate action. For this reason, natural

language processing has been on the rise (Speer, 2018). However, the content of narrative
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comments and the identification of analysis methods have received little research attention
(Doldor, Wyatt, & Silvester, 2019; Silva & Ribeiro, 2021).

Related research from online reviews suggests that textual assessments might be a richer source
of information (e.g., Archak, Ghose, & Ipeirotis, 2011). Brutus (2010), for instance, shows exem-
plarily how a written comment provides more reasoning and reveals more improvement potential
than just a low rating: “Bob is rarely willing to accept our input as to the best strategy to take. In
the weekly meetings, he never seriously considers our suggestions about budget allocation. Most
of us do not even prepare our numbers anymore” (p. 145).

Appraisal comments may also be advantageous in the sense that linguistic cues may convey
the evaluator’s level of uncertainty and reveal more information about potential biases and argu-
ments taken into consideration. Accordingly, speaking or writing performance evaluations may
influence accuracy. In this paper, we explore two ways of dealing with verbal formats, including
written and spoken comments. Written comments may be more feasible in many situations; how-
ever, they are time-consuming and the wording may be more reflected. Spoken comments may be
less time-consuming and bear more linguistic cues than thought-through written comments. How-
ever, they may be also more ad hoc and less prepared.

For both approaches, we use machine learning techniques to translate the comments into nu-
merical ratings. To test numerical and verbal appraisal formats in terms of rating accuracy, we
apply objective measures to approach the true value. For this purpose, we conducted a laboratory
experiment in which we documented participants’ individual number of errors in a picture-match-
ing task. We use the experimental design introduced by Weber and Camerer (2003). Their exper-
iment is divided into a pre- and post-merger phase. For our study, we use the experimental design

of the pre-merger stage.
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DATA AND METHOD

Experimental design

We conducted a laboratory experiment, in which participants were required to solve a picture-
matching task. Originally, Weber and Camerer (2003)° used the task to investigate the influence
of organizational cultures on the success of organizational mergers. In each session, we had four
subjects: two serving as task-solvers and two as evaluators. The task-solvers were asked to perform
the picture-matching task for 20 rounds in teams of two with a time limit of 150 seconds per round.
As they were solving the task, they were observed by the two evaluators. The experimental design

is depicted in Figure 1.

Insert Figure 1 about here

When arriving at the experiment, participants randomly drew a number, which determined

their role (task-solver, evaluator in the writing condition, or evaluator in the speaking condition).

required time
q )*

Task-solving participants received a performance-based compensation ((1 Euro — oo

accuracy), while the evaluators were compensated with 12 Euros per hour. The performance-
based compensation was calculated for each of the 20 rounds. Accuracy was coded as a dummy
variable that took the value 0 if errors occurred and 1 if no errors occurred in a round.

The two task solvers had the same selection of 16 pictures laid out on the table in front of
them. All pictures showed different office environments in black and white. The subjects were
seated opposite each other but could neither see one another nor one another’s pictures. Each sub-
ject was assigned one role during each round: manager or employee. The roles switched after every

single round, i.e., the participant who acted as a manager in round 1, performed as the employee

3 We use the original task and procedures from Weber and Camerer (2003). However, the authors recommended using
updated pictures which we did.
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in round 2 and vice versa. It was the manager’s task to describe four predefined pictures to the
employee. By listening actively and checking back, the employee tried to identify the four de-
scribed pictures in the correct order within the time limit of 150 seconds. When the employee
indicated that the four pictures were identified, the experimenter gave feedback on the required
time and accuracy of the selected pictures. Since the roles changed after each round, the partici-
pants performed as the manager and the employee in equal parts. During the task, the interaction
between both participants was audio-recorded. The goal was for the manager to describe and for
the employee to identify the four correct pictures in a short amount of time.

Two evaluators were observing the task-solvers during the picture-matching task. Both eval-
uators were placed so that they could see both picture-matching partners, but could not have made
eye contact with one another. The evaluators were not allowed to talk until we asked them for their
assessment after the task was finished. During the working phase of the picture-matching partners,
the evaluators could observe the whole working performance. After the working phase, both eval-
uators were brought to separate rooms. Here, they were asked for their assessment of the individual
performance of both partners solving the picture-matching task.

To cover both numerical and verbal assessment formats, one evaluator was asked for a written
assessment, while the other gave a spoken assessment of the observed performance. The two eval-
uators were asked about the overall performance of each individual task-solver and their commu-
nication skills during the task. We decided to ask for an assessment of the overall performance and
the communication skills in order to animate the evaluators to give their appraisal some thought
and reflect on both task-solvers in a detailed way. Following performance appraisals in organiza-

tions, the written assessments consisted of a numerical rating scale and a comment section. The
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rating scale ranged from 1 to 6, with 1 indicating a very good and 6 implying a very poor perfor-
mance. This rating scheme is based on the German school grading system which we expected the
participants to be familiar with.

Evaluators who were assigned to the spoken evaluation format answered the same questions
by speaking about the performance. The comments were recorded and transcribed. Each picture-
matching team was assessed by a new pair of performance evaluators, meaning that each evaluator
only evaluated one team instead of one after the other.

The experimenter documented the completion time and the errors during the 20 rounds. The
timer was started as soon as the manager said “go” and stopped as soon as the employee indicated
that they identified all four pictures in a round. After each round, the experimenter announced the
completion time to the task-solvers and the evaluators simultaneously. Then the task-solver who
acted in the role of the employee in that particular round was asked to read the pictures that they
identified out loud, e.g., “16, 4, 9, and 3”. The experimenter gave immediate feedback by either
stating that the pictures were correct or by reporting the order that would have been correct, e.g.,
“That is incorrect. The correct order would have been 7, 4, 9, and 3”.* This way, every participant
in the room was aware of the performance in each round. Additionally, the experimenter docu-
mented the number of errors and who they thought was responsible (see chapter “Data pro-
cessing”’). The number of errors varied between 0 and 4 in each round as the task-solvers had to
identify four pictures. We documented three types of errors: incorrect pictures, invalid wording,
and time-outs. The experimenter assigned the responsibility for the respective errors on their pro-

tocol sheet and did not declare their decision audibly.

4 By giving the performance feedback after each round, we made sure that participants did not give up on the round
after one error.
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Empirical Strategy
As atrue value, we use the individual number of errors during the picture-matching task. Figure

2 illustrates our approach.

Insert Figure 2 about here

Through the picture-matching task, we collect two types of data: performance data from the
participants who perform the task (“task-solvers”) and appraisal data from the participants who
evaluate the performance of the task-solvers (“evaluators”). The appraisal data consists of written
and spoken evaluations. In the writing condition, participants rated the performance of the task-
solvers on a rating scale and were asked to write a short comment on the individual performance.
Contrarily, in the speaking condition, participants were only asked for a comment, without giving
a numerical rating for the respective performance.

To make the three appraisal formats comparable, it is necessary to translate the written and
spoken comments into a number. For this purpose, we use a Random Forest algorithm (see chapter
“Algorithmic solution”) that predicts a numerical rating for each comment (hereafter, algorithmic
rating). An alternative strategy that has frequently been used in the literature would be to manually
code all comments (e.g., David, 2013; Silva & Ribeiro, 2021; Wilson, 2010). Yet, this approach
can be prone to subjectivity and does not scale well for large datasets. Our strategy circumvents
these issues as the algorithm does not rely on subjective researcher choices.

With the numerical ratings that were directly assigned by the evaluators and the algorithmic
ratings that were predicted by the Random Forest (based on the written and spoken comments),
we compare how the ratings relate to true performance (see chapter “Data analysis™). In this study,
we estimate true performance by documenting the individual number of errors caused by the task-

solvers during the picture-matching task.
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Algorithmic solution for ratings

To connect the richness of qualitative comments with the high usability of numbers, we trained
and tested a Random Forest algorithm in a previous work (blind for review). The algorithm was
trained on 1,193 audio responses and respective numerical ratings. Specifically, respondents were
asked to describe their experiences with the strongest and weakest team members they have
worked with in the past in terms of eight predefined subject areas. When speaking about the subject
area, e.g., communication skills, participants were also asked to indicate which numerical rating
they would give for the described experience. The rating system was based on German school
grades. Accordingly, the scale covered the ratings from 1 to 6, with 1 indicating very good and 6
implying very poor performance. To ensure easier interpretation of the results, the ratings were
inverted for the analyses (1 = very poor, 6 = very good).

Participants were free to decide who they wanted to describe. For example, they could choose
one person for all eight subject areas or different people. Also, they could speak about someone
they worked with in the past or somebody they currently work with. By directing the questions to
whomever the respondents could think of, we received relatively equally distributed data (Figure
3). This data distribution offered a good basis for training an algorithm that can differentiate be-
tween good and bad performance. Had we trained it on a dataset that is skewed towards high
ratings, the algorithm would arguably be worse at differentiating between good and bad perfor-

mances.

Insert Figure 3 about here

The audio comments were recorded, transcribed, and translated into English. To process the

transcripts and develop our model, we used the scikit-learn library in Python. For the prediction of
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the ratings, we operationalized a feature vector by using Term Frequency Inverse Document Fre-
quency (TF-IDF). Drawing on previous studies, we employed 80 percent of the data for training
and 20 percent for testing purposes (e.g., Lei, Qian, & Zhao, 2016). Concerning the prediction
performance of the Random Forest, we received a root mean square error (RMSE) of 0.94. Lower
RMSEs stand for higher accuracy. When comparing our prediction performance to the reported
performance in other scientific studies (e.g., Ganu, Kakodkar, & Marian, 2013), our RMSE falls
in the same range. As the Random Forest showed promising performance on a separate test dataset,
we are confident in applying the algorithm to the evaluation comments of the picture-matching

task.

Data collection

We recruited participants in lectures at a medium-sized university in Europe. For participation,
students received monetary compensation. The first round of data collection started in May 2022
and the last round finished in November 2022. From 184 participants who took part in the experi-
ment, the data of 160 subjects were considered for further analysis. We matched the performance
data of 80 task-solvers to the appraisals of 80 evaluators. 40 evaluators were in the writing and 40
in the speaking condition. Consequently, each of the 80 task-solvers was assessed through one
written and one spoken evaluation because the evaluators observed both participants in the work-

ing team. The descriptive statistics are summarized in Table 1.

Insert Table 1 about here

On average, task-solvers made 3.05 mistakes (SD=3.89) in 20 rounds. This shows that most
participants performed quite well. The average completion time for the task was 1,014 seconds
(SD=251). With an overall time limit of 3,000 seconds (20 rounds*150 seconds), the fastest team
completed the task in 586 seconds, while the slowest team required 1,798 seconds.
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Data processing

To explore the relationship between the appraisal format and the true performance, we first
analyzed the numerical ratings that were given by the evaluators in the writing condition, the writ-
ten evaluation comments, and the spoken evaluations. In their evaluations, participants answered
two main questions concerning the task-solvers general performance and their communication
skills. For both questions, evaluators in the writing condition gave a numerical rating and wrote a
comment. Evaluators in the speaking condition answered both questions in a comment without
giving a numerical rating.

The spoken comments were recorded, transcribed, and translated into English. We used the
machine translator DeepL since it has been found to achieve outstanding translation results (Reber,
2019). Although a word-by-word translation cannot be achieved without changing the meaning of
the transcript, these inaccuracies have been reported to be of less concern when words are analyzed
individually like in our approach (Reber, 2019). Just like the spoken evaluations, the written com-
ments were also translated using DeepL. Student assistants checked the translations for errors and
made sure that the original meaning of the transcripts was not changed. Additionally, the author
team performed a final check. With the revised transcripts, we applied the Random Forest algo-
rithm that predicted a numerical rating for each comment.

To estimate the true performance, we used the individual number of errors. For each team, the
number of errors was documented by the experimenter who also recorded the error responsibility.
In some cases, the responsibility was clear (e.g., “Sorry, I described the wrong pictures”), in others,
it was more difficult to assign the error to one task-solver. In these cases, the experimenter assigned

the error to the whole team.

18



DATA ANALYSIS
Between-team analysis
As the data from the descriptive statistics already suggested, the participants performed the
task quite well with an average of 3.05 errors in 20 rounds. Figure 4 shows that 45 percent of the
task-solvers completed the 20 rounds with one error or less. Overall, the majority of participants

(56.25 percent) completed the task with 2 errors or less.

Insert Figure 4 about here

In comparison, the numerical ratings directly assigned by the evaluators in the writing condi-
tion (Figure 5), the algorithmic ratings for the written comments (Figure 6), and the algorithmic

ratings for the spoken comments (Figure 7) are distributed as follows:

Insert Figure 5, Figure 6, and Figure 7 about here

It is important to note that the distribution of the assigned ratings (Figure 5) largely resembles
the rating distribution commonly found in the literature: it is highly skewed towards positive rat-
ings (Hu, Pavlou, & Zhang, 2017). Despite the fact that the errors are distributed in a similar way
(many teams with very few errors), this does not permit us to conclude that numerical ratings
assigned by evaluators are an appropriate measure to evaluate performance. For example, even
though restaurant ratings are positively skewed, it would be misleading to conclude that there are
only outstanding restaurants in a market. Schoenmueller, Netzer, and Stahl (2020) present evi-
dence of such skewness in a wide variety of cases, e.g., Blablacar, Goodreads, and Netflix.

Although the distribution of the performance data and the assigned ratings look roughly simi-

lar, the ratings do not correlate with the number of errors (Table 2).

Insert Table 2 about here

19



The general picture emerging from the between-team analysis is that evaluators do not system-
atically differentiate between high and low performance between teams; regardless of using nu-

merical ratings, written comments, or spoken comments.’

Within-team analysis

Since evaluators only observed a single team performing the task and did not get an overview
of the other teams’ performance, evaluators only had one reference point (the other task-solver).
By watching two participants solve the task, evaluators were able to compare the performance of
one task-solver relative to the other. This way, evaluators possibly determine high or low
performance in relation to the other task-solver and differentiate on a much smaller scale, namely
the team level instead of the whole sample. Consequently, we take a closer look inside the teams
and investigate to what extent evaluators differentiate between the two task-solvers that they
observed. For this purpose, we calculate the performance gap in each team (errors task-solver A —
errors task-solver B) and compare this difference to the difference in the two ratings.

The analysis reveals that the difference in the number of errors between two task-solvers
positively correlates with the difference in the algorithmic ratings in the speaking condition

(Table 3).

Insert Table 3 about here

This correlation indicates that the evaluators in the speaking condition differentiate more
strongly between two task-solvers the bigger their difference in the number of errors. Large

differences in the number of errors imply that one task-solver performed much weaker than the

5 The results, presented as scatter plots, are included in the Appendix (see Figure 1 — Figure 3).
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other. Figure 8 illustrates the results for the algorithmic ratings in the speaking condition in a

scatter plot.°

Insert Figure 8 about here

Robustness Check

In the next step, we conduct a robustness check to address concerns that our results may be
merely an artifact of our prediction algorithm rather than a general pattern. To this end, we analyze
the written and spoken comments using ChatGPT-4. Specifically, we prompt ChatGPT to assess
the described performance on a scale from 1 (very good) to 6 (very poor). For the analyses, we
inverted the ratings so that 1 corresponds to very poor and 6 to very good. The results of the be-

tween-team analysis are presented in Table 4.

Insert Table 4 about here

While most results remain consistent, we find a significant negative correlation between the
number of errors and the algorithmic ratings for spoken comments, indicating that evaluators as-
sess task-solvers more negatively when their number of errors is high. Figure 9 illustrates the re-

sults for the spoken comments using a scatter plot.”’

Insert Figure 9 about here

For the within-team analysis, the results remain largely consistent as well. However, the posi-
tive correlation between the difference in the number of errors and the difference in ratings for

spoken comments becomes even more pronounced (Table 5).

Insert Table 5 about here

® The scatter plots for the assigned ratings and algorithmic ratings (writing condition) are attached in the Appendix
(see Figures 4 and 5).
7 The scatter plot for the ChatGPT ratings in the writing condition is attached in the Appendix (see Figure 6).
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The results indicate that evaluators in the speaking condition incorporated differences in the
number of errors within a team into their assessments, whereas those in the writing condition did

not. Figure 10 presents the results for spoken comments as a scatter plot.®

Insert Figure 10 about here

The robustness check provides strong support for the stability of our findings. Specifically, the
results remain consistent when using an alternative algorithm for rating prediction, reinforcing the
credibility of the approach. In our specific setting, spoken comments have shown to reflect perfor-

mance most accurately.

SUMMARY OF RESULTS

In summary, the between- and within-team analyses provide evidence that spoken appraisal
comments are a richer source of performance information than numerical ratings assigned by eval-
uators. Although the distributions of performance data and assigned ratings look roughly similar,
we do not find support for the assumption that assigned numerical ratings are indeed an accurate
measure for assessing performance. In particular, our data reveal no correlations between perfor-
mance and the three appraisal formats on the between-team level (assigned ratings, algorithmic
ratings for written comments, and algorithmic ratings for spoken comments).

To gain a deeper understanding of the underlying dynamics of the performance evaluations,
we conducted a more detailed analysis within teams. Between teams, evaluators had no reference
point, meaning it was challenging for them to determine good and poor performance as they only
observed one team. However, they had a reference point inside their team: the other task-solver.

Accordingly, we tested the extent to which evaluators differentiated between both task-solvers in

8 The scatter plot for the ChatGPT ratings in the writing condition is attached in the Appendix (see Figure 7).
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their evaluations with regard to the difference in their performance. First, we analyzed the appraisal
formats in terms of the performance difference within teams. We find that the difference in the
algorithmic ratings for spoken comments significantly relates to the difference in the number of
errors within teams.

To assess the robustness of these results, we conducted an additional analysis using ChatGPT.
This analysis reveals a significant negative correlation between the number of individual errors
and ratings for spoken comments in the between-team analysis, indicating that evaluators take the
number of errors into account when speaking of performance. Additionally, we observe a signifi-
cant positive correlation between error differences and corresponding rating differences for spoken
comments. Our findings provide evidence that evaluators differentiate more strongly when they
have a reference point and that these differentiations predominantly become obvious in spoken

comments. Our results are summarized in Table 6.

Insert Table 6 about here

DISCUSSION

Our study aimed to explore the accuracy of appraisal formats with regard to capturing objective
performance indicators. While rating accuracy is an issue of high relevance (e.g., Rojon et al.,
2015; Speer, 2020; Spence & Keeping, 2011), to the best of our knowledge, most research has
investigated the accuracy of performance appraisals from a subjective standpoint. In this context,
comparing participants’ ratings to expert ratings has been the most common approach (e.g., Bor-
man, 1979; Mero et al., 2003; Yun et al., 2005). As objective performance measures are more
challenging to obtain, only a few studies have investigated rating accuracy in performance apprais-

als by applying objective performance indicators (e.g., Sundvik & Lindeman, 1998; Kusterer &

23



Sliwka, 2022). However, we are not aware of studies that explored the accuracy of numerical and
verbal appraisal formats as compared to objective performance.

To explore the relationship between numerical and verbal appraisal formats and objective per-
formance, we let participants solve a picture-matching task under the observation of two evalua-
tors. One evaluator was asked to assess the performance of both task-solvers in writing and the
other evaluated the performance by speaking. The individual number of errors served as an objec-
tive indicator of performance. We decided to let one pair of evaluators observe one pair of task-
solvers only, as opposed to multiple task-solvers in a row, to circumvent sequential order bias (e.g.,
Chernev, 2011; Criscuolo, Dahlander, Grohsjean, & Salter, 2021; Highhouse & Gallo, 1997; Page
& Page, 2010). By only watching one team solve the picture-matching task, evaluators solely have
one reference point to classify high and low performance, namely the other task-solver in the team.
We find evidence that participants tend to give positive ratings when they do not have an overview
of the entire participant field but only one team, especially when participants make relatively few
mistakes. Accordingly, the differences that we discover, are most pronounced on the within-team
level as this is the only way for evaluators to make comparisons.

In general, this raises the widely discussed question if performance evaluations should rather
be made in absolute (compared to a predefined standard) or relative terms (comparing to other
employees) (e.g., Blume, Baldwin, & Rubin, 2009; Chattopadhayay & Ghosh, 2012; Roch, Stern-
burgh, & Caputo, 2007). Ideally, performance ratings would stand for themselves and give indi-
viduals the chance to make judgments on qualifications based on the rating at hand. When reading
that an employee received a high rating for communication skills, this rating should be a reliable
indicator that this particular employee is well suited to work in settings where high communication

skills are required. However, individuals have a strong tendency towards positive ratings (e.g.,
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Schoenmueller et al., 2020). Thus, the school grade B might express good communication skills
in itself but when the rest of the team receives straight As, the grade B gets a new context and
actually indicates that the ratee performed weakest in the team. Although performance appraisals
should certainly stand for themselves, we find evidence that it is challenging for individuals to
define high and low levels of performance when they do not have a reference point. Only when
analyzing the evaluations on the team level, we see that evaluators differentiate between different
levels of performance.

Additionally, our paper demonstrates that a Large Language Model (LLM) such as ChatGPT
and a supervised learning model (i.e., our algorithm) arrive at the same results when predicting
performance ratings. In conducting the robustness check, we follow the recommendation to assess
model reliability by comparing complex models (ChatGPT) with simpler, more interpretable ap-
proaches (Random Forest) (Feuerriegel et al., 2025). Our finding strengthens confidence in the
robustness of the results, as it suggests that both generalized language understanding (LLM) and
task-specific learning (supervised model) detect the same underlying patterns. By showing this
alignment, the study provides evidence that LLMs may potentially serve as viable alternatives to
supervised models in performance assessment tasks, particularly when the availability of labeled
training data is limited. However, it is important to consider that, unlike supervised models, LLMs
do not rely on explicitly defined features but rather on large-scale data, making it difficult to un-
derstand how they arrive at their predictions (e.g., Budhwar et al., 2023). Additionally, data secu-
rity is not guaranteed, and firms may ultimately prefer to train their own models based on their
specific evaluation criteria. Nonetheless, our findings demonstrate that machine learning ap-
proaches may generally contribute to enhancing accuracy and that self-trained models can perform

effectively even with small training datasets.
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Our first approach to investigating the relationship between appraisal formats with regard to
objective performance has some limitations. In our study, participants solved the task quite well
and only made a few errors. Correspondingly, studies with a bigger heterogeneity in performance
data might come to different results. Additionally, our results may depend on the operationaliza-
tion of objective performance. In this study, we used the individual number of errors and assigned
equal weight to the errors. However, organizational settings have a much higher complexity than
laboratory experiments. Accordingly, some errors have more serious consequences than others and
are weighted differently. Also, errors are more difficult to measure, and cannot easily be assigned
to one person. As a consequence, our findings may have limited generalizability to settings where

errors are harder to assess and need to be tested in a field experiment.

CONCLUSION

In this paper, we sought to investigate the accuracy of numerical and verbal appraisal formats
in the reflection of objective performance. Our results show that between teams, neither evaluation
format accurately predicts objective performance. Within teams, however, algorithmic ratings for
spoken comments are superior in predicting objective performance compared to the other evalua-
tion formats. This underscores the importance of harnessing qualitative information in the evalua-
tion process. Although texts are more time-consuming regarding production and processing, they
have a higher informative value when it comes to differentiating performance. Accordingly, this
also underlines the importance of testing methods to quantify texts in organizational settings: per-
formance appraisals aim to get accurate information on individual performance while still obtain-
ing data that are easy to manage. Without any insight into who performed better than the other,

organizations are missing an essential basis for decision-making. This not only concerns decisions
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regarding who is the best fit for a certain task but also about who requires training and lacks im-
portant skills.

Especially when applying algorithms to transfer textual information into numerical ratings, it
is crucial to build trust in machine learning and to highlight the connection between the human
evaluation and the numerical prediction of the algorithm. The evaluation still stems from a human
evaluator while the algorithm is used to assign a number to the described performance. Also, the
prediction by the algorithm does not categorically exclude the option to conduct final manual
checks on the ratings.

While there is wide research interest in rating accuracy, the literature on performance apprais-
als shows a gap in estimating true performance with objective measures. With this study, we take
a first step in closing this gap and compare the accuracy of three different appraisal formats (as-
signed ratings, algorithmic ratings for written comments, and algorithmic ratings for spoken com-
ments) with the individual number of errors in a picture-matching task. By using an algorithm to
transfer text into numerical ratings, we point out the usefulness of machine learning and show an

exemplary use case of machine learning in an organizational setting.
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TABLES

TABLE 1
Descriptive Statistics
Variable N Mean Std. Dev. Min. Max.
Task-solver gender (female) 80 .50 .50 0 1
Evaluator speaking condition (female) 80 53 .50 0 1
Evaluator writing condition (female) 80 .58 .50 0 1
No. errors 80 3.05 3.89 0 22
Completion time 80 1014.48 251.27 586 1798
Assigned ratings (scale) 80 5.2 .70 3 6
Algorithmic ratings 80 4.12 32 349 478
(written comments)
Algorithmic ratings 80 4.8 35 334 487
(spoken comments)
TABLE 2
Between-Team Analysis: Correlation Matrix for No. Errors and Ratings
Variable 1. 2. 3.
1. No. errors 1
2. Assigned ratings 14 1
(writing condition) ’
3. Algonthmlf: ‘ratmgs 06 17 1
(writing condition)
4. Algorithmic ratings 03 03 _00

(speaking condition)

*p < 0.1, **p<0.05, ***p<0.01
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TABLE 3
Within-Team Analysis: Correlation Matrix for Differences in No. Errors and Ratings

Variable 1. 2. 3. 4.
1. Differences in no. errors 1
2. Differences in assigned ratings

.. . 14 1
(writing condition)
3. Differences in algorithmic ratings

.. . -.01 .01 1
(writing condition)
4. leferences 1.n'algor1thm1c ratings g 07 95 1
(speaking condition)
*p < 0.1, *#p<0.05, ***p<0.01

TABLE 4
Between-Team Analysis: Correlation Matrix for No. Errors and Ratings
(using ChatGPT)

Variable 1. 2. 3. 4.
1. No. errors 1
2. Assigned ratings

.. .. -.14 1
(writing condition)
3. Algorlthmlg 'ratlngs 10 05 1
(writing condition)
4. Algorithmic ratings 0.0 18 _ 04 1

(speaking condition)

*p < 0.1, **p<0.05, ***p<0.01



TABLE §
Within-Team Analysis: Correlation Matrix for Differences in No. Errors and Ratings

(Using ChatGPT)

Variable 1. 2. 3. 4.
1. Differences in no. errors 1
2. Differences in assigned ratings

. .. .14 1
(writing condition)
3. Differences in algorithmic ratings

. o .15 23 1
(writing condition)
4. leferences 1.n.algor1thmlc ratings 37k 05 15 1
(speaking condition)
*p < 0.1, ¥*p<0.05, ***p<0.01

TABLE 6
Overview of Results
Between teams Within teams

significant positive correlation be-
no significant correlations between no.  tween the differences in no. errors

Ratings errors and ratings and differences in algorithmic rat-
ings for spoken comments
. ) ) significant positive correlation be-
significant negative correlation be- tween the differences in no. errors
ChatGPT tween no. errors and ratings for spoken ]

and differences in ratings for spo-

comments
ken comments
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FIGURES

FIGURE 1
Schematic Illustration of the Experimental Design
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FIGURE 2
Schematic Illustration of the Empirical Approach

‘Writing Condition Speaking Condition

———————————— + Numerical Performance Ratings
+ Written Performance Comments + Spoken Performance Comments

Random Forest Algorithm

e a

Algorithmic Ratings for Algorithmic Ratings for

Assigned Ratin,
ssignec Ratmgs Written Comments Spaken Comments

Individual Number of Errors

36



FIGURE 3
Distribution of Numerical Ratings in the Training Data Collection
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FIGURE 4
Distribution of Number of Errors in 20 Rounds
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FIGURE 5
Distribution of the Ratings Assigned by the Evaluators in the Writing Condition
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FIGURE 6
Distribution of the Text-Based Ratings for the Written Comments
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FIGURE 7
Distribution of the Text-Based Ratings for the Spoken Comments
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FIGURE 8
Within-Team Analysis: The Relationship Between
the Difference in Errors and the Difference in Algorithmic Ratings (Spoken Comments)
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FIGURE 9
Between-Team Analysis: The Relationship Between
Errors and ChatGPT Ratings (Spoken Comments)
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FIGURE 10

Within-Team Analysis: The Relationship Between
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APPENDIX

FIGURE 1
Between-Team Analysis: The Relationship Between Errors and Assigned Ratings
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FIGURE 2

Between-Team Analysis: The Relationship Between Errors and Algorithmic Ratings
(Written Comments)
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FIGURE 3
Between-Team Analysis: The Relationship Between Errors and Algorithmic Ratings
(Spoken Comments)
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FIGURE 4
Within-Team Analysis: The Relationship Between the
Difference in Errors and the Difference in Assigned Ratings
10
8 -
®
o
6 6
@ 4
2 ////
2 -
07 T T T T T
0 5 1 15 2

Difference in Ratings



FIGURE 5
Within-Team Analysis: The Relationship Between the

Difference in Errors and the Difference in Algorithmic Ratings (Written Comments)
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FIGURE 6

Between-Team Analysis: The Relationship Between Errors and ChatGPT Ratings

(Written Comments)
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FIGURE 7
Within-Team Analysis: The Relationship Between the
Difference in Errors and the Difference in ChatGPT Ratings (Written Comments)
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