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Abstract
The evaluation of long-form text in the med-
ical domain is increasingly reliant on auto-
mated metrics. However, the reliability of
these metrics themselves is often assumed
rather than rigorously tested, especially when
long-form generations are the expected out-
put. We address this gap by proposing SyS-
DEM - Synthetic and Stratified Degradations
for Evaluating Metrics, a framework to eval-
uate the quality of reference-based evaluation
metrics. Using this framework, we demon-
strate a method that iteratively perturbs can-
didate texts to assess the sensitivity and dis-
crimination power of reference-based text eval-
uation metrics. Through experiments on the
ACI-Bench clinical note generation dataset, we
demonstrate the importance of evaluating eval-
uation metrics for long-form text, highlighting
the need for robust validation methodologies.

Keywords: Evaluation of Evaluation Metrics;
Long Form Text Generation for Clinical Appli-
cations

Data and Code Availability We perform ex-
periments on the ACI-Bench clinical note genera-
tion dataset (wai Yim et al., 2023) which consists
of synthetic doctor-patient dialogs and corresponding
SOAP notes. We plan to release the code underly-
ing our framework after obtaining organizational ap-
proval. Though the code repository is not currently
released, we provide extensive technical and algorith-
mic details in the paper to aid implementation

Institutional Review Board (IRB) Our work
does not require IRB approval.

1. Introduction

The surge in generative models has led to the prolif-
eration of long-form text generation use cases in the
medical domain. Evaluating the quality of these gen-
erated texts is crucial, which has subsequently driven
the development of new evaluation metrics, which
vary in their purpose, methodology, complexity, and
sensitivity to the specific task they are developed for.
While metrics are used to inform critical decisions,
the errors that may propagate from the metrics them-
selves are often an afterthought. Prior work (Hanna
and Bojar, 2021) has demonstrated that traditional
evaluation metrics have low correlation with human
evaluation judgments.

Automatic evaluation of machine-generated text
has long been a central challenge in natural language
generation (NLG) (Brew and Thompson (1994),
Marie (2022)). Driven by the success of large-scale
pretrained language models (PLMs) (Devlin et al.,
2019), recent research has focused on developing eval-
uation metrics based on these models. For instance,
BERTScore (Zhang et al., 2019b) calculates similar-
ity scores between the contextualized embeddings of
the candidate and the reference text. These PLM-
based metrics have demonstrated (Herbold, 2024) su-
perior correlations with human annotations across
various tasks, leading to their increasing adoption in
practical applications.

However, it is crucial to acknowledge the inherent
limitations of PLMs. These models can produce de-
generate, repetitive text (Holtzman et al., 2020) and
exhibit insensitivity to perturbations such as word or-
der shuffling and negation (Ettinger, 2020), (Hanna
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Figure 1: The framework lets a user configure three components: (1) language modeling tasks and the
corresponding reference/gold answers; (2) a user specified criteria of quality, and (3) the evaluation
metrics to be evaluated. The framework generates stratified synthetic degradations that allow it
to assess the metrics on selected criteria of quality.

Figure 2: A detailed view of the synthetic degradations and assessment of evaluation metrics.

and Bojar, 2021). These shortcomings, when com-
bined with specific design choices in metric develop-
ment, can render PLM-based evaluation metrics brit-
tle and susceptible to manipulation. Consequently,
careful consideration of these factors is essential for
ensuring the reliability and robustness of evaluation
methodologies.

More recently, the use of commercial Large Lan-
guage Models (LLMs) like GPT-4o as “LLM-as-a-
judge” evaluators for pairwise comparisons in LLM
alignment tasks has become increasingly prevalent
(Zheng et al., 2023). While they have shown a higher
agreement to human preference compared to PLM
based methods, they suffer from various shortcom-
ings; calibration, position bias, verbosity bias, and
self-inclusion bias are some of them (Gu et al., 2024).

We introduce SySDEM, a scalable framework that
iteratively perturbs candidate texts, forming a hier-

archy that allows us to evaluate the sensitivity and
discrimination power of various reference-based eval-
uation metrics in medical domain (Figure 1). Our
approach generates synthetic degradations of the ref-
erence answer (without requiring additional human
annotation) and measures the extent to which each
evaluation metric gets worse when applied to the de-
graded versions of the reference answer (Figure 2).
We emphasize that the focus of our work is to demon-
strate the feasibility of this framework. Our intent
is not to draw conclusions about specific metrics and
the task they are applied on. We demonstrate the us-
ability of SySDEM by applying our framework over
a wide range of metrics for the task of SOAP (Sub-
jective Objective Assessment Plan) note generation
(Podder et al., 2024)) using the ACI-Bench dataset
(wai Yim et al., 2023).
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2. Related work

2.1. Reference based evaluation metrics

Reference-based evaluation metrics evaluate the gen-
erated output by measuring its similarity to human-
annotated reference texts. ROUGE (Lin, 2004) in-
troduced methods to evaluate the quality of a gen-
erated summary with a reference summary. Metrics
such as BERTScore (Zhang et al., 2019a), BLEURT
(Sellam et al., 2020), and others have demonstrated
strong correlations with human judgments on short-
form text. BERTScore leverages contextual embed-
dings from BERT to assess semantic similarity, while
BLEURT is trained to predict human quality judg-
ments.

Subsequent research discovered shortcomings of
each of these metrics; Lin (2004) show that in a note
generation setting, the Levenshtein distance between
a reference and generated output led to better re-
sults than using ROUGE. Hanna and Bojar (2021)
demonstrate deficiences in BERTScore that make it
less sensitive to smaller errors. This period coincides
with the rise of LLM-as-a-judge paradigm (Zheng
et al., 2023) as an alternative to traditional met-
rics. While they show stronger correlation to human
judgments, various trivial failure modes have come to
light. Zheng et al. (2025) show that null models can
achieve high win rates. Ye et al. (2024) show that
unrelated changes in the prompts to the judge mod-
els can have significant outcomes in the judgment. In
light of these findings, Gu et al. (2025) recommend
that well-calibrated judgments, uncertainty calibra-
tion, and development of adversarially robust evalua-
tion frameworks are steps to address such challenges.
We position our work to better understand the ability
of metrics to discriminate and calibrate an increas-
ingly narrow regime where competing models score
on the higher side with little variation in quality of
their outputs.

2.2. Evaluation of metrics

Ribeiro et al. (2020) introduced checklists to test for
robustness of models under perturbations. Following
a similar recipe, Sai et al. (2021) leverage checklists
but instead apply them to evaluation metrics. They
design a total of 34 perturbation templates across dif-
ferent criteria such as Fluency, Informativeness, and
Negations. They demonstrated that a majority of
the metrics have poor correlations with human judg-
ments across criteria. While our work builds on this

foundation, the perturbation methods we use are not
based on prefabricated templates. Additionally, we
build an iterative perturbation setting which aims to
not only study correlation of metrics to human judg-
ment, but also quantitatively characterize their sen-
sitivity to such perturbations.

Liang et al. (2023) introduced HELM and with
it included robustness tests for evaluation metrics.
While they test for invariance (the stability of a
model’s predictions under small semantically pre-
served perturbations) and equivariance (the study of
semantic altering perturbations on model behavior)
their focus is on model behavior and not the metrics
themselves.

Deviyani and Diaz (2025) argue that while evalua-
tion metrics are applied in highly contextualized set-
tings, the metric meta-evaluation focuses on general
statements about the absolute and relative quality of
metrics. They demonstrate this mismatch by divid-
ing a task into smaller contexts, observing that the
metric accuracy changes across the contexts. Similar
to us, they construct a perturbed dataset spanning
each of the local contexts to measure the accuracy
of a metric. Our work differs from them in multiple
aspects. First, we use criteria of quality to influence
the local context. Second, our perturbation mecha-
nism is stratified and obtains richer signal about the
metrics. Third, given that their perturbations are
performed once on the original text, they test for sin-
gle pairwise monotonicity. The discrimination power
between metrics is not captured in their methods.
Briefly, as long as two metrics can rank the perturba-
tion lower than the original text, they are equivalent,
and the magnitude is not taken into consideration.
Finally, our focus is specifically on long form text,
as opposed to perturbation methods that are better
suited for shorter sentences.

3. Methodology

Our methodology focuses on evaluating reference-
based evaluation metrics. Given a reference text R
(gold standard) and a candidate text C, we itera-
tively perturb C n times to generate a sequence of
degraded candidates C1, C2, ..., Cn. Each perturba-
tion introduces a controlled level of degradation, such
that the quality of Ci is lower than Ci−1. Figure 2
visually represents this workflow.

Perturbations can target various criteria of text
quality, including but not limited to grammatical
correctness, brevity, simplicity, factual completeness,
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and factual correctness. To limit the scope of this
study, we focus on factual correctness.

3.1. Perturbation Mechanism

We implement an unsupervised mechanism to per-
turb factual correctness. The mechanism splits the
candidate text C into atomic facts, corrupts an in-
creasing percentage of these facts using GPT-4o, and
recombines them into a coherent long-form text to
create the degraded candidates C1, C2, ..., Cn. Algo-
rithm 1 illustrates this in detail and Table 1 presents
an example.

3.2. Evaluation Metric Assessment

We evaluate the performance of evaluation metrics
by examining two key properties:

1. Monotonicity: A desirable evaluation metric
should assign scores that decrease as the candi-
date text is increasingly degraded. Mathemati-
cally, for an evaluation metric Ei, we expect:

Ei(R,C) > Ei(R,C1) > ... > Ei(R,Cn)

2. Discrimination Power: A good evaluation
metric should be able to discriminate between
candidates of differing quality. If two evalua-
tion metrics E1 and E2 are used to score can-
didates, E1 is deemed to have higher discrimina-
tion power if the differences between its scores
are larger than those of E2.

4. Experiments

We experiment with the train set of ACI-Bench
dataset (wai Yim et al., 2023). ACI-Bench is a med-
ical dataset for the task of generating SOAP notes
with 67 training examples. A SOAP note is a struc-
tured document used by healthcare professionals to
record patient information, comprising Subjective,
Objective, Assessment, and Plan components. For
each patient case, ACI-Bench provides a gold refer-
ence SOAP note.

We extract a candidate solution C by paraphrasing
the gold reference answer R using GPT-4o. The de-
graded candidates C1, C2, ..., Cn are obtained by the
method described in Section 3.

4.1. Human Annotation Study

To validate that our degradation method meets the
desired properties, we conduct a human annotation
check by sampling 10 candidate pairs C and C1. For
each pair, the following judgments are made:

• Is there at least one incorrect fact in candidate
C1 with respect to the reference R?

• Are the number of incorrect facts in candidate
C lesser than in C1 with respect to the reference
R?

All 10 candidate pairs satisfy the above conditions.
The annotator also flags cases where the number of
missing facts in candidate C if any is lower than the
number of facts missing in C1 with respect to refer-
ence R. While this count is ideally expected to be
0 as a fact cannot appear in C1 that did not exist
in candidate C, we observe one instance where this
happens. We speculate that the data sample being
present in the LLM’s training data could possibly ex-
plain this behavior.

4.2. Evaluation Metrics

We evaluate the performance of metric Ei ∈ E on the
generated pairs:

Ei(R,C), Ei(R,C1), Ei(R,C2), ..., Ei(R,Cn).

Next, we describe the metrics that we test for the
SOAP note generation use case (see Moramarco et al.
(2022) for a discussion).

4.2.1. BERTScore

BERTScore (Zhang et al., 2019a) leverages contex-
tual embeddings from BERT to assess the similarity
between a candidate sentence and a reference sen-
tence. It computes a fine-grained similarity score for
each token in the candidate sentence with each to-
ken in the reference sentence using contextual embed-
dings, then matches tokens using a greedy matching
procedure. The scores for matched tokens are then
aggregated to produce an overall similarity score.

4.2.2. BLEURT

BLEURT (Sellam et al., 2020) is a learned evaluation
metric that is trained to predict human quality judg-
ments. It is designed to be robust and generalize well
across different domains and tasks. BLEURT uses a

4

https://arxiv.org/abs/1904.09675
https://arxiv.org/abs/2004.04696


Synthetic and Stratified Degradations for Evaluating Metrics

Algorithm 1 Generate Degraded Candidates

Require: Reference Text R, Candidate Text C, Number of Iterations n, LLM model
Ensure: List of Degraded Candidate Texts [C1, C2, ..., Cn]
1: function GenerateDegradedCandidates(C, n,LLM)
2: DegradedCandidates← []
3: CurrentCandidate← C
4: α← 0.3

n
for i← 1 to n do

5:
end
Facts← SplitIntoAtomicFacts(CurrentCandidate,LLM)

6: CorruptedFacts← CorruptFacts(Facts, α ∗ count(Facts),LLM)
7: DegradedCandidate← RecombineFacts(CorruptedFacts,LLM)
8: Append(DegradedCandidates,DegradedCandidate)
9: CurrentCandidate← DegradedCandidate

10: α← α+ 1
n

11:

12: return DegradedCandidates
13: end function
14:

15: function SplitIntoAtomicFacts(Text,LLM)
16: Facts← UseLLMToSplit(Text,LLM)
17: return Facts
18: end function
19:

20: function CorruptFacts(Facts,NumToCorrupt,LLM)
21: CorruptedFacts← Facts ▷ Copy to avoid modifying original
22: IndicesToCorrupt← RandomlySelectIndices(NumToCorrupt, length(Facts))

for each Index in IndicesToCorrupt do
23:

end
CorruptedFacts[Index]← UseLLMToCorrupt(Facts[Index],LLM)

24:

25: return CorruptedFacts
26: end function
27:

28: function RecombineFacts(Facts,LLM)
29: RecombinedText← UseLLMToRecombine(Facts,LLM) ▷ Use LLM to recombine
30: return RecombinedText
31: end function
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Figure 3: Each bar counts the number of instances where the metric scored the degraded candidate C1
higher than candidate C, out of a total of 67 examples, representing violations. DocLens has the
lowest number of such violations.

large pre-trained language model and is fine-tuned on
a dataset of human ratings and synthetic scores de-
rived from other metrics, allowing it to capture subtle
aspects of text quality that are often missed by other
metrics.

4.2.3. AutoAIS

AutoAIS (Yue et al., 2023) is an automatic evaluation
metric that focuses on assessing the factual accuracy
and consistency of generated text. It uses a combi-
nation of information retrieval and natural language
inference techniques to compare the generated text
with a knowledge source or reference text. AutoAIS
aims to provide a more reliable and interpretable eval-
uation of factuality than traditional metrics.

4.2.4. SBERTScore

SBERTScore is a modification of BERTScore that
calculates sentence-level embeddings using Sentence-
BERT (SBERT). While BERTScore computes token-
level similarities, SBERTScore computes the embed-

ding for the entire sentence and compares those em-
beddings. This change aims to capture the over-
all semantic similarity between sentences more effec-
tively, potentially improving the correlation with hu-
man judgments, particularly for longer texts where
sentence-level coherence is important.

4.2.5. Jina Similarity Embeddings

Jina Similarity Embeddings (Sturua et al., 2025) pro-
vide a method for generating dense vector representa-
tions of text that are optimized for similarity search
and comparison. These embeddings can be used for
various natural language processing tasks, including
text evaluation. By comparing the embeddings of
generated and reference texts, one can assess their
semantic similarity. Jina embeddings are designed to
be efficient and scalable, making them suitable for
large-scale evaluation tasks.
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Figure 4: Each scatter in the plot corresponds to the aggregated Ei(R,C)−Ei(R,Cn) across all samples for
n = 1...5.

4.2.6. DocLens

DocLens (Xie et al., 2024) ( is an evaluation frame-
work designed to assess the quality of text generation
tasks in the medical domain. The framework calcu-
lates the conciseness and completeness of the gen-
erated text for clinical note generation. The met-
rics can be computed by various types of evalua-
tors including instruction-following (both proprietary
and open-source) and supervised entailment models.
While other models can be used with this framework,
GPT4-o is widely used, so we replicate the same set-
ting.

5. Results and Discussion

5.1. Monotonicity

When comparing candidate answer C against a de-
graded candidate, Ci, an ideal metric would consis-
tently rank C over Ci. We refer to instances where
a metric attributes a higher score to Ei(R,Ci) than
Ei(R,C) as a violation. In Figure 3, we plot the fre-
quency of violations in comparing C with C1 across
metrics. This provides a measure of how often the
metric can discern a higher quality text. We see

that across our metrics, DocLens has the fewest vi-
olations across examples. The appendix plots these
same graphs comparing C to C2, C3...C5. We see that
the general pattern holds, with DocLens having the
fewest violations. Notably, however, as the i in Ci

increases, the number of violations AutoAIS drasti-
cally drops, such that AutoAIS is also able to achieve
performance comparable to DocLens for i > 3.

When trying to measure how well metrics rank dif-
ferent levels of degradations for the same example,
it is natural to consider the Spearman correlation
between the number of degradations and the value
returned by the metric. In practice, however, we
find that this gives a coarsely aggregated view of how
well metrics rank examples. We instead calculate the
mean of E(R,C) − Ei(R,Ci) over 67 samples for an
evaluation metric E for a candidate i (Figure 4). As i
increases, the number of degradations in Ci increase.
As observed in the figure, E(R,C)− Ei(R,Ci) stays
flat for all metrics except AutoAIS and DocLens, in-
dicating that these metrics best respect monotonicity
for measuring factual degradations. This is an intu-
itive finding for examining factual degradations, as
both metrics use an entailment model to explicitly
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Figure 5: Each violin plots the value corresponding to Ei(R,C) − Ei(R,C1) along with the mean, and
quartiles of the distribution denoted by dotted lines.

check that individual assertions made in the gener-
ated texts are supported/entailed by the reference.

5.2. Discrimination Power

In addition to being able to rank candidate met-
rics appropriately, a metric should also be able to
strongly discriminate between candidates of differing
quality. A metric could, for example, appropriately
rank candidates in the correct order, but if the val-
ues returned for different candidates are very close,
despite the differences in quality, it is difficult to draw
conclusions from the metric when aggregating mea-
surements across examples and models. Thus, we
want metrics to have a substantial difference between
the values of E(R,C) − Ei(R,Ci) aggregated across
the dataset. In Figure 5, we plot the distribution of
E(R,C)−Ei(R,C1) where C is the candidate answer
and C1 is the first degraded candidate answer. We
observe that DocLens (Xie et al., 2024) has the high-
est average score with no percentile below the y = 0
line.

In conclusion, by studying the distribution across
all data samples of E(R,C)−Ei(R,Ci) for each level
Ci of degradation and comparing their means across
all levels, practitioners can quantitatively character-
ize both the monotonicity and the discrimination
power of a metric E. On this basis, the right evalua-
tion metric for the criteria of choice can be utilized.

6. Conclusion

In this work, we introduce a framework to evaluate
the quality of reference-based evaluation metrics for
long-form text in the medical domain. Our method-
ology, based on iterative perturbation of factuality as
a criteria, allows us to assess the sensitivity and dis-
crimination power of various metrics from the lens of
factuality. We reiterate that we position this paper to
demonstrate the practicality of our framework. Con-
ditioned on the use case and a medical practitioner’s
interpretation of an evaluation criteria, they may de-
vise different degradation methods targeting differ-
ent criteria. We encourage practitioners to spend re-
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sources in the careful curation and design of these
degradations to identify metrics that work well for
their use cases. In the future, we envision the devel-
opment of a library consisting of different degradation
recipes paired with their motivating criteria, to allow
for a fine grained evaluation of metrics.

7. Limitations

We acknowledge that the degradation process may
be noisy and introduce errors where the true order-
ing of candidates C1...n may be out of order. A hu-
man in the loop-based verification such as the one we
performed in the human annotation section could be
used to estimate how reliable the method is. In use
cases demanding stringent quality, an assisted human
in the loop verifier is a potential solution. Alterna-
tively, there are scaling methods that can rely on the
majority vote of an ensemble of metrics to filter and
reduce such noisy orderings.
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Appendix A. Appendix

A.1. Prompts

In Figure 6 we show the single shot prompt for split-
ting text into atomic facts. Figure 7 and 8 shows the
prompts for corrupting and recombining those facts

respectively, and Figure 9 is to generate a paraphrase
of the input text.

A.2. Degradation example

Table 1 shows an example of the degradation process.
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Prompt (Fact splitting)
You are a helpful bot, your task is to break the user text into the smallest independent atomic facts
possible. Do not number them. Print them out line by line. Each fact needs to be simple.

Here is an example

INPUT: The Java Development Kit (JDK) is an implementation of either one of the Java Platform,
Standard Edition, Java Platform, Enterprise Edition, or Java Platform, Micro Edition platforms
released by Oracle Corporation in the form of a binary product aimed at Java developers on Solaris,
Linux, macOS or Windows.

OUTPUT: The Java Development Kit (JDK) exists.
The JDK is an implementation.
The JDK implements the Java Platform.
The Java Platform has three editions: Standard Edition, Enterprise Edition, and Micro Edition.
The JDK is released by Oracle Corporation.
The JDK is released as a binary product.
The binary product is aimed at Java developers.
Java developers use Solaris.
Java developers use Linux.
Java developers use macOS.
Java developers use Windows.
INPUT: <TEXT>

Figure 6: GPT-4o prompts for splitting facts

Prompt (Fact corruption)
You are a helpful bot, that is good at changing or modifying the facts in the user input provided to
you. There are to be no follow up questions. Just provide the answer.
<TEXT>

Figure 7: GPT-4o prompts for corrupting facts

Prompt (Fact recombination)
Use the following facts provided in the user input to generate a coherent paragraph. Do not add in
your response information that does not exist in the input provided.
<TEXT>

Figure 8: GPT-4o prompts for recombining facts
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Prompt (Paraphrasing)
You are a helpful assistant who is great at paraphrasing text. Take the text provided to you and
paraphrase it strongly but correctly.
Do not ask follow up questions.
Do not ask to perform any other actions.
Do not copy from the original text as is.
Do not try to continue the conversation.
<TEXT>

Figure 9: GPT-4o prompts for generating the paraphrased version of a text

Figure 10: Each violin plots the value corresponding to Ei(R,C) − Ei(R,C2) along with the mean, and
quartiles of the distribution denoted by dotted lines.
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Figure 11: Each bar counts the instance where the Metric scored the degraded candidate C2 higher than
candidate C, out of a total of 67 examples. DocLens has the lowest number of such violations.
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Figure 12: Each violin plots the value corresponding to Ei(R,C) − Ei(R,C3) along with the mean, and
quartiles of the distribution denoted by dotted lines.
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Figure 13: Each bar counts the instance where the Metric scored the degraded candidate C3 higher than
candidate C, out of a total of 67 examples. DocLens has the lowest number of such violations.
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Figure 14: Each violin plots the value corresponding to Ei(R,C) − Ei(R,C4) along with the mean, and
quartiles of the distribution denoted by dotted lines.
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Figure 15: Each bar counts the instance where the Metric scored the degraded candidate C4 higher than
candidate C, out of a total of 67 examples. DocLens has the lowest number of such violations.
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Figure 16: Each violin plots the value corresponding to Ei(R,C) − Ei(R,C5) along with the mean, and
quartiles of the distribution denoted by dotted lines.
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Figure 17: Each bar counts the instance where the Metric scored the degraded candidate C5 higher than
candidate C, out of a total of 67 examples. DocLens has the lowest number of such violations.
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Label Content

Reference
(R)

CC:
Right upper arm pain.

HPI:
Ms. Russell is a 39-year-old female who presents today for an evaluation of severe right upper arm
pain. She states she was playing volleyball yesterday and fell and landed on her arm. She has
been taking ibuprofen every 6 hours but it does not help. She rates her pain 9/10. She denies any
numbness or tingling in her arm. She has a history of gallstones and takes Pepcid. She has a past
surgical history of a lumbar fusion 6 years ago. She denies any allergies.

EXAM
Examination of the right upper extremity shows swelling and erythema of the right shoulder.
Tenderness over the right shoulder. Normal pulses.

RESULTS
X-rays of the right humerus, 2 views, obtained on today’s visit show a proximal humerus fracture.

IMPRESSION
Right proximal humerus fracture.

PLAN
At this point, I discussed the diagnosis and treatment options with the patient. I have recommended
we place her into a long arm cast and sling. She will follow up in 2 weeks for repeat imaging. At that
point, we may need to discuss surigical options. I will prescribe Lortab, 5 mg, #20 (twenty) to take
every 6 hours as needed for pain.All questions were answered

Candidate
(C)

Chief Complaint:
Pain in the right upper arm.

History of Present Illness:
Ms. Russell, a 39-year-old woman, reports severe pain in her right upper arm following a fall while
playing volleyball yesterday. Despite taking ibuprofen every six hours, her pain remains intense, rated
at 9 out of 10. She denies experiencing any numbness or tingling in the arm. Her medical history
includes gallstones, and she is on Pepcid. She underwent lumbar fusion surgery six years ago and has
no known allergies.

Examination:
The examination revealed swelling and redness in the right shoulder, along with tenderness in the
same area. Her pulses are normal.Results:X-rays taken of the right humerus show a fracture in the
proximal part of the bone.Impression:Fracture of the right proximal humerus.

Plan:
The diagnosis and treatment options were discussed with Ms. Russell. It was advised that she be
placed in a long arm cast and sling. A follow-up appointment is scheduled in two weeks for additional
imaging, and potential surgical options may be considered at that time. She has been prescribed
Lortab, 5 mg, to take every 6 hours as needed for pain relief.All her questions were addressed.

Candidate3
(C3)

Ms. Russell, a 39-year-old female, presents today for an evaluation of severe right upper arm pain
following a fall while playing volleyball yesterday. Despite taking ibuprofen every 6 hours, her pain
remains severe, rated at 9/10, and ibuprofen has not been effective. Ms. Russell denies any numbness
or tingling in her arm. She has a medical history of gallstones and takes Pepcid, and she has a
past surgical history of a lumbar fusion 6 years ago. Additionally, she is allergic to penicillin .Upon
examination of the right upper extremity, there is no swelling or erythema in the right shoulder, but
there is tenderness over the shoulder. Ms. Russell has normal pulses. X-rays of the right humerus
obtained today reveal a proximal humerus fracture. Following a discussion regarding the diagnosis
and treatment options, Ms. Russell is recommended to have a long arm cast and sling and will follow
up in 2 weeks for repeat imaging. There may be a need to discuss surgical options at that time. For
pain management, Lortab, 5 mg, has been prescribed, with instructions to take it every 6 hours as
needed. All of Ms. Russell’s questions were answered during the visit.

Table 1: The text highlighted in red shows the errors introduced by the degradation process in Candidate
C3
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