
Nature Machine Intelligence | Volume 8 | February 2026 | 173–185 173

nature machine intelligence

https://doi.org/10.1038/s42256-025-01169-6Article

When large language models are reliable for 
judging empathic communication
 

Aakriti Kumar    1,2  , Nalin Poungpeth1, Diyi Yang3, Erina Farrell4, 
Bruce L. Lambert5 & Matthew Groh    1,2,6 

Large language models (LLMs) excel at generating empathic responses in 
text-based conversations. But, how reliably do they judge the nuances of 
empathic communication? Here we investigate this question by comparing 
how experts, crowdworkers and LLMs annotate empathic communication 
across four evaluative frameworks drawn from psychology, natural 
language processing and communications applied to 200 real-world 
conversations where one speaker shares a personal problem and the 
other offers support. Drawing on 3,150 expert annotations, 2,844 crowd 
annotations and 3,150 LLM annotations, we assess interrater reliability 
between these three annotator groups. We find that expert agreement 
is high but varies across the frameworks’ subcomponents depending on 
their clarity, complexity and subjectivity. We show that expert agreement 
offers a more informative benchmark for contextualizing LLM performance 
than standard classification metrics. Across all four frameworks, LLMs 
consistently approach this expert level benchmark and exceed the reliability 
of crowdworkers. These results demonstrate how LLMs, when validated 
on specific tasks with appropriate benchmarks, can support transparency 
and oversight in emotionally sensitive applications including their use as 
conversational companions.

Based on how people interact with large language models (LLMs), 
LLMs appear to show signs of emotional intelligence in their skilful 
recognition of people’s emotions and empathic responses to them1,2. In 
particular, there is growing evidence that LLMs can generate responses 
that people perceive as empathic, often rating them higher than human 
responses3,4. People report feeling heard and understood by LLM 
responses5–7, rate LLM responses as higher than humans’ in cognitive 
re-appraisal8, compassion9 and empathy10,11, identify LLM responses as 
helping them to reduce negative thinking12, and experience reduced 
anxiety and depression after interacting with an LLM designed for 
therapy13. This machine capacity for empathic communication has 
sparked applications in contexts ranging from customer service14,15 

to health care16. However, the ability to generate empathic responses 
is distinct from the ability to evaluate them, and prior work suggests 
that the generative and evaluative capabilities of LLMs may not always 
align17–19. Deploying these models with accountability and transpar-
ency therefore requires addressing an open question: how reliably can 
machines judge the nuances of empathic communication?

Misjudging an LLM’s empathic communication skills can have seri-
ous consequences ranging from ineffective support, distrust and bias 
to substantial unintended harm. For example, LLMs-as-companions 
sometimes offer unrealistic, exaggerated responses to low-stakes 
emotional situations20. Given that LLMs respond differently to differ-
ent inputs, researchers have shown that levels of empathic support 
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Each of the four datasets we examined is made up of dyadic conver-
sations in which one partner shares a personal difficulty and another 
attempts to respond supportively. However, the context of conver-
sations in each dataset varies across a number of dimensions such 
as the number of conversational turns, whether the interaction was 
synchronous or asynchronous, the topic of the conversation and how 
it was chosen, and how participants were recruited (see Table 1 and the 
Methods for details). Most importantly for our evaluation, these frame-
works for annotating empathic communication differ in the number 
and kind of questions asked (see Fig. 1 for a verbatim list of questions 
included in each framework). The NLP-based frameworks, Empathetic 
Dialogues and EPITOME, each include three questions. However, Empa-
thetic Dialogues has a single question directly related to empathic 
communication whereas EPITOME’s three questions are grounded in 
Motivational Interviewing Skill Code (MISC)46. The Perceived Empathy 
framework draws on the psychology of shared realities47,48 and offers 
the highest level of granularity with nine overlapping dimensions of 
evaluation. Finally, the Lend an Ear framework includes six questions 
that address prescriptive and proscriptive guidelines derived from 
normative models of empathic communication. For all four of these 
frameworks and associated datasets, researchers recruited crowd
workers to annotate conversations.

Crowdsourced annotations for empathic communication offer a 
useful starting point for evaluating large conversational datasets but 
impose significant limitations. First, disagreement is common among 
crowdworkers. Addressing disagreement with detailed guidelines does 
not necessarily increase reliability because crowdworkers annotating 
microtasks tend not to read complex annotation guidelines49. Second, 
there is evidence that laypeople are generally unaware of the nuances 
of empathic communication. When research participants are asked to 
generate comforting messages, most of their messages exhibit only 
moderate, rather than high, empathy according to a theoretically 
grounded rubric for evaluating comforting50–52. To the extent that the 
typical support provider is unable (or unwilling) to produce highly 
empathic messages, they may also fail to recognize or appreciate the 
value of those messages when others generate them. One approach to 
addressing skill issues arising with crowdworkers is to recruit annota-
tors with communications expertise. While reasonable experts will 
not always agree on the exact annotation for any particular coding 

systematically vary across demographic groups21. Moreover, significant 
harm can occur in chats with LLMs-as-companions, encouraging delu-
sional thinking22, increasing emotional dependence on the LLMs23 and 
even encouraging people to commit suicide24–26. These incidents, along 
with the possibility that LLMs’ empathic communication skills unex-
pectedly change due to emergent misalignment27, highlight the urgent 
need for rigorous and reliable evaluation before and during deploy-
ment of artificial intelligence (AI) systems in sensitive user-facing 
contexts. By systematically examining LLM performance in judging 
empathic communication relative to expert and novice humans, we 
demonstrate LLMs’ capacity for identifying aligned and misaligned 
responses, thereby scoping the potential for automated assessments 
of empathic communication.

We focus on evaluating empathic communication in text-based 
conversations. Empathic communication refers to the act of acknowl-
edging and responding sensitively to a person’s emotions, experi-
ences and perspectives with the goal to make them feel understood; 
empathic communication is also known as comforting, emotional 
support, empathic listening when offering support, and perceived 
empathy when receiving support28–32. We intentionally do not consider 
empathy-as-a-trait, which is often defined as how well an individual 
can understand the emotions and experiences of another33–35 because 
empathy-as-a-trait in LLMs can lead to a paradox of semantics36,37. 
Instead, we consider how words may make someone feel empathized 
with based on frameworks designed to evaluate empathic communi-
cation. In particular, we examine a set of three frameworks associated 
with peer-reviewed papers and publicly available datasets—Empathetic 
Dialogues38, EPITOME (EmPathy In Text-based asynchrOnous MEntal 
health)39 and Perceived Empathy5—that have been highly cited in natural 
language processing (NLP) and psychology. In addition, we introduce 
a fourth framework (accompanied by the Lend an Ear pilot dataset) 
grounded in motivational interviewing40, empathic listening30,41, phy-
sician–patient empathic communication28,42,43, relationship scoring44 
and empathy trainings45. Each framework identifies different ques-
tions for annotating subcomponents of empathic communication 
or lack thereof. While there is no universally agreed upon framework 
for empathic communication28,43, these four evaluative frameworks 
provide a starting point for explicitly evaluating subcomponents of 
empathic communication in text-based conversations.

Table 1 | Conversational contexts across datasets

Empathetic Dialogues EPITOME Perceived Empathy Lend an Ear pilot

Contextual themes

Multiturn conversation ✓ ✗ ✗ ✓

Synchronous conversation ✗ ✗ ✗ ✓

Predetermined topic ✗ ✗ ✗ ✓

Human sharing trouble ✓ ✓ ✓ ✗

Human providing support ✓ ✓ ✓ ✓

Conversational statistics

Conversational turns (median) 5 2 2 13

Words per conversation (median) 75 72 226 385

Dataset information

Date published 2018 2020 2024 2025

Number of conversations 24,850 3,081 501 50

Availability Public Public On request Public

Participants MTurk Reddit Users Prolific Prolific

Platform ParlAI Reddit Qualtrics Lend an Ear

Key information on all available datasets. EPITOME also includes a second dataset from TalkLife that is not included here because access is only available upon request to the TalkLife 
company39. The full Perceived Empathy dataset is available upon request to the authors of the associated paper5.
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scheme, research on another framework for empathic communica-
tion, verbal person centeredness51, shows that trained annotators can 
achieve a Kripendorff’s α of 0.73 when evaluating 15-min conversations, 
which generally matches the interrater reliability of experts annotating 
briefer written support messages50,53.

LLMs-as-judge represents an alternative annotation approach that 
has the potential to address both problems of quality in crowdsourcing 

and scalability in expert annotations. In many cases, when prompted 
with expert-designed annotation guidelines, LLMs demonstrate strong 
alignment with human evaluators54,55. LLMs have also been effective at 
annotating fundamental elements of therapy and counselling. They 
have been used to identify psychotherapy techniques from therapist 
and client utterances in therapy sessions56, annotate conversational 
markers in online text-based counselling that correlate with effective 
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Fig. 1 | Reliability across annotator pairs and subcomponents. Top: interrater 
reliability (quadratically weighted κw) across annotator pairs for each empathic 
communication subcomponent. In the evaluation of experts with each other,  
the circle represents the median κw and the error bar represents the κw range 

between the three pairs. Experts comparisons with the LLM (Gemini 2.5 Pro) 
and crowd compare median expert annotations with the LLM and crowd, 
respectively. Bottom: empathic communication frameworks with verbatim 
annotation questions.
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therapeutic engagement57, and identify storytelling elements that 
contribute to empathic engagement in personal narratives58. However, 
LLM-based annotations are prone to variability across runs59, inconsist-
encies across contexts60, apparently sensible yet wrong answers61, mis-
calibrated confidence62 and a series of human-like cognitive biases63,64.

Given these mixed prior findings, LLM’s reliability specifically for 
annotating empathic communication compared with human (expert 
and crowd) benchmarks remains largely unexplored and calls for sys-
tematic investigation. Our research addresses this gap, motivated by 
the need for a reliable and scalable method for creating accountability 
and transparency into how LLMs communicate with humans. Specifi-
cally, we investigate how reliably experts, crowds and LLMs evaluate 
empathic communication in text-based conversations across four 
different frameworks and conversational contexts. By collecting anno-
tations from three different experts, a variable numbers of crowdwork-
ers and three different state-of-the-art LLMs, we contextualize LLMs’ 
performance relative to experts and crowds across multiple contexts. 
This rigorous evaluation of LLMs-as-judge against interrater reliability 
of experts and crowds reveals blind spots that would not otherwise 
emerge when applying classification metrics to assumed ground truth 
annotations. Finally, we highlight the reliability (or lack thereof) of each 
subcomponent of each framework and offer a qualitative analysis that 
reveals where disagreements tends to arise.

Results
Expert annotations offer a benchmark for reliability
Experts show relatively high interrater reliability across subcompo-
nents (Fig. 2) with Krippendorff’s α between experts ranging from 
0.29 to 0.78 (median 0.55). Similarly, Cohen’s weighted kappa (κw) 
between experts ranges from 0.11 to 0.84 (median 0.58), with most val-
ues between 0.49 and 0.69 (interquartile range). Following traditional 
interpretations65, this corresponds to substantial agreement (κw ≥ 0.60) 
for nine subcomponents, moderate agreement (0.40 ≤ κw ≤ 0.60) for 
six subcomponents and fair agreement (0.20 ≤ κw ≤ 0.40) for six sub-
components. Additional details, including pairwise expert reliability 
and Krippendorff’s α across subcomponents, can be found in Extended 
Data Figs. 1 and 2.

Given the inherent arbitrariness in mapping Cohen’s kappa values 
into agreement strengths, we follow the approach of Schober et al.66 
and ground our interpretation of interrater reliability within the spe-
cific context of evaluating empathic communication. To provide a 
meaningful threshold, we use a practical benchmark for high agree-
ment using the median expert kappa (κw = 0.58) across subcomponents. 

This median value reflects substantial agreement among experts and 
is used as a reference threshold in Fig. 1 (dashed line).

Furthermore, we use the observed expert reliability for each 
subcomponent as a benchmark for interpreting reliability among 
other annotator pairs. This allows us to interpret kappa values for 
other annotator pairs (for example, expert-LLM and expert-crowd) 
relative to the agreement achieved by experts in evaluating 
empathic communication.

LLMs demonstrate near-expert reliability
When guided by a prompt that combines a detailed framework of 
empathic communication with three examples of expert annotations, 
LLM annotations show the highest reliability with expert annotations. 
Extended Data Table 1 shows that this combination prompt led to 
higher reliability with expert annotations compared with zero-shot 
and framework-only variants of the prompt. We use this prompt 
throughout our analyses. Across three different LLMs, Gemini 2.5 Pro 
(gemini-2.5-pro-preview-03-25), ChatGPT 4o (gpt-4o-2024-08-06) and 
Claude 3.7 Sonnet (claude-3-7-sonnet-20250219), we observed similar 
annotation performance with Krippendorff’s α ranging from 0.51 to 
0.75 (median 0.60). Extended Data Fig. 3 illustrates LLM Krippendorff’s 
α across subcomponents and Extended Data Table 1 details LLM reli-
ability with expert annotations using few-shot and chain-of-thought 
prompting methods. Given the relatively high interrater reliability 
between LLMs, all subsequent analyses in this Article use annotations 
from Gemini 2.5 Pro based on the few-shot prompt shared in Supple-
mentary Information, section 1.

Compared with our expert agreement benchmark, reliability 
between experts and LLMs closely followed expert reliability, with κw 
between experts and LLMs ranging from 0.17 to 0.86 (median 0.60), 
with most values between 0.49 and 0.70 (interquartile range). Expert–
LLM pairs exceeded the high-agreement threshold in 15 of 21 sub-
components (70%), particularly in all subcomponents where experts 
showed high agreement (Fig. 1).

Furthermore, patterns of variability in LLM annotations closely 
mirrored expert variability across subcomponents. Specifically, we find 
a Pearson correlation of 0.67 between expert–expert and expert–LLM 
kappa scores. By contrast, the correlation between expert–expert and 
expert–crowd kappa scores was 0.17, indicating higher discrepancies 
between experts and crowdworkers. Across several robustness checks 
designed to address previously identified LLM biases59–64, we find high 
consistency in LLM annotations (see more details in Supplementary 
Information, section 2).
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Fig. 2 | Reliability across annotator pairs and frameworks. Interrater reliability 
(quadratically weighted κw)) for empathic communication across annotator  
pairs for each subcomponent grouped by framework (n = 200 conversations;  
21 subcomponents). In the evaluation of experts with each other, a circle 
represents the median κw between the three expert pairs. Experts comparisons 

with the LLM (Gemini 2.5 Pro) and crowd compare median expert annotations 
with the LLM and crowd, respectively. The beeswarm plot ensures all data points 
are visible by applying a horizontal jitter to avoid overlap. Dotted lines represent 
the 25th, 50th and 75th percentiles of weighted Cohen’s kappa.
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Reliability varies across frameworks
We find that interrater reliability varies widely across frameworks. The 
mean expert κw for Empathetic Dialogues, EPITOME, Perceived Empathy 
and Lend an Ear pilot are 0.41, 0.46, 0.60 and 0.55, respectively. This 
variability suggests that qualitative differences across frameworks, 
such as context dependence and operational clarity of subcomponents 
influence the reliability of experts, crowdworkers and LLMs alike.

For the Empathetic Dialogues and Perceived Empathy frameworks, 
we observe high multicollinearity among expert annotations, assessed 
via variance inflation factors (VIFs). Specifically, we find VIF values 
greater than 10 in all subcomponents of Empathetic Dialogues, and 8 
out of 9 subcomponents in Perceived Empathy. This suggests substan-
tial overlap in how each annotator interpreted and rated these concep-
tually related dimensions and calls into question the marginal added 
value of these frameworks’ subcomponents (see Extended Data Fig. 4 
for detailed VIF results).

Furthermore, the Empathetic Dialogues framework showed the 
lowest expert reliability, indicating ambiguity or subjectivity in its oper-
ationalizations. Similarly, EPITOME, despite being widely used10,21,67,68, 
achieves relatively low expert reliability on two of its three subcompo-
nents owing to insufficient clarity and operational definitions (Table 2).

Reliability varies across subcomponents
Expert annotations showed relatively high agreement on several sub-
components, primarily in the Perceived Empathy and Lend an Ear pilot 

datasets. These include ‘self-oriented’, ‘advice giving’ and ‘encourag-
ing elaboration’ from the Lend an Ear experiment, ‘practical advice’, 
‘emotional support’, ‘understood’, ‘validated’ and ‘motivation’ from 
the Perceived Empathy dataset, and ‘explorations’ from the EPITOME 
dataset. Detailed Cohen’s kappa values for each annotator pair and 
subcomponent are provided in Table 2.

We find that expert agreement was generally higher for subcom-
ponents characterized by clear linguistic or behavioural markers. For 
instance, involving identifiable linguistic markers such as identifying 
questions designed to encourage elaboration (‘encouraging elabo-
ration’ in Lend an Ear, median κw = 0.69) and exploring the support 
seeker’s context (‘explorations’ in EPITOME, median κw = 0.76) were 
annotated with high reliability. In addition, components focused on 
behavioural markers such as advice giving, namely ‘practical advice’ 
in Perceived Empathy (median κw = 0.77) and ‘advice giving’ in Lend an 
Ear (median κw = 0.69) were also relatively straightforward to annotate 
for experts.

Conversely, subcomponents requiring more subjective judgement 
about both the speaker’s intentions and the listener’s emotional state 
were prone to lower interrater reliability even for experts. Note that 
intentions are inherently unobservable in conversation transcripts; any 
subcomponent that requires annotators to judge intentions rather than 
the content of messages increases the risk of subjective guesswork. 
For instance, low expert agreement was observed for ‘interpretations’ 
(median κw = 0.29) and ‘demonstrating understanding’ in Lend an Ear 

Table 2 | Interrater reliability across annotator pairs, subcomponents and frameworks

Subcomponent Expert 1 and 
expert 2

Expert 2 and 
expert 3

Expert 3 and 
expert 1

Experts and 
crowd

Experts and  
LLM

Crowd and 
LLM

Empathetic Dialogues

Empathy 0.51*** 0.62*** 0.53*** 0.15* 0.35*** 0.00

Fluency 0.28 0.11 0.41*** 0.35* 0.27 0.30

Relevance 0.44* 0.58** 0.49** 0.56*** 0.23 0.18

EPITOME

Emotional reactions 0.35** 0.56*** 0.53*** 0.70*** 0.64*** 0.63***

Explorations 0.76*** 0.84*** 0.74*** 0.51*** 0.76*** 0.31**

Interpretations 0.26** 0.62*** 0.29*** 0.37** 0.59*** 0.31**

Perceived Empathy

Understood 0.60*** 0.62*** 0.51*** 0.20* 0.53*** 0.06

Validated 0.59*** 0.69*** 0.65*** 0.19* 0.60*** 0.13

Affirmed 0.49*** 0.65*** 0.60*** 0.18* 0.63*** 0.13

Accepted 0.43*** 0.58*** 0.57*** 0.18** 0.45*** 0.09

Cared for 0.55*** 0.60*** 0.39*** 0.14* 0.60*** 0.10

Seen 0.55*** 0.56*** 0.54*** 0.14 0.60*** 0.09

Emotional support 0.74*** 0.59*** 0.59*** 0.33*** 0.75*** 0.43***

Practical advice 0.77*** 0.69*** 0.81*** 0.34*** 0.74*** 0.45***

Motivation 0.66*** 0.64*** 0.78*** 0.34** 0.70*** 0.32**

Lend an Ear

Validating emotions 0.25** 0.58*** 0.39*** 0.32** 0.63*** 0.42***

Demonstrating understanding 0.47*** 0.43* 0.37 0.14* 0.59*** 0.16**

Encouraging elaboration 0.69*** 0.73*** 0.62*** 0.43*** 0.86*** 0.40***

Advice giving 0.70*** 0.69*** 0.54*** 0.33** 0.66*** 0.46***

Self-oriented 0.82*** 0.52*** 0.70*** 0.37*** 0.69*** 0.46***

Dismissing emotions 0.35* 0.51** 0.49** 0.12 0.17** 0.10

Interrater reliability (quadratically weighted κw)) for empathic communication across annotator pairs for each subcomponent grouped by framework. Experts comparisons with the LLM 
(Gemini 2.5 Pro) and crowd compare median expert annotations with the LLM and crowd, respectively. Kappa values above the high-agreement threshold (median expert agreement where 
κw ≥ 0.58) are shown in bold. Statistical significance of κw was assessed by testing the null hypothesis H0: κw = 0 using a two-tailed Z-test. P values are Benjamini–Hochberg false discovery rate 
(FDR)-adjusted within each dataset; significance indicated by *P < 0.05, **P < 0.01, ***P < 0.001.
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(median κw = 0.43). Our findings thus highlight how operational clarity 
is key to consistent annotation, especially for less explicit behaviours.

Classification metrics obscure performance on subjective 
annotation tasks
Following norms in the LLM-as-judge literature where median expert 
annotations are treated as ground truth and performance is evaluated 
as a classification task21,54,69,70, we report F1 scores and compare them 
with contextualized Cohen’s kappa values. Figure 3 presents Cohen’s 
kappa values, multiclass F1 scores, and the average and range of binary 
F1 scores derived by selecting a single threshold to split the rating scale, 
calculated across all possible thresholds for the datasets using median 
expert annotations as the ground truth. While F1 scores are useful for 
incorporating the trade-offs of false positives and false negatives when 
reporting classification performance, F1 scores for subjective, multi-
class annotations face several limitations.

First, classification metrics can obscure nuanced performance 
differences. On the one hand, F1 scores can mask moderate inter-
rater reliability when classes are highly imbalanced. A high F1 score 
can be achieved by accurately predicting a disproportionately large 
majority class, while agreement on minority classes remains poor 
like in the case of ‘emotional reactions’ from EPITOME. On the other 
hand, low F1 scores may conceal relatively high interrater reliability 
because classification metrics rely on a single ground truth and thus 
miss important nuances such as off-by-one errors71. For example, Fig. 3 
shows relatively high (κw) for expert agreement on ‘explorations’ in 
EPITOME and ‘practical advice’ in Perceived Empathy, yet this relative 

performance compared with the other subcomponents is not mirrored 
in corresponding multiclass F1 scores because F1 penalizes any devia-
tion from exact label matches.

Second, F1 scores are sensitive to the rating scale. The F1 score ran-
dom guessing baseline varies inversely with the number of categories, 
which complicates comparisons between annotation scales. For exam-
ple, for experts, we find average F1 scores of 63.9 for subcomponents 
in EPITOME (three categories) but only 32.0 for Perceived Empathy 
(seven categories), reflecting sensitivity to rating scales rather than 
actual accuracy differences.

Third, binary F1 scores depend on the threshold used to binarize a 
scale for evaluation. As demonstrated in Fig. 3 (bottom; error bars rep-
resent the range of binary F1 scores), binary F1 scores calculated from 
the same underlying data can show drastic variation depending on the 
threshold for splitting the scale (for example, 1 versus 2–7, or 1–3 versus 
4–7, and so on). For instance, the experts versus crowd comparison for 
the ‘accepted’ subcomponent in Perceived Empathy shows a low mul-
ticlass agreement (16.4 F1), which contrasts sharply with a high binary 
F1 score (68.4 F1, minimum 45, maximum 94.7). Moreover, depending 
on the threshold chosen for calculating a binary F1 score, all subcom-
ponents of the Perceived Empathy framework can achieve 100%, and 
two of the three EPITOME subcomponents can exceed 90%—despite 
most κw values falling between 0.4 and 0.6.

Crowd annotations distort evaluations of empathy
Crowd annotations consistently show low reliability with expert 
annotations. Across all frameworks, interrater reliability (κw) between 
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crowdworkers’ annotations and expert annotations was between 0.1 
and 0.63 (median 0.33), exceeding the high agreement threshold in 
only one subcomponent. Extended Data Fig. 5 illustrates the distribu-
tion of annotations of crowds, experts and LLMs for the four datasets.

In addition, crowdworkers’ annotations are positively biased rela-
tive to experts’ and LLMs’ annotation. They assigned higher average 
ratings relative to experts on 18 out of the 21 subcomponents evalu-
ated. This systematic positive bias by crowdworkers reveals empathy 
inflation in novice perceptions of empathic support relative to trained 
experts. Lay annotators may rely on intuitive heuristics such as ‘it’s the 
thought that counts’, giving speakers the benefit of the doubt by focus-
ing on perceived intentions rather than the content of the message. 
Such heuristic-driven evaluation, where annotators substitute complex 
judgements with simpler affect-based evaluations has been reported 
in crowdsourced emotional message labelling tasks72.

Moreover, previous work finds that most people typically gener-
ate empathic messages that exhibit moderate, rather than high or low, 
empathy when evaluated against theoretical frameworks51. If crowd 
annotators are unable to produce highly empathic messages, they may 
also fail to recognize or appreciate the value of those messages when 
others generate them.

Discussion
Our study demonstrates that LLMs can judge the nuances of empathic 
communication in text-based conversational contexts with a level of 
reliability approaching that of trained human experts (median expert–
LLM κw = 0.60). While empathic communication is a context-dependent, 
subjective skill that is difficult to objectively measure, many evalu-
ative frameworks have been developed for teaching and measur-
ing it in business30,41, medicine28,42,43, communications29, NLP of 
conversations38,39 and psychology5. When looking at the same con-
versations, experts generally agree but sometimes disagree with each 
other on how they would answer questions from these evaluative frame-
works. By comparing 3,150 expert annotations, 2,844 crowdworker 
annotations and 3,150 LLM annotations on 4 evaluative frameworks 
of empathic communication applied to 200 text-based conversations, 
we show that LLMs are generally reliable for judging empathic com-
munication in the same conversational contexts and frameworks as 
when experts are reliable.

Our evaluation draws from a wide range of conversational contexts 
across the four datasets we analysed. The 200 conversations spanned 
everyday challenges such as workplace setbacks, financial strain, fam-
ily conflict and socially awkward incidents, as well as highly sensitive 
disclosures involving mental health struggles, self-harm and experi-
ences of bias or discrimination (Extended Data Table 2). These diverse 
themes ensured that our annotations covered many real-world contexts 
in which empathic communication plays a critical role. Specifically, 
we use four evaluative frameworks of empathic communication, each 
corresponding to one of the datasets, to evaluate the conversations. 
Although each framework defines its own set of subcomponents, some 
subcomponents display clear conceptual overlap. For example, EPIT-
OME’s ‘explorations’ and Lend an Ear’s ‘encouraging elaboration’ both 
focus on asking questions to probe the support seeker’s experiences. 
Similarly, Perceived Empathy’s ‘affirmed’ and EPITOME’s ‘emotional 
reactions’ target affirming the support seeker.

Expert reliability varied depending on how constructs were opera-
tionalized within each framework. For example, constructs related 
to demonstrating understanding of the seeker’s situation (for exam-
ple, ‘empathy’ in Empathetic Dialogues, ‘interpretations’ in EPITOME 
and ‘demonstrating understanding’ in Lend an Ear) exhibit relatively 
low reliability. These subcomponents lack explicit, observable cues, 
which introduces ambiguity. By contrast, constructs such as the ones 
focused on asking questions (for example, in EPITOME and Lend an 
Ear) achieve high reliability, demonstrating conceptual clarity across 
conversational contexts. This variability echoes longstanding practices 

in qualitative coding and survey design73, where codebooks are itera-
tively refined to emphasize observable cues rather than relying on 
subjective judgements alone. The same lesson applies to the growing 
use of LLMs-as-judge. If annotation questions are vague or require 
subjective inferences, we should expect unreliable evaluations from 
both humans and models.

The reliability of expert annotations reveals important strengths 
and limitations of each of the frameworks under investigation. EPIT-
OME provides a relatively precise operationalization of ‘explorations’, 
which showed the highest expert interrater reliability, but its other 
subcomponents are ambiguous and difficult to annotate consistently. 
The Perceived Empathy framework showed relatively high reliability 
across subcomponents (for example, ‘understood’, ‘accepted’, ‘cared 
for’ and ‘seen’), but many of these have high multicollinearity, which 
means they are redundant. By contrast, the Empathetic Dialogues 
framework is overly broad, collapsing all empathic behaviours into a 
single ‘empathy’ subcomponent, which limits its usefulness. The Lend 
an Ear framework was designed to address these issues by specifying 
six conceptually distinct subcomponents. While it improves reliabil-
ity overall, experts still struggled with the ‘dismissing emotions’ and 
‘demonstrating understanding’ subcomponents, suggesting that these 
require further refinement to be annotated reliably.

In addition to guiding data annotation, these frameworks have 
been used to train and evaluate models for a range of computational 
empathy tasks21,39,54 and to inform the design of AI conversational 
companions10,74. Training or evaluating models on poorly specified, 
ambiguous or redundant constructs may yield unreliable outputs. It 
is therefore important to critically assess each subcomponent before 
incorporating it into pipelines for downstream applications.

Our findings reveal that crowdworkers’ annotations are less aligned 
with experts’ annotations than LLM annotations are with experts’ anno-
tations. We speculate that disparities between the crowdworkers’ and 
experts’ annotations may arise for a number of reasons. First, it is pos-
sible that crowdworkers and experts expended different levels of effort. 
Second, crowdworkers may have relied on intuitive heuristics and 
perceived intentions more than experts who are experienced at focus-
ing on a strict interpretation of the evaluative frameworks. Neither  
training crowdworkers nor aggregating their responses together 
addresses the gap in reliability between crowdworkers and experts.

While LLMs’ annotations match experts’ more closely than 
crowdworkers’ annotations, we find some superficial evidence that 
crowdworkers’ ratings of empathic quality are more closely aligned 
with support seekers’ self-reported perceptions of empathy. Spe-
cifically, for six of the nine subcomponents in the Perceived Empathy 
dataset where self-report data are available, crowd annotations align 
more closely with participants’ ratings of perceived empathy (median 
κw = 0.33) compared with expert annotations (median κw = 0.11). How-
ever, this apparent alignment is an artefact of systematic rating infla-
tion as both support seekers’ and crowdworkers’ responses tend to 
cluster at the higher end of the Likert scale. This pattern is consistent 
with acquiescence bias75 leading to inflated ratings, creating artificial 
similarity in ratings rather than meaningful overlap in their assess-
ments of empathic ability. Careful analysis using Kendall’s τB, which 
better accounts for ties and focuses on whether two groups order 
responses similarly, illustrates that the alignment is driven by these 
inflated ratings rather than an ordinal difference (Supplementary 
Information, section 3 and Extended Data Fig. 6). Furthermore, sup-
port seekers in this dataset often preferred AI-generated responses 
over human-written ones5, suggesting that the qualities they prefer in 
a supportive response may be more nuanced than what is captured by 
their immediate self-reflection or by crowd evaluations.

Interrater reliability relative to experts offers contextualized 
insights unavailable in evaluations where traditional classification 
metrics are applied to a label treated as the objective ground truth. 
The nature of evaluating subjective, context-dependent tasks involves 
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addressing three interrelated questions: First, how comprehensive 
and reliable is a framework for measuring performance in a particular 
context? Second, how reliable are human experts with each other 
on a particular framework? Third, how reliable are LLMs relative to 
experts? If human experts have low interrater reliability on a task, then 
the task may simply be too ambiguous and need further refinement. 
Conversely, if human experts demonstrate high interrater reliability, 
then there is evidence that justified agreement is possible. By reporting 
LLMs’ interrater reliability with experts alongside expert agreement 
on multiple constructs, it is possible to offer a comprehensive report 
on construct reliability, expert performance and generalizable LLM 
alignment with expert performance.

By contrast, traditional classification metrics that assume uncon-
tested ground truth and uniform cost of disagreement leave us with 
blind spots. First, classification metrics obscure performance. High 
F1 scores mask relatively moderate interrater reliability when classes 
are unbalanced. Likewise, low F1 scores can mask relatively high inter-
rater reliability when there are many off-by-one instances, as the metric 
treats all disagreements as equally costly, regardless of their magni-
tude. Second, classification metrics are sensitive to the number of 
categories in the rating scale, which makes cross framework evaluations 
difficult. Third, binarization of classification metrics can lead to a large 
range of possible scores to present, which can be either misleading if a 
single arbitrary cut-off for binarization is chosen or hard to interpret 
if the full range is shown. These blind spots echo research in affective 
computing, which argues that subjective, context-dependent con-
structs like emotion are better captured through ordinal or graded 
judgements that emphasize relative comparisons, rather than being 
forced into categorical labels76.

We offer several recommendations for practitioners and research-
ers aiming to evaluate subjective constructs reliably at scale. First, our 
results highlight the importance of benchmarking expert performance 
on evaluative frameworks of subjective constructs to contextualize 
the levels of subjectivity of subcomponents within the frameworks. 
Second, this empirical benchmark of expert agreement can guide 
subsequent refinement of evaluative frameworks. Third, LLMs should 
be measured against the reliability of experts to offer a comprehensive 
evaluation and avoid the blind spots that traditional classification 
metrics and assumptions of an objective ground truth tend to obscure. 
Finally, domain experts can be helpful for extending evaluative frame-
works into well-structured prompts for LLMs to maximize LLMs’ align-
ment with experts on a LLM-as-judge task. Adopting these practices can 
enhance the reliability of large-scale subjective annotations by LLMs.

Limitations
We specifically focus on interactions between strangers, which serves 
as a useful starting context for many LLM-as-companion applications. 
Future work should look at when and how evaluations of empathic 
communication may generalize (or not) to more complex socioaf-
fective scenarios, such as longitudinal interactions or emotionally 
intensive relationships77.

To evaluate the reliability of LLMs at judging empathic commu-
nication, we developed an evaluation framework that enables direct 
comparisons across experts, crowds and LLMs. In particular, each anno-
tator group was asked the same straightforward questions outlined in 
Fig. 1 for each annotation with minimal or no training. This approach is 
essential for keeping the task tractable for crowdworkers49. However, 
our approach does not match the standard practice in communica-
tions research where experts build an explicit coding framework and 
coders typically undergo iterative training until they reach a minimum 
threshold of interrater reliability52,78. Therefore, the expert reliability 
reported here represents a conservative lower bound on the achievable 
expert reliability in the absence of further structured coding. Likewise, 
further prompt refinements may further increase alignment between 
LLMs and experts.

Conclusion
We evaluated the reliability of large language models relative to experts 
and crowd annotators at judging nuances of empathic communication 
across multiple evaluative frameworks and conversational datasets. 
Our analysis revealed that LLMs are generally reliable for judging 
empathic communication in the same contexts as when experts are 
reliable. Moreover, LLMs’ annotations are much more reliable than 
those of crowdworkers. LLM–expert reliability was consistently higher 
than crowd–expert reliability across all subcomponents where experts 
had substantial agreement. Expert agreement was strongest for sub-
components with clear, observable behaviours and weaker for more 
subjective constructs. The context of expert agreement offered insights 
otherwise obscured by evaluations based on classification metrics 
where annotations are operationalized on the assumption of an objec-
tive ground truth. Overall, this work offers a foundation for more robust 
benchmarking of subjective NLP tasks and points towards the pos-
sibility of LLMs-as-judge for transparency and accountability when 
deploying LLMs-as-companions for socially sensitive applications.

Methods
We compare the interrater reliability of annotations by experts, crowds 
and LLMs across evaluative frameworks of empathic communication 
applied to four conversational datasets. Specifically, we analyse 3,150 
annotations from experts, 2,844 annotations from crowdworkers and 
3,150 annotations from LLMs across the 21 subcomponents of the 4 
evaluative frameworks.

Evaluative frameworks and accompanying conversational 
datasets
We examine annotations of empathic communication across four 
evaluative frameworks and accompanying conversational datasets: 
Empathetic Dialogues38, EPITOME39, Perceived Empathy5 and the Lend 
an Ear pilot. Each dataset contains English-language conversations 
where one participant shares a personal challenge, and the other pro-
vides support. Table 1 summarizes the contextual and structural dif-
ferences between the datasets, and Fig. 1 lists the exact annotation 
questions of each framework.

To make expert annotations tractable, we sampled a total of 200 
conversations, with 50 from each dataset. Crowdworkers previously 
annotated the three published datasets5,38,39, assigning empathy scores 
across multiple subcomponents. We stratified our random samples 
from the 4 datasets based on these crowdsourced annotations, select-
ing 10 from the highest-scoring quartile, 10 from the lowest and 30 from 
the middle range. For the Lend an Ear dataset, we randomly sampled 
50 of the 150 conversations from the pilot.

Empathetic Dialogues. The Empathetic Dialogues conversational 
dataset contains 24,850 crowdsourced dyadic conversations collected 
via the ParlAI platform38,79, with 810 Amazon Mechanical Turk workers 
alternating between speaker and listener roles. Speakers described 
situations based on one of 32 emotion labels (for example, proud, 
sad and anxious), followed by a conversation with a listener who was 
unaware of the assigned label. Focusing on conversations that call 
for empathetic support, we filtered for conversations prompted with 
negative emotions including sadness, annoyance, fear, anxiety, guilt, 
disappointment, embarrassment and shame, and then we randomly 
sampled from these conversations. Two crowd annotators rated each 
conversation on a 5-point Likert scale (1 = not at all, 5 = very much) 
across three subcomponents. The original study38 does not specify 
any training details for annotators.

EPITOME. The EPITOME conversational dataset contains 10,143 
post-response pairs from two data sources: 7,062 pairs from TalkLife 
and 3,081 pairs from mental health subreddits on Reddit39. For this 
study, we sampled data from the open-sourced Reddit subset. Each pair 
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was labelled using the EPITOME framework, which categorizes empathy 
for the domain of text-based, synchronous mental health conversations 
into three subcomponents: emotional reactions, interpretations and 
explorations. Eight Upwork annotators, trained for up to an hour with 
feedback on 100 annotations and spot checks, evaluated responses 
using the EPITOME framework on a 3-point scale: no, weak or strong 
communication of each subcomponent of empathy. Each response is 
evaluate by a single annotator.

Perceived Empathy. The Perceived Empathy conversational dataset 
contains two-turn conversations collected in stages5. In the first stage, 
501 participants recruited from Prolific shared a complex personal 
situation via voice recording. Next, 233 additional Prolific workers 
respond in writing to one of the 501 shared situations and Bing Chat AI 
generated responses for the rest of the shared situations. We filtered 
for conversations where responses were provided by humans. Finally, 
participants were asked to rate how heard the responses made them 
feel. In a follow-up study, 1,449 annotators evaluated the two-turn 
conversations from the main study based on the degree to which the 
response would make the discloser feel understood, affirmed, vali-
dated, seen, accepted and cared for, the degree to which the response 
provided emotional or practical support, and the effort the responder 
put into crafting their reply. Annotators provided ratings on a 7-point 
Likert scale (1 = not at all, 7 = very much) and each response in the 
dataset was rated by two to four annotators. The mean of their ratings 
was used as the final annotation.

Lend an Ear pilot. The Lend an Ear pilot dataset contains 150 conver-
sations from 50 participants recruited from Prolific. Each participant 
engaged in three 4-min conversations where they provided empa-
thetic support to a partner sharing a workplace concern. From this 
dataset, we randomly sampled 50 conversations. We recruited 150 
Prolific annotators to evaluate responses across multiple empathy 
subcomponents, including the extent to which the participant vali-
dated the speaker’s emotions, encouraged further elaboration through 
open-ended questions, demonstrated understanding of the speaker’s 
issues, offered unsolicited advice, shifted the focus to themselves or 
dismissed/minimized the speaker’s feelings. Annotators were provided 
with examples for each subcomponent to calibrate their evaluations. 
Each conversation in the dataset was evaluated by between 2 and 11 
annotators. The annotators were native English speakers residing in 
the USA, recruited through Prolific (https://www.prolific.com). There 
were 84 female and 66 male participants. The median age was 35 years 
(age range 19–72 years). Each annotator rated responses on a 5-point 
Likert scale (1 = not at all, 5 = very much). The final annotation for each 
conversation was computed by averaging the annotators’ ratings. We 
include the exact scenarios and instructions provided to participants 
in Supplementary Information, section 4 and Supplementary Fig. 4.

Conversational contexts across datasets
We trained sparse autoencoders (SAEs) on 200 conversations across 
the EPITOME, Empathetic Dialogues, Perceived Empathy and Lend an 
Ear pilot datasets to categorize the themes of support seekers’ personal 
disclosures80,81. Based on power-of-two grid search of the number 
of topics from 23 = 8 to 26 = 64, we evaluated silhouette scores and 
qualitatively examined the resulting themes with their corresponding 
conversations. This analysis indicated that 16 topics provided the most 
informative representation of conversational themes.

The conversations reflect a fairly broad set of everyday concerns 
that arise in empathic exchanges. Extended Data Table 2 summarizes 
the distribution of SAE-identified topics that range from mental health 
challenges (for example, depression, suicidal ideation and self-harm) 
to family- and work-related struggles (for example, losing a job, being 
passed over for a promotion, and conflict with relatives), to personal 
stressors such as financial strain or socially awkward incidents.

Topic coverage is not evenly distributed across datasets. In the 
EPITOME dataset, conversations focus on mental health struggles and 
explicit expressions of self-harm. By contrast, the Perceived Empathy 
and Empathetic Dialogues datasets encompass a broader range of 
personal, relational, financial and social concerns. The Lend an Ear 
pilot dataset revolves around three workplace challenges: feeling over-
worked, losing a job and getting passed over for promotion. The passed 
over for promotion scenario includes a detailed backstory addressing 
issues that may come up in conversations by people from historically 
marginalized backgrounds (see Supplementary Information, section 4  
for detailed scenario prompts). In 3 out of 19 of these conversations, 
the LLM-based support seeker explicitly mentioned suspecting racial 
bias as a factor in their lack of advancement.

Expert annotations
Three of the authors on this Article independently provided 1,050 
annotations each. One annotator is a senior communications profes-
sor who has led hundreds of workshops on empathic communication. 
Another is a junior scholar who has trained with this first senior com-
munications professor and spent over a year reviewing frameworks 
for empathic communication. The third annotator is another senior 
communications professor who has published many peer-reviewed 
papers on social support, interpersonal skills and advice giving. For 
clarity and conciseness, we refer to these individuals simply as experts. 
Our analysis reveals these experts mostly agree on annotations but 
sometimes disagree. These reasonable disagreements offer evidence 
that expert annotations should not be treated as ground truth upon 
which to evaluate model performance with classification metrics. 
Instead, the appropriate comparison is how the interrater reliability 
between the three experts’ annotations compares with the interrater 
reliability between median experts’ annotations and the LLMs’ and 
crowds’ annotations following ref. 71.

In the annotation process, experts were provided with a brief 
overview of the frameworks and datasets and instructed to eval-
uate the conversations using the same criteria, rating scale and 
questions provided to the crowdsourced annotators, as outlined 
in the respective dataset descriptions. In total, each expert pro-
vided 1,050 annotations across 4 datasets. We use the median expert 
ratings (calculated from the three individual expert annotations) 
as the reference expert annotation for comparison with LLM and 
crowd-sourced annotations.

Crowd annotations
We used the mean of crowdsourced annotations as the final annota-
tion by the crowd for each framework. For the Empathetic Dialogues, 
EPITOME and Perceived Empathy datasets, we relied on the crowd 
annotations provided by the original authors. In the Empathetic Dia-
logues dataset, two independent annotators annotated each conversa-
tion, and their ratings were averaged to produce a single score. In the 
EPITOME dataset, there was only one annotation per conversation. For 
the Perceived Empathy dataset, we used the mean ratings provided 
by the authors, which were provided by two to four annotators per 
conversation. For the Lend an Ear pilot experiment, we crowdsourced 
annotations, with each conversation being evaluated by between 2 and 
11 independent annotators per conversation. We used mean crowd 
ratings for all analyses to ensure consistency across datasets because 
only means were available for Perceived Empathy and EPITOME had a 
single annotator.

LLM annotations
To generate annotations, we systematically prompt the LLM based on 
three criteria. First, the prompt included a framework for empathic 
communication grounded in our interpretation of the communications 
and psychology literature on empathic communication. See Supple-
mentary Information, section 1 for the specific wording.
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Second, we included three-shot examples with expert provided 
scores specific to each dataset to illustrate the evaluation criteria and 
expected output format. This second criterion follows the Holistic 
Evaluation of Language Models (HELM) methodology for including 
in-context examples, which increases the likelihood that LLMs gener-
ate responses that fit within the evaluation scale82. Third, we input the 
conversation to be assessed and instructed the LLM to assign scores 
using the Likert scale specific to each task.

The results presented in this Article are based on annota-
tions generated by Gemini (gemini-2.5-pro-preview-03-25). 
Extended Data Table 3 shows the reliability of annotations generated by 
GPT-4 (gpt-4o-2024-08-06) and Claude (claude-3-7-sonnet-20250219). 
All LLM application programming interface calls were made with a 
temperature setting of zero to ensure consistent outputs.

Measuring interrater reliability
We assess annotation quality across different frameworks using two 
complementary statistical measures: interrater reliability via Cohen’s 
kappa, and classification accuracy using F1 scores, common in super-
vised machine learning contexts. These metrics highlight distinct 
aspects of annotator agreement and variability. We primarily focus on 
weighted Cohen’s kappa (κw), which takes into account the degree of 
disagreement between annotators, penalizing differences by a squared 
term83. Specifically, we compute κw for each expert pair, and between 
the median expert annotation and annotations from (a) the LLM and 
(b) crowdworkers. We also calculate Krippendorff’s α, which general-
izes to any number of annotators, for experts and LLM annotations.

While our primary analysis relies on interrater reliability metrics, 
we also report multiclass and binary F1 scores treating median expert 
annotations as ground truth. We do this to contrast our approach with 
previous work on LLM-as-judge, which treats median expert annota-
tions as ground truth and relies on classification metrics to report 
annotation performance54,60,84. We demonstrate how classification 
metrics fall short in providing meaningful insights for subjective tasks 
compared with reliability metrics.

Qualitative evaluation
In an effort to understand the differences in annotations across experts, 
crowds and LLMs, we conducted a qualitative analysis of annotation 
patterns across datasets and annotator groups. After gathering all 
expert annotations, we systematically filtered for those conversations 
in which experts disagreed with one another as well as those in which 
expert and crowd judgements diverged. Because only the Lend an Ear 
and EPITOME datasets included annotation explanations from both 
experts and crowdworkers, our qualitative analysis focuses on these 
two conversational datasets. For each conversation where annotators 
differed, one expert reviewed all expert and crowd explanations and 
highlighted reasons to help explain why annotator may have arrived 
at different ratings. Finally, all experts discussed five representative 
conversations in depth and reviewed the qualitative insights presented 
in Supplementary Information, sections 6 and 7.

Ethics approval and consent to participate
This research complied with all relevant ethical regulations and 
obtained informed consent from all participants for data we collected. 
The Northwestern University Institutional Review Board (IRB) deter-
mined that the research met the criteria for exemption from further 
review. The study’s IRB identification numbers are STU00222032 
and STU00223043.

Ethical implications of empathy evaluation
The integration of LLMs in evaluating and expressing empathic sup-
port raises important ethical considerations. Empathic communica-
tion is a critical interpersonal skill that affects both people’s lives and 
their livelihoods.

LLMs offer a promising path towards two important use cases: 
supporting skill training by scaling evaluations and providing 
accessible feedback, and augmenting AI companions by surfac-
ing harmful communication patterns in human–AI conversations 
and enabling more responsive and sensitive interactions. However, 
there remain important risks. Unreliable or biased evaluations could 
propagate poor practices and harm the people these systems are 
meant to serve. For example, unchecked empathic responses by 
AI companions can foster unhealthy attachments or emotionally 
manipulative tactics85,86.

Our study offers a step towards understanding the differences 
between experts, crowds and LLM evaluation of empathic commu-
nication. While LLMs have higher interrater reliability with expert 
annotations relative to the crowd, the variability in expert reliability 
across frameworks reveals the complexity of evaluation and the need to 
carefully test and validate frameworks before using LLMs in annotation 
pipelines. Future work should also consider domain-specific guidelines 
for acceptable error rates before deploying automated assessments 
into professional training and evaluation of AI companions.

Reporting summary
Further information on research design is available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability
The data used include datasets from Empathetic Dialogues38, EPIT-
OME39, Perceived Empathy5 and the Lend an Ear pilot. The full data 
(except the Perceived Empathy conversational dataset) used during 
the current study are available via GitHub at https://github.com/aakri-
ti1kumar/replication-data-and-code-when-LLMs-reliable-empathic-
communication. The full Perceived Empathy dataset is available upon 
request to the authors of the associated paper.

Code availability
The code used during the current study, including scripts for data 
analysis performed in Python (version 3.10), is available via at https://
github.com/aakriti1kumar/replication-data-and-code-when-LLMs-
reliable-empathic-communication and via Zenodo at https://doi.
org/10.5281/zenodo.17230987 (ref. 87). Python packages used 
for analysis include pandas, numpy, scikit-learn, matplotlib and 
statsmodels. We used Gemini 2.5 Pro (gemini-2.5-pro-preview-03-25), 
ChatGPT 4o (gpt-4o-2024-08-06) and Claude 3.7 Sonnet (claude-3-
7-sonnet-20250219) for LLM-based annotations.
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Extended Data Fig. 1 | Expert inter-rater reliability across frameworks. Pairwise expert reliability across four empathic communication frameworks.

http://www.nature.com/natmachintell


Nature Machine Intelligence

Article https://doi.org/10.1038/s42256-025-01169-6

Extended Data Fig. 2 | Expert inter-rater reliability across sub-components. 
Inter-rater agreement as Krippendorff’s alpha among the three expert 
annotators across frameworks’ sub-components. The circle represents the mean 
Krippendorff’s alpha and error bars are 95% confidence intervals obtained by 

bootstrapping conversations (n = 1000), and the background color indicates the 
degree of agreement with red for poor (α = 0.0 to 0.2), yellow for fair (α = 0.2 to 
0.4), and green for moderate to high reliability (α = 0.4 to 1.0)88.
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Extended Data Fig. 3 | LLM inter-rater reliability across sub-components. 
Inter-rater agreement as Krippendorff’s alpha among the three LLM annotators 
(gemini-2.5-pro-preview-03-25, GPT-4o, Claude3.7-sonnet) across frameworks’ 
sub-components. The circle represents the mean Krippendorff’s alpha and error 

bars are 95% confidence intervals obtained by bootstrapping conversations  
(n = 1000), and the background color indicates the degree of agreement with red 
for poor (α = 0.0 to 0.2), yellow for fair (α = 0.2 to 0.4), and green for moderate to 
high reliability (α = 0.4 to 1.0).
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Extended Data Fig. 4 | VIF for each sub-component within the four 
frameworks. VIF quantifies the degree of multicollinearity among sub-
components, with higher values indicating greater redundancy. Dashed lines 
indicate conventional thresholds of VIF ≤ 4 indicating low multicollinearity,  

4 ≤ VIF ≤ 10 indicating moderate multicollinearity, and VIF ≥ 10 indicating high 
multicollinearity88. Sub-components with high VIF may indicate overlapping 
constructs or redundant measures within the framework.
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Extended Data Fig. 5 | Empathy inflation by crowds. We present the distribution 
of annotations by experts, LLMs, and crowds across four evaluation frameworks 
for 200 conversations on different scales. Empathetic Dialogues (1-5), EPITOME 
(0-2), Perceived Empathy (1-7), and Lend an Ear (1-5). Crowd workers tend to 

assign higher ratings than experts in all frameworks, with LLM ratings typically 
falling between the two. The circles indicate mean ratings and error bars indicate 
the 95% confidence interval for the mean.
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Extended Data Fig. 6 | Comparing self-reported perceived empathy to crowd 
and expert evaluations. We present the distribution of self-reported perceived 
empathy and annotations from crowd and experts (n = 300 annotations each) 

across six sub-components of the Perceived Empathy dataset. The black circles 
indicate mean ratings and error bars indicate the 95% confidence interval for the 
mean.
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Extended Data Table 1 | Inter-Rater Reliability (Weighted Cohen’s Kappa) of LLM Variants vs Expert Median across datasets 
and sub-components

The prompt variants include Zero-Shot, Few-Shot, Framework, and Framework + Few-Shot, ordered by increasing complexity of the prompt for the LLM annotator (gemini-2.5-pro-preview-03-25). 
Cells exceeding the high-agreement threshold (κw≥0.58) are in bold. Statistical significance of κw was assessed by testing the null hypothesis H0: κw = 0 using a two-tailed Z-test. Significance markers 
reflect Benjamini-Hochberg FDR-adjusted p-values: * (p < 0.05), ** (p < 0.01), *** (p < 0.001).
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Extended Data Table 2 | Conversational contexts across datasets

Sixteen themes of personal disclosures identified by sparse autoencoders (SAEs) across 200 conversations. Values represent the percentage of conversations within each dataset (column) in 
which the theme appeared.
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Extended Data Table 3 | Expert-LLM Inter-rater Reliability across Models and Prompting Styles

Inter-rater reliability between different LLMs and experts (median) for few-shot and Chain-of-Thought (CoT) prompts.
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