Empathy Prediction from Diverse Perspectives

Francine Chen, Scott Carter, Tatiana Lau, Nayeli Bravo
Sumanta Bhattacharrya“, Kate Sieck, Charlene Wu
Toyota Research Institute
Los Altos, CA
[scott.carter,tatiana.laul@tri.global

Abstract

A person’s perspective on a topic can influ-
ence their empathy towards a story. To inves-
tigate the use of personal perspective in empa-
thy prediction, we collected a dataset, Empa-
thyFromPerspectives, where a user rates their
empathy towards a story by a person with a
different perspective on a prompted topic. We
observed in the dataset that user perspective
can be important for empathy prediction and
developed a model, PPEP, that uses a rater’s
perspective as context for predicting the rater’s
empathy towards a story. Experiments com-
paring PPEP with baseline models show that
use of personal perspective significantly im-
proves performance. A user study indicated
that human empathy ratings of stories generally
agreed with PPEP’s relative empathy rankings.

1 Introduction

Empathy is "the ability to recognize, understand,
and share the thoughts and feelings of another per-
son, animal, or fictional character."' The ability to
predict the degree to which a person will empathize
with something can be important when trying to re-
duce inter-group and inter-personal conflict. Most
proposed methods for empathy prediction assume
that empathy can be predicted without considera-
tion of individuals’ perspectives. Often, an aggre-
gate of empathy ratings are used. However, people
will react with different levels of empathy to a given
text passage, based in part on their background and
current context. In addition, stories by others with
diverging views about an issue may be ignored or
brushed aside because they are so different from
the reader’s own perspective. Thus, individual per-
spective can be important for predicting a person’s
empathy.

% Author is currently at the University of Illinois, Chicago
! https://www.psychologytoday.com/us/basics/
empathy, also e.g., Hasson et al., 2022

Place: The seating area at the Kalita zCafe storyA

Why: The people there are very friendly to me whenever | go
there. They have many different types breakfast cuisine. | don't
like just having bacon eggs and cheese for breakfast. They also
have coffees from different countries. My family is from brazil so
seeing coffees from the other Central American countries at Kalita
Cafe is important to me.

Modify: | would have more traditional breakfast
options-bacon eggs sausage. | would also have more coffee
that is brewed and grown in the USA. Some people only like
products that are American made.

Place: ltalian restaurant downtown storyB

Why: They asked us to leave bc we are a same sex couple. They
said that we made the other patrons feel uncomfortable.
Modify: Allow LGBTQIA. Show a rainbow flag on the door
to notify a safe place. Train staff to be accepting

Figure 1: An example story pair. The green box contains
a story where personA feels welcome. The blue box
contains a story about a similar type of place where
personB feels excluded.

Models for empathy prediction have been de-
veloped using data labeled by third parties (e.g.,
Barriere et al. (2023)). For some situations, predic-
tion of the average empathy felt by multiple people
towards a story, such as a political event, may be
desirable. In other situations, however, predicting
individual empathic reactions may be important,
e.g., when negotiating a compromise with a per-
son (Cohen, 2010) or finding ways to tell a story
to maximize empathy (Gueorguieva et al., 2023).
In these cases, people may have different levels of
empathy to a given text passage. Our work takes a
perspectivist approach (Abercrombie et al., 2024)
in which data is not aggregated when labeled, but
instead recognizes individual perspectives.

In this paper, we investigate predicting empathy
from different perspectives. For this, we:

* created the Empathy from Perspectives (EFP)
dataset for empathy prediction modeling and
for examining the effect of individual perspec-
tive on empathy,
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* proposed, to the best of our knowledge, a new
task of using user perspective for first-person
empathy prediction of a divergent perspective,
and proposed a model for Personal Perspec-
tive Empathy Prediction (PPEP),

* conducted experiments (i) comparing PPEP,
which uses story-as-perspective, to two previ-
ously proposed approaches to empathy predic-
tion (ii) examining how different inputs, such
as empathic similarity data, demographics, or
knowing a person’s rating for a different story,
influence performance, and (iii) comparing
the use of LLMs instead, and

* conducted a human subject study evaluating
PPEP.

While we observed that prediction of absolute em-
pathy (i.e., a person’s empathy rating without re-
gard to other empathy values) is poor when the
rater perspective is new (unseen in training), our
human subject study showed that PPEP’s predicted
relative empathy ratings, (i.e., the difference be-
tween a person’s empathy ratings of two stories),
generally agreed with human relative empathy rat-
ings.

2 Related Work

Perspectivist approaches to NLP in general have
been presented at NLPerspectives workshops
(https://nlperspectives.di.unito.it/), and
have been applied to prediction. For example, Plepi
et al. (2022) predicted binary labels (e.g., whether
the poster of a Reddit post is a "wrong doer") by
an annotator towards a Reddit post using demo-
graphics and other Reddit posts as context. Here,
we focus on empathy prediction of a rater who
has written a story about a topic towards another
person’s divergent perspective story on a similar
topic.

2.1 Empathy Prediction

There has been much work related to third-person
empathy prediction (e.g., Shetty et al., 2024; Lah-
nala et al., 2022; Sharma et al., 2020; Lee et al.,
2021). A number of researchers have participated
in the WASSA shared empathy prediction tasks
(summaries in Barriere et al., 2023, 2022; Tafreshi
et al., 2021), which centers around predicting the
"perceived empathy" of a person towards news sto-
ries. In Barriere et al. (2022), the empathy pre-
diction task was based on a participant’s written

reaction to a news article. Barriere et al. (2023) col-
lected both self-reported and third-party empathy
annotations. Buechel et al. (2018) modeled empa-
thy and distress together for self-reported annota-
tion of news stories, comparing the use of Ridge
regression, Feed-Forward, and CNN models, find-
ing that CNN models had the best Pearson’s cor-
relation performance on their data. Srinivas et al.
(2023) and Lu et al. (2023) embedded the input text
and used a multi-layer-perception (MLP) for em-
pathy prediction. Their models placed 3rd and 5th,
respectively, in the WASSA 2023 empathy track.

Guda et al. (2021) proposed EmpathBERT and
found that demographics improve empathy predic-
tion as a binary task. In our work, we examine
empathy prediction as a continuous variable, which
allows for ranking of a set of stories. We examine
the effect of demographics in our continuous rat-
ing value context. Hasan et al. (2024) examined
demographics in empathy prediction of news arti-
cles using a BERT-based language model. They
found that demographics (i.e., gender, education
level, race, age, and income) improved Pearson
r by 0.013 to 0.049 depending on whether demo-
graphics is given as text or both text and a number.

These empathy models predict the empathy of a
text annotated as the average of several annotators
(third-person) or self-reported on their own text.
In contrast, we examine empathy prediction from
each rater’s point of view towards someone else’s
opposing view. To capture the rater’s perspective
towards another view, the empathy ratings in our
EFP dataset are in first person and the model input
includes a story written by the rater.

2.2 Empathic Similarity Prediction

Shen et al. (2023) proposed the task of predicting
the empathic similarity of a pair of stories and cre-
ated the EmpathicStories dataset, which we used in
some of our experiments. Their model computed
the cosine similarity of two story embeddings, ei-
ther BART or SBERT. It was also used for empathy
prediction on the EmpathicStories++ dataset (Shen
et al., 2024), with low correlation performance.

In Shen et al. (2023) story pairs were collected
from online sources and annotated for empathic
similarity by annotators. In contrast, we examine
how empathy prediction is influenced by the per-
spective of the person rating their empathy towards
a story. Due to privacy concerns, the request form
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Figure 2: Steps for collecting the EmpathyFromPer-
spectives dataset. storyAs are positive and storyBs are
negative.

for the EmpatheticStories++ dataset” states: "The
login details will only be emailed to the given aca-
demic institute email address”. We did not consider
this dataset because of its limited availability.

3 EmpathyFromPerspectives Dataset

Our EmpathyFromPerspectives (EFP) dataset® con-
tains pairs consisting of a positive story, storyA by
personA, and a negative story, storyB by personB,
plus personA’s empathy rating for storyB. The data
was collected as part of a larger study (Lau et al.,
2024) focused on how people could create more
inclusive public spaces, which are typically places
where one may feel welcomed (i.e., places where
you feel mentally at ease) or safe (i.e., physically
at ease). The larger study’s focus stems from cur-
rent debates in the U.S. about how to design public
spaces often being contentious, and empathy may
be helpful when finding solutions.

3.1 Data Collection

The data was collected in two stages as shown in
Figure 2. In Stage 1 (top row), storyBs were col-
lected from subjects recruited from dscout* (Fig.
2a). Each subject, personB, was asked to describe
a place that made them feel either safe, welcome,
less safe or excluded (four total). They were then
asked why they felt that way and how they would
modify a safe or less safe place to be safer, or a wel-
coming or excluding place to be more welcoming.
The exact prompts are given in Appendix A.2.

To create story pairs about a similar type of
place, place types were defined by clustering the
storyB place descriptions using agglomerative clus-
tering, so that each cluster represents a type of
place (Fig. 2b). The safe and less safe places were

Zhttps://forms.gle/IfoLfiyeto7Zt9V86  accessed
Sept 19, 2024
Savailable at https://osf.io/4szk5/

*https://dscout.com/

clustered together and the welcoming and exclud-
ing places were clustered together. The number of
safe/less safe clusters and the number of welcom-
ing/excluding clusters were each set to 14. (See Ap-
pendix A.4 for a list of cluster/place types.) Then
a place type classifier was developed (Fig. 2c) to
identify which of the 14 clusters a new positive
(i.e., welcoming or safe) story was most similar to.

In Stage 2 (bottom row), a second set of par-
ticipants were recruited from Prolific’. The new
participants, personA, were asked to write a story,
storyA, about a place that felt either welcoming
or safe to them, using the same prompts used to
collect the storyBs (Fig. 2d). Then the place clas-
sifier (Fig. 2e) identified the type of place written
about and selected one or more negative stories
from the place-type cluster of storyBs for personA
to rate (Fig. 2f). Welcoming stories were matched
to excluding stories, and safe stories were matched
to less safe stories. PersonA then rated their em-
pathy for one, three or five storyBs, with an equal
number of personA’s assigned to each condition.
(See Appendix A.5 for details.) PersonA was also
asked if they identified with storyB. The data was
collected in two parts and we asked PersonAs in
the second part to also provide demographics, i.e.,
gender, age, ethnicity, education, people they live
with, and income. See Appendix A.1 for prompts
and Appendix A for collection details.

3.2 Dataset Statistics

Table 1 shows statistics of the story pairs and empa-
thy ratings for the EFP dataset and different subsets
of EFP. The dataset was split 75/5/20 into train, dev
and test sets and fixed for all experiments. Also
shown is the EmpathicStories dataset (ES) (Shen
et al., 2023) which was used in some of our experi-
ments.

The EFPp dataset is the EFP dataset with storyA
removed. We did not remove duplicate storyB’s
because for a given storyB, different personAs may
assign very different empathy values (see Fig. 3).
Thus in Table 1, the number of storyB empathy
ratings is the same as that of EFP.

The EFP,.,, dataset is the subset of the EFP
dataset for which demographics were collected. We
used it to evaluate the usefulness of demographics.

Shttps://www.prolific.com/
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dataset | #ratings | # personA | #storyA | #storyB | place | why | modify | total
EFP 3234 1157 1336 301 9,6,8 | 48,43,29 | 37,32,23 | 94,87,48
EFPg 3234 1157 0 301 8,6,8 | 42,38,26 | 37,34,22 | 88,81,47

EFPgem 1922 792 948 268 8,6,7 | 48,43,28 | 36,32,23 | 92,85,46
ES 2000 - - - - - - 235,——

Table 1: Datasets used in experiments. We collected the EmpathyFromPerspectives (EFP) dataset. EFP 5 is EFP
where storyA has been removed (i.e., storyB only). EFP ., is the subset of EFP for which demographic information
was collected. The ES dataset (EmpatheticStories) is from (Shen et al., 2023) which used 3rd-person annotation of
empathic similarity. The EFP ratings are first-person empathy ratings by personA for personB’s story. The word
count statistics of mean, median and std dev are given for the three story parts—type of place written about (place),
why the writer feels the way they do about a place (why), and how would they modify the place to make it more
welcoming/safer (modify)—and the combined (fotal) story.

3.3 Empathy Values for a Story Vary by Rater

Figure 3 (left) shows the distribution of empathy
values that personAs assigned to the set of storyB’s
in our training dataset when a story has been rated
at least twice. These values varied from 1 to 100,
which spans the full rating range. The mean value
of empathy assigned to a story was 55, while the
mean of the standard deviation of empathy values
per story was 23. The range of values assigned
to each storyB varied from about 1 to 100, with
a mean range of 67. This relatively large range
indicates that for the stories in our dataset, people
often assign very different empathy values to the
same story, and a single empathy value may not be
very meaningful.

StoryB Empathy Statistics  PersonA Empathy Statistics
1 200 T
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Figure 3: Histograms of storyB (left) and personA
(right) empathy ratings statistics. The mean, stddev
and range are computed per storyB from the assigned
empathy ratings (left) or per person from their empathy
ratings (right). The mean of each statistic is in dark
blue.

3.4 Empathy Values Assigned by a Person

The distribution of empathy values by each per-
sonA who provided empathy ratings for at least
two stories is shown in Figure 3 (right) for the
training set. We note that while the mean empathy
value assigned by a person who rated at least two
stories varied over the full range, the mean of the

standard deviations of personA ratings was only
13. Thus, the variation of empathy scores assigned
by a person tends to vary less than the variation of
scores assigned to a storyB. This is also reflected in
the larger range of empathy values assigned to sto-
ryB than the range of empathy values individuals
(personAs) assigned to stories. This suggests that
information about personA can be helpful when
predicting personA’s empathy for a story.

4 Models for Empathy Prediction from
Diverse Viewpoints

In this section we describe our Personal Perspec-
tive Empathy Prediction (PPEP) model, which uses
the rater’s perspective, and other models used in
our experiments. For embedding text in all mod-
els, we used the pretrained SBERT sentence trans-
former (multi-qa-mpnet-base-dot-v1) (Reimers and
Gurevych, 2019), which had the highest correlation
performance in (Shen et al., 2023).

PPEP: Prediction with Rater’s Viewpoint Our
PPEP model is designed to predict the empathy
of the author of storyA towards storyB. We used
an MLP as a classifier that can capture storyA as
context for storyB. The PPEP model is shown in
Figure 4a. Each of the paired positive and nega-
tive stories are separately embedded using SBERT,
which has an embedding size of 768, and concate-
nated. The combined embedding is input to an
MLP classifier with three hidden layers, and the
final output layer fed to a sigmoid for prediction.
The number of nodes in each layer of the MLP was
768%2, 768, 384, and 192, with a ReLU between
each linear layer. See Appendix E for details.

The following are baseline models and alterna-
tive representations examined in our experiments
described in Section 5.

Prediction based on Similarity People tend to
be more empathetic towards stories that are similar
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Figure 4: Empathy prediction models (a) PPEP model for computing perspective empathy (b) cosSim model for
computing empathic similarity from Shen et al. (2023) (c) PPEP,,, 4 model where only storyB is input. (b) and (c)
are baseline models. ‘embedX’ refers to the embedding of storyX.

to their own, which is modeled by the empathic
similarity model by Shen et al. (2023). This model
uses the cosine similarity of the SBERT embedded
representations of storyA and storyB for prediction
(Figure 4b). In contrast, we use storyA as context
for prediction.

Prediction Given StoryB Only We examine em-
pathy prediction without the rater’s (opposing) per-
spective. For this, we removed the storyA branch
of the model, embedding only storyB, the text to be
rated (Figure 4c). The embedding is then fed into a
two-layer MLP, since the embedding for one story
is half the size of the concatenated embeddings for
two stories. Thus the size of the layers is 768, 384
and 192, with a ReLU between each layer.

Prediction with Story Parts We compared the
use of the full story (i.e., the responses to the
three data collection prompts about place, why,
and desired modifications) with use of modifica-
tions (mods) only. The responses/story parts were
combined into one input text by either: using a
separator ‘[SEP]’ between story parts or preceding
each story part with a prompt, e.g., "I feel safe here
because". The prompts are given in Appendix C.

Prediction using Demographics The effect of
adding demographics was compared to no demo-
graphics. We added demographics either as a cate-
gorical text value, each separated by [SEP] or with
the subject demographics formatted as sentences.
The template for formatting the demographics is: "I
am a <gender>, "My age is <age-range>, "My edu-
cation level is <education range>, "My household
income is <income range>, "My ethnicity is <eth-
nicity>, "I live with <type of people in household>".
Demographic statistics are shown in Appendix B.

Prediction using LL.LMs We asked Claude 3

Opus, GPT-40 and Claude 3.5 Sonnet to predict
the empathy of the author of storyA towards sto-
ryB in 0-shot and 5-shot prompting. The prompt
used (see Appendix D) is from Shen et al. (2024)
for prompting GPT-4. We also added the phrase
"where 0 is not empathetic and 1 is extremely em-
pathetic" to the prompt to inform the LLMs of the
desired ratings range, which the trained models
could learn from the labeled data.

5 Model Evaluation

In our experiments, we (a) compared PPEP against
baselines models on the EFP dataset, including
using the cosineSimilarity of storyA and storyB
(Shen et al., 2023, 2024), using only storyB and
ignoring personA’s perspective, and using the larger
e5% embedding; and (b) examined different inputs,
including adding the EmpathicStories dataset to
EFP, using demographics, and adding the place
and why story parts to the modifications story part.
Finally, we also compared the performance of three
LLMs for empathy prediction.

Our model is a modification of the Empathic
Similarity code’. We used the same parameter
values except for the number of training epochs,
and the empathy labels were normalized to range
from 0.0 to 1.0. MSE loss between the predicted
empathy and human empathy ratings was used, and
validation loss was computed at the end of each
epoch. Early stopping on the validation data was
used when training.

We did not binarize values when computing
Spearman correlation (p) and Pearson correlation

®https://huggingface.co/intfloat/e5-1large-v2

7https://github.com/mitmedialab/
empathic-stories
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epochs train test model p(%) | r(%) | acc(%) | F1(%) | P(%) | R(%) | MSE

A 400* EFPp EFPp PPEP,,04 1.95 2.73 51.99 54.44 | 62.13 | 48.45 | 0.1181
50 EFP EFP cosSim 30.51 | 29.50 | 63.96 71.09 | 67.68 | 74.87 | 0.0836

B 100* EFP EFP cosSim 34.18 | 33.52 | 66.26 72.15 | 70.54 | 73.83 | 0.0869
400 EFP EFP cosSim 30.79 | 30.32 | 66.10 71.78 | 70.78 | 72.80 | 0.0960

C 100 EFP EFP PPEP 39.77 | 39.53 66.41 T1.74 | 71.47 | 72.02 | 0.0857
400* EFP EFP PPEP 40.12 | 40.04 66.87 72.02 | 72.02 | 72.02 | 0.0898

400* EFP safe PPEP 43.44 | 43.50 | 68.60 7431 | 74.87 | 73.76 | 0.0767

D 400* EFP welcome PPEP 37.70 | 37.13 65.12 69.54 | 6898 | 70.11 | 0.1031
400%* safe safe PPEP 45.05 | 45.48 65.55 69.46 | 63.75 | 76.29 | 0.0858

400* welcome welcome PPEP 23.76 | 26.61 62.12 69.41 | 66.01 | 73.18 | 0.1089

E 100* EFP+SEP | EFP+SEP PPEP 38.64 | 38.10 66.26 71.50 | 71.50 | 71.50 | 0.0866
100* EFP+PRT | EFP+PRT PPEP 38.32 | 37.87 67.33 72.73 | 71.90 | 73.58 | 0.0873

F 100* EFP EFP e5+cosSim | 26.97 | 27.23 63.34 69.86 | 68.06 | 71.76 | 0.0982
100* EFP EFP e5+PPEP 38.81 | 39.15 65.03 7047 | 7047 | 70.47 | 0.0876

Table 2: Empathy prediction performance when trained on the EmpathyFromPerspectives (EFP) dataset. PPEP
is our MLP-based empathy prediction model. A: PPEP,,, 4 model, which ignores storyA perspective, takes only
storyB input. B: Cosine similarity model. C: PPEP model. D: Performance comparison of safe and welcome subsets
when trained together on EFP vs. training on a safe or welcome subset alone. E: Effect of including the place and
why story parts with separators (SEP) or prompts (PRT). F: Comparison of cosine similarity and PPEP models using
eS-large-v2 embedding. Best values when models are tested on EFP are shown in bold. * indicates the best number
of training epochs. ‘train’ and ‘test’ refer to the (fixed) train or test split, respectively, of the named dataset.

(1), but did for accuracy (acc), F1, precision (P),
and recall (R). The specific model parameters are
given in Appendix E. All models were trained for
100 and 400 epochs (with early stopping), and only
the best of either 100 or 400 epochs is shown for
each condition in Table 2 for all models except (B)
and (C), the primary models compared, where both
are shown. CosSim also was trained on 50 epochs,
in keeping with Shen et al. (2023). The models that
include demographics (Table 4) were not finished
training (i.e., did not reach early stopping) at 400
epochs and so were trained to 800 epochs. Only
the mods story part was used in the other models
because the experiments indicated slightly worse
performance when place and why were included
with mods.

5.1 Evaluation Metrics

The metrics used to evaluate empathy prediction
are: Spearman correlation (p), Pearson correlation
(r), accuracy(acc), F1, precision (P), recall (R) and
mean-squared error (MSE). When computing cor-
relations, the predicted value was compared to the
labeled value, where the labeled value was nor-
malized to range from O to 1. For computation of
accuracy, F1, precision and recall, the prediction
value was binarized, with a threshold of 0.5. Since
we are interested in ranking a person’s empathy to-
wards stories, we used Spearman correlation values
for all significance tests, testing at the 0.05 level of
significance.

5.2 Experiments and Results

We examine the effect of different ways of using
perspective in empathy prediction models, the use
of different input data (i.e., story parts, demograph-
ics, data labeled with similarity) and comparison
with several LLMs. The results of our empathy
prediction experiments are shown in Tables 2-5.
We describe the results by preceding each with a
research question, followed by discussion of the
relevant results from the tables.

Does incorporating an individual’s story en-
hance prediction of how they will rate their em-
pathy toward another story? Table 2 shows em-
pathy prediction performance on the EFP dataset.
Training and testing when only storyB is input
(A) had the lowest performance among the differ-
ent models and was significantly lower than PPEP
(p = 0.0), indicating that some knowledge about
the rater can be useful to an empathy prediction
model.

How does the story-as-perspective approach
compare to the empathic similarity approach
explored in an earlier work? The use of cosine
similarity (B) did not perform as well as PPEP
(C), with a Spearman p almost 6 percentage points
less, although the difference was not significant
(p = 0.1079).

Is it more effective to train separate models
for the safe and welcome topics? In section (D),
performance for the safe and welcome subsets of
the test data in section (C) are shown in the top two
lines. Training separate classifiers for safe or wel-
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epochs train test model | p(%) | r(%) | acc(%) | F1(%) | P(%) | R(%) | MSE
100* EFP+ES EFP PPEP 47.59 | 47.24 69.02 74.23 | 73.12 | 75.39 | 0.0768
G 100* EFP+ES safe PPEP | 44.80 | 44.08 68.29 7426 | 74.26 | 74.26 | 0.0740
100* EFP+ES welcome PPEP 50.30 | 50.00 69.75 74.21 71.94 | 76.63 | 0.0796
50%* EFP+ES | EFPnewa | cosSim | 8.06 6.86 65.03 7449 | 73.74 | 75.26 | 0.1084
H 50%* EFP+ES | EFPscena | cosSim | 36.08 | 35.77 63.65 70.02 | 65.85 | 74.74 | 0.0766
100* EFP+ES | EFP,cwa PPEP 12.70 | 11.44 | 63.64 74.51 | 71.03 | 78.35 | 0.1166
100* EFP+ES | EFPscena PPEP 55.44 | 55.28 70.53 74.14 | 73.88 | 74.39 | 0.0656

Table 3: Performance when trained jointly on the EFP dataset and the EmpathicStories (ES) datasets. G: Test on
EFP, safe and welcome individually. H: Although the pairs of stories are all unique, a storyA may occur in both
train and test. EFP,,.,, 4 are storyAs that did not occur in the training data, and EFP,.,, 4 are storyAs that did occur
in the training data. Best values when tested on EFP with SBERT embeddings across Tables 2 and 3 are in bold.

epochs train test demog | model | p(%) | r(%) | acc(%) | F1(%) | P(%) R(%) MSE
100* | EFPgem | EFPgem none PPEP | 33.03 | 31.23 | 63.14 70.52 | 70.08 | 70.95 0.1084
800* | EFPg4er, | EFPgen, | categ. | PPEP | 32.83 | 32.76 | 62.11 76.63 | 62.11 | 100.00 | 0.09044
800* | EFPgerm | EFPgem sent. PPEP | 33.12 | 33.70 | 62.11 | 76.637 | 62.11 | 100.00 | 0.09038

Table 4: The effect of including the demographics of PersonA and PersonB is small.

come showed performance on welcome decreased
noticeably, supporting the use of a model trained
on the combined safe and welcome data in the EFP
dataset to learn generalizations across datasets.

Does knowing the background of place and
why in addition to the suggested modifications
improve empathy prediction? In (E), place and
why were included in the stories as described in
Section 4. There was no significant difference
from using only modifications, with p-values of
0.38 and 0.35 for SEP and PROMPT separators,
respectively, vs. not using place and why. Since
the modifications tend to be the most controversial
part of the stories, e.g., adding surveillance cam-
eras or speed bumps, they may be the largest factor
influencing empathy.

Do the results generalize to another embed-
ding model? To examine whether PPEP’s better
performance holds for another embedding model,
we trained a model using the e5 embedding, which
was the top performing embedding for similarity
on the Hugging Face MTEB leaderboard when we
checked in July 2024. As with SBERT embedding,
with e5 embedding (F), PPEP performed signifi-
cantly better (p = 0.0085) than the cosSim model.
The e5 performance was somewhat lower for both
cosSim and PPEP models, so SBERT embeddings
were used for our experiments.

Is empathic similarity helpful to empathy pre-
diction? Since empathic story similarity is relevant
to empathy, the Empathetic Stories dataset (ES), la-
beled with story similarity, was added to the PPEP
training set (Table 3G). PPEP trained on EFP+ES
was significantly better than other models when

tested on EFP; the p-values comparing training
PPEP on EFP+ES vs. training PPEP, cosSim and
PPEP,,,4 on EFP only were 0.0321,0.0006 and
0.0, respectively, indicating similarity labels help
empathy prediction. It also improved performance
on welcome.

Can PPEP effectively use a person’s rating
for one storyB to better predict their empathy
towards other stories? In Section (H), the results
from (G) are split into whether the model has been
trained on personA (i.e., their storyA and rating
for a storyB) to examine the effect of knowing at
least one rating by personA. (Recall that subjects
rated 1, 3 or 5 stories.) Note the much lower perfor-
mance when personA is new, EFP,,¢, 4, than when
personA has rated at least one storyB, EFPgc;, 4.
While each story pair in the EFP training set is
unique, the better EFP,.,, 4 performance may be
due to the model learning to predict relative em-
pathy instead of only absolute empathy from story
pairs with the same personA.

Does demographic information improve per-
formance? Table 4 indicates that adding demo-
graphic features had a small, insignificant effect
(p = 0.48,0.49) on empathy prediction perfor-
mance, consistent with (Hasan et al., 2024).

How does LLLM performance compare to mod-
els trained on labeled data? LLM performance
was examined under two types of conditions: (a) in-
put is either only the desired modifications (mods)
or also place and why (full) and (b) use of either
0-shot or 5-shot training. In Table 5, the LLMs per-
formed better when the full text is given, but being
given five examples usually did not help. LLM per-
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epochs | train | test model p(%) | r(%) | acc(%) | F1(%) | P(%) | R(%) MSE
- - EFP | Claude 3 Opus mods O-shot | -7.62 | -8.04 | 45.40 50.00 | 54.60 | 46.11 | 0.1510
- - EFP | Claude 3 Opus mods 5-shot | -6.78 | -5.79 | 44.33 37.31 | 55.96 | 27.98 | 0.1836
- - EFP Claude 3 Opus full 0-shot 8.63 | 8.14 57.67 68.56 | 61.18 | 77.98 | 0.1158
- - EFP Claude 3 Opus full-5shot 2.05 2.47 51.99 55.48 | 61.51 | 50.52 | 0.1740
- - EFP GPT-40 mods 0-shot -7.25 | -6.90 | 43.87 37.76 | 54.95 | 28.76 | 0.2289
- - EFP GPT-4o full 0-shot -2.43 | -1.60 | 49.08 51.88 | 58.88 | 46.37 | 0.1475
- - EFP GPT-4o0 full 5-shot -3.01 | -1.34 | 5291 60.08 | 60.31 | 59.84 | 0.6010
- - EFP | Claude 3.5 Sonnet full O-shot | -1.72 | -1.56 | 54.75 65.66 | 59.62 | 73.06 | 0.1162
- - EFP | Claude 3.5 Sonnet full 5-shot | 1.84 | 2.60 49.39 50.60 | 59.93 | 43.78 | 0.1441

Table 5: Performance of LLM when given modifications only (mods), full story (full), and O or 5 examples.

formance was most similar to PPEP trained without
storyA (Table 2A), indicating that LLMs did not
effectively use storyA, except for Opus full story
performance, which was similar to new storyA per-
formance (Table 3H). The low performance may
be due to LLMs being trained on web text, with
little exposure to perspective-based empathy rat-
ings. Others have noted that LLMs perform much
better on academic questions than on ones related
to social intelligence (Xu et al., 2024; Sap, 2024)

6 Human Evaluation of Empathy Ratings

We compared PPEP’s empathy ratings to human
ratings using a new set of participants. Specifically,
PPEP’s predicted absolute and relative empathy rat-
ings were compared to human ratings using new
storyAs by new personAs. The relative empathy,
e = e; — ey, is the difference between empathy
for a test storyB, e;, and the empathy for storyB
that a subject is predicted to be most empathetic
towards, e;. The absolute empathy is e; only. Rel-
ative empathy is a within-subjects measure that
we hypothesize may be more robustly predicted
than absolute empathy (across-subjects), which is
very person dependent, as observed in Section 3.3.
We structured our study to allow within-subjects
comparison examining the relative empathy.

The collection of new storyAs and empathy rat-
ings for our human evaluation was performed using
the approach outlined in Stage 2 of Fig. 2 to collect
storyAs and empathy ratings for our EFP dataset.
Steps 2d and 2e were identical: in response to a
storyA welcome or safe prompt, a subject wrote a
story, storyAy, that describes a place where they
feel welcome or safe, why they feel welcome or
safe there, and suggested modifications to make the
place more welcoming or safer; then the place/topic
classifier identified the place type/topic cluster that
best matches storyAy. For the original rating task
in Fig. 2f, 1, 3 or 5 stories were rated. For this task,
personAy, rated their empathy for two stories, ey, a

selected storyB, and ej, the storyB they were pre-
dicted to be most empathetic towards; and then the
relative empathy, e = e; — e, was computed. By
rating only stories e; and ej, the possible confound
of personA’s empathy being influenced by other
stories they read and rated (see Appendix F) was
removed.

The selected test storyB, storyB;, was a selected
percentage down the ranked list of stories on the
topic, where the ranking is based on PPEP’s pre-
diction of the empathy that personAj, would have
for each story in the best matching topic cluster.
We chose stories at four ranks in the ranked list
of storyBs in the topic cluster: 20%, 50%, 75%
and 100% (the farthest). Subjects were also asked
whether they identified with each story. Each sub-
ject rated one pair of "safe" and one pair of "wel-
come" stories. We used Prolific to recruit 50-55
new participants per percentage rank, or over 200
people not used in earlier studies.

People often feel more empathy for stories by
people with whom they identify or share greater
similarity (Gutsell and Inzlicht, 2012; Stevens et al.,
2021). To remove this potential confound, empa-
thy ratings when the human did not identify with
either story were considered separately from when
humans identified with both stories. After this fil-
tering, there were an average of 21 ratings for the
four no-identify ranks and an average of 10.5 rat-
ings for the four identify ranks, respectively. The
mean absolute empathy for the predicted most em-
pathic story should be the same across the ranks if
raters use values that are consistent with each other,
but instead ranged from 53.2 to 70.4 for identify
and from 56.6 to 73.25 for no identify, illustrating
variability in mean absolute empathy value, due in
part to rater differences noted in Section 3.3.

Given this variability, we focused our analysis
on the human-rated empathy of the second storyB
relative to the first, shown in Fig 5 for the four
rank percentages to the target (i.e., the storyB that
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Figure 5: Relative human empathy ratings of stories for
different predicted empathy rank, where 100% is the
story a rater is predicted to assign the lowest empathy
score among a set of stories (target). Bars indicate
standard error.

personA is predicted to be least empathic towards).
The average relative empathy for stories that a hu-
man identifies with (iden) had only about 10 ratings
per rank and may be noisy, but tend to be greater
than ones not identified with (no iden), as expected.
Note that empathy for a story decreases as stories
are closer to the the target, i.e., the predicted lowest
empathy rated story, indicating that PPEP’s empa-
thy predictions generally follow human ranking of
empathy for stories. Empathy at 20% increased by
10.1 and 6.5, and decreased at 100% by 12.0 and
17.6, similar to the psychological observation that
people are more likely to accept events close to
their current beliefs and to view highly surprising
events negatively (Filipowicz et al., 2018).

Although the correlations were relatively low
when PPEP was tested on new personAs (Table
3H), PPEP’s relative within-subject empathy rat-
ings generally follow trend in the human subject
ratings. By training on multiple empathy ratings for
some of the personAs and on empathic similarity,
the results indicate that PPEP may have generally
learned relative empathy between stories.

7 Discussion

Experimental results show that having at least one
story from a rater (storyA) and their empathy rating
for another story (storyB) can greatly improve rater
empathy prediction on new storyBs. The almost
40 percentage points empathy prediction improve-
ment with use of one storyA is much larger than the
roughly five percentage point improvement with
use of demographics noted by others (e.g., Hasan
et al., 2024; Guda et al., 2021). PPEP’s better per-
formance over cosine similarity indicates that mod-

eling a rater’s story as context is more informa-
tive than similarity. However, including Empathic-
Stories to the training data to provide similarity
examples also improved performance, indicating
that empathetic similarity is complementary and
relevant to perspective-based empathy prediction.
The poor LLM empathy predictions indicates that
LLMs currently do not make good use of user per-
spective.

Our human evaluation examined the within-
subject change in human empathy ratings between
the story personA is predicted to be most empathic
towards and another story which personA is pre-
dicted to be less empathetic towards. The study
showed that subjects tended to be less empathetic
to stories that are predicted to be farther from the
most empathic story, indicating that PPEP’s em-
pathy predictions are in general agreement with
human empathy ratings. This indicates that PPEP
may have learned relative empathy from storyBs
paired with the same storyA as well as from the
empathic similarity labels in the EmpathicStories
data.

8 Summary and Conclusions

Analysis of our EmpathicPerspectives dataset indi-
cated that user perspective is important for empa-
thy prediction when there are diverse perspectives.
Experiments with our PPEP model showed that
modeling user perspective (storyA) as context had
better absolute empathy prediction performance
than the baseline models, and adding empathic
similarity data to training further improved per-
formance. Our human subject studies showed that
while prediction of absolute empathy is difficult,
relative empathy can be more robustly predicted by
PEPP. Its relative empathy rating of stories gener-
ally agreed with human empathy ratings, including
the tendency towards greater empathy ratings when
personA identifies with storyB.

9 Limitations

This work is an initial investigation of the use of
perspective in empathy prediction from different
viewpoints. The data was collected in English
from participants in the US under a scenario where
people were asked to tell stories about two types
of places. Thus, the model has been trained on
only those two types of places and we have not
tested on topics other than safe/less safe and wel-
come/excluding places. The collection scenario
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allowed for asynchronous data collection, but is
artificial. A future direction is to predict empathy
for another’s perspective when two people have
diverse perspectives in the wild.

Because clustering was used to group place de-
scriptions, several place types may be grouped into
one cluster, such as "park" and "lake", often due
to place descriptions being more similar on some
aspect to place descriptions in the assigned cluster
than to other clusters. While many of the desired
modifications for the different types are relevant,
e.g., for "park" and "lake", some common modifica-
tions include fencing, paths, and security cameras
for safety, there will be modifications that aren’t rel-
evant. Since the expressed viewpoints of stories in
the cluster are different and many of the issues are
common to both, all stories in a cluster were con-
sidered when matching and ranking stories. Finer
granularity of place types would allow for better
matching of place type and desired modifications,
but would require collection of a larger number of
storyBs to insure close matches.

The inclusion of place and why text from the
stories along with the proposed modifications of
a place slightly lowered performance but not sig-
nificantly. However, the LLMs performed better
when the full text was included (although overall
performance was low). Further investigation of
a model that better uses the full information was
left for future work, and for the current paper we
focused on using only modifications.

Our experiments with demographics produced
similar findings to earlier works of small perfor-
mance differences (e.g., Hasan et al., 2024; Guda
et al., 2021). Other methods for including demo-
graphics could be employed, but we have left fur-
ther exploration as future work. Another possible
interesting area for future work is to include invol-
untary physiological responses to provide real-time
capture of emotional and cognitive states.

10 Ethical Concerns

Upon publication we released the story pairs and
empathy values from the EmpathyFromPerspec-
tives dataset, with the names of places anonymized.
We will not release the demographic part of the
data because it contains Personally Identifying In-
formation, which our review board does not allow
to be released.

Our goal in this work is to increase a person’s
empathy for other people’s perspectives, in order

to increase people’s acceptance of others. How-
ever, an ethical concern is that the ability to pre-
dict another person’s empathy could be misused
to increase empathy in undesirable ways, such as
for marketing purposes or conspiracy theories. As
mentioned by other works in this area, developing
ways for detecting misuse of empathy prediction
may be needed.
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A Collection Details of the
EmpathyFromPerspectives Dataset

Human subject data was collected for storyAs, sto-
ryBs, and empathy ratings for human evaluation of
PPEP. The collection of the storyAs and storyBs
was part of a larger study. The larger study focused
on how people could co-design with one another in
their communities to create more inclusive public
spaces, which are typically places where one may
feel welcomed (i.e., places where you feel mentally
at ease) or safe (i.e., physically at ease). In par-
ticular, this larger study focused on interventions
for increasing a person’s empathy for someone else
(in particular when their initial empathy for this
other person may be low). Our focus on places
stems from the current situation in the U.S., where
debates about how to design public spaces remain
contentious and empathy may be necessary to find
solutions and compromises.

Subjects who wrote storyBs were recruited from
dscout. The first set and second set of subjects who
wrote storyAs and the human evaluation subjects
were recruited from Prolific, which was a better fit
for the tasks. All participants were located in the
US, speak English, and were at least 18 years of
age. They were paid at least $17/hour. Each person
A participant was asked to write one story about
a place where they felt safe and one story about a
place where they felt welcome.

After filtering for missing empathy ratings, the
number of storyA-storyB pairs is 1609 for wel-
come and 1625 for safe. There were 365 personA

participants without demographics and 792 partici-
pants with demographics . Each participant without
demographics was asked to write a storyA for wel-
come and a storyA for safe, in random order, and
rated 1, 3 or 5 storyBs for each storyA. PersonA
participants with demographics wrote either a safe
or welcome storyA, with a smaller number writing
both safe and welcome storyAs. For each storyA,
a participant rated 1 or 3 storyBs. There were 239
personB participants who contributed one story
each for welcome, safe, excluded and less safe.
Each story was used for clustering places, but only
excluded and less safe were used as storyB’s.

The human evaluation data collection was per-
formed independently of the larger study and it
used only the subset of questions from the larger
study that are relevant to PEPP evaluation. Specifi-
cally, we used the answers to prompts 2—4 in Sec-
tion A.1, which were part of all studies. The exact
prompts used in this work are shown below. The
studies and prompts were reviewed by an Internal
Review Board.

A.1 Prompts for storyA and human
evaluation

Prompt 1 is shown for context. In this work, we
used the responses to prompts 2-4, corresponding
to "place”, "why" and "modifications".

The prompts for safe are:

1. Share a photo of a local place where you feel
safe. This should be a place that is seen as
publicly accessible to all.

2. Where or what did you take a photo of?

3. Help us and others who aren’t from your com-
munity understand this place. In more than 2
sentences, what about this place makes you
feel safe? Tell us a story about why it makes
you feel this way.

4. Think about someone who, unlike you, might
feel like the safety in this space could be im-
proved. In more than 2 sentences, if you could,
how would you modify this space to make it
more safe for them?

The prompts for welcome are:

1. Share a photo of a local place where you feel
welcomed. This should be a place that is seen
as publicly accessible to all.

2. Where or what did you take a photo of?
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3. Help us and others who aren’t from your com-
munity understand this place. In more than 2
sentences, what about this place makes you
feel welcomed for who you are? Tell us a
story about why it makes you feel this way.

4. Think about someone who, unlike you, might
feel excluded in this space. In more than
2 sentences, if you could, how would you
modify this space to make it more welcoming
for them?

A.2 Prompts for storyB

As in the prompts in A.1, Prompt 1 is shown for
context. In this work, we used the responses to
prompts 2-4, corresponding to "place”, "why" and
"modifications".

The prompts for storyB for safe and welcome
are the same as the prompts for storyA, except for
prompt 1, as shown:

Prompt 1 for safe is:

1. Share a photo of a place in your community
where you feel safe.

Prompt 1 for welcome is:

1. Share a photo of a place in your community
where you feel welcomed by others for who
you are.

The prompts for safety could be improved are:

1. Share a photo of a place in your commu-
nity where you feel like safety could be im-
proved.

2. Where or what did you take a photo of?

3. Help us and others who aren’t from your com-
munity understand this place. In more than 2
sentences, what about this place makes you
feel like safety could be improved? Tell us a
story about why it makes you feel this way.

4. In more than 2 sentences, if you could, how
would you modify this space to make it more
safe?

The prompts for excluded are:

1. Share a photo of a place in your community
where you feel excluded by others for who
you are.

2. Where or what did you take a photo of?

3. Help us and others who aren’t from your com-
munity understand this place. In more than 2
sentences, what about this place makes you
feel excluded because of who you are? Tell
us a story about why it makes you feel this
way.

4. In more than 2 sentences, if you could, how
would you modify this space to make it less
excluding and more welcoming?

A.3 Clustering of places into types

To identify a small number of types of places in
the collected place descriptions by personBs so
that matching of positive stories (storyA) about a
place could be matched to negative stories (storyB)
about a similar type of place, the place description
in storyBs were clustered. The place descriptions
for welcome and excluded were clustered together.
Separately, the place descriptions for safe and less
safe were clustered together. By clustering place
descriptions from positive and negative stories to-
gether, places are grouped irrespective of whether
the story is positive or negative. Each cluster can
be roughly characterized as a type of place, and
the place description from a positive storyA can
be matched against the negative storyBs from the
matching place type cluster.

To cluster the place descriptions, each de-
scription was embedded using SBERT and
then the set of embeddings were clustered
using agglomerative clustering with Ward
linkage (https://scikit-learn.org/0.
15/modules/generated/sklearn.cluster.
AgglomerativeClustering.html). The stopping
criteria was set to 14 clusters for welcome/exclude
and for safe/less safe after manual examination
for cluster purity and redundancy. All clusters
contained multiple negative stories, except for the
‘library’ cluster in which libraries are always de-
scribed as welcoming. If a storyA was matched to
the library cluster, the participant was matched to a
random cluster. The place-type classifier, which
matched a storyA to a cluster was a k-NN classifier
where k=3 (https://scikit-learn.org/1.
5/modules/generated/sklearn.neighbors.
KNeighborsClassifier.html). A  manual
characterization of the cluster place types is listed
in the next section. We did not remove "outlier"
stories since they might be stories that participants
would be least empathetic towards.
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A.4 Manual characterization of cluster place
types
Manual examination of the clusters showed that
a rough categorization could be assigned to each
cluster. The place types roughly corresponded to:
welcome/excluded:

* local shops, mostly grocery
e church

* sports spaces and clubhouses, e.g., golf, pools,
baseball

* my neighborhood

* coffee shops and restaurants

* elementary and middle schools

e library

* park, may be near a body of water
* misc

e gym, figness center

* nearby park

* bars

* multi-unit housing

* misc

safe/less safe:

* neighborhood

* streets and crosswalks

* local businesses

* parks, boardwalks and ponds and rivers
e trails, parks and nature

* stores and fast food shops

* Jocal park

e community spaces

* train and subway stations

* playgrounds, school playgrounds, rec areas
° gym

* parking lot

* bus depots, highways

A.5 Empathy ratings

For each pair of opposing viewpoints, the empathy
of PersonA towards storyB is collected. Several re-
cent psychology studies have used a single question
to assess state (vs. trait) empathy (e.g., Zaki et al.
(2008); Cikara et al. (2014); Weisz et al. (2021);
Santos et al. (2022)). We employed this approach
to assess a participant’s state empathy immediately
after they read each story. The specific question
asked was: "To what extent did you feel empathy,
compassion, or sympathy toward the person while
reading the narrative?".

The data was collected on two different presenta-
tion platforms; one had a 7-point Likert scale setup,
while the other allowed for a 100-pt sliding scale
setup. We do not believe that the differences should
affect analysis. For the first platform, users rated
on a Likert scale from 1 (no empathy) to 7 (very
empathetic), while for the second platform, users
used a slider to select a rating from 1 (no empathy)
to 100 (very empathetic). The values from the first
collection were normalized to range from 1 to 100
for combining the two datasets for analysis.

The ratings of the EFP data set were split 75/5/20
for train, validation and test. The variants of EFP
dataset, e.g., EFPp and EFP,,.,, 4, were derived the
original 75/5/20 splits, e.g., the test data split is
from the same original test split in all cases. For
the EFP+ES dataset, each combined split was com-
posed of the corresponding EFP and ES splits.

B Demographic Data Collected

In our modeling, six demographic characteristics
were collected from the participants in the second
data collection on the second platform using the
slider scale. They include the five types used in the
WASSA (Barriere et al., 2023) shared tasks, plus
"people I live with".

The demographic distribution for a subset of
storyA participants for which we collected demo-
graphics from Prolific are shown below.

e Gender: Man 354; Woman 378; Prefer to self-
describe 5; Genderqueer or non-binary 12;
Agender 2; Prefer not to answer 3

* Age: mean 37; median 39; min 18; max 76;
std dev 13

* Ethnicity: White 510; American Indian or
Alaskan Native, White 11; Middle Eastern or
North African 1; Black or African American
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103; Asian 65; Prefer not to say 9; Ameri-
can Indian or Alaskan Native 5; Asian ,Native
Hawaiian or Other Pacific Islander 1; Prefer
to self-describe 10; Native Hawaiian or Other
Pacific Islander 1; Black or African Ameri-
can,Middle Eastern or North African 1; Asian
,White 11; Black or African American ,White
9; Middle Eastern or North African 2; Native
Hawaiian or Other Pacific Islander ,White 1;
Black or African American ,White ,Prefer to
self-describe 1

* Education: Bachelor’s degree 300; High
School or equivalent 70; Master’s degree in
the Arts and Sciences 77; Some college but
no degree 155; Associate’s degree 76; Profes-
sional Master’s degree 29; Ph.D. 17; Some
High School 3; Professional degree (Ex; JD,
LLM, SJD, MD, DO, DDS, DVM) 10; Trade
School 4; Other Doctoral degree (e.g., EdD,
DDiv, DrPH, DBA, etc.) 5; Prefer not to an-
swer 2

People I live with: With partner/spouse +
child 205; With partner/spouse 207; With par-
ent(s) 101; Solo 125; With roommate(s) 53;
With child under 18 29; Other 28

e Income: Less than $25,000 96; $25,000
to $49,999 132; $50,000 to $74,999 148;
$75,000 to $99,999 119; $100,000 to
$124,999 94; $125,000 to $149,999 65; Over
$150,000 79; I prefer not to respond 15

The demographic distribution for storyB partici-
pants collected from dscout is shown below.

* Gender: woman 74; man 41; non_binary 1

* Age: mean 38.9; median 38; min 24; max 74;
std dev 10.9

Ethnicity: Asian 10; Hispanic or Latinx 3;
White 78; Black or African American 13;
White, Native Hawaiian or other Pacific Is-
lander, I, Asian, Hispanic or Latinx, Black
or African American 1; Black or African
American, White 2; Middle Eastern or North
African, White 1; Prefer not to say 1; Hispanic
or Latinx, White 3; Asian, White 1; White,
Asian 2; American Indian or Alaska Native 1

Education: Some high school 1; High school
graduate 4; Some college 21; College gradu-
ate 55; Post graduate coursework 35

* People I live with: With partner/spouse 31;
With child under 18 8; With partner/spouse +
child 46; With roommate(s) 7; Solo 19; With
parent(s) 2; Other 2

e Income: Less than $25,000 5; $25,000 to
$49,999 15; $75,000 to $99,999 21; $50,000
to $74,999 23; $100,000 to $124,999 24;
$125,000 to $149,999 7; Over $150,000 20; I
prefer not to respond 1

C EFP Dataset Prompts when Place and
Why are Used

When the place and why story parts are included in
the EFP dataset with prompts, prompts were used
to introduce place, why and modifications. The
prompts depend on whether the text was collected
for safe, less safe, welcome or excluded. The exact
prompts are:

Prompts for safe "I am writing about this
place:", "I feel safe here because" and "Some ways
this place could be modified to be more safe are:"

Prompts for less safe "I am writing about this
place:", "I feel less safe here because" and "Some
ways this place could be modified to be more safe
are:"

Prompts for welcome "I am writing about this
place:", "I feel welcome here because" and "Some
ways this place could be modified to be more wel-
coming are:"

Prompts for exclude "I am writing about this
place:", "I feel excluded here because" and "Some
ways this place could be modified to be more wel-
coming are:"

D LLM prompt

This is the prompt based used in our LLM experi-
ments. It was used by Shen et al. (2024) for prompt-
ing GPT-4:

* You are a psychologist with expertise in
analyzing empathy. You can predict how
much people might empathize with each other,
based on their past experiences. You will re-
ceive two stories, one from person A and the
other from person B. Please predict, on a scale
from O to 1, where O is not empathetic and 1
is extremely empathetic, how much person A
would empathize with story B. Return just the
number, no other text.
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E PPEP Model Settings

The models in this paper are based on the
bi-encoder empathic similarity model at https://
github.com/mitmedialab/empathic-stories.
For PPEP, the cosine-similarity is replaced with a
3-layer MLP with an input dimension of 768*2,
and layer dimensions of 768, 384, 192, followed
by a sigmoid. The target only (storyB) classifier
is a 2-layer MLP with input dimension of 768
and layer dimensions of 384, 192, followed by a
sigmoid.

The classifier used for studies when a second
embedding is used for additional data, e.g., demo-
graphics or place and why, is a 4-layer MLP with
layer dimensions of 1536, 768, 384, 192 followed
by a sigmoid. For experiments with e5, which has
an embedding size of 1024, the MLP input dimen-
sion was 1024*2 and the layer dimensions were
1024, 512, 192, followed by a sigmoid.

We used the hyperparameter values used in the
empathic similarity model, except we reduced the
number of workers to 16 and increased the number
of epochs to 100 and 400 epochs for the models and
datasets tested. Additional epochs tested for some
conditions are specified in Section 5. As in the
empathic similarity model, SBERT was not frozen
so the embeddings could better model empathy.

The Adam optimizer with a learning rate of 1e-6
was used. Early stopping on the validation data was
used when training and a checkpoint of the current
best model during training was saved. All models
were run on a 2-GPU Puget with NVIDIA RTX
6000 ADA 48 GB GPUs. All training conditions
took approximately an hour or less per 100 epochs
to train. MSE loss between the predicted empathy
and human empathy ratings, both ranging from 0
to 1, was used. Validation loss was used to select
the best-performing model.

F Effect of multiple stories on empathy

We conducted a variation of the human evaluation
described in Section 6 to examine the influence of
multiple stories on empathy. Instead of presenting
personA with only two stories, either three stories
or five stories were presented. Our results indicate
that presenting more stories can increase empathy
for the storyB that the rater is predicted to be least
empathetic towards.

We examined three cases, where in addition to
presenting the story that personA is predicted to be
most empathetic towards, storyB1, the other stories

presented are:
1. storyBs at rank 50% and 100%

2. three randomly selected storyBs and then the
storyB at rank 100%

3. storyBs at rank 20%, 50%, 75%, 100%.

storyB (%) ranks ave. relative empathy

presented for rank 100%
1, 50, 100 -22.0
1, three random, 100 -13.2
1, 20, 50, 75, 100 -8.0

Table 6: Effect on empathy of reading multiple storyBs .
The left column is the ranks of the sequence of storyBs
presented. The right column is the empathy for storyB
at rank 100%, relative to empathy for storyB at rank
1%. The rank of a storyB was described in Section 6.
Greater relative empathy is better.

The average relative empathy was computed as
e100 — €1 where ejqq is the empathy for the sto-
ryB that personA is predicted to be least empathic
towards (storyB at rank 100%) and e; is the empa-
thy for the storyB that personA is predicted to be
most empathic towards (storyB at rank 1%). The
results shown in Table 6 indicate that people are, on
average, more empathetic towards storyB,....x100%
when they have read more stories (i.e., five stories
vs three stories). The results also indicate that pre-
senting stories in rank order sampled though the
range of ranks is more effective than presenting a
random selection of the same number of stories.

8974


https://github.com/mitmedialab/empathic-stories
https://github.com/mitmedialab/empathic-stories

