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Abstract

One of the core goals of crisis counseling ser-
vices is to support emotional de-escalation of
the individual in crisis, by reducing intense neg-
ative emotional affect and emotional dysregu-
lation. The science of crisis intervention has
been impeded, however, by a lack of quantita-
tive approaches that allow for detailed analysis
of emotion in crisis conversations. In order to
measure de-escalation at scale (millions of text-
based conversations), lightweight models are
needed that can assign not just binary sentiment
predictions but quantitative scores to capture
graded change in emotional valence. Accord-
ingly, we developed a transformer-based emo-
tional valence scoring model fit for crisis con-
versations, BERT-EV, that assigns numerical
emotional valence scores to rate the intensity
of expressed negative versus positive emotion.
This transformer-based model can run on mod-
est hardware configurations, allowing it to scale
affordably and efficiently to a massive corpus
of crisis conversations. We evaluated model
performance on a corpus of hand-scored so-
cial media messages, and found that BERT-EV
outperforms existing dictionary-based standard
tools in the field, as well as other transformer-
based implementations and an LLM in accu-
rately matching scores from human annotators.
Finally, we show that trends in these emotional
valence scores can be used to assess emotional
de-escalation during crisis conversations, with
sufficient turn-by-turn granularity to help iden-
tify helpful vs. detrimental crisis counselor
Statements.

1 Introduction

Emotional dysregulation is a key component of
crises. Crises involve a high degree of negative
emotional arousal, and a core aim of crisis conver-
sations is to reduce acute states of strong negative
emotionality (Gould et al., 2007; Whiteside et al.,
2019; Linehan, 1993; Roberts, 2005; Yeager and
Roberts, 2003; Buda et al., 2024). In text-based
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crisis conversations, the lack of typical visual and
auditory cues related to emotional state makes as-
sessment of emotional de-escalation particularly
challenging, heightening the need for automated
tools that facilitate quantitative evaluation of emo-
tional features in text. Developing tools that pro-
vide nuanced assessment of emotion in crisis con-
versations via text is a necessary step toward scien-
tific work on evaluating techniques for successful
de-escalation during crises.

1.1 Related work

While natural language processing (NLP) tech-
niques for determining binary assessment of sen-
timent (positive versus negative) are widespread,
there have been fewer attempts to develop mod-
els that assign quantitative scores that provide a
continuous measure of valence. The most widely
used in applied mental health research is the Va-
lence Aware Dictionary for sEntiment Reasoning
(VADER) (Hutto and Gilbert, 2014), a lexicon-
based approach to assigning graded sentiment rat-
ings. While there have been several further at-
tempts at using NLP techniques to assign quan-
titative scores to emotions in text, like VADER,
these have generally not employed context-aware
techniques (Wang et al., 2020; Akhtar et al., 2018;
Paltoglou et al., 2013; Buechel and Hahn, 2016;
Bohlouli et al., 2015).

Research in computational emotion analysis has
evolved significantly, transitioning from classical
feature-based approaches to advanced deep learn-
ing and large language models (LLMs). Accurate
emotion modeling depends heavily on the qual-
ity of labeled data. Early efforts such as the Self-
Assessment Manikin (SAM) (Bradley and Lang,
1994) provided theoretical underpinnings for va-
lence and arousal assessment. Later work ex-
plored annotation strategies like best-worst scaling
to enhance annotation quality and consistency (Kir-
itchenko and Mohammad, 2017). Several datasets
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have been released to support supervised learn-
ing in this domain, including emotion annotations
on Facebook posts (Preotiuc-Pietro et al., 2016),
and emotion intensity datasets (Xu et al., 2018;
Navas Alejo et al., 2020; Goel et al., 2017). More
recently, datasets also incorporate “emotion carri-
ers” (Mousavi et al., 2022) and appraisal dimen-
sions (e.g., who experiences the emotion) (Wegge
et al., 2022; Agarwal and Sirts, 2025).

Initial models used regression or graph-based
methods to predict emotional dimensions. For
instance, weighted graphs were employed for
valence-arousal prediction (Yu et al., 2015), while
curated linguistic features powered regression mod-
els for emotion intensity estimation (Xu et al.,
2018). A foundational analysis explored emotion
vector spaces using word embeddings for visualiza-
tion and clustering rather than classification (Wu
and Jiang, 2019). Emotional valence ratings were
also used to create “emotion-aware” embeddings
(Shah et al., 2023), even multimodal embeddings
(Buechel and Hahn, 2023). With the rise of deep
learning, models like CNNs and LSTMs became
common for emotion prediction tasks. Notably,
ensembles of CNN and LSTM networks achieved
strong results on intensity prediction benchmarks
(Goel et al., 2017). Convolutional architectures
were also applied to ordinal classification of Ek-
man’s emotions (Mitsios et al., 2024). Even small
neural architectures trained on minimal data can
outperform traditional n-gram models when high-
quality embeddings are used (Buechel et al., 2020).

Recent advances leverage transformer architec-
tures such as BERT, RoBERTa, GPT, and BART.
Several studies have used BERT and its variants to
predict valence polarity (positive/neutral/negative)
(Mousavi et al., 2022; Roccabruna et al., 2022,
2023), with some also focusing on emotion “carri-
ers” (Mousavi et al., 2022) and quantifying emotion
word bias across languages (Toney and Caliskan,
2021). Others have extended BERT-based models
to classify both emotion and appraisal attributes
(Wegge et al., 2022; Agarwal and Sirts, 2025) or
predict valence using categorical ratings from sim-
ulated emotions (Messaoudi et al., 2024). The most
recent model to predict emotional valence quantita-
tively (Mendes and Martins, 2023) was mainly fo-
cused on single words. LLMs like BART and GPT
have also been used for classification (Roccabruna
et al., 2023; Debnath et al., 2024), while newer
work explores LLM-based classification pipelines
for emotional tone (Park and Hong, 2024) or va-

lence rating (Broekens et al., 2023). A comprehen-
sive review by (Mohammad, 2021) offers further
context on sentiment analysis trends, including in-
sights on methodological advances and limitations.

We are aware of only one prior manuscript that
has tested the performance of a transformer-based
model in assigning quantitative emotional valence
scores (Mendes and Martins, 2023). Because that
prior work was evaluated on a general conversa-
tional corpus rather than on mental health specific
text, the performance of this approach in this do-
main is unknown. Additionally, it is unknown
whether NLP-generated assignments of emotional
valence scores are related in any way to actual men-
tal health related outcomes. Prior work supports
the idea that crisis counselor verbal behavior is re-
lated to clinical outcomes at the conversation level
(Biggiogera et al., 2021), but this prior work relied
on hand-coding and observer ratings, preventing
application at scale.

1.2 Our contribution

Here we describe our process of developing and
validating a transformers-based model (BERT-EV)
that provides quantitative ratings of emotional va-
lence, successfully capturing ranges of strong neg-
ative emotion that are present in mental health con-
texts. BERT-EV was trained on a combination
of public annotated datasets and synthetic sam-
ples carefully tailored to match the writing style
of text-based crisis counseling users. The granu-
larity of emotional valence predictions achieved
by this model allows us to perform an NLP-based
moment-by-moment analysis for a massive cor-
pus of text-based crisis conversations. This level
of granularity could allow us to evaluate specific
intervention types that are helpful or detrimental,
and improve our counselor training program and
service efficacy. The need to calculate emotional
valence at scale (across hundreds of thousands of
crisis conversations, resulting in millions of mes-
sages) limits the application of state-of-the-art large
language models (LLMs) due to hardware require-
ments and inference time, and calls for a precise,
yet lightweight enough solution for near-real-time
implementation on large datasets.

2 Methods

2.1 Emotional valence prediction

A proof of concept was initially developed using
the compound score from VADER to measure emo-
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tional valence. This dictionary-based tool has ad-
vantages including its simplicity and computational
performance; however, for our particular corpus
of crisis conversations we observed many cases
of inaccurate scoring and missed polarity (texter
messages indicating a negative valence scored as
positive, and vice versa). Table 1 illustrates this
with some synthetic examples resembling typical
texter messages, showing how the VADER com-
pound score indicates the incorrect polarity. Be-
cause VADER is a dictionary-based tool, it missed
slang words, misspellings, and expressions that
in the proper context are clear indicators of va-
lence polarity. Therefore, we explored an alterna-
tive approach using a language model to improve
accurate detection of emotional valence by incor-
porating better support of semantic context and
out-of-vocabulary terms.

While LLMs have displayed impressive capa-
bilities at a variety of tasks, the current hardware
requirements for inference at scale severely limit
our ability to process a massive corpus of crisis
conversations to extract public health insights. Due
to the nature of this corpus, the crisis conversa-
tions must be processed on premises and none of
their content can be included in a remote API re-
quest. Transformer-based models, on the other
hand, present a reasonable compromise between
predictive performance and scalability, still allow-
ing for the opportunity of fine-tuning. We opted for
a fine-tuned BERT-based model tailored to crisis
intervention to evaluate emotional valence at scale.
We also tested an existing general purpose imple-
mentation (Mendes and Martins, 2023) of emo-
tional valence prediction using transformer models.

2.2 Data sources

We used a combination of public datasets and syn-
thetic text messages to train BERT-EV. One public
source was a collection of Facebook social me-
dia posts' manually annotated by the World Well-
Being Project (WWBP), using the mean score as-
signed by annotators. We also employed anno-
tated posts” from the Twitter social media platform,
provided at the 8th Workshop on Computational
Approaches to Subjectivity, Sentiment & Social
Media Analysis (WASSA2017) (Mohammad and

1http: //wwbp.org/downloads/public_data/
dataset-fb-valence-arousal-anon.csv downloaded on
2023-08-04.

2https://gi’chub.com/Felipebravom/EmoInt
loaded on 2023-08-04.

down-

BERT- VADER LLM
EV
0.228

Text message

"I got into a big fight with 0.637 04
my best friend. She said some
really hurtful stuff.”

"I feel like everyone really
cares about me.”

"I feel like nobody really
cares about me.”

"Imma gon end this for good,
my life has gone down the
drain.”

"Yeah, 1I’ve been skipping
classes. I just can’t focus
on anything."”

"I can see things in a new
light, finally."

0.630 0.850 1.0

0335 0850 0.0

0332 0.720 0.0

0.300 0.648 0.35

0.647 0.5 0.8

Table 1: Emotional valence scores predicted by BERT-
EV, VADER and LLM. Synthetic examples illustrate
typical text messages received by the crisis counseling
service. We present the compound emotional valence
score from VADER scaled to the [0, 1] range, as well as
the emotional valence score predicted by BERT-EV and
by querying an LLM (Llama3.1-8B). Low scores reflect
strong negative emotionality; high scores reflect strong
positive emotionality.

Bravo-Marquez, 2017) for an emotional intensity
prediction shared task?.

In addition to these 5,542 unscoped social me-
dia posts, we generated 1,549 synthetic training
samples with validated emotional valence scores,
to ensure that we comprehensively sampled across
the range of valence typically present in crisis con-
versations. This training data also ensured proper
coverage of writing style and reading level from
our average texters of different demographics. We
employed the AFINN lexicon # (Nielsen, 2011a,b)
of terms annotated for emotional valence from the
Technical University of Denmark to generate syn-
thetic training samples.

In order to generate samples that were compa-
rable in language complexity to texter utterances,
we calculated the reading level distribution of mes-
sages from texters with an implementation® of the
Flesch—Kincaid metric (Kincaid et al., 1975) in a
random sample of 10,000 crisis conversations, re-
sulting in a mean of 3.69. Based on this result, we
used the GPT-3.5-turbo LLM via OpenAI’s API to
produce example text messages for a grid of ages
(15, 25, 35, and 45 years old) and reading levels
(1 through 4, which resulted in the most realistic

3http: //saifmohammad.com/WebPages/
EmotionIntensity-SharedTask.html

4http: //www2.imm.dtu.dk/pubdb/pubs/6010-full.
html downloaded on 2023-08-03.

Shttps://github.com/andreasvc/readability/
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EV
score
"My ex is such a fraud, pretending to 0.1
be this perfect partner while cheating
behind my back. I feel so betrayed and

hurt."

"Feeling really lost and scared, but 'm 0.6
trying to stay positive. Praying for
strength and guidance."

"Woohoo! Just finished my last ther- 0.9
apy session! My mind rejoices in the
progress I’ve made. It’s a small vic-

tory, but it means the world to me."

Synthetic training sample

Table 2: Examples of LLM-generated training exam-
ples.

outputs). We used prompts such as "Generate 4
sentences using the word "failure" that a 25 year-
old in crisis (with a Flesch-Kincaid grade level 2)
would write in a text message" for negative emo-
tional valence words, or "Generate 4 sentences
using the word "relief"” that a 15 year-old recov-
ering from a crisis (with a Flesch-Kincaid grade
level 3) would write in a text message" for positive
emotional valence words. The score assigned to
these synthetic samples matched the valence score
of that word in the AFINN lexicon (see Table 2).

Some offensive language words in the AFINN
lexicon could not be used with the generative lan-
guage model to produce synthetic examples, due
to usage policy violations. To incorporate these
offensive words into training, we used processed
posts from the Twitter social network by the Sen-
timent140 tool for academic use® that included
those terms, also assigning these examples the cor-
responding emotional valence score of the AFINN
word. All samples used to train this model were
in English language. For all datasets and synthetic
examples, the emotional valence scores (Figure 1)
were scaled to a range between 0.0 (most negative)
and 1.0 (most positive), where 0.5 would represent
a neutral emotional valence.

2.3 Emotional valence scoring model

We leveraged a transformer-based architecture op-
timized for fine-grained emotional analysis. The
model consists of a pre-trained language model
backbone (bert-base-uncased) (Devlin et al.,

6http: //help.sentiment140.com/for-students
downloaded on 2023-09-21.

Distribution of valence scores among training samples

1000
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Count

400

200
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0.0 0.2 0.4 0.6 0.8 1.0

Figure 1: Distribution of emotional valence scores
among training samples.
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Figure 2: BERT-EV model architecture.

2018) extended with a dense neural network that
predicts emotional valence scores for any given
text input, using Python (v3.10.12). In addition to
the transformers library (v4.34.0) to load the pre-
trained BERT model, we used the numpy (v1.23.1),
torch (v2.0.14+cul18), scikit-learn (v1.1.1), nltk
(v3.7), readability (v0.3.1), statsmodels (v0.13.5),
pymannkendall (v1.4.3), vaderSentiment (v3.3.2),
openai (v1.11.1), and scipi (v1.10.0) libraries for
this study. We extended the last BERT hidden state
with a 4-layer fully-connected network of dimen-
sions 512, 256, 128, and 1 (Fig. 2, Eq. 1), applying
rectified linear unit (ReLLU) activation in all but
the last layer, where hyperbolic tangent (tanh) ac-
tivation was used (Eq. 1). A dropout layer was
also added before the first regression layer, and the
Adam optimizer was used during training.

Out of a hyperparameter grid search of batch size
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h() = ReLU(WMx 4 bM) 0 4
h® = ReLUWPnD + b?)) 0 d?
y = tanh(W®h® 4+ b3) 0 a®

Equation 1: Forward pass, fully-connected network
to predict emotional valence: x: the last BERT layer;
W, b weights and biases for layer 7; d(*): dropout
mask at layer 7; h(®: hidden layer i; y: EV prediction.

[8, 16, 32, 64], learning rate [1 x 1074, 1 x 107°]
and dropout probability [0, 0.1, 0.2, 0.3, 0.4, 0.5],
the best performing model was trained using a
batch size of 32, learning rate of 1 x 107>, and
a dropout probability of 0.2. We also explored
"freezing" the last N layers of the BERT model
during training as a hyperparameter for all lay-
ers; however, none of these scenarios improved
the performance of the fine-tuned model without
freezing any hidden layers. The model training
performance was evaluated using mean squared
error (MSE), which after 5-fold cross-validation
resulted in [0.03548, 0.04015, 0.02244, 0.03122,
0.04173] on held-out test sets, with a mean of
0.03420 across all tests. Training the final model
on all samples with cross-validation took approxi-
mately 30 minutes on a cloud computing environ-
ment featuring an NVIDIA Tesla T4 GPU, 4-core
Intel Xeon 2.5GHz CPU and 16GB of memory.
The pre-trained model can be executed without is-
sues, at scale, in CPU-only environments.

ReLU(z) = max(0, z)
z_ ,—z

tanh(z) = S
e+ e~ ?

Equation 2: Activation function definitions.

We evaluated the performance of BERT-EV
against several alternatives: VADER, an LLM,
and several transformers-based models that were
trained on multilingual brief texts or single words.
For our LLM comparison we took a zero-shot ap-
proach with Llama v3.1-8B, a model we could run
locally at limited scale. (Due to the nature of these
conversations, we cannot use an external API end-
point). The best performing prompt used was as
follows: “Provide an emotional valence score for
the following text message, ranging from 0.0 (most
negative emotions) to 1.0 (most positive emotions).
The output format is ONLY the number correspond-

ing to the emotional valence score as a real number
between 0 and 1, nothing else.”. We also tested clas-
sification prompts (see Appendix) for discrete emo-
tional valence scores (0, 0.25, 0.5, 0.75, 1.0), which
did not result in significant improvements. For an
equivalent transformers-based approach, we used
existing pre-trained models (Mendes and Martins,
2023) trained on single words or very brief texts
to predict emotional affect, based on DistilBERT,
RoBERTa-base and RoBERTa-large language mod-
els, respectively.

2.4 Model validation

Because there is no ’gold standard’ for assigning
numerical ratings to emotional intensity, we took
a ’wisdom of crowds’ approach, relying on a large
panel of human raters to produce a gist value for
emotional intensity scores. This method has been
previously used for comparable tasks (Lu et al.,
2024). We curated a corpus of human-created mes-
sages covering a wide emotional valence range, to
be scored between 0.0 (most negative emotional
valence possible) and 1.0 (most positive emotional
valence possible) by human annotators.

We used real messages written by people on the
popular message board Reddit’, accessible via the
ConvoKit (Chang et al., 2020) package. Thousands
of messages were randomly selected and manually
filtered to arrive at a list of 434 messages. We used
BERT-EV to assign a preliminary score to the sam-
pled messages and ensure coverage of a full range
of putative emotional valence scores. We manually
edited some statements for brevity, removed refer-
ences to specific individuals or brands, and deleted
frankly offensive content. Because online forums
naturally sample across a broad range of emotion-
ally expressive styles, it is reasonable to think that
this dataset contains both lexically driven emotion
and implied emotion (not formally evaluated). The
hand-curated list of 434 messages was then pre-
sented to anonymous raters on the Amazon Me-
chanical Turk (mTurk) platform, using Alchemer®
to randomly assign messages to annotators. Five
“catch” questions unrelated to the task were intro-
duced among the real messages to score, to ensure
that the annotators focused on the task. We kept
ground-truth messages scored by at least 55 anno-
tators, resulting in a median of 80 annotators per
sentence (see Fig. 3 for the distribution). Partici-
pants in mTurk were compensated $0.75 for their

"https://www.reddit.com
8https://www.alchemer.com
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Distribution of number of responders per item
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Figure 3: Distribution of the number of human mTurk
annotators per ground truth sentence.

time. The average time to complete the HIT (in-
cluding demographics) was 30-35 minutes, which
may include off-task time. Please refer to the Ap-
pendix for the instructions and consent statements
provided to annotators, as well as the evaluation
dataset with mean annotation scores. This study
was reviewed and approved by Sterling IRB, an
institutional review board.

We excluded annotators who: 1. failed one or
more “catch” questions ; 2. gave each message the
same valence score; 3. assigned only values 0’ and
100’ to items; 4. had fewer than 25 valid responses
or ; 5. had improbably fast completion times (bot-
tom 5% elapsed time). Additionally, in order to
detect possible problematic items/messages, we
evaluated item-total correlations between each item
and total performance on the task; we scored items
as ’correct’ if the rater assigned a score that was
within one standard deviation of the mean for that
item. We dropped 40 items with item-total corre-
lations below 0.3. This resulted in a final corpus
of 385 human-written Reddit messages, annotated
with a numerical emotional valence score by a pool
of human annotators. Fig. 4 shows the distribution
of mean scores per sentence, used as the crowd-
sourced consensus emotional valence score. The
same corpus was then presented to BERT-EV, as
well as the baseline and alternate models.

Given that our focus is on the analysis of
moment-to-moment emotional valence trends, we
evaluated model performance against the bank of
human annotators by computing pairwise rank
correlations (Kendall, type “c”) between model-
assigned emotional valence scores and mean scores
from the bank of human annotators. We also sep-
arately evaluated model performance in the low
(bottom 25th percentile), medium (25th-75th per-
centile), and high (top 75th percentile) emotional
valence ranges, to assess differential rank correla-

Distribution of mean gold standard annotations

30

O ...||IIN“‘II||I‘III‘||II|||
0.4 0.5 0.6 0.7

Figure 4: Distribution of mean annotated emotional
valence score per ground truth sentence.

N
o

Count

1

o

tions across the range of emotional valence. The
resulting thresholds for 25th percentile and 75th
percentile mean emotional valence were of 0.461
and 0.576, respectively.

2.5 Crisis de-escalation analysis

Using BERT-EV to calculate emotional valence,
we scored each individual message over the course
of de-identified crisis counseling conversation tran-
scripts from Crisis Text Line®, an organization that
provides 24-hour, free and anonymous crisis coun-
seling support via text messaging. Data were auto-
matically scrubbed of identifying information prior
to access by this research team. This research was
evaluated by an independent IRB, which issued an
exempt determination.

We performed a Mann-Kendall trend test (Mann,
1945) to obtain a trend slope and statistical signif-
icance calculation from each conversation, which
we used to evaluate whether a conversation had
been successfully de-escalated. The Mann-Kendall
test is strict, as it evaluates the extent to which the
tone of a conversation monotonically increases or
decreases over time. Using this strategy, we exam-
ined the relationship between BERT-EV generated
scores and actual crisis conversation outcomes.

3 Results

Out of all models tested, BERT-EV had the highest
Kendall rank correlation with the bank of human
annotators (Table 3, Fig. 5). We separately exam-
ined performance at low, medium, and high EV
ranges: Fig. 6 shows how this model outperforms
both alternatives except at the high emotional va-
lence range, where BERT-EV is outperformed by
Llama 3.1 8B and the RoBERTa-large-based affect
prediction model. The LLM emotional valence pre-
dictions in general seem to suffer from a lack of

*https://www.crisistextline.org
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Kendall rank correlation by model

Model

0.6

o
IS

Statistic

o
N]

0.0

BERT-EV
VADER
Llama3.1-8B
Mendes et al
DistilBERT
Mendes et al
RoBERTa-base
Mendes et al
RoBERTa-large

Figure 5: Kendall rank correlation between model pre-
dictions and human-annotated ground-truth, by model.

Model Kendall rank Kendall rank
correlation correlation
(median) (mean)
BERT-EV 0.625 0.643
VADER 0.500 0.518
Llama3.1-8B 0.574 0.594
DistilBERT 0.529 0.553
RoBERTa-base 0.576 0.588
RoBERTa-large 0.558 0.564

Table 3: Performance of each evaluated model, compar-
ing their emotional valence predictions to the mean or
median human annotations. Best performance in bold.

dynamic range (see examples in Table 1), particu-
larly in low-valence statements.

An additional, important dimension of perfor-
mance is resource usage and processing time. Due
to our need to process millions of conversations for
analysis, model scalability is an important factor. It
took approximately 20 seconds to process all gold
standard samples using each of the transformers-
based models, less than 1 second to process them
with VADER and over 120 seconds to process them
leveraging LL.M-based inference. Moreover, the
resource requirements for our transformer-based
model are significantly lower than the requirements
to perform LLM-based inference. VADER presents
the optimal computational performance, at a cost
of a significant decrease in accuracy.

These initial results suggest that tracking the
change in emotional valence over the course of
a crisis conversation could be used to assess de-
escalation. Figures 7, 8, and 9 illustrate the changes
in emotional valence of real conversations where
we observe an increase, decrease, and no significant
trend, respectively.

Kendall rank correlation by model for low EV range

Model
Kendall rank correlation by model for mid EV range

Model
Kendall rank correlation by model for high EV range
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Figure 6: Kendall rank correlation by model, for each
emotional valence range.

3.1 Application of the model to predict
clinical outcomes

To quantitatively evaluate the relationship between
BERT-EV scores and conversation outcomes, we
compared Mann-Kendall trend test statistics in con-
versations with acutely suicidal texters that had
different outcomes. In 59,400 of these conversa-
tions, the texter was able to work with the crisis
counselor to develop a safety plan; while in the
remaining 24,379 conversations, a supervisor deter-
mined that an emergency service intervention was
needed. Imminent risk conversations that ended
in successful safety planning were more likely to
have a positive emotional valence trend than im-
minent risk conversations that ended in emergency
services intervention (Figure 10), z-score=76.87,
p < 0.001. Conversations reflecting a statistically
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Message valence scores throughout the conversation
Mann-Kendall p=0.002859
OLS R*2=0.2550 , slope=0.0079

Emotional Valence Score

0 5 10 15 20 25
Message Number

Figure 7: Calculated emotional valence over time for
each utterance from one texter, illustrating a conversa-
tion that was successfully de-escalated.

Message valence scores throughout the conversation
Mann-Kendall p=0.030823
OLS R*2=0.1023 , slope=-0.0022

Emotional Valence Score

0 10 20 30 40 50 60
Message Number

Figure 8: Calculated emotional valence over time for
each utterance from one texter, illustrating a conversa-
tion that was not successfully de-escalated (and emo-
tional valence worsened).

significant decreasing trend are rare, even for im-
minent risk scenarios (less than 1%), and nearly
all of them corresponded to conversations resulting
in emergency service intervention. These results
provide preliminary support for BERT-EV by illus-
trating that emotional valence scores are related to
clinically relevant outcomes.

4 Discussion

We found that a custom-trained BERT model out-
performed an LL.M-based approach and a lexicon-
based approach in predicting emotion in social
media messages that were specifically selected
for evaluation because they cover a broad range
of emotional valence. Interestingly, our model
also outperformed a transformer-based approach
that was not specifically trained on negative emo-
tional content, when assigning scores to low- and
medium-valence messages. These results provide
an encouraging initial demonstration that relatively

Message valence scores throughout the conversation
Mann-Kendall p=0.065916

10 OLS R*2=0.0918 , slope=0.0027

0.8

0.6 ° * DN St Tt -

Emotional Valence Score
[ ]
[ ]
[ ]
L]

0 10 20 30
Message Number

Figure 9: Calculated emotional valence over time for
each crisis texter’s utterance, illustrating a conversation
with no significant trend.

Trends detected in imminent risk

100 conversations (n=83779)
Trend type

== Sig. decreasing trend
80 . sig. increasing trend
== NO sig. trend

60
40

20

Percentage of conversations

safety-planned required ESI
Conversation outcome

Figure 10: Proportion of conversation trends (signifi-
cantly decreasing, significantly increasing, or statisti-
cally insignificant) for conversations flagged as immi-
nent risk of suicide. The percentages on the left cor-
respond to conversations that were sucessfully safety-
planned, while those on the right required emergency
service intervention (ESI).

lightweight context-aware models may outperform
more computationally intensive approaches in per-
forming this task, particularly when they are inten-
tionally trained across a full range of valence.
Having developed the BERT-EV model, we then
demonstrated that this model can be applied to
crisis conversations in order to predict conversa-
tion outcomes including de-escalation in suicidal
individuals. While preliminary, this work could
ultimately have important extensions. For example,
this method could be extended to detect specific
counselor communication behaviors that contribute
to significant de-escalation, to provide actionable
insights to improve counselor training. Moreover,
real-time scoring of emotional valence could be
used to identify conversations where additional sup-
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port from supervisors would be beneficial.

5 Limitations

While we validated performance of this model us-
ing a social media dataset across a range of va-
lence, ultimately an additional validation should
be conducted using the crisis counseling messages
themselves. This validation requires extensive in-
house validation by hand-coders because these mes-
sages cannot pass to external coders, so this work
has not yet been performed. Ultimately, clinical
application of finalized models could have both
benefits and significant risks, which would need
to be carefully weighed prior to any implementa-
tion in practice. This emotional valence model and
turn-by-turn valence analysis is focused on English
language content only.
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Ethical Considerations

From an ethics standpoint, it is important to weigh
the potential benefits and harms of this work (Kath-
leen Geale, 2012; Mohammad, 2022). In terms of
benefits: the model we have developed can be used
to measure the emotional valence of statements in
crisis conversations, and thereby provide a criti-
cally important tool to measure emotional deesca-
lation in these conversations. The intended appli-
cation is for analytic purposes: future work will
evaluate which conversational techniques are most
likely to promote emotional deescalation in texters
experiencing mental health crises. If successful,
this model may ultimately result in improved train-
ing for crisis counselors and potentially prevent
restrictive and/or harmful interventions, including
emergency services involvement, by identifying
conversational techniques that promote successful
deescalation during the conversation. This analytic
application avoids many potential harms related to
the use of Al systems in live crisis conversations
(Visave, 2024); we are not proposing to use an Al
system to allocate resources or make decisions, for
example.

In terms of weighing potential harms: (1) Bias. It
is possible that harm could arise from this analytic
work if the model is biased, i.e. if it performs dif-
ferently for individuals from different demographic

groups (Visave, 2024). We took steps to mitigate
this risk, including incorporating diverse sources in
developing the training data set. There also is a risk
of bias in the synthetic messages generated with the
GPT-3.5 LLM. A formal bias evaluation of BERT-
EV’s performance has not yet been conducted, and
this evaluation will need to be conducted before
the model is applied to determine optimal crisis
counseling techniques for diverse populations (Mo-
hammad, 2022). (2) Privacy and data security. The
work on the crisis conversation dataset is conducted
on deidentified conversations under an IRB exempt
protocol (i.e., an external institutional review board
has determined that it is no more than minimal risk).
Analyses are conducted in a secure environment by
an in-house team trained in data protection. While
risks to privacy are always a concern when han-
dling sensitive data (Visave, 2024), we believe that
in this case these are balanced by the potential ben-
efits of deriving important information about how
to better help people experiencing mental health
crises.
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Appendix

Instructions and demographics questions
provided to annotators in the Amazon
Mechanical Turk platform

Emotions vary a ton, from very strong nega-
tive feelings to very strong positive feelings.
We are trying to understand how people pro-
cess emotions. For each statement below,
please imagine that you were the speaker.
Please imagine your emotions as you made
the statement. Rate the negativity or posi-
tivity of the statement, from O to 100.

You should say O for the strongest negative
emotion you could possibly imagine. You
should say 100 for the strongest positive
emotion you could possibly imagine. 50
would be emotionally neutral. For example,
a message with very strong negative emo-
tion would be, “I am so devastated since
my loved one died. I hate everything.” Most
people would rate this close to 0. A message
with a very strong positive emotion would
be, “I can’t believe I just won the lottery!!!
This is the best day of my life!!” Most peo-
ple would rate this close to 100. Please enter
a number from O (strongest negative emo-
tion) to 100 (strongest possible emotion).

Consent statement

THIS IS A RESEARCH STUDY

Principal Investigator: Elizabeth Olson, Cri-
sis Text Line

Purpose of the research: The purpose of
this research study is to understand more
about how people think about emotions and
emotional situations.

Why we are asking you to participate: We
are asking you to participate because you
are at least 18 years old and speak En-
glish as a primary language. Approximately
2,000 adults aged 18 and older will partici-
pate in this study.

What we will ask you to do: We will ask
you to complete a set of questionnaires and
tasks. We will ask questions about your
background. We will ask you to do a task
where you rate how strong the emotion is
in a series of statements. The study and
tasks will take about 15 minutes to complete.
Note: this task may include strong language
and profanity. If you do not want to do a
task involving strong language or profanity,
you should decline this task.

Study payment: To compensate you for
your time, we will pay you $0.75 via Ama-
zon mTurk. We will evaluate whether your
work is accurate and complete. If your HIT
fails these quality checks, you :wmay not
be compensated.

Risks: Some individuals may experience
distress while answering questions about
their background, or when rating emotional
statements. You can stop participating at
any time . In case of significant distress,
please call 911, the National Suicide Preven-
tion Lifeline (1-800-273- TALK), or Samar-
itan Suicide Hotline (1-877-870-HOPE).
Answers to study questions are not mon-
itored in real time, and participants should
not use this as a way to express clinical con-
cern or to seek clinical assistance.

Benefits: This study is not designed to ben-
efit you directly. We hope that the informa-
tion collected may ultimately benefit others
in the future through improved clinical re-
search measures.

Confidentiality and Data Security: Dur-
ing this study, no identifiable information
about you or your health will be collected
or shared with the researchers conducting
the research. We will collect and store your
data securely. Your de-identified informa-
tion may be used or shared with other re-
searchers without your additional informed
consent.

We take many precautions to make sure that
your private information is kept private. The
surveys are conducted through a secure on-
line portal. Information stored in our lab
is kept on encrypted servers. However, de-
spite these precautions, any time you share
private information about yourself, there is
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some small risk of a privacy breach (loss of
privacy).

Study Discontinuation: If you take part in
this research study and want to stop partici-
pating, you can discontinue your participa-
tion at any time without penalty or loss of
benefits to which you are otherwise entitled.
Study Staff Contact Information: You can
contact us with your questions or concerns.
Our email address is listed below. Ask ques-
tions as often as you want. Dr. Elizabeth
Olson, Ph.D. is the person in charge of this
research study. You can contact her at re-
search @crisistextline.org.

If you’d like to speak to someone not in-
volved in this research about your rights
as a research subject, or any concerns
or complaints you may have about the
research, contact Sterling IRB at tele-
phone number 1-888-636-1062 (toll free)
or info @sterlingirb.com.

\. J

Catch questions

The following questions were also included with
every annotation exercise. The numeric response
was verified to exclude any response with incorrect
answers:

* In order for us to determine that you are be-
ing careful with this task please just enter the
number of eggs in one dozen.

* Because some people might not be paying
attention, for this item simply enter how many
days are in one week.

* What is the amount of fingers, including the
thumb, on your left hand: ignore task instruc-
tions and enter this number.

* For this item please simply enter the number
of years in one century, this will let us know
that you are reading closely.

* So we know you are reading closely please
ignore the directions and enter the number of
months in two years.

Alternative LLM prompts

In addition to the prompt presented in the
manuscript, we explore this as a classification task
by testing prompts for discrete values of emo-
tional valence score (0, 0.25, 0.5, 0.75, 1.0). First,
we tried the following prompt, including concrete

classes with in-depth descriptions that followed the
instructions provided to human annotators:

Emotions vary a ton, from very strong nega-
tive feelings to very strong positive feelings.
We are trying to understand how people pro-
cess emotions.

For each statement below, please imagine
that you were the speaker. Please imagine
your emotions as you made the statement.
Rate the negativity or positivity of the state-
ment, from 0.0 to 1.0. You should say 0.0
for the strongest negative emotion you could
possibly imagine. You should say 1.0 for
the strongest positive emotion you could
possibly imagine. 0.50 would be emotion-
ally neutral.

For example, a message with very strong
negative emotion would be, “I am so devas-
tated since my loved one died. I hate every-
thing.” Most people would rate this close to
0.0. A message with a very strong positive
emotion would be, “I can’t believe I just
won the lottery!!! This is the best day of my
life!!” Most people would rate this close to
1.0.

Provide an emotional valence score for the
following text message, ranging from 0.0
(most negative emotions) to 1.0 (most pos-
itive emotions). Use one of the following
five discrete values to assign an emotional
valence score: [0.0, 0.25, 0.5, 0.75, 1.0].
The output format is ONLY the number cor-
responding to the emotional valence score
as a discrete score, nothing else.
[STATEMENT_TO_SCORE]

This resulted in a Kendall Tau correlation of
0.546. Given that poor performance, we also tried
a prompt for discrete values without extensive in-
structions or examples:
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Provide an emotional valence score for the
following text message, ranging from 0.0
(most negative emotions) to 1.0 (most pos-
itive emotions). Use one of the following
five discrete values to assign an emotional
valence score: [0.0, 0.25, 0.5, 0.75, 1.0].
The output format is ONLY the number cor-
responding to the emotional valence score
as a discrete score, nothing else.

This resulted in a Kendall Tau correlation of
0.628. These results are close to the LLM prompt
performance in the manuscript (which was Kendall
Tau = 0.594). The discrete values strategy resulted
in only marginal improvement over the original
strategy. Adding an in-depth description did not
help. BERT-EV outperformed all of the above ap-
proaches (Kendall Tau = 0.643). It is also worth
noting that forcing five discrete values would ul-
timately reduce the clinical utility of the model,
which needs to be able to assign more fine-grained
scores to evaluate more subtle shifts in EV over the
course of conversations.

Curated gold-standard evaluation dataset

The statements used for benchmarking are available
in the Supplemental Materials.
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