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Abstract

Suicide is a major public health concern, under-
scoring the importance of understanding com-
munication practices used in crisis intervention.
Text-based crisis services are increasingly used,
yet little is known about how counselors con-
struct messages across encounters. One under-
studied feature of this setting is counselor text
reuse, or the repeated use of identical or highly
similar message content across different clients.
Although reuse may support efficiency and con-
sistency, it may raise questions about how per-
sonalised responses are across counselors. This
study provides a descriptive analysis of coun-
selor text reuse in a large dataset of 4.7 million
messages of real-time text-based crisis coun-
seling conversations. Across 136 counselors,
mean message similarity was very low, indicat-
ing little overall text reuse for most counselors.
However, 103 counselors showed at least one
instance of detected reuse, and a smaller sub-
set demonstrated more consistent reuse. Reuse
was also positively associated with counselor
encounter volume across measures of reuse.
Frequently reused longer passages primarily
involved structured coping-oriented or psychoe-
ducational content, such as coping strategies,
grounding exercises, self-care tips, and relax-
ation techniques. The findings suggest that
counselor text reuse is uncommon overall but
becomes more likely as counselor encounter
volume increases, providing a foundation for
future work examining associations with ser-
vice delivery and client outcomes.

Introduction

Suicide is a serious public health issue, with about
800,000 deaths due to suicide annually (World
Health Organization, 2019) and several national
declarations concerning children’s mental health
(Hua et al., 2023). In the United States, suicide
is the second leading cause of death for adoles-
cents and young adults (10–24 years old). In 2022,
the American Foundation for Suicide Prevention

reported about 1.6 million suicide attempts and
49,476 deaths by suicide. Notably, adolescent sui-
cide rates have risen (Curtin, 2020). From 1975
to 2016, suicide rates increased by 7.9% among
females and 3.5% among males ages 15–19 (Ruch,
2019).

Addressing this crisis requires robust interven-
tions that include restricting access to lethal means,
psychotherapy, and crisis hotlines (Goldney, 2005).
Crisis hotlines are an accessible, widely utilized
public health resource that provide immediate sup-
port to at-risk individuals (Gould et al., 2021; Ram-
chand et al., 2017). With evolving communication
preferences, text-based crisis helplines are increas-
ingly integrated into mental health services, par-
ticularly for younger populations (Budinger et al.,
2015). For example, 988, the national crisis line,
has received millions of text messages since its in-
ception in July 2022 (Substance Abuse and Mental
Health Services Administration, 2025). Despite the
rise of text-based crisis services, the unique affor-
dances and challenges of text-based crisis counsel-
ing conversations are relatively under-studied. For
example, text-based communication allows coun-
selors to copy-and-paste previously typed messages
with important information, facilitating efficiency
but potentially diminishing the personalized nature
of interactions.

Crisis Lines
Participation in crisis line interactions can lead to
reduced suicide risk (Gould et al., 2007; Halford
et al., 2021; Mishara and Daigle, 2001). Similarly,
text-based interventions are found to be helpful
across a multitude of studies (Dwyer et al., 2021).
For example, 90% of suicidal texters reported their
conversation was helpful and 46.1% reported being
less suicidal (Gould et al., 2007); see also (King
et al., 2003; Mishara and Daigle, 1997; Pauwels
et al., 2025). However, these findings suggest that
over half of texters do not experience a reduction
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in risk.
Research on crisis counseling outcomes has his-

torically focused on counselor variation in key be-
haviors such as risk assessment, safety planning,
and counselor intervention strategies (Gould et al.,
2013; Mishara, 2007; Lake et al., 2022). For ex-
ample, compliance with suicide-risk assessment
guidelines remains inconsistent across crisis hot-
lines, despite national standards (Gould et al., 2013;
Mishara, 2007; Lake et al., 2022). In a crisis hotline
study with U.S. veterans, only one-third of eligi-
ble callers completed a safety plan (Lauver et al.,
2024). In general, more effective crisis counsel-
ing emphasizes validation, rapport-building, and
collaborative problem-solving (Mishara, 2007). In
sum, there is evidence that key behaviors are associ-
ated with important outcomes in crisis counseling,
but this research has not investigated specific as-
pects of communication unique to text-based crisis
counseling services.

Considerations in Text-Based Counseling
Although text-based counseling shares many at-
tributes with spoken counseling, key differences ex-
ist. Text-based counseling remains conversational
and allows for the delivery of content in a manner
that is similar to spoken counseling, such as risk as-
sessment or psychoeducation. However, text-based
counseling differs from spoken counseling in im-
portant ways. For example, text-based counselors
can manage multiple conversations simultaneously.
In such cases, pre-generated messages can improve
efficiency by expediting responses, refining presen-
tation, and minimizing repetitive behaviors. How-
ever, this practice may result in lengthy, less per-
sonalized messages. Additionally, spoken conver-
sations frequently include minimal encouragers to
demonstrate active listening, but such responses
may seem out of place in text-based formats, po-
tentially necessitating longer messages to convey
attentiveness and engagement (Kitchingman et al.,
2018; Althoff et al., 2016). Investigating these fun-
damental elements of text-based crisis counseling
is essential to optimizing its effectiveness.

Text Reuse
Text-based crisis counseling requires counselors
to manage multiple conversations in real-time, of-
ten under high cognitive and emotional demands
(Kitchingman et al., 2018). To maintain efficiency,
counselors may rely on pre-written templates, fre-
quently reused phrases, or simply develop habits

such that they send messages that are highly simi-
lar across their different clients. Additionally, it is
notable that some evidence-based therapeutic inter-
ventions inherently involve standardized or repet-
itive forms of communication, such as breathing
exercises or grounding techniques. However, ex-
cessive reliance on any templated responses could
impact client outcomes by reducing the personal-
ization and adaptability of therapeutic interactions.
Research suggests that more successful counselors
adapt their language dynamically rather than rely-
ing on formulaic messaging (Althoff et al., 2016).
One way to measure this phenomenon is via text
reuse detection (Citron and Ginsparg, 2014), com-
monly analyzed through textual overlap and, sim-
ilar to methods used in plagiarism detection, cap-
turing the extent to which language is repeated or
varied across messages.

There are many plausible reasons counselors
may reuse text, including efforts to provide con-
sistent intervention content, efficiently share struc-
tured coping or psychoeducational materials, ad-
here to any possible evidence-based training ma-
terials, and manage the demands of real-time text-
based crisis work. The present study is descriptive
and focuses on documenting the presence and pat-
terns of text reuse rather than evaluating its causes
or associations with client outcomes. Examining
whether and how text reuse relates to service deliv-
ery or client outcomes remains an important direc-
tion for future research.

Text reuse can be assessed in a multitude of
ways, namely via message similarity and longest
common substrings. Message similarity can be
analyzed at the message-level (within a single mes-
sage) and conversation-level (across multiple mes-
sages from the same counselor). For example, one
computational method for capturing text reuse, or
message similarity, is through the Jaccard simi-
larity index (Citron and Ginsparg, 2014). While
there is no prior formal evaluation of text reuse and
self-plagiarism in psychotherapy contexts or crisis
counseling settings, this method is commonly used
in plagiarism detection. For example, Citron and
Ginsparg (Citron and Ginsparg, 2014) compared
text content of scientific articles between 1991 and
2012 and measured how chronic text reuse is dis-
tributed among authors in the dataset. Using an n-
gram-based NLP method across more than 750,000
scientific articles, they found that substantial text
reuse is not evenly distributed but is concentrated
among a small subset of “serial” reusers, while
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the majority of authors rarely or never reuse large
amounts of text. They also reported a strong nega-
tive association between the amount of reused text
in an article and its scientific impact (r ≈ −0.74),
suggesting that higher levels of textual reuse are
linked to lower influence.

Importantly, psychotherapy and crisis counsel-
ing contexts differ substantially from scientific pub-
lishing, where text reuse is often interpreted as
misconduct or reduced originality. In therapeutic
settings, repeated or standardized language may
instead reflect evidence-based interventions, safety
practices, psychoeducation, or efforts to maintain
consistency across client interactions. Accordingly,
the present study does not conceptualize text reuse
as inherently problematic, but rather examines the
extent and patterns of repeated language in text-
based crisis counseling.

The longest common substring (LCSS) approach
is another avenue to discover copy-pasted mes-
sages. LCSS captures the longest contiguous se-
quence of words shared between two messages,
highlighting instances where a counselor has re-
peated the same block of text verbatim. Unlike
Jaccard similarity, which reflects overall similarity
in phrasing between messages, LCSS focuses on
exact sequential reuse of text, providing a more
precise lens on formulaic messaging.

In a study of large language model extraction
of psychotherapy dissatisfaction narratives from
online forum posts, Steinbrenner used an evalua-
tive metric based on longest common subsequence
(LCS) to compare model-identified passages with
passages independently identified by a blinded hu-
man rater (Lin, 2004). Their LCS metric evaluates
the longest sequence of words shared in the same
order, without requiring the words to be consecu-
tive. The model achieved an LCS-based similarity
score of 0.68, indicating substantial agreement with
the human reference and supporting the usefulness
of LCS-based methods for identifying similar text
despite minor wording differences (Steinbrenner
et al., 2025). This method computes overlap in
text that allows for skipped words; however, for the
purposes of detecting self-plagiarism, we utilize
longest common substring rather than subsequence
due to its more direct and precise detection of ver-
batim text reuse. By combining LCSS with broader
similarity measures, we can better understand both
general patterns of repeated language and specific
instances of direct message copying.

For the purpose of our study, we utilize a 10-

gram NLP-based approach using Jaccard similar-
ity indices to detect counselor text reuse across
counselor messages. A high similarity score (text
reuse) suggests a heavy overlap of text between two
messages, indicating substantial reuse of language.
Low similarity scores suggest few or no overlap-
ping text between two messages, indicating more
tailored or unique language. In addition, we use
the longest common substring (LCSS) approach to
identify exact, contiguous sequences of repeated
words, capturing instances of verbatim message
reuse.

1 The Current Study

Despite increased use of text-based crisis counsel-
ing, little is known about specific message features.
This study examines one key aspect of counselor
communication in real-time text-based crisis coun-
seling: text reuse across counselor messages. First,
we examined the extent of text reuse across coun-
selors. We examined variability in reuse across
counselors and as well as the amount of reuse
within counselors. At the message level, we exam-
ined the extent that specific messages were reused,
both in terms of how many times they were reused,
and how many counselors reused the messages. We
also clustered reused text to illustrate common pat-
terns and families of repeated content across coun-
selors, highlighting both exact and lightly edited
repetitions. By investigating these factors, this
study aims to contribute to a more nuanced un-
derstanding of how message-level communication
looks in crisis counseling, informing best prac-
tices for text-based crisis interventions and future
research implications that incorporate client out-
comes.

2 Methods

2.1 Data
This study utilized de-identified data from a large
set of 224,077 crisis counseling encounters (4̃.7
million messages) collected from a regional text-
based crisis and mobile tip line app available 24
hours a day, 7 days per week. The crisis line is
implemented in K-12 schools across these regions.
The study dataset included crisis encounters from
clients of any age located across three different
states within the United States who utilized the ser-
vice between 2017 and 2021. Mobile tips, a system
for notifying schools and educators about poten-
tially at-risk student peers, were excluded from the
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study sample. Due to the de-identified nature of the
dataset, no client-identifying information was avail-
able and counselor-level demographic or metadata
were limited.

There is a total of 136 licensed or license-eligible
counselors who receive additional training in sui-
cide risk assessment and safety planning. Coun-
selor encounters range from 1 to 7,894. Institu-
tional Review Board (IRB) approval was obtained
for this study. The crisis line does not systemat-
ically collect potentially identifiable information,
and text messages were scrubbed of incidental iden-
tifying information prior to analysis.

Text reuse analyses were computed on the
dataset with additional filtering criteria applied, as
described below. Message similarity and LCSS re-
sults reflect the subset of messages and encounters
that met these criteria.

2.2 Filtering Criteria for Text Reuse
Filters were applied to individual counselor mes-
sages, retaining only messages that were longer
than 30 words and excluding templated sign-in or
sign-off responses using a regular expression pat-
tern. Encounters in which no counselor messages,
for example, no messages that were longer than
30 words or non-templated sign-in/sign-off, met
these criteria were then excluded from the ana-
lytic dataset. This filtering may bias estimates to-
ward longer, more content-rich messages and may
underrepresent shorter forms of reuse (e.g., brief
templates), which we intentionally exclude to fo-
cus on substantive reuse. Message-level filtering
resulted in differences in the number of encoun-
ters and messages that remained analyzable across
counselors. These filtering criteria resulted in a
dataset of 332,584 total counselor messages and
92,099 encounters. After message-level filtering,
the number of analyzable encounters per counselor
ranged from 1 to 5,719. Message similarity score
and longest common substring analyses were con-
ducted on these filtered message sets. Estimates for
counselors with fewer qualifying messages should
be interpreted with caution due to the reduced data
density.

To remove scripted sign-in and sign-off re-
sponses, all counselor messages were screened for
standardized phrases using a predefined pattern-
matching regular expression approach. This in-
cluded common onboarding greetings, for exam-
ple, greetings or sign-in and sign-off scripts such
as “Hi there, I’m glad you reached out. My name

is [name] and I use she/her pronouns. Thanks so
much for chatting in today, please let me know how
can I best assist you?” and standardized follow-
up or “. . . are you still there?” type messages
when a chatter leaves or ends the chat. These mes-
sages were identified using regular expressions that
matched common variants of these scripts. Mes-
sages containing these templated elements were
excluded to ensure that only substantive, counselor-
generated responses were included in the analysis.

2.3 Measures

First, all counselor and client messages were ad-
justed for de-identified information to appear as
one word (“PLACEHOLDER”). This was done to
prevent higher word counts that might arise due
to the original de-identified placeholder words that
contain two or three words to represent one identi-
fying word.

2.4 Message Similarity

Message similarity was used to assess the degree
of text reuse across counselor messages. This was
measured using both pairwise Jaccard similarity
applied to hashed n-grams and longest common
substrings. Jaccard similarity was used as a broader
measure of text reuse, capturing overall overlap in
phrasing across messages, while the longest com-
mon substring approach provided a more specific
indicator of exact, sequential reuse. Together, these
methods allow for the identification of both general
and highly similar forms of repeated language.

Jaccard Similarity Scores. Pairwise Jaccard
Similarity scores were calculated for all message
pairs across and within each counselor’s encoun-
ters. Using the filtered message set described above,
each message was split into overlapping 10-word
n-grams. The formula for the similarity score is
then the total number of shared hashed segments
between message A and message B divided by the
total number of unique hashes. Hashing converts
text segments into a numerical value for ease of
computation and comparison over a large set of
messages. This formula results in an n-gram Jac-
card Similarity score, or a percentage reflecting the
extent to which the two messages share the same
phrases of length at least 10 words (n-grams). This
calculation was repeated on all messages across
all encounters for all 136 counselors. The Jaccard
similarity formula is defined as follows:
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J(A,B) =
|A ∩B|
|A ∪B|

We compute a mean similarity score for each
counselor that aggregates all pairwise similarity
scores across all encounters. The degree of over-
lap between messages is determined by the n-gram
length, for example, if N = 10, the message simi-
larity is calculated based on every overlapping 10-
word sequence shared between messages. The goal
is to capture how similar each counselor’s message
is relative to other messages by the same counselor
across their encounters.

2.5 Longest Common Substring

The longest common substring (LCSS) between
two texts is the longest stretch of words that appears
contiguously in both texts. In other words, the
match between the two texts must be uninterrupted,
so the shared material must occur as one continuous
block in both texts. Computing LCSS for every pair
of messages a counselor has sent then ultimately
results in direct text reuse.

Computationally, this can be done efficiently by
comparing all prefixes of the two texts and keeping
track of how long the current matching run is at
each position. Whenever the two current elements
match, the run length increases by one, and when
they do not, it resets to zero. The longest match
discovered in this process is the LCSS. For the pur-
pose of text reuse, we want to discover all LCSS of
reasonable length; we chose this hyperparameter
to be exact matches of length at least 100. Further-
more, it is possible for the texts to share more than
one reused segment, so when an LCSS is discov-
ered we delete it from the two texts and compute
the next LCSS, until there are no more matches of
length at least 100.

Counting the number of LCSS across all mes-
sage pairs is not without limitations. A single un-
derlying phrase can produce multiple overlapping
LCSS matches across different message pairs. For
example, consider the messages A: “Hello, thank
you for reaching out today,” B: “thank you for
reaching out today,” and C: “thank you for reach-
ing out.” The LCSS between A and B is B, and
between A and C is C, however, because C is con-
tained within B, naively counting both overstates
the amount of reused text. More generally, overlap-
ping fragments may not nest cleanly: two LCSS
spans can partially overlap without either contain-

ing the other, making simple deduplication by sub-
string containment insufficient.

To address this, we cluster LCSS spans that
represent variants of the same underlying phrase.
Spans shorter than 100 words were discarded to
focus on substantive reuse.

2.6 Clustering Descriptives for Reused
Messages

We seek to describe and illustrate reuse at two dif-
ferent levels. First, we wanted a message-level esti-
mate of how often counselors reused text content.
Second, we wanted to identify recurrent families
of reused text, rather than treating every longest
common substring as an unrelated artifact. These
goals are related, but they are not identical. A sin-
gle message can contain multiple distinct copied or
highly similar submessages, so any attempt to force
all reuse into a disjoint set of clusters would blur
that structure. We therefore separated prevalence
estimation from semantic organization.

To estimate message-level reuse prevalence, we
used the extracted LCSS spans together with the
associated message ids. For each counselor, we
parsed the message IDs and associated every LCSS
span with all messages in which it occurred. Next,
for each message, we collected all candidate LCSS
spans linked to that message. This procedure yields
a message-level measure of reuse that is robust to
the same message being linked to multiple overlap-
ping substrings.

To identify broader families of reused content,
we clustered the LCSS spans semantically. We
treated each surviving LCSS as one observation
and embedded the span text using MentalBERT
(Ji et al., 2021). We chose a semantic embedding
approach because clustering based only on surface
overlap produced fragmented and often uninforma-
tive groups. In particular, lexical methods tend to
split together phrases that clearly instantiate the
same reused template but differ slightly in word-
ing, while also overemphasizing trivial overlap. By
embedding the LCSS spans, we instead aimed to
group semantically similar reuse patterns, includ-
ing lightly edited or paraphrastic variants of a com-
mon template.

Each remaining span was tokenized and trun-
cated at 512 tokens, matching the model context
limit. This is a limitation of the method because
the tail of messages longer than 512 tokens (about
400 English words) will be excluded from the clus-
tering. The resulting span embeddings were clus-
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tered with MiniBatchKMeans using k = 100. We
selected the cluster representative as the LCSS clos-
est to the cluster centroid, since this gives a typical
exemplar of the cluster.

For each cluster, we reported the number of dis-
tinct message IDs and distinct counselor IDs rep-
resented among the member LCSSs. These counts
should be interpreted as lower-bound coverage mea-
sures for that reuse family. They are not additive
across clusters, because the same message can con-
tain multiple distinct reused spans and therefore
contribute to more than one cluster and computed
clusters are not guaranteed to perfectly separate
ground truth clusters. This overlap is a substan-
tive property of the data rather than a defect of
the analysis: counselor messages may legitimately
combine several reused components in a single re-
sponse. For this reason, cluster-level counts were
used to describe the breadth of a reuse family, while
message-level prevalence was estimated separately
using the message-collapse procedure above.

2.7 Statistical Analysis

All analyses were conducted in R using “tex-
treuse” (Li, 2026), “tidyverse,” and “dplyr” pack-
ages (Wickham, 2026). Pairwise Jaccard similar-
ity scores were computed for all messages within
each counselors’ encounters. A mean similarity
score was also calculated for each counselor to
represent the overall degree of text reuse across
their set of clients. These scores were summarized
descriptively at both the message and encounter
level for each counselor. Additionally, LCSS were
computed to capture the extent of exact sequential
overlap in phrasing between messages. We report
overall exploratory and descriptive patterns of mes-
sage reuse at the encounter and message level in
this dataset.

3 Results

3.1 Message Similarity

Similarity was computed at the message level for
each counselor. After filtering, all remaining coun-
selor messages were tokenized into 10-gram se-
quences, and pairwise Jaccard similarity was cal-
culated for every message pair within a counselor.
This produced one similarity matrix per counselor,
where higher values indicate greater overlap in 10-
gram content across messages. In other words,
higher scores indicate high text reuse and lower
scores indicate low reuse, where 0 indicates no

text overlap between two messages and 1 indicates
identical text overlap.

A total of 103 out of 136 (75.7%) counselors
demonstrated at least one instance of detected
reused text, suggesting that a typical counselor
reused message content at some point in their
practice. However, across all counselors, mean
similarity scores were very low, indicating that
reuse accounted for a small proportion of mes-
sage pairs overall. Counselor-level mean similar-
ity values ranged from 0 to 0.031 (M = 0.001,
SD = 0.0034). For most counselors, the vast ma-
jority of message pairs of at least 30 words shared
no overlapping 10-word sequences. However, a
small subset of counselors demonstrated notably
greater reuse than the sample as a whole. Whereas
most counselors (83.1%) had less than 0.1% aver-
age similarity between their messages, the coun-
selors with the highest levels of reuse had mean
similarity scores ranging from 0.85% to 3.1%. This
range indicates that, for some counselors, repeated
phrasing was a consistent feature of their messag-
ing.

3.2 Longest Common Substring (LCSS)
A total of 72,665 messages (21.86% of 332,584
messages longer than 30 words) included some
reuse of at least 10 consecutive words. A total of
13,562 (4%) messages included some reuse of at
least 100 consecutive words. Across counselors,
the proportion of messages that included reuse of
at least 10 and 100 words averaged 0.22 and 0.041,
respectively. The corresponding counselor-level
counts had medians of 17 and 0, standard devia-
tions of 1,355.61 and 379.88, and ranged from 0 to
8,768 and 0 to 3,110.

Across the 136 counselors, the average number
of messages with some reused content was 9.45%
among messages of at least 30 words and 1.76%
among all messages when reuse was defined as at
least 10 consecutive words, with standard devia-
tions of 12.20 and 2.72 percentage points, respec-
tively. For reuse of at least 100 consecutive words,
the corresponding averages were 1.29% among
messages of at least 30 words and 0.21% among
all messages, with standard deviations of 3.15 and
0.61 percentage points, respectively.

The number of counseling encounters varied
widely across counselors (M = 677.20, SD =
1,113.68) for messages of at least 30 words, with
a range of 1 to 5,719 and a median of 106. Across
all encounters, the average number of encounters
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was 1,113.72 (SD = 1,784.05), with a range of 1
to 7,894 and a median of 171.

3.3 Counselor Encounter Volume and
Message Reuse

Across counselors, the percentage of reused mes-
sages was positively correlated with the total num-
ber of unique encounters. For reuse of at least 10
consecutive words, the correlation was r = .51
among messages of at least 30 words and r = .43
across all messages, both p < .001. For reuse of at
least 100 consecutive words, the corresponding cor-
relations were r = .50 and r = .50, respectively,
both p < .001. This suggests that as counselor en-
counter volume increased, counselors reused con-
tent more frequently. The counselor with the largest
number of encounters without any observed 10
consecutive word reuse had 163 encounters, cor-
responding to 1,548 unique messages. Similarly,
when reuse was defined as 100 consecutive words,
the counselor with the largest number of encoun-
ters without detected reuse had 2,724 encounters,
corresponding to 25,016 unique messages.

3.4 LCSS Clustering Using MentalBert
Clustering analyses were completed for reused text
spans (LCSSs) of length at least 100 words to cap-
ture substantive reused messages. For illustration,
we report on the top 5 most reused clusters of text
discovered by our algorithm. The clustering pro-
cedure groups candidate texts that are likely vari-
ants of the same underlying phrase, which were
reviewed by a human annotator who confirmed
cluster membership and identified the representa-
tive passage. This semi-automated approach com-
bines the scalability of algorithmic matching with
human judgment for disambiguation.

The clusters with the most frequently detected
reused LCSS are reported in Table 1. The clus-
ter with the most LCSS occurrences was a list of
coping strategies, which was identified as used at
least 978 times across 26 counselors. This script
typically ranged from 100 to 507 words. A simi-
larly common cluster involved a grounding sensory
exercise, observed 790 times across 13 counselors,
with messages ranging from 100 to 655 words. An-
other cluster revealed messages regarding self-care
tips, observed 745 times across 11 counselors, with
messages ranging from 110 to 314 words.

Other recurring clusters included a different list
of coping strategies, observed 578 times across 9
counselors, ranging from 100 to 220 words. A

muscle tension relaxation technique cluster was
detected 572 times across 13 counselors, ranging
from 101 to 675 words. Overall, the most fre-
quently reused passages involved structured psy-
choeducational or coping-oriented content, such
as breathing exercises, grounding techniques, and
self-care guidance, rather than conversational or
relational statements.

Discussion

The present study examined text reuse across real-
time, text-based crisis counseling encounters. We
found that some reuse was detectable for most
counselors: 103 of 136 had at least one detected in-
stance of reuse. Repeated wording was not the dom-
inant pattern of counselor communication. Mean
pairwise 10-gram Jaccard similarity was extremely
low overall (M = .001), and most counselors had av-
erage similarity values near zero. And finally, coun-
selor text reuse was correlated with encounter vol-
ume across analytic definitions of reuse; counselors
who handled more encounters showed higher pro-
portions of reused messages. Taken together, these
findings suggest that counselor messages were typ-
ically composed in unique language at the whole-
message level, while selective reuse of particular
passages became more common among counselors
with greater encounter volume.

Variation across counselor text reuse was a cen-
tral finding. Reuse was not distributed evenly
throughout the sample. Most counselors showed
very low average similarity and little repeated over-
lap across messages, whereas a smaller subset
demonstrated more consistent reuse. This pattern
suggests that text reuse in this setting is better un-
derstood as concentrated among some counselors
rather than as a uniform feature of crisis counseling
practice. At the same time, reuse was not absent.
LCSS analyses showed that approximately one in
five counselor messages (30 or more words) con-
tained a repeated segment of at least 10 consecutive
words. Much longer repeated passages of 100 or
more words were less common, but still appeared
in roughly one in 25 qualifying counselor messages.
The presence of some counselors with nontrivial
encounter volume but no detected reuse at these
thresholds further indicates that repeated text was
common, but not inevitable.

The Jaccard analyses summarized similarity
across all message pairs within counselors, and
most pairs did not share any 10-grams, which kept
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Cluster / message type Occurrences Counselors Message length (words)
List of coping strategies 978 26 100–507
5-4-3-2-1 grounding exercise 790 13 100–655
Self-care tips 745 11 110–314
Alternative list of coping strategies 578 9 100–220
Muscle tension relaxation technique 572 13 101–675

Table 1: Most frequently detected reused message clusters.

average similarity near zero. In contrast, LCSS
identified whether a message contained any re-
peated segment above a minimum length. A coun-
selor could therefore reuse a limited number of
longer passages within otherwise distinct messages
and still have very low average pairwise similarity.
This distinction is important because it suggests
that reuse in this dataset was likely localized to
specific components of counselor responses rather
than reflecting broadly repetitive communication.

The clustering results help clarify the kinds of
content that were most often repeated. Among the
most frequently detected long reused passages were
lists of coping strategies, grounding exercises, self-
care tips, and muscle relaxation instructions. In
other words, the most common repeated passages
appeared to involve structured, psychoeducational,
and coping-oriented material rather than primar-
ily relational or conversational language shared
between counselors. These findings suggest that
some counselors may draw from preformulated
language when delivering common intervention
content. However, the present data cannot deter-
mine whether these passages came from formal
templates, personal notes, training materials, or
individual habits that developed over time. Nor
can these findings determine whether the use of
such language improved or reduced the quality of
support.

One of the most important findings was the posi-
tive association between counselor encounter vol-
ume and text reuse. Across counselors, the propor-
tion of reused messages increased as the number
of unique encounters increased, and this pattern
was evident across both reuse thresholds examined.
For reuse defined as at least 10 consecutive words,
the correlation with encounter volume was r = .51
among messages longer than 30 words and r = .43
across all messages; for reuse defined as at least
100 consecutive words, the corresponding correla-
tions were r = .50 and r = .50, respectively (all p <
.001). Because the association was observed across

reuse thresholds and definitions, it does not appear
to depend on any one measure of reuse. Although
greater encounter volume creates more opportunity
to observe repeated passages, the fact that this pat-
tern appeared when reuse was expressed as a pro-
portion of messages suggests that it is unlikely to
be explained solely by counselors generating more
total text. An interpretation is that counselors with
greater encounter volume may develop and repeat-
edly draw on preferred ways of delivering common
intervention content, particularly structured cop-
ing or psychoeducational guidance. Rather than
viewing text reuse only as an individual stylistic
difference, these findings suggest that it also scales
with the extent of counselors’ practice within the
service.

These findings have several implications for un-
derstanding communication in digital crisis ser-
vices. Most importantly, the results do not support
the view that counselor messaging is all broadly
templated. Instead, they suggest a more selective
pattern in which reuse, when it occurs, is concen-
trated in certain counselors and in certain types of
content. This may reflect one way counselors man-
age recurring tasks in a text-based, high-intensity
service environment, particularly when offering
concrete coping tools or psychoeducation.

However, this association may also be shaped
by unmeasured contextual factors, including coun-
selor tenure, shift timing, fatigue, workload, or dif-
ferences in training and supervision practices. As
a result, encounter volume should be interpreted
cautiously and not necessarily assumed to be the
sole driver of text reuse patterns.

This study provides a descriptive understand-
ing of text reuse in real-time crisis counseling. Our
main finding was that text reuse was positively asso-
ciated with counselor encounter volume across def-
initions of reuse. This suggests that reuse increases
with counselor encounter volume. Although aver-
age message-level similarity was very low for most
counselors, text reuse was nevertheless a meaning-
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ful and patterned feature of counselor communica-
tion. Reuse was concentrated among a subset of
counselors and was most often observed in struc-
tured coping-oriented or psychoeducational pas-
sages. These findings suggest that text reuse in this
setting is not pervasive, but neither is it incidental:
it becomes more common as counselor encounter
volume increases.

The present study was descriptive and focused
specifically on extended identical text reuse rather
than broader stylistic similarity or effectiveness.
The findings establish baseline evidence that com-
munication patterns within text-based crisis coun-
seling are not uniform and that text reuse increases
systematically with counselor encounter volume.
As digital crisis services continue to expand, future
research linking message-level features to client
outcomes and examining the full counselor dataset
will be essential for understanding whether ob-
served stylistic differences have meaningful im-
plications for service delivery.

Limitations
The number of encounters retained after message-
level filtering varied across counselors. This vari-
ation reflects differences in how frequently coun-
selors produced longer (> 30-word), non-templated
messages within their sampled encounters. As a
result, the dataset differed in size across counselors
after applying inclusion criteria. Consequently,
similarity estimates for counselors with fewer re-
tained messages are based on a smaller pool of
observations and should be interpreted with appro-
priate caution due to reduced data density. Impor-
tantly, this variation resulted from analytic filtering
decisions rather than unequal sampling or workload
differences across counselors. A second limitation
concerns the scope of the similarity/text reuse met-
ric. Linguistic similarity was operationalized as
identical contiguous 10-word sequences, reflecting
the study’s focus on extended verbatim text reuse.
Accordingly, findings should be interpreted as es-
timates of longer contiguous segment reuse rather
than broader stylistic or thematic similarity.

Finally, although variation in message length and
reuse patterns was identified, the study does not
evaluate whether particular communication styles
are associated with improved client outcomes, per-
ceived helpfulness, or reductions in distress. There-
fore, no conclusions can be drawn regarding the
effectiveness of longer messages or higher levels of
text reuse. Future research linking message-level

features to client outcomes would be necessary to
determine whether observed stylistic differences
have meaningful clinical implications. Addition-
ally, examining a larger set of counselors and their
encounters may provide more stable, accurate es-
timates of communication patterns and allow for
stronger conclusions regarding variability across
providers in this setting.

Our LCSS-based analysis has several limita-
tions. First, LCSS is sensitive to minor surface-
level discrepancies: a single extra space, a miss-
ing line break, or formatting artifacts introduced
when copying text from PDF sources can break
an otherwise exact match. This contrasts with
n-gram Jaccard similarity, which is more robust
to such perturbations. Second, when a counselor
reuses part of a longer reused passage, the shorter
fragment is detected as a separate LCSS match
against every message containing the longer pas-
sage, inflating its occurrence count. Our clustering
procedure using MentalBERT attempts to work
around these weaknesses because long messages
that differ by a space probably map to the same
area and are then clustered together. A clear lim-
itation of using MentalBERT for the clustering is
the 512 token limit that cuts off long reused mes-
sages. The clustering output requires human review
to confirm that grouped spans genuinely represent
variants of the same underlying passage, making
this a semi-automated rather than fully automated
method. Third, the reported counts should be inter-
preted as lower bounds: at minimum, these coun-
selors used these passages as part of a message at
least this many times. Obtaining precise counts
is difficult given the overlapping and fragmentary
nature of pairwise LCSS output. Fourth, to avoid
flagging genuine therapeutic style the minimum
LCSS length must be set conservatively high. We
chose a threshold of 100 words, accepting that this
sacrifices recall of shorter templates in favor of
specificity for substantive text reuse.

Ethical Considerations

This study used de-identified data from a text-based
crisis counseling service. All messages had per-
sonally identifying information removed prior to
analysis, and no attempt was made to re-identify
individuals. The dataset included sensitive commu-
nications from individuals in crisis, and analyses
were conducted at the aggregate level to minimize
risk of harm or disclosure. Institutional Review
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Board (IRB) approval was obtained prior to data
access and analysis.

Given the vulnerable nature of the population,
care was taken to ensure that findings were reported
in a way that avoids stigmatization or misinterpre-
tation of counselor or client behavior. Results are
intended to inform understanding of communica-
tion patterns at the system level rather than to assess
or compare individual providers.
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