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ABSTRACT

Background: More so than face-to-face counseling, users of online text-based services might drop out from a
session before establishing a clear closure or expressing the intention to leave. Such premature departure may be
indicative of heightened risk or dissatisfaction with the service or counselor. However, there is no systematic way
to identify this understudied phenomenon.

Purpose: This study has two objectives. First, we developed a set of rules and used logic-based pattern matching
techniques to systematically identify premature departures in an online text-based counseling service. Second,
we validated the importance of premature departure by examining its association with user satisfaction. We
hypothesized that the users who rated the session as less helpful were more likely to have departed prematurely.
Method: We developed and tested a classification model using a sample of 575 human-annotated sessions from an
online text-based counseling platform. We used 80% of the dataset to train and develop the model and 20% of the
dataset to evaluate the model performance. We further applied the model to the full dataset (34,821 sessions).
We compared user satisfaction between premature departure and completed sessions based on data from a post-
session survey.

Results: The resulting model achieved 97% and 92% F1 score in detecting premature departure cases in the
training and test sets, respectively, suggesting it is highly consistent with the judgment of human coders. When
applied to the full dataset, the model classified 15,150 (43.5%) sessions as premature departure and the
remaining 19,671 (56.5%) as completed sessions. Completed cases (15.2%) were more likely to fill the post-chat
survey than premature departure cases (4.0%). Premature departure was significantly associated with lower
perceived helpfulness and effectiveness in distress reduction.

Conclusions: The model is the first that systematically and accurately identifies premature departure in online
text-based counseling. It can be readily modified and transferred to other contexts for the purpose of risk
mitigation and service evaluation and improvement.

1. Introduction

Help Phone in Canada. Despite their relatively short history, their reach
is rapidly growing. For example, Crisis Text Line has accumulated over

The demand for professional mental health services has been rapidly
increasing (Lipson et al., 2019). Online text-based counseling is an
emerging mode of service that provides support through text, such as
instant messages, SMS, social networking sites, and email (Hoermann
et al., 2017). Some examples of large-scale, nationwide services of this
nature include Crisis Text Line in the US, Lifeline Australia, and Kids
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5.7 million text conversations since 2013 (Crisis Text Line, 2021), and
Lifeline Australia annually completes over 90,000 text-based conversa-
tions (Lifeline, 2021).

Online text-based counseling has the advantage of the ease of access
and anonymity. It has great potential to provide timely emotional sup-
port to those in need (Hoermann et al., 2017; Reynolds et al., 2013; Yip
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et al., 2020). It is particularly apt for those who might have limited
access to or are less willing to use traditional face-to-face services,
especially among youth. However, the convenience and anonymity of
online services also pose a great challenge in gauging and assessing
users' risk and experience, as well as estimating the effectiveness of the
service. The low response rates in post-service evaluation assessment
(Fukkink and Hermanns, 2009) and the infeasibility of conducting
randomized trials in these contexts (Mathieu et al., 2021) warrant the
identification and development of alternative means to assess the
effectiveness of online services (Rickwood et al., 2019).

Online text-based counseling can be categorized into asynchronous
and synchronous types. Asynchronous services (e.g., emails, forums)
have time delays or lags between each message; an exchange between
the user and counselor might span one or a few days. In this format, an
immediate response is not typically expected. On the other hand, syn-
chronous services are those in which the user and the counselor are
engaging in more-or-less real-time exchanges. The user typically initi-
ates the chat, and the counselor is expected to engage with the user soon
after.

Synchronous text-based counseling sessions may not have a set end-
time or duration; users may depart from it at any time without a clear
indication of closure. User premature departure is common (Szlyk et al.,
2020) and has potentially important implications. An abrupt ending can
signify heightened symptom severity and risk. It can also be caused by
the user's dissatisfaction with the service. Because non-text feedback is
largely unavailable in text-based counseling, it is difficult to ascertain
when the user has departed and why. Thus, accurately identifying the
incidences of premature departure and their causes can potentially help
such online services to improve user experience and potentially service
quality, such as by developing good practices that help reduce the
occurrence of premature departure. Despite its importance, to date, only
one published work has documented this phenomenon (Nesmith, 2018).
In order to explain premature departure, we would first need to be able
to accurately identify them. This paper aimed to help fill this gap by
developing and validating a systematic method of identifying such cases
in historical chat data.

1.1. Importance of identifying and understanding premature departure

We defined premature departure' in synchronous text-based coun-
seling sessions as when the user stops replying to the counselor without
either 1) a clear ending in the conversation (e.g., words such as “bye”,
“thank you”) or 2) an expression of an intention to leave. In contrast, a
completed session is one that either has a clear ending, the user has
indicated an intention to leave (e.g., “I will go offline™), or the counselor
has suggested an ending to the session while the user is still responsive.

Proper closure is desirable in a counseling session, whether online or
face-to-face. In traditional counseling, dropout often refers to incidents
when the user unilaterally stops attending planned sessions (Wierzbicki
and Pekarik, 1993). Children and youth who drop out tend to have more
complex problems and show poorer outcomes in the long run (Connell
et al., 2008; Reis and Brown, 1999; Saxon et al., 2010). Dropouts have
been shown to indicate dissatisfaction or lack of perceived progress (de
Haan et al., 2013); mental health care professionals are encouraged to
minimize them (Barrett et al., 2008; O'Keeffe et al., 2019; Windle et al.,
2020). Ending a face-to-face session in the middle of it, however, is rare
and largely undocumented. As more online text-based counseling ser-
vices emerge, understanding premature departure as a type of termi-
nation is increasingly relevant. Dropouts in this context can serve as an
important form of user feedback (Rickwood et al., 2019).

! We coined this term to underscore that 1) we are focusing on endings that
are caused by the user's departure, as opposed to the counselor's (hence “de-
parture”), 2) the ending is one without a closure, but it need not be sudden
(hence “premature” and not “abrupt™).
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Premature departure is common in synchronous online text-based
counseling. For example, the US Crisis Text Line classifies sessions pre-
maturely ended as “dropped” or “incomplete conversations” (Szlyk
et al.,, 2020). However, to date, only one empirical study examined
termination in this type of counseling. In an analysis of 49 text-based
crisis counseling transcripts, Nesmith (2018) categorized themes of
crisis chat endings based on whether users agreed to a plan or showed
indications of the chat being helpful to them. Most notably documented
were “positive closings,” where the user used optimistic language and
explicitly expressed satisfaction, and the session ended with mutual
agreement. This type of ending accounted for 65% of the sampled chats.
The classification “abrupt ending” was given when the user ended the
chat abruptly without providing an explanation, an action plan, or any
indication of whether they found the session to be helpful (14%). The
author noted that the reason for abrupt ending is inevitably uncertain;
possible reasons include the user being busy, or not wanting to continue
the conversation and therefore leaving suddenly. Lastly, “vague/
ambiguous” ending refers to those where the closing was ambiguous,
and the user's response to a safety plan was noncommittal (4%). The
author further found that more positive closings were observed (76%)
when the users were not in a crisis, or when they were seeking specific
information or other straightforward requests. The above observations
suggest that “positive” completed chats with a mutual closure are the
preferred outcome in text-based counseling, whereas “abrupt” prema-
ture departures may indicate dissatisfaction with at least some aspect of
the session.

Because premature departure may signify user dissatisfaction
(Nesmith, 2018), it has important practical implications on service
evaluation and development. The evaluation of online text-based
counseling services has relied on self-report measures (Fukkink and
Hermanns, 2009). However, the response rate of post-chat surveys is
typically low, e.g., 1.4% in Fukkink and Hermanns (2009); 9% in
Rickwood et al. (2019). Furthermore, research on response biases in user
satisfaction suggests a positive association between satisfaction and
response rate (Mazor et al., 2002); the post-chat survey data may thus be
positively biased. As suggested by previous research (Rickwood et al.,
2019), dropout or premature departure might be an alternative, non-
self-report approach to assessing user dissatisfaction.

Before we can treat premature departure as a proxy for user dissat-
isfaction and use it as an outcome through which to evaluate a service,
the phenomenon needs to be properly captured, described, and under-
stood, and its implications empirically examined. In this study, we
aimed to develop a systematic method to classify prematurely ended
counseling sessions. We also quantitatively investigated their implica-
tions on the outcomes of the session.

This study has two objectives. First, we aimed to identify premature
departure and develop a set of rules to do so systematically. Once
developed, we aimed to use logic-based pattern techniques to accurately
identify these incidences of premature departure across a larger sample.
Even with a clear definition, identifying premature departure can be
complex. The challenge is to distinguish key patterns and develop lan-
guage rules in order to accurately identify them. To tackle this problem,
we propose a model combining logic rules and pattern matching
methodology. To the best of our knowledge, this study is the first
attempt to develop an algorithm to detect premature departure on a
synchronous online text-based counseling platform.

Second, as a means to validate the importance of premature depar-
ture, we examined its association with user satisfaction. We hypothe-
sized that sessions which the user rated to be less helpful were more
likely to have ended prematurely. To test this hypothesis, we analyzed
the user's post-chat questionnaires using two outcomes. We first
compared the proportion of users from premature and completed chats
who filled in the post-chat questionnaire. Based on research on the
relationship between user satisfaction and response bias (Mazor et al.,
2002), we hypothesized the two were associated and predicted that the
users who prematurely departed were less likely to have completed the
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post-chat questionnaire. Then, we compared the user satisfaction out-
comes between those who prematurely departed and those who did not.
We hypothesized that there was a relationship between the two; that
users' satisfaction was lower among those who left prematurely. The
results can inform us whether premature departure can serve as a key
indicator of user satisfaction in online text-based counseling.

2. Method
2.1. Data

This study analyzed anonymous session data from the Hong Kong
Jockey Club Open Up, a 24/7 online text-based counseling service
designed specifically to cater to youngsters experiencing emotional
distress (Yip et al., 2020). Users of Open Up chat anonymously, without
charge, with professional counselors and trained volunteers via the
service's web portal, SMS, WhatsApp, Facebook messenger, or WeChat.
Fig. 1 shows the English translation of a fictitious conversation (based on
real chats) between a user and a counselor; the Cantonese version can be
found in Fig. A.1 in Appendix A.

We obtained all the valid session transcripts from Open Up from the
year 2020, i.e., from Jan 1, 2020, to Dec 31, 2020. The dataset contains
34,821 valid sessions. A valid session was defined as a conversation in
which the user was successfully connected to a counselor and had more
than four exchanges. In this study, one exchange is defined as each
switch in speaker (e.g., from the user to the counselor). On average, each
valid session lasted for 54 min (SD = 45 min). As an illustration, the
excerpt in Fig. 1 contains seven exchanges. In the dataset, on average,
each session consists of 40 exchanges (SD = 30) between a counselor and
a user.

In this study, we randomly sampled 575 valid sessions. Each unique
user (based on IP address) was only sampled once. That is, to the best of
our knowledge, the 575 sessions were each with a unique user. We split
the dataset into the training set (80%) and the test set (20%). The
training set consisted of 460 sessions and the test set 115 sessions.

2.2. Operationalization of premature departure

Premature departure was operationalized as when a user stopped
replying to the counselor, and there was no clear ending in the con-
versation, or the user did not indicate that they would leave. In this
definition, whether a session is complete or not is determined from the
user's, as opposed to the counselor's, messages and perspective. An
example is provided in Fig. 2; the Cantonese version can be found in
Fig. A.2.

In practice, there is no a priori agreement between the user and the
counselor on when and how a session should end. As Open Up is a free
and anonymous service, users could leave at any time during the con-
versation without explanation. Therefore, premature departure is
mainly determined by the users and can come in many forms, much like
how text conversations end in real life. However, in some scenarios, the
counselor may suggest ending the session under some circumstances
such as the user has not replied for a long time or significant progress has
been made during the session. In those situations, counselors will use
standard phrases to propose termination.

2.3. Coding process

Four trained coders (FC, CT, JF, EC) annotated the 575 randomly
sampled sessions. All coders have relevant higher education (i.e., at least
a bachelor's degree) and work experience in psychology, counseling,
and/or social work. Each session was coded as either “completed” or
“premature departure” based on their judgment vis-a-vis the pre-
determined definition. The coding aimed to capture the ending fea-
tures and signifiers from both users and counselors, including expres-

(LT3

sions such as “bye”, “thank you” and “I am feeling better, thanks”, as
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well as an intention to leave. For each session, the coders also marked
the key phrases, rules, or reasons that indicated or justified their binary
decisions. Each session was coded independently by two coders. High
inter-rater reliability was achieved (Krippendorff's alpha = 95.9%)
(Hayes and Krippendorff, 2007). Disagreements were discussed and
resolved among all four coders (Fig. 3).

2.4. Construction of coding rules

After coding the training set (n = 460), the four coders discussed the
typical examples, common rules, and helpful tips to identify the pre-
mature departure and completed cases. When a rule was identified and
formulated (details below), it was tested and validated manually in the
coding sample to see whether it accurately classified the session, or if
examples counter to the rule were found. If so, the rule was revised or
removed through discussion by the coding team. This process was
repeated until a qualitatively valid model was agreed upon. As a result, a
logic-based pattern matching algorithm was developed based on the
training set, which was further validated on the test set (n = 115).

2.5. Premature departure classification algorithm

We adopt IF-THEN statements to formulate our logic rules. The
proposed algorithm has two layers of rules. Each layer contains a con-
dition and a conclusion. As premature departure by definition describes
the ending of a session, not surprisingly we found that whether a chat
ending was premature or complete could be determined by the content
in the last four message exchanges. Therefore, the last four exchanges of
the session were extracted as the focus for analysis and further rule
development. In the first layer, in accordance with the a priori defini-
tion, the most determining rules were:

1. There was a proper goodbye or thanks signifier in the last four ex-
changes from the user; and.
2. The user mentioned their intention to leave.

If the user mentioned any keywords and phrases that satisfied either
1 or 2, the session was treated as a completed case. Otherwise, the
second layer rules were activated.

The second layer rules were designed to check whether the coun-
selor, in the last four exchanges, proposed to end the chat. The reason
behind this rule is that there were scenarios where users would not stop
chatting unless the counselor proposed to end the session. In our anal-
ysis, we found that counselors would propose to end the session when
they have been chatting with the user for a while and there was no
suicide risk or increased suicide risk indicated during the chat. Under
such circumstances, the counselor would proactively propose to end the
session and suggest the user rest and digest the material covered in the
session. The user can re-enter the service as a fresh session if needed.
Therefore, if the counselor proposed to end the chat when the user was
still active online, the session was classified as a completed case. The
rule in this layer contains three sub-conditions, including:

3. The counselor proposed to end the chat proactively in the last four
exchanges;

4. The counselor's last response time to the user was less than 3 min?;

5. The chat did not end with the counselor's standardized message, e.g.,
“I see you have not responded for a while...”

2 Slow response may trigger the departure of users; this condition is used to
appropriately ensure that the user is still online during the counselor's message.
For this parameter, we tested 1 to 5 min and found that 3-min is the optimal
threshold interval in terms of the model performance as measured by its
weighted average F1 score.
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Sender Message
User The pandemic has caused everyone to work from home. We can't even go to work, but my boss is still
complaining about the lack of progress.
Counselor 1 see, they put unreasonable pressure on you...
And you don't know what can even be done about it.
User I thought about changing jobs, but the current job market is bad.
Counselor I can sense your struggle.
It seems that the pandemic has given everyone a lot of pressure.
User If he were a good boss, then my hard work would be worth it. But he is too demanding.
Counselor I hear you. You wouldn't want to suddenly change jobs, but the work situation has made you unhappy.
User Yes, thank you for listening to my struggles. I have to rest now, bye!
Counselor Ok. Then you go to take a rest first, please feel free to contact us again if you need us~
Counselor Bye bye!
Fig. 1. An ending excerpt of a fictive “completed” session.
Sender Message
User Someone I know died by suicide.
Even though I've only met them once, occasionally my family would talk about them.
Counselor It sounds like this news has affected you quite deeply.
User I'm not sure how to describe my feelings about it.
Counselor This feeling must be hard to describe.

It feels like something has been lost, but it is hard to put it into words.

Are you still here?

It seems that you are busy and have not replied/have left the chat, so I will now end this session. We are
a 24/7 service, feel free to come and chat with us when needed~ :)

Fig. 2. An ending of a fictive “premature departure” session.

Conditions 4 and 5 were used to confirm that the user was still active
online when the counselor proposed to end the chat. If conditions 3, 4,
and 5 were met at the same time, the session was treated as a completed
case; the remaining sessions were categorized as premature departure.
Fig. 4 presents the logical flow chart that depicts the rules. We also
tested an alternative model as a comparison (Fig. B.1, Appendix B) with
additional rules suggested by coders from the initial coding. We
compared the two models' performance (Table B.2) and chose the one
with the higher F1 score as the proposed model.

2.6. Pattern matching with text

Pattern matching with text refers to the task of finding a static
pattern in a text (Amir et al., 2007). Different variants of pattern
matching algorithm have been widely applied to medical text (e.g.,
Menger et al., 2018) and social media text data (e.g., Hung et al., 2016).
For the purpose of this study, pattern matching method was used to
automate and implement the proposed algorithm to the 575 sampled
cases. The algorithm scanned through the last four exchanges between
users and counselors to check the status of different patterns. Fig. C.1 in
Appendix C reports lists of expressions and conditions used in the al-
gorithm shown in Fig. 4, and Fig. C.2 reports the additional expressions
and conditions for the alternative model.

Fig. 5 presents the workflow and details of implementing the pro-
posed algorithm. Four steps were required to implement the algorithm
of detecting premature departure on a large-scale dataset. First, the last

four message exchanges alongside the timestamp and sender's infor-
mation were extracted for pattern matching. Data preprocessing
including removing punctuations and extra space, and splicing senten-
ces into a list of keywords and phrases with the help of jieba® were
implemented. In order to better fit the local cultural and linguistic
context, colloquial words and local slangs were added to the jieba dic-
tionary to optimize the word segmentation. Second, keywords and
complex string matching, and the calculation of the last response time
were carried out to the last four message exchanges. Third, we gather the
results from each layer of the rules from top to bottom to check whether
the classification conditions were met. Last, the binary classification of
premature departure (i.e., “Yes” or “No”) was computed according to the
logical flow of the algorithm presented in Fig. 4 and the alternative
model.

2.7. Model evaluation

Standard metrics of pattern recognition and classification, including
precision, recall, and F1 score, were used for evaluating the model
performance (Sebastiani, 2002; Sokolova and Lapalme, 2009). In our
classification task, we defined premature departure as the positive class
whereas completed cases as the negative class. We used the F1 score of

3 The most widely used Chinese word segmentation module. URL: htt
ps://github.com/fxsjy/jieba.
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Fig. 3. Flow diagram of the progress through coding, algorithm construction,
and evaluation.

the positive class as the desired metric to represent the overall model
performance because, in online emotional support counseling, prema-
ture departure is presumably undesirable and thus practically more
important to flag. The weighted F1 score is also presented as a reference.
Where:

True positive (TP) is an outcome where the model correctly predicts
the positive class;

True negative (TN) is an outcome where the model correctly predicts
the negative class;

False positive (FP) is an outcome where the model incorrectly pre-
dicts the positive class; and

False negative (FN) is an outcome where the model incorrectly
predicts the negative class.

Precision refers to the proportion of correctly classified positive cases
among the classified positive cases (Precision = %,). Recall (equiva-

lent to sensitivity) refers to the proportion of correctly classified positive

TP
TP+FN’*

The F1 score is the harmonic mean of precision and recall (F1 score =
2*%) and the weighted F1 score is a variant of F1 score which
calculates metrics for each label and finds their average weighted by

support (the number of true instances for each label), Fueighted average =

cases among all positive cases (Recall =

Internet Interventions 26 (2021) 100486

Flpositive_cases*C14-Flnegative_cases*C2

£ [GEYe)] £ . Where Flpositive_cases and Flpegative_cases are

the F1 score for premature departure cases and completed cases, and C1

and C2 are the number of instances in premature departure cases and
completed cases.

2.8. User satisfaction and service outcomes

Upon exiting the service, Open Up users were automatically invited
to fill out a post-service survey. Among the 34,821 valid sessions, 3598
(10.3%) filled out the survey. Three questions were used to indicate
distress reduction, service outcome and user satisfaction. For the first
two questions, “How do you feel now compared to before the conver-
sation?” and “How much do you think this service has helped you?”,
participants responded using a 5-point Likert-scale, ranging from 1 =
very bad and not helpful at all, to 5 = very good and very helpful. For the
third question, “Would you recommend our service to a friend in need?”,
the respondents answered yes, no, or not sure. In our analyses, we only
compared the yes and no responses. Comparisons in sample character-
istics and user satisfaction for premature departure and completed
groups were compared using chi-square test and t-test.

3. Results
3.1. Model effectiveness

The identification model achieved high precision and high recall
towards both completed cases and premature departure cases on the
training set (Table 1), indicating that the proposed algorithm can
accurately replicate the decision of the human coders on premature
classification. The model also achieved a 92% F1 score for premature
departure cases in the test set. This demonstrated that the model is
robust and applicable to new data.

3.2. Validation of premature departure with service outcomes

We applied the algorithm to all 34,821 sessions from the dataset. The
model classified 15,150 (43.5%) sessions as premature departure, while
the remaining 19,671 (56.5%) were classified as completed sessions.
Table 2 reports the characteristics of completed cases and premature
departure cases, and their comparison. The premature departure cases
were shorter in length compared to completed cases in terms of words
per message, number of messages, number of exchanges, and durations
in minutes.

Table 3 reports the relationships between premature departure and
willingness to fill the post-chat survey. Only 604 (4.0%) users from the
sessions classified as premature departure filled out the post-chat sur-
vey, whereas 2994 (15.2%) users in completed sessions did so. Chi-
square test revealed that completed cases were more likely to fill the
post-chat survey than premature departure cases, y2(1, N = 34,821) =
1165.68, p < .001 (Table 3).

Table 4 summarizes the results of comparisons between premature
departure sessions and completed sessions on user satisfaction. The re-
sults showed that satisfaction among completed cases was significantly
higher than premature departure cases across all three indicators. The
effect size of differences between the two groups ranged from small to
large.

4. Discussion

Abrupt ending in online text-based counseling sessions is an under-
studied phenomenon with important implications. To our knowledge,
this is the first attempt to define and systematically detect users' pre-
mature departure. In this study, we proposed and validated a model that
combines logical rules and pattern matching techniques to classify
premature departure using a large database of transcripts from an online
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Valid cases

Last four exchanges contained 1 or 2:

(or equivalent) from the user
2. Intention to leave from the user

N

Completed

y

Completed

1. “Goodbye,” “thanks,” or “feeling better”

ast four exchanges contained 3 and 4 and 5:
3. The counselor proposed to end the chat
4. The counselor's last reponse time was less than 3 minutes
5. The chat did not end with the counselor's standardized
essage e.g., I see you have not responded for a while..,. >

Internet Interventions 26 (2021) 100486

A 4

Premarture
Departure

Fig. 4. The architecture of the premature departure detection framework.

text-based counseling service. The optimal model achieved 97% and
92% F1 score in detecting premature departure cases on the training and
test sets, respectively. This level of accuracy affords good confidence
that premature departure can be retroactively detected using an algo-
rithm. Furthermore, the performance of the proposed model also pro-
vides a benchmark for similar classification tasks in other comparable
services. The post-service survey data suggest premature departure
tends to be associated with lower user satisfaction. Thus, our model
provides a means to capture premature departure and, in turn, under-
stand user experience and potentially mitigate risk, and evaluate and
improve service quality.

Given its service volume and the inherent ambiguity of the user's
presence, it is not feasible for frontline counselors of online text-based
counseling to annotate each session for premature departure in real-
time. The proposed model can assist counselors or program evaluators
in making the assessment and potentially help them identify reasons for
premature departure. Such classification can be useful for various
downstream tasks, such as service evaluation. Premature departure
might, for example, signify user dissatisfaction, which is not easily
discernible due to the service's anonymity, ease of access (and exit), and
text-based nature. Scholars have proposed alternative methods of ser-
vice evaluation, such as the retroactive coding of user experience. For
example, Mokkenstorm et al. (2017) adapted the Crisis Call Outcome
Rating Scale, which includes items on user expression of gratitude or
being understood by the counselor (Bonneson and Hartsough, 1987).
However, this method can be labor-intensive, as human coders would
need to assess multiple aspects of each session. Given the current result,
premature departure can be detected using a simple logic decision
model. We have also shown that it can be automated with a high level of
accuracy. This model marks a significant pioneering contribution in the
clear classification of online counseling session endings.

This study has significant theoretical and practical implications.
Theoretically, this study furthers the definition and operationalization
of the ubiquitous premature departure phenomenon in text-based
counseling services. While the literature on treatment termination and

adherence is sizable, they do not directly inform premature departure in
the online text-based context because 1) there is often no set appoint-
ments or session duration, 2) the user may be multitasking, and 3) there
are fewer non-verbal cues. These contextual differences pose additional
challenges in understanding when and why a service user might depart
from a session without a clear closure or even signaling the exit.
Informed by previous work on treatment termination and our current
study, we maintain that premature departure is a behavior that poten-
tially reflects and conveys valuable information about the user's expe-
rience with, and attitudes towards, the service. Practically, in addition to
self-report outcomes (e.g., post-chat survey) and in-text explicit
expression of satisfaction, premature departure can be treated as an
outcome variable with which the user's impression of the service or risk
level can be inferred. As such, it can be a starting point for exploring
factors that influence users' experience. Researchers can, for example,
use this outcome as a means to develop strategies that would help
improve the quality of the session by bringing upon a proper closure.

Also, as premature departure was found in our study to reflect users'
experience of the service, it can be used to help improve the service. For
example, services can strive to develop and adopt good practices that
aims to reduce the rate of premature departures and, by extension,
improve the effectiveness of the service.

Model simplicity and results accuracy are often two desired out-
comes in classification. They usually do not go hand-in-hand, however.
A tradeoff between them is needed. How to choose the optimal model is
subject to the aim and characteristics of the specific task. In some
complex and scattered contexts, such as detecting suicide risk in the
online counseling service, complex models may capture more informa-
tion or latent features than simple models. Xu et al. (2021), for example,
showed that knowledge-aware neural networks can adequately detect
users who are at risk and outperformed baseline Natural Language
Processing models. However, in simple and general contexts such as
comparing similarity between two text documents (Arts et al., 2018) or
sentiment analysis for product review contents (Indhuja and Raj, 2014),
simple methods such as logic-based rules and text matching can also
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Fig. 5. Diagram depicting the implementation of the proposed algorithm.

achieve sufficiently satisfying results. In our preliminary investigation of
premature departure, we found that prematurely departed cases display
very distinct patterns and logics. This led us to choose and test the simple
method. Evidently, the current results validate our observation and the
derived hypothesis.
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expressions and apply the model to the targeted context.

Further research can consider the following directions. First, in our
study, we used the last four exchanges to build the model. There is a
possibility that premature departure is a cumulative process with earlier
signifiers. Using the full session may provide further insights on the
topic. Second, while we opted for a simple solution in solving the
identified classification problem, more complex methods with sophis-
ticated text transformation and feature extraction such as word
embedding, and complex architecture of models such as deep learning
algorithms might be more appropriate in other contexts or when the
classification problem warrants them. Third, building on our current
model, future studies can investigate the association between premature
departure and other variables to help explain and predict factors that
may influence different session endings and, by extension, session effi-
cacy or quality. This study used a dataset from a synchronous service but
premature departure might also be relevant and important to asyn-
chronous services. Future studies can consider modifying our model to
fit such contexts and test its efficacy.

This study has several limitations. First, the model was developed
primarily on spoken Cantonese linguistic patterns. Whether the model
can also be effective in other languages needs further testing. None-
theless, the proposed methodology itself is likely applicable to other
text-based services and can be easily extended or transferred to other
languages and cultural contexts.

Other online health providers can readily build and test their own
models based on ours. Second, the data came from a service that was
designed for youth and young adults aged 11 to 35 years. Whether the
proposed model can work well for other age groups with different
communication styles and norms warrants further exploration. Third,
given the anonymous accessibility of the platform, there are many
possible external factors, such as the unstable internet connection or
sudden urgent matters, that may account for a portion of premature
departures. We asserted and tested that at least a portion of premature
departure is due to internal factors, such as risk or failing to meet the
user's needs. This should be further investigated by future studies.
Finally, although we found that those who prematurely departed were
also less satisfied with the service, further work is needed to verify this
relationship due to the low response rate in the post-service question-
naire, which, as reviewed above, is not uncommon in the evaluation of
online services.

Table 2
Other notable contributions of the proposed model are its trans- Characteristics of completed case and premature departure cases.
parency and reproducibility. One of the major concerns in deep learning —
1 hine 1 . leorithms is that th 1v a “black Characteristics Completed Premature p-
or comp fzx machine learning algori ‘ Ir}s is that they are usually a ' a'c n=19,671 departure value
box”, which renders them not only difficult to comprehend and optimize (56.5%) n = 15,150
(Watson et al., 2019) but also hard to be replicated (Toh et al., 2019). To (43.5%)
tackle these problems, this study adopted the rule-based model Mean duration (min:s (SD)) 59:53 (38:01) 41:39 (33:02) <.001
approach, which has a relatively high level of interpretability and fa- Mean number of exchanges (SD) ~ 49.4 (33.4) 25.5 (25.3) <.001
cilitates the possibility of transfer learning because it can be easily un- Mean number of messages (SD) ~ 87.3 (62.0) 45.1 (45.2) <.001
derstood, and readily modified and transferred to other similar contexts. Mean number of words per 8.8 (10.9) 8.3 (10.7) <.001
. . . . L. message (SD)

That is, one can modify the layers of rules or enrich the dictionary of
Table 1
The performance of the premature departure classification algorithm on the training set and the test set.

Case label Training set Test set

n Precision Recall F1 score n Precision Recall F1 score

Completed 264 0.97 0.98 0.98 63 0.95 0.92 0.94

Premature Departure 196 0.97 0.96 0.97 52 0.91 0.94 0.92

Total 460 0.97¢ 115 0.93°

# Weighted F1 score.
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Table 3
Cross tabulation of premature departure and post-chat survey filling.
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Post-chat survey filled Case label Pearson Chi-square p-value Cramer's phi
Completed (%) Premature departure (%) All
Yes 2994 (15.2%) 604 (4.0%) 3598 1165.68 <.001 0.18
No 16,677 (84.8%) 14,546 (96.0%) 31,223
Total 19,671 15,150 34,821
@ Percentage conditional on total predicted cases.
Table 4
User satisfaction from the post-session survey.
Category Case label n Mean SD SE 95% CI p-value Cohen’s d
“How do you feel now compared to before the conversation?” Completed 2949 4.11 0.78 0.01 4.08 4.14 <.001 —0.83
Premature departure 590 3.41 1.14 0.05 3.31 3.50
“How much do you think this service has helped you?” Completed 2907 3.72 0.98 0.02 3.68 3.76 <.001 —0.79
Premature departure 577 2.89 1.29 0.05 2.79 3.00
Category Case label n Yes No p-value Cramer's Phi
“Would you recommend our service to a friend in need?” Completed 2129 2034 95 <.001 0.26
Premature departure 350 268 82
Total 2479 2302 177
5. Conclusion References

In online text-based counseling services, the lack of a predetermined
session duration is both an advantage for its flexibility and a limitation
for its possible abrupt termination. Our study offers a novel logic-based
pattern matching decision model to help accurately detect cases of
premature departure, which in turn was found to be negatively associ-
ated with user satisfaction and outcomes. Because a prematurely
departed user might be at heightened risk, our model is one step forward
to help systematically and cost-effectively identify such incidents. The
method proposed is transparent and highly reproducible, which can be
readily modified and transferred to other similar contexts. A better un-
derstanding of premature departure can help to improve the efficiency
and effectiveness of the text-based counseling service. This study pre-
sents a first important step towards that direction.
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