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Trust is a crucial factor for effective conversational mental health agents. However, the unpredictability of
language models and the lack of standardized development practices are making the agents easily produce
conversational errors, which reduces users’ trust. Frequent reflection of user feedback is an effective way to
iteratively find out and address these errors. Though the concept of continuous feedback is widely adopted
in software engineering and DevOps practices, feedback collection and reflection are not well supported in
current conversational agent ecosystems. In this study, we present a case study of integrating user feedback
into the workspace that the conversational designers and domain experts both use, within a context of a
two-week beta test of mental health agent. We introduced a tool for logging and presenting feedback and
suggested two findings from this case about the development task management and inspection of domain
experts.
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1 INTRODUCTION
Digital mental health interventions are expected to address mental health needs, because they can
require low cost, overcome the place limit, reduce burden of therapeutic institutes and experts, and
avoid problems emerging from stigma[1, 9]. Conversational agents have benefits compared to more
traditional forms of digital mental health interventions such as digital workbooks because their
interactivity can lead to more engagement[3]. For these mental health agents, trust is the factor
that should be established for more therapeutic effect. Losing trust towards the agents reduces
users’ motivation, which leads to less effectiveness. In this paper, we focused on the trust in mental
health agents related to the perceived competence of the agents that is collaboratively built by
users, developers, and domain experts.

However, conversational agents can lose this trust by producing errors in conversation[10]. Myers
et al.[8]’s observation of voice agent usage shows common errors that users of conversational
agents can encounter. Their categorization consists of four obstacles: users’ unfamiliar intents
not fitting agent capabilities, NLP errors leading to misinterpretation and misclassification of
user utterances, agent’s failed feedback not well captured to the user, and system errors such as
unexpected behavior of cancel intents.

Reducing these errors is not easy. The innate unpredictability of machine learning technologies
makes it difficult to develop robust agents. Both NLU (Natural Language Understanding) and
response generation are sources of unpredictable results which are hard to deal with. Also, the
lack of a common understanding of interaction models for conversational agents causes faults.
Heo and Lee[4] framed this lack as a discrepancy between the ‘form’ model, which is a classic
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interaction model consisting of fixed input areas, and the ‘flow’ model, which requires recognition
of user intents and entities (information to collect) from users’ free responses. In the flow model,
understanding its own design patterns is required to properly address the flexibility of user input.
However, users and most practitioners, including conversational designers and domain experts,
lack this understanding, and there are no standardized practices. With this lack, many unpredicted
errors can be found in the phase of release and deployment, which increases a need for actively
reflecting user feedback.

To build a successful mental health agent, frequent reflection of feedback from users is an effective
practice. The case of a mental health agent designed for older adults [7] showed how continuous
feedback helps build successful practice using conversational agents. In this case, the users initially
had difficulties engaging with the agent, reporting a perception of inconsistent answers from the
agent. The researchers continuously checked the user feedback by conducting regular check-in
calls and found out that they did not articulate replies in a way that the agent could understand;
they added unnecessary words and used complex forms, but the agents only understood simple
utterances. Based on this feedback, the research team later deployed educational materials and held
a workshop, thereby achieving high user engagement and willingness to use the agent more.
In the software engineering field, the philosophy of DevOps advocates integration of develop-

ment and operation, which facilitates fast development cycles with continuous delivery and rapid
refinements by learning from end users[5, 6]. As a part of DevOps practice, a lean reflection of user
feedback can contribute to trust-building by facilitating fast development cycles for addressing the
reported conversation errors. The current DevOps ecosystem of conversational agents supports the
collection of user feedback with conversational contexts in a database, such as Google BigQuery[2].
However, there is a gap among the tons of feedback from users, the inspection of domain experts,
and translation to technical development tasks that would be addressed by developers. In the
current conversational agent development process, it is difficult to reflect immediate feedback from
users.
In this study, we present a case study of continuously collecting and reflecting user feedback

during the development of a mental health conversational agent. The team consists of HCI re-
searchers with computer science backgrounds where the first author was mostly developing the
agents and two mental health experts who designed the intervention scenario. Prior to deploying
the conversational agent for evidence-based mental health intervention, we conducted a beta
test with 10 users recruited from the campus. We developed a tool to support getting continuous
feedback from users with the conversation context, which is integrated with a workspace for task
management that is collaboratively used by the developers and mental health experts. By observing
this case, we suggest implications for collecting and reflecting feedback in conversational agent
development involving domain experts.

2 CASE OVERVIEW
Before the study, we first identified the stakeholders’ needs through informal interviews among
team members to design a tool for continuous feedback. The conversation designers wanted to
collect and manage the comments from users during the beta test period. They also reported a
need for utilizing the agent version and other related information of the conversation to iterate
the agent and inspect the improvement of each version. Mental health experts wanted to improve
the intervention content and examine the impact and quality of conversation for users through
comments.
Based on the identified needs, we designed a system to be used in the beta test of the agent

for two weeks. Each user was requested to engage with the agent three times per day and leave
comments while using the agent.
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Fig. 1. The overview of an interactive comment system and related users.

As shown in Fig. 1, our system consists of the conversational agent and the interactive comment
tool. The conversational agent, built on Google’s Dialogflow CX platform, logs user inputs and
related conversational context into our own database in MongoDB. The interactive comment tool
consists of the extraction program and the comment view page. In detail, the extraction is done
by the Python program which takes logs from the database, extracts predefined attributes from
the raw data, and makes a CSV file as output. This CSV file is effortlessly copied and pasted to the
comment page daily by a research team member. The comment page was implemented in tabular
form in Notion, a web workspace which can be used for managing development tasks as shown in
Fig.2.

In the comment page, predefined attributes are extracted and presented as follows. The attributes
‘userID’, ‘timelog’, ‘sessionID’, ‘version’, and ‘comment’ are recorded as the feedback of each user
and related information. The attributes for conversational context consist of the details of the dialog
state machine including the current ’flow’ (a unit of a single state machine in Google Dialogflow
CX, which is mapped to each intervention scenario in our case) and the ’page’ (a single state).
‘Hyperlink’ shows links to the conversational context including the full dialogue. The ’comment
category’, which helped us code issues and set priorities, was iteratively designed. Initially, the
designers manually inspected the comments during the first week but it was time-consuming.
Consequently, we created predefined categories from past issues, allowing users to categorize their
comments accordingly. The researchers could leave comments about the specific user feedback in
the ‘researcher comment’ attribute.

3 FINDING 1: USER FEEDBACK AS A SOURCE OF INFORMATION FOR DEFINING
AND PRIORITIZING DEVELOPMENT TASKS

The system helped us set and rank development tasks. Using the presented system, we conducted
meetings utilizing dialog histories and user feedback and collaboratively planned scenario change
and technical developments. The qualitative feedback from users conveyed rich expression of user’s
perceptions, which provided a better understanding to the developers and domain experts. Also,
the development team could review and mark (e.g., not started / in progress / done) the comments
in the task management workspace.

In the future, we need to investigate ways to automatically interpret users’ qualitative feedback
on conversational agents. When the deployment becomes larger, massive qualitative feedback will
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Fig. 2. The comment viewer of the developed interactive comment tool.

not be feasible to manually handle. It is reasonable to expect that the recent progress in natural
language processing will enable extraction of comprehensive information from massive qualitative
feedback.

4 FINDING 2: DOMAIN EXPERTS ARE ENCOURAGED TO INSPECT THE AGENT FROM
THE USERS’ POINT OF VIEW

The mental health experts (domain experts) want to check whether the agent works as intended
and collaboratively develop the agent so that they can trust it. In our case, the transformation from
a raw database to a user-friendly task management tool encouraged the engagement of domain
experts to inspect the user comments. For example, using the system, an expert in our team found
that users feel bored when they perceive the repetitive elements of the agent. Nevertheless, she
thought that doing similar interventions routinely is needed as a part of psychotherapy. Thus, she
proposed the need for more guidance and education about counseling to address user needs and
still preserve the meaning of counseling.
In our case, mental health experts could get feedback from users, but the communication was

one-way. In the future, facilitating two-way communication between users and experts, such as
affording direct replies to users’ comments, will improve user satisfaction and provide a richer
understanding of what users think.
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