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Abstract
Background: Case formulation (CF) is a core skill for therapists; however, creating high-quality CFs requires considerable
time.
Objective: This study aims to demonstrate that providing a knowledge graph based on meta-analytic literature can enhance
CF quality.
Methods: Five groups were established, including 4 large language model groups and 1 human expert group, each generating
25 CFs based on 25 vignettes. The control group with Claude (Sonnet 3.7; Anthropic) produced 25 CFs. The personalization
group served as the control group with additional personalization prompts. The knowledge graph group used a large language
model that generated 25 CFs, which was provided with a meta-analysis knowledge graph. Further incorporation of additional
personalization prompts then comprised the knowledge graph with personalization group. Finally, the expert group consisted of
25 CFs generated by a human expert. These 125 CFs in total were evaluated for general quality (ie, correctness, completeness,
feasibility, and consistency) using a 7-point scale and 18 essential elements with binary scores (0 or 1) by another human
expert. The CFs were also qualitatively analyzed.
Results: The knowledge graph and knowledge graph with personalization groups scored significantly higher than the control
group in terms of correctness, completeness, and feasibility. The expert group scored significantly higher on consistency than
the machine-generated groups. Additionally, there was no significant difference in the feasibility scores among the knowledge
graph, knowledge graph with personalization, and expert groups. The qualitative evaluation suggested that human CFs narrow
the text to content that is easy for the client to read, whereas machine CFs are more likely to include expressions that are
unnatural to the client.
Conclusions: These results indicate that providing knowledge graphs to novice therapists increases the correctness, complete-
ness, and feasibility of CF. Providing experienced therapists with knowledge graphs is suggested to improve the quality of their
CF and mental health services.
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Introduction
Case formulation (CF), or case conceptualization, is a
hypothesis collaboratively developed by the therapist and the

client to address the client’s psychological difficulties [1,2].
It influences both the choice of therapeutic approach [3]
and treatment outcomes [4]. CF is a core skill for thera-
pists [5]; however, extensive training is required to develop
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high-quality CF [6]. CF involves not only the diagnosis of
mental disorders but also the comprehensive assessment of
the client’s psychological difficulties and associated risks [7].
Consequently, it is a time-consuming process, with previous
research indicating that the development of a single CF
requires an average of approximately 52 minutes [8]. In
recent years, the automated generation of CF through a large
language model (LLM) has been used as an auxiliary tool
for therapists to create high-quality CF. It has been suggested
that by using this CF, therapists can produce high-quality
CF within a relatively short training period [1]. This study
demonstrates that by incorporating the collection of meta-
analysis evidence as a knowledge graph into LLM [9,10],
a high-quality CF can be generated. High-quality CF could
serve as an auxiliary clinical tool for therapists to develop
their CF skills [11].

The theoretical model of this study is an evidence-based
CF model [12], which emphasizes the incorporation of

findings from previous research—that is, evidence—into
CF. Evidence-based CF is currently considered the most
reasonable approach [13]. Although therapists understand the
importance of citing evidence, it has been pointed out that,
in practice, CF is conducted without using evidence because
of the time-consuming nature of literature searches [14].
However, theoretically, evidence-based assessments and CFs
refine CFs and gradually improve their quality. [15].

Knowledge graphs are used to retrieve evidence collec-
tions. A knowledge graph is a network that systematically
connects various pieces of knowledge [16] and represents
them in a graph structure (Figure 1); knowledge graphs have
been constructed from clinical trials [17], medical records
[18], and research papers [16]. Decision-making for therapists
can be supported by such knowledge graphs [19]. Further-
more, by incorporating a knowledge graph into the LLM,
more accurate diagnoses [10] and higher-quality diagnostic
report generation [9] become possible.

Figure 1. Examples of nodes and edges in a knowledge graph based on meta-analytic studies of parenting stress.

Based on previous findings [9,10], as well as the premise that
an accurate diagnosis is an essential component of high-qual-
ity CF [20], it is posited that augmenting an LLM with a
knowledge graph would result in the generation of high-qual-
ity CF. Furthermore, CF is personalized through collaboration
with the client [21], and personalized CF has been suggested
to be more effective in treatment than nonpersonalized CF

[4]. Based on these previous studies, this study also investiga-
ted the personalization of CF.

As indices of CF general quality, 4 indicators (ie,
correctness, completeness, consistency, and feasibility) that
were used in previous research [1] were used. In addition,
as an index of the individual components of CF, 18 key
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components derived from previous research [2] were used to
examine their presence or absence. Moreover, a qualitative
evaluation was conducted to examine CFs from multiple
perspectives [22]. Standardized evaluation metrics for CF
were not used in this study because their reliability and
validity have not yet been sufficiently established [23].

The hypotheses of this study are as follows: the LLM
augmented with both the knowledge graph and personaliza-
tion (knowledge graph and personalization group) is expected
to generate a higher-quality CF than an LLM with no
augmentation (control group). For comparison, this study also
created a group with an LLM augmented with a knowledge
graph only (knowledge graph–only group), a group with an
LLM augmented with personalization only (personalization-
only group), and a group of human therapists (expert group).

Methods
Construction of 25 Vignettes
Clinical psychologist A, who is the sole author of a book
on CF in family therapy [24], created 25 fictional parent-
ing stress vignettes. Various episodes were extracted from
parenting blogs on Ameba Blog, a popular blogging platform
in Japan [25]. Each episode was summarized after removing
personal information and commercial content (prior confirma-
tion was obtained from the administrators of the Ameba Blog,
indicating there were no issues with such usage). An example
of a vignette is shown in Textbox 1. Two additional fictional
parenting stress vignettes were created using the same method
as that used for the preliminary datasets in order to develop
the evaluation criteria.

Textbox 1. Example of a vignette.
I’m in my 40s, raising my first son born in 2018 and my second son born in 2020 who has autism and severe intellectual
disability. I'’ve been completely exhausted from caring for my second son and have been seeing a psychiatrist. Recently,
when I consulted with Child Protection Services about short-stay respite care due to parental fatigue, unexpectedly my
second son was taken into temporary protective custody the very next day.
Initially, I just wanted to communicate that I was at my limit with exhaustion and needed temporary childcare. However, as
I explained my situation in detail, I ended up confessing that I had been so desperate that the terrifying thought, "“Would
I feel relief if I killed my child...." had crossed my mind. I also mentioned that I had run out of my prescribed medication.
This became a serious issue, and protective custody was decided that same day.
When I explained the situation to my husband, I thought he would be angry, but he just quietly cried. Seeing him like that, I
felt overwhelmingly guilty. I realized I had caused a terrible situation.... I felt so sorry for my second son as well.
About a month after my son was taken into protective custody, discussions about ending the protection finally began. The
conditions include arranging visiting nurses and helpers for me, and most importantly, securing regular short-stay respite
care. However, although the city office had told us that finding short-stay facilities was the parents'’ responsibility, it turned
out this should have been handled by the consultation service office. The city office’s incorrect information was one factor
that led to this situation.
Currently, nearby facilities are full, and we'’re searching for short-stay options throughout the entire prefecture. I understand
there may be criticism for writing this blog, but I hope my experience can be helpful to others in similar situations, so I plan
to continue sharing my story.

Construction of the Knowledge Graph
Semantic Scholar [26] was used to search for research
studies related to the following 10 phrases: “maternal anxiety
meta-analysis,” “parental anxiety meta-analysis,” “maternal
depression meta-analysis,” “parental depression meta-analy-
sis,” “autism spectrum disorder parenting meta-analysis,”
“attention deficit hyperactivity disorder parenting meta-anal-
ysis,” “developmental disorder parenting meta-analysis,”
“intellectual disabilities parenting meta-analysis,” “parenting
child with chronic illness meta-analysis,” and “parenting child
with chronic medical problem meta-analysis.” Up to 500
studies were retrieved per phrase, resulting in a total of 4251
studies. Subsequently, duplicate studies based on the article
IDs were removed. Additionally, studies whose titles did not
include both “meta” and “analysis” were excluded, resulting
in 2233 selected studies. Finally, studies without available
abstracts were excluded, leaving 1544 studies. The text used
in the titles and abstracts of these studies (410,654 words)
served as the corpus for constructing the knowledge graph.

Next, each sentence within this corpus was translated
into relational data for the knowledge graph using an LLM
called Claude (Sonnet 3.5; “Claude-3‐5-sonnet-20240620”;
Anthropic) [27], which has been frequently used in clin-
ical contexts [28]. The relational data in a knowledge
graph explicitly indicates the relationships between entities.
For example, the sentence “Parent Distress was positively
associated with their Child Distress” translates into rela-
tional data as “[Parent Distress] -[:ASSOCIATED_WITH]->
[Child Distress],” illustrating 2 entities and their connecting
relationship. This resulted in the extraction of 7740 entities
and 2348 relationships. The constructed knowledge graph is
depicted in Figure 1, where individual nodes represent entities
and the edges connecting these nodes represent relationships.
Knowledge graphs have also been used in clinical contexts
[19].
Generation of CFs Across 5 Groups
First, for the control group, an LLM named Claude (Son-
net 3.7; “Claude-3‐7-sonnet-20250219”) [27], which has also
been used in clinical contexts [29], was used with a basic
prompt. It read the 25 vignettes (Textbox 1) and generated 25
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CFs (Figure 2). Next, the personalization group incorporated
a personalization prompt into the basic prompt; otherwise,
the procedure was identical to that of the control group
(Figure 2). For the knowledge graph group, the Japanese
text was translated into English via Claude (Sonnet 3.7),
and the previously constructed knowledge graph was queried
using this translated English text. Based on prior studies
[30,31], the similarity threshold was set at 0.9. Clinical
psychologist A also judged the literature citations retrieved
using this threshold to be appropriate. Relationships with
similarity scores exceeding 0.9 between the English senten-
ces and the relational data were extracted, compiled, and
summarized as prior study findings (Table S1 in Multimedia

Appendix 1). These findings were used for the knowledge
graph group. Additionally, the knowledge graph group used
a knowledge graph prompt alongside the 25 vignettes to
generate 25 CFs (Figure 2). In the knowledge graph and
personalization groups, a personalization prompt was added
to the knowledge graph group’s prompt. Otherwise, the
procedures matched those of the knowledge graph group.
Finally, clinical psychologist B, a human expert who has
presented as a symposium speaker on CF in family therapy
[32], read basic prompts, excuse prompts, and 25 vignettes,
and then generated 25 CFs (Figure 2). Each of the 5 groups
performed 25 CFs for the 25 vignettes, producing 125 CFs
(5×25).

Figure 2. Comparison of prompts, input, and output across 5 groups.

Evaluation of CFs
Clinical psychologist C, a Japanese expert who validated the
assessment tools for stepfamilies in Japan [33], evaluated the
previously created preliminary datasets (2 vignettes) across
the 5 groups. These expert CFs were conducted only for
the preliminary datasets by clinical psychologist A, rather
than by clinical psychologist B, and were not used in the
main evaluation of the 25 vignettes. The evaluation crite-
ria consisted of 4 items assessing the general quality of
CFs (on a 7-point scale) [1] and 18 items evaluating key
components (presence or absence, coded as 0 or 1) [2].
Based on this evaluation, clinical psychologist A suggested

adjustments to ensure broader variability in general quality
scores and recommended broadly defining the presence of the
18 key components. Clinical psychologist C agreed with these
recommendations. Using these criteria, clinical psychologist
C evaluated the 125 CFs, which were presented randomly to
ensure that clinical psychologist C remained unaware of the
group assignments, thus ensuring a single-blind condition.
Statistics
A one-factor ANOVA was performed to determine the effects
of the 5 groups on the quality of the CF. The Tukey multiple
comparison test was used for comparisons between groups.
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Ethical Considerations
This study did not involve experimental participants, nor
did it include personal data; therefore, an ethical review of
personal data was not required.

Results
Comparison of Text Style Among the 5
Groups
Before testing our hypotheses, we compared the length of the
CF texts across the 5 groups (Table 1). As shown in Table 1,

the number of characters in CFs produced by human experts
was significantly lower than that of the 4 LLM conditions.
Although the evaluator was blinded to the source of each
CF, it is possible that the evaluator inferred human author-
ship based on text length. Therefore, the results should be
interpreted with caution.

Table 1. Comparison of sentence structure, general quality, and individual key components of the 25 case formulations across the 5 groups. The
significant differences in evaluation indicators were confirmed by multiple comparisons using the Tukey test.

Control, mean
(SD)

Personalization,
mean (SD)

KGa, mean
(SD)

KG_Pb, mean
(SD)

Expert, mean
(SD)

Statistics
F test (df) P value

Sentence structure
  Number of charactersc 885.4 (143.1) 1002.3 (142.6) 1040.2 (135.0) 1218.8 (155.1) 542.0 (182.2) 68.01 (4, 120) <.001d

General qualities
  Consistencye 5.36 (0.81) 5.72 (0.46) 5.64 (0.49) 5.80 (0.50) 6.20 (0.91) 5.28 (4, 120) .001d

  Correctnessf 4.56 (0.77) 5.16 (0.99) 5.96 (0.73) 6.00 (0.91) 5.12 (1.01) 11.88 (4, 120) <.001d

  Completenessg 4.60 (0.76) 5.28 (0.74) 6.12 (0.60) 5.92 (0.91) 4.32 (0.90) 24.95 (4, 120) <.001d

  Feasibilityh 4.76 (1.01) 5.32 (0.56) 5.48 (0.51) 5.56 (0.92) 5.12 (0.88) 4.00 (4, 120) .004i

Individual key components
  List of problems 0.04 (0.20) 0.04 (0.20) 0.08 (0.28) 0.16 (0.37) 0.12 (0.33) 0.84 (4, 120) .51
  Sociocultural factors 0.04 (0.20) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 1.00 (4, 120) .41
  Tailored language and metaphors 0.08 (0.28) 0.36 (0.49) 0.20 (0.41) 0.08 (0.28) 0.12 (0.33) 2.60 (4, 120) .04j

  Perpetuating factors 0.04 (0.20) 0.00 (0.00) 0.00 (0.00) 0.08 (0.28) 0.04 (0.20) 0.89 (4, 120) .47
  Protective factors 0.44 (0.51) 0.28 (0.46) 0.36 (0.49) 0.44 (0.51) 0.36 (0.49) 0.47 (4, 120) .76
  Personal meaning 0.16 (0.37) 0.08 (0.28) 0.08 (0.28) 0.08 (0.28) 0.04 (0.20) 0.59 (4, 120) .67
  Accessible languagek 0.64 (0.49) 0.76 (0.44) 0.80 (0.41) 0.64 (0.49) 1.00 (0.00) 3.27 (4, 120) .01j

  Physiological effects 0.00 (0.00) 0.00 (0.00) 0.04 (0.20) 0.08 (0.28) 0.00 (0.00) 1.37 (4, 120) .25
  Organic causes 0.08 (0.28) 0.04 (0.20) 0.08 (0.28) 0.16 (0.37) 0.04 (0.20) 0.80 (4, 120) .53
  Recent history 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) —l —
  Coping strategiesm 0.44 (0.51) 0.36 (0.49) 0.52 (0.51) 0.32 (0.48) 0.04 (0.20) 4.07 (4, 120) .004i

  Maintenance patterns 0.08 (0.28) 0.00 (0.00) 0.08 (0.28) 0.08 (0.28) 0.12 (0.33) 0.71 (4, 120) .59
  Relationship dynamics 0.28 (0.46) 0.20 (0.41) 0.32 (0.48) 0.28 (0.46) 0.32 (0.48) 0.29 (4, 120) .89
  Strengths and achievements 0.72 (0.46) 0.72 (0.46) 0.80 (0.41) 0.68 (0.48) 0.68 (0.48) 0.29 (4, 120) .89
  Childhood history 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) — —
  Cognitive schemas 0.04 (0.20) 0.00 (0.00) 0.00 (0.00) 0.04 (0.20) 0.08 (0.28) 0.89 (4, 120) .47
  Meaning makingn 0.20 (0.41) 0.48 (0.51) 0.24 (0.44) 0.36 (0.49) 0.12 (0.33) 2.59 (4, 120) .04j
  Perceived support 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.04 (0.20) 0.04 (0.20) 0.75 (4, 120) 0.56

aKG: knowledge graph.
bKG_P: knowledge graph with personalization.
c“Control < expert: P<.001; control < KG_P: P=.004; expert< KG: P<.001; expert < KG_P: P<.001; expert < personalization: P=.006; and KG_P <
personalization: P<.001.
d***P<.001.
eControl < expert: P=.002 and KG < expert: P=.03.
fControl < KG: P<.001; control < KG_P: P<.001; expert < KG: P=.01; expert < KG_P: P=.006; personalization < KG: P=.02; and personalization <
KG_P: P=.01.
gControl < KG: P<.001; control < KG_P: P<.001; control < personalization: P=.02; expert < KG: P<.001; expert<KG_P: P<.001; expert <
personalization: P=.003; personalization < KG: P=.002; and personalization < KG_P: P=.04.
hControl < KG: P=.02 and control < KG_P: P=.005.
i**P<.01.
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j*P<.05.
kControl < expert: P=.02 and KG_P < expert: P=.02.
lNot applicable.
mExpert < control: P=.02” and “expert < KG: P=.003.
nExpert < personalization: P=.04.

Evaluation of the General Quality of CF
The general quality of CF was evaluated (Table 1).
Regarding consistency, the expert CFs showed significantly
higher scores than the machine-generated CFs (Figure 3A).
Regarding correctness, both the knowledge graph group and
the knowledge graph with personalization group demonstra-
ted significantly higher scores than the control group (Figure
3D). Surprisingly, the correctness scores of the knowledge
graph and knowledge graph with personalization groups were
significantly higher than those of the expert group (Table 1).
Similar results were confirmed for completeness, indicating
that both the knowledge graph group and the knowledge
graph with personalization group had significantly higher

completeness scores than the control group (Figure 3C). The
completeness scores of these 2 groups were also significantly
higher than those of the expert group (Table 1). Regard-
ing feasibility, the knowledge graph group and the knowl-
edge graph with personalization group showed significantly
higher scores than the control group (Figure 3B). However,
there was no significant difference in feasibility between
the 2 groups. These results suggest that the correctness and
completeness of CF can be improved by incorporating a
meta-analysis knowledge graph. Although the consistency
of the machine-generated CF did not reach human expert
levels, providing machines with knowledge graphs allowed
the feasibility to reach levels comparable to those of experts.

Figure 3. Impact of the knowledge graph (KG) on the general quality of the case formulation. (A) Consistency; (B) Feasibility; (C) Completeness;
(D) Correctness. KG: knowledge gap; KG_P: Knowledge graph with personalization.

Evaluation of Key Components in CF
The key components of CF were compared (Table 1). For
the accessible language component, the expert group scored
significantly higher than the control group and the knowledge
graph with personalization group (Figure 4A). Regarding the
mean-making component, the personalization group scored

significantly higher than the expert group (Figure 4B). These
findings suggest that human experts are more likely to use
accessible language than machines and that personalization
prompts might increase the mean-making components within
the CF.
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Figure 4. Group comparisons for accessible language (A) and mean-making (B) components in the case formulation. KG: knowledge graph; KG_P:
knowledge graph with personalization. *P<.05.

Qualitative Analysis of CF
A qualitative analysis of the CFs from the 5 groups based on
the vignette in Textbox 1 was conducted (Table 2). Concern-
ing the use of prior study findings, citations were present in
the knowledge graph and the knowledge graph with person-
alization groups, but absent in the control, personalization,
and expert groups (Table 2). Considering that human experts
typically require more time to conduct literature searches,

leading to fewer citations during CF [14], it is possible
that the control, personalization, and expert groups did not
perform adequate literature searches during CF creation. In
contrast, the knowledge graph and knowledge graph with
personalization groups were provided with a list of relevant
prior study findings in advance (Figure 2; Table S1 in
Multimedia Appendix 1), facilitating easier use of prior study
findings.

Table 2. Comparison of evidence use and reframing practices among the 5 groups.
Control Personalization KGa KG_Pb Expert

Use of prior study
findings

None None “Insights from research
indicates that parental
stress, anxiety, and
depression can also
impact a child’s
condition. Thus, caring
for yourself is crucial for
your child’s well-being as
well. Parents of children
with developmental
disabilities are particu-
larly prone to experienc-
ing high stress levels, and
early support has been
shown to positively affect
the health of both parents
and children.”

• “However,
research clearly
shows that such
thoughts arise
from extreme
fatigue and
stress, and
parental stress
closely relates to
a child’s
condition.”

• “Research
indicates that
paternal
depression also
affects
children’s
behavior.”

• “Research
shows autism
spectrum
disorder (ASD)
is associated
with restricted
and repetitive
behaviors.”

None
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Control Personalization KGa KG_Pb Expert

Content reframing the
client’s self-blame

“First, reaching out to
the Child Guidance
Center for help was a
very courageous and
appropriate decision.
Recognizing your limits
and seeking support is a
sign of being a good
parent. The resulting
temporary protective
custody may have been
unexpected, but it was
likely a necessary step
to ensure the safety of
yourself, your younger
son, and your entire
family.”

Raising a child with
autism and severe
intellectual disabilities
involves unimaginable
difficulties. You seem
to be blaming yourself
for having had the
thought, ’Wouldn’t it
be easier if I killed my
child?’ However,
please remember that
this was a temporary
thought arising from
extreme exhaustion
and overwhelming
stress—it does not
make you a bad
parent. Rather, seeking
help when these
thoughts occurred was
an incredibly brave
action on your part.”

“You might be
experiencing guilt and
regret because your
consultation with the
Child Guidance Center
unexpectedly led to
temporary protective
custody. However, this
situation is not a ‘failure’
on your part. Rather,
seeking help when you
felt overwhelmed
demonstrates responsible
parenting.”

• “Let go of the
self-blame (‘It’s
my fault this
happened‘).
Instead,
recognize that
your decision to
seek help was an
essential first
step toward
receiving future
support.”

“I think it is very
meaningful that you have
put your experiences into
words and shared them
up to this point.
Particularly, the thought,
‘Wouldn’t it be easier if I
killed my child…?’ is
something that must have
been incredibly difficult
for anyone to say out
loud. Nevertheless,
honestly expressing this
was an essential SOS—a
significant signal that you
were hurting and needed
help. The fact that you
had the strength to send
this SOS is extremely
important.

Client expressions used
during reframing

None “Wouldn’t it be easier
if I killed my child?”

“Failure” • “It’s my fault
this happened”

“Wouldn’t it be easier if I
killed my child…?”

Comments after
response and
evaluation

“While evaluating, I felt that the KG and KG_P models were highly comprehensive and accurate, and
thus suitable for comparative purposes during the training process of psychologists. I believe they can
be sufficiently utilized. Additionally, although some expressions appeared slightly unnatural if directly
returned to the client, and these issues could be resolved if humans modify the outputs as necessary.
Therefore, even for experienced psychologists, the use of these models might serve as supportive tools
in preventing omissions.” (Evaluator, clinical psychologist C)

“When creating the CF, I
was particularly mindful
of the client’s perspec-
tive, anticipating that
they would read it. Due
to the significant amount
of information, I was
concerned whether
clients could fully absorb
it, so I selectively
included content that I
deemed manageable for
the current client and
omitted content that
might be less accessible.
Particularly in severe
cases, while a diagnostic
impression existed, there
were instances where I
was uncertain whether
directly confronting the
client with such
information was
appropriate.” (Respond-
ent, clinical psychologist
B)

aKG: Knowledge graph.
bKG_P: Knowledge graph with personalization.

The CFs were also examined from a reframing perspec-
tive. Reframing involves therapists actively attempting to
transform their clients’ thoughts, which is a common
technique in family therapy [34]. The vignette in Textbox
1 depicts a mother expressing self-blame, making reframing
particularly applicable [35]. All 5 groups applied reframing to
this aspect (Table 2). While reframing recommends directly
using client phrases [36], only the expert, personalization, and
knowledge graph with personalization groups adhered to this
recommendation (Table 2). The control group did not use
client expressions during reframing and the knowledge graph
group used only single words, suggesting that they did not

fully adhere to this recommendation (Table 2). This analysis
indicates that personalization prompts facilitate the extraction
of client-specific expressions, enhancing mean-making within
CF.

Table 2 also includes comments from the experts
following their responses and evaluations. The responding
expert (clinical psychologist B) indicated a deliberate practice
of writing only content considered easily acceptable to the
recipient rather than exhaustively documenting the entirety of
the CF. This practice is thought to contribute to the higher
consistency observed in human-generated CFs compared to
those generated by machines. Furthermore, an evaluation
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expert (clinical psychologist C) pointed out the unnatural
expressions present in machine-generated CFs when directly
returned to clients. This observation aligns with the lower
scores for accessible language found in machine-generated
CFs compared to human-generated CFs.

Discussion
Main Findings
This study demonstrates that the correctness and complete-
ness of CF increase when using a knowledge graph based
on meta-analyses. In addition, the use of a knowledge graph
resulted in the feasibility of CF reaching a level compara-
ble to that of human experts. These findings support the
validity of the evidence-based CF model [12]. Incorporat-
ing the findings of meta-analytic studies into CF has 3
advantages. First, integrating academic findings enhances
the accuracy of CF content [12]. Second, the inclusion of
diverse academic findings increases CF completeness [15].
Third, because meta-analyses often include specific therapeu-
tic methods, their incorporation into CF enhances feasibility
[13]. This study provides concrete data to support the validity
of the evidence-based CF model [12]. This study is valua-
ble in that it enhances CF by incorporating a knowledge
graph derived from meta-analytic findings into an LLM.
Although previous studies have applied knowledge graphs
to diagnostic assessment [30,31], research using knowledge
graphs specifically for CF remains scarce. This study is novel
in demonstrating that the use of a knowledge graph can
improve the quality of CF. Furthermore, previous CF research
has predominantly focused on cognitive-behavioral therapy in
Western countries [2,23]; incorporating Asian family therapy
has expanded the cultural diversity of CF research [1].
Strengths of Human Experts
Regarding consistency, the influence of the knowledge graph
was minimal, and human expert CF generally scored higher
than machine-generated CF. Human experts summarized the
content in paragraphs rather than bullet points, potentially
contributing to their higher consistency scores. In addition,
human experts included more elements of accessible language
than machines. Although the machines were prompted to use
simple language and adhere to these instructions, the human
experts still exhibited more explicit emotional expressions.
The experts effectively combined the expressions presen-
ted in the vignettes to convey nuanced meanings. Nuanced
expression is a difficult area for LLMs. Although LLMs may
have an advantage over the general population [37], human
experts currently show an advantage, and a similar trend
arises in a variety of specialties [38].
Effects of Personalization
Personalization had a limited impact on the general quality
or specific key components of CF, which is inconsistent
with previous findings [4,21]. However, qualitative analysis
indicated that personalization facilitates the extraction of
client-specific expressions, promoting mean-making within
CF. During vignette creation, writer-specific expressions were

likely diminished because of the removal of proper nouns,
potentially obscuring the personalization effect. Individual-
specific expressions may also have been lost during the
summarization process. One previous study has demonstrated
that a 2-stage approach—first summarizing individual-spe-
cific characteristics and subsequently performing diagnostic
reasoning—yields higher diagnostic accuracy in LLMs than
direct diagnosis alone [28]. Accordingly, adopting a 2-stage
approach in which individual-specific expressions are first
extracted and then used to generate CFs may facilitate the
development of CFs that better capture individual-specific
characteristics. Future research should use longer vignettes
with more writer-specific expressions and a 2-stage approach
to better examine personalization effects [4].

Practical Implications
This study has 2 practical implications. First, knowledge of
graph-generated CF can be used to train novice therapists
[11]. Novice therapists can compare their CFs with machine-
generated CFs based on knowledge graphs, which helps
them identify missing perspectives or components in their
formulations [39]. Second, knowledge of graph-generated
CFs can support expert therapists. Experts often lack time for
literature searches, resulting in limited citations of previous
research [14]. Machines can automatically extract meta-ana-
lytic literature data and present experts with current evidence,
thereby improving CF quality through the timely integration
of such evidence [15]. Since the knowledge extracted from
meta-analyses may remain at a relatively superficial level,
and even when the cited knowledge is accurate, its application
in practice requires careful consideration to avoid placing
undue burden on clients [30,31]. Therefore, when such
knowledge is used in clinical settings, professional experience
and ethical judgment are essential [28]. Indeed, the clinician
involved in this study reported intentionally reducing the
length of the CF to minimize the client’s burden. Because
CF generation by machines is less time-consuming and more
cost-effective [8], appropriately reviewing machine-generated
CFs by human experts could contribute to improving the
quality of CFs produced by humans.

Limitations
This study has 4 limitations. First, there was a potential
bias in the constructed data, as only 1 individual was
involved in vignette creation, 1 in response, and 1 in
evaluation. Because this study used only a single eval-
uator, interrater reliability could not be calculated. The
scores used as the evaluation metric could not be exam-
ined in relation to other external measures, and thus the
validity of the metric was not established. In addition,
because test-retest assessments were not conducted for this
measure, test-retest reliability could not be calculated. To
ensure the reliability and validity of these measures, future
research should incorporate test-retest evaluations and CF
measures with established validity [8]. Securing multiple
vignette creators, respondents, and evaluators can prevent
such bias [2]. Second, human experts’ CFs differed signif-
icantly from machine-generated CFs in style and length,
potentially enabling evaluators to infer human authorship

JMIR FORMATIVE RESEARCH Yokotani et al

https://formative.jmir.org/2026/1/e76808 JMIR Form Res 2026 | vol. 10 | e76808 | p. 9
(page number not for citation purposes)

https://formative.jmir.org/2026/1/e76808


despite the blinded condition. Evaluators may have identi-
fied and preferentially rated the machine responses nega-
tively [40]. Because the CFs produced by human experts
were shorter, the evaluator may have recognized them as
being authored by human experts. This recognition may have
contributed to the higher consistency ratings observed for
the human expert condition. Future research should stand-
ardize the length and style of responses to ensure more
robust blinding. Third, vignette-style presentation may not
be the optimal way to present clinical cases. Presenting
clinical cases in a vignette style reportedly resulted in lower
diagnostic accuracy among human experts compared with
presentations that list symptoms alone [41]. Similarly, when
LLMs evaluate cases presented in a vignette style, they
tend to generate an excessive number of diagnoses [42].
Therefore, future studies should examine the quality of CF
using a format in which symptoms are presented solely
as structured lists. Fourth, qualitative analysis in this study
did not use thematic analysis [43]. In future research, more

comprehensive qualitative analyses could be achieved by
conducting thematic analysis and ensuring transparency in the
coding process.
Conclusions
Despite these limitations, our study demonstrated the
effectiveness of knowledge graphs in enhancing the general
quality of CF, which is consistent with studies showing the
usefulness of knowledge graphs in the clinical domain [9,
10,16-19]. A comparison of human and machine-generated
CFs also highlighted human strengths in terms of clarity and
machine strengths in terms of completeness and correct-
ness. Future studies should demonstrate improvements in
the quality of therapist-generated CFs by presenting machine-
generated CFs with meta-analysis knowledge graphs to
novice and expert therapists [5]. Using machines as supple-
mentary tools to enhance CF quality will enable therapists to
rapidly produce high-quality CFs [3], ultimately improving
the mental health services provided to many individuals [20].
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