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Abstract—Large Language Models (LLMs) are becoming in-
creasingly valuable for psychologists analyzing the large volume
of data that is collected from human subjects transcripts, talk-
based therapy inventions, and other types of counseling sessions.
This paper presents a case study on using LLMs to assess the
quality of counseling interventions. The aim of this system was
to evaluate the treatment fidelity of school clinicians delivering a
group-based behavioral parent training intervention for ADHD
(Attention Deficit Hyperactivity Disorder). We examine the fol-
lowing research questions: 1) how consistent is the LLM in its
assessment if queried repeatedly? 2) how well do LLMs agree
with expert human coders? 3) do different LLMs agree with
one other? Our results show that Gemini slightly outperforms
GPT-4o at assessing treatment fidelity and produced qualitatively
superior explanations for its decisions. Based on our experiments,
we propose a set of best practices for using LLMs for evaluating
counseling interventions.

I. INTRODUCTION

Large Language Models (LLMs) are increasingly being
considered for applications in mental health assessment, inter-
vention delivery, and behavioral support. Across review studies
and empirical investigations, researchers have explored LLMs’
potential to support diagnosis, simulate therapy, summarize
patient narratives, and evaluate clinical fidelity [1]–[3].

Scoping reviews have found that LLMs are being deployed
for generative tasks like therapy simulation, reflective lis-
tening, and clinical decision support in psychotherapy and
psychiatry [4]–[6]. For example, Guo et al. [7] report growing
interest in LLM-based mental health tools, especially those in-
tegrating structured outputs like SOAP notes or risk screening
summaries.

Despite their promise, the use of LLMs in clinical contexts
is met with caution. Studies such as [8] and [9] have raised
critical concerns around ethical risks, including hallucinated
diagnoses, reproducibility challenges, and limitations in emo-
tional nuance. Lawerence et al. [10] further note that LLM-
generated outputs can carry unintended biases that might
adversely affect vulnerable populations if deployed without
sufficient oversight.

From an implementation standpoint, researchers have high-
lighted practical limitations such as prompt sensitivity, lack
of transparency, and concerns about privacy and trust [7],
[11]. These issues have led to calls for human-in-the-loop
deployment strategies that maintain clinical accountability
while leveraging LLMs’ capabilities.

Meanwhile, proposals like the one from [12] emphasize
the need for responsible evaluation frameworks, suggesting
that mental health-specific benchmarks and hybrid workflows
could guide safe integration into behavioral healthcare. LLMs
offer exciting opportunities for augmenting mental health
assessment and behavioral intervention, particularly in low-
resource and high-volume environments. However, their ef-
fectiveness and safety are highly context-dependent, and their
real-world deployment must be accompanied by domain-
specific constraints, expert validation, and ethical safeguards.

This paper presents a case study on the application of
LLMs to assess the quality of counseling interventions. Unlike
free-form human conversations, clinical interventions typically
follow a more structured script. In psychosocial and behavioral
interventions, assessing treatment fidelity is crucial for deter-
mining the “dose” and quality of the intervention delivered.
Accurate fidelity assessment informs both treatment validity
and implementation feasibility. However, human-conducted
fidelity assessments are widely reported as time-consuming,
costly, and difficult to scale. Raters—typically doctoral- or
master’s-level clinicians—must be extensively trained and
calibrated to evaluate not only content adherence but also
delivery quality. This level of expertise is expensive and often
scarce, especially in under-resourced contexts [13], [14].

Manual fidelity assessment is especially labor-intensive. For
instance, implementing and evaluating programs like the Col-
laborative Life Skills (CLS) intervention [15] entails reviewing
over 25 hours of recorded training sessions per site. Scaling
such fidelity reviews across multiple schools, clinics, or sites
creates substantial logistical and financial barriers. Similar
resource constraints have been observed in other domains such
as medical education and behavioral health [16], [17].

Empirical studies consistently highlight three major chal-
lenges in human fidelity assessment: high costs, reliance on
specialized human expertise, and limited scalability. Costs
arise not only from expert compensation but also from training,
calibration, and rater consensus meetings [13], [18]. Expertise
constraints are further exacerbated by inter-rater variability
and subjective interpretation, which undermine reliability [19],
[20]. Furthermore, traditional manual approaches are not fea-
sible for large-scale training programs or high-throughput
environments like online education or national clinical trials
[21].

These persistent barriers hinder the sustainability and reach



of effective interventions. Consequently, recent research has
explored automation—especially via large language models
(LLMs)—as a scalable, cost-effective alternative. Multiple
studies report that LLMs such as GPT-4 can achieve high
alignment with expert ratings (Cohen’s kappa up to 0.88), with
accuracy as high as 95.7% and F1 scores up to 0.92 [16], [17],
[22]. Hybrid human-AI systems have further demonstrated
human-AI agreement levels of up to 96%, while also reducing
labor costs by up to 57% [18], [23].

These findings indicate that automation using LLMs not
only addresses current challenges in fidelity assessment but
also enables a transition toward more efficient, consistent,
and scalable evaluation frameworks. While nuanced human
judgment remains important in certain contexts, emerging
evidence supports the use of LLMs to augment and, in
some cases, replace traditional fidelity assessment workflows-
especially where resources are limited or throughput is high.

We developed an LLM-powered system to evaluate the
treatment fidelity of school clinicians delivering a group-based
behavioral parent training intervention for ADHD. This paper
examines the following research questions:

1) how consistent is the LLM in its assessment if queried
repeatedly?

2) how well do LLMs agree with expert human coders?
3) do different LLMs agree with one other?

II. RELATED WORK

Fidelity assessment—evaluating how well practitioner be-
havior adheres to established protocols—is a central compo-
nent of behavioral training. Traditionally, this process relies
on human experts who rate trainee responses using structured
rubrics. However, human coding is time-intensive, costly, and
subject to inter-rater variability. As a result, researchers are
exploring whether large language models (LLMs) can help
automate fidelity assessment in behavioral interventions such
as cognitive behavioral therapy (CBT).

Emerging research shows that LLMs, when guided by ex-
plicit scoring rubrics, can approximate human performance in
specific fidelity-related tasks. For example, Kurland et al. [24]
demonstrated that GPT-4 was able to assess story retelling in
aphasia rehabilitation with high alignment to human ratings, a
task analogous to concept recognition in CBT fidelity coding.
Similarly, Flemotomos et al. [25] used contextualized language
representations to automatically assess CBT session quality,
showing promising agreement with expert coders.

In broader educational and communication contexts, Pilny
et al. [26] assessed LLMs’ ability to conduct content analysis,
concluding that machine-based scores closely tracked human
judgment under structured conditions. This is supported by
findings from [27], who systematically compared LLMs with
human raters across multiple domains and highlighted cases
where LLMs can reliably replace manual scoring, particularly
for discrete and well-bounded tasks. In another research,
Tai et al. [28] examined the application of LLMs to aid in
deductive coding within qualitative research methodologies.
Their study demonstrated the potential of these models to

support traditional coding processes by providing consistent,
reliable outputs. This approach is significant because it helps
mitigate human bias, a common issue in qualitative data
analysis, while also enhancing the efficiency and scalability
of coding practices.

Despite these promising results, limitations persist. Iftikhar
et al. [19] found that while LLMs could simulate therapeutic
interactions, psychologists rated human peers as better at
managing emotional nuance in CBT tasks. Likewise, [29]
reported that LLMs perform well on linguistically concise
prompts but fall short when assessing behaviorally rich or
ambiguous content.

Accuracy is also highly context-dependent. For instance,
Mahmoudi et al. [30] found that LLMs achieved over 90%
accuracy in explicit data extraction tasks but performed poorly
when interpreting subjective behavioral components. In do-
mains such as harmful content detection, LLMs like GPT-4
showed strong precision and recall, especially when integrated
into human-in-the-loop workflows [31].

More recent proposals advocate for computational frame-
works specifically tailored to LLM-driven behavioral assess-
ment. For example, [32] outlined a structured system to eval-
uate the therapeutic quality of LLM dialogue agents, calling
for domain-specific validation benchmarks.

In summary, LLMs show substantial promise in automat-
ing fidelity assessment when criteria are explicit and task
design is well-controlled. Their role is particularly valuable
in scaling up training environments, reducing coding burdens,
and supporting formative feedback. However, they remain
less effective in open-ended, emotionally complex interactions
without careful human oversight. This paper compares two of
the largest LLMs (OpenAI’s GPT-4o and Google’s Gemini 2.5)
and presents a set of best practices, drawn from our experience,
on using an LLM for fidelity assessment.

III. METHOD

A. Data Collection

School mental health providers (SMHPs) implemented an
eight-week multi-component curriculum targeting attention
and behavior problems as part of the Collaborative Life
Skills (CLS) program. CLS is an evidence-based treatment
for ADHD in school-age children that includes parent-groups,
student groups, and classroom daily report cards. By leverag-
ing data from an existing clinical trial, we compared the LLM
ratings and observations to human clinicians’ ratings of the
same content in each session.

Research staff met with SMHPs every week to teach and
review the intervention content. SMHPs then led a 60-minute
parent group and a 60-minute student group each week with
6 to 8 students they identified might benefit from the program
and who met study inclusion criteria. All meetings were
recorded and transcribed. To be eligible, students’ parents
and teachers had to endorse at least six or more symptoms
of inattention or hyperactivity with some impairment both at
home and at school. All children assented to participate and
parents completed informed consent documents approved by



Fig. 1. System architecture: This diagram illustrates how session transcripts,
training scripts, and fidelity questions are combined to generate user prompts
for the LLM, which is used to rate content. The resulting JSON output from
the LLM is then paired with human ratings for further analysis.

the institutional review board at University of California, San
Diego.

During all training and intervention sessions, masters- and
doctoral-level clinicians observed and rated treatment fidelity
using a Qualtrics assessment form. Raters noted whether key
content areas were covered, and for the consultations, whether
a teaching video or role-play exercise was used. For the
current analyses, only a subset of the data from the SMHP
training meetings was analyzed. To preserve the privacy of
the participants, all transcripts were preprocessed to remove
personally identifiable information (PII).

B. LLM-Based Assessment Pipeline

Figure 1 shows our system architecture. To reduce
ambiguity and make post-processing easier, the LLM was
prompted to respond in json format. First we gave a high-level
system prompt:

You are a psychology researcher who is an expert
in behavioral parent training techniques. You are
reviewing transcripts of recorded meetings between
a team of researchers (called “trainers”) and school
social worker (called “leaders”).
The trainers are training the leaders to deliver a
behavioral parent training intervention to parents
at their schools. This intervention involves parents
learning new skills and techniques for parenting. The
trainers are using a script to teach the leaders how to
deliver these skills to the parents. They are following
the content in the script, however they can also use
their own words to convey the concepts.
The text below following the word TRANSCRIPT
is the transcript of the meeting.
The user prompt contains a label for the content
the leaders were supposed to cover (e.g., “Program
Introductions”) and the script that the trainers were
supposed to follow to cover that content.

We prototyped five user prompts to cover the following content
types from the CLS program:

1) Home Activities Check-in
2) Define Consequences that Influence Behavior
3) Handout: Rewards and Negative Consequences
4) Introduce the Home Challenge
5) Types of Home Challenges
Content quality was judged using following questions which

were also posed to human raters on Qualtrics:
1) Did the trainers cover the content?
2) Did the trainers themselves demonstrate how to present

the outline to the parents?
3) Did the trainers use a reference video to teach this

material?
4) Did the leaders engage in a role play exercise to practice

the material with the trainers?
An example LLM prompt is shown in the appendix.

C. Maximizing Response Consistency

Due to the combination of sampling, parallelism, and
floating-point rounding differences, it is often impossible to
make modern LLMs completely deterministic. In LLM API
calls, temperature is a critical parameter that controls the
randomness and creativity of the generated text. By setting
the temperature to zero, it forces the model to act as a greedy
decoder that chooses the word with the highest predicted prob-
ability. Some APIs also provide a seed parameter to initialize
the pseudo-random number generator to a consistent value.
For our fidelity evaluations, we observed a slight response
drift even after controlling these parameters. Therefore, we
performed multi-pass consensus over three sets of ratings
(described in Section IV)

D. LLM Model Selection

This paper compares the performance of two LLMs, GPT-
4o and Gemini 2.5, at assessing counseling fidelity. Since
our task requires including long transcripts in the prompt, we
only evaluated models with larger context windows. GPT-4o is
the latest multimodal language model developed by OpenAI,
capable of processing and generating text, images, and audio
with high speed and accuracy. While the exact parameter
count remains undisclosed, GPT-4o represents a significant
leap in performance and efficiency compared to previous
versions like GPT-4 Turbo. It supports long-context processing
(128,000 tokens) and demonstrates advanced reasoning and
understanding, making it particularly well-suited for large-
scale textual analysis tasks such as summarization, sentiment
analysis, and semantic extraction across diverse data sources.

Similarly, Gemini 2.5 is a cutting-edge multimodal AI
model developed by Google DeepMind, designed to under-
stand and generate text, code, images, and other complex data
types. As the latest iteration in the Gemini series, it builds
on previous versions with improved reasoning, memory, and
multimodal capabilities. Gemini 2.5 is adept at handling long-
form content with its context window of 1 million tokens. It
performs well at complex tasks such as document analysis,
code generation, and knowledge extraction.



IV. EVALUATION

To assess the reliability, alignment, and added value of
large language models (LLMs) in fidelity coding, we adopted
a structured, multi-level evaluation approach. Our strategy
moved beyond simple binary agreement metrics to more nu-
anced consensus scoring and comparison with human ratings.

A. Multi-Pass LLM Consensus

Each LLM (GPT-4o and Gemini 2.5) was queried three
separate times per fidelity question to account for inherent
variability in model responses, even at low temperature set-
tings. To identify each LLM response, we will refer them as
R1, R2 and R3 respectively. Each completion included binary
ratings (“yes”/“no”) along with reasoning and transcript-based
quotes. We computed:

• Intra-Model Agreement: Percent agreement and Co-
hen’s Kappa were used to assess internal consistency
across the three runs per LLM. Gemini 2.5 showed
high within-model reliability with 96.67% agreement and
κ = 0.85. GPT-4o also demonstrated strong consistency,
with 93.33% agreement and κ = 0.79.

• Majority Vote Consensus: For each model, the final AI
rating per item was determined by majority vote across its
three completions (2/3 or 3/3 agreement). This consensus
rating was used in subsequent human-AI comparisons.

B. Human-AI Consensus Evaluation

To benchmark LLM performance, we compared AI consen-
sus ratings to fidelity judgments made by trained human coders
(treated as the gold standard). Evaluation metrics included:

• Raw Agreement Rates: Binary alignment between hu-
man rating and LLM majority vote.

• Cohen’s Kappa: Used where ordinal confidence scores
were available.

C. Cross-Model Comparison

To examine how different models interpret the same content,
we compared the GPT-4o and Gemini 2.5 consensus outputs
across all fidelity items. Inter-model agreement was evaluated
using raw percent agreement and Cohen’s Kappa. Differences
in scoring thresholds and reasoning patterns were qualitatively
analyzed. Discrepancies often reflected subtle interpretive or
emphasis differences between the models.

D. Qualitative Review of Reasoning

Beyond numerical agreement, we qualitatively assessed the
LLMs’ reasoning and quote selection for:

• Relevance to fidelity criteria
• Appropriateness of justifications
• Common reasoning errors (e.g., overgeneralization, su-

perficial quote matches)
This layer of analysis helped evaluate the interpretability

and transparency of AI ratings, key factors for clinical de-
ployment.

Fig. 2. Evaluation metrics comparing agreement between human raters and
two LLMs (Gemini 2.5 and GPT-4o) using agreement rate and Cohen’s Kappa.
The chart also includes cross-model comparison (Gemini vs. GPT-4o).

V. RESULTS

We evaluated the alignment between LLM-generated fidelity
ratings and those provided by trained human coders. For each
item, a consensus LLM rating was computed via majority vote
across three independent completions. Human ratings served
as the gold standard for comparison.

A. Agreement Between Human and LLM Ratings

Figure 2 summarizes the agreement metrics between human
and LLM and cross LLMs consensus ratings. The Gemini
model achieved a higher match rate and reliability with human
raters, indicating more consistent alignment with human-
defined fidelity criteria. In contrast, the GPT model, while still
showing above-chance agreement, exhibited a lower Cohen’s
Kappa, suggesting potential differences in decision thresholds
or interpretation strategies compared to human coders.

B. Agreement Between Different LLM Ratings

To evaluate the consistency between the two LLMs used
in this study, we conducted a direct comparison of fidelity
ratings generated by GPT-4o and Gemini 2.5. Each model
produced a majority-vote rating for each transcript item based
on three independent completions. The goal of this analysis
was to examine the degree to which the models aligned in
their application of fidelity criteria across a shared dataset.
Figure 2 shows the results as Gemini + GPT. While the
raw agreement rate indicates that the models provided the
same binary rating on the majority of items, the Cohen’s
Kappa value suggests only modest agreement beyond chance.
This discrepancy highlights the importance of using adjusted
reliability metrics when evaluating automated scoring systems,
particularly in domains where agreement by chance may be
high due to imbalanced label distributions.

The modest Kappa coefficient may reflect underlying differ-
ences in model behavior, including sensitivity to instructional
phrasing, emphasis on different features of the transcript, or
interpretive flexibility in ambiguous cases. While both models
followed the same prompt structure, qualitative review of
disagreement cases (discussed in the next section) revealed that
they occasionally prioritized different elements of the session
when making their determinations.



C. Nature of Disagreement

Across both models, disagreements with human ratings
were observed in approximately 30–35% of items. Qualitative
review of these cases revealed several recurring patterns:

1) LLMs occasionally inferred content coverage from par-
tial or indirect references: To illustrate how interpretive
variability manifests in practice, we present a representative
example of an LLM rating divergence for the content item
“Define Consequences that Influence Behavior” from Human
rating and Gemini 2.5. R1 rated no, whereas R2 and R3 and
human rated yes. Below is R1’s justification for rating no:

“Trainers introduced the topic of defining conse-
quences and covered that it involves revisiting the
ABC model and focusing on positive strategies
first. However, crucial introductory elements from
the script, such as immediately linking the ABC
model to the ‘Home Challenge’ and the detailed
‘ASK PARENTS’ segment about prioritizing posi-
tive strategies, were not covered as prescribed for
this specific section. These elements were either
deferred or addressed in a less detailed manner later
in the transcript, altering the scripted flow for this
content block.”

In contrast, R2 rated the same item as yes and offered the
following rationale:

“The trainers covered most key points from the
script. They instructed leaders on revisiting the
ABC model, defining positive and negative conse-
quences, and the program’s emphasis on starting
with positive strategies before negative ones. This
was achieved through direct instruction, a reference
video, and preparing leaders for role-play. For in-
stance, TRAINER1 mentioned revisiting the ABC
model and teaching about rewards and negative
consequences. The reference video also highlighted
focusing on positive consequences first. However,
the specific script point ‘ASK PARENTS’ Any ideas
why we start with positive strategies?’ along with
its detailed prompts was not explicitly instructed
to be delivered by the leaders to the parents in
that interactive format; TRAINER1’s instruction was
more about the content flow.”

This example underscores how even structured prompts and
zero-temperature settings may not eliminate variability when
fidelity judgments involve interpretive nuance or prioritization
of script structure. While R1 focused on the absence of
scripted delivery elements and sequence fidelity, R2 empha-
sized general coverage of the core ideas.

2) Some LLM ratings favored leniency in marking fidelity as
present, possibly due to overgeneralization from minimal evi-
dence: Several false-positive cases revealed a pattern in which
the LLM inferred fidelity based on superficial mention of a
topic, even when deeper instructional components or required
formats (e.g., question prompts, interactive discussions) were
absent. For instance, a reference to “consequences” in a casual

aside or brief mention of a concept sometimes led models to
rate the item as “yes” despite missing core script elements
such as modeling, parent engagement, or leader preparation.
This suggests an LLM tendency to generalize from minimal
semantic cues without strict alignment to the scripted delivery
expectations.

3) Variability in quote selection and interpretive depth may
have contributed to divergent decisions: Even when models
agreed on the presence of key topics, they often cited different
sections of the transcript to support their ratings. In some
cases, selected quotes lacked the instructional or interactive
dimensions expected by human raters, while in others, LLMs
over-interpreted loosely related content. This variability in
quote selection may reflect differences in how each model
interprets task framing, the salience of evidence, or alignment
with script-based standards. It highlights the need for better
prompt engineering or rating calibration when using LLMs for
fine-grained fidelity analysis.

VI. LESSONS LEARNED

1) Augmenting the prompt with as much additional con-
text as possible improves assessment performance. Thus,
LLM context window length may matter more than model
size.

2) LLM consistency can be improved by specifying the
seed value for the pseudo-random number generator and
setting the temperature to zero, but the output will not
be totally deterministic due to hardware issues. Majority
vote consensus can be used to be produce more stable
values.

3) Due to overlap in training data and similarities in gen-
erative architectures, LLMs may agree with one another
more than they agree with human raters.

4) Outputting assessments in json format reduces ambiguity
in the model response and make post-processing easier.

VII. CONCLUSION AND FUTURE WORK

Our results indicate that while LLMs hold promise for
semi-automated fidelity coding, their outputs should be inter-
preted with caution, especially in edge cases. The observed
discrepancies underscore the importance of combining auto-
mated scoring with human oversight, particularly for fidelity
judgments that require nuanced understanding of context and
intent. However, we believe that LLM-based assessment of
counseling interventions is so time and cost effective that
it should be regularly employed to ensure that the human
clinicians are delivering effective counseling interventions.
Unlike many other forms of communication, these counseling
interventions are relatively structured and thus easier for an
LLM to score based on a single training example. Future work
should examine on other types of scoring and vote aggregation
methods, such as round robin tournaments, the use of multiple
LLM models, or generative self aggregation (GSA) [33].
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VIII. APPENDIX

A. System Prompt
You are a psychology researcher who is an expert in behavioral parent training techniques.
You are reviewing transcripts of recorded meetings between a team of researchers (called "trainers")
and school social worker (called "leaders").
The trainers are training the leaders to deliver a behavioral parent training intervention to parents
at their schools.
This intervention involves parents learning new skills and techniques for parenting.
The trainers are using a script to teach the leaders how to deliver these skills to the parents.
They are following the content in the script, however they can also use their own words to convey
the concepts.
The text below following the word TRANSCRIPT is the transcript of the meeting.
The user prompt contains a label for the content the leaders were supposed to
cover (e.g., "Program Introductions" and the script that the trainers were supposed to follow to
cover that content.

**Your final response MUST be a JSON object.**
**The JSON object should have the following structure and keys:**
‘‘‘json
{

"summary_of_script_key_points": "Summarize the key points from the script here, paying attention
to who was speaking.",
"content_coverage": "Provide details on whether each key point was covered",
"answers_to_questions": {
"Q1": {

"label": "did trainers cover content?",
"rating": "yes/no",
"reasoning": "state reason of your rating here",
"quote_from_script": "providing direct quotes from the transcript",

},

"Q2":{
"label": "did trainers demonstrate outline presentation?"
"rating": "yes/no",
"reasoning": "state reason of your rating here",
"quote_from_script": "providing direct quotes from the transcript",

},
"Q3": {

"label": "did trainers use reference video?",
"rating": "yes/no",
"reasoning": "state reason of your rating here",
"quote_from_script": "providing direct quotes from the transcript",

},
"Q4": {

"label": "did leaders engage in role play?",
"rating": "yes/no",
"reasoning": "state reason of your rating here",
"quote_from_script": "providing direct quotes from the transcript",

},
},

}

For "reasoning" key, "Explain your reasoning for the answers, providing direct quotes from
the transcript. If any answer is ’no’, provide examples of missed content."

To answer these question, do the following steps:

1.Summarize the key points in the script in the user prompt. Pay attention to who was speaking.
2.For each key point, check to see if the content was covered in the transcript
3.Answer each question above based on the comparison. If most of the content was covered, answer "yes." If less than most of the content was covered, answer "no."



Before giving your final rating, explain your reasoning for giving the rating.
Provide direct quotes from transcript to support your rating.
Do not provide quotes from the script in the user prompt.
If answering "no" to any of the questions, provide examples of content that was missed.
Be concise with your response.

TRANSCRIPT

B. User Prompts: Home Activities Check-in
# Content Label
Home Activities Check-in

# Script
TELL PARENTS
* We’re going to start group by checking in
about how it went at home this past week.
* We’ll talk about the skills we learned and
the Classroom Challenge.
* I’ll be taking notes about what your kids
have done well at home this week.
* I give them this feedback during student
groups. They love hearing positive things
their parents mention!
* Please pull up your child’s Progress
Tracking Sheet & the first handout.

TELL PARENTS
* Who would like to start? Please share one
behavior you praised this week.
(When one parent shares, engage the
other parents.)
* Examples:
- Did anyone else have a similar
experience this week?
- Does anyone have a suggestion for
this problem?
(Highlight teamwork & tie to CLS Values.)
* Example:
- It’s great to see on the Tracking Sheet
that you shared the rewards they
earned last week. That’s a great
example of our team values, \working
together" and \sharing information".

TELL PARENTS
* Continue praising this week.
* Remember that getting praise is
especially important for kids with
attention and behavior issues because
they often get more corrections.
* And research shows that across cultures
and backgrounds, praise is helpful to
improve parent-child relationships and kids’
self-esteem even when they’re teenagers.
* Remember to look out for behaviors you
sometimes but want to see more of.
* Praise should happen right away and be
specific.
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