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Abstract

Teacher-parent conversations are critical for student success, yet teachers often lack structured training in counseling
communication skills. We present the first annotated corpus of teacher-parent counseling conversations consisting
of 59 German dialogues (approximately 6k sentences, 21k annotations) simulated by prospective elementary school
teachers, peers, and professional actors. The corpus features theory-grounded annotations for conversational
phases (Beginning, Informational, Argumentative, Decision-Making, Concluding) and communication techniques
(Paraphrasing, Verbalizing, Structuring). We provide detailed annotation guidelines operationalizing established
counseling pedagogy frameworks for computational analysis. Inter-annotator agreement analysis reveals substan-
tial agreement (Fleiss’ κ = 0.669 to 0.724, Krippendorff’s α = 0.666 to 0.735). Our analysis reveals confusion
patterns, providing insights into counseling discourse structure. Baseline experiments with BERT-based models
and open-source LLMs achieve F1 scores of up to 71% depending on task and model. The corpus, guidelines, and
baseline code are publicly available under CC BY-NC-SA 4.0 license, enabling research on automated dialogue
analysis and AI-based training tools for teacher education.

Keywords: teacher-parent counseling, counseling competence, teacher training, educational dialogue, dia-
logue annotation, conversational phases, communication techniques, German corpus

1. Introduction

Teacher-parent conversations are critical for stu-
dent success, with research showing that effective
parent-teacher collaboration improves academic
performance and reduces behavioral problems
(Cox, 2005; Epstein and Van Voorhis, 2001). How-
ever, these conversations are often reported as
stressful and unsatisfactory by both parties (Lan-
dert et al., 2009; Sacher, 2005). To mitigate this
situation, structured training in counseling commu-
nication skills is increasingly taught in teacher ed-
ucation programs.

Professional counseling frameworks identify
specific conversational phases (e.g. information
gathering, argumentation, decision-making) and
communication techniques (e.g. paraphrasing,
verbalizing emotions, structuring) as essential for
effective counseling (Benien, 2003; Gerich, 2016).
Such frameworks are used as the theoretical basis
in teacher education. Natural language process-
ing (NLP) methods can help to create automated
feedback systems. In this paper, we address the
lack of annotated conversational data to enable
the computational analysis of counseling skills.

We present a German corpus of 59 teacher-
parent counseling conversations consisting of ap-
proximately 6k sentences annotated for conversa-

tional phases and communication techniques (ca.
21k annotations) according to established counsel-
ing pedagogy frameworks. The conversations are
human-enacted simulations between prospective
elementary school teachers, peers, and trained
actors playing parental roles. They cover diverse
topics such as school transitions, behavioral con-
cerns, and learning difficulties.

As main contributions we present a richly an-
notated corpus of teacher-parent counseling con-
versations with gold standard labels for 5 con-
versational phases (with subcategories) and 3
communication technique types (with subtypes).
We develop detailed annotation guidelines oper-
ationalizing counseling theory. We analyse inter-
annotator agreement carefully, finding substan-
tial agreement (0.669 for phases, 0.724 for tech-
niques; Landis and Koch 1977). Our discussion
highlights confusion patterns that occur in the data
in the case of disagreements. Our baseline ex-
periments on techniques with BERT-based mod-
els and large language models (LLMs) achieve per
class up to 71% F1, yielding insights to optimal
context length and class difficulties.

This dataset enables research on automated di-
alogue analysis, counseling skill assessment, and
can inform the development of training tools for
prospective teachers.
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Figure 1: Overview of the data collection and an-
notation process. Students progress from the-
ory instruction through peer simulations with self-
annotation and reflection, culminating in final sim-
ulations with professional actors. The process is
repeated across four semesters (n=59 total con-
versations).

2. Related Work

Our work intersects three main research areas: an-
notated dialogue corpora for professional commu-
nication, corpora specific to teacher-parent com-
munication, and automated analysis of counseling
skills. We position our contribution within each of
these domains.

2.1. Dialogue Corpora for Professional
Communication

The landscape of annotated professional dialogue
datasets has expanded significantly over the past
decade across medical, mental health, and ed-
ucational domains. The most mature areas in-
clude motivational interviewing (MI), with major an-
notated datasets such as AnnoMI (Pérez-Rosas
et al., 2019), MI-TAGS (Cohen et al., 2024), and
BiMISC (Sun et al., 2024), all employing standard-
ized coding schemes like MISC (Motivational Inter-
viewing Skills Code) and MITI (Motivational Inter-
viewing Treatment Integrity).

In mental health counseling, HOPE (Sharma
et al., 2020) contributed the first dialogue-act an-
notated dataset with approximately 12,900 utter-
ances from 202 counseling sessions, featuring
12 hierarchical dialogue-act labels. ESConv (Liu
et al., 2021) established theoretical foundations for
emotional support with annotations of 8 support
strategies grounded in Helping Skills Theory, in-
cluding question, paraphrasing, reflection of feel-
ings, and providing suggestions. More recently,
MESC (Chu et al., 2025) extended this work mul-
timodally with annotations covering emotion cate-
gories and therapeutic support strategies.

Medical communication datasets have primarily
focused on MI and task-oriented medical history-

taking. MediTOD (Saley et al., 2024) stands out as
the only English medical dataset with comprehen-
sive slot-attribute annotations developed by med-
ical professionals, while IMCS-21 (Chen et al.,
2023) offers multi-level annotation sophistication
for pediatrics with token-level named entity recog-
nition and utterance-level dialogue act classifica-
tion.

2.2. Teacher-Parent Communication
To the best of our knowledge, no annotated
datasets exist for teacher-parent conversations
or parent-teacher conferences. This repre-
sents a significant research gap given the crit-
ical role of family-school partnerships in edu-
cation (Cox, 2005; Epstein and Van Voorhis,
2001). The closest available resources focus ex-
clusively on teacher-student interactions, includ-
ing the Teacher-Student Chatroom Corpus (TSCC)
(Caines et al., 2020) with 260 lessons anno-
tated for pedagogical discourse, and TalkMoves
(Suresh et al., 2022) with 567 K-12 mathematics
lesson transcripts.

This gap likely stems from multiple barriers:
privacy concerns around sensitive student infor-
mation, consent challenges for recording family-
school interactions, and methodological difficul-
ties in collecting naturalistic conversations. Our
dataset addresses this critical gap by providing
the first annotated corpus of teacher-parent coun-
seling conversations with theory-grounded (Be-
nien, 2003; Gartmeier, 2018; Gerich et al., 2015)
annotations for both conversational phases and
communication techniques. While simulated with
prospective teachers, peers, and professional ac-
tors, it captures the communicative challenges
teachers encounter and enables research on a
domain with distinct characteristics: institutional
power dynamics, focus on child development and
learning, and collaborative rather than clinical rela-
tionships.

2.3. Automated Analysis of Counseling
Skills

Automatic detection of counseling skills has ma-
tured significantly for MI behaviors. Tanana et al.
(2016) compare discrete sentence feature models
against recursive neural networks across 341 MI
session transcripts, achieving Cohen’s κ (Cohen,
1960) greater than 0.6 for open questions, closed
questions, affirmations, and giving information—
representing agreement comparable to human-to-
human reliability. Reflection detection reached
impressive performance with maximum entropy
Markov modeling achieving 93% recall and 73%
precision for detecting counselor reflections (Xiao
et al., 2016).
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Dataset Docs Expert Lay Sentences

1st 6 2 0 862
2nd 20 3 10 10,937
3rd 17 1 8 6,185
4th 16 2 5 2,912

Total 59 8 23 20,896

Table 1: Distribution of documents, annotators,
and sentences across data collection phases.

Empathy detection has evolved from binary
classification to nuanced multi-dimensional as-
sessment. Sharma et al. (2020) introduced a
theoretically-grounded computational framework
based on three empathy communication mecha-
nisms: emotional reactions, interpretations, and
explorations. Their multi-task RoBERTa-based
model jointly learns empathy detection and ratio-
nale extraction. Jiang et al. (2023) advanced this
with joint empathy detection and empathy intent
recognition across 8 intent categories.

However, these methods focus primarily on MI
and mental health counseling contexts. Our work
establishes baseline performance for teacher-
parent counseling using both BERT-based mod-
els and LLMs, revealing domain-specific chal-
lenges.We provide comprehensive inter-annotator
agreement analysis including confusion patterns
offering linguistic and pedagogical insights for fu-
ture annotation efforts in professional dialogue.

3. Dataset

Our annotated German corpus of teacher-parent
counseling conversations fills a critical gap in pro-
fessional dialogue research. The dataset uniquely
combines pedagogically authentic scenarios with
controlled simulations, enabling open distribution
while capturing the communicative challenges
prospective teachers encounter in practice.

3.1. Data Collection
Our corpus consists of simulated teacher-parent
counseling conversations conducted by pairs of
humans as part of a teacher education seminar
on counseling competence in German elemen-
tary school pedagogy. The conversations were
recorded over four semesters. For an overview,
see Figure 1.

Participants are prospective elementary school
teachers. In peer training, they act either as teach-
ers or parents during the seminar in 30 simulations.
At the end of the seminar, two professional actors
(1 male, 1 female) portrayed parents presenting re-
alistic counseling scenarios for each student as fi-

nale, resulting in 29 simulations.
The conversations address diverse counseling

situations commonly encountered in elementary
education: Secondary school transition and grade-
based eligibility disputes, behavioral concerns dur-
ing lessons, participation refusal (e.g. swimming
lessons), learning difficulties and homework com-
pletion, effects of family situations (e.g. parental
divorce), and mobile device usage and classroom
distractions.

An initial 6 conversations were recorded in a pro-
fessional studio with high-quality but shared audio
(48kHz) and multi-camera video (2160p25). To
better reflect modern digital communication and re-
duce setup complexity, later conversations were
conducted via Zoom, with separate audio (16kHz)
and video streams (360p25 or 540p25) per partic-
ipant.

For extraction of text, we used DIS-
COVER1 (Hallmen et al., 2025b): All conver-
sations were automatically transcribed using the
transcription module with manual corrections
for errors. Voice activity detection was used
to segment transcriptions at the sentence level.
DISCOVER’s speaker diarization (assigning
utterances in a shared audio to the respective
speakers) module was also applied on the 6
initial recordings, but was not necessary for the
following Zoom recordings with each participant
having their own device.

For further details on the seminar’s nature, ap-
plication, and multimodality, see Hallmen et al.
(2025a). For the pedagogical perspective on coun-
seling competence development, see Gietl et al.
(2026).

3.2. Dataset Statistics

The corpus is organized into four batches collected
across semesters, containing 30 + 29 = 59 conver-
sations with 6k sentences total. Multiple annota-
tors (23 lay annotators who were students in the
seminar, and 8 trained expert annotators from the
teaching team or with experience in either annota-
tion or counseling) labeled the conversations, pro-
ducing approximately 21k sentence-level annota-
tions. Through adjudication using mode (most fre-
quent label), a gold standard was created contain-
ing: 6k conversational phase annotations across 5
main categories and 1k communication technique
annotations across 3 main categories. Table 1
shows the distribution of documents and annota-
tions across the four data collection phases and
Table 2 shows the distribution of labels in the con-
densed gold standard.

1https://github.com/hcmlab/discover

https://github.com/hcmlab/discover
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Figure 2: Coincidence matrix of the annotations
for the five conversation phases. Unlike confusion
matrices, coincidence matrices are not necessarily
symmetric, as annotator disagreements are direc-
tional. If the sentence was annotated as row, it
was also annotated as column in x% of the time.

4. Annotation Methodology

We annotate at sentence or sub-sentence level,
as techniques can shift within a single utterance,
whereas the sentence always belongs as a whole
to a phase. Only teacher utterances are annotated
for techniques, while phases apply to the entire
conversation flow. Annotation is done in INCEp-
TION (Klie et al., 2018). To account for slightly dif-
ferent annotation styles, e.g. including or exclud-
ing white space or punctuation, each annotation is
extrapolated to the whole sentence.

4.1. Annotation Scheme
Our annotation scheme focuses on teachers’ ver-
bal communication skills that are central to effec-
tive counseling conversations. We adapt estab-
lished frameworks from counseling pedagogy (Be-
nien, 2003; Gartmeier, 2018; Gerich et al., 2015)
into a hierarchical annotation structure suitable for
NLP tasks. Hence, the conversations are anno-
tated from the teacher’s point of view. The inden-
tation differentiates supercategories from subcat-
egories. All examples below are translated from
German for readability. The corpus and annota-
tion guidelines are entirely in German. Lines start-
ing with “T:” stand for an utterance by the teacher,
“P:” respectively for parent.

4.1.1. Conversation Phases

Following the conversation phase model of Benien
(2003), we annotate five main phases that struc-

ture counseling conversations, each with specific
sub-phases:

The Beginning phase establishes contact and
clarifies the conversation framework both in con-
tent and time:

• Greetings cover the exchange of greeting for-
mulas:
T: Good morning, Mrs. X. Great, that you have
come.
P: Good morning, Mrs. Y.

• Small talk includes light conversation to es-
tablish rapport for a comfortable atmosphere:
T: Did you find your way here easily?
P: Yes, it was fine. There was a bit of traffic,
but that’s okay.

• Time frame is used for the specification and
utterance of available time:
T: I think it’s good that we’re taking the time to
talk about this for the next five minutes.

• Content frame relates to interlocutors formu-
lating the conversation’s contents and con-
cerns: T: [...] to talk about Emil’s transfer to-
day.

• Other covers utterances in the Beginning
phase that do not fall under one of the other
subcategories: T: Shall I close the window?

The Informational phase involves the ex-
change of situation-relevant information to create a
common ground without yet developing solutions:
P: We practice a lot with Emil at home. Neverthe-
less, he gets poor grades at school.
T: I observe that Emil works well at school. During
rehearsals, he seems very nervous to me.

The Argumentative phase focuses on develop-
ing, gauging, and discussing potential solutions,
with occasional introduction of new information:
T: There are different ways to obtain a high school
diploma. Emil could also go to secondary school
first.
P: I imagine that you also talk to the children about
these options at school.

The Decision-Making phase specifies and
translates proposals from the argumentative
phase into concrete action steps with defined
goals:
P: I plan to talk less about the transition with Emil
over the next three weeks.
T: I think that’s a good idea.

Finally, the Concluding phase wraps up the
conversation, an appointment is made, and inter-
locutors say their goodbyes:

• The Appreciative reflection covers benevo-
lent recapitulation:
T: Thank you for your openness and for taking
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Figure 3: Coincidence matrix of the annotations for
the three communication techniques. Unlike con-
fusion matrices, coincidence matrices are not nec-
essarily symmetric, as annotator disagreements
are directional. If the sentence was annotated as
row, it was also annotated as column in x% of the
time.

the time. I feel that together we have found
some good ways to support your child even
better.

• The label Appointment includes scheduling
for follow-up meetings:
T: Right, shall we make an appointment right
away or just call again?
P: I’ll get back to you after I’ve spoken to my
wife.

• Farewell covers the exchange of parting for-
mulas:
P: Thank you very much, goodbye.
T: Goodbye, Mrs. X.

• Other is used for all utterances belonging
to the concluding phase without falling under
one of the other subcategories:
T: From my point of view, we’ve got it now.
P: Yes, that’s fine.

4.1.2. Communication Techniques

We annotate three core communication tech-
niques adapted from Gerich et al. (2015), opera-
tionalized through definitions by Bay (2021), Gart-
meier (2018), and Hertel and Schmitz (2010):

The technique Verbalizing focuses on emotions
perceived in utterances:

• Undefined attention reactions are brief ver-
bal signals, keyword repetitions, or prompts:

P: I would like to talk to my wife about dis-
cussing this again at home.
T: Yes, okay.
P: And I think there’s another exam or re-
hearsal coming up next week.

• A Statement is directly naming of a feeling:
P: Yeah, sorry, but I just don’t understand. So,
at home he can do things, yeah. And then he
goes to school and gets another bad grade.
T: Exactly, I can definitely hear a lot of anger
in your voice.

• Clarifying questions are seeking precision
about vague emotional hints:
T: You say you always practice with him?
P: Yes.
T: Really always?
P: All the time. It’s all about this transfer now.

• Further questions are in-depth emotional
statements or open questions:
T: I’m just wondering what worries you so
much when you imagine Emil going to middle
school.

The Paraphrasing technique involves restating
the factual core message in one’s own words, po-
tentially condensing or clarifying the original state-
ment:
P: Apparently, [my son] is not good enough for high
school. Well, in my opinion, that can’t be true. He
is intelligent and he tries hard. I practice with him
every afternoon. My wife practices with him in the
evenings. When we drive, we practice the multipli-
cation tables, repeating them over and over again.
And I really have to say, it seems that you are not
managing to teach the children to read and write
properly. [..]
T: So, as I understand it, you think that Emil actually
has what it takes to go to high school?

The Structuring technique represents meta-
communicative utterances to control conversation
timing and/or content, making the conversation
flow transparent through summaries or transitions:
T: So, what would be important for you to clarify in
the eight minutes we have today? (refers to the
succeeding conversation)
T: Okay, let me summarize. (references the pre-
ceding conversation)

4.2. Inter-Annotator Agreement
To establish annotation quality, we calculate
agreement between annotators using two met-
rics: Fleiss’ kappa (Fleiss, 1971) for overall agree-
ment considering chance, and Krippendorff’s al-
pha (Krippendorff, 2004) for reliability with our or-
dinal categories.
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Type Label Count Mass

Phases Concluding 684 11.5%
Beginning 777 13.1%
Argumentative 2080 35.0%
Decision-Making 591 10.0%
Informational 1802 30.4%

Techniques Paraphrasing 376 6.3%
Structuring 251 4.2%
Verbalizing 714 12.0%

Table 2: Corpus statistics for gold standard anno-
tations.

4.2.1. Conversation phases

For conversation phases, we achieved Fleiss’ κ =
0.669 (p < 0.001) and Krippendorff’s α = 0.666 (p
< 0.001). These values indicate substantial agree-
ment (Landis and Koch, 1977), as can be seen in
the coincidence matrix in Figure 2 (we report co-
incidence rather than confusion matrices, as dis-
agreements are asymmetric).

The achieved agreement levels indicate that
annotators can reliably distinguish the core of
the conversational phases in teacher-parent coun-
seling. The Beginning and Concluding phases
show particularly strong agreement (observed in
coincidence matrix diagonal values), reflecting
their clear linguistic markers such as greetings,
farewells, and explicit appointment-making lan-
guage. The Informational phase is also well-
defined, with annotators consistently identifying in-
formation exchange segments.

Main confusion occurs along phase boundaries
and by misinterpretation of definitions – latter can
also be caused by poorly executed phase transi-
tions in the underlying conversation:

(1) Beginning ↔ Informational: Transitions be-
tween establishing context and information ex-
change can be ambiguous, particularly when
content frame setting includes substantial in-
formation

(2) Argumentative ↔ Informational: Distin-
guishing between pure information exchange
and early solution exploration requires careful
interpretation

(3) Decision-Making ↔ Argumentative: Final
synthesis of decisions can resemble contin-
ued argumentation

These confusions reveal fundamental proper-
ties of counseling discourse rather than annotation
scheme deficiencies. Phase boundaries in natu-
ral conversation are often fluid rather than discrete,
and certain utterances serve multiple functions,

e.g. summarizing information while proposing next
steps. Phase transitions also depend on the coun-
selor’s communication skills, thereby these transi-
tional areas may represent the most pedagogically
significant moments in counseling.

4.2.2. Communication Techniques

For communication techniques, we achieved
higher, substantial agreement: Fleiss’ κ = 0.724
(p < 0.001) and Krippendorff’s α = 0.735 (p <
0.001). The coincidence matrix (Figure 3) shows,
that Verbalizing emerges as the most reliably an-
notated technique, benefiting from explicit emo-
tional language and specific verbal markers. Struc-
turing also achieves strong recognition, likely due
to its meta-communicative nature and distinctive
phrases like “let me summarize” or “we have X min-
utes remaining.” Paraphrasing demonstrates solid
agreement, indicating that annotators successfully
identify when teachers restate parental concerns
objectively in their own words. The overall strong
performance suggests these techniques have suf-
ficient linguistic distinctiveness for both manual an-
notation and future automated detection. Main
confusion occurs between:

(1) Paraphrasing ↔ Verbalizing: Both tech-
niques involve reflecting the parent’s mes-
sage, but paraphrasing focuses on factual
content while verbalizing targets emotions

(2) Structuring ↔ Paraphrasing: Meta-
summaries (structuring) often include para-
phrased content

The higher agreement for techniques compared
to phases aligns with our expectations: techniques
have more explicit linguistic markers (e.g. “What
I’m hearing is...” for paraphrasing, “Let me sum-
marize...” for structuring), while phase boundaries
depend on broader discourse context.

4.2.3. Gold Standard Creation

During the seminar, the students were taught in
the specific conversation theory including phases
and techniques. Guided by the instructor, they
performed an exemplary annotation of a conversa-
tion. Afterwards, they annotated their own and two
peers’ conversations as a method of self-reflection
and theory consolidation. They could always ask
instructors when in doubt. After selecting the
mode for each sentence to create a gold standard
from the 21k annotations, 6k annotated conver-
sation phase and 1k technique instances remain.
The thus resulting gold standard benefits from mul-
tiple perspectives while maintaining high quality
through expert oversight and guided student anno-
tation. The label distribution is shown in Table 2.



6367

Context (k) Accuracy F1 Score Precision Recall

k=1 86.4% ± 3.0% 55.4% ± 4.2% 54.5% ± 5.5% 59.2% ± 7.9%
k=2 86.9% ± 2.2% 51.7% ± 5.9% 54.0% ± 8.8% 53.8% ± 6.9%
k=3 85.1% ± 1.8% 50.8% ± 4.8% 50.2% ± 6.3% 54.4% ± 7.3%
k=4 85.7% ± 2.0% 49.4% ± 8.0% 50.6% ± 9.6% 53.7% ± 11.8%
k=5 86.9% ± 3.7% 51.9% ± 7.7% 51.6% ± 7.4% 55.0% ± 13.1%

Table 3: Impact of context window size (k preceding sentences) on technique detection with reported
mean ± standard deviation for model DistilBERT. All results dataset with 4-fold stratified cross-validation.

5. Baseline Experiments

We establish baseline performance using
transformer-based language models and open-
weight LLMs on communication technique
classification. Given the limited training data
and class imbalance, we focus on multi-class
classification with all three technique types plus a
background class (“Other”).

5.1. Experimental Setup
We fine-tune and evaluate five pre-trained trans-
former models representing different architectures
and training objectives: DistilBERT (Sanh et al.,
2019), DeBERTa-v3 (He et al., 2021), ELECTRA
(Clark et al., 2020), ModernBERT (Warner et al.,
2024), and XLM-RoBERTa (Conneau et al., 2019).

For the LLMs, we evaluated pretrained mod-
els in a zero-shot fashion, only providing task
and technique definitions in the prompt: Llama3.2
(AI, 2024), Phi3.5 (Microsoft, 2024), Phi4 (Ab-
din et al., 2024), Qwen2.5 (Team, 2025), and
Gemma3 (Team and Google, 2025).

For training, we apply a 4-fold stratified cross-
validation using the semester in which the data
was collected as the split-defining variable. We
use AdamW (Loshchilov and Hutter, 2019) opti-
mizer with learning rate 2×10−5. Batch size varied
from 64 to 128, depending on model size and hard-
ware limits (24GB VRAM), with sequences trun-
cated at 512 tokens. Training continued until early
stopping with patience of 3 epochs on validation
split.

To determine the optimal context length we sys-
tematically vary the amount of preceding sen-
tences included (k = 1,…, 5 previous sentences)
to assess the importance of discourse history.

5.2. Communication Techniques
Classification

5.2.1. Impact of Context Length

Table 3 shows the impact of discourse context on
technique classification performance using Distil-
BERT. We formulate the task as 4-way classifica-
tion: Paraphrasing, Structuring, Verbalizing, and

Other (background class including non-technique
utterances).

Counter-intuitively, there is no clear winner and
bigger context does not help – the confidence in-
tervals all overlap, therefore no context length is
significantly better than any other. For simplic-
ity and computational efficiency we stick to single-
sentence context (k = 1) as best performance
achieving. Additional context increases standard
deviation by up to 6 percentage points, suggest-
ing that: (1) techniques have strong local linguistic
markers, and (2) longer contexts introduce noise
or create more complex learning problems given
our limited training data. Testing the different con-
text lengths for the five LLMs yielded similar results
with k = 1 being up to 5 percentage points better
at F1 than k = 2, …, 5.

5.2.2. Model Comparison

Table 4 compares all five BERT-like models using
single-sentence context (k = 1) on the 4-way clas-
sification task.

XLM-RoBERTa substantially outperforms other
models, achieving approximately 63% F1 score.
This up to 13 point improvement over other vari-
ants suggests that: (1) larger capacity and more
sophisticated pre-training objectives help with this
nuanced task, and (2) cross-lingual pre-training
(XLM-R) may benefit from exposure to counseling-
related concepts across languages or just more ex-
posure to German in general.

Performance of pretrained LLMs is underwhelm-
ing with F1 scores ranging from 3% to 38%, with
the best model being Gemma3. We then did an
experiment targeting model size: Gemma3 in vari-
ations 4B, 12B, and 27B parameters. 4B was the
worst, 12B performed best, with 27B already show-
ing signs of degradation. Maybe more pretraining
knowledge can lead to over-interpretation of con-
cepts.

5.2.3. Per-Class Performance

Table 5 shows detailed per-class performance for
the best-performing model (XLM-RoBERTa) aver-
aged across cross-validation folds.
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Model Parameters Accuracy F1 Score Precision Recall

XLM-RoBERTa 0.27B 88.7% ± 3.9% 62.8% ± 5.2% 65.7% ± 3.7% 62.8% ± 9.8%
DeBERTa-v3 0.18B 87.4% ± 4.1% 59.3% ± 6.3% 59.3% ± 7.9% 61.8% ± 9.0%
ModernBERT 0.15B 87.1% ± 3.0% 50.5% ± 5.8% 54.4% ± 9.3% 50.7% ± 8.0%
DistilBERT 0.07B 86.4% ± 3.0% 55.4% ± 4.2% 54.5% ± 5.5% 59.2% ± 7.9%
ELECTRA 0.11B 85.3% ± 2.5% 50.6% ± 8.3% 50.2% ± 9.1% 56.4% ± 13.4%

Table 4: Model comparison for multi-class technique classification (k = 1). Macro-averaged F1, Preci-
sion, and Recall across all four classes (Paraphrasing, Structuring, Verbalizing, Other).

Performance varies substantially across
classes: Verbalizing achieves the highest F1
(70.6%), likely due to explicit emotional language
markers, Structuring proves most difficult (37.0%
F1), possibly due to its relative rarity and overlap
with other techniques, and Paraphrasing settles in
between with 50.3% F1. Clearly the dominance of
the background class Other with 77.5% mass is
trained well, thereby easily distinguished (93.3%
F1). High standard deviations reflect cross-fold
variability and the challenges of the dataset.

Additionally, some model “errors” may reflect
pedagogically significant moments: when the
model predicts a technique should be used based
on context but the prospective teacher did not em-
ploy it, this discrepancy could identify missed coun-
seling opportunities valuable for training feedback.

6. Conclusion

This work provides an initial annotated corpus
for teacher-parent counseling competence train-
ing, addressing a critical gap in both educational
technology and dialogue corpus research. The
substantial inter-annotator agreement achieved
demonstrates that theory-grounded counseling
concepts can be reliably operationalized for com-
putational analysis, despite the inherent complex-
ity of professional dialogue. We established a
baseline showing how AI analysis can enhance
professional communication training for prospec-
tive teachers.

6.1. Summary of Contributions
We developed a German corpus of 59 simulated
teacher-parent counseling conversations contain-
ing approximately 6k sentences, annotated for
conversational phases and communication tech-
niques based on established counseling peda-
gogy frameworks. The annotation scheme op-
erationalizes theoretical constructs into computa-
tionally tractable categories, achieving substantial
inter-annotator agreement with Fleiss’ κ of 0.669
for phases and 0.724 for techniques, Krippen-
dorff’s α of 0.666 and 0.735 respectively. Anal-
ysis of confusion patterns revealed interpretable

disagreements at phase boundaries and between
related techniques, highlighting the inherent com-
plexity of counseling discourse annotation.

Our experiments training transformer-based
models to detect communication techniques es-
tablished baseline performance and revealed task-
specific challenges. The best model, XLM-
RoBERTa, achieved 62.8% F1 score for multi-
class technique classification, with substantial
variation across classes. Surprisingly, single-
sentence context outperformed longer discourse
contexts, suggesting that techniques have strong
local linguistic markers but that our limited training
data makes longer contexts problematic.

6.2. Future Directions
Several promising directions emerge from our
work. Collecting additional conversations across
diverse topics, participant demographics, and con-
versation settings would strengthen statistical anal-
yses and improve model robustness. Longitudinal
data tracking the same students across multiple
simulations could reveal learning trajectories and
identify effective feedback mechanisms. The con-
fusion patterns in our annotations suggest oppor-
tunities for refinement through clearer operational
definitions, additional annotator training, or allow-
ing multi-label annotations for utterances serving
multiple functions.

Improving automated technique detection could
be achieved through data augmentation using
LLMs validated by experts, multi-task learning that
jointly learns phase detection and technique classi-
fication, or developing domain adaptation methods
to transfer models across conversation settings.

While students perceived the theory and ap-
plication thereof in conversation and annotation
positively, we have not yet assessed whether it
improves their counseling competence over time.
Building on acceptance studies of AI-based com-
munication feedback in comparable simulation set-
tings (Bauermann et al., 2025), future work should
compare learning outcomes between students re-
ceiving AI feedback based on automatic annota-
tion of transcripts versus traditional feedback only,
track skill development across multiple simulations
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Class F1 Score Precision Recall

Paraphrasing 50.3% ± 11.6% 59.1% ± 7.8% 46.6% ± 20.6%
Structuring 37.0% ± 12.3% 43.3% ± 15.8% 33.5% ± 11.1%
Verbalizing 70.6% ± 15.4% 68.1% ± 22.8% 76.9% ± 10.8%
Other 93.3% ± 2.4% 92.5% ± 4.3% 94.1% ± 2.3%

Table 5: Techniques per-class performance of XLM-RoBERTa on dataset (4-fold CV, k = 1). Mean ±
standard deviation.

and into authentic teaching practice, and investi-
gate which feedback modalities most effectively
support learning.

7. Limitations

Several limitations must be acknowledged. With
only 59 conversations, our dataset is small com-
pared to other professional dialogue corpora, lim-
iting the statistical power of our analyses and
the generalizability of our models. Our conversa-
tions are simulations between prospective teach-
ers, peers, and professional actors rather than
authentic teacher-parent interactions, which may
not fully capture the complexity, emotional inten-
sity, and power dynamics of real counseling sit-
uations. We achieved substantial inter-annotator
agreement (Fleiss’ κ = 0.669 to 0.724), demon-
strating reliable operationalization of counseling
theory for computational analysis. While our val-
ues are lower than agreement observed in simpler
dialogue tasks, they align with agreement rates
reported for other professional dialogue annota-
tion involving nuanced pragmatic judgments (κ =
0.67; Cohen et al. 2024). Currently, verbal fea-
tures require manual annotation as our baseline
models’ performance of 62.8% F1 remains insuffi-
cient for reliable automated feedback. Finally, our
dataset is entirely in German within the German
elementary school context, and the generalizabil-
ity to other languages and educational systems re-
mains unexplored.

We additionally evaluated transfer of (trained)
models to a doctor-patient communication dataset
to assess cross-context generalizability, but found
substantially lower performance (F1: 19 to 43%),
likely due to domain differences (one-sided vs.
working together), incomplete conversations (only
information phase), and severe class imbalance
(heavily verbalizing).

Data Availability

The complete dataset, including transcripts, an-
notations, and annotation guidelines, will be pub-
licly available on GitHub at https://github.
com/saveli/tpcc, under a Creative Commons

Attribution-NonCommercial-ShareAlike 4.0 Inter-
national (CC BY-NC-SA 4.0) license. The dataset
includes: 59 conversation transcripts in Ger-
man with sentence-level segmentation, gold stan-
dard annotations for conversational phases and
communication techniques, complete annotation
guidelines (in German), and baseline model code
and evaluation scripts.

Ethics Statement

All conversations are simulated role-plays be-
tween prospective teachers and professional ac-
tors. No authentic teacher-parent conversations
involving real families were recorded. All partici-
pants are adults and provided informed consent for
recording and research use. The seminar was a
non-mandatory elective within the teacher educa-
tion program, offering academic credits upon com-
pletion. Transcripts were reviewed to ensure com-
plete anonymization with no identifying information
remaining.
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