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Abstract

In subscription-based businesses, understand-
ing why a customer intends to churn is as vital
as the classification itself. We present a case
study at a large European telecommunications
provider, where we implement Text Bottleneck
Models (TBMs) for post-call churn classifica-
tion. The TBM distills dialogues into a sparse
set of human-interpretable concepts and pro-
vides faithful, snippet-based evidence for every
decision. We show that the TBM performs com-
petitively with black-box baselines and demon-
strate potential business impact via automated
call profiling and an interactive stakeholder
dashboard. Our work demonstrates that the per-
ceived trade-off between interpretability and
predictive performance can be bridged, pro-
viding the high-accuracy evidence needed for
industrial retention strategies.

1 Introduction

Managing customer churn, the full or partial can-
cellation of subscriptions, is vital for telecommuni-
cations providers, yet the most valuable signals are
often locked within millions of minutes of unstruc-
tured customer service dialogues. While Large Lan-
guage Models (LLMs) can automate the classifica-
tion of churn-intent at scale, their black-box nature
creates a significant barrier to industrial adoption.
A binary label of “Churn” provides no guidance for
retention; without knowing if a customer is frus-
trated by pricing, network quality, or a competitor’s
offer, stakeholders cannot take meaningful action.
This lack of transparency forces a difficult choice
between high-accuracy automated systems and the
actionable insights of manual review.

We attempt to resolve this tension by implement-
ing the Text Bottleneck Model (TBM) (Ludan et al.,
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Figure 1: Comparison of a black-box text classifier (top-
right) and the interpretable-by-design Text Bottleneck
Model (bottom), which classifies churn through inter-
mediate, human-understandable, actionable concepts.

2024) for post-call churn classification at a large Eu-
ropean provider. Unlike standard classifiers, TBMs
are interpretable-by-design. They map complex,
multi-turn dialogues into a sparse layer of human-
understandable concepts, such as Price Sentiment
or Service Dissatisfaction, before making a final
classification (see Figure 1). By grounding every
decision in specific conversational snippets and
meaningful concepts, the TBM transforms opaque
model outputs into transparent insights for action-
able business intervention.
Our contributions focus on the industrial applica-
tion and operational utility of TBMs:

• We present a framework that extends the original
TBM by combining LLM-based concept discov-
ery with expert-in-the-loop refinement, ensuring
that the resulting bottleneck is actionable and
business-aligned.

• We demonstrate that the expert-refined TBM
achieves predictive performance on par with
black-box models, proving that transparency
does not require a sacrifice in predictive power.
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• We show how concept-level activations enable
granular call profiling and present an interactive
stakeholder dashboard, providing non-technical
managers with evidence-based insights unavail-
able through binary classification.

2 Related Work

Explainability in NLP has received increasing
attention alongside advances in LLMs (see Zhao
et al. (2024) for an overview). A key distinction
exists between intrinsic methods, which build in-
terpretability into the model, and post-hoc expla-
nations. Intrinsic methods include rationale-based
models (Lei et al., 2016; Bastings et al., 2019) and
attention-based explanations, though the faithful-
ness of the latter is debated (Jacovi and Goldberg,
2020; Jain and Wallace, 2019). Post-hoc methods
such as LIME (Ribeiro et al., 2016) and SHAP
(Lundberg and Lee, 2017) provide local, model-
agnostic explanations, but often lack faithfulness
and stability (Jacovi and Goldberg, 2020; Adebayo
et al., 2018). In contrast, concept-based models
are interpretable by design, providing global inter-
pretability through human-understandable concepts
and local interpretability via concept activations for
individual samples (Koh et al., 2020).

Concept-based models aim to replace raw in-
puts with human-interpretable, task-relevant con-
cepts (Koh et al., 2020). In NLP, two main direc-
tions have emerged: probing latent concepts inside
pre-trained models (Sheng and Uthus, 2020; Huang
et al., 2025), and designing models that predict di-
rectly through an explicit concept layer. The Text
Bottleneck Model (TBM) framework (Ludan et al.,
2024) follows the latter approach, together with
works such as SELF-EXPLAIN (Rajagopal et al.,
2021), C3M (Tan et al., 2024), and CB-LLM (Sun
et al., 2025). Compared to these, TBMs restrict the
concept set to a small and stable collection, allow
iterative refinement without relying on predefined
concepts, and provide snippet-based evidence for
each activation. This combination makes TBMs
particularly suited to domains where interpretabil-
ity and business actionability are as important as
predictive performance, motivating our choice for
the TBM in this work.

LLM prompting for labeling and explanation
has gained traction as LLMs show strong zero-
and few-shot classification abilities (Brown et al.,
2020). Recent work demonstrates that LLMs can
act as effective labelers across tasks (Zhou et al.,

2023; Liang et al., 2023), though their reliabil-
ity is debated (Koo et al., 2024; Bavaresco et al.,
2025). In the TBM framework, however, labeling
is comparatively simple: Once concepts are well
defined, LLMs are expected to apply them reliably,
as shown in Ludan et al. (2024).

3 Methodology

We adopt the Text Bottleneck Model (TBM) (Lu-
dan et al., 2024), an interpretable alternative to
black-box classifiers. The TBM introduces an in-
termediate layer of business-relevant concepts that
mediate between raw transcripts and the churn clas-
sification (see Figure 2). The model consists of
three stages: concept generation, concept measure-
ment, and prediction. A formal description of the
process can be found in Appendix A.

Concepts. Concepts are defined as structured
JSON objects with a name, description, question,
possible responses, and a response-to-score map-
ping (see Table 2 in Appendix F.2 for an example).

Concept Generation. Concepts can be obtained
automatically via LLM prompting (all prompts
can be found in Appendix M), or manually, via
domain-specific refinement. In the automated set-
ting, the LLM iteratively proposes candidate con-
cepts aimed at separating the examples that the
model misclassified in the previous iteration. These
concepts are then automatically refined via another
prompt, but their representation in JSON-format
also allows for simple manual manipulation and re-
finement. While prior work has focused solely on
evaluating automatically generated concepts (Lu-
dan et al., 2024), we also explore how domain-
specific refinement with experts affects prediction
performance. Crucially, the TBM’s modularity al-
lows for the seamless addition, removal, or manual
refinement of concepts as business requirements
evolve or new data distributions emerge, ensuring
the model remains performant and relevant over
time.

Concept Measurement. Given a transcript, an
LLM is prompted with each concept definition to
assign a response from the pre-defined set of re-
sponses, which is mapped to a numerical score.
The LLM also extracts short snippets as evidence,
providing transparency into why a concept was ac-
tivated. The result is a concept vector s(t) that
represents the transcript in the interpretable con-
cept bottleneck space.

Prediction Layer. Finally, a white-box classifier
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Figure 2: Structure of the Text Bottleneck Model (Figure adopted from Ludan et al. (2024)). Given an input example,
the (a) Concept Generation Module iteratively discovers new concepts (e.g., Provider Switch). The (b) Concept
Measurement Module then measures the response of each concept and extracts relevant snippets (e.g., “moving soon
and would like to cancel my service”) and provides a numerical concept score (e.g., -3). Finally, the (c) Prediction
Layer aggregates all concept scores for the input and learns their relative weights to make the final churn prediction.

(e.g., logistic regression) is trained on the concept
vectors to predict the final label, which is Churn/
No Churn in our case. The learned weights indicate
the global importance of each concept, while the
concept scores and evidence snippets obtained in
the concept measurement step offer local explana-
tions.

4 Experimental Setup

4.1 Dataset

Thousands of customer calls are handled daily,
but the lack of labeled data prevents large-scale
supervised training. We therefore use an expert-
annotated dataset, where each transcript was la-
beled by five annotators, with final labels assigned
by majority vote.

The dataset follows a 14-class schema1, where
“Cancel subscription” corresponds to “Churn” and
the remaining 13 classes (e.g., “Help with malfunc-
tions”, “Technician appointment”) are grouped as
“No Churn.” Importantly, cases where customers
cancel or downgrade only parts of their subscrip-
tion are also treated as Churn. We sample 200
training and 200 test transcripts, with the train-
ing set being balanced across classes (100 Churn,
100 No Churn) and the test set using the origi-
nal class imbalance (28 Churn, 172 No Churn).
On average, transcripts contain 270 words and 20
conversational turns between customer and agent.
Due to privacy constraints, all explicit snippets and

1All datasets were preprocessed and linguistically normal-
ized for research purposes.

transcripts in this paper are synthetic and do not
originate from real data.

4.2 Large Language Models

In our experiments, we use OpenAI’s GPT-4 fam-
ily of models via the Azure OpenAI API (Ope-
nAI, 2024). Concept generation and measure-
ment rely on gpt-4-turbo-128k, but we also test
gpt-4o-mini as a lightweight alternative. Fur-
ther model details and selection rationale are pro-
vided in Appendix B. We compare the TBM
against two black-box models: a BERTje-based
model (de Vries et al., 2019), which has been
domain-adapted using 1.5 million dialogues and
processes the first 512 tokens of a transcript to out-
put one of the 14 previously mentioned classes,
which we map to a binary Churn/ No Churn la-
bel; and a GPT-based black-box model, using ei-
ther gpt-4-turbo-128k or gpt-4o-mini, which
directly predicts Churn/ No Churn from the full
transcript via a tailored prompt (see Appendix 11).

5 Results

This section analyzes the TBM framework from
various points of view: Concept generation and pre-
diction performance (Section 5.1), qualitative error
analysis (Section 5.2), as well as exploratory ana-
lyzes using concept-based clustering (Section 5.3).
We also present a practical dashboard (Section 5.4)
and include additional evaluations of the robustness
of concept measurements (Appendix G), a chain-
of-thought ablation (Appendix H), and an analysis
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of the snippet quality and sufficiency (Appendix I).

5.1 Concept Generation and Prediction
Performance

Automated Concept Generation. We run three
independent TBM concept generation runs using lo-
gistic regression as the prediction layer. Following
Ludan et al. (2024), we set the concept acceptance
threshold to γ = 0.1, meaning a newly proposed
concept is retained only if it improves prediction
accuracy on the training set by at least 10% relative
to the previous iteration. Figure 3 visualizes the
evolution of the first 8 concepts in each run, with
cumulative concepts on the y-axis and test accu-
racy on the x-axis. Each node represents an added
concept, sized by its final absolute weight in the
prediction layer.

Across runs, the LLM successfully proposes se-
mantically meaningful but diverse concepts, such
as Price Sentiment, Service Utilization Sentiment,
and Communication Clarity, resulting in final test
accuracies based on 8 concepts between 0.64 and
0.72. We attribute this variability to the higher
complexity of multi-turn customer calls, which dif-
fer substantially from the short, focused texts used
in the original TBM experiments (e.g., the CE-
BaB dataset (Abraham et al., 2022), which contains
restaurant reviews), where the TBM with automat-
ically generated concepts performed on par with
black-box models.

We also note that not all discovered concepts are
equally actionable from a business standpoint. For
instance, Value Perception provides clearer reten-
tion insights than abstract notions like Communi-
cation Clarity. This reinforces the need for human-
in-the-loop refinement to ensure that automatically
generated concepts align with the organization’s
operational objectives.

Domain Expert Refinement. To ensure domain
relevance and business actionability, we collaborate
with internal churn experts to manually refine the
automatically generated concepts. During refine-
ment, we focus on removing redundancy, clarify-
ing ambiguous definitions, and prioritising factors
that could meaningfully inform retention strategy.
This process results in seven high-quality concepts:
Price Sentiment, Provider Switch, Relocation Men-
tion, Service Modification Intent, Service Usage,
Subscription Flexibility Concern, and Technical
Support Intent. More details on how this set of
concepts was obtained, as well as the redacted con-
cept definitions can be found in Appendix F. These

concepts capture a broad range of customer motiva-
tions, from satisfaction with pricing and flexibility
to service continuity intentions. Each follows a
consistent response mapping from -3 (strong nega-
tive signal) to +3 (strong positive signal), ensuring
comparability across the concept space.

Prediction Performance. We compare the re-
fined TBM to two black-box baselines: the pro-
duction BERTje-based classifier (de Vries et al.,
2019), and a GPT-4 zero-shot model. We also test
several white-box models in the TBM’s prediction
layer: logistic regression (with and without L1 reg-
ularization), logistic regression with second-degree
polynomial interactions, and a decision tree classi-
fier. For fair comparison, all models are evaluated
on the test set in its original imbalanced class dis-
tribution using F1-score, Cohen’s κ, and AUPRC
(see Table 1). We further motivate these metrics in
Appendix D.

Using the refined concept set substantially im-
proves results compared to the set of automati-
cally generated concepts: A logistic regression
model without regularization achieves 0.9198 F1,
0.8655 κ, and 0.9675 AUPRC, outperforming
the in-production black-box classifier (0.9081 F1)
and approaching GPT-4’s performance (0.9485
F1). These findings demonstrate that expert-refined
TBMs can perform highly competitively while
maintaining interpretability and transparency.

Modeling concept interactions through polyno-
mial features or tree-based predictors does not yield
further gains, suggesting that concept-level depen-
dencies are largely additive and well captured by
a linear model. Inspection of the learned weights
reveals that Provider Switch (-2.85), Service Mod-
ification Intent (-1.77), and Relocation Mention
(-1.72) are the strongest churn indicators, while
concepts such as Technical Support Intent (-0.33)
and Service Usage (-0.24) show weaker or more
ambiguous associations (see Table 12, Appendix J).

Model Efficiency. Substituting
gpt-4-turbo-128k with gpt-4o-mini leads
to a slightly worse predictive performance (2
percentage points in F1-score; Table 13) but
reduces average inference time by more than
half (1.03 ± 0.31s vs. 2.45 ± 0.54s per concept).
This trade-off suggests that smaller models may
be preferable for large-scale or latency-sensitive
deployment scenarios, especially when integrated
into interactive analytics workflows.

Overall, these results show that while fully au-
tomated concept generation remains challenging,
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Figure 3: Learning curves for three independent, automated discovery runs. The y-axis lists concepts in their order
of discovery (top-to-bottom); the x-axis represents the aggregate test accuracy achieved by the prediction layer
using all concepts discovered up to that point. Node size indicates the absolute weight of each concept in the final
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Framework Prediction Model F1-Score Cohen’s κ AUPRC

Black-Box Production Model BERTje 0.9081 0.8429 –

Black-Box GPT-4 gpt-4-turbo-128k 0.9485 0.8996 –

TBM

Logistic Regression (no reg.) 0.9198 0.8655 0.9254
Logistic Regression (L1-reg.) 0.9184 0.8621 0.9230
Logistic + Interactions (no reg.) 0.8780 0.7984 0.8812
Logistic + Interactions (L1-reg.) 0.8615 0.7752 0.8645
Decision Tree 0.8835 0.8091 0.8522

Table 1: Performance comparison between black-box models and the TBM with gpt-4-turbo-128k as the concept
measurement model and human-refined concepts. The interpretable-by-design TBM performs competitively with
black-box models.

combining LLM-assisted discovery with expert re-
finement yields interpretable models that are com-
petitive with high-performing black-box systems,
making TBMs a practical and business-relevant
alternative for explainable customer analytics.

5.2 Error analysis
To better understand the differences between the
TBM and the black-box models, we manually ana-
lyze test samples where the best-performing con-
figurations disagree.

The BERTje-based production model, limited to
the first 512 tokens per call, often misclassifies
cases where the churn intent appears later in the
conversation. The GPT-4-based black-box model,
despite processing full transcripts, also struggles
when customers cancel or downgrade only part of
their subscription, which is labeled as Churn but
easily mistaken for No Churn.

In contrast, TBM errors are strongly tied to con-
cept activations. Misclassifications typically occur
when only weakly weighted concepts (e.g., Ser-
vice Usage = “stopped using service”) are trig-
gered, providing insufficient evidence for churn, or

when dissatisfaction-related concepts (e.g., Price
Sentiment, Subscription Flexibility Concern) co-
occur without an explicit switch intent. TBM also
fails due to a lack of concept activations when cus-
tomers confirm cancellation without any elabora-
tion, whereas black-box models often succeed in
those cases.

These findings highlight both the strengths and
limits of concept-based reasoning. Refining defi-
nitions to distinguish partial from full churn, ad-
justing prompts to better capture intent, and incor-
porating complementary non-textual features (e.g.,
call frequency, duration, or tenure) could further
improve robustness without compromising inter-
pretability.

5.3 Identifying Call Profiles
Setup. To illustrate possible insights enabled by the
TBM, we apply k-means clustering to the concept
representations s(t) from both the train and the test
set (400 samples in total). This allows us to group
calls with similar semantic profiles and analyze
their associated churn rates. We set k = 4, based
on a qualitative elbow-method inspection.
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Results. Figure 4 exemplifies the first two distinct
cluster patterns and their associated churn rates.
All four radar plots are provided with more details
in Figure 6 (Appendix K). Cluster 1 is near-neutral
on most concepts but shows high Technical Sup-
port Intent and Service Usage, suggesting engaged
customers seeking help. Churn rates in this cluster
are negligible, aligning with the assumption that
these customers are still engaged and attempting to
resolve problems. Cluster 2 scores low on both Ser-
vice Modification Intent and Service Usage, point-
ing to disengaged customers, with a churn rate of
98%, suggesting that these are “already lost” cus-
tomers. Cluster 3 exhibits negative Price Senti-
ment, frequent references to Relocation, signs of a
Provider Switch, and discontinued Service Usage,
reflecting customers who express dissatisfaction
along with clear reasons for leaving. Their churn
rate remains high at 80%. Cluster 4 shows moder-
ate dissatisfaction, with negative Price Sentiment
but positive Technical Support Intent, and a lower
churn rate of 16%.

These findings can offer guidance for business
decisions, e.g., by prioritizing retention efforts
for engaged but dissatisfied customers (Cluster 4)
while deprioritizing outreach to disengaged cus-
tomers with likely churn (Cluster 2).

5.4 Interactive Dashboard

To support practical adoption, we developed an in-
teractive dashboard deployed on the company’s in-
ternal infrastructure. Users can retrieve a transcript
by its identifier, trigger concept measurement, and
obtain a churn prediction from the best-performing
TBM model (Section 5.1). The interface displays
concept activations, LLM reasoning, highlighted
snippet evidence, and full concept descriptions.
This makes the TBM’s decision process transparent
and accessible to non-technical stakeholders. Early
internal feedback was highly positive, emphasizing
the app’s clarity and ease of use. An illustration of
the interface is provided in Appendix L.

6 Discussion & Conclusion

Our results show that while automatically gen-
erated concepts in the TBM exhibit the typical
trade-off between interpretability and predictive
performance (Rudin, 2019; Gilpin et al., 2018), this
gap largely disappears after domain-expert refine-
ment. The refined TBM performs on par with black-
box baselines, demonstrating that well-defined con-

cepts can capture task complexity without sacrific-
ing predictive performance.

Beyond performance, the TBM delivers clear
business value by making model reasoning explicit
and actionable. Concept activations help stakehold-
ers understand why customers churn, group similar
cases, and run “what-if” scenarios by adjusting
concept scores and observing prediction changes.
Its interpretable structure also enables human-in-
the-loop refinement, where experts update concepts
through prompt feedback to keep the model aligned
with evolving business needs. This accessibility
benefits both technical and non-technical users and
has generated strong interest, with active steps now
being taken towards deployment. Crucially, be-
yond churn, the TBM framework generalizes to
any regression or classification task with definable
intermediate concepts, making it a versatile tool
for interpretable, business-aligned models across
diverse operational workflows.

In sum, the TBM combines competitive perfor-
mance with transparency and actionability. By
translating complex language data into business-
relevant concepts, it empowers decision-makers
to understand, trust, and act on model insights, il-
lustrating how interpretable NLP can drive mea-
surable impact without compromising predictive
performance in real-world customer retention.

7 Limitations and Future Work

The TBM offers both global and local interpretabil-
ity: It identifies key concepts that drive predictions
across the dataset, and for each instance, it reveals
how strongly each concept is activated along with
supporting snippets. However, one might argue that
the framework merely shifts the black-box compo-
nent from the prediction layer (as in the black-box
models) to the Generation and Measurement Mod-
ules, which still rely on LLMs. While we assess the
measurement step by evaluating robustness (Ap-
pendix G) and snippet sufficiency (Appendix I),
these analyses do not establish whether the concept
measurements align with human judgment.

Similarly, although the TBM’s concept genera-
tion pipeline produces coherent and relevant con-
cepts, we have not systematically evaluated them
along dimensions such as clarity, redundancy, or
business value. Due to limited resources, we were
unable to conduct a thorough human evaluation or
use a larger (human-annotated) dataset. The latter
limits the strength of the conclusions we can draw
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characteristics and varying churn rates. The radar plots show the mean values of the concept activations within each
cluster.

in terms of the robustness and generalization of the
TBM. To address the former, we encourage future
work to perform human-centered assessments of
both the generation and measurement modules. For
instance, Ludan et al. (2024) conducted expert eval-
uations of concept quality, using criteria such as
relevance, redundancy, and difficulty, and human
annotation of concept measurements. Applying
such methodologies to our churn setting could help
validate the TBM’s interpretability and ensure that
its outputs support actionable, trustworthy deci-
sions.

Another limitation of the current implementation
of the TBM-framework is its high computational
cost. Unlike the black-box models, which require
only a single prompt per input, the TBM involves
a separate prompt for each concept, making it less
feasible in settings with budget constraints or API
rate limits. Although Ludan et al. (2024) propose
batching multiple concepts into a single prompt
to mitigate this issue, we found that this approach
often compromised measurement quality. We sus-
pect that this is likely due to the significantly longer
and more complex nature of our input texts (e.g.,
multi-turn customer service dialogues) compared
to the shorter texts used in datasets like CEBaB
(Abraham et al., 2022) used by Ludan et al. (2024).
Nonetheless, as LLM capabilities are expected
to continue to improve, revisiting multi-concept
prompting remains a promising direction. Alter-
natively, future work could explore the implemen-
tation of the approach by Sun et al. (2025), who
replace the LLM-based concept measurement in
their CB-LLM model with a sentence-embedding
model (e.g., all-mpnet-base-v2 from Hugging-
face (Wolf et al., 2020)), to estimate concept rele-

vance through similarity between sentence embed-
dings of the input and concept descriptions. An-
other option, especially as the number of concepts
grows, is to pre-process the transcript to identify rel-
evant concepts, measure only those with the LLM,
and assign the neutral response to the others.

Additionally, as our dataset consists of customer
call transcripts, both the TBM framework and the
black-box models we compare it with are con-
strained by errors introduced by the speech-to-text
system used to generate these transcripts. Although
internal procedures aim to ensure high transcription
quality, we did not conduct a preliminary qualita-
tive analysis of potential transcription errors.

To conclude, our experiments were limited to
variants of logistic regression and decision trees,
though many alternative white-box models exist
(see Rudin (2019) for an overview). A particularly
promising example is the globally interpretable
additive model by Chen et al. (2018), which pro-
duces sparse, rule-based explanations that are well
suited to our concept-level representation, espe-
cially for tasks where the TBM-framework involves
a large number of concepts. We also only evalu-
ated two LLMs of OpenAI’s GPT-family. Future
work should explore other LLMs, including open-
sourced variants which could be finetuned to this
domain. Finally, our BERTje-based classifier base-
line was limited to the first 512 tokens per call. We
encourage future work to include stronger base-
lines, such as a BERT-based classifier that processes
each call transcript in chunks and aggregates the
results.
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A Methodology Details

Given a training set Dtrain = {(ti, yi)}Ni=1 of input
texts t with labels y, and a test set Dtest, the Text
Bottleneck Model (TBM) defines an interpretable
intermediate representation based on K categorical
concepts C = {c1, . . . , cK}.

Concept Measurement. For each concept ck ∈
C and input text t, the measurement module pro-
duces a score

s(t, ck) ∈ R,

where the value reflects the polarity and intensity
of the concept in t (positive = supportive evidence,
negative = adverse evidence, zero = absence or
uncertainty).

The full concept representation of t is given by:

s(t) = [s(t, c1), s(t, c2), . . . , s(t, cK)] ∈ RK .

Prediction Layer. A white-box classifier f :
RK → Y (e.g., logistic regression or decision tree)
is trained on concept vectors:

ŷ = f(s(t)).

Interpretability. The weights of f indicate the
relative importance of each concept, giving global
explanations across the dataset. On a sample-
level, local explanations are obtained by the scores
s(t, ck) and the supporting evidence snippets.
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B LLM Selection

In our experiments, we use OpenAI’s GPT-4 family
of models accessed via the Azure OpenAI API. For
concept generation and measurement, we rely on
gpt-4-turbo-128k, one of the most capable pub-
licly available models at the time. To assess per-
formance trade-offs, we also evaluate the smaller
and cheaper gpt-4o-mini for concept measure-
ment. Both GPT models support a 128k-token
context window, enabling them to handle full-call
transcripts with multiple conversational turns. We
note that this work focuses on thoroughly evaluat-
ing the proposed approach and its applicability to
the churn classification task, rather than comparing
different LLMs for the TBM. Exploring a broader
set of models, including open-source alternatives
such as Mistral (Jiang et al., 2023), is left for future
work.

C Hyperparameter Tuning

We tune hyperparameters via 5-fold cross-
validation on Dtrain: inverse regularization
strength C ∈ {0.01, 0.1, 1, 10, 100} for L1-
regularized logistic regression, and max_depth ∈
{3, 5, 10, 15}, min_samples_split ∈ {2, 5, 10},
and min_samples_leaf ∈ {1, 2, 4} for decision
trees.

D Metrics

Due to the class imbalance in churn data, we use
F1-score, Cohen’s κ and AUPRC to provide a
more rigorous evaluation than standard accuracy.
The F1-score provides a balanced harmonic mean
of precision and recall, ensuring the model effec-
tively captures churning customers without exces-
sive false positives. To ensure these results are
not inflated by the class distribution, Cohen’s κ to
measure the agreement between predictions and
reality beyond what would be expected by random
chance. Finally, the Area Under the Precision-
Recall Curve (AUPRC) evaluates the model’s per-
formance across all classification thresholds and is
a function of the model’s confidence in its response,
offering a more sensitive assessment of minority
class identification than standard accuracy or ROC
curves.

E Concept Measurement Example

We report a sample concept measurement of
the concept Provider Switch Mentioned on a

dummy transcript in Figure 5. [company] denotes
a redacted competitor name and was applied
manually after model inference.

F Refined Concept Details

F.1 Obtaining Refined Concepts
TelCo’s domain experts. The domain expert
group at TelCo that we collaborated with in this
work is an internal cross-functional team focusing
on churn prevention. For this project, the group
provided business input to ensure that the extracted
concepts aligned with actionable business levers
(e.g., pricing, service modification, contract flexi-
bility).

Refinement process. An initial set of promis-
ing concepts was written manually by the au-
thors and refined using a zero shot prompting of
gpt-4-turbo-128k. This resulted in the concepts
Price Sentiment and Provider Switch. Through au-
tomatic generation, the concepts Service Usage,
Technical Support Intent, Subscription Flexibility
Concern, and Communication Style were identified.
These were then manually reviewed and refined
by the authors and then further revised in collabo-
ration with the churn analysts group. Refinement
primarily involved: simplifying wording for clarity,
enriching concept descriptions with examples, re-
move overlapping options from the response guide
enriching the response guide to clearly separate
the different options, ensuring actionability from a
business perspective. Given that our expert-refined
concept set is non-exhaustive, we anticipate that
performance can be further enhanced by incorpo-
rating additional concepts to capture more niche
churn signals.

Changes made. From the initial pool of con-
cepts:

• Kept: Price Sentiment, Provider Switch, Sub-
scription Flexibility Concern, Service Usage,
Technical Support Intent

• Modified: All five concepts were refined by
expanding the concept description and adding
examples in the response guide.

• Added: Two new concepts were proposed
by the domain experts to capture business-
specific factors not suggested by the model:
Relocation Mention, Service Modification In-
tent

1014



• Removed: Communication Style, since it
was not actionable and not directly related
to Churn.

F.2 Concept Details
For transparency, we include the final definitions
of the concepts used in the Text Bottleneck Model.
To protect commercially sensitive details, some
fields (response guide) have been redacted (explic-
itly stated), while other fields (concept description,
concept question) have been simplified (in italics).
We present the full version of the concept Reloca-
tion Mention to give an impression of the overall
level of detail of the concept definitions.
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Key Value
Concept Name Relocation Mention
Concept Description Relocation Mention captures whether the customer mentions moving to a new home, and whether this move is associated

with continuing or canceling [TelCo] service.
Concept Question Does the customer mention moving houses, and do they express an intent to cancel or continue their [TelCo] service as a

result?
Possible Responses Moving and Canceling Service, Possible Relocation Mentioned, No Mention of Relocation, Moving and Continuing Service
Response Guide Moving and Canceling Service: The customer clearly states that they are moving and plan to cancel their [TelCo] service or

taking a subscription from a different provider at the new address. Examples: "I am moving, so I am cancelling everything.",
"We are not getting any more [TelCo] in the new house.".
Possible Relocation Mentioned: There is an indirect mention or hint of a move, without confirmation or clarity on service
continuation or cancellation. Examples: "We are looking for a new house.", "Maybe we will move this year.".
No Mention of Relocation: There is no mention of moving houses or any change in living situation during the call.
Moving and Continuing Service: The customer mentions moving but also expresses an intent to keep using [TelCo], such
as arranging a transfer of service. Examples: "We are moving soon, can I take [TelCo] with me?", "I want to connect internet
at the new address.".

Response Mapping Moving and Canceling Service: -3, Possible Relocation Mentioned: -1, No Mention of Relocation: 0, Moving and
Continuing Service: +3

Table 2: JSON Representation for the concept Relocation Mention.

Key Value

Concept Name Price Sentiment

Concept Description Captures whether the customer expresses negative, neutral, or positive sentiment towards the price
of [TelCo].

Concept Question Does the customer express their opinion about the prices of [TelCo] during the call?

Possible Responses Satisfied, Neutral, Dissatisfied

Response Guide Redacted for commercial sensitivity.

Response Mapping Satisfied: +3, Neutral: 0, Dissatisfied: -3

Table 3: JSON Representation for the concept Price Sentiment.

Key Value

Concept Name Provider Switch

Concept Description Captures whether the customer refers to switching between providers (either to or from [TelCo]).

Concept Question Does the customer mention a provider switch?

Possible Responses Competitor Mentioned Directly, Competitor Implied, No Provider Switch Mentioned, Switch to
[TelCo]

Response Guide Redacted for commercial sensitivity.

Response Mapping Competitor Mentioned Directly: -3, Competitor Implied: -1, No Provider Switch Mentioned: 0,
Switch to [TelCo]: +3

Table 4: JSON Representation for the concept Provider Switch.

Key Value

Concept Name Service Modification Intent

Concept Description Captures whether the customer shows intent to change their existing service package (e.g.,
upgrade or downgrade).

Concept Question What is the customer’s intention regarding modification of their service?

Possible Responses Downgrade Service, Inquire About Downgrading, No Clear Modification Intent, Inquire About
Upgrading, Upgrade Service

Response Guide Redacted for commercial sensitivity.

Response Mapping Downgrade Service: -3, Inquire About Downgrading: -1, No Clear Modification Intent: 0,
Inquire About Upgrading: +1, Upgrade Service: +3

Table 5: JSON Representation for the concept Service Modification Intent.
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Sample Transcript:
[agent][00:00]: Good afternoon, welcome to [TelCo] customer service. How can I help you?

[customer][00:04]: Hello, I am moving in two weeks and do not want to renew my contract.
I just wanted to discuss what my options are.

[agent][00:10]: Of course. May I ask what the reason is that you do not want to continue the
contract?

[customer][00:14]: I have actually been very satisfied with the price and service from [TelCo].
That is not the issue.

[agent][00:18]: Good to hear. What makes you want to stop then?

[customer][00:22]: When moving, I prefer some flexibility. I saw that [company] has a moving offer
where I get a shorter contract. With [TelCo], I am immediately tied down for another
year, and that just doesn't fit my situation right now. With other providers, you
can choose a shorter contract.

[agent][00:36]: I get it. So you are looking for something that fits better with a temporary living
situation?

[customer][00:40]: Exactly. I don't know yet how long I will stay at the new address. I don't know yet
if I will stay there or have to move again afterwards, so a long-term contract feels
like a risk right now.

[agent][00:48]: Clear, thanks for the explanation. I would be happy to look into whether we can offer
something more flexible.

Measured Response: competitor mentioned directly

Snippets Dictionary:
{
'competitor mentioned directly': [
'I saw that [company] has a relocation offer where I get a shorter contract',
'I am switching to [company]. Their offer fits better at the moment'
],
'competitor implied': [
'other providers aren't so difficult about that'
],
'no provider switch mentioned': [],
'switch to TelCo': []
}

Thoughts: The customer explicitly mentions [company] as the competitor they are considering switching
to, citing specific features of their offer that better meet their needs. There is also an implied
mention of other competitors in general, but the focus is on [company]. There is no indication of
switching to [TelCo].

Figure 5: Illustrative conversation sample and annotation.

Key Value

Concept Name Service Usage

Concept Description Captures whether the customer indicates active, discontinued, or no mention of service usage.

Concept Question Does the customer indicate using or having stopped using [TelCo] services?

Possible Responses Stopped Using Service, No Mention of Service Usage, Using Service

Response Guide Redacted for commercial sensitivity.

Response Mapping Stopped Using Service: -3, No Mention of Service Usage: 0, Using Service: +3

Table 6: JSON Representation for the concept Service Usage.
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Key Value

Concept Name Subscription Flexibility Concern

Concept Description Captures whether the customer expresses satisfaction, dissatisfaction, or neutrality about the
flexibility of subscription terms (e.g., contract duration, cancellation, modifications).

Concept Question Does the customer comment on the flexibility of their subscription?

Possible Responses Dissatisfied with Flexibility, Neutral or No Mention of Flexibility, Satisfied with Flexibility

Response Guide Redacted for commercial sensitivity.

Response Mapping Dissatisfied with Flexibility: -3, Neutral or No Mention of Flexibility: 0, Satisfied with Flexibility:
+3

Table 7: JSON Representation for the concept Subscription Flexibility Concern.

Key Value

Concept Name Technical Support Intent

Concept Description Captures whether the customer is seeking technical support, or expressing unresolved technical
frustration.

Concept Question Does the customer mention technical issues or ask for technical support?

Possible Responses Technical Issues and No Longer Seeking Help, No Mention of Technical Issues or Support,
Seeking Help with Technical Issue

Response Guide Redacted for commercial sensitivity.

Response Mapping Technical Issues and No Longer Seeking Help: -3, No Mention of Technical Issues or Support:
0, Seeking Help with Technical Issue: +3

Table 8: JSON Representation for the concept Technical Support Intent.
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G Concept Measurement Robustness

Setup. Given the length and occasional noisiness
of call transcripts, we assess the robustness of the
concept measurement process by repeating it three
times on the combined dataset Dtrain ∪ Dtest. We
evaluate consistency using triple agreement (the
proportion of samples where all three runs yield
the same measurement response) and Fleiss’ Kappa
κ (Fleiss, 1971), a standard inter-rater reliability
metric.
Results. The results indicate high stability, with
an average triple agreement of 0.943 ± 0.027 and
a Fleiss’ Kappa κ of 0.903 ± 0.027 across con-
cepts, suggesting near-perfect consistency. Quali-
tative inspection further supports this, as disagree-
ments were limited to adjacent response classes
(e.g., switching between “downgrade service” and
“inquire about downgrading”). Concept-specific
results are provided in Table 9.

Concept Triple Agreem. Fleiss Kappa

Provider Switch 0.96 0.905
Price Sentiment 0.94 0.872
Relocation Mention 0.98 0.956
Tech. Supp. Intent 0.92 0.897
Serv. Mod. Intent 0.94 0.916
Subs. Flex. Concern 0.96 0.885
Service Usage 0.90 0.893

Average 0.943 ± 0.027 0.903 ± 0.027

Table 9: Agreement metrics for each concept. Triple
Agreement shows the proportion of samples with iden-
tical labels across three runs. Fleiss Kappa measures
inter-rater agreement accounting for chance. The av-
erage and standard deviation (±) are reported across
concepts.

H Chain-of-thought ablation

Setup. Prior work has shown that prompting LLMs
to explicitly reason about their answers can im-
prove task performance, which is known as “Chain-
of-Thought”-prompting (Wei et al., 2022). In the
TBM framework, the measurement model is asked
to include a brief “thoughts” section, explaining
its final response based on the extracted snippets.
To test whether this reasoning step contributes to
performance, we re-run the experiment without re-
questing the thoughts section.
Results. Using gpt-4-turbo-128k and the best-
performing prediction layer configuration (see Ta-
ble 1), validation accuracy drops to 85.35%, F1-
score to 84.49%, and AUROC to 91.97%. This
finding suggests that prompting the model to rea-

son about the extracted evidence helps it arrive at
more accurate and robust concept measurements,
which in turn lead to better prediction performance.

I Snippet Analysis and Sufficiency

Setup. The extracted snippets associated with each
concept measurement are central to the local inter-
pretability of the TBM framework (e.g., “I’m not
using the TV anymore.” is a representative snip-
pet for “Stopped using service”). To analyze snip-
pet quality, we first report concept-level statistics,
such as the number of snippets per measurement
and the proportion of exact, non-fuzzy matches in
the original transcript. Next, we assess whether
the extracted snippets alone provide sufficient ev-
idence to accurately recover the original concept
measurement. We conduct two experiments: (i) We
provide gpt-4-turbo-128k with a concept and a
dictionary where each response is paired with its
extracted snippets, and ask which response is best
supported. However, this can be trivial since the
measurement model often extracts snippets only
for the selected response, revealing the answer via
a single non-empty entry. (ii) To address this, we
repeat the experiment using only the snippets of the
selected response, without any dictionary, to see if
an independent LLM draws the same conclusion.
For both experiments, we exclude cases with no ex-
tracted snippets, as these typically indicate neutral
responses and offer no basis for evaluation, leaving
2043 of 2800 measurements.

Results. Table 10 summarizes key properties of
the extracted snippets per concept. Notably, on av-
erage, 0.88± 0.01 of the snippets appear as direct
matches in the original transcript. Through qualita-
tive analysis, we observe that deviations typically
occur due to preprocessing artifacts (e.g., ellipses
added during anonymization) or transcription noise,
which the model sometimes subtly “repairs” to re-
store fluency. As for snippet sufficiency, we find
that an independent LLM can accurately predict
the correct concept measurement based on the snip-
pets: 90.6± 3.2% accuracy using the full snippet
dictionary, and 87.1±1.9% using only the selected
response’s snippets. These results suggest that the
TBM framework produces snippet evidence that
is both faithful to the input text and sufficient to
support its concept-level decisions. Preliminary
qualitative analysis supports this sufficiency. Full
per-concept results are provided in Table 11.
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Concept Total Snippets Avg. Length Avg. Snippets / Transcript Prop. Found Prop. 0 Resp.

Provider Switch 608 72.45 ± 41.06 1.48 ± 1.30 0.88 0.33
Price Sentiment 205 84.53 ± 54.06 0.50 ± 0.93 0.88 0.72
Relocation Mention 528 72.31 ± 40.49 1.29 ± 1.23 0.86 0.39
Service Modification Intent 855 73.30 ± 41.96 2.09 ± 1.13 0.90 0.11
Service Usage 831 64.96 ± 37.31 2.03 ± 1.25 0.88 0.12
Subscription Flexibility Concern 629 84.51 ± 52.26 1.53 ± 1.38 0.89 0.33
Technical Support Intent 1147 86.17 ± 49.87 2.80 ± 1.16 0.89 0.01

Average 686.14 76.66 ± 45.64 1.67 ± 1.38 0.88 ± 0.01 0.29 ± 0.22

Table 10: Concept-level snippet statistics based on 400 transcripts × 7 concepts = 2800 concept measurements:
total snippet count, average snippet length in characters (mean ± std), average number of snippets per transcript
(mean ± std), the proportion of snippets found as a perfect, non-fuzzy match in the original transcript, and the
proportion of samples where no snippets were extracted for any response. The average and standard deviation (±)
are reported across concepts.

Concept Full Dict (All) Meas. Resp. Snippets (All) Full Dict (Non-empty) Meas. Resp. Snippets (Non-empty)

Provider Switch 0.993 0.922 0.993 0.886
Price Sentiment 0.988 0.971 0.957 0.896
Relocation Mention 0.988 0.917 0.980 0.864
Service Mod. Intent 0.997 0.868 0.997 0.851
Service Usage 0.971 0.876 0.967 0.859
Subscription Flex. Concern 0.968 0.898 0.952 0.846
Technical Support Intent 0.988 0.893 0.988 0.892

Average 0.985 ± 0.010 0.906 ± 0.032 0.976 ± 0.016 0.870 ± 0.019

Table 11: Concept label prediction accuracy using full dictionaries vs. extracted snippets of the measured response.
’All’ includes all 2870 samples, ’Non-Empty’ includes only samples with at least one extracted snippet. The average
and standard deviation (±) are reported across concepts.

J Prediction Performance

Concept Coefficient

Provider Switch −2.85
Service Modification Intent −1.77
Relocation Mention −1.72
Price Sentiment −0.67
Subscription Flexibility Concern −0.61
Technical Support Intent −0.33
Service Usage −0.24

Table 12: Concept importance based on logistic regres-
sion coefficients, sorted from most to least negative.
More negative values indicate stronger association with
the “Churn” label.
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Framework (Measurement Model) Prediction Model F1-Score Cohen’s κ AUPRC

Black-Box Production Model (n.a.) BERTje 0.9081 0.8429 –

GPT-4 Black-Box (n.a.) gpt-4-turbo-128k 0.9485 0.8996 –
gpt-4o-mini 0.9307 0.8752 –

TBM (gpt-4-turbo-128k)

Logistic Regression (no reg.) 0.9198 0.8655 0.9254
Logistic Regression (L1-reg.) 0.9184 0.8621 0.9230
Logistic + Interactions (no reg.) 0.8780 0.7984 0.8812
Logistic + Interactions (L1-reg.) 0.8615 0.7752 0.8645
Decision Tree 0.8835 0.8091 0.8522

TBM (gpt-4o-mini)

Logistic Regression (no reg.) 0.9026 0.8315 0.9098
Logistic Regression (L1-reg.) 0.8889 0.8122 0.8955
Logistic + Interactions (no reg.) 0.8571 0.7680 0.8504
Logistic + Interactions (L1-reg.) 0.8358 0.7410 0.8291
Decision Tree 0.8744 0.7955 0.8388

Table 13: Performance comparison between two black-box models (BERTje- and GPT-4-based black-box model)
and the TBM with refined concepts. The best-performing model is highlighted in bold, second-best in italics,
third-best is underlined.

K Identifying Call Profiles

Subscription Flexibility Concern
{

  "dissatisfied with flexibility": -3,
  "neutral or no mention of flexibility": 0,

  "satisfied with flexibility": 3
}

Service Modification Intent
{

  "downgrade service": -3,
  "inquire about downgrading": -1,
  "no clear modification intent": 0,

  "inquire about upgrading": 1,
  "upgrade service": 3

}

Provider Switch
{

  "competitor mentioned directly": -3,
  "competitor implied": -1,

  "no provider switch mentioned": 0,
  "switch to [TelCo]": 3

}

Technical Support Intent
{

  "technical issues and no longer seeking help": -3,
  "no mention of technical issues or support": 0,

  "seeking help with technical issue": 3
}

Relocation Mention
{

  "moving and canceling service": -3,
  "possible relocation mentioned": -1,

  "no mention of relocation": 0,
  "moving and continuing service": 3

}

Price Sentiment
{

  "dissatisfied": -3,
  "neutral": 0,
  "satisfied": 3

}

Service Usage
{

  "stopped using service": -3,
  "no mention of service usage": 0,

  "using service": 3
}
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Cluster 1 Profile (79 samples)
Actual Churn Rate: 6.3% | Predicted Churn Rate: 3.8%

Subscription Flexibility Concern
{

  "dissatisfied with flexibility": -3,
  "neutral or no mention of flexibility": 0,

  "satisfied with flexibility": 3
}

Service Modification Intent
{

  "downgrade service": -3,
  "inquire about downgrading": -1,
  "no clear modification intent": 0,

  "inquire about upgrading": 1,
  "upgrade service": 3

}

Provider Switch
{

  "competitor mentioned directly": -3,
  "competitor implied": -1,

  "no provider switch mentioned": 0,
  "switch to [TelCo]": 3

}

Technical Support Intent
{

  "technical issues and no longer seeking help": -3,
  "no mention of technical issues or support": 0,

  "seeking help with technical issue": 3
}

Relocation Mention
{

  "moving and canceling service": -3,
  "possible relocation mentioned": -1,

  "no mention of relocation": 0,
  "moving and continuing service": 3

}

Price Sentiment
{

  "dissatisfied": -3,
  "neutral": 0,
  "satisfied": 3

}

Service Usage
{

  "stopped using service": -3,
  "no mention of service usage": 0,

  "using service": 3
}
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Cluster 2 Profile (108 samples)
Actual Churn Rate: 98.1% | Predicted Churn Rate: 99.1%

Subscription Flexibility Concern
{

  "dissatisfied with flexibility": -3,
  "neutral or no mention of flexibility": 0,

  "satisfied with flexibility": 3
}

Service Modification Intent
{

  "downgrade service": -3,
  "inquire about downgrading": -1,
  "no clear modification intent": 0,

  "inquire about upgrading": 1,
  "upgrade service": 3

}

Provider Switch
{

  "competitor mentioned directly": -3,
  "competitor implied": -1,

  "no provider switch mentioned": 0,
  "switch to [TelCo]": 3

}

Technical Support Intent
{

  "technical issues and no longer seeking help": -3,
  "no mention of technical issues or support": 0,

  "seeking help with technical issue": 3
}

Relocation Mention
{

  "moving and canceling service": -3,
  "possible relocation mentioned": -1,

  "no mention of relocation": 0,
  "moving and continuing service": 3

}

Price Sentiment
{

  "dissatisfied": -3,
  "neutral": 0,
  "satisfied": 3

}

Service Usage
{

  "stopped using service": -3,
  "no mention of service usage": 0,

  "using service": 3
}
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Cluster 3 Profile (85 samples)
Actual Churn Rate: 80.0% | Predicted Churn Rate: 75.3%

Subscription Flexibility Concern
{

  "dissatisfied with flexibility": -3,
  "neutral or no mention of flexibility": 0,

  "satisfied with flexibility": 3
}

Service Modification Intent
{

  "downgrade service": -3,
  "inquire about downgrading": -1,
  "no clear modification intent": 0,

  "inquire about upgrading": 1,
  "upgrade service": 3

}

Provider Switch
{

  "competitor mentioned directly": -3,
  "competitor implied": -1,

  "no provider switch mentioned": 0,
  "switch to [TelCo]": 3

}

Technical Support Intent
{

  "technical issues and no longer seeking help": -3,
  "no mention of technical issues or support": 0,

  "seeking help with technical issue": 3
}

Relocation Mention
{

  "moving and canceling service": -3,
  "possible relocation mentioned": -1,

  "no mention of relocation": 0,
  "moving and continuing service": 3

}

Price Sentiment
{

  "dissatisfied": -3,
  "neutral": 0,
  "satisfied": 3

}

Service Usage
{

  "stopped using service": -3,
  "no mention of service usage": 0,

  "using service": 3
}
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Cluster 4 Profile (128 samples)
Actual Churn Rate: 15.6% | Predicted Churn Rate: 7.8%

Figure 6: Results of k-means on concept representations. We identify four distinct clusters with different character-
istics and varying churn rates. The radar plots show the mean values of the concept responses within each cluster.
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L Interactive dashboard

Figure 7: Screenshot of the interactive dashboard on a manually created transcript. Users can enter the unique
contact ID of a call transcript they want to analyze with the TBM. Upon completion, they see the predicted label
of the black-box production model and TBM. Then, they can explore the individual concept measurements and
automatically highlight the extracted snippets in the transcript, colored by response option. They can also explore
the model thoughts and the concept details. [company] refers to a redacted competitor and was applied manually
after model inference.
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M Prompts

Concept Feature Engineering Task (Redacted)

You are an expert data scientist working for [TelCo], a large European telecommunications company. The company wants to predict
whether customers will churn and, more importantly, identify the key business-relevant reasons for churn. This analysis is
based on customer call transcripts labeled with binary categories:
- "Churn" (customer contacts [TelCo] with the intention of terminating their subscription)
- "No Churn" (customer contacts [TelCo] for another reason and continues their subscription)

Your task is to propose a new concept that helps distinguish between the labels.
A description of what a good concept contains was provided internally, but is not included here for confidentiality reasons.

Concept Definition Format (simplified):
{
"Concept Name": "...",
"Concept Description": "...",
"Concept Question": "...",
"Possible Responses": [...],
"Response Guide": "...",
"Response Mapping": {...}

}

Examples of accepted and rejected concepts, as well as representative transcripts,
were provided internally to guide generation but are not included here for
confidentiality reasons.

Definition:

Figure 8: Concept Generation Prompt. Words in curly brackets (e.g., {concept}) indicate placeholders and are
dynamically replaced with specific values depending on the context in which the prompt is applied. [company]
denotes a redacted competitor name and was applied manually after model inference.

Concept Improvement Task

You are an expert data scientist working for [TelCo], a leading European telecommunications company. [TelCo] wants to predict customer
churn while also identifying the key business-relevant reasons that drive churn. This analysis is based on customer
service call transcripts
labeled as follows:
- "Churn": The customer contacts [TelCo] with the intent of terminating their subscription.
- "No Churn": The customer contacts [TelCo] for another reason and continues their subscription.

You are given a concept that might need improvement.
A description of potential areas of improvements was provided internally (e.g., validity, clarity, formatting),
but is not included here for confidentiality reasons.

Your task is to return information about any potential problems in the concept along with the improved concept.
If the concept is already well-formed and requires no changes, return the original concept with `"None"` for other responses.

Examples of flawed concepts and their improved versions were provided internally,
but are not included here for confidentiality reasons.

---
Below is the concept for you to improve.
{concept}
{user_feedback (optional additional feedback from the user)}
Response:

Figure 9: Concept Improvement Prompt. Words in curly brackets (e.g., {concept}) indicate placeholders and are
dynamically replaced with specific values depending on the context in which the prompt is applied. [company]
denotes a redacted competitor name and was applied manually after model inference.
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Concept Measurement Task

You work for [TelCo], a European telecom provider. Your task is to analyze a customer call transcript and determine whether
a certain concept appears in the conversation.

You will receive:
- A concept definition
- A customer call transcript

Your job is to:
1. Read the entire transcript carefully from beginning to end. Important clues may appear late in the conversation.
2. Extract short, specific snippets that directly support each possible label in the response guide.
3. Reason about the classification using only the snippets.
4. Select the best-fitting classification — the one most directly supported by the content.

A set of guidelines was provided internally (e.g., "use only what is explicitly stated in the transcript",
"follow the exact response format"), but is not shown here for confidentiality reasons.

An example of how the task is expected to be performed was provided internally,
but is not shown here for confidentiality reasons.

Now, it is your turn to complete the task for the concept below.
Do not infer — classify based only on clear, direct statements.
Check the whole transcript before answering.

---
Concept:
{concept}

Transcript: {transcript}
Response JSON:

Figure 10: Concept Measurement Prompt. Words in curly brackets (e.g., {concept}) indicate placeholders and are
dynamically replaced with specific values depending on the context in which the prompt is applied. [company]
denotes a redacted competitor name and was applied manually after model inference.

Churn Classification Task

You work for [TelCo], a European telecom provider. Your task is to analyze a customer call transcript and determine
whether the main purpose of the call is about churning — meaning the customer
wants to cancel all or part of their [TelCo] subscription.

You will receive:
- A full transcript of a customer service call.

Your task is to:
1. Read the entire transcript carefully. Important clues may appear at any point.
2. Extract short, specific snippets that directly support either 'Churn' or 'No Churn'.
3. Based on this evidence, decide which label fits best.
4. Return the result using the exact JSON format below.

Guidelines:
A set of clean guidelines was provided internally (e.g., "use only what is explicitly stated in the transcript",
"follow the exact response format"), but is not shown here for confidentiality reasons.

An example of how the task is expected to be performed was provided internally, but is not shown here for confidentiality reasons.

---
Now analyze the following transcript. Return only the JSON response. Do not add any other text.

Transcript:
{transcript}
Response JSON:

Figure 11: Black-Box Model Prompt. Words in curly brackets (e.g., {transcript}) indicate placeholders and are
dynamically replaced with specific values depending on the context in which the prompt is applied. [company]
denotes a redacted competitor name and was applied manually after model inference.
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