Actionable Interpretability for Churn Classification:
A Text Bottleneck Model Case Study
at a Major Telecom Provider
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Motivation Text Bottleneck Model
Context (a) Concept Generation Module (b) Concept Measurement Module
- M13a nagi ng customer churnis vital for Dynamic Prompt Concept: Relocation Mention
] ] ] St @ LLM Concept ) [agent]: Gooc} afternc?on, welcome to [TeIC(?], how can | help you?
Su bSC Il pt|o n- ba Sed b usinesses Metadata [custor_nel_']: I'm movmg‘soon an_d w.ould like to cancel my
I __Subscription, because Im not using tanymore.
Problem — Explanaton. One ot for Moving and cancelng sonice, T
_ C urre nt mOd e I.S C laSSify C h urn b Ut d on |t Examples 6 Examples Bottleneck ::hustomgr mentions that they are moving and that they want to terminate
e service
explain it — leaving retention teams without ®& ,_,_M)_T (c) Prediction Layer
gwdance = ( Price Sentiment 1N 0 X i 0.67 \ — ( 0 1)
Customer Call Transcript . ) - _ ) . )
Our solution [agent]: Good afternoon, Service Usage -3 X [ o024 | = [ -072 -
welcome to [TelCo], how can > < — > d > d o3
- TeXt BOttleneCk MOdel (TBM) [1 ]: | help you? < Relocation Mention > -3 )¢ 1.72 — -5.16 > o Q
: : [customer]: I’'m moving soon > < S — > < > d S Q
mterpretable Concept layer > actionable and would like to cancel my X Provider Switch ) 0 }- X \ 2.85 = 0 = 8
retention guidance e oo s Hm et 5 s . :
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Example Concept Dataset & Models
Relocation Mention a Dataset N ( Models h

* 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. * Expert-annotated * TBM: gpt-.4-.turbo-1 28k,
- - - . dataset in Dutch gpt-4o0-mini
* Question: Does the customer mention moving houses, and do they express an intent to cancel or
continue their [TelCo] service as a result? » Artificially balanced  Baseline (black-box):
* Response Guide: train set (100 Churn, Domain-adapted
e Moving and Canceling Service (-3): The customer clearly states that they are moving and plan to 100 No Churn samples) BERTje [2], gpt-4-turbo+

128k, gpt-4o0-mini

cancel their [TelCo] service or taking a subscription from a different provider at the new address.
: ] & > : e Natural® test set: 28

* Possible Relocation Mentioned (-1): There is an indirect mention or hint of a move, without Churn. 172 No Churn
confirmation or clarity on service continuation or cancellation. ’

samples
* No Mention of Relocation (0): There is no mention of moving houses or any change in living situation
during the call. —
* Moving and Continuing Service (3): The customer mentions moving but also expresses an intent to @ @
keep using [TelCo], such as arranging a transfer of service. \_ J U )
J
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Predictive Performance Additional Results
Framework Prediction Model F1-Score Cohen’s s AUPRC /Fin ding 4 A KFin ding 5 A fFindin g6 A
Black-Box Production Model BERTje 0.9081 0.8429 —
0.943 34.49% 38%
Black-Box GPT-4 gpt-4-turbo-128k 0.9485 0.8996 — , . . . .
_______________________________ - avg. triple agreement F1 without chain-of- direct transcript
Logistic Regression (noreg)  0.9198 ' 08655 ' 09254 thought matches
Logistic Regression (L1-reg.) 0.9184 0.8621 0.9230
TBM Logistic + Interactions (no reg.) 0.8780 0.7984 0.8812 > Concept > Chain-of-thought > Snippets are faithful
Logistic + Interactions (L1-reg.) 0.8615 0.7752 0.8645 measurements are improves and sufficient
Decision Tree 0.8835 0.8091 0.8522 consistent performance (91.98%)
Finding 1 . TBM W|th 7 eXpert-I‘eflned COﬂCeptS peI’fOrmS COm pet|t|vely Repeated concept scoring Removing the ,thoughts® section Independent LLM can predict
. produces stable results across from the prompt measurably concept scores from snippets
with blackbox models runs reduces F1-score alone — no full transcript
needed
Finding 2: Expert-refined concepts outperform automatic concept . L JAN )
: generation (max. F1-score: 0.7325) I )
Ildentifying Call Profiles
............... Cluster.2.Profile (108.5amples). . .uuwevennenn, jnnnnennnnenaeCIUSLER 4 Profile (128 samples)...oveininnnns,
: Actual Churn Rate: 98.1% | Predicted Churn Rate: 99.1% :: Actual Churn Rate: 15.6% | Predicted Churn Rate: 7.8% :
Provider Switch Provider Switch
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