
BC-LLM
• Leverage LLMs to provide a prior over concepts, propose candidate 

concepts, extract concepts, and iteratively refine the concepts.
• To overcome errors or inconsistencies in the LLM, BC-LLM frames the LLM-

guided concept search as a Bayesian posterior sampling procedure, which 
allows for statistically rigorous inference and uncertainty quantification:
• Theorem (Informal): Even if the LLM defines an imperfect prior, BC-LLM 

will converge to the true concepts asymptotically.

BC-LLM learns accurate yet interpretable concept 
bottleneck models by using LLMs to iteratively 
hypothesize, annotate, and refine candidate concepts 
within a statistically rigorous Bayesian framework

Efficient LLM Search over Concepts
• Formally, BC-LLM searches over candidate 

concepts using Gibbs sampling.
• To search over concepts as efficiently as 

possible, we leverage Multiple Try Split-
Sample Metropolis-within Gibbs, in which 
the LLM proposes multiple candidate 
concepts each iteration and selects the one 
best aligned with the data.
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• We can determine if a model has a prediction without recourse by checking its 
prediction on a single point 

• If is fixed, we can certify Recourse(
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Bayesian Concept Bottleneck Models 
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Motivation
• Concept Bottleneck Models (CBMs) leverage black-box models to extract 

interpretable concepts, which serve as inputs to a transparent prediction 
model.

• CBMs currently require human experts to identify and extract a set of candidate 
concepts a priori. The size of this set is limited by practical constraints and, 
more importantly, may not include truly relevant concepts.

Overview of BC-LLM

0. Keyphrase extraction 
Q: “List keyphrases in the clinical note”

Patient 1: 60-year old 
man reports chest pain. 
Prior history of smoking 
and high blood pressure.

Elderly,

Chest pain, 

Smoking

Patient 2: 70-yo female 
admitted for 

hypoglycemia. Discharged 
with metformin and insulin.

70-year-old,

Diabetes,

Metformin

1. Drop a concept and fit a keyphrase model 
“The top keyphrases associated with the outcome, 
given existing concepts C1: smoking status and 
C2: medication non-adherence, are:


• Elderly

• 70-year-old

• Chest pain


…

2. Propose candidate concepts 
Q: “Based on the top keyphrases, propose candidate 
concepts to supplement the existing concepts C1: smoking 
status and C2: medication non-adherence. Provide a 
prior probability for each candidate.”


LLM: Candidates:

1. “Is this patient’s age above 60?” (Prior=0.6)

2. “Did the patient report chest pain?” (Prior=0.4)

3.  Annotate each observation with the candidate 
concepts 

Patient 1

Patient 2

Age above 60?

Chest p
ain?

1

0 1

0

4.  Accept/reject candidate concepts 

Smoking?
Medication 

Non-adherent?

0

1 1

0
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Y
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?

Y
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Based on the posterior probabilities of 
the existing and candidate concepts 
given the data, sample from the 
candidate concepts and accept or reject 
the sampled concept to replace the 
dropped one with some probability  .α

Clinical Note: Patient 
reports chest pain. The 

pain sometimes 
radiates to the left arm. 
He has a prior history of 

smoking and high 
blood pressure 

Y

Smoker
High Blood 
Pressure

Chest Pain

. 

. 

.

Experiment: Revising a Readmission Risk Prediction Model with 
Clinical Notes 

• Task: Determine if there are useful concepts in discharge notes for improving 
on an existing tabular model for predicting 30-day unplanned readmission 
risk. Learn a CBM that revises the existing risk prediction by extracting 4 
concepts from clinical notes.

• BC-LLM outperforms all other CBM learning procedures. 
• Survey results: Clinicians found the BC-LLM model to be
• More clinically meaningful and interpretable
• Contained more causally relevant features
• More actionable, i.e. suggested clinical actions for reducing readmission 

risk

Left and right dendrograms are concepts learned using 
1/3 versus all of the training data. Highlighted concepts 
are distinguishing bird features.

• Task: Learn a CBM to predict bird type. To make the task more difficult and 
prevent test data leakage, the LLM is not told it is classifying bird types.

• BC-LLM outperforms all other CBM learning procedures and performs as well 
as, if not better, than black-box models.

AUCs of CBMs and black box (ResNet) for classifying bird subcategories Table 1: Performance of CBMs and black-box models (ResNet) for classifying bird species.

In-distribution OOD
Method Accuracy (") AUC (") Brier (#) Entropy (")

BC-LLM 0.680 (0.614, 0.747) 0.874 (0.840, 0.907) 0.428 (0.357, 0.500) 0.865 (0.693, 1.036)
LLM+CBM 0.640 (0.573, 0.707) 0.810 (0.768, 0.853) 0.452 (0.377, 0.528) 0.663 (0.474, 0.852)
Boosting LLM+CBM 0.538 (0.463, 0.614) 0.722 (0.673, 0.772) 0.577 (0.499, 0.654) 0.842 (0.630, 1.054)
Human+CBM 0.658 (0.591, 0.725) 0.835 (0.791, 0.879) 0.499 (0.414, 0.584) 0.758 (0.558, 0.959)
LLM+CBM (No keyphrases) 0.555 (0.488, 0.623) 0.759 (0.713, 0.805) 0.651 (0.548, 0.754) 0.626 (0.495, 0.757)

ResNet 0.664 (0.613, 0.716) 0.853 (0.821, 0.885) 0.457 (0.398, 0.516) 0.914 (0.748, 1.079)

4 Experiments

We evaluated BC-LLM in across three domains and modalities: classifying birds in images (Sec-
tion 4.1), simulated outcomes from clinical notes (Section 4.2), and readmission risk in real-world
clinical data (Section 4.3). The experiments below used GPT-4o-mini [57] and Section 4.3 used a pro-
tected health information-compliant version of GPT-4o for real-world clinical notes. The Appendix
includes results using other LLMs, implementation details, and experimental settings.

Baselines. We compared against CBMs fit using the standard approach where humans select and
annotate concepts (Human+CBM) [5], CBMs where an LLM brainstorms concepts after seeing which
keyphrases are most associated with the label but without any iteration (LLM+CBM) [58, 10], and CBMs
fit using a boosting algorithm that iteratively adds concepts by having an LLM analyze observations
with large residuals (Boosting LLM+CBM) [17, 27]. We include black-box and semi-interpretable
models to assess the tradeoff between interpretability and accuracy. For the bird-classification dataset,
we also compare to a CBM that uses LLM-suggested concepts rather than keyword-based concepts;
we use the 370 LLM-suggested concepts from [8] and extract the values of these concepts with an
LLM (LLM+CBM (No keyphrases)).

Evaluation metrics. Methods were evaluated with respect to predictive performance as measured
by AUC and/or accuracy and uncertainty quantification as measured by Brier score. When true
concepts are known, we also quantify concept selection rates using “concept precision,” as defined by
1
K

PK
k=1 p(Ĉk 2 c

⇤ | y,X), and “concept recall,” as defined by 1
K

PK
k=1 p(c

⇤
k 2 Ĉ | y,X), where

Ĉ is the posterior distribution over concept sets from BC-LLM or a single set of concepts learned by
a non-Bayesian procedure. Concept matches were verified manually (see Appendix for details).

4.1 CBMs for classifying bird images

We first evaluate how well BC-LLM can learn concepts that differentiate between bird species within
the same family in the standard CUB-birds image dataset [59]. Grouping the 200 bird species into
their respective families, this resulted in 37 prediction tasks. We considered family-based prediction
tasks because there likely exists a parsimonious CBM within each bird family, in contrast to the
task of predicting between all 200 species. To assess how well BC-LLM performs in settings with
limited prior knowledge, we do not tell the LLM that we are predicting bird species. That is, we
replace the labels with one-hot encodings and simply tell the LLM to find concepts for predicting Y .
Consequently, the LLM must search over a larger space of concepts.

The data is split 50/50 between training and testing. The number of concepts K learned for each
task was set to the number of classes, but no smaller than 4 and no greater than 10. For the black-
box comparator, we fine-tuned the last layer of ResNet50 pre-trained on ImageNetV2 [60, 61].
Human+CBM was trained on the 312 human-annotated features available in the CUB-birds dataset.

BC-LLM achieved higher accuracy and better calibration on average, compared to all the other fully
interpretable CBMs (Table 1). Notably, soft CBMs no longer performed as well once the concepts
were constrained to be fully interpretable. BC-LLM also outperformed CBMs trained on human
collated and annotated features, potentially because it was able to consider additional concepts. More
critically, BC-LLM outperformed ResNet50 in both accuracy and calibration, as ResNet50 easily
overtrained on the small bird datasets. In contrast, BC-LLM could identify relevant concepts for a
simple parametric model, leading to faster model convergence.
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Method AUC (95% CI) Brier (95% CI)
BC-LLM 0.64 (0.58, 0.70) 0.14 (0.12, 0.62)
LLM+CBM 0.59 (0.52, 0.65) 0.29 (0.25, 0.33)
Boosting LLM+CBM 0.59 (0.52, 0.66) 0.14 (0.12, 0.16)
Bag-of-words 0.52 (0.46, 0.58) 0.29 (0.25, 0.34)

Figure 4: Learning to augment a readmission risk prediction model for heart failure patients. Den-
drogram labels are shortened questions of the format “Does the note mention the patient having...?”.
Highlighted concepts received scores from clinicians as being highly predictive (scores 2.5+). Aver-
age clinician ratings for concepts/features from the different methods are shown on the right.

being prone to error and hallucinations. Because it explores and suggests concepts in a data-adaptive
manner, BC-LLM is particularly well-suited for settings with limited prior knowledge about which
concepts are relevant or where the number of potentially relevant concepts is infinite. The method
is compatible with various data modalities (text, images, and tabular data) and can be extended
beyond the settings of binary and multiclass classification. The empirical results show that BC-LLM
outperforms existing methods, even black-box models in certain settings.

Future work. BC-LLM is currently designed for learning highly interpretable CBMs where the
number of concepts K is typically no more than 20. While BC-LLM can be applied to learn even
more concepts, future directions can consider further speeding up posterior inference, such as through
mini-batching of observations or concepts.

Impact Statement. The interpretability provided by BC-LLM additionally enables better understanding
of the underlying algorithm and facilitates human oversight, which may improve the safety of AI
algorithms and AI-based decision-making. The use of LLMs incurs significant computational cost
and corresponding environmental impacts; however, BC-LLM is much more computationally efficient
than comparable LLM-based CBMs, potentially reducing overall environmental impacts.
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Average clinical ratings 
for concepts from 
different methods

Concepts learned by BC-LLM 
where highlighted concepts 

received scores from clinicians as 
being highly predictive


