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Abstract. Interpretable models are important for high-stakes medical
image recognition, but often underperform unconstrained black-box ar-
chitectures. We propose Question-Driven Decision Tree (QDT), a frame-
work that formulates prediction as structured reasoning through sequen-
tial and interpretable sub-questions. To retain expressive power under
such constraints, QDT adopts a teacher—student paradigm in which a
high-capacity teacher distills knowledge to a logic-constrained student
while preserving an auditable decision rule. Experiments on challenging
dermatological benchmarks, including two public datasets (ISIC-2019
and MILK10k) and a private pressure injury dataset, show that QDT
surpasses existing interpretable models and achieves performance com-
parable to, and in some cases exceeding, strong black-box methods, while
maintaining auditable question-level decision paths.

Keywords: Interpretable Model - Question-Driven Decision - Knowl-
edge Distillation

1 Introduction

While deep learning architectures, ranging from convolutional neural networks [1,
2] to Vision Transformers (ViTs) [18], achieve expert-level accuracy in medical
imaging [3,4], their opaque nature impedes clinical integration. Medical work-
flows require verifiable decision processes. Therefore, predictive precision should
be coupled with verifiable decision logic to foster clinical trust [6]. For instance,
early explainable AI (XAI) methods primarily relied on post-hoc techniques,
such as saliency mapping [7] and perturbation-based approximations [8]. How-
ever, these retroactive explanations often fail to capture the actual reasoning of
the model and remain highly sensitive to minor input variations, risking mis-
leading interpretations rather than providing genuine insights [9,10]. This fun-
damental unreliability necessitates a shift toward models that are interpretable
by design.

Concept Bottleneck Models (CBMs) [12] offer concept-level interpretabil-
ity by constraining predictions through predefined human-understandable at-
tributes. Although this creates an explicit reasoning layer, the flat concept repre-
sentation contradicts the sequential and conditional nature of clinical diagnostic
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Fig. 1: Comparison of interpretability paradigms (left) and visualization of our
QDT’s structured reasoning process (right).

reasoning. Hence, CBMs struggle to capture subtle feature interactions, resulting
in a trade-off where transparency comes at the cost of predictive performance.

Diverging from flat concept structures and opaque architectures (see the left
subfigure of Fig. 1), we introduce the Question-Driven Decision Tree (QDT)
framework. QDT formulates diagnosis as a hierarchical sequence of clinically
meaningful sub-tasks, accurately mirroring established medical reasoning. How-
ever, enforcing such a deterministic clinical tree during training may constrain
model capacity and limit flexible representation learning. To address this, we
repurpose knowledge distillation [14] to transfer visual reasoning capabilities
from a high-capacity teacher to a logic-constrained student via a teacher—student
paradigm. By aligning intermediate representations [15,19], the student inherits
useful feature interactions modeled by the teacher, reducing the performance
penalty associated with rule-constrained prediction.

Evaluated across diverse dermatological benchmarks (ISIC-2019 [16], MILK10-
k [17], and a curated pressure injury dataset), our main contributions are:

— Formulating a question-driven decision tree paradigm that models predic-
tions as a structured and clinically aligned reasoning process, overcoming
the limitations of flat concept representations.

— Utilizing teacher—student distillation to transfer unconstrained visual knowl-
edge to a logic-bound decision tree, bridging the gap between accuracy and
interpretability.

— Demonstrating empirically that QDT generalizes as a framework across clin-
ical datasets with clinically meaningful decompositions, outperforming ex-
isting interpretable baselines while maintaining auditable decision paths.

2 Method

Problem Formulation. Let D = {(X;,Y;)}Y, denote a dataset of medical
images, where X; € RT*XWx3 is an input image and Y; consists of a primary
diagnostic label and a set of supporting sub-task labels. Specifically, the pri-
mary diagnostic task is defined as Ymain € {1,...,C}, where C' denotes the
number of diagnostic categories. In addition, each image is associated with K
clinically meaningful sub-tasks, represented as Ysub = (Ysuby - - - » Ysubx ), Where
each ysub, € {0,1} corresponds to the binary outcome of a diagnostic question.
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Fig. 2: Overview of QDT, showing multi-task feature extraction, attention-based
fusion, and teacher—student aggregation for interpretable decisions.

Our goal is to learn an interpretable student model Fg that maps an input
image X; to a set of sub-task predictions pg,, and a final diagnostic prediction
Pmain- Crucially, the final diagnosis of Fi is constrained by a predefined and de-
terministic clinical logic tree Mg, such that pmain = Ms(Jsup), Ms : {0,115 —
{1,...,C}, Jsub = L(psub > 0). Here, [ is the indicator function and we use a
threshold § = 0.5 in all experiments. This formulation imposes a fundamental
trade-off: enforcing the structured mapping Mg ensures transparency and veri-
fiability, but often limits predictive performance. In contrast, an unconstrained
teacher model Fr can achieve higher accuracy by directly optimizing pyain with-
out structural constraints. The objective of our QDT is to learn Fs under the
constraint induced by Mg, while minimizing the performance gap with Fr.

2.1 Model Architecture

As in Fig. 2, the teacher and student share a common backbone-head architec-
ture, with distinct aggregation modules for combining sub-task predictions. The
architecture consists of a shared feature encoder followed by multiple lightweight
task-specific prediction heads. We use a CNN or Transformer as the backbone
of the feature encoder Bepc. Given an input image X; € REXWX3 the backbone
extracts a spatial feature representation Z; = Bepe(X;).

Sub-task Heads. On top of the shared feature representation Z;, the model
includes K parallel sub-task heads { Hyub, }2£_;, each corresponding to a clinically
meaningful diagnostic question. Each sub-task head consists of a lightweight
task-specific projection Ej,,, followed by a binary classifier Cqyp, , producing a
PrObabﬂity Psub;, = Usuby, (Esubk (Z )) psubk [07 1]

Main Task Head. In addition, both the teacher and student models in-
clude a main task head Hpain = {Emains Cmain - The main head first extracts
a main-task feature from the shared representation: Apain = Emain(Z;). Each
sub-task head also produces an intermediate representation hgup, = Esub, (Z;)-
To allow the final diagnosis to leverage clinically relevant sub-task evidence, we
fuse the main-task feature with the set of sub-task features via a fusion module

D(): b, = @(hmam, {hsubk}le). The diagnostic logits are then obtained by

main

Pmain = Cmain (Pl ain), Pmain € RY. Below is the detailed design of &(-).
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Attention-Based Feature Fusion. As shown in Fig. 2(b), sub-task rep-
resentations are adaptively integrated into the main diagnostic stream through
a gated dual-attention module. After layer normalization, Bmain = LN(hmain)
and ﬁsubk = LN(hsub, ), each sub-task feature is modulated by a learnable

. K 5 5 .
gate gk = gk/(% Zj:l g; + 6), 9k = U(MLP([hmain;hsubk])/T>7 which con-
trols its relative contribution. The gated sub-task features are first refined via
self-attention with a residual connection, h. , = SelfAttn (ﬁsub ® g) + heub, ® g,

where ilsub = [Esubl, ..+, hsubg ] denotes the stacked normalized sub-task repre-
sentations and § = [§1, . .., §k] is the normalized gate vector broadcast along the
feature dimension. Then, the refined sub-task features are injected into the pri-

mary stream through cross-attention, i.e., hcross = CrossAttn (Bmain, hlbs Pl |-

*

A residual feed-forward block then produces the fused representation hy .. =
FFN([ﬁmain,hcmss]) + }Nlmain, integrating clinically relevant sub-task evidence
while preserving main-task semantics.

Teacher—Student Distillation. The teacher model Fr is introduced to
compensate for the limited expressiveness imposed by the deterministic logic
tree. Although both teacher and student share the same multi-task backbone,
they differ in sub-task aggregation (Fig. 2(c)). Specifically, Frr adopts a learnable
MLP aggregator L, which directly maps sub-task probabilities to the primary
diagnosis without structural constraints: p% ;. = L7 (Dsuby, - - - s Dsuby )- This un-
constrained mapping allows complex interactions among sub-tasks to be modeled
implicitly. In contrast, the student model Fs replaces Ly with a predefined de-
cision rule Mg, which deterministically maps binarized sub-task predictions to
the final diagnosis. While this design enforces transparency and ensures an au-
ditable reasoning path, it restricts the hypothesis space available to the model.
The practical formulation of Mg is detailed below using the Pressure Injury (PI)
staging task as an example.

2.2 Clinically Guided Decomposition

The student’s logic tree is constructed via a semi-automatic and clinically vali-
dated knowledge acquisition pipeline, with the number of questions determined
by the task-specific taxonomy rather than fixed globally. Authoritative medical
guidelines, such as the NPIAP protocol for pressure injury (PI) staging [24],
serve as the primary source of diagnostic knowledge. Based on these guidelines,
we use a large language model (LLM) to organize the staging criteria into a hier-
archy of binary clinical questions, where each question corresponds to a medically
meaningful decision point. Importantly, the diagnostic criteria are not generated
by the LLM but are directly derived from the source guidelines. The resulting
question hierarchy is then rigorously reviewed and refined by collaborating clin-
icians to ensure medical correctness, logical completeness, and consistency with
clinical practice before being integrated into the model. This process yields a
clinician-validated reasoning structure for interpretable PI staging.
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As a result, the diagnostic process of PI staging decomposes into five sequen-
tial binary (yes/no) sub-tasks (Q1—Qs):

— @1: Is the wound obscured by slough or eschar?

— ()2: Is the skin surface intact?

— Q3: Are DTPI signs (e.g., deep red/purple discoloration) present?

— @4: Is the defect confined to the dermis, lacking subcutaneous exposure?
— @5: Is subcutaneous fat exposed without deeper structural involvement?

These cascaded sub-tasks formulate the deterministic decision rule M (-) (see
the right subfigure of Fig. 1). Defining psup, = P(Qx = 1 | X) as the affir-
mative probability for sub-task Qy, the diagnostic distribution is computed via
path multiplication: P(Unstageable) = psup,, P(DTPI) = (1 — psub, ) Psubs Psubs s
P(Stage 1) = (1_psub1)psub2 (1_psub3)a P(Stage 2) = (1_psub1) (1_psub2)psub4a
P(Stage 3) = (1 - psubl) (1 - psubg) (1 - psub4)psub5, and P(Stage 4) = (1 -
Dsuby ) (1 — Psuby) (1 — Psuby, ) (1 — Dsubs ). This continuous formulation allows gra-
dients to propagate through all sub-task predictors during end-to-end training,
computing the final diagnosis via soft path probabilities. Conversely, during infer-
ence, Psub, values are strictly thresholded, enforcing a deterministic tree traversal
that ensures a transparent and auditable reasoning trajectory.

This general methodology extends to the ISIC-2019 [16] and MILK10k [17]
datasets by using dataset-specific trees rather than a universal topology. By
deriving criteria from established dermatological heuristics, such as the ABCDE
rule for melanoma (Asymmetry, Border irregularity, Color variegation, Diameter
and Elevation) [25], and dataset-specific label structure, domain-specific logic
trees are analogously formulated. These auxiliary labels are used for training
the sub-task heads; at test time, QDT requires only the input image and does
not require metadata or manual answers to the questions. Consequently, this
question-driven design gives the student an auditable decision path, coupling
predictive accuracy with clinically verifiable rationales.

2.3 Two-Stage Training via Multi-Level Distillation

Stage 1: Training the Teacher Model. The teacher model F7 is first trained
to achieve high diagnostic performance. Its objective function consists of super-
vised losses on both the main task and the clinically guided sub-tasks, together
with an auxiliary alignment term that encourages coherence between them.
Main Task Loss. The main task head predicts the diagnostic class dis-
tribution puain € RE. We apply the standard multi-class cross-entropy loss:
Lcg = — 25:1 Yo ain 108 DS in» Where C' is the number of diagnostic categories.
Sub-Task Loss. Each of the K sub-task heads performs binary classifica-
tion. The corresponding loss is computed using binary cross-entropy: Lgcg =

7% 2521 |:ysubk logpsub;c + (1 - ysubk) 1Og(1 - psubk)] .

Aggregation Alignment Loss. To encourage agreement between the main
task prediction and the aggregation of sub-task outputs, the teacher employs a
learnable aggregation module Ly to produce an auxiliary prediction pj .;,. We
minimize the KL divergence between them: L,z = Dxkr, (pmain I pfnain).
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The overall teacher loss is L1 = Lcg + AsubLBCE + AalignLalign, Where
Asub and Agiign are weighting coeflicients.

Stage 2: Distilling Knowledge to the Student. After training, the teacher
model Fr is frozen. The student model Fy is then optimized using a combination
of hard-label supervision and soft distillation objectives.

Hard-Target Loss. While identical in form to the teacher’s objective L,
this ground-truth supervision Ly,,q differs solely in the derivation of the auxiliary
prediction pj, ;,: the student employs the parameter-free, deterministic logic tree
Mg rather than a learnable aggregator.

Soft-Target Distillation Loss. Knowledge is transferred from the teacher
to the student through two complementary distillation objectives: Lot = Akd LKD
+ Mattn LAttn, where g and Aygen are weighting coefficients. (1) Output-Level
Distillation. We align the student and teacher predictions at both the main-
task and sub-task levels by minimizing the KL divergence between their soft-
ened output distributions: Lxp = Dxr, (PEaim | Pain) + Dxr (L | 25)- (2)
Attention Distillation. To transfer visual reasoning cues, we distill the spatial
attention maps produced by the attention modules of the teacher and student:
Latin = ||A%—AT||3, where AT and A® denote the attention maps of the teacher
and student, respectively. The final student objective is: Lg = Lyard + Lsoft -

3 Experiments

Datasets and Experimental Setup. We evaluate QDT across three der-
matological datasets: a private Pressure Injury (PI) dataset (2,292 images, 6
classes), the public ISIC-2019 benchmark [16] (25,331 images, 8 classes), and
MILK10k [17] (5,240 images, 10 classes). All images are resized to 224 x 224 and
augmented via random flipping, rotation, and color jittering. To ensure rigorous
evaluation, we employ 5-fold cross-validation for the smaller PI dataset, while
enforcing a strict 7:1:2 train-validation-test split for ISIC-2019 and MILK10k.
Given the inherent class imbalances across these domains, performance is quan-
tified using overall Accuracy, alongside weighted and macro-averaged F1-scores.
Executed on NVIDIA L40S GPUs, all models are optimized using AdamW
(batch size 256, initial learning rate 1 x 10~* with cosine annealing). Teacher
training applies supervisory loss weights of Aqup = 1.0 and Aajign = 0.5. Sub-
sequent student distillation operates at a temperature 7 = 1.0, governed by
distillation weights A\yq = 0.5 and Azt = 0.5. Training concludes via early
stopping (50-epoch patience) monitored on the validation F1-score.
Performance Comparison with Baselines. Table 1 details the quantita-
tive performance of the QDT framework, where deployable student models (_S)
systematically outperform existing interpretable-by-design baselines. Utilizing a
ResNet50 backbone on the ISIC-2019 benchmark, QDT achieves an accuracy of
84.18%, decisively surpassing both CBM (80.97%) and Deep Concept Reasoner
(DCR [23], 72.21%). This margin indicates that structuring clinical evidence
into a hierarchical, conditional reasoning sequence effectively circumvents the
representational bottlenecks inherent to flat concept mappings.
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Table 1: Comparison of our QDT with baseline methods on three datasets using
accuracy (Acc.), weighted F1 (F1-W), and macro F1 (F1-M). Model T and
Model S denote the teacher (upper-bound reference only) and student (deploy-
able logic-constrained) models. The best and second-best results are highlighted
in bold and underlined. All values are percentages (%).

. PI ISIC-2019 [16] MILK10k [17]
Baselines
Acc.? F1-W1 F1-M1 Acc.t F1-W1 F1-M1 Acc.t F1-W1 F1-M1
ResNet50 [2] 73.51 72.83 63.22 81.49 81.34 7298 71.66 70.18 43.75
VGG16 [21] 72.09 71.29 61.69 7855 7834 68.02 6890 67.05 38.80

DenseNet121 [22] 73.98 73.26 63.40 81.84 81.52 7248 69.37 68.84 43.62
ViT-B/16 [18] 74.64 7391 64.70 83.23 8296 75.14 71.56 69.70 41.07
CBM [12] 72.24 T71.11 61.06 80.97 80.57 71.93 70.42 68.70 41.60
DCR [23] 67.26 67.72 58.22 72.21 68.43 42.09 67.34 55.24 33.48

QDT (ours) Acc.? F1-W1 F1-M? Acc.? F1-W1 F1-M1 Ace.t F1-W71 F1-M?

ResNet50 T 74.84 T4.23 7234 84.90 84.71 7551 7280 70.38 42.32
ResNet50 S 74.32 7330 71.64 84.18 83.91 78.17 72.32 69.99 42.71

VGG16_T 74.73 7427 7111 81.75 81.37 75.79 70.70 68.21 42.04
VGG16_S 74.21 7354 71.15 81.40 81.34 7438 69.37 68.63 42.80

DenseNet121 T 74.13 73.61 72.53 83.99 83.79 77.52 72.04 70.08 45.95
DenseNet121 S 74.08 73.32 71.35 83.48 83.15 75.58 72.32 70.51 43.18

ViT-B/16_T 75.31 74.68 73.39 83.71 83.46 74.48 72.99 69.84 42.61
ViT-B/16_S 75.04 7445 73.95 83.15 82.89 78.19 72.61 69.60 39.18

Beyond specialized interpretable models, QDT shows robust architectural
scalability by consistently improving upon the vanilla implementations of both
classical CNNs (ResNet, VGG, DenseNet) and modern Vision Transformers
(ViT-B/16). Notably, QDT variants exhibit pronounced enhancements in F1-
Macro scores, evidenced by a 5.21% absolute increase over the standard ResNet50
on ISIC-2019. This consistent lift across diverse architectures suggests that gran-
ular sub-task supervision acts as a beneficial inductive bias, naturally regulariz-
ing the network against the severe class imbalances prevalent in medical datasets.

An internal comparison further elucidates how predictive power is preserved
despite strict structural constraints. Unconstrained teacher models (_T), utiliz-
ing flexible MLP aggregation, establish the framework’s empirical upper bounds.
Through multi-level distillation, the logic-bound students (_S) closely track
these peak metrics with negligible performance degradation (typically < 1%).
Consequently, the student successfully inherits complex visual feature interac-
tions from the teacher, trading only a marginal fraction of predictive flexibility
for an auditable and deterministic diagnostic path.

Ablation Studies. Table 2 details the component-wise contributions within
the QDT framework, utilizing ResNet-50 as the baseline architecture. The ar-
chitectural evolution reveals a clear trajectory of performance optimization bal-
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Table 2: Ablation results (Accuracy %). STH: Sub-Task Head; AFM: Attention
Fusion; AAL: Aggregation Alignment Loss; KD: Knowledge Distillation.

Modules PI ISIC-2019 MILK10k
Baseline(ResNet50) 7351 81.49 71.66
+ STH 7413 83.81 71.23
+ STH + AFM 73.75  84.09 71.85
+ STH + AFM + AAL 73.94  83.41 72.16
+ STH + AFM + AAL + KD (Full) 74.32  84.18 72.32

anced against interpretability constraints. Introducing explicit Sub-Task Heads
(STH) immediately yields substantial gains on the ISIC-2019 benchmark (81.49%
— 83.81%), highlighting the inherent value of granular clinical supervision.
While an isolated STH introduces minor performance fluctuations on the PI and
MILK10k datasets, potentially due to varying correlations among local features,
integrating the Attention-based Fusion Module (AFM) stabilizes this behavior.
By dynamically contextualizing sub-task evidence, the AFM collectively ele-
vates the predictive baseline across diverse domains. The integration of training
objectives exposes the fundamental trade-off inherent to structured reasoning.
Enforcing deterministic logic via the Aggregation Alignment Loss (AAL) acts as
a rigorous inductive bias. While occasionally serving as a beneficial regularizer
(e.g., improving MILK10k to 72.16%), this strict constraint restricts expres-
sive flexibility, evidenced by the accuracy reduction on ISIC-2019 (84.09% —
83.41%). However, this architectural cost for ensuring auditable trajectories is
effectively neutralized by Knowledge Distillation (KD). By transferring soft prob-
ability distributions and spatial attention cues from the high-capacity teacher,
KD compensates for the structural rigidity imposed by AAL. This final distil-
lation phase systematically recovers prior performance dips, establishing peak
accuracy across all three benchmarks and validating our core hypothesis.

Interpretability. The right subfigure of Fig. 1 illustrates the structured infer-
ence process of QDT on a Stage 3 pressure injury case. Instead of producing a
single opaque prediction, the model traverses a deterministic sequence of clini-
cally defined sub-tasks, each associated with a task-specific attention map. Early
surface-level queries are confidently rejected, guiding the decision flow toward
deeper assessments. At @5, a high affirmative probability (0.99) is assigned,
with spatial attention concentrated on the lesion core, consistent with morpho-
logical criteria for Stage 3. The final prediction is obtained through rule-based
aggregation of these binary decisions (probability 0.97). Across the PI dataset,
sub-task classifiers achieve an average accuracy of 83.2%, indicating stable in-
termediate supervision. These results indicate that QDT enables verification of
the decision process through exposed decision logic, confidence scores, and local-
ized evidence, allowing alignment with established clinical guidelines, while the
underlying CNN/Transformer feature extractor remains non-interpretable.
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4 Conclusion

We presented QDT, a question-driven decision tree framework that unifies struc-
tured clinical reasoning with high-capacity representation learning. By coupling
a deterministic logic tree with multi-level knowledge distillation, the proposed
student model achieves competitive diagnostic performance while preserving an
auditable question-level inference trajectory. Extensive evaluations across three
dermatological benchmarks suggest that teacher-guided structured reasoning can
partially alleviate the accuracy—interpretability trade-off.

Limitations and Future Work. Although this study focuses primarily on
downstream task performance and qualitative interpretability analysis, compre-
hensive quantitative interpretability and fidelity metrics, as well as broader com-
parisons with recent neuro-symbolic methods, remain open challenges. Future
work will investigate principled metrics for evaluating sub-task consistency and
reasoning path stability, explore alternative tree topologies and automated tree
construction strategies, and extend QDT to broader medical imaging domains.
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