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Abstract

Continual learning updates models under distribution shift while limiting performance loss
on previously seen data, but clinical use also motivates inspectable interfaces that can
be compared across model versions. We propose Tree of Concepts, which uses a shallow
decision tree to define a fixed vocabulary of root-to-leaf rules and sequentially updates a
neural concept predictor and label head with replay. The association between each concept
ID and its rule is fixed; predicted concept assignments and the concept-to-label mapping
remain adaptive. Across the evaluated health-related tabular protocols, Tree of Concepts
attains the highest or tied mean past- and current-slice scores among the compared meth-
ods. These comparisons are descriptive point estimates rather than evidence of statistical
superiority. Leaf-assignment agreement with the frozen tree ranges from 0.81 to 0.91, in-
dicating that a fixed vocabulary does not imply invariant instance-level explanations. The
results motivate further evaluation of fixed rule vocabularies as longitudinally comparable
interfaces for continually updated tabular models.

1. Introduction

Machine learning systems deployed in practice operate under distributional change. Data
distributions evolve across time, deployment sites, and user populations in ways that cannot
be fully anticipated during training. Continual learning has emerged as a central paradigm
to address this, aiming to adapt models to new data (plasticity) while preserving previ-
ously acquired knowledge (stability) (Kirkpatrick et al., 2017). Many continual-learning
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approaches use deep models updated through fine-tuning or online training. At the same
time, many deployment settings impose a second requirement: interpretability (Rymarczyk
et al., 2023). In high-stakes domains such as healthcare, finance, and public policy, models
may also need inspectable decision interfaces that support human review (Rudin, 2019).
In clinical use, this requirement is especially important because predictions can influence
high-consequence decisions.

These requirements can be in tension. Hard partitions in shallow decision trees can
be sensitive to feature shift and threshold crossings and may require explicit updating as
new data arrive. Deeper models, conversely, provide trainable representations that can sup-
port adaptation, but their latent variables are often difficult to interpret. Jointly achieving
continual adaptation and a longitudinally comparable explanation interface remains chal-
lenging, especially in clinical settings where shifts are common and safety requirements are
strict (Goetz et al., 2024).

In this work, we investigate whether a fixed rule vocabulary can coexist with adap-
tive prediction. We introduce Tree of Concepts, which defines one rule concept for
each root-to-leaf path of an initial shallow tree and separates this fixed vocabulary from
adaptive input-to-concept and concept-to-label mappings. We use the term rule concept
operationally for a supervised tree-leaf region; we do not assume that each region is an
independently meaningful clinical construct. The construction guarantees that concept ID
ℓ denotes the same rule after every update; it does not guarantee that a given example is
always assigned to the same concept. We evaluate on UCI Heart Disease (Janosi et al.,
1989), CDC Diabetes Health Indicators (Teboul, 2020), and MIMIC-III (Johnson et al.,
2016) under continual-learning protocols. Among the evaluated methods, Tree of Concepts
yields the highest or tied reported mean stability and plasticity scores; these comparisons
are descriptive point estimates.

Generalizable Insights about Machine Learning in the Context of Healthcare
The results motivate a general design hypothesis for clinical machine learning. Clinical
datasets can exhibit distribution shift and cohort heterogeneity, which remain relevant under
sequential model updates. A fixed dictionary of directly inspectable tree rules may make
model versions easier to compare while internal predictive mappings adapt. The present
experiments evaluate this hypothesis through aggregate predictive and rule-fidelity metrics;
they do not establish clinical usefulness or safety.

2. Related Work

Continual learning. Continual learning studies how to update models on sequential
tasks or drifting streams while limiting catastrophic forgetting (Kirkpatrick et al., 2017).
Representative families include regularization methods that protect parameters important
for past tasks (Kirkpatrick et al., 2017; Aljundi et al., 2018; Kang et al., 2022), rehearsal
methods that retain and replay exemplars (Rebuffi et al., 2017), and expansion-based ap-
proaches that add capacity to trade off stability and plasticity (Yan et al., 2021; Wang
et al., 2022). Rehearsal is a standard strong baseline, but performance depends on buffer
size and replay design (Rebuffi et al., 2017; Zhou et al., 2024), and replay-based training
can dominate compute relative to raw storage in some regimes (Prabhu et al., 2023; Chavan
et al., 2023; Harun et al., 2023; Cho et al., 2026). Much of the literature targets deep ar-
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chitectures in vision and language, whereas tabular continual learning is comparatively less
developed even though structured covariates are ubiquitous in operational systems. Recent
studies examine continual learning for tabular data and show that mixed feature types,
sparse interactions, and strong tree-based baselines can yield a different stability–plasticity
profile than in perceptual domains (Lourenço et al., 2025; Garćıa-Santaclara et al., 2024).
The gap matters for clinical risk modeling under temporal, demographic, and site shift.
Clinical continual-learning work includes hospital risk models (Amrollahi et al., 2022; Lee
and Lee, 2020) and medical imaging (Qazi et al., 2026). Our work focuses specifically on
fixed rule interfaces for non-stationary clinical tabular data.

Concept bottleneck models. Concept bottleneck models (CBMs) were introduced as
a framework that predicts human-interpretable concepts before predicting the final label,
enabling concept-level explanations and test-time interventions; task performance depends
on the setting and supervision (Koh et al., 2020). Since then, a central issue in the CBM
literature has been the concept labeling bottleneck: standard CBMs typically assume a pre-
defined concept vocabulary together with dense concept annotations, which are expensive to
obtain and difficult to scale. Several subsequent works address this limitation from different
angles. Post-hoc CBMs show that a pretrained black-box model can be converted into a
concept-based predictor after training and can reduce the task-performance gap associated
with concept supervision in the evaluated settings (Yuksekgonul et al., 2023). Label-free
CBMs remove the need for labeled concept data and align model representations with can-
didate concept descriptions (Oikarinen et al., 2023), while Discover-then-Name relaxes the
need to specify the concept set in advance by discovering and naming concepts learned by
the model (Rao et al., 2024). More recent work has continued to extend CBMs toward
practical settings, including clinical knowledge-guided variants in medicine and continual-
learning variants that aim to preserve semantic consistency of concepts across tasks (Pang
et al., 2024; Rymarczyk et al., 2023; Yu et al., 2025). The cited variants span clinical
knowledge-guided, visual class-incremental, and language-guided settings. In contrast, our
setting is non-stationary clinical tabular learning, where we derive the bottleneck from shal-
low decision-tree rules over structured features. The resulting ID-to-rule dictionary remains
fixed across continual updates; whether individual rule regions are clinically meaningful re-
quires separate validation.

3. Problem Formulation

In this section, we define the core problem addressed in this paper: interpretable continual
learning under distribution shift. Specifically, we study supervised learning over a non-

stationary stream of data slices D1, . . . , DT , where each finite slice Dt = {(x
(t)
i , y

(t)
i )}nt

i=1 is
sampled from a slice-specific distribution Pt, and the distributions may differ across slices.
At step t, the learner updates a model ht using Dt (and optional replay data) without
retraining from scratch.

Continual learning favors models that can adapt to new slices while retaining past
knowledge. Interpretability, in contrast, often favors shallow models with fixed and explicit
threshold logic. Flexible adaptive models may use latent representations that are harder to
inspect, whereas fixed shallow structures may be sensitive to shift. Our goal is to satisfy
both requirements at once.
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Objective. For each step t, we want high plasticity on current data and, for t ≥ 2, high
stability on previous data:

Plasticityt = Pt := M(ht, Dt), (1)

Stabilityt = St :=
1

t− 1

t−1∑
j=1

M(ht, Dj), (2)

where M is a task metric (e.g., AUROC, accuracy). We seek models with simultaneously
high Pt and St over the full sequence.

Beyond performance, we require a longitudinally comparable rule vocabulary. Let rℓ,t
denote the root-to-leaf predicate associated with concept ID ℓ at update t. Tree of Concepts
enforces

rℓ,t = rℓ,1 for every concept ID ℓ and update t. (3)

This invariant fixes the ID-to-rule mapping. It does not require the predicted concept
distribution ĉt(x), top assignment ẑt(x), concept-to-label head, or final prediction to remain
unchanged for a given input.

4. Proposed Method: Tree of Concepts

4.1. Notation

We consider supervised learning under a nonstationary data stream segmented into slices

D1, . . . , DT , where slice t provides Dt = {(x
(t)
i , y

(t)
i )}nt

i=1 sampled from a slice-specific distri-
bution Pt, with features x ∈ Rd and labels y ∈ {1, . . . ,K}. Slices may index time windows,
deployment sites, or evolving patient cohorts, and the distributions Pt may differ across
slices. We write Rt(θ) = E(x,y)∼Pt

[ℓ(ŷθ(x), y)] for the risk on slice t. Our goal is to learn
a sequence of models that adapt to new slices while limiting performance regressions on
previously seen slices and expose a fixed rule interface whose correspondence to the model’s
predicted concepts can be measured.

4.2. Main idea

We seek continual learning under distribution shift while maintaining an inspectable rule
interface. For this, we define a fixed set of tree-leaf rule concepts using a shallow decision
tree, and train a concept bottleneck model that predicts these concepts from raw features
and then predicts labels from the resulting concept representation. Continual updates act
on the trainable concept extractor and concept-to-label predictor, while the tree-defined
concepts remain fixed. Thus the rule definition associated with each concept ID remains
unchanged, although instance-level assignments and predictions may change.

4.3. Decision-Tree-Derived Rule Vocabulary

We train a shallow CART decision tree T on the initial training slice (Breiman et al., 1984)
and treat its leaves as a discrete rule vocabulary. Each leaf corresponds to a root-to-leaf
path rule, a conjunction of feature threshold tests, which yields an explicit description of
the region of feature space represented by that leaf.
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The decision tree serves as an inspectable rule scaffold that provides automatically
generated rule-region targets without requiring manual concept annotation. Importantly,
we freeze T after initialization so that each concept retains a fixed rule definition over time,
which supports direct comparison across model updates.

Concept targets. Let {1, . . . , L} denote the leaf set of T . For any input x, routing
through the tree yields a leaf index

z(x) = leafT (x) ∈ {1, . . . , L}. (4)

We use z(x) as a pseudo-label for concept learning in every slice. Since T is fixed, concept
supervision is available for both current and replayed data without additional labeling.

4.4. Concept Bottleneck Models for continual adaptation

We instantiate a two-stage predictor consisting of a concept extractor and a label head. The
concept extractor learns a trainable mapping from raw features to the tree-defined concept
space, and the head learns the downstream mapping from concepts to labels.

Decision trees provide explicit path rules but impose hard partitions that can be sensi-
tive to covariate shift (Moshkovitz et al., 2021). The concept bottleneck model (Koh et al.,
2020) complements the tree by learning a soft, trainable concept predictor that can be
updated across sequential feature distributions while remaining anchored to the fixed rule
vocabulary. The label head parameterizes the concept-to-outcome mapping; label supervi-
sion backpropagates through the soft concept vector and therefore updates both the head
and concept extractor, without changing the ID-to-rule definitions.

Model. LeafNet first produces concept logits aϕ(x) ∈ RL and then a normalized distri-
bution over leaf concepts,

ĉ(x) = softmax(aϕ(x)), ĉ(x) ∈ ∆L−1. (5)

The label head operates only on this normalized bottleneck. With label logits sψ(x) =
Wψ ĉ(x) + bψ, it produces

ŷ(x) = softmax(sψ(x)). (6)

We use ẑ(x) = arg maxℓ ĉℓ(x) to report the top concept for rule-fidelity evaluation. Softmax
scores are treated as model scores rather than calibrated uncertainty estimates.

Training objective. We train LeafNet to match the frozen tree concept assignment and
train the head to predict the task label. For a sample (x, y) we optimize

Lconcept(x) = CE(aϕ(x), z(x)) ,

Llabel(x, y) = CE(sψ(x), y) ,
(7)

L(x, y) = Llabel(x, y) + λc Lconcept(x). (8)

where λc controls the strength of anchoring to the tree-defined rule vocabulary. Setting
λc = 0 removes concept supervision while retaining end-task supervision. The concept loss
encourages agreement with the fixed tree-derived rule vocabulary, while the label loss drives
task accuracy.
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4.5. Continual learning updates

We freeze the tree T after the initial phase and update the trainable parameters (ϕ, ψ)
sequentially over slices. We maintain a bounded replay buffer M containing samples from
past slices. At slice t, each minibatch is constructed by mixing current data and replayed
data, for example by sampling Bt ⊂ Dt and BM ⊂ M and concatenating them into the
training minibatch B. We minimize

∑
(x,y)∈B L(x, y), computing z(x) on the fly by routing

through the frozen tree. After training on Dt, we update M by inserting a subset of Dt

(optionally balanced by label and/or concept index) and evicting older items when capacity
is exceeded. Replay supplies earlier-slice examples during optimization; in the reported
experiments, replay variants generally have higher mean past-slice scores.

Summary Decision tree leaves provide a fixed set of rule-defined concepts, yielding a
fixed ID-to-rule vocabulary and automatic concept supervision. The concept bottleneck
model supplies continual learning capacity by learning a trainable concept extractor and
an updatable concept-to-label head, both constrained by the fixed concept interface. This
combination preserves an inspectable rule interface while enabling continual updates under
distribution shift; the reported agreement metrics quantify, but do not guarantee, instance-
level fidelity to that interface.

5. Experiments

5.1. Experimental setting

We evaluate Tree of Concepts under a continual slice protocol: the model is trained sequen-
tially on ordered data subsets that define the evaluation slices, then evaluated on held-out
test partitions for the current and previously seen slices. We report plasticity as the task
metric on the current slice and stability as the mean of the same metric over all previously
seen subsets. Unless noted, all methods use the same split, features, and (when enabled)
the same replay buffer size and mixing ratio between current and replayed mini-batches.

Open-access tabular datasets. We use two publicly available tabular datasets. UCI
Heart Disease (Janosi et al., 1989) is binary classification (presence of heart disease) with
the usual 14 attributes (13 inputs + label). CDC Diabetes Health Indicators (Teboul, 2020)
is 3-class classification (healthy / pre-diabetes / diabetes) with 21 attributes (20 inputs +
label). For Heart Disease, we choose fixed age boundaries to obtain three age-ordered slices
with approximately balanced sample sizes: T1: age ≤ 52 (n = 119; 83 negative / 36 positive),
T2: 53–59 (n = 93; 43 negative / 50 positive), and T3: age ≥ 60 (n = 91; 38 negative / 53
positive). For CDC Diabetes we partition by age into four slices 18–34, 35–49, 50–64, 65+.

MIMIC-III cohort and task. We further evaluate on MIMIC-III (v1.4) (Johnson et al.,
2016), a de-identified ICU database with controlled access (credentialing and data-use ap-
proval required). We formulate one prediction row per ICU stay with a binary in-hospital
mortality label derived from admission/discharge information (hospital-expire indicator and
death timestamp for the indexed admission). The input is a fixed tabular schema shared
across all slices: static demographics (e.g., age, sex), admission and service context, comor-
bidity summaries encoded from ICD-9 (e.g., Elixhauser components or grouped counts), and
early-trajectory summaries of labs and vitals from the first 24 hours after ICU admission
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(mean/min/max where applicable, plus missingness indicators so shifts in measurement
frequency do not change feature dimension). Time-varying inputs are computed from the
first-24-hour laboratory and vital-sign summaries described above.

MIMIC-III continual protocols. We study two slice constructions for sequential eval-
uation in critical care data. (A) Shifted-timestamp partition: because released dates are
shifted independently by patient, protocol (A) is a synthetic sequential partition of disjoint
groups ordered by those timestamps, not a calendar-time or practice-drift protocol. (B)
Demographic shift: slices are disjoint patient cohorts ordered from younger to older by age
bucket, holding the same label and feature definition. In both protocols, we report AU-
ROC for mortality; the stated preprocessing pipeline and aggregation windows are frozen
across slices. Dataset-level cohort size, class prevalence, and train/validation/test counts
are summarized in Appendix Table 6.

Baselines and metrics. Baselines are a CART Decision Tree (Breiman et al., 1984),
XGBoost (Chen and Guestrin, 2016), and FT-Transformer (Gorishniy et al., 2021), trained
with the same slice schedule. For replay variants, we store a bounded buffer of past-slice
examples and mix them into each update using the same nominal replay capacity across
methods. Tree of Concepts uses replay for continual updates to the concept extractor
and label head while keeping tree-defined concepts fixed (see Section 4). We report: (i)
a pooled-data reference trained jointly on all slices; (ii) Avg. Past-Task (stability); and
(iii) Avg. Current-Task (plasticity). Open-access datasets use AUROC (Heart) and Macro-
F1 (CDC); MIMIC uses AUROC. Open-access experiments are repeated with five random
seeds; MIMIC-III experiments are repeated with three random seeds. We report mean ±
standard error of the mean (SE) across runs.

Interpreting pooled vs. continual scores. The pooled-data reference uses a different
training regime (joint access to all slices) than the continual metrics; absolute values are
therefore not directly comparable across these columns. We focus on relative ordering under
a fixed protocol and on the stability-plasticity tradeoff (past vs. current task); the displayed
replay variants have higher mean past-task scores in these experiments.

5.2. Results

We first report results on the publicly available tabular datasets, followed by evaluation on
the restricted-access MIMIC-III ICU cohort under two sequential protocols.

Open-access dataset results. In Tables 1 and 2, replay variants have higher mean
past-task scores than their corresponding no-replay baselines, and the Decision Tree has
the lowest mean past-task score among the evaluated baselines. Among the evaluated
methods, Tree of Concepts has the highest or tied mean past- and current-task scores on
both datasets. These point-estimate comparisons do not establish statistical superiority.

MIMIC-III results. We evaluate MIMIC-III mortality under (A) the shifted-timestamp
partition and (B) demographic shift, and report both protocols to describe performance
under two sequential slicing schemes.
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Table 1: UCI Heart Disease (binary classification, AUROC). We report the mean and
standard error over five runs.

Method Replay Pooled ref. Avg. Past-Task Avg. Current-Task

No Replay
Decision Tree ✗ 0.83± 0.02 0.56± 0.04 0.72± 0.03
XGBoost ✗ 0.89± 0.01 0.75± 0.03 0.84± 0.02
FT-Transformer ✗ 0.88± 0.02 0.73± 0.03 0.83± 0.02

Replay
Decision Tree ✓ – 0.63± 0.04 0.73± 0.03
XGBoost ✓ – 0.78± 0.02 0.85± 0.02
FT-Transformer ✓ – 0.76± 0.02 0.84± 0.03

Ours
Tree of Concepts ✓ 0.89± 0.01 0.80± 0.02 0.85± 0.02

Table 2: CDC Diabetes Health Indicators (3-class classification, Macro-F1). We report the
mean and standard error over five runs.

Method Replay Pooled ref. Avg. Past-Task Avg. Current-Task

No Replay
Decision Tree ✗ 0.58± 0.02 0.28± 0.05 0.47± 0.04
XGBoost ✗ 0.65± 0.02 0.51± 0.03 0.60± 0.02
FT-Transformer ✗ 0.64± 0.01 0.48± 0.04 0.57± 0.03

Replay
Decision Tree ✓ – 0.35± 0.05 0.48± 0.03
XGBoost ✓ – 0.55± 0.03 0.61± 0.02
FT-Transformer ✓ – 0.52± 0.03 0.59± 0.03

Ours
Tree of Concepts ✓ 0.66± 0.01 0.59± 0.02 0.63± 0.02

Aggregate fidelity to the fixed rule interface. The tree is frozen after initialization,
so each concept ID always corresponds to the same rule. At each slice, we compare (1)
the concept ID assigned by the frozen tree, z(x), and (2) the top concept ID predicted by
the concept model, ẑ(x) = arg maxℓ ĉℓ(x). We report leaf-assignment agreement (higher is
better), rule-fidelity gap (absolute performance difference when using predicted concepts
versus tree-assigned concepts; lower is better), and high-score leaf disagreement (disagree-
ment among samples whose maximum concept score exceeds 0.8; lower is better). These
are cross-sectional fidelity measures, not longitudinal measures of invariant patient-level
explanations.

Table 5 shows higher agreement on UCI/CDC and lower agreement on the MIMIC
protocols. The reported fidelity gaps range from 0.012 to 0.033; leaf agreement of 0.81 on
MIMIC protocol (B) corresponds to 0.19 disagreement with literal tree routing. We report
aggregate indicators here; per-rule clinical case studies were not evaluated.

Observation. Across the evaluated baseline blocks, replay variants have higher reported
mean Avg. Past-Task scores than the corresponding no-replay variants; mean Avg. Current-
Task changes by 0.01–0.02. These mean differences are observed with bounded replay mem-
ories whose retained fractions vary by dataset. In every baseline block, the Decision Tree
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(a) UCI Heart Disease.
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(b) CDC Diabetes Health Indicators.

Figure 1: Stability–plasticity trade-off on open-access tabular datasets (mean across five
runs; tables give mean ± SE). The x-axis is plasticity (Avg. Current-Task), and the y-axis
is stability (Avg. Past-Task). Segments link no-replay and replay for each baseline.

Table 3: MIMIC-III in-hospital mortality (AUROC), continual protocol (A) shifted-
timestamp partition based on released deidentified admission timestamps. We report the
mean and standard error over three runs.

Method Replay Pooled ref. Avg. Past-Task Avg. Current-Task

No Replay
Decision Tree ✗ 0.78± 0.02 0.54± 0.04 0.70± 0.03
XGBoost ✗ 0.85± 0.01 0.72± 0.03 0.79± 0.02
FT-Transformer ✗ 0.84± 0.02 0.70± 0.03 0.78± 0.03

Replay
Decision Tree ✓ – 0.61± 0.04 0.71± 0.03
XGBoost ✓ – 0.76± 0.02 0.81± 0.02
FT-Transformer ✓ – 0.73± 0.03 0.80± 0.02

Ours
Tree of Concepts ✓ 0.86± 0.01 0.78± 0.02 0.82± 0.02

has the lowest mean Avg. Past-Task, and XGBoost has higher displayed mean past- and
current-task scores than FT-Transformer; Tree of Concepts has the highest or tied mean
past- and current-task scores among the evaluated methods. Because the two MIMIC-III
protocols use different slice definitions and evaluation sets, we report their results sepa-
rately rather than interpret their absolute scores as a direct difficulty comparison. Table 5
quantifies correspondence to the fixed rule dictionary but does not establish clinical trust-
worthiness or invariant instance-level explanations.
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Table 4: MIMIC-III in-hospital mortality (AUROC), continual protocol (B) demographic
shift by age bucket. We report the mean and standard error over three runs.

Method Replay Pooled ref. Avg. Past-Task Avg. Current-Task

No Replay
Decision Tree ✗ 0.77± 0.01 0.52± 0.04 0.68± 0.03
XGBoost ✗ 0.84± 0.02 0.70± 0.03 0.77± 0.02
FT-Transformer ✗ 0.83± 0.01 0.68± 0.03 0.76± 0.02

Replay
Decision Tree ✓ – 0.58± 0.04 0.69± 0.03
XGBoost ✓ – 0.74± 0.03 0.78± 0.02
FT-Transformer ✓ – 0.71± 0.03 0.77± 0.03

Ours
Tree of Concepts ✓ 0.85± 0.01 0.76± 0.02 0.80± 0.02
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(a) Protocol (A): shifted-timestamp parti-
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(b) Protocol (B): demographic shift.

Figure 2: Stability–plasticity trade-offs on MIMIC-III mortality prediction under protocols
(A) and (B); points are means across three runs (see tables for ± SE).

6. Discussion

Technical implications. The main technical hypothesis of this work is that a fixed
rule dictionary can coexist with adaptive continual prediction. Tree of Concepts separates
fixed concept-ID-to-rule definitions from trainable input-to-concept and concept-to-label
mappings. Among the evaluated methods, the full Tree of Concepts configuration has the
highest or tied reported mean past- and current-task scores across the tabular protocols.
These are descriptive point estimates, not evidence of statistical superiority. The fixed
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Table 5: Aggregate fidelity of predicted tree-leaf rule concepts to the frozen rule interface
(mean ± SE; five runs for UCI/CDC and three runs for MIMIC-III).

Setting Leaf agreement ↑ Rule-fidelity gap ↓ High-score disagreement ↓

UCI Heart Disease 0.91± 0.01 0.012± 0.004 0.039± 0.009
CDC Diabetes 0.86± 0.02 0.020± 0.006 0.056± 0.011
MIMIC-III (A) Shifted timestamp 0.83± 0.02 0.027± 0.008 0.070± 0.013
MIMIC-III (B) Demographic 0.81± 0.02 0.033± 0.009 0.078± 0.014

dictionary makes ID-to-rule definitions directly comparable across updates, but neither
concept assignments nor the label head are invariant across updates.

Clinical implications. In healthcare, model updates are not only a statistical problem
but also a workflow and governance problem. A fixed rule dictionary could make model
versions easier to compare. However, the reported aggregate fidelity metrics do not establish
clinical usability, trust, or safety. Leaf-assignment agreement ranges from 0.81 to 0.91,
corresponding to disagreement rates of 0.09–0.19 with literal tree routing. Case-level audits,
longitudinal evaluation on fixed patients, calibration analysis, and clinician studies are
required before drawing deployment conclusions.

Limitations. This study has several limitations. First, the empirical evidence is limited
to health-related tabular benchmarks and does not capture prospective clinical deployment.
Second, we use the term concept operationally for supervised tree-leaf regions; their clinical
coherence has not been validated. Fixing the ID-to-rule mapping does not fix instance-level
assignments, and aggregate leaf agreement does not measure longitudinal explanation stabil-
ity. Third, the quality and coverage of the rule interface depend on the initial tree. Fourth,
our continual setup assumes a fixed feature schema and preprocessing pipeline, which may
fail under changes in coding, instrumentation, or data capture. Fifth, the baseline suite is
limited to three model families and simple replay; it omits regularization-based continual
learning, stronger replay methods, adaptive online trees, and continual concept models.
Sixth, reported differences are descriptive means from three or five runs without paired sig-
nificance tests. Seventh, age-defined slices have non-overlapping support on the age feature,
and retaining age as an input can reveal slice identity. Eighth, average past/current metrics
omit worst-slice behavior, transfer, calibration, patient-level explanation trajectories, and
concept-frequency-adjusted fidelity. Ninth, the evidence is aggregate rather than based on
case-level rule audits with clinician adjudication. Finally, replay may be constrained by
privacy, governance, or storage restrictions, and extension to images, waveforms, or text
requires different concept definitions.

Future directions. Several next steps follow naturally from these limitations. The most
immediate are independently reproducible cohort protocols, further MIMIC tasks or cohorts,
external institutional validation, and subgroup analyses. Another important direction is to
evaluate rule quality with clinicians and to report case-level trajectories rather than relying
only on aggregate predictive and fidelity metrics. More broadly, future work could study
how to version and update the rule vocabulary when medical knowledge, coding practices,
or patient populations change while preserving explicit mappings to prior concepts.
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7. Concluding Remarks
This work studies a modular continual-learning design in which the definitions of root-
to-leaf rules remain fixed while concept prediction and label mapping adapt sequentially.
Among the evaluated methods and protocols, Tree of Concepts attains the highest or tied
reported mean past- and current-slice scores. These descriptive comparisons do not establish
statistical superiority, clinical meaningfulness of the tree-leaf rules, or invariant patient-
level explanations. They motivate further study of fixed rule vocabularies as longitudinally
comparable interfaces for continually updated tabular models.
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Table 6: Dataset-level cohort summary.

Dataset Nsource Nused Train / Val / Test Outcome prevalence

UCI Heart Disease 303 ≈ 300 180 / 60 / 60 ≈ 46% positive
CDC Diabetes 253,680 250,000 150,000 / 50,000 / 50,000 ≈ 74%/16%/10%
MIMIC-III (A,B) 53,423 50,000 30,000 / 10,000 / 10,000 ≈ 11.5% in-hospital mortality

Appendix A.

Detailed Experimental Settings

Data preprocessing. All tabular inputs are preprocessed with a fixed pipeline shared
across methods: (i) continuous variables are z-score normalized using first-slice training-
partition statistics, (ii) categorical variables are one-hot encoded, and (iii) missing values
are imputed with training medians/modes and accompanied by missingness indicators. For
continual experiments, preprocessing parameters are initialized on the first slice’s train-
ing partition and then kept fixed to avoid leakage across future slices. This preserves a
forward-only deployment order without using future-slice preprocessing statistics and keeps
preprocessing identical across methods.

Slice construction. For UCI Heart Disease and CDC Diabetes, slices follow the de-
mographic partitions in Section 5.1. For UCI Heart Disease, we use approximately 300
observations and select 180 / 60 / 60 observations for the train / validation / test parti-
tions. For MIMIC-III, each sample corresponds to one ICU stay, and features are extracted
from the first 24 hours. We evaluate two slice protocols: (A) a shifted-timestamp partition
and (B) demographic cohorts. Protocol (A) divides ICU stays into four groups ordered
by released deidentified admission timestamp; patient-specific shifts preclude cross-patient
calendar chronology.

Model and optimization details. The frozen concept scaffold is a shallow CART-style
decision tree trained only on the initial slice’s training partition (max depth = 4). LeafNet
(concept extractor) is a 2-layer MLP with hidden widths (128, 64), ReLU activations, and
dropout 0.1. The label head is a linear layer applied to the normalized concept-probability
vector; raw concept logits are used only by the concept cross-entropy loss. We optimize
with Adam (learning rate 10−3, weight decay 10−5, batch size 256), with early stopping on
validation performance (patience = 8, max epochs = 80). Unless stated otherwise, λc = 1.0
in Eq. (8) of the main text.

Replay setup. Replay minibatches mix current and memory samples at a 1:1 ratio.
Memory is class-balanced when possible. Default replay capacities are 2,048 samples for
open-access datasets and 8,192 for MIMIC-III. Open-access experiments are repeated over
five random seeds, while MIMIC-III experiments are repeated over three random seeds; we
report mean ± standard error.
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Table 7: Component ablations for Tree of Concepts (mean ± SE, 5 runs).

Setting UCI Past UCI Current CDC Past CDC Current Concept Agreement

Full model (ours) 0.80± 0.02 0.85± 0.02 0.59± 0.02 0.63± 0.02 0.89± 0.02
w/o replay 0.71± 0.03 0.84± 0.03 0.46± 0.03 0.61± 0.03 0.86± 0.02
w/o concept loss (λc = 0) 0.67± 0.04 0.82± 0.03 0.43± 0.04 0.58± 0.03 0.60± 0.04
Refresh tree each slice 0.73± 0.03 0.82± 0.02 0.49± 0.03 0.60± 0.03 0.69± 0.04

Table 8: Replay memory ablation on MIMIC-III protocol (A), the shifted-timestamp par-
tition (mean ± SE, 3 runs).

Replay capacity Avg. Past-Task Avg. Current-Task Concept Agreement

0 (no replay) 0.57± 0.04 0.78± 0.02 0.77± 0.03
512 0.68± 0.03 0.80± 0.02 0.81± 0.02
2,048 0.75± 0.03 0.81± 0.02 0.83± 0.02
8,192 0.78± 0.02 0.82± 0.02 0.84± 0.02

Reproducibility Details

For transparency, we summarize the available dataset, cohort, slice, preprocessing, model,
replay, evaluation, split-size, and seed-count information in the manuscript and appendix.
Access to MIMIC-III follows its credentialing and data-use requirements.

Ablation Studies

Ablation A: component comparisons. Table 7 reports component ablations for replay,
fixed tree definitions, and concept supervision. Each ablation has a lower reported mean
past-slice score than the full model; the no-concept-loss variant has the lowest reported
mean concept-agreement score.

Ablation B: replay memory size. In Table 8, the reported mean past-slice and concept-
agreement scores increase monotonically with replay capacity, while successive mean incre-
ments become smaller.
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