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Abstract

Decision trees are widely used in machine learning
due to their interpretability. However, when the un-
derlying data distribution changes—a phenomenon
known as concept drift—their performance can
degrade significantly. Retraining the model from
scratch discards the learned structure and offers
no insight into which nodes were actually affected.
Prior work, APPETITE, used spectrum-based fault
localization to identify and modify a single faulty
node, but cannot handle drift that affects multiple
nodes simultaneously or that demands structural
changes to the tree. We propose BTAD (Bayesian
Tree Adaptation for Drift), which formalizes the
Decision Tree Concept Drift Problem as a Model-
Based Diagnosis task and employs BARINEL, a
Bayesian algorithm that ranks multi-node fault hy-
potheses across the entire tree. For repair, BTAD ap-
plies Subtree Re-fitting, replacing affected subtrees
with ones fitted to the post-drift distribution. BTAD
relies on lightweight node-level statistics and re-
quires no access to the original training data. Exper-
iments show that BTAD outperforms APPETITE in
both recovery and localization, achieving accuracy
comparable to full retraining—which provides no
drift insight and requires the original data.

1 INTRODUCTION

Decision trees are among the most interpretable machine
learning models for tabular data (Gao et al. [2021], Lee et al.
[2022]), as predictions follow explicit splitting constraints
that experts can trace. However, real-world distributions
may shift over time—a phenomenon known as concept
drift (Gepperth and Hammer [2016])—degrading predic-
tive performance. The standard mitigation is to retrain from
scratch (Lu et al. [2018]), yet this provides no insight into

which nodes were affected, and may be impractical when
post-drift data is scarce or the original data is unavailable.

To address explainable drift repair, Almog and Kalech
[2023] presented APPETITE, a spectrum-based fault local-
ization (SFL) approach, which pinpoints a faulty tree node
that can explain the drift, and repairs it. However, APPETITE
is limited to a single faulty node and narrow node-level pa-
rameter corrections, which may be inadequate when drift
impacts multiple tree regions or demands structural changes.

We propose BTAD (Bayesian Tree Adaptation for Drift), a
diagnosis-and-repair framework for concept drift in deci-
sion trees that makes two contributions. First, we formal-
ize the Decision Tree Concept Drift Problem (DTCDP) as
an Model-Based Diagnosis (MBD) problem (de Kleer and
Williams [1987]), enabling the use of BARINEL (Abreu
et al. [2009b]), a Bayesian MBD algorithm that produces
ranked multi-node diagnoses covering all drift-affected re-
gions. Second, we introduce Subtree Re-fitting, a repair
strategy that replaces entire subtrees at diagnosed nodes
with newly induced ones, enabling structural modifications
beyond local parameter adjustments. By repairing only the
affected nodes, BTAD preserves healthy regions and iden-
tifies where in the tree drift manifested. Crucially, BTAD
requires no access to the original training data: during train-
ing, each node stores compact statistics from which syn-
thetic samples are generated to augment the post-drift data,
improving the robustness of the replacement subtrees. This
enables a pre-trained tree distribution paradigm, in which a
model can be deployed and subsequently adapted in place
without accessing the raw data—highly appealing under
data privacy regulations (e.g., GDPR), edge deployment and
federated settings where raw data cannot be retained.

We evaluate BTAD on benchmarks from the TRIO collec-
tion (Cohen-Shapira and Rokach [2021]) under feature-shift
and distribution-edge drift scenarios. Our results show that
each contribution independently improves performance: re-
placing the local repair operator with Subtree Re-fitting
yields consistent gains, particularly under broad distribu-
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tional shifts. In addition, BARINEL presents more precise
fault localization than SFL, underscoring its ability to pin-
point drift-affected nodes. Moreover, BTAD shows accuracy
recovery that nearly matches NEWALL, a baseline exhibit-
ing two key limitations: (1) no diagnostic insight into which
parts of the model were affected by the drift; (2) It requires
continued access to the original training set, which may be
unavailable due to storage, privacy, or regulatory constraints.

2 RELATED WORK

Concept Drift. Methods for handling concept drift (Gep-
perth and Hammer [2016]) are generally divided into active
approaches, which detect drift and then retrain (Singhal et al.
[2020]), and passive approaches, which adapt the model
continuously via incremental or online learning (Li et al.
[2020], Wang et al. [2003], Scholz and Klinkenberg [2005],
Cabrera et al. [2021]). Tree-based stream algorithms such
as the Hoeffding Tree (Domingos and Hulten [2000]) and
the Mondrian Tree (Roy and Teh [2008]) assume stationary
distributions; several extensions incorporate drift handling
through tree replacement or ensemble-level mechanisms
(Hoeglinger and Pears [2007], Rad and Haeri [2019], Khan-
nouz and Glatard [2024]), most notably the Adaptive Ran-
dom Forest (Gomes et al. [2017]). Li et al. [2024] further
refine this by classifying the drift type before selectively
retraining. All these methods operate at the model level—
discarding and rebuilding entire trees—without identifying
which internal components caused the degradation, a gap
also noted in a recent survey on explainability in concept
drift Pelosi et al. [2025]. Our work instead diagnoses indi-
vidual nodes, enabling targeted, structure-preserving repair.

Formal Explainability. Many explainability techniques
lack formal guarantees (Marques-Silva [2023]); formal ex-
plainability (Marques-Silva and Ignatiev [2022]) addresses
this through rigorous, provably minimal explanations devel-
oped for both model-agnostic (Cooper and Marques-Silva
[2023], Huang et al. [2022]) and model-specific settings, in-
cluding neural networks (Bassan and Katz [2023], Jiang et al.
[2023]) and tree-based classifiers (Ignatiev et al. [2022],
Huang and Marques-Silva [2023], Carbonnel et al. [2026],
Izza et al. [2025], Bounia and Agoun [2025]). Marques-
Silva [2025], Marques-Silva and Huang [2024] survey logic-
based approaches that formalize sufficient and contrastive
explanations via minimal feature sets, contrasting them with
heuristic methods like SHAP (Lundberg and Lee [2017])
and LIME (Ribeiro et al. [2016]). These works focus on
individual predictions; our goal is complementary—we lo-
calize nodes implicated in the degradation under concept
drift by diagnosing the tree nodes whose constraints conflict
with the shifted distribution.

3 PROBLEM DEFINITION

In this section, we formalize the Decision Tree Concept
Drift Problem (DTCDP). We begin with the notion of a clas-
sification model:

Definition 1 (Classification Model). Let X be a feature
space and Y a class space, and let F ⊆ X and C ⊆ Y
be sets of features and classes, respectively. Given SD =
{(xj , yj)}mj=1 ⊆ X×C a dataset of m samples drawn from
distribution D, a classification model is a learned function
ϕ : X → C that maps instances to a class label.

A well-known family of classification models is decision
trees. A widely used variant — and the focus of this work —
is the binary decision tree.

Definition 2 (Binary Decision Tree). A binary decision tree
T = (VT , ET ) is a classification model structured as a
rooted, directed acyclic graph. VT is partitioned into inter-
nal (non-terminal) nodes VT NT and leaf (terminal) nodes
VT T . Each leaf carries a class y ∈ C. Each internal node
ni ∈ VT NT carries a splitting constraint cnstni defined
over a feature fj ∈ F , denoted ⟨fj , cnstni⟩, and has ex-
actly two children: the right child is reached when cnstni

is satisfied, and the left child when it is violated. Classifica-
tion proceeds by traversing from the root along the edges
dictated by successive constraints until a leaf is reached; its
label is the predicted class. The ordered sequence of nodes
visited during this traversal is called a classification path.

The quality of a decision tree T on a dataset S is measured
by a performance metric ρ(T , S) ∈ R (e.g., accuracy, preci-
sion, or recall). When the data distribution shifts from D to
a new distribution D′ — a phenomenon known as concept
drift — constraints of T may no longer reflect the true data
structure, causing a measurable drop in ρ. We formalize this
as follows:

Definition 3 (Decision Tree Concept Drift Problem). Let
T be a binary decision tree trained on the sample set SD

drawn from a distribution D, and let SD′ be a new sample
set drawn from a shifted distribution D′. A Decision Tree
Concept Drift Problem (DTCDP) is said to occur whenever
ρ(T , SD) − ρ(T , SD′) > θT , with θT > 0 a significant
degradation threshold.

4 METHODOLOGY

We address DTCDP by adopting diAgnosis-based aPproach
for Post-concEpt drifT decIsion Trees rEpair (APPETITE)
suggested by Almog and Kalech [2023], which frames con-
cept drift handling as a two-phase process: (1) Diagnosis —
identifying ∆T , the set of faulty nodes responsible for the
degradation; (2) Repair — modifying T based on ∆T to
realign its predictions with D′.

7993



A key practical consideration for this approach is eliminat-
ing the need to access the original training set SD at repair
time. Instead, each phase relies only on compact, constant-
memory statistics that are pre-computed during training
and stored within the tree’s nodes. We detail these stored
quantities at each point of use.

We first review the methodology of APPETITE ( Almog and
Kalech [2023]) (Section 4.1); then we introduce our novel
approach BTAD (Section 4.2).

4.1 BACKGROUND: APPETITE (Almog and
Kalech [2023])

APPETITE was originally proposed to adapt a decision tree
to concept drift. Its diagnosis step uses Spectrum-Based
Fault Localization (SFL) to identify a single faulty node,
and its repair step applies a local Node Adaptation operator
to that node.

4.1.1 Spectrum-Based Diagnosis

Central to the diagnosis is a spectrum-based representation.
We first introduce the auxiliary notions of node path and
misclassification, each defined with respect to the decision
tree T .

Definition 4 (Node Path). Given a tree T and a node
ni ∈ VT , the node path PathT (ni) is the set of splitting
constraints encountered along the unique path from the root
to ni. Let pi be the parent of ni, the node path of ni is
recursively defined as:

PathT (ni) =


∅ if ni is the root node
PathT (pi) ∪ {cnstpi} if ni is a right child
PathT (pi) ∪ {¬cnstpi} if ni is a left child

For a sample sj ∈ SD′ , PathT (ni)(sj) denotes the
Boolean result of evaluating all constraints in PathT (ni)
against sj .

Definition 5 (Misclassification). Given a tree T and a sam-
ple sj , the misclassification predicate misT (sj) returns
True whenever the label assigned by T does not coincide
with the ground-truth class yj .

Using those definitions, we can summarize the diagnostic
signal of the tree in a binary matrix and an error vector.

Definition 6 (Node Spectrum). Given SD′ — a sample set
containing A samples and T — a decision tree with B nodes.
The node spectrum SPCTT ∈ {0, 1}A×B is a binary ma-
trix whose entry spctT j,i equals 1 when PathT (ni)(sj) =
True, and 0 otherwise.

Definition 7 (Error Vector). The error vector ET ∈ {0, 1}A
has its j-th component eT j set to 1 when misT (sj) =
True, and to 0 otherwise.

In effect, every row of SPCTT encodes the nodes partici-
pated by a given sample, while the matching entry in ET
indicates whether that sample was incorrectly classified.

Figure 1: An example deci-
sion tree T .

Sample x1 x2 Class
s1 3 4 0
s2 4 2 1
s3 7 1 0
s4 8 3 0

Table 1: Sample dataset af-
ter a data drift.

n1 n2 n3 n4 n5 E
s1 1 0 1 1 0 1
s2 1 0 1 0 1 1
s3 1 1 0 0 0 0
s4 1 1 0 0 0 0

Table 2: Node spectrum SPCT and error vector E for the
tree in Figure 1 on the dataset in Table 1.

To illustrate, take sample s1 = ((3, 4), y=0) from Table 1,
classified using the tree T depicted in Figure 1. At the root
n1 the constraint x1 ≤ 5 holds, directing s1 to the right child
n3. There, x2 ≤ 3 is not satisfied, so s1 descends to the left
child n4, whose label is class 1. Because y = 0 ̸= 1, we say
that a misclassification occurs. The resulting spectrum row
is [1, 0, 1, 1, 0] with e1 = 1 (only n1, n3, and n4 participate).
Repeating for all samples yields the full spectrum in Table 2.

APPETITE uses SFL (Abreu et al. [2009a]) to measure and
rank how well each node’s participation pattern in SPCTT
correlates with the observed misclassifications captured in
ET . Intuitively, a node that has been participated mostly in
misclassifications is a primary candidate for being faulty.

Let σ(SPCTT ·,i, ET ) ∈ R be a similarity coefficient (e.g.,
Ochiai (Abreu et al. [2007]) or Faith (Faith [1983])) evalu-
ated between the i-th column of SPCTT (denoted partici-
pation column) and the error vector ET . Formally, SFL rank
is then defined as: rankSFL,T (ni) = σ(SPCTT ·,i, ET ).

To illustrate, consider again Table 2. The participation col-
umn of n3 coincides exactly with E, thereby attaining a
perfect SFL score of 1.0 (e.g., under the Ochiai coefficient)
— the highest among all nodes.

To refine the SFL ranking, APPETITE incorporates a statisti-
cal measure that quantifies how much each node’s constraint
has shifted between the pre-drift and post-drift distributions.

Definition 8 (Constraint Violation Rate). Given a tree
T , a node ni ∈ VT , and a dataset S, the con-
straint violation rate describes the percentage of sam-
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ples that violate the node’s constraint: violT (ni, S) =
|{sj |¬cnstni

(sj)∧PathT (ni)(sj), sj∈S}|
|{sj |PathT (ni)(sj), sj∈S}|

Definition 9 (STAT Rank). The Statistical-Analysis rank
of a node ni ∈ VT (STAT rank) measures the shift
in its constraint violation rate between SD and SD′:
rankSTAT,T (ni) = |violT (ni, SD)− violT (ni, SD′)|.

A high rankSTAT,T reflects a substantial post-drift change
in traversal behavior. Notably, violT (ni, SD) is computed
once at training time as a scalar v̂ni

inside each node, elimi-
nating any dependence on SD during diagnosis.

APPETITE produces a final suspiciousness score by taking
the product of the SFL and STAT ranks for every node. The
node that maximizes this product is returned as the single-
element diagnosis ∆T .

Returning to the running example, suppose the stored pre-
drift violation rate for n3 is v̂n3

= 0.8 while the post-drift
rate is violT (n3, Sexample) = 0.5; then rankSTAT,T (n3) =
|0.8− 0.5| = 0.3. Combined with the SFL score computed
earlier, the final suspiciousness score is 1.0× 0.3 = 0.3.

4.1.2 Node Adaptation

Given the single faulty node identified by SFL, APPETITE
applies a targeted modification — denoted as Node Adapta-
tion — that adjusts the node to better align with the drifted
distribution D′. The modification depends of the nature of
the node. A terminal node has its class label reassigned to
the majority class among the drifted samples that reach it;
a non-terminal node with a binary or categorical feature
has its constraint negated; and a non-terminal node with a
numeric split has its threshold shifted by the change in the
feature mean between SD and SD′ (the pre-drift mean is
stored in the node).

4.2 BTAD: BAYESIAN TREE ADAPTATION FOR
DRIFT

While APPETITE assumes and effectively handles concept
drift that can be attributed to a single node, real-world dis-
tributional shifts may affect multiple regions of the tree
simultaneously. Moreover, Node Adaptation operator ap-
plies narrow, parameter-level adjustments, which may be
insufficient when the distributional shift demands deeper
structural changes. To address those limitations, we propose
BTAD (Bayesian Tree Adaptation for Drift), a new approach
built upon the APPETITE framework that introduces two key
contributions:

(1) Modeling the DTCDP in terms of Model-Based Diag-
nosis (MBD) problem, a well-known framework for auto-
mated diagnosis. This allows us to employ the BARINEL

algorithm—an MBD-based Bayesian approach capable of
producing multi-node diagnoses.

(2) A novel repair strategy based on Subtree Re-fitting,
which replaces subtrees rather than tweaking parameters.

4.2.1 BTAD Diagnosis

Given DTCDP, our goal in the diagnosis phase is to
find ∆T , a set of faulty nodes which can explain the
degradation of performance. We formulate this as an in-
stance of consistency-based Model-Based Diagnosis (MBD)
(de Kleer and Williams [1987], Stern et al. [2012]). In MBD,
a diagnosis problem is characterized by the tuple ⟨SD, C,O⟩,
representing the system description, the component set, and
the observation, respectively. Such a problem emerges when
SD becomes inconsistent with O, under the assumption that
every component in C functions correctly. A diagnosis is
then a subset of components whose assumed faulty, suffices
to restore consistency between the system description and
the observation.

Let T = (VT , ET ) be a binary decision tree trained over
samples SD drawn from a distribution D. Each node of T
is treated as a diagnosable component that may have been
compromised by the distributional shift.

Definition 10 (Components). Given a decision tree T =
(VT , ET ), the component set C = VT is defined as VT , the
set of all nodes in T .

We associate with each node n ∈ C a Boolean healthy
predicate h(n). A node is deemed abnormal (¬h(n)) with
respect to SD′ when concept drift has rendered its constraint
or label inconsistent with the samples that reach it, thereby
resulting in misclassifications.

Definition 11 (System Description). The system description
SD of T comprises: (i) the tree topology (parent–child rela-
tionships and edge semantics), (ii) the splitting constraints
at internal nodes, and the class assignments at leaves.

Definition 12 (Observation). Let ρ be a performance met-
ric and θT be a degradation threshold. Given a post-drift
sample set SD′ drawn from D′, the observation O is the ob-
served performance degradation: ρ(T , SD)−ρ(T , SD′) >
θT .

Definition 13 (Tree Diagnosis). Let SD be the system
description of a tree T and let O be the observation of
performance degradation. A set of nodes ∆T ⊆ C is a
tree diagnosis if assuming that ∀n ∈ ∆T ¬h(n) and
∀n ∈ C \∆T h(n), makes SD consistent with O.

Consistency here is understood in a statistical sense: assum-
ing that the nodes in ∆T are abnormal suffices to explain
the observed performance gap ρ(T , SD)− ρ(T , SD′).
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In principle, one could directly apply classical MBD solvers
(de Kleer and Williams [1987], Metodi et al. [2014], Wang
and Shen [2023]) to enumerate diagnoses. Yet, those solvers
presuppose noise-free observations—every discrepancy is
attributed to an actual fault. Decision trees, like any learned
classifiers, inherently admit misclassification even under the
training distribution. Thus, treating every error as evidence
of a fault would inflate the diagnosis with healthy nodes.
To overcome that, we adopt Bayesian AppRoach to dIag-
nose iNtErmittent fauLts (hereinafter BARINEL) (Abreu
et al. [2009b]), a Bayesian MBD approach that accommo-
dates noisy observations by ranking candidate diagnoses
according to their posterior probabilities, down-weighting
those that include nodes whose participation patterns do not
strongly correlate with the observed misclassifications.

Candidates Selection: Starting from SPCTT and ET ,
we first enumerate minimal hitting sets over the tree’s nodes.
A subset ∆q ⊆ VT qualifies as a hitting set when every
misclassified sample sj (i.e., eT j = 1) has at least one node
from ∆q along its classification path:
∀sj with eT j = 1 : ∆q ∩ {ni | spctT j,i = 1} ̸= ∅.
A hitting set is minimal when none of its proper subsets is
itself a hitting set. The collection of all such minimal hitting
sets forms the set of candidate diagnoses.

Candidates Ranking: Every candidate diagnosis ∆q

is ranked by its posterior probability of explaining
the degradation, conditioned on the observed spec-
trum and error vector, following Bayes’ theorem:
Pr(∆q | SPCTT , ET ) =

Pr(SPCTT ,ET |∆q)·Pr(∆q)
Pr(SPCTT ,ET ) .

Because the marginal Pr(SPCTT , ET ) is shared across
candidates (normalization factor), ranking requires only the
numerator. We assign the prior Pr(∆q) based on the STAT
ranks (Definition 9), i.e., pi = rankSTAT,T (ni) is the prior
fault probability of node ni. Assuming independence among
faults: Pr(∆q) =

∏
ni∈∆q

pi ·
∏

ni∈VT \∆q
(1 − pi). The

likelihood Pr(SPCTT , ET | ∆q) is evaluated according
to the BARINEL framework (Abreu et al. [2009b]). Candi-
dates with larger posterior probabilities provide a more cred-
ible explanation for the observed misclassification pattern
under the shifted distribution. The candidate that maximizes
the posterior is chosen as the diagnosis of tree T .

In contrast to SFL, which outputs a single node, BARINEL
is capable of producing multi-node diagnoses, allowing the
repair phase to target multiple drift-affected regions.

Returning to our running example (Table 2), the minimal
hitting sets (candidates) are ∆1 = {n1}, ∆2 = {n3},
and ∆3 = {n4, n5}. Among these, BARINEL selects
∆2 = {n3}. Recall that pn3

= 0.3 (from the STAT rank
computed earlier in Section 4.1.1); the prior of ∆2 is
Pr(∆2) = 0.3 ·

∏
ni /∈{n3}(1−pi), which incorporates both

the fault probability of n3 and the health probabilities of all
remaining nodes. Its likelihood equals 1.0, since the partici-

pation column of n3 perfectly discriminates misclassified
from correctly classified samples.

4.2.2 BTAD Repair

Upon completion of the diagnosis phase, the set of faulty
nodes ∆T is forwarded to the repair phase. For this tar-
get we introduce Subtree Re-fitting approach. Rather than
performing localized parametric adjustments at individual
nodes, this approach substitutes the entire decision subtree
rooted at each diagnosed faulty node with a newly trained
decision subtree, thereby enabling comprehensive structural
reconfiguration. This strategy is advantageous when the dis-
tributional shift is too severe for a simple threshold adjust-
ment or label reassignment to capture, as it allows the new
subtree to learn an entirely new feature space partitioning.

The natural re-fitting training set for the replacement sub-
tree rooted at the faulty node ni is the collection of post-
drift samples that reach it, SD′(ni) = {sj ∈ SD′ |
PathT (ni)(sj)}. However, training exclusively on SD′(ni)
risks overfitting the new subtree to a potentially small post-
drift observation set. Augmenting it with samples from the
original distribution D yields a more robust partitioning of
the feature space. Since we assume that the raw pre-drift
samples SD are not available at repair time, we instead syn-
thesize samples that approximate the pre-drift data reaching
each faulty node. To this end, per-node generation param-
eters (as listed in Definition 14) are pre-computed during
training and stored as a compact descriptor in each node
in constant memory, enabling the generation of a synthetic
dataset ŜD(ni).

Definition 14 (Synthetic Sample Generation). Consider
a tree T , a diagnosed node ni ∈ ∆T , and the origi-
nal training set SD. Denote by SD(ni) = {sj ∈ SD |
PathT (ni)(sj)} the subset of original samples that tra-

verse ni. We construct a synthetic dataset ŜD(ni) of the
same cardinality |SD(ni)| by independently drawing each
sample according to the following per-feature scheme:

• Every numeric feature f is drawn from a Gaussian
N (µf , σf ) and subsequently clipped to the interval
[minf , maxf ]; the statistics µf , σf , minf , maxf are
all derived from SD(ni).

• Every categorical or binary feature f is drawn accord-
ing to the observed frequency distribution:
Pr(f = v) =

|{sj∈SD(ni)|sj [f ]=v}|
|SD(ni)| .

• Class labels are assigned by sampling from the empiri-
cal label distribution:
Pr(y = c) =

|{sj∈SD(ni)|yj=c}|
|SD(ni)| .

Each replacement subtree is learned from the combined set
SD′(ni)∪ ŜD(ni), employing the same induction algorithm
and hyperparameter configuration used to build the original
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tree. Once trained, this new subtree is inserted into T , taking
the place of the subtree that was previously rooted at ni.

When the diagnosis comprises several faulty nodes, some of
them may stand in an ancestor–descendant relation within
the tree. In such situations, a dependency resolution proce-
dure is carried out prior to any subtree re-fitting.

Definition 15 (Dependency Resolution). Suppose nA, nC ∈
∆T with nA being an ancestor of nC . Let nA→C be the child
of nA on the path toward nC , and nA,other be the remaining
child of nA (not on the same path). The resolution performs
by removing nA from ∆T and replacing it with nA,other:
∆T ← ∆T \ {nA} ∪ {nA,other}. This is justified because
nC already accounts for the degradation originating in the
nA→C subtree, making additional structural changes along
that branch unnecessary.

The underlying intuition is that when an ancestor and one of
its descendants are both flagged as faulty, the ancestor’s split-
ting criterion becomes redundant: the branch leading to the
descendant will undergo its own dedicated repair, so the an-
cestor essentially reduces to its other branch. The resolution
procedure iterates over the nodes in ∆T from shallowest
to deepest: for each candidate nA, it checks whether any
deeper node nC ∈ ∆T is a descendant of nA (again scan-
ning in top-to-bottom order). Upon finding such a pair, nA is
resolved as above and discarded from ∆T . Processing in this
breadth-first manner guarantees that shallower conflicts are
addressed first, potentially eliminating deeper ones. Once
all ancestor–descendant dependencies have been resolved,
the retained nodes in ∆T are re-fitted independently.

A detailed complexity analysis is provided in Appendix A
and at GitHub1.

5 EVALUATION

5.1 EXPERIMENTAL SETTINGS

Datasets. A well-known difficulty in concept drift re-
search is the scarcity of evaluation benchmarks that come
with ground-truth drift annotations (Li et al. [2020], Brzezin-
ski and Stefanowski [2013]). Most publicly available
datasets are collected under stationary assumptions, while
studies that do employ real-world drifting data often rely
on proprietary sources (Duckworth et al. [2021], Wang
et al. [2003]), preventing reproducibility. Consequently, re-
searchers frequently turn to fully synthetic data with MOA
framework (Bifet et al. [2010]), that can generate data
streams with controlled distributional changes. However,
MOA transforms the entire feature space at once, which
does not suit our setting, where drift must be attributable

1Complexity analysis is available at https://github.
com/yoavzelinger/BTAD/tree/main/appendix/
complexity.pdf.

to specific features for diagnosis evaluation. Following Tah-
masbi et al. [2021], who proposed injecting drift into static
datasets, and Almog and Kalech [2023], who applied a simi-
lar semi-synthetic strategy to decision-tree repair, we adopt a
drift-injection approach over real classification benchmarks.

We draw our benchmarks from the publicly available TRIO
collection2 (Cohen-Shapira and Rokach [2021]), which com-
prises 138 classification datasets. Each dataset was then par-
titioned as follows: the first 70% of the instances serve as
the pre-drift training set (SD) used to build the decision tree.
The remaining 30% is reserved for post-drift use (SD′ ) and
is further divided (randomly) into an adaptation set, whose
size ranges from 0.5% to 10% of the full dataset, and a fixed
20% of test set used exclusively for evaluation after repair.

We applied two filtering criteria to retain only meaning-
ful experimental cases: (1) datasets on which the trained
tree achieved less than 75% accuracy on SD were ex-
cluded, since the baseline model was already unreliable;
and (2) datasets where the accuracy drop between SD and
SD′ fell below 10% (θT , see Definition 3) were removed,
as the drift was too mild to warrant repair.

Concept Drift Synthesis. We evaluate under two com-
plementary drift-generation procedures, each producing a
distinct experimental setting2.

Feature-Shift Drift (Experiment 1). This protocol is de-
signed to examine the effect of concept drift in scenarios
where the change in each feature is applied in isolation
from the others. Following the partitioning described in Sec-
tion 5.1, 30% of the data is randomly selected to serve as
the post-drift portion, and drift is injected into it by per-
turbing individual features. For each numeric feature, a
shift k ∈ {−2σ,−σ,−0.5σ, 0.5σ, σ, 2σ} (where σ is the
feature’s standard deviation) is added to every value. For
categorical and binary features, a target value is fixed and a
proportion p ∈ {0.3, 0.5, 0.7, 0.9} of the remaining samples
is overwritten with that value. This procedure yielded 3667
drift scenarios across 53 datasets.

Distribution-Edge Drift (Experiment 2). While feature-shift
drift provides fine-grained control over the perturbation mag-
nitude, modifying features in isolation can inadvertently
disrupt existing inter-feature dependencies and correlations
present in the data. This motivates a second, complementary
protocol that preserves all inter-feature dependencies by par-
titioning actual data points rather than altering their values.
For each target feature, instances are ranked by that fea-
ture’s value, and either the top or bottom 30% constitute the
post-drift portion; the remaining 70% serve as the pre-drift
data. The focus on extreme values simulates a realistic dis-
tributional shift—the “edge” of the distribution emphasizes

2Datasets and resulted scenarios are available at
https://github.com/yoavzelinger/BTAD/tree/
main/appendix/.
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that the underlying distribution has moved—while every
other statistical relationship in the data remains intact. As
in Experiment 1, the 30% post-drift portion is further split:
one-third for adaptation and two-thirds for testing. This
procedure yielded 2179 drift scenarios across 54 datasets.

Compared Algorithms. We compare five algorithms:
three baselines, an ablation variant, and our proposed BTAD.
The first two baselines retrain a decision tree from scratch.
NEWDRIFT trains exclusively on the post-drift adaptation
set SD′ , while NEWALL trains on the union SD∪SD′ . Note
that NEWALL assumes continued access to the original train-
ing data, which may not always be available in practice. The
third baseline is the APPETITE method (Almog and Kalech
[2023]), which pairs the SFL diagnoser with the Node Adap-
tation repair operator (Section 4.1).

The ablation variant, replaces APPETITE’s repair component
with Subtree Re-fitting (SUBFIT) while retaining the SFL
diagnosis, thereby isolating the contribution of our new
repair strategy (denoted , SFL+SUBFIT) (Section 4.2.2).
Finally, BTAD combines the BARINEL diagnoser with the
SUBFIT repair operator (Section 4.2), providing insights
into the diagnosis contribution and overall performance.

All algorithms’ decision trees were trained using scikit-
learn’s DecisionTreeClassifier (Pedregosa et al.
[2012]). Hyperparameters — the splitting criterion (Gini
or Entropy) (Stoffel and Raileanu [2001]) and the max-
imum number of leaf nodes (10, 20, or 30) — were se-
lected via Grid Search( Larochelle et al. [2007]) with 5-
cross-validation on the training set. All procedures involv-
ing randomness used a fixed random seed of 7 to ensure
reproducibility. The code available at Github 3. Statistical
significance is assessed via paired t-tests at α = 0.05.

Evaluation Metrics. To assess repair quality, we mea-
sure the Accuracy Diff: the increase in classification accu-
racy of the repaired tree relative to the original (pre-repair)
tree, both evaluated on the post-drift test set.

To assess diagnosis quality, we employ two metrics. First,
Wasted Effort (Elmishali et al. [2018]) counts how many
healthy nodes are inspected before all truly faulty ones,
when following the diagnosis ranking order. A node is
deemed truly faulty if its splitting feature is the feature
into which drift was injected. When the ranked candidate
list does not cover all faulty nodes, the expected wasted ef-
fort for the missing nodes is computed as E[WEmissing] =
xm−x2

x+1 , where m is the total number of unranked nodes and
x is the number of truly faulty nodes among them. Second,
Top-1 measures the percentage of drift scenarios in which
the drifted feature is ranked first in the diagnosis. Concretely,
the ranked list of diagnosed nodes induces a ranked list of

3Code is available at https://github.com/
yoavzelinger/BTAD/tree/main/code/

features; Top-1 is satisfied when the first distinct feature in
that list matches the true drifted feature.

Both diagnosis quality metrics are reported exclusively for
Experiment 1 (Feature-Shift). In Experiment 2 (Distribution-
Edge), altering the partition boundary of a single feature can
indirectly shift the conditional distributions of correlated fea-
tures; consequently, there is no unambiguous faulty-features
ground truth against which to measure fault localization.
Therefore, we restrict diagnosis evaluation to Experiment 1.

Research Questions. We structure our evaluation around
three research questions:

RQ1 How does BTAD compare to the baselines and to AP-
PETITE in restoring accuracy after concept drift?

RQ2 How does the proportion of available post-drift data
influence the effectiveness of each algorithm?

RQ3 How does the diagnostic quality of BARINEL compare
to that of SFL? (only Experiments 1)

5.2 RESULTS

Algorithm Experiment 1 Experiment 2
Accuracy Diff Accuracy Diff

NEWALL 20.46 ± 20.09 19.77 ± 18.48
NEWDRIFT 9.10 ± 27.26 16.00 ± 22.82

APPETITE 14.31 ± 21.82 1.88 ± 15.44
(Almog and Kalech [2023])

SFL+SUBFIT 15.59 ± 19.44 13.36 ± 17.71
BTAD 18.67 ± 20.16 19.07 ± 19.20

Table 3: Average Accuracy Difference (± std). Higher is bet-
ter. Variance is similar across methods except NEWDRIFT.

RQ1: BTAD Performance. Table 3 presents the average
Accuracy Difference for both experimental settings. The
results reveal several key observations. First, the new re-
pair mechanism has a significant impact: the move from
APPETITE’s Node Adaptation operator to SUBFIT—while
keeping the same SFL diagnosis—yields a consistent im-
provement: the SFL+SUBFIT variant raises the Accuracy
Difference from 14.31 to 15.59 in Experiment 1 (p < 10−6)
and, most strikingly, from 1.88 to 13.36 in Experiment 2.

Second, the near-zero recovery of APPETITE in Experi-
ment 2 underscores that local parameter modifications are
fragile under wide-impact drift, whereas subtree re-fitting
provides a structurally richer repair.

Third, upgrading the diagnosis from SFL to BARINEL—
while keeping the same SUBFIT repair—further boosts per-
formance: BTAD improves upon the SFL+SUBFIT variant
from 15.59 to 18.67 in Experiment 1 (p < 10−56) and from
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13.36 to 19.07 in Experiment 2. This underscores the im-
portance of accurate diagnosis: BARINEL’s Bayesian multi-
node formulation identifies drift-affected regions more pre-
cisely than SFL, allowing the repair phase to focus on the
right nodes, leading to more effective recovery.

The two contributions are complementary and cumulative:
BTAD achieves 18.67 and 19.07 in Experiments 1 and 2
respectively, making it highly competitive with NEWALL
(20.46 and 19.77)—a baseline that assumes continued ac-
cess to the original pre-drift training data SD, an assump-
tion that may not hold in practical deployment. Meanwhile,
NEWDRIFT, which retrains from scratch on post-drift data
alone, recovers considerably less accuracy (9.10 and 16.00).

In Experiment 2, the drift’s impact extends beyond a sin-
gle node. This explains APPETITE’s collapse: repairing one
node (via a local parameter adaptation) is insufficient when
multiple tree regions are affected. Similarly, SFL+SUBFIT’s
accuracy drops because SFL’s single-node diagnosis misses
the additional affected regions, even though SUBFIT itself
provides sufficient repair capacity. BTAD, by contrast, re-
mains more stable, as BARINEL’s multi-node diagnosis can
identify and repair all drift-affected regions simultaneously.
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Figure 2: Accuracy Difference as a function of the propor-
tion of post-drift data used for adaptation.

RQ2: Influence of Data Window Size. Figure 2 shows
how the adaptation-set size affects each algorithm’s Ac-
curacy Difference. In Experiment 1 (Figure 2a), all algo-
rithms improve as the adaptation set grows. NEWDRIFT
is severely hampered by small adaptation sets, scoring
−9.35 at 0.5% before gradually recovering to ∼ 19 at
8–10%. In contrast, the diagnosis-and-repair methods de-
liver positive gains even at the smallest window: APPETITE
achieves 9.58, SFL+SUBFIT 11.89, and BTAD 13.34 at
0.5%. BTAD consistently outperforms both APPETITE and
SFL+SUBFIT across all window sizes, and from 7% onward
it closely tracks NEWALL that retains access to the origi-
nal training data. The gap between BTAD and SFL+SUBFIT
widens as more data becomes available, indicating that while
BARINEL’s multi-node diagnosis consistently performs bet-
ter, it benefits more from richer evidence.

In Experiment 2 (Figure 2b), APPETITE remains largely in-
effective (−0.91 to 2.99) regardless of adaptation-set size,

Diagnoser Wasted Effort Top-1 (%)

SFL 11.19 53.83
BARINEL 5.35 73.06

Table 4: Average Wasted Effort (lower is better) and Top-1
accuracy (higher is better) for diagnosers on Experiment 1.

confirming that local parameter adjustments fail to mitigate
distribution-edge drift. SFL+SUBFIT provides moderate re-
covery (8.23 to 15.44), yet it plateaus early, reflecting the
limitation of a single-node SFL diagnosis under multi-region
drift. BTAD, by contrast, climbs steeply at small windows,
rivaling NEWALL and outperforming NEWDRIFT.

RQ3: Diagnosis Quality. Table 4 reports the Wasted Ef-
fort and Top-1 accuracy for SFL and BARINEL since only
these algorithms provide a diagnostic ranking. Also, diagno-
sis metrics are reported only for Experiment 1, where known
drifted features provide a clear ground truth. BARINEL
substantially outperforms SFL on both metrics: it roughly
halves the Wasted Effort (fewer healthy nodes are inspected
before all truly faulty nodes are found) and raises Top-1
accuracy. Both improvements are statistically significant
(p ≤ 5.95 × 10−93 for both metrics). These results con-
firm that the Bayesian multi-node formulation underlying
BARINEL provides a markedly more precise localization of
drift-affected nodes than the correlation-based SFL ranking,
explaining the accuracy gains observed in RQ1. Beyond
better repairs, BARINEL improves root cause analysis by
more accurately isolating the nodes responsible for drift.

6 CONCLUSION

We presented BTAD, a diagnosis-and-repair framework that
adapts decision trees to concept drift in place—enabling a
pre-trained tree distribution paradigm. BTAD contributes
two complementary advances over the prior APPETITE
approach: (i) formulating the DTCDP as a Model-Based
Diagnosis problem solved via BARINEL, which produces
Bayesian-ranked multi-node diagnoses, and (ii) Subtree Re-
fitting, which replaces entire subtrees rooted at diagnosed
nodes rather than applying local parameter adjustments. Ex-
periments under two complementary drift scenarios show
that both contributions are cumulative: (1) upgrading the
repair from local adjustment to subtree re-fitting yields con-
sistent gains, especially under broad distributional shifts
where local tweaks are insufficient, and (2) upgrading the
diagnosis from single-node SFL to multi-node BARINEL
further improves both repair quality and fault localization.

Future work could explore replacing the per-feature indepen-
dent synthetic sampling scheme (Definition 14) with modern
tabular synthesis methods—such as conditional GANs (Xu
et al. [2019]) or diffusion models (Kotelnikov et al. [2023]).
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A COMPLEXITY ANALYSIS

Let SD, SD′ denote the number of pre-drift and post-drift samples, F the number of features, V the number of nodes in the
tree, andH the number of candidate diagnoses (minimal hitting sets) enumerated by BARINEL.

A.1 DIAGNOSIS COMPLEXITY

A.1.1 SFL Ranking.

STAT Computation The STAT rank (Definition 9) requires computing the pre-drift and post-drift constraint violation rates
for every node in the tree. Each violation rate is obtained by passing each sample through the tree and checking constraint
satisfaction at every visited node, with each sample visiting at most V nodes. Since we operate under the no-prior-data
constraint, the pre-drift violation rates are pre-computed during training and stored as a scalar in each node. Thus, the STAT
computation takes O(SD′ · V ) time and O(V ) space.

Spectrum Computation Both SFL and BARINEL operate on the SPCTT ∈ {0, 1}SD′×V node-sample spectrum and the
ET ∈ {0, 1}SD′ error vector. Constructing these requires passing each sample through the tree, recording participation at
every visited node and the classification result, taking O(SD′ · V ) time and space.

Given the spectrum, the SFL score of each node is computed from its participation column and ET using a similarity
coefficient. For a typical coefficient such as Ochiai, this requires accumulating four counters per node by comparing each
entry of the participation column against the corresponding entry in ET . These counters can be accumulated during spectrum
construction and stored per node, resulting in additional constant time and space per node. Thus, the SFL ranking adds only
O(V ) time and space.

The final APPETITE score multiplies the two scalar ranks (SFL and STAT) for each node; the node maximizing this product
is returned as the diagnosis (only the highest product needs to be stored). Altogether (STAT + Spectrum + SFL), the full
APPETITE diagnosis requires:

• Time: O(SD′ · V ).

• Space: O(SD′ · V ).

A.1.2 BARINEL Ranking.

BARINEL reuses the same spectrum and STAT ranks (calculations in Section A.1.1). Its additional computation consists of
two steps: candidate generation and candidate ranking. Since only the top-ranked diagnosis is needed for repair, candidates
are scored on-the-fly and only the best is retained.
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• Candidate generation (MHS). Following Abreu et al. [2009b], candidates are generated by computing minimal hitting
sets over the classification paths of misclassified samples using the STACCATO algorithm, which takes O(SD′ · V )
time and space (operates on the existing spectrum). This step produces a bounded number of candidatesH, capped at
100 in practice.

• Candidate ranking. For each candidate ∆q , the posterior is computed from:

– Prior: The product
∏

ni∈∆q
pi ·

∏
ni /∈∆q

(1− pi) using the STAT ranks as per-node fault probabilities. Besides
the previous STAT cost, this calculation adds an additional O(V ) time and O(1) space.

– Likelihood: Computed via the maximum likelihood estimation procedure of Abreu et al. [2009b], which estimates
per-component health parameters using gradient ascent with a constant number of iterations. This procedure
takes O(SD′ · |∆q|) time and O(|∆q|) space. However, since |∆q| is bounded in practice, this reduces the
complexity to O(SD′) time and O(1) space per diagnosis.

Since we only retain the top diagnosis, the total ranking cost is O
(
H · (SD′ + V )

)
time and O(1) space. However,

asH is capped in practice, the time reduces to O(SD′ + V ).

Altogether (STAT + Spectrum + BARINEL), the full BTAD diagnosis requires:

• Time: O
(
SD′ · V + H · (SD′ + V )

)
, whereH is bounded in practice.

• Space: O(SD′ · V ) (dominated by the spectrum; BARINEL adds only O(1)).

A.2 REPAIR COMPLEXITY

A.2.1 Retraining (NEWALL/ NEWDRIFT)

Both baselines train a CART decision tree from scratch.

• NEWALL: Trains on SD ∪ SD′ .

– Time: O
(
(SD + SD′) · F · log(SD + SD′)

)
.

– Space: O
(
(SD + SD′) · F

)
.

• NEWDRIFT: Trains on SD′ only.

– Time: O(SD′ · F · logSD′).

– Space: O(SD′ · F ).

A.2.2 APPETITE Fix (Node Adaptation)

The repair modifies a single diagnosed node: a terminal node has its label reassigned to the majority class among its reaching
samples (O(SD′)); a non-terminal numeric node has its threshold shifted by the change in mean (O(SD′), using the
pre-stored pre-drift mean and the post-drift mean computed from reaching samples); a non-terminal categorical node has its
constraint negated (O(1)).

• Time: O(SD′) - identifying reaching samples dominates.

• Space: O(V ) for non-terminal numeric nodes; O(1) otherwise.

A.2.3 BTAD Fix (Subtree Re-fitting)

Our repair algorithm operates in three steps:

1. Dependency Resolution. Ancestor–descendant pairs in ∆T can be resolved (Definition 15) by a single top-down pass
over the tree: each node is visited once, propagating ancestry information downward. Also, nodes are replaced in ∆T
in-place, requiring no additional space. Thus, this process results with O(V ) time and O(1) space.
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2. Synthetic Sample Generation. For each faulty node ni ∈ ∆T , we generate |SD(ni)| synthetic samples, each with
F features (Definition 14). Per sample per feature the cost is O(1) (a Gaussian draw with clip, or a categorical
draw). Generation parameters are pre-stored in each node in O(F ) space. Since the retained nodes are pairwise
non-ancestral, their reaching sets from SD are disjoint, giving

∑
ni∈∆T

|SD(ni)| ≤ SD, leading to O(SD · F ) time
and O

(
F · (SD + V )

)
space.

3. The Subtree Re-fitting. Each node ni is repaired by training a CART subtree on |SD′(ni)|+ |SD(ni)| samples with F
features. By the same disjointness argument, the combined training data across all nodes is therefore bounded by SD +
SD′ . This leads the repair itself to take O

(
(SD + SD′) · F · log(SD + SD′)

)
time and O

(
(SD + SD′) · F

)
space. The repair cost is at most that of full retraining (NEWALL), since the disjoint reaching sets partition the data.

Altogether (Dependency Resolution + Synthetic Sample Generation + Subtree Refitting), the full BTAD repair requires:

• Time: O
(
(SD + SD′) · F · log(SD + SD′)

)
.

• Space: O
(
(SD + SD′ + V ) · F

)
.

A.3 SUMMARY

Table 5 summarizes the end-to-end complexity of each algorithm.

Algorithm Time Space

APPETITE Diagnosis O(SD′ · V ) O(SD′ · V )
APPETITE Repair O(SD′) O(V )
BTAD Diagnosis O(SD′ · V +H · (SD′ + V )) O(SD′ · V )
BTAD Repair O((SD+SD′) · F · log(SD+SD′)) O((SD+SD′+V ) · F )

Retraining (NEWALL) O((SD+SD′) · F · log(SD+SD′)) O((SD+SD′) · F )
Retraining (NEWDRIFT) O(SD′ · F · logSD′) O(SD′ · F )

Table 5: Complexity comparison.

BTAD’s diagnosis overhead relative to APPETITE is the MHS enumeration and BARINEL ranking (O(H · (SD′ + V ))),
which is negligible in practice. Its repair phase is more expensive than APPETITE’s (O((SD+SD′) · F · log(SD+SD′))
vs. O(SD′)), yet it is bounded by the cost of full retraining (NEWALL) and produces structurally richer output (replacement
subtrees rather than single-parameter adjustments).
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