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ABSTRACT

Decision trees are widely adopted for their computational efficiency and inter-
pretability. However, greedy induction algorithms, such as CART, are prone to
local optima, and exhaustive global search strategies are prohibitively expensive
for large-scale data. Moreover, feature bias inherent in certain datasets can de-
grade predictive performance and fairness. Building on the SPLIT family of
algorithms, we study a hybrid search framework that performs optimal looka-
head over a shallow prefix of the tree while recursively completing the remain-
ing subtrees. This design strikes a favorable trade-off between global optimal-
ity and computational tractability, producing sparse trees that are amenable to
fairness auditing. Across five random seeds on 12 benchmark datasets, SPLIT-
family models are competitive with CART on several tasks and outperform it
on selected datasets such as COMPAS, HELOC, Heart, and Law School, while
CART remains strongest on many standard accuracy benchmarks. For group
fairness, removing sensitive attributes before training is not sufficient on its
own; label-aware sample-level post-processing sharply reduces demographic-
parity gaps, while Leaf-Pareto Fair Recalibration (LPFR) provides a more con-
servative deployable leaf-level adjustment. Our code is publicly available in
https://github.com/illusionsin30/fair-SPLIT.

1 INTRODUCTION

Decision trees (Breiman et al., 1984) are among the most widely deployed machine learning mod-
els, owing to their computational efficiency, intuitive interpretability, and broad applicability. Their
transparent structure—each prediction traceable through a short sequence of human-readable fea-
ture splits—makes them especially valuable in high-stakes domains such as healthcare, criminal
justice, and credit lending, where regulatory and ethical demands increasingly require decisions to
be explainable, auditable, and free from discrimination (Rudin, 2019).

However, standard tree induction algorithms suffer from two fundamental shortcomings. First,
greedy heuristics such as CART and C4.5 make myopic split choices that optimize local impurity
reduction but offer no guarantee on the global tree structure, often yielding suboptimal trees (Murthy
et al., 1994). Second, greedy algorithms exhibit well-documented feature selection bias—favoring
features with many distinct values—which can amplify discrimination against protected subgroups
(Deng et al., 2011; Strobl et al., 2007). While globally optimal tree induction can mitigate both is-
sues, the problem is NP-hard (Hyafil & Rivest, 1976), and exact solvers such as GOSDT (Lin et al.,
2020) and MurTree (Demirović et al., 2022) do not scale to large datasets.

The recently proposed SPLIT framework (Babbar et al., 2025) offers a principled middle ground:
it performs an exact dynamic programming search over the top dl layers of the tree (the prefix),
where splits carry the highest discriminative leverage, and fills the remaining leaves greedily or
optimally. This hybrid design yields near-optimal trees at a fraction of the cost of full exhaustive
search. The SPLIT objective directly penalizes tree size through a sparsity regularizer λ, producing
compact trees amenable to fairness auditing. Two extensions further enrich the framework: Lick-
etySPLIT, a polynomial-time variant, and ReSPLIT, which samples diverse near-optimal trees from
the Rashomon set (Breiman, 2001; Semenova et al., 2022).
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In this work, we present fair-SPLIT, a pipeline that combines the SPLIT family with lightweight
fairness interventions for studying accuracy, sparsity, and demographic parity. Our contributions
are threefold. First, we integrate a fairness-aware pre-processing step that removes sensitive at-
tributes before training, preventing direct discrimination while preserving non-sensitive features.
Second, we compare two post-training fairness interventions: a label-aware sample-level adjust-
ment that diagnoses how much demographic-parity gap can be removed by targeted hard-prediction
flips, and Leaf-Pareto Fair Recalibration (LPFR), which keeps the learned tree structure fixed and
learns leaf-level prediction overrides on a calibration split. Third, using five-seed summary results on
12 benchmark datasets, we show that no single tree learner dominates: CART is strongest on many
conventional accuracy benchmarks, while SPLIT-optimal, SPLIT-greedy, and ReSPLIT each lead on
selected datasets. Fairness improvements are similarly method- and dataset-dependent, with sample-
level calibration nearly eliminating SP but LPFR providing the more deployable post-processing
mechanism. Our code is publicly available at https://github.com/illusionsin30/
fair-SPLIT.

2 RELATED WORK

2.1 OPTIMAL AND SPARSE DECISION TREES

The problem of constructing optimal binary decision trees is NP-complete (Hyafil & Rivest, 1976).
Early exact approaches used linear programming (Verwer & Zhang, 2019) and constraint program-
ming (Aglin et al., 2020). More recently, dynamic programming with branch-and-bound has become
the dominant paradigm: OSDT (Hu et al., 2019) introduced the core DP formulation, GOSDT (Lin
et al., 2020) added threshold guessing and improved pruning, and MurTree (Demirović et al., 2022)
further tightened the bounds. Recent work has continued to broaden this space: van der Linden
et al. (2023) characterize when dynamic programming objectives decompose cleanly over subtrees,
Chaouki et al. (2025) formulate sparse tree search as an AND/OR graph solved by an AO*-style
algorithm, and Kohler et al. (2025) recast non-greedy tree induction as an MDP. These solvers im-
prove search quality but their depth and feature dependence still limits scalability. SPLIT (Babbar
et al., 2025) addresses this through a hybrid strategy: exact optimization of the top few layers via
DP, combined with greedy completion of the remaining leaves. The search space is controlled
through feature binarization—using midpoint thresholds or GBDT stump-based threshold guessing
(McTavish et al., 2022)—which is essential for tractable DP state enumeration.

Another line of work replaces discrete split search with differentiable or neuralized tree models. For
example, Yang et al. (2018) realize decision trees as neural networks that can be trained by gradient
descent. These methods are useful for integrating tree structure into neural toolchains, but they do
not provide the same sparse optimality objective as SPLIT-family methods. Our focus is therefore
on sparse axis-aligned trees whose discrete structure remains directly auditable.

2.2 FAIRNESS IN MACHINE LEARNING AND DECISION TREES

Fairness in machine learning has been formalized through several families of definitions (Barocas
et al., 2017; Mehrabi et al., 2021). Group fairness criteria include demographic parity (equal positive
prediction rates across groups), equalized odds, and equality of opportunity (Hardt et al., 2016).
Interventions fall into three paradigms: pre-processing, which modifies training data (Zemel et al.,
2013; Kamiran & Calders, 2012); in-processing, which incorporates fairness constraints into the
objective (Agarwal et al., 2018; Zafar et al., 2019); and post-processing, which adjusts model outputs
(Hardt et al., 2016; Pleiss et al., 2017). Friedler et al. (2019) showed that no single intervention
dominates across all settings. Menon & Williamson (2018) proved that when fairness violations
arise primarily from unequal base rates, post-processing can achieve near-zero fairness gaps with
negligible accuracy loss.

Decision trees have attracted particular attention because their transparent structure facilitates au-
diting and their piecewise-constant predictions align naturally with group-specific threshold ad-
justments. Early work modified the splitting criterion to jointly consider accuracy and fairness
(Kamiran & Calders, 2009), while Fair Forests regularize tree induction to reduce model bias (Raff
et al., 2018). Subsequent approaches incorporated fairness constraints into MIP formulations for
fair and optimal classification trees (Aghaei et al., 2019; Jo et al., 2023). Related tree-based fairness
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work also includes missing-value-aware fair trees (Jeong et al., 2022), fairness-constrained gradi-
ent boosting (Cruz et al., 2023), and online oblique decision forests for group fairness (Chowdhury
et al., 2024). The Rashomon set perspective—enumerating many near-optimal trees and select-
ing the fairest—has recently emerged as a promising direction (Xin et al., 2022; Donnelly et al.,
2023), discovering fair models within the set of high-accuracy solutions without explicit fairness
constraints.

Post-processing for fairness typically adjusts per-group decision thresholds. Hardt et al. (2016)
proposed group-specific ROC curves to achieve equalized odds. Pleiss et al. (2017) established
that perfect calibration and equalized odds cannot simultaneously hold unless base rates are equal
across groups. This tension motivates designs that prioritize one fairness criterion—in our case,
demographic parity—while monitoring accuracy damage. The sample-level procedure used in our
experiments follows the hard-prediction flipping intuition behind threshold post-processing, with
the additional principle of prioritizing already-misclassified examples when labels are available.
LPFR instead operates at the leaf level, making it closer to a deployable post-processing rule for tree
models.

3 PRELIMINARIES

A decision tree T partitions the input space X ⊂ Rd into disjoint leaf regions R1, . . . , RM . Each
internal node is associated with a split s = (j, τ), where j ∈ {1, . . . , d} is the feature index and
τ ∈ R is a threshold; the left and right children receive subsets DL = {(x, y) | xj ≤ τ} and
DR = D \ DL.

The CART algorithm (Breiman et al., 1984) is the canonical greedy tree induction method. At each
internal node, CART selects the split that minimizes the weighted Gini impurity of the resulting
child nodes, where the Gini index measures class heterogeneity within a dataset (formal definitions
are provided in Appendix A). This recursive partitioning continues until a stopping criterion is met.

Despite its popularity, CART suffers from two well-documented limitations. First, its myopic split
selection is prone to local optima (Murthy et al., 1994). Second, the exhaustive search over all
features introduces selection bias favoring features with many distinct values or high variance, which
can degrade both accuracy and fairness (Deng et al., 2011; Strobl et al., 2007). Global optimization
over the entire tree mitigates these issues but is NP-hard (Hyafil & Rivest, 1976).

3.1 REGULARIZED TREE LEARNING AND BINARIZATION

The SPLIT framework (Babbar et al., 2025) formulates tree learning as a regularized risk minimiza-
tion problem. Let T be a decision tree with leaf set L(T ). Given a training set D = {(xi, yi)}Ni=1,
the objective is

L(T,D, λ) = 1

N

N∑
i=1

1[yi ̸= T (xi)] + λ · |L(T )|, (1)

where |L(T )| denotes the number of leaves and λ ≥ 0 controls the accuracy–sparsity tradeoff. When
λ = 0, the problem reduces to unregularized empirical risk minimization; as λ → ∞, the optimal
tree is a single leaf. Sweeping λ traces the full Pareto frontier between error and complexity.

The exact DP solver in SPLIT operates on binary features to keep the state space tractable. Two
strategies are implemented. Midpoint binarization creates binary columns from candidate thresholds
and can produce many columns for high-cardinality features. Threshold guessing (McTavish et al.,
2022) trains a GBDT ensemble of depth-1 stumps and collects their split thresholds as candidate
binary features, yielding a compact feature set. Binarized datasets are denoted X̃ ∈ {0, 1}N×p.

3.2 FAIRNESS EVALUATION

We evaluate group fairness using three standard metrics (Barocas et al., 2017; Hardt et al., 2016;
Dwork et al., 2012), computed on a held-out test set from hard predictions Ŷ ∈ {0, 1} given pro-
tected attribute A partitioning the data into groups G. Statistical Parity Difference (SPD) measures
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the maximum gap in positive prediction rates across groups; an SPD of 0 indicates perfect demo-
graphic parity, and values above 0.1 are conventionally considered unfair. Disparate Impact (DI)
is the ratio of the smallest to the largest group positive rate, with ideal value 1; the four-fifths rule
considers DI < 0.8 to indicate adverse impact. Equal Opportunity Difference (EOD) captures the
maximum gap in true positive rates across groups; an EOD of 0 indicates that all groups have equal
opportunity of being correctly classified as positive. Formal mathematical definitions are given in
Appendix A. Groups with fewer than 50 test samples are excluded due to statistical unreliability.

4 FAIR-SPLIT

We now describe fair-SPLIT, which integrates SPLIT tree learning with fairness-aware pre-
processing and post-training calibration.

4.1 THE SPLIT ALGORITHM

SPLIT (SParse Lookahead for Interpretable Trees) is a two-phase hybrid algorithm. The key insight
is that the most discriminative splits occur near the root, where data partitions are largest; deeper
splits operate on smaller, increasingly homogeneous subsets where greedy choices suffice.

Phase 1: Optimal Prefix Search. Let d be the total depth budget and dl < d the lookahead depth.
Phase 1 constructs an optimal prefix of depth dl minimizing Equation 1 over all depth-dl trees, via
DP with memoization. Let the DP state be (X, y, δ) where δ is the remaining depth. The recursion
is

DP(X, y, δ) = min

{
λ+

1

N

∑
i:yi ̸=ŷmaj

1︸ ︷︷ ︸
leaf

, min
j∈F

{
DP(Xj

L, y
j
L, δ−1)+DP(Xj

R, y
j
R, δ−1)

}}
, (2)

where F is the set of binary candidate features and ŷmaj denotes the majority class label of the data
subset at the current node, so the leaf loss is the fraction of samples whose labels differ from the
majority label. The search space grows as O(kδ). Three accelerations are used: memoization via
hash of label vector and depth; optional feature pre-filtering to a top-k subset ranked by entropy
gain; and branch-and-bound using greedy completion as an upper bound at the lookahead boundary.
Phase 1 outputs leaf subsets (Xℓ, yℓ) at depth dl.

Phase 2: Leaf Filling. Each leaf is completed to depth d − dl. Greedy fill uses λ-gated split
acceptance (Algorithm 1): a split on feature j is accepted only if the sum of regularized child losses
is strictly less than the leaf loss. Optimal fill re-invokes the DP solver per leaf. The total time
complexity is O(n · kdl+1 + n · kd−dl).

4.2 LICKETYSPLIT AND RESPLIT

LicketySPLIT provides a polynomial-time alternative when k or d makes the exponential DP pro-
hibitive. It restricts the lookahead to dl = 1: at each node, every candidate feature is evaluated by
greedily completing both children, and the best root split is selected, recursing on both children.
Formally,

j∗ = argmin
j∈F

{
Lgreedy

(
Xj

L, y
j
L, δ − 1, λ

)
+ Lgreedy

(
Xj

R, y
j
R, δ − 1, λ

)}
, (3)

with time complexity O(n · k2 · d2) (Babbar et al., 2025).

ReSPLIT constructs an ε-Rashomon set R(ε) = {T : L(T,D, λ) ≤ (1 + ε) · L∗} (Breiman, 2001;
Semenova et al., 2022) through three steps: generate N diverse prefixes by shuffling feature order
and using the pick first strategy; greedily or optimally complete each prefix into a full tree;
and discard trees exceeding the ε bound. Following the SPLIT framework’s design principle of
minimizing the regularized objective, the reported ReSPLIT prediction uses the tree with the lowest
regularized risk in the retained set; fairness-aware model selection from the Rashomon set is left as
a downstream step that can be composed with LPFR or other post-processing.
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Algorithm 1 Greedy Tree Builder
Require: X , y, depth budget d, regularization λ
Ensure: A decision tree of depth ≤ d

1: if d = 0 or y is pure then
2: return LEAF(majority(y))
3: end if
4: lb leaf← λ+ wrong(y,majority(y))/N
5: Rank features by entropy gain; select top-k candidates
6: for each candidate feature j in ranked order do
7: (XL, yL), (XR, yR)← split(X, y, j)
8: lbL ← GREEDY(XL, yL, d− 1, λ)
9: lbR ← GREEDY(XR, yR, d− 1, λ)

10: if lbL + lbR < lb leaf then
11: return NODE(j, GREEDY(XL, yL, d− 1, λ), GREEDY(XR, yR, d− 1, λ))
12: end if
13: end for
14: return LEAF(majority(y))

4.3 FAIRNESS-AWARE PRE-PROCESSING AND POST-TRAINING CALIBRATION

The first fairness intervention removes all sensitive attribute columns (e.g., sex, race) from the
feature matrix before training, eliminating direct use of the protected attribute. Training is per-
formed on Xfair = X \ A, preserving all non-sensitive features. This step incurs negligible com-
putational overhead and is compatible with any downstream algorithm. Indirect discrimination via
proxy features is not automatically removed; the remaining fairness behavior is therefore evaluated
empirically.

The second component is a sample-level post-training adjustment that targets demographic parity by
modifying hard predictions within each group. Given predictions Ŷ , labels Y , and sensitive attribute
A, the global target rate p̄ = 1

N

∑
i ŷi is computed. For each group g with positive rate p̂g , if p̂g > p̄,

then predictions are flipped from 1 to 0 until the group positive count approaches p̄ng , prioritizing
false positives (where Y = 0) to correct errors. If p̂g < p̄, 0-to-1 flips are applied, prioritizing false
negatives. Random tie-breaking handles cases where priority-correctable examples are insufficient.
This algorithm is model-agnostic and runs in O(N) time with no retraining, but because it uses
ground-truth labels to choose flips, the calibrated accuracy results should be read as diagnostic post-
processing results rather than a deployable inference-time rule.

The latest fair-SPLIT implementation also includes Leaf-Pareto Fair Recalibration (LPFR). LPFR
freezes the trained tree structure, identifies leaves on a calibration split, and iteratively selects leaf-
level prediction overrides that improve fairness while respecting a user-specified tolerance on accu-
racy drop. At each step, LPFR picks the leaf flip with the best fairness-gain-to-accuracy-loss ratio,
continuing until any further fairer overrides would exceed the allowed accuracy budget. Unlike
sample-level flipping, LPFR can be applied at inference time using only the sample’s path through
the tree. We therefore report sample-level calibration as an optimistic diagnostic baseline and LPFR
as the deployable recalibration variant.

The main mechanisms of fair-SPLIT—sparsity regularization (λ), ReSPLIT diversity (ε), sample-
level calibration, and LPFR—are orthogonal and composable. The full experimental pipeline pro-
ceeds: drop sensitive attributes when fairness mode is enabled, train with CART/SPLIT/ReSPLIT,
and optionally apply one of the post-processing methods. This layered design lets practitioners
explore the accuracy–sparsity–fairness Pareto surface without expensive constrained optimization.

5 EXPERIMENTS

We evaluate on 12 benchmark datasets across three dimensions: predictive accuracy, training effi-
ciency, and group fairness, comparing CART, SPLIT-greedy, SPLIT-optimal, and ReSPLIT. Unless
otherwise noted, reported numbers are means and standard deviations over five random seeds from
summary.csv.
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Table 1: Test accuracy in nofair mode (%, mean±std over five random seeds) on the 12 benchmark
datasets. The best mean accuracy for each dataset is highlighted in bold.

Algorithms Adult Bank COMPAS German

CART 84.90±0.38 90.08±0.51 66.10±0.78 72.40±1.98
SPLIT-greedy 84.05±0.26 89.79±0.56 65.96±0.72 71.00±2.47
SPLIT-optimal 84.69±0.23 89.17±0.92 66.38±0.53 70.30±2.08
ReSPLIT 83.83±0.33 88.35±1.16 66.10±1.19 69.40±2.68

Algorithms HELOC Spambase Covertype Thyroid

CART 68.14±0.80 90.73±0.93 70.16±0.19 93.60±0.48
SPLIT-greedy 69.38±2.05 89.21±0.59 66.93±0.13 89.82±1.15
SPLIT-optimal 69.22±2.43 90.18±0.85 67.17±0.21 90.02±0.85
ReSPLIT 70.26±2.31 89.56±1.28 67.26±0.32 89.48±0.68

Algorithms Communities Heart Law School ACSIncome

CART 96.13±0.59 76.39±2.49 94.93±0.14 78.76±0.15
SPLIT-greedy 94.57±0.87 75.08±3.74 95.02±0.07 75.48±0.42
SPLIT-optimal 95.33±0.95 76.72±5.73 94.98±0.14 75.84±0.35
ReSPLIT 95.28±1.15 78.69±2.32 94.90±0.04 76.10±0.32

Table 2: Training time in nofair mode (seconds, mean±std over five random seeds). The fastest
mean time for each dataset is highlighted in bold.

Algorithms Adult Bank COMPAS German

CART 6.637±3.168 1.125±0.201 1.318±0.290 0.436±0.045
SPLIT-greedy 6.283±4.951 0.718±0.142 1.318±1.236 0.403±0.136
SPLIT-optimal 16.176±5.152 1.157±0.277 1.546±1.030 0.909±0.847
ReSPLIT 1743.5±28.6 2.320±0.502 30.036±13.669 6.310±8.010

Algorithms HELOC Spambase Covertype Thyroid

CART 1.164±0.160 3.898±1.478 83.266±18.460 2.909±0.603
SPLIT-greedy 0.695±0.342 1.950±1.146 250.5±20.4 0.886±0.115
SPLIT-optimal 0.844±0.221 2.500±1.150 878.8±866.8 1.080±0.257
ReSPLIT 7.066±2.194 32.335±7.331 2716.1±134.0 10.592±6.401

Algorithms Communities Heart Law School ACSIncome

CART 11.690±3.986 0.132±0.039 4.796±1.757 12.119±6.271
SPLIT-greedy 2.794±0.853 0.343±0.328 5.646±6.522 13.052±6.083
SPLIT-optimal 2.990±0.993 0.400±0.298 5.801±4.757 15.896±7.998
ReSPLIT 15.706±5.904 3.616±0.423 13.589±12.762 245.7±107.4

5.1 EXPERIMENTAL SETUP

We use 12 publicly available classification datasets. Details are shown in Appendix B. All datasets
use an 80/20 train–test split with stratification when feasible. For fairness mode, sensitive columns
are removed before training. SPLIT-family models use binary features produced by the configured
binarizer; the reported runs use GBDT stump threshold guessing with a maximum-threshold cap
unless otherwise specified by the training script. Communities’ target is binarized at the median.

We compare CART (Gini impurity, max depth=5), SPLIT-greedy (dl = 2, d = 5, λ = 0.0001,
greedy Phase 2), SPLIT-optimal (same, optimal Phase 2), and ReSPLIT (N = 30 prefixes, ε =
0.02). SPLIT-greedy uses a top-50 feature cap in the evaluation script; SPLIT-optimal and ReSPLIT
use all generated candidate features. The evaluation grid includes nofair, sample-calibrated fair
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Table 3: Best average statistical-parity gap across sensitive attributes (mean±std over five random
seeds; lower is better). “Base” denotes the uncalibrated prediction in fairness mode, “Sample”
denotes label-aware sample-level post-processing, and “LPFR” denotes leaf-level Pareto fair recal-
ibration. Parentheses report the model attaining the best average SP: S-g = SPLIT-greedy, S-o =
SPLIT-optimal, ReS = ReSPLIT.

Dataset Base (uncalibrated) Sample (calibrated) LPFR

Adult 0.1744±0.0116 (CART) 0.0026±0.0012 (CART) 0.1424±0.0169 (CART)
Bank 0.0281±0.0162 (ReS) 0.0024±0.0013 (S-g) 0.0072±0.0059 (S-g)
COMPAS 0.2248±0.0215 (ReS) 0.0013±0.0005 (S-g) 0.1554±0.0251 (CART)
German 0.0276±0.0285 (ReS) 0.0044±0.0021 (ReS) 0.0308±0.0310 (ReS)
Law School 0.0255±0.0062 (ReS) 0.0030±0.0005 (ReS) 0.0001±0.0003 (S-g)
ACSIncome 0.1671±0.0223 (S-g) 0.0017±0.0002 (S-o) 0.1181±0.0120 (CART)

mode, and LPFR mode. Metrics are test accuracy (%), training time (s), and SPD, DI, EOD as
defined in Section 3.

5.2 ACCURACY AND TRAINING EFFICIENCY

Table 1 reports five-seed test accuracy. Accuracy is mixed across datasets: CART leads on Adult,
Bank, German Credit, Spambase, Covertype, Thyroid, Communities, and ACSIncome; SPLIT-
optimal leads on COMPAS; SPLIT-greedy leads on Law School; and ReSPLIT leads on HELOC
and Heart. The largest positive margin for a SPLIT-family method appears on Heart, where Re-
SPLIT reaches 78.69± 2.32% versus CART’s 76.39± 2.49%. The largest negative margin appears
on Covertype, where CART reaches 70.16±0.19% and the SPLIT-family variants remain near 67%.

Table 2 reports mean training time. SPLIT-greedy is fastest on Adult, Bank, COMPAS, German
Credit, HELOC, Spambase, Thyroid, and Communities, reflecting the effect of candidate-feature
control. CART is fastest on Covertype, Heart, Law School, and ACSIncome. ReSPLIT is consis-
tently slower because it trains many candidate trees; the gap is especially large on Adult, Covertype,
and ACSIncome.

Figure 1 make the accuracy–time trade-off more explicit. SPLIT-greedy typically occupies the low-
runtime region and is therefore the most attractive SPLIT-family option when candidate features are
controlled. ReSPLIT occupies a different regime: it can recover accuracy on HELOC and Heart,
but the cost is large on Adult, Covertype, and ACSIncome. The post-processing colors are often
vertically close, indicating that fairness post-processing does not uniformly change accuracy; when
accuracy moves, the direction depends on the dataset and post-processing method.

5.3 FAIRNESS WITHOUT CALIBRATION

Table 3 summarizes demographic-parity behavior by averaging SP over the sensitive attributes of
each fairness dataset and reporting the best model for each post-processing regime. Without post-
processing, sensitive-attribute removal alone is not enough to make all datasets fair: the best base
SP is small on Bank, German Credit, and Law School, but remains high on Adult, COMPAS, and
ACSIncome. This confirms that proxy features and dataset imbalance remain important after direct
sensitive columns are removed.

5.4 EFFECT OF POST-TRAINING CALIBRATION

Sample-level calibration nearly eliminates average SP on all six fairness datasets, with best average
SP values between 0.0013 and 0.0044. This result should be interpreted as an optimistic diagnostic
because the procedure uses labels to choose which predictions to flip. LPFR is more conservative
but deployable: it is highly effective on Law School (best average SP 0.0001) and Bank (0.0072),
improves COMPAS and ACSIncome relative to their uncalibrated base gaps, but does not close the
gap on Adult. EO results remain mixed. For example, LPFR improves average EO on Bank, COM-
PAS, and Law School in the summary, whereas demographic-parity-oriented sample calibration can
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Figure 1: Test Accuracy v.s. Training Time on 12 benchmarks. Markers identify tree learners,
colors identify post-processing modes, and error bars show 95% confidence intervals across seeds.
The panel highlights that ReSPLIT can improve accuracy on selected small or medium datasets, but
its computational cost grows substantially on larger datasets.

worsen EO on ACSIncome. In summary, SPLIT-family algorithms achieve accuracy competitive
with CART on selected datasets but do not dominate uniformly; fairness behavior without post-
processing is dataset-dependent; and the two calibration mechanisms expose a practical trade-off
between optimistic gap removal and deployable tree-preserving recalibration.

Figure 2 illustrates why reporting multiple fairness metrics is necessary. On ACSIncome (RAC1P),
the calibrated orange points nearly collapse SP to zero and push DI toward one, yet the EO panel
remains far from zero. This is not a contradiction: demographic parity does not enforce equal oppor-
tunity. On Law School (race), by contrast, LPFR also moves SP and EO close to zero, showing that
a deployable leaf-level adjustment can be effective when the learned tree structure already separates
calibration-relevant regions.
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Figure 2: Fairness Metrics on ACSIncome (Race) and Law School (Race). ACSIncome illustrates
the hard case: sample-level calibration drives SP and DI close to their demographic-parity targets,
but EO remains high and LPFR is conservative. Law School illustrates the favorable case: both
sample-level calibration and LPFR substantially reduce SP and EO while keeping DI near one.
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Gaël Aglin, Siegfried Nijssen, and Pierre Schaus. Learning optimal decision trees using caching
branch-and-bound search. In Proceedings of the AAAI Conference on Artificial Intelligence, vol-
ume 34, pp. 3146–3153, 2020. doi: 10.1609/aaai.v34i04.5711.

Varun Babbar, Hayden McTavish, Cynthia Rudin, and Margo Seltzer. Near-optimal decision trees in
a SPLIT second. In Proceedings of the International Conference on Machine Learning (ICML),
volume 267 of Proceedings of Machine Learning Research, pp. 2114–2175, 2025. doi: 10.48550/
arXiv.2502.15988. URL https://arxiv.org/abs/2502.15988. ICML 2025 Spotlight.

9

https://arxiv.org/abs/2502.15988


Published as a conference paper at ICLR 2025

Solon Barocas, Moritz Hardt, and Arvind Narayanan. Fairness and Machine Learning: Limitations
and Opportunities. fairmlbook.org, 2017. https://fairmlbook.org.

L. Breiman, J. Friedman, R. Olshen, and C. Stone. Classification and Regression Trees. Wadsworth
International Group, Belmont, CA, 1984.

Leo Breiman. Statistical modeling: The two cultures (with comments and a rejoinder by the author).
Statistical Science, 16(3):199–231, 2001.

Ayman Chaouki, Jesse Read, and Albert Bifet. Branches: Efficiently seeking optimal sparse decision
trees with AO*. In Proceedings of the International Conference on Machine Learning (ICML),
volume 267 of Proceedings of Machine Learning Research, 2025. URL https://arxiv.
org/abs/2406.02175.

Somnath Basu Roy Chowdhury, Nicholas Monath, Ahmad Beirami, Rahul Kidambi, Avinava
Dubey, Amr Ahmed, and Snigdha Chaturvedi. Enhancing group fairness in online settings using
oblique decision forests. In Proceedings of the International Conference on Learning Represen-
tations (ICLR), 2024. doi: 10.48550/arXiv.2310.11401. URL https://arxiv.org/abs/
2310.11401. ICLR 2024 Spotlight.
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A METRIC DEFINITIONS

We provide formal definitions for all evaluation metrics referenced in the main text.

Gini Impurity (Breiman et al., 1984). For a dataset D with K classes, let Ci be the subset of D
with label yi. The Gini index is

Gini(D) = 1−
K∑
i=1

(
|Ci|
|D|

)2

. (4)

At each internal node, CART selects the split minimizing the weighted child impurity:

s∗ = argmin
s∈S

|DL|
|D|
· Gini(DL) +

|DR|
|D|

· Gini(DR). (5)

Statistical Parity Difference (SPD) (Dwork et al., 2012; Barocas et al., 2017). Given protected
attribute A partitioning the data into groups G and hard predictions Ŷ ∈ {0, 1},

SPD = max
g∈G

P (Ŷ = 1 | A = g) − min
g∈G

P (Ŷ = 1 | A = g). (6)

SPD = 0 indicates perfect demographic parity; values above 0.1 are conventionally considered unfair.

Disparate Impact (DI) (Barocas et al., 2017).

DI =
ming∈G P (Ŷ = 1 | A = g)

maxg∈G P (Ŷ = 1 | A = g)
. (7)

DI = 1 is ideal; DI < 0.8 conventionally indicates adverse impact per the four-fifths rule.

Equal Opportunity Difference (EOD) (Hardt et al., 2016).

EOD = max
g∈G

P (Ŷ = 1 | Y = 1, A = g) − min
g∈G

P (Ŷ = 1 | Y = 1, A = g). (8)

EOD = 0 indicates equal true positive rates across all groups.

All metrics are estimated empirically on the test set. Groups with fewer than 50 test samples are
excluded.

B DETAILS OF DATASETS

We evaluate on 12 benchmark datasets (Table 4). Six include sensitive attributes for fairness evalu-
ation: Adult (sex, race), Bank (marital status, age), COMPAS (sex, race), German Credit (personal
status, age), Law School (race, gender), and ACSIncome (sex, race). The remaining—HELOC,
Spambase, Covertype, Thyroid, Communities, and Heart—are used for accuracy and efficiency
comparisons; Covertype is multiclass, while Communities is binarized at the median target value.
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Table 4: Dataset summary. N : total samples; d: number of features. Sensitive attributes are listed
where applicable.

Dataset N d Task Sensitive Attributes

Adult 48,842 14 binary Sex, Race
Bank 45,211 16 binary Marital, Age
COMPAS 18,834 13 binary Sex, Race
German 1,000 20 binary Personal Status, Age
HELOC 10,000 23 binary —
Spambase 4,601 57 binary —
Covertype 581,012 54 7-class —
Thyroid 7,200 21 binary —
Communities 1,994 127 binary —
Heart 303 13 binary —
Law School 20,580 11 binary Race, Gender
ACSIncome 195,666 10 binary Sex, Race

C EXPERIMENTS VISUALIZATIONS

This appendix includes the remaining fairness panels generated from the same five-seed summary
used in the main text. Each panel reports DI, EO, and SP against training time for one dataset–
attribute pair.

Figure 3: Fairness Metrics on Adult (Race) and Adult (Sex).
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Figure 4: Fairness Metrics on Bank (Age) and Bank (Marital Status).

Figure 5: Fairness Metrics on COMPAS (Race) and COMPAS (Sex).
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Figure 6: Fairness Metrics on German Credit (Age) and German Credit (Personal Status).

Figure 7: Fairness Metrics on Law School (Gender) and ACSIncome (Sex).
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