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Abstract. Recent large-scale evaluations have reported poor empiri-
cal performance of decision trees for quantification, the task of esti-
mating class prevalence in an unlabelled bag of data. We hypothesize
that this failure stems from the choice of aggregation method rather
than from the tree structure itself. Drawing on unfolding work in ex-
perimental physics, we propose Leaf EM, a quantification method that
uses decision-tree leaves as a discrete binning of the feature space and
applies Iterative Bayesian Unfolding to estimate class prevalence directly
from leaf-count distributions, without requiring assumptions about clas-
sifier calibration. We evaluate Leaf EM against seven aggregative quanti-
fiers across three tree splitting criteria (including Gini and quantification
criteria Classification Error Balancing and Classification-Quantification
Balancing) on 40 binary and 17 multiclass datasets. On binary tasks,
the Saerens-Latinne-Decaestecker algorithm applied to a Classification-
Quantification Balancing tree achieved the best overall mean rank (4.47
of 21 tree-quantifier combinations), while Leaf EM attained the best
within-tree mean rank on Gini trees (2.35 out of 7 quantifiers) and
was significantly better than Adjusted Classify and Count, Probabilis-
tic Adjusted Classify and Count, and the Saerens-Latinne-Decaestecker
algorithm with temperature scaling on the same tree. Adjusted Classify
and Count, previously evaluated on decision trees, performed among the
worst quantifiers across tree types. These results indicate that with an
appropriate aggregator, decision trees can be greatly improved for quan-
tification.

Keywords: Quantification - Decision Trees - Expectation-Maximization
- Maximum Likelihood Estimation - Prior Probability Shift - Prevalence
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1 Introduction

Quantification is the supervised learning task of estimating the prevalence of
each class within an unlabelled data sample, rather than predicting the class of
individual instances. Quantification arises wherever population-level estimates
matter more than individual predictions: tracking political sentiment on social
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media [24], estimating disease prevalence from imperfect screening tests |25,
monitoring e-commerce catalog defect rates [32], estimating species distributions
in ecology |20], and assessing classifier fairness across demographic subpopula-
tions [16].

Quantification typically occurs in two stages. First, a base classifier reports
scores for an unlabelled bag. Second, these scores are aggregated into estimates
of prevalence for each class. Most aggregative methods can, in principle, be ap-
plied to any base classifier. However, the characteristics of the base classifier can
influence which aggregative quantifier is optimal. For example, the expectation
maximization algorithm proposed by Saerens et al. is highly sensitive to the cali-
bration of the base classifier [13]. It is therefore important to explore aggregative
methods that perform well for specific base classifiers.

Classification trees are a simple but powerful classifier. Their ability to model
non-linear relationships and their interpretability make classifier trees a relevant
machine learning technique decades after they were first popularized. Unfortu-
nately, aggregative quantification methods have shown poor empirical perfor-
mance when applied to decision trees [26}/34]. Additionally, decision trees are
commonly miscalibrated [37], which leads to poor performance of certain ag-
gregative quantifiers |13]. Despite this, empirical evaluations of quantification
methods on decision trees have been limited.

Our work builds on two prior lines of research. First, Borner et al. showed that
decision-tree leaves can provide an informative discretization of the feature space
for unfolding problems [4]. Second, Bunse showed that unfolding and quantifica-
tion are closely related problems, and that Iterative Bayesian Unfolding (IBU),
an expectation maximization algorithm, can be interpreted within a quantifica-
tion framework [7]. We propose Leaf EM, a quantification method for decision
trees that uses tree leaves as discrete bins and infers class prevalence directly
from leaf-count distributions. We also provide a large-scale empirical evaluation
showing that the weak quantification performance previously reported for de-
cision trees is attributable in part to the aggregation method, and that with a
more appropriate aggregator, decision trees can be substantially improved for
quantification.

2 Background

2.1 Quantification under Prior Probability Shift

Quantification, or class prevalence estimation, is the task of estimating the dis-
tribution of class labels in an unlabelled data sample [12]. Given a feature
space X and a label set Y € Y = {V¥1,...,Y,, }, the goal is to estimate the
prevalence vector p = (p1, ..., pny ) Where p; = P(Y = Y;) for an unlabelled
test sample. When quantification is performed as a post-process to calibration,
the feature space X typically represents the output of the classifier. The train-
ing data consists of labeled instances drawn from a distribution Pjqin(X,Y),
while the test data is drawn from a different distribution Pjes(X,Y). Under
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the assumption of prior probability shift, we have Piqin(X|Y) = Prest(X[Y)
but Pirain(Y) # Piest(Y) |12]. This means that while the relationship between
features and labels remains stable, the overall class prevalences differ between
training and test sets. This also implies that, under prior probability shift, sim-
ply counting the predicted labels from a classifier will yield biased prevalence
estimates on the test bag. There are several methods for quantification that ex-
ploit the assumption of prior probability shift, including the method proposed
in this manuscript.

One such method optimizes p to maximize the likelihood of observing an
unlabelled bag of data (Eq. [I)).

N ny
LX) =[] P(XilY))p; (1)

i=1j=1
Saerens, Latinne, and Decaestecker developed an EM algorithm (SLD), which
iteratively updates prevalence estimates using Bayes’ theorem, converging to the
maximum likelihood estimate of prevalence |33]. SLD avoids the difficult task
of estimating P(X|Y") by instead relying on the posterior probabilities P(Y|X)
reported by a base classifier, using the substitution in Eq. 2] This makes SLD
highly sensitive to classifier calibration [13|. Despite this, SLD often ranks among
the state of the art for quantification tasks |14,[15}/34], and has been shown to

be Fisher consistent [36].

0 0
P(x, ;) = PO LX) PO @)
PO(Y;)

In addition to SLD, several other methods have been proposed and evalu-
ated for quantification under prior probability shift. These methods have been
broadly grouped into three categories: classify, count, and correct; machine learn-
ers adapted for quantification; and distribution matching methods [19]. Many
of these methods can be applied as a post-process to decision trees, though
evaluation and direct adaptation to decision trees have received relatively little
attention. In the next sections, we review the few methods that have been di-
rectly proposed for quantification with decision trees, as well as the unfolding
methods from physics that we adapt in this work.

2.2 Decision Trees for Quantification

Decision trees are one such machine learner adapted for quantification. Milli et
al. (2013) propose quantification trees, a type of decision tree optimized not for
individual classification accuracy, but directly for the quantification task of es-
timating class prevalences |26]. Milli proposes two splitting criteria that provide
the best balance between false positives and false negatives across classes. These
two criteria are Classification Error Balancing (CEB), where for each class i
the quantification error is E; = |FP; — F'N;|, and Classification-Quantification
Balancing (CQB), where E; = |FP? — FN?|, which additionally penalizes to-
tal misclassification. These per-class errors form a single vector QF,., and the
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goodness of a split is measured by the gain A = ||QEPeT"t||y — || QE||,.
However, in a recent large-scale evaluation by Schumacher et al. (2025), both
quantification forests and their ACC-corrected variant performed poorly [34].

2.3 Unfolding Methods for Quantification

Unfolding is a family of techniques developed in experimental physics for the
problem of recovering a “true” distribution of a physical quantity from observa-
tions that have been distorted by detector resolution, measurement noise, and
limited efficiency |10]. Such distortions are ubiquitous in high-energy and as-
troparticle physics, where the quantity of interest can only be inferred indirectly
through correlated, measurable observables [7]. The problem is typically dis-
cretized by binning the underlying quantity into a set of cause bins {C;}'%, and
the observable into a set of effect bins { E; ;”=E1> so that the measurement process
is characterized by the conditional probabilities P(E; | C;) of observing effect E;
given cause C;. The goal of unfolding is to recover the distribution over causes
from the observed distribution over effects, for which the field has developed sev-
eral approaches, including Iterative Bayesian Unfolding (IBU) [9,/10], described
in the forthcoming Methods section; Singular Value Decomposition-based un-
folding |23|; and Blobel’s Regularized Unfolding [2,/3]. At its core, unfolding ad-
dresses the same inferential problem as quantification: recovering a distribution
over classes (or bins) from imperfect observations [7].

There are several methods for defining the bins E;. One such method is
to use the leaf nodes of a decision tree as bins, as proposed by Borner et al.
(2020) [4]. In this approach, a decision tree is trained on the data, and each leaf
node corresponds to a bin. Bérner did not perform unfolding, but demonstrated
that decision tree leaf binning can partition the feature space into informative
effect bins. Combining this approach for estimating P(E; | C;), and Bunse’s
unification of IBU into a quantification framework [7], we propose a method for
quantification with decision trees that uses the tree leaves as bins and IBU as
the solver.

3 Methods

3.1 Overview: Tree-Leaf Binning + EM Quantification

We adapt IBU to the context of decision tree-based quantification. The method
consists of two stages: first, a decision tree is trained on the labeled training
data, and the leaf nodes are used to both classify instances and define a discrete
partition of the feature space. The class conditional distribution P(E | C') char-
acterizes how instances from each true cause are distributed across the effects.
P(E | C) in unfolding can be translated to P(X | Y) in quantification. Second,
given an unlabelled test sample, we count the number of instances that fall into
each leaf node, yielding an observed distribution nn. We then apply IBU to solve
for the prevalence vector p that best explains the observed leaf counts n under
the class conditional distribution.
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3.2 Tree Construction

Trees are constructed using standard classification tree algorithms (e.g., CART [5])
with various splitting criteria (Gini, CEB, CQB). Trees using Gini Impurity were
implemented using scikit-learn v1.8.0 |30|, while trees constructed using CEB
and CQB splitting criteria were reimplemented in Python according to Milli et
al. [26]. The tree is trained on a subset of the labeled training data, and the
remaining labeled data is used as a held-out estimation set to estimate the class
conditional distributions. Details of split proportions are given in Section[d Trees
are grown without a maximum depth limit, or a minimum number of samples
per leaf constraint during fitting. Instead, the tree is pruned post-hoc using a
minimum of 5 samples per leaf from the held-out estimation set to both reduce
overfitting and ensure a stable estimate of the class conditional distributions.

3.3 EM Solver for Prevalence Estimation

Iterative Bayesian Unfolding (IBU), originally proposed by D’Agostini [9], is an
expectation-maximization approach to solving the unfolding problem. Starting
from a prior estimate p(®) (e.g., a uniform distribution p(®) = i), IBU itera-
tively updates the prevalence estimate according to Bayes’ theorem, converging
to the maximum likelihood estimate of prevalence under the observed leaf counts
n and the class conditional distribution P(Leaf | Y) (see Algorithm(I]). The IBU
algorithm, as applied to quantification by Bunse et al., is nearly identical to the
SLD algorithm. The only difference is that SLD estimates the class conditional
probabilities P(X|Y") using the posterior probabilities P(Y|X) output by a base
classifier according to Eq. [2} while IBU assumes that the class conditional prob-
abilities are known, typically through a partitioning of X. It is for this reason
that SLD is highly sensitive to classifier calibration. Decision trees are known
to produce poorly calibrated probabilities [31,/35], motivating the use of IBU in
this context.

Decision trees map input data into leaves. We therefore redefine class con-
ditional distributions P(X | Y) = P(Leaf | Y) [|4]. We choose to model
P(Leaf | Y;) as a Dirichlet distribution with Laplace smoothing and updated
by counting the number of instances from each true class that fall into each leaf
node on the held-out estimation set. We use the expected value as a well-defined,
regularized set of class conditional distributions that can be used in the IBU al-
gorithm without requiring any assumptions about classifier calibration. Because
trees are pruned based on the held-out estimation data, we avoid using leaves
that provide little information.

4 Experimental methodology

To evaluate the performance of our proposed quantification approach, we follow
the experimental protocol of Schumacher et al. [34]. In total, we evaluate 40
binary datasets and 17 multiclass datasets across the remaining combinations
of train-test splits, training class prevalences, and test bag prevalences. Across
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Algorithm 1 Iterative Bayesian Unfolding (IBU) adapted for Leaf EM

Require: n(Leaf;), P(Leaf; | Y;)
Ensure: Estimated prevalence vector p = (p1, . .
l: k<o
2: P(O)(YL‘) — ﬁ fori=1,...,ny
3: repeat
for j =1 to npeqy do
for i =1 to ny do

-y Pny)

P(Leaf; | i) P (v7)

PY (Y, | Leaf;) +
! SoY, P(Leaf; | Yy) PO)(Yy))

7 end for
8: end for
9: for i =1 to ny do
10:
"Leaf
AT (v;) 3 n(Leaf;) PY(Y; | Leaf;)
j=1
1 (k+1)
A (Yi)
P(k+1)()/i) — W
DL (Yir)

12: end for
13: kE«k+1
14: until convergence
15: ﬁieP”“)(Yi) fori=1,...,ny

16: return p = (p1,. .. , Py )

all variables, we run 12,540 experiments, each repeated ten times with different
random seeds, for a total of 125,400 experiments.

Deviating from the original setup, we do not employ stratified 10-fold cross-
validation when estimating the misclassification rates, classifier scores, or other
quantities typically determined through cross-validation. Instead, we estimate
these quantities from a single held-out estimation set (25% of training data).
This demonstrates the performance of a single, interpretable tree, rather than
an ensemble. While ensemble classifiers have been shown to improve perfor-
mance [26129./34], we consider ensemble methods to be orthogonal to the contri-
butions of this work, and leave the question of how best to ensemble our proposed
method to future work.

Details on training and testing splits, class prevalences, datasets, and seed-
ing can be found in [34]. Quantification methods and evaluation metrics are
described in the following.

4.1 Quantification Methods

We compare the following quantification methods.

Leaf EM: Our proposed method, which uses the leaf nodes of a decision tree
as bins, and applies Iterative Bayesian Unfolding to estimate class prevalences.
The held-out estimation set is used to estimate P(Leaf | Y).

ACC: Adjusted Classify and Count, which corrects the prevalence estimates of
a base classifier by adjusting for its true and false positive rates |17,/18]. ACC
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is used in this experiment as it is the quantification technique applied in the
original quantification tree paper by Milli et al. (2013) [26], and in Schumacher
et al. (2025) [34]. The multiclass extension of ACC is implemented according to
the unconstrained least squares method proposed by Bunse [6] to minimize the
loss function proposed by Hopkins and King [24]. The held-out estimation set is
used to estimate the true and false positive rates for each class.

PACC: Probabilistic Adjusted Classify and Count, which extends ACC to prob-
abilistic classifiers by using the predicted probabilities instead of hard classifica-
tions |1]. The multiclass version of this method is implemented using the same
methods as ACC. The held-out estimation set is used to estimate the average
predicted probability for each class.

KDEyML: Kernel Density Estimation with Maximum Likelihood Estimation,
which estimates the class conditional distributions of classifier scores using kernel
density estimation, and then applies maximum likelihood estimation to recover
the prevalence vector |28]. While this method is designed for continuous classifier
scores, we apply it to the discrete scores output by decision trees because it bears
a similarity to the unfolding approach we propose. Specifically, as the bandwidth
of the kernel approaches zero, KDEyML approaches the same likelihood func-
tion as our proposed method (as long as no leaves produce identical classifier
scores). By using KDEyML, we can compare the performance of our proposed
method to a similar method that does not take advantage of the discrete nature
of decision tree outputs. For this experiment, a bandwidth of 0.05 is used. The
held-out estimation set is used to fit the kernel density estimates for each class.
SLD: The EM algorithm described in Section 2.} Because calibration is im-
portant for this method, it is evaluated with and without temperature scaling,
denoted SLD (TS). The held-out estimation set is used to perform temperature
scaling [22].

HDy: The Hellinger Distance method proposed by Gonzalez-Castro et al. |21],
which estimates class prevalences by minimizing the Hellinger distance between
the predicted and true distributions of classifier scores. It performs well as a bi-
nary quantification method, and is included as a baseline for comparison [8}[34].
It was not implemented for multiclass quantification as it is not inherently de-
signed for multiclass problems and has been shown to perform poorly [34].

For each of these methods, we evaluated three base classifiers: a standard de-
cision tree using the Gini impurity criterion, a quantification tree using splitting
criteria designed for quantification: the CEB criterion and the CQB criterion |26].
All comparative methods were implemented using the QuaPy library in Python
3.13 |27].

4.2 Evaluation Measures

Following |34], we evaluate quantification performance using Absolute Error
(AE), summed across all classes (Eq. . This metric is used, rather than mean
absolute error across classes, as it allows for consistent comparisons across datasets
with different class cardinality, as described in [34].
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L
eap(p,p) = Z|pi_ﬁi|- (3)

Most methods run by Schumacher et al. [34] used logistic regression base
classifiers, which are able to provide informative confidence scores when trained
on few data. They evaluated several settings where the base classifier was trained
on little data with high class imbalance. Under these settings, the CEB and CQB
splitting criteria frequently reached their stopping conditions before making a
single split, yielding degenerate single-leaf trees. Additionally, the pruning policy
of requiring a minimum number of samples in each leaf also contributed to the
formation of degenerate trees. While degenerate trees are clearly undesirable,
their relative impact on performance across quantification methods is arbitrary
as the trees will provide no information about the underlying class distribution.
For this reason, we exclude all trials where at least one tree was degenerate
from calculation of absolute error. We do, however, report the percent of trials
by tree type that were degenerate to evaluate the relative impact of degenerate
trees across tree types.

For each (algorithm, dataset) pair, we average errors across all sampled sce-
narios. To assess statistical significance of performance differences across algo-
rithms, we follow the two-step procedure of Demsar [11] as adopted in [34]:
a Friedman test on the null hypothesis of equal performance, followed by a
Nemenyi post-hoc test at the 5% significance level when the Friedman test is
rejected. These tests are conducted on average AE across datasets, yielding 40
samples for binary tests and 17 samples for multiclass tests.

5 Results

5.1 Binary Quantification: Overall Performance

The CQB tree with SLD outperformed all other methods for binary quantifi-
cation, achieving the best (smallest) mean rank (4.47 out of 21 methods) and
lowest absolute error in 16 out of 40 datasets (Table |1} Figure . The next best
performing tree-quantifier combination was Leaf EM applied to the Gini tree
(mean rank: 4.70), followed by SLD applied to the CEB tree (mean rank: 4.72).
The top performing quantifier varied by tree type, with SLD performing the best
for the CQB and CEB trees and Leaf EM for the Gini tree. The performance
of ACC was moderate, with a mean rank of 6.10-10.60 across all trees. Temper-
ature Scaling (TS) did not improve SLD performance, indicating temperature
scaling is not an effective calibration method for decision trees on our binary
quantification tasks.

Both overall and within-tree Friedman tests indicated statistically significant
differences in performance across quantification methods (p < 0.01). Within each
tree type, the Nemenyi critical difference was 1.4245, and across all tree types,
the critical difference was 4.9518. Nemenyi post-hoc tests indicated that the Gini
tree with Leaf EM was significantly better than the Gini tree with SLD (TS),
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PACC, and ACC. SLD when applied to the CQB and CEB trees was significantly
better than any quantifier applied to those same trees. In all cases, ACC was
significantly worse than the best performing quantifier for that tree type.

Most tree-quantifier pairs exhibited little bias (Figure [I) when averaged
across datasets. SLD exhibited a weak bias towards a uniform distribution, while
most other methods exhibited weak biases towards the extremes of the preva-
lence range.

Leaf EM performed best on the Gini tree (mean overall rank: 3.45), followed
by a sharp dropoff by the CQB tree (mean rank: 13.66), and then the CEB tree
(mean rank: 14.76). Across all quantifiers, the Gini tree tallied the most datasets
with the lowest AE, indicating the Gini splitting criterion yields trees that are
particularly well-suited for quantification. That is not to say that the CEB and
CQB trees do not have their strengths; they each had the best performance for
multiple datasets.

L0 Gini CQB CEB
’ g/ ACC g
° HDy
% 0.8 / 4 I KDEyML
= ’ Leaf-EM
§ —— PACC
z —SLD
§ 0.6 [ —SLD(TS)
2.0.4
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Fig. 1. Model Performance on Binary Quantification Tasks.
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Fig. 2. Critical Difference Diagram for Binary Quantification Tasks.
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5.2 Multiclass Quantification

Performance on multiclass quantification was quite different than on binary
quantification (Table 2| Figure [3)). The best performing method was SLD ap-
plied to the Gini tree, which achieved the lowest absolute error in 12 out of
17 datasets, and the lowest overall mean rank across all tree types. The best
performing tree-quantifier combination was SLD applied to the Gini tree (mean
rank: 1.65), followed by SLD applied to the CQB tree (mean rank: 2.88), and
then SLD applied to the CEB tree (mean rank: 4.65). Across all trees, the ordinal
ranking of the top three quantifiers was consistent: SLD performed best, followed
by KDEyML, then PACC. The performance of Leaf EM was particularly poor,
with a mean rank of 8.29-13.47 across all trees.

A Friedman test indicated statistically significant differences in performance
across algorithms, both within each tree type (p < 0.01) and across all tree types
(p < 0.01). The Nemenyi critical difference was 1.8288 within each tree type, and
6.3887 across all tree types. Nemenyi post-hoc tests indicated that SLD applied
to the Gini tree was significantly better than Leaf EM, ACC, PACC, and SLD
(TS) applied to the Gini tree.

CD
—_
17 15 13 11 9 7 5 3 1

CEB|SLD (TS) — L— Gini|
CQB|SLD (TS) L COB
Gini|SLD (TS) Gini|[KDEyML

EBJACC CEBJ|SLD
CEB|Leaf EM Gini|PACC

CEB|PACC Gini|ACC

CQB&Leaf EM CQB KDE%NIL

QBJACC Gini|Leaf EM
CEB|KDEyML CQB|PACC

Fig. 3. Critical Difference Diagram for Multiclass Quantification Tasks.

5.3 Degenerate Trees

Overall, 30.4% of trials had at least one degenerate tree, with the Gini tree
having the lowest percent of degenerate trials (14.1%) and the CQB and CEB
trees having the highest (27.5% and 27.4%, respectively). A trial was considered
degenerate if a tree had only a single node, which provides no information to
the quantification methods. If these trials are included in the analysis, the ranks
of Gini trees improve, with Leaf EM applied to Gini trees achieving the best
overall mean rank (Table [3).

6 Discussion

The Gini tree with Leaf EM achieved the best mean rank across all quantifiers
applied to a Gini tree for binary quantification (Table . The Nemenyi post-hoc
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Table 3. Overall mean rank for binary (Nemenyi critical difference: 4.95) and multi-
class (Nemenyi critical difference: 6.39) settings. Bold indicates the best overall method
within a setting (comparing all tree-method combinations in that setting); italic indi-
cates the best within each tree type.

Setting Tree ACC HDy KDEyML Leaf EM PACC SLD SLD (TS)

Gini 9.9 4.7 5.3 4.0 5.8 4.3 10.7
Binary CQB 16.2 13.5 12.8 14.2 11.5 6.8 17.1
CEB 17.1 14.1 12.9 15.0 12.2 6.2 17.3
Gini 6.3 - 4.4 8.5 5.8 1.6 15.5
Multi CQB 11.1 - 7.7 11.5 8.7 3.0 16.1
CEB 14.3 — 9.9 13.5 11.6 4.7 16.9

test indicated that the Gini—Leaf EM combination was significantly better than
ACC, PACC, and SLD (TS) applied to the Gini tree. Within the Gini tree, Leaf
EM was not significantly better than KDEyML, SLD, or HDy. SLD applied
to CQB performed the best among all quantifier-tree combinations on binary
quantification, but CQB and CEB trees had a higher percentage of degenerate
trials than Gini trees, indicating it might not be an ideal choice for small, im-
balanced datasets. Consistent with how certain quantifiers are best for certain
base classifiers, certain splitting criteria are best for certain quantifiers. Leaf EM
performed poorly in the multiclass setting. Ultimately, the best tree-quantifier
combination will depend on the dataset and the quantification task.

SLD applied to Gini trees performed relatively poorly on binary quantifica-
tion. This aligns with the expectation that SLD’s performance is dependent on
the calibration of the base classifier. SLD maximizes the same likelihood function
as Leaf EM, but SLD depends on the calibration of P(Y | X) and is therefore
subject to the miscalibration of the base classifier. Decision trees are known to
produce poorly calibrated probabilities, and Leaf EM avoids this dependency.
Poor calibration is often attributed to the purity driven splitting used to fit a
tree |37]. CEB and CQB are splitting criteria that are not directly tied to in-
creasing the purity of the resulting leaves. It follows that CEB and CQB trees are
likely to produce better calibrated probabilities than Gini trees, and therefore
produce better SLD estimates of prevalence.

The Gini tree outperformed the CEB or CQB trees when used as a base
classifier for Leaf EM. The CEB and CQB splitting criteria were designed for
the quantification task, while Gini was designed for classification. However, Gini
impurity can be directly tied to the Leaf EM approach. Gini impurity at a Leaf;
can be written in terms of class conditionals as

L P(Leaf; | Y;) P(Y;) ’
G(Leafi) =1-) (zng P(Leaf; | Yy) P(Ya)) ’

i=1

(4)

which is minimized when one P(Leaf; | Y;) dominates the others. Gini’s split
criterion is therefore used to maximize the purity of the same class conditionals
P(Leaf | Y) that Leaf EM consumes.

Leaf EM and KDEyML perform similarly, particularly when applied to the
Gini tree. KDEyML approaches the same likelihood function as Leaf EM as



Decision Tree Leaf Binning with EM for Quantification 117

the kernel bandwidth approaches zero, provided no two leaves produce identical
classifier scores. The two methods were applied here without hyperparameter
tuning: KDEyML used a fixed bandwidth of 0.05. Had the KDEyML bandwidth
been tuned, it is plausible that the optimal value would have been close to zero,
in which case KDEyML would have approximated Leaf EM directly. The com-
petitive performance of KDEyML on the Gini tree indicates KDEyML may be
learning a similar representation of class conditional distributions, but recovering
it through a different mechanism.

Schumacher et al. reported that quantification forests and their ACC-corrected
variant performed poorly relative to other quantification methods [34]. The re-
sults presented here suggest that this failure is attributable in part to the choice
of aggregation method rather than to a fundamental limitation of quantification
trees. When CEB and CQB trees are paired with most quantifiers rather than
ACC, performance improves substantially.

This study was subject to several limitations. Neither Leaf EM nor any of
the comparator methods were subjected to hyperparameter tuning. KDEyML
used a fixed bandwidth of 0.05, and trees were pruned with a fixed minimum
of 5 samples per leaf on the held-out estimation set. Moreo et al. found that
tuning the KDEyML bandwidth can substantially improve performance [28§].
Additionally, temperature scaling is used to calibrate SLD. While temperature
scaling is commonly used in quantification, it is typically evaluated on continuous
scores (e.g., from a neural network) rather than discrete tree-leaf predictions.
Future work could explore alternative calibration methods that are designed for
decision trees, such as kernel density smoothing proposed by Smyth et al. |35].
Finally, removing trials with degenerate trees from the analysis may have biased
the results in favor of quantifiers that perform particularly poorly when fit to
small, imbalanced datasets.

7 Conclusion

We introduced Leaf EM, a quantification method that pairs decision-tree leaves
with Iterative Bayesian Unfolding and requires no assumption of classifier cali-
bration. On binary tasks, SLD applied to a CQB tree achieved the best overall
mean rank, while the Gini-Leaf EM combination attained the second best over-
all mean rank and the best within-tree mean rank on Gini trees. On multiclass
tasks, SLD applied to a Gini tree was the strongest tree-quantifier combination.
Together, these findings demonstrate that recent reports of poor decision-tree
performance on quantification reflect the choice of aggregator, and not necessar-
ily a limitation of decision trees themselves.
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