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Abstract

The design of hybrid interpretable models has recently emerged as a promising paradigm
for the development of explainable artificial intelligence. This modeling framework relies
on a collaborative scheme in which black-box and interpretable models are paired and co-
operate to produce a final prediction. Intuitively, it assumes that there are some regions
of the feature space where a black-box classifier can be replaced by an interpretable model
without losing predictive performance. For hybrid interpretable models to be useful in
practice, users should have statistical guarantees on their performance for a given trans-
parency level (i.e., the fraction of samples delegated to the interpretable classifier). In this
work, we propose the use of Venn prediction to construct reliable accuracy estimators for
hybrid interpretable models in the absence of ground truth labels. In particular, we de-
rive estimators for the marginal accuracy (i.e., for the hybrid model as a single predictor)
and the component-conditional accuracy (i.e., for each of the internal components of the
hybrid model). We demonstrate the benefits of our estimation methodology, consistently
outperforming alternative approaches for six different datasets, with the conditional Venn
predictor providing the most reliable component-conditional estimates.

Keywords: explainable artificial intelligence, hybrid interpretable models, Venn predic-
tors, performance estimation

1. Introduction

Typical predictive modeling workflows often involve the comparison of different learning
algorithms. Each algorithm, once fitted, leads to a single model instance that approximates
the underlying relationship between a set of input variables and a target outcome. The
performance of each model is then evaluated using proper performance metrics on unseen
data to assess the generalization ability. In practice, we may be interested in different
properties of the resulting model. The most obvious one is the predictive performance,
but many others can be sought, especially when the predictive model is intended for use
in high-risk applications (Eshete, 2021). In such settings, the development of explainable
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models becomes a key requirement to understand why an algorithm produces a certain
prediction and how the input features influence the outcome. This requirement of predictive
models has gained attention from regulatory domains. For example, the EU’s General Data
Protection Regulation (GDPR) has called for the “right to explanation” (a right to inform
individuals about the reasons behind an algorithm-informed decision) that requires human-
understandable rationale of predictive models (European Parliament and Council of the
European Union, 2016).

To address this challenge, Explainable Artificial Intelligence (XAI) has emerged as a field
by itself dedicated to improving the comprehension and transparency of machine learning al-
gorithms (Arrieta et al., 2020). This has been achieved mainly by explaining the underlying
mechanisms of black-box systems, such as LIME (Ribeiro et al., 2016) or SHAP (Lundberg
and Lee, 2017), or by designing interpretable-by-design models, such as rule-based classifiers
(Wang et al., 2017). However, the former may not faithfully mimic the decision rationale
of the original model, while the latter may sacrifice predictive performance. A potential so-
lution to address these weaknesses is to consider a hybrid approach in which black-box and
interpretable models are paired and cooperate to produce a final prediction (Ferry et al.,
2024). Intuitively, a hybrid interpretable model delegates samples either to an interpretable
white-box classifier, sacrificing predictive performance for explainability, or to a complex
black-box classifier, with higher accuracy but losing the explanation. Under this scheme,
the fraction of samples delegated to the white-box classifier defines the transparency of
the hybrid predictive model. Consequently, as we increase the transparency of the hybrid
model, its accuracy decreases, introducing a trade-off. For a hybrid model to be useful
in practice, users should be able to anticipate its performance for a given transparency
at inference time and support a safe deployment. Similarly, it should produce calibrated
uncertainty estimates in order to employ them for decision-making. Unfortunately, off-the-
shelf machine learning classifiers, including interpretable decision trees and complex neural
networks, tend to generate poorly calibrated probabilities, which prevents hybrid models
based on them from meeting these requirements (Provost and Domingos, 2003; Guo et al.,
2017).

Contribution. In this work, we present procedures for inducing reliable hybrid pre-
dictive models whose accuracy-transparency trade-off can be estimated. Specifically, we
propose the use of Venn prediction (Vovk et al., 2005) to calibrate a hybrid predictive
model and induce a new predictor that yields well-calibrated probabilities. As a conse-
quence of this calibration property, we show that the accuracy of the hybrid predictor can
be precisely estimated at inference time, in the absence of ground truth labels. Specifi-
cally, we derive unbiased estimators for the marginal accuracy (i.e., without distinguishing
whether the predictions were produced using either the white-box or the black-box model)
and for the component-conditional accuracy (i.e., conditioning on the set of predictions
assessed with each model). We theoretically demonstrate the validity of this procedure as
long as the multiprobabilistic output of a Venn predictor is employed to produce an interval-
valued estimate. Additionally, we empirically show, using six binary datasets, that when
the multiprobabilistic output is merged into a single probability, the resulting estimators,
while losing the guarantees, outperform those derived from uncalibrated and Platt-scaled
classifiers.
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Outline. The rest of this paper is organized as follows. Section 2 presents background
on hybrid predictive models for XAI and briefly introduces Venn and Venn-Abers predictors.
Section 3 formally describes the proposed procedures for estimating the performance of a
hybrid interpretable model at inference time. In Section 4, we empirically evaluate the
estimation quality of our contribution, comparing it with alternative approaches. Finally,
Section 5 concludes the paper and discusses several directions of future work.

2. Background

2.1. Hybrid predictors for XAI

The design of hybrid predictive models (also referred to as companion models) has recently
emerged as a promising framework in the context of XAI. Most of the proposed procedures
are designed to increase the interpretability of machine learning classifiers without sacrificing
predictive performance. Wang (2019) was the first to propose such a model, introducing
a hybrid rule-set classifier that, given a pre-trained black-box classifier, induces a set of
rules that act as an interpretable partial substitute on the subset of the input space where
the black-box classifier is unnecessary. Only instances that are not covered by any rule are
passed to the black-box classifier. One important drawback of this approach is that the
user does not have explicit control over the transparency of the resulting hybrid model.
This limitation was solved by Pan et al. (2020) by returning multiple hybrid models with
different transparency levels using rule lists. Wang and Lin (2021) extended the scope of
hybrid interpretable models to mixed schemes that included sparse linear models. Similarly,
Li et al. (2026) proposed the integration of decision trees in the hybrid framework, achieving
a better accuracy-transparency trade-off compared to previous works.

2.2. Venn and Venn-Abers predictors

Venn predictors (Vovk et al., 2005) are probabilistic predictors that return multiple prob-
abilities for each label, with one of them being the valid one. These multiple probabilities
can be converted into probability intervals, where the interval size conveys the confidence
in the estimation. A computationally efficient version of Venn predictors is inductive Venn
predictors, which can act as wrappers on top of any probabilistic predictor, referred to
as the underlying model (Lambrou et al., 2015). To induce a Venn predictor in a binary
setting, we consider a measurable feature space X and a binary response space Y = {0, 1}.
We assume the existence of a probabilistic (uncalibrated) classifier f : X → [0, 1] that out-
puts the estimated likelihood of a binary outcome and an available set of n independent and
identically distributed (i.i.d.) calibration samples Dcal = {(X1, Y1), ..., (Xn, Yn)} ∈ (X ×Y)n

drawn from an unknown data generation process Q.

Central to the construction of a Venn predictor is the definition of a Venn taxonomy.
Formally, a Venn taxonomy is a measurable function K that defines the relation between a
sample and a set of (other) samples which, in the inductive setting, is the training dataset
Dtrain. We define Ki = K

(
Dtrain, (Xi, Yi)

)
as the category for the i-th calibration sample.

Typically, the taxonomy is based on the underlying probabilistic classifier, where the es-
timated scores can be used to group samples into one of the categories. For a new test
sample (Xn+1, Yn+1) falling into a category, the predicted score is the relative frequency of
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1s (i.e., positive labels) among all calibration samples in that category. By leveraging the
i.i.d. assumption and by including the new sample in the computation, the predicted score
is a calibrated probability. However, note that to compute the frequency of 1s, we would
need to know Yn+1 in advance, which is not possible at prediction time. For this reason,
we tentatively consider each possible label y ∈ Y = {0, 1} for the unknown label Yn+1 in
the frequency computation, thereby producing two probability values. Formally, a Venn
predictor outputs the multiprobabilistic prediction

P y
n+1 =

y +
∑n

i=1 1{Ki = Ky
n+1}1{Yi = 1}∑n

i=1 1{Ki = Ky
n+1} + 1

,

where Ky
n+1 is the category of the tentative test sample and 1{·} is the indicator function.

Regardless of the chosen taxonomy, the multiprobabilistic predictions (P 0
n+1, P

1
n+1) pro-

duced by a Venn predictor are perfectly calibrated by construction, where P 0
n+1 < P 1

n+1.
Intuitively, P 0

n+1 and P 1
n+1 are the predicted probabilities that Yn+1 = 1, and they can be

seen as an interval-valued probabilistic prediction.

Proposition 1 Let Dcal ∪ (Xn+1, Yn+1) be a set of randomly drawn i.i.d. samples and
B ∈ {0, 1} a binary selector. Let [P 0

n+1, P
1
n+1] be the multiprobabilistic prediction from a

Venn predictor induced on Dcal. There exists a selector B such that

E
[
Yn+1

∣∣PB
n+1 = s

]
= s for all s ∈ [0, 1] almost surely.

Proof This is a well-established result of Venn prediction. For example, see Proposition
6.1 in Vovk et al. (2005).

In practice, Proposition 1 is usually interpreted as a guarantee on the prediction interval
[P 0

n+1, P
1
n+1]. In particular, there exists a random variable Pn+1 ∈ [P 0

n+1, P
1
n+1] that is

perfectly calibrated:

E
[
Yn+1

∣∣Pn+1 = s
]

= s for all s ∈ [0, 1] almost surely.

A limitation of Venn predictors is that choosing an appropriate taxonomy can be chal-
lenging. One alternative is to use Venn-Abers predictors, in which the taxonomy is auto-
matically induced through isotonic regression (Vovk and Petej, 2014). Isotonic regression
is a piecewise-constant predictor g : [0, 1] → [0, 1] that partitions the score space into bins
by minimizing the empirical mean squared error. For any sample assigned to a given bin,
isotonic regression returns the relative frequency of positive labels within that bin. Thus,
Venn-Abers predictors can be viewed as a special case of Venn predictors in which the
taxonomy is determined by the isotonic regression fitted to the scores produced by the
underlying model. In this way, they inherit the calibration guarantees of Venn predictors
while remaining compatible with an inductive scheme.

Let si = f(Xi) denote the score assigned by the underlying model to calibration sample
i, and let sn+1 = f(Xn+1) denote the score assigned to the test sample. In practice, a
Venn-Abers prediction can be computed by fitting two isotonic regressions, g0 and g1, on
the augmented calibration sets

{(s1, y1), . . . , (sn, yn), (sn+1, 0)} and {(s1, y1), . . . , (sn, yn), (sn+1, 1)},
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respectively. The resulting probability interval is then given by

[g0(sn+1), g1(sn+1)].

3. Methods

3.1. Problem setup

We define a hybrid model as fhyb = ⟨fw, fb⟩, where fw : X → [0, 1] is an available white-box
probabilistic classifier and fb : X → [0, 1] is an available black-box probabilistic predictor.
Previously, the design of hybrid interpretable models has been motivated by the assump-
tion that there are some regions of the feature space where an interpretable model can be
employed without trading off performance (Wang and Lin, 2021). With this in mind, a
central component in the design of hybrid interpretable models is the definition of a dele-
gation rule. In this work, we quantify the confidence of each sample using the white-box
model, delegating those that fall below a predefined confidence threshold θ ∈ [0.5, 1] to the
black-box classifier, formally

fhyb(x) =

{
fw(x), if cw(x) ≥ θ;

fb(x), otherwise,
(1)

where cw(x) = max{fw(x), 1 − fw(x)} is the confidence in the prediction estimated with
the white-box classifier. Under this scheme, the feature space is implicitly partitioned into
two different component-wise subspaces, X = Xw ∪ Xb.

Our general objective is to estimate the accuracy of the hybrid interpretable model (1)
by leveraging an available calibration dataset Dcal. For a given hybrid predictor fhyb, we

compute the predicted label as Ŷn+1 = 1{fhyb(Xn+1) ≥ 0.5} and distinguish two different
metrics: the marginal accuracy A(fhyb) and the component-conditional accuracy Az(fhyb):

· Marginal accuracy. This metric evaluates the hybrid model as a single predictor,
regardless of whether the predictions are produced by the white-box or the black-box
component. Formally,

A(fhyb) := E
[
1{Yn+1 = Ŷn+1}

]
. (2)

· Component-conditional accuracy. This metric evaluates predictive performance
after conditioning on the component that produced the prediction. In this way, it
quantifies the accuracy separately within each delegated region of the feature space.
Formally,

Az(fhyb) := E
[
1{Yn+1 = Ŷn+1}

∣∣Xn+1 ∈ Xz

]
for all z ∈ {w, b}. (3)

These two notions of accuracy are useful in complementary scenarios. Marginal accuracy
is the appropriate metric when the hybrid model is deployed as a single predictor and
the primary objective is to characterize its overall predictive performance. By contrast,
component-conditional accuracy is more informative when one wants to assess whether the
interpretable component remains reliable on the samples delegated to it, or whether the
black-box component preserves its expected performance on the more difficult cases.
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3.2. Marginal accuracy estimation

We present a procedure for estimating the marginal accuracy of a hybrid interpretable
model using Venn prediction. We begin by revisiting the output of Venn predictors. For
a new sample Xn+1 ∈ X , let [P 0

n+1, P
1
n+1] be the probability interval for Yn+1 = 1 and

Ŷn+1 ∈ {0, 1} be the binary prediction. We introduce the confidence probability interval as
follows:

[C0
n+1, C

1
n+1] =

{
[P 0

n+1, P
1
n+1] if Ŷn+1 = 1;

[1 − P 1
n+1, 1 − P 0

n+1] if Ŷn+1 = 0.

Intuitively, this confidence interval represents our belief that the returned prediction
is correct. For example, if we produce a probability interval [P 0

n+1, P
1
n+1] = [0.20, 0.25]

and return a negative prediction, then the interval [1 − P 1
n+1, 1 − P 0

n+1] = [0.75, 0.80] is a
confidence-calibrated output for producing a correct (negative) prediction.

Lemma 1 Let Dcal ∪ (Xn+1, Yn+1) be a set of randomly drawn i.i.d. samples, B ∈ {0, 1}
a binary selector, [C0

n+1, C
1
n+1] the confidence interval from a Venn predictor induced on

Dcal, and Ŷn+1 the binary prediction. There exists a selector B such that CB
n+1 is perfectly

calibrated for the correct classification Tn+1 = 1{Yn+1 = Ŷn+1}:

E
[
Tn+1

∣∣CB
n+1 = s

]
= s,∀s ∈ [0, 1].

Proof This proof follows from the law of iterated expectations and Proposition 1.

From a confidence-calibrated classifier, Kivimäki et al. (2025) demonstrated that the
average confidence computed on a set of m i.i.d. samples Dtest = {(X1, Y1), ..., (Xm, Ym)} ∈
(X × Y)m drawn from the same data-generating process Q, formally

C̄test =
1

m

m∑
i=1

Ci,

is an unbiased estimator of the model accuracy.
We leverage this result to construct an estimator for the marginal accuracy of the hybrid

predictor. To this end, we employ the white-box classifier fw and the black-box classifier fb
to set a hybrid model fhyb as in (1) for a given confidence threshold θ ∈ [0.5, 1]. Then, we
employ fhyb to compute the estimated scores on Dcal and induce a Venn-Abers predictor
using the standard procedure. Here, we consider the following taxonomy

K
(
Dtrain, (xi, yi)

)
= g(fhyb(xi)), (4)

where the category is given by the isotonic regression g fitted on the scores estimated by
fhyb. That is, two samples are assigned to the same category only if they share the same
score bin.

Proposition 2 Let Dcal ∪ Dtest be a set of randomly drawn i.i.d. samples, B ∈ {0, 1}
a binary selector, and CB

i be the confidence prediction for the i-th test sample from a
Venn predictor induced on Dcal with the taxonomy (4). There exists a selector B such that
C̄B
test = 1

m

∑m
i=1C

B
i is an unbiased estimator of the marginal accuracy (2).

6



Performance Estimation in Hybrid Interpretable Models with Venn Predictors

Proof Consider a random test sample (Xn+1, Yn+1) and the corresponding score computed
using the hybrid model, Sn+1 = fhyb(Xn+1). Next, consider the calibration dataset Dcal and
the corresponding scores computed using the hybrid model, {Si}i∈Dcal

= {fhyb(Xi)}i∈Dcal
.

Note that Sn+1 and the elements of {Si}i∈Dcal
are i.i.d., so the calibration guarantees of

Venn prediction hold. The rest of the proof follows by Lemma 1 and Theorem 2 in Kivimäki
et al. (2025).

3.3. Component-conditional accuracy estimation

In some cases, we may be interested in providing a reliable accuracy estimate for each com-
ponent of the hybrid interpretable model. However, a reliable marginal accuracy estimate
does not rule out a scenario where we might be reporting an overconfident estimate for the
white-box model while underestimating the performance of the black-box classifier, or vice
versa.

Importantly, the validity of the marginal accuracy estimator in Proposition 2 is a con-
sequence of the calibration property of Venn prediction. Therefore, to design a reliable
estimator for the component-conditional accuracy, we need to ensure the estimated scores
are calibrated conditionally on the internal component of the hybrid interpretable model.
To this end, we propose the following Venn taxonomy

K
(
Dtrain, (xi, yi)

)
=

{
gw(fw(xi)), if cw(xi) ≥ θ;

gb(fb(xi)), otherwise,
(5)

where gw and gb are component-wise isotonic regressions, each fitted only on the calibration
samples that are delegated to the white-box classifier and the black-box classifier, respec-
tively. That is, two samples are assigned to the same category only if they share both the
same score bin and the same internal component of the hybrid predictor.

This simple modification is enough to preserve the calibration guarantees of Venn pre-
diction within each component. In other words, the estimated confidence scores are not
only calibrated marginally, but also conditioned on whether the prediction was delegated
to the white-box classifier or to the black-box classifier.

Proposition 3 Let Dcal ∪ Dtest be a set of randomly drawn i.i.d. samples, B ∈ {0, 1} a
binary selector, and CB

i be the confidence prediction for the i-th test sample from a Venn
predictor induced on Dcal with the taxonomy (5). Consider the set of test samples delegated
to each component z ∈ {w, b}, Dtest,z = {i ∈ [m] : Xi ∈ Xz} of size mz = |Dtest,z|. There
exists a selector B such that C̄B

test,z = 1
mz

∑
i∈Dtest,z

CB
i is an unbiased estimator of the

component-conditional accuracy (3).

Proof Consider a random test sample (Xn+1, Yn+1) delegated to component z ∈ {w, b} and
the corresponding score Sn+1 = fz(Xn+1). Next, consider the calibration samples delegated
to component z, Dcal,z = {i ∈ [n] : Xi ∈ Xz}, with the corresponding scores {Si}i∈Dcal,z

.
The calibration and test samples delegated to component z are i.i.d., so the calibration
guarantees of Venn prediction hold within this component. The rest of the proof follows
from Lemma 1 and Theorem 2 in Kivimäki et al. (2025).
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3.4. Estimators derived from multiprobabilistic predictions

The results above build upon the theoretical calibration guarantees of Venn prediction.
That is, they hold for (at least) one of the reported probability distributions. We now show
that an interval-valued estimator for the marginal accuracy can be constructed by averaging
the lower and upper confidence outputs of the Venn predictor. Formally, this estimator is
defined as [

C̄0
test, C̄

1
test

]
, (6)

where

C̄0
test =

1

m

m∑
i=1

C0
i , C̄1

test =
1

m

m∑
i=1

C1
i .

Corollary 1 Under the setting of Proposition 2, the interval-valued estimator (6) from
the Venn outputs satisfies

E[C̄0
test] ≤ A(fhyb) ≤ E[C̄1

test]. (7)

Proof By the definition of the Venn output, C0
i ≤ CB

i ≤ C1
i for every i-th test sample.

Then, by linearity of summation, C̄0
test ≤ C̄B

test ≤ C̄1
test. The rest of the proof follows by

taking expectations and Proposition 2.

An analogous interval can be constructed for the component-conditional accuracy by
considering the taxonomy (5). In this case, the interval-valued estimator is defined as[

C̄0
test,z, C̄

1
test,z

]
, (8)

where

C̄0
test,z =

1

mz

∑
i∈Dtest,z

C0
i , C̄1

test,z =
1

mz

∑
i∈Dtest,z

C1
i .

Corollary 2 Under the setting of Proposition 3, the interval-valued estimator (8) from
the Venn outputs satisfies

E[C̄0
test,z] ≤ Az(fhyb) ≤ E[C̄1

test,z].

Proof The proof follows the same argument as that of Corollary 1 using Proposition 3.

These intervals bound the estimator associated with the valid Venn selectors for every
test set, and their expected limits cover the corresponding accuracy. Importantly, they
provide valuable information for decision-making. For instance, the average of the lower
confidence outputs can be interpreted as a risk-averse estimate of the accuracy that the
resulting hybrid predictor is guaranteed, on average, to achieve at inference time. Therefore,
it serves as a proxy for the level of transparency that can be ensured in practice.

In practice, it may be useful to produce a single confidence prediction for each sample
and derive a point estimate for the hybrid predictor’s accuracy. This can be done by
aggregating the lower and the upper Venn outputs into a confidence scalar using the central
point of the prediction interval,

C∗
n+1 =

C0
n+1 + C1

n+1

2
.
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Consequently, we can compute an empirical point estimator for the marginal accuracy by
replacing C̄B

test in Proposition 2 with the average of the central points of the Venn prediction
intervals,

C̄∗
test =

1

m

m∑
i=1

C0
i + C1

i

2
. (9)

Similarly, a point estimate for the component-conditional accuracy can be derived by re-
placing C̄B

test,z in Proposition 3 with

C̄∗
test,z =

1

mz

∑
i∈Dtest,z

C0
i + C1

i

2
. (10)

These point estimators lose the theoretical guarantees of the interval-valued estimators
above. However, the results of our experiments, presented in the next section, empirically
show that they can be used to provide reliable performance estimates.

4. Experiments

We conducted an experimental evaluation to demonstrate how the proposed method can be
employed to provide reliable accuracy estimates for a hybrid interpretable model. To this
end, we define two independent experiments. Experiment 1 focused on the marginal accu-
racy estimation task, whereas Experiment 2 was devoted to providing reliable component-
conditional accuracy estimates.

4.1. Experimental setting

To construct the hybrid interpretable models, we employed shallow decision trees as white-
box classifiers and XGBoost predictors as black-box classifiers. For XGBoost, we fixed the
default hyperparameter configuration. For the shallow decision trees, we fixed a maximum
depth to four in order to avoid over-complexity and ensure human comprehension. To train
the algorithms, we used scikit-learn (Pedregosa et al., 2011) and XGBoost Python libraries,
respectively. For this hybrid model configuration, we compared four different settings:

· Uncalibrated models (Uncal). Here, we employ off-the-shelf white-box and black-box
classifiers to build a hybrid model and compute the average confidence on the test set.

· Platt scaling method (Platt). The hybrid model (1) is calibrated with Platt scaling
using the CalibratedClassifierCV method from scikit-learn (Pedregosa et al., 2011).
Then, the resulting confidence scores on the test set are employed in an identical way
as for the uncalibrated models.

· Marginal Venn predictor (Marg. Venn). This time, the hybrid model (1) is cali-
brated using Venn prediction considering the taxonomy (4). Recall that this setting
is identical to inducing a standard Venn-Abers predictor with the calibration scores
produced by the hybrid model. To this end, we employed the venn-abers library (Pe-
tej, 2024). The point estimates are computed by taking the average confidence on the
test set, whereas the interval-valued estimates are computed by taking the average
lower and upper values of the prediction interval.

9
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· Conditional Venn Predictor (Cond. Venn). In this case, the hybrid model (1) is
calibrated using Venn prediction considering the taxonomy (5). That is, two different
Venn-Abers predictors are induced: one with the calibration samples delegated to
the white-box model and one with the calibration samples delegated to the black-
box model. As before, we employed the venn-abers library (Petej, 2024). The point
and interval-valued accuracy estimates are computed in an identical way as for the
marginal Venn predictor.

In our experiments, the testing protocol was a repeated stratified hold-out validation
with 100 independent runs of a 75/25% random split into training and test sets, respectively.
For calibration purposes, each training dataset was further partitioned into 67% proper
training samples and 33% calibration samples. To explore different points of the accuracy-
transparency trade-off, we sorted samples, both in the calibration set (when it was used)
and the test set, according to the confidence estimated with the white-box classifier. Then,
the subset of the most confident samples was delegated to the white-box model, considering
a range of transparency levels from 10% to 90%.

To evaluate each setting, we computed the average estimated accuracy and the average
observed accuracy on test sets across runs. Then, we evaluated the differences between both
metrics, yielding an estimation error. In Experiment 1, all test samples were considered,
whereas in Experiment 2, we independently computed the estimation error on each of the
internal components of the hybrid model.

In total, we employed six different binary classification datasets: adult, eeg, magic,
phoneme, phishing, and ailerons, available at the UCI (Kelly et al., 2025) and the OpenML
(Vanschoren et al., 2014) repositories. Table 1 presents a summary of the datasets.

Table 1: Description of datasets, including number of samples (n), number of features (p),
fraction of positive samples, and source.

Dataset n p Positive frac. Source

adult 48,842 14 0.239 UCI
eeg 14,980 14 0.449 OpenML
magic 19,020 11 0.352 UCI
phishing 11,055 30 0.557 UCI
phoneme 5,404 5 0.293 OpenML
ailerons 13,750 40 0.424 OpenML

4.2. Baseline evaluation

To establish a baseline for the construction of hybrid interpretable models, we initially
present the accuracy of both the shallow decision trees and the XGBoost classifiers in
Table 2 for each setting. As expected, the XGBoost classifiers outperformed the decision
trees in all settings, with accuracy improvements ranging from 2.7% (on adult) to 23%
(on eeg). On average, the uncalibrated classifiers yielded slightly better accuracy than the
Platt-scaled models and the Venn predictors, especially for the XGBoost.
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Table 2: Baseline accuracy.

Decision tree XGBoost

Dataset Uncal Platt Venn Uncal Platt Venn

adult .845 .845 .845 .872 .870 .870
eeg .695 .691 .691 .929 .921 .920

magic .817 .818 .818 .880 .878 .877
phishing .918 .918 .918 .970 .966 .966
phoneme .792 .791 .791 .894 .885 .884
ailerons .840 .839 .839 .883 .881 .881

Mean .818 .817 .817 .905 .900 .900
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Figure 1: Accuracy-transparency trade-off. The black squares represent the black-box
classifiers (XGBoost), the white squares represent the white-box classifiers (decision tree),
and the gray circles represent several hybrid interpretable models for varying transparencies.

We now show the average accuracy-transparency trade-off for the six datasets in Figure
1. Because the curves were similar for all settings, we only present the trade-off using the un-
calibrated hybrid models. The horizontal axis represents the transparency, and the vertical
axis represents the accuracy. Note that, as more samples were delegated to the white-box
classifiers, the accuracy of the resulting hybrid models decreased. This was the common
pattern in all cases, which aligns with the logic of hybrid interpretable models. Interest-
ingly, the trade-off curves were different depending on the dataset. For adult, phoneme,
phishing, and ailerons, about 50% of the samples could be delegated to the decision tree
without losing the performance of the XGBoost. In these datasets, our delegation rule was
able to identify easy-to-predict regions of the feature space, demonstrating the benefits of
the hybrid modeling framework. However, this was not the case for magic and eeg, where
the performance quickly degraded even for low transparency levels and the decision tree
was not able to detect samples that were easy to classify.
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4.3. Experiment 1: Marginal accuracy estimation

Next, we present the marginal accuracy estimation results for each of the considered settings.
Figures 2 and 3 depict both the realized and the estimated performance for each setting.
For the Venn approaches, the solid curves represent the central point estimates, whereas
the shaded regions represent the interval-valued accuracy estimates obtained by separately
averaging the lower and upper Venn confidence outputs.
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Figure 2: Marginal accuracy estimation results on adult, eeg, and magic. The shaded
regions represent the interval-valued estimates obtained by averaging the lower and upper
Venn confidence outputs.

Focusing on the estimation quality of the uncalibrated confidences, we observe that the
produced accuracy estimates overestimated the observed accuracy on average. Interestingly,
the quality of the estimates increased for higher transparency levels. That is, as the hybrid
models were more similar to the decision trees, they produced more reliable probabilities.
This was the case, for example, of the ailerons dataset. Here, the estimation error delegating
all the samples to the XGBoost was about 3.5%, gradually decreasing to less than 1%
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Figure 3: Marginal accuracy estimation results on phishing, phoneme, and ailerons. Other
details are as in Figure 2.

when employing the decision tree. The estimates produced using Platt scaling partially
solved this problem, but they still yielded unreliable performance estimates in some cases.
On the adult dataset, this approach deteriorated the original estimation quality of the
uncalibrated models, yielding an overestimation error of 1.5%. Conversely, the accuracy
estimates reported with the proposed Venn approaches were consistently more reliable,
emerging as the best-performing alternatives. Both Venn approaches yielded similar point
estimates for the marginal accuracy, regardless of the chosen taxonomy. In line with the
theoretical guarantees, the average accuracy was consistently covered by the corresponding
Venn interval across the complete transparency range. Interestingly, the size of the intervals
decreased as more samples were delegated to the decision tree.

Table 3 reports the signed and absolute estimation errors averaged across datasets for
each transparency level. Consistent with the figures above, uncalibrated models and Platt
scaling produced unreliable estimates, with average errors of 1.5% and 0.5%, respectively.
These methods systematically overestimated the performance across all transparency levels.
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In contrast, marginal and conditional Venn predictors generated accuracy estimates that
deviated from the observed accuracies by only 0.1% across all transparency levels. This
indicates a clear advantage over competitors, with estimates that are effectively near-perfect.
Additional point estimation results for some particular transparency levels can be found in
Tables A1-A4. The corresponding interval-valued Venn estimates are presented in Tables
A5-A8, showing that the average accuracy lay within the corresponding interval in every
case.

Table 3: Signed and absolute marginal estimation errors averaged across datasets, by trans-
parency level.

Uncal Platt Marg. Venn Cond. Venn

Transp. Sig. Abs. Sig. Abs. Sig. Abs. Sig. Abs.

10% .012 .019 .004 .005 -.001 .001 -.001 .001
20% .012 .018 .004 .005 -.001 .001 -.001 .001
30% .012 .017 .004 .005 .000 .001 -.001 .001
40% .012 .016 .003 .005 .000 .001 -.001 .001
50% .012 .015 .003 .005 .000 .001 -.001 .001
60% .012 .014 .003 .005 .000 .001 -.001 .001
70% .012 .013 .003 .005 .000 .001 -.001 .001
80% .011 .012 .003 .005 .000 .001 -.001 .001
90% .009 .009 .003 .005 .000 .001 .000 .001

Mean .012 .015 .003 .005 .000 .001 -.001 .001

4.4. Experiment 2: Component-conditional accuracy estimation

We now turn to the component-conditional accuracy estimation results. In this case, we
independently evaluated the performance estimates of the white-box component and the
black-box component of the hybrid interpretable model. Figures 4 and 5 illustrate both the
realized and the estimated performance using each approach. Again, uncalibrated and Platt-
scaled confidences failed to provide a reliable component-conditional accuracy estimation.
In the case of the uncalibrated models, most of the estimation errors are observed on
the samples assessed with the XGBoost. For the Platt scaling method, we see a similar
pattern across datasets: as the transparency increased, the estimation error on the samples
assessed with the XGBoost increased as well. Conversely, the estimation quality on the
samples delegated to the decision tree improved for the highest transparency level. With
this approach, we observe that providing a reliable marginal accuracy estimate does not
protect us against uneven estimation quality on any of the components of the hybrid model.
Focusing on the eeg dataset, we found that the Platt-scaled confidences provided near-
perfect marginal estimates but performed substantially worse when restricted to individual
internal classifiers of the hybrid model, with estimation errors of up to 5%.

The differences between the observed and the estimated component-conditional accuracy
using the marginal Venn predictors were substantially reduced for all datasets. However,
the produced intervals failed to contain the conditional accuracies in many settings. This
behavior is expected because the marginal Venn predictor is calibrated for the hybrid model
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Figure 4: Component-conditional accuracy estimation results on adult, eeg, and magic.
Other details are as in Figure 2.

as a whole and therefore provides no component-conditional calibration guarantees. By con-
trast, the interval-valued estimates of the conditional Venn predictors consistently covered
the accuracy of each component in all cases. This approach provided precise accuracy es-
timates for all the considered transparency levels and outperformed competitors on every
dataset.

Table 4 presents the component-conditional estimation errors averaged across all datasets.
Focusing on the white-box component evaluation, we see that uncalibrated models and the
marginal Venn approach performed relatively well for all the considered transparency levels.
On average, these approaches yielded 0.7% and 0.5% estimation errors, respectively. Con-
versely, Platt scaling failed to provide reliable accuracy estimates for the samples assessed
with the interpretable part of the hybrid model, producing a mean absolute error of 2.3%.
The conditional Venn approach emerged as the best approach, clearly outperforming the
competitors regardless of the transparency and delivering precise accuracy estimates.
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Figure 5: Component-conditional accuracy estimation results on phishing, phoneme, and
ailerons. Other details are as in Figure 2.

Regarding the results on the black-box component of the hybrid model, uncalibrated and
Platt-scaled classifiers produced very unreliable estimates, yielding a 2.9% estimation error
on average. Marginal Venn also failed to estimate the accuracy of the samples delegated to
the black-box component, especially for the higher transparency levels. For 70%, 80% and
90% transparency levels, this approach delivered 1.3%, 1.6%, and 2.2% estimation errors,
respectively. Finally, the accuracy estimates produced with the conditional Venn predictors
emerged again as the best ones. This method had a mean absolute estimation error of
only 0.2% on average, without showing any systematic tendency to overestimate or under-
estimate the observed accuracy. It should be noted, however, that the conditional Venn
estimates were slightly less accurate at the 90% transparency level. This deterioration can
be attributed to the small number of calibration samples delegated to the black-box compo-
nent, which also resulted in wider interval-valued estimates than at the other transparency
levels. Additional component-conditional results for some particular transparency levels can
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be found in Tables A9-A12, whereas the corresponding interval-valued Venn estimates are
shown in Tables A13-A16. From these results, we observe that the Venn intervals for the
white-box component were substantially narrower than those for the black-box component.
The marginal Venn intervals often failed to cover the corresponding component-conditional
accuracies. By contrast, the conditional interval-valued estimates empirically covered the
true accuracy of each component in all cases.

Table 4: Signed and absolute component-conditional estimation errors averaged across
datasets, by transparency level. Left block: white-box component; right block: black-
box component.

White-box component Black-box component

Uncal Platt Marg. Venn Cond. Venn Uncal Platt Marg. Venn Cond. Venn

Transp. Sig. Abs. Sig. Abs. Sig. Abs. Sig. Abs. Sig. Abs. Sig. Abs. Sig. Abs. Sig. Abs.

10% .009 .009 -.014 .033 .001 .008 -.002 .002 .012 .020 .006 .007 -.001 .001 -.001 .001
20% .007 .007 -.013 .033 -.002 .007 -.002 .002 .013 .022 .008 .011 .000 .002 -.001 .001
30% .007 .007 -.013 .032 -.001 .006 -.001 .001 .015 .024 .011 .017 .000 .002 -.001 .001
40% .006 .006 -.013 .030 -.002 .005 -.001 .001 .016 .026 .015 .023 .001 .004 -.001 .001
50% .007 .007 -.012 .027 -.003 .005 -.002 .002 .018 .029 .018 .029 .002 .006 .000 .002
60% .007 .007 -.009 .022 -.003 .005 -.002 .002 .020 .031 .021 .034 .005 .009 .001 .002
70% .008 .008 -.006 .017 -.003 .005 -.001 .001 .022 .033 .023 .040 .007 .013 .001 .002
80% .008 .008 -.003 .010 -.003 .004 -.001 .001 .024 .036 .025 .045 .010 .016 .000 .003
90% .008 .008 .001 .006 -.002 .002 -.001 .001 .024 .038 .026 .051 .011 .022 .002 .007

Mean .007 .007 -.009 .023 -.002 .005 -.001 .001 .018 .029 .017 .029 .004 .008 .000 .002

5. Conclusions

Hybrid interpretable models combine interpretable and black-box predictors to balance
transparency and predictive performance. In this work, we have introduced a methodology
for estimating the accuracy-transparency trade-off for hybrid interpretable models at infer-
ence time. The proposed methodology derives reliable accuracy estimators from the output
of Venn predictors. More specifically, we introduced estimators for two complementary
metrics: the marginal accuracy of the hybrid model, viewed as a single predictor, and the
component-conditional accuracy, which evaluates the white-box and black-box components
separately on the samples delegated to each of them.

Through an experimental study on six binary classification datasets, we have shown
that the proposed estimators outperform estimators based on uncalibrated and Platt-scaled
probabilities. Notably, the performance estimates using the conditional Venn predictors,
where the internal component is integrated into the taxonomy definition, were the most
precise for the component-conditional accuracy.

Future work should include extensive experiments using more datasets and different
machine learning algorithms for assembling the hybrid models. Additionally, it would be
interesting to explore how this approach could be extended to performance metrics other
than accuracy and to other learning tasks, including regression, classification with a reject
option, and fair learning.
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Acknowledgments
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Appendix A. Additional results

A.1. Marginal accuracy: point estimates

Uncal. Platt Marg. Venn Cond. Venn

Dataset Acc. Est. Acc. Est. Acc. Est. Acc. Est.

adult .871 .880 .869 .881 .869 .869 .869 .869
eeg .891 .877 .885 .890 .885 .885 .885 .884
magic .876 .897 .874 .878 .874 .872 .874 .872
phishing .969 .969 .966 .963 .966 .964 .965 .964
phoneme .892 .918 .883 .881 .882 .881 .882 .881
ailerons .883 .916 .881 .888 .880 .881 .880 .880

Table A1: Marginal accuracy estimation results: 30% transparency.

Uncal. Platt Marg. Venn Cond. Venn

Dataset Acc. Est. Acc. Est. Acc. Est. Acc. Est.

adult .870 .879 .869 .879 .868 .869 .868 .869
eeg .847 .839 .844 .850 .843 .843 .843 .842
magic .871 .891 .870 .872 .869 .869 .869 .868
phishing .968 .968 .965 .962 .965 .963 .965 .963
phoneme .885 .910 .877 .874 .877 .876 .877 .874
ailerons .882 .911 .880 .885 .879 .880 .879 .879

Table A2: Marginal accuracy estimation results for 50% transparency.

Uncal. Platt Marg. Venn Cond. Venn

Dataset Acc. Est. Acc. Est. Acc. Est. Acc. Est.

adult .864 .870 .863 .874 .863 .863 .863 .863
eeg .793 .793 .790 .798 .790 .789 .789 .788
magic .859 .875 .858 .860 .857 .858 .857 .857
phishing .965 .964 .962 .959 .962 .960 .962 .960
phoneme .861 .888 .857 .853 .856 .855 .855 .854
ailerons .877 .902 .875 .879 .874 .875 .874 .874

Table A3: Marginal accuracy estimation results for 70% transparency.
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Uncal. Platt Marg. Venn Cond. Venn

Dataset Acc. Est. Acc. Est. Acc. Est. Acc. Est.

adult .852 .855 .852 .865 .852 .853 .852 .852
eeg .730 .736 .727 .731 .727 .726 .726 .726
magic .836 .848 .836 .839 .836 .836 .836 .836
phishing .947 .946 .945 .944 .945 .944 .945 .943
phoneme .818 .837 .816 .814 .816 .816 .815 .816
ailerons .861 .877 .859 .863 .859 .859 .858 .858

Table A4: Marginal accuracy estimation results for 90% transparency.

A.2. Marginal accuracy: interval-valued Venn estimates

Marg. Venn Cond. Venn

Dataset Acc. Lower Upper Size Acc. Lower Upper Size

adult .869 .866 .872 .006 .869 .866 .872 .006
eeg .885 .879 .891 .012 .885 .878 .891 .013
magic .874 .868 .877 .009 .874 .867 .877 .010
phishing .966 .958 .970 .012 .966 .957 .970 .013
phoneme .882 .871 .892 .021 .882 .869 .893 .024
ailerons .880 .875 .887 .012 .880 .873 .887 .014

Table A5: Interval-valued marginal accuracy estimates for 30% transparency.

Marg. Venn Cond. Venn

Dataset Acc. Lower Upper Size Acc. Lower Upper Size

adult .868 .866 .871 .005 .868 .866 .871 .005
eeg .843 .837 .848 .011 .843 .835 .848 .013
magic .869 .865 .873 .008 .869 .863 .873 .010
phishing .965 .958 .969 .011 .965 .957 .969 .012
phoneme .877 .866 .885 .019 .877 .863 .886 .023
ailerons .879 .875 .885 .010 .879 .873 .886 .013

Table A6: Interval-valued marginal accuracy estimates for 50% transparency.
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Marg. Venn Cond. Venn

Dataset Acc. Lower Upper Size Acc. Lower Upper Size

adult .863 .861 .865 .004 .863 .860 .865 .005
eeg .789 .784 .793 .009 .789 .782 .794 .012
magic .857 .854 .861 .007 .857 .852 .861 .009
phishing .962 .955 .966 .011 .962 .954 .966 .012
phoneme .856 .847 .864 .017 .855 .842 .865 .023
ailerons .874 .871 .880 .009 .874 .868 .880 .012

Table A7: Interval-valued marginal accuracy estimates for 70% transparency.

Marg. Venn Cond. Venn

Dataset Acc. Lower Upper Size Acc. Lower Upper Size

adult .852 .851 .854 .003 .852 .851 .854 .003
eeg .727 .722 .730 .008 .726 .721 .730 .009
magic .836 .833 .839 .006 .836 .832 .839 .007
phishing .945 .939 .948 .009 .945 .937 .948 .011
phoneme .816 .809 .822 .013 .815 .806 .825 .019
ailerons .859 .855 .863 .007 .858 .853 .864 .011

Table A8: Interval-valued marginal accuracy estimates for 90% transparency.

A.3. Component-conditional accuracy: point estimates

White-box Black-box

Uncal. Platt Marg. Venn Cond. Venn Uncal. Platt Marg. Venn Cond. Venn

Dataset Acc. Est. Acc. Est. Acc. Est. Acc. Est. Acc. Est. Acc. Est. Acc. Est. Acc. Est.

adult .970 .972 .970 .946 .970 .969 .970 .969 .828 .840 .826 .853 .825 .826 .825 .826
eeg .819 .835 .823 .878 .823 .836 .823 .822 .922 .895 .912 .895 .911 .906 .911 .911
magic .929 .938 .929 .910 .929 .922 .929 .927 .853 .880 .851 .864 .850 .851 .850 .848
phishing .999 .999 .999 .980 .999 .998 .998 .996 .957 .956 .952 .956 .952 .950 .952 .949
phoneme .974 .983 .970 .934 .970 .967 .970 .970 .857 .890 .846 .859 .845 .845 .845 .842
ailerons .968 .972 .966 .928 .966 .956 .965 .963 .847 .892 .845 .871 .844 .849 .844 .845

Table A9: Component-conditional accuracy estimation results for 30% transparency.

White-box Black-box

Uncal. Platt Marg. Venn Cond. Venn Uncal. Platt Marg. Venn Cond. Venn

Dataset Acc. Est. Acc. Est. Acc. Est. Acc. Est. Acc. Est. Acc. Est. Acc. Est. Acc. Est.

adult .968 .969 .967 .944 .967 .966 .967 .967 .772 .788 .770 .814 .769 .771 .769 .770
eeg .774 .787 .779 .823 .779 .787 .779 .776 .920 .891 .908 .877 .907 .898 .907 .907
magic .919 .927 .918 .900 .918 .914 .918 .917 .824 .854 .821 .843 .820 .824 .820 .819
phishing .993 .994 .994 .978 .994 .993 .994 .993 .943 .941 .936 .946 .936 .934 .936 .933
phoneme .945 .956 .943 .916 .943 .936 .942 .939 .825 .864 .813 .832 .811 .815 .811 .810
ailerons .951 .956 .951 .918 .951 .938 .951 .947 .813 .867 .810 .853 .808 .822 .808 .811

Table A10: Component-conditional accuracy estimation results for 50% transparency.
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White-box Black-box

Uncal. Platt Marg. Venn Cond. Venn Uncal. Platt Marg. Venn Cond. Venn

Dataset Acc. Est. Acc. Est. Acc. Est. Acc. Est. Acc. Est. Acc. Est. Acc. Est. Acc. Est.

adult .924 .925 .923 .915 .923 .921 .923 .923 .723 .742 .722 .778 .721 .728 .721 .724
eeg .738 .750 .739 .772 .739 .743 .739 .738 .923 .893 .909 .859 .908 .894 .908 .906
magic .883 .891 .883 .875 .883 .879 .883 .882 .803 .837 .799 .827 .798 .809 .798 .799
phishing .985 .986 .985 .972 .985 .984 .985 .984 .916 .913 .906 .927 .907 .905 .907 .903
phoneme .889 .906 .888 .871 .888 .882 .887 .885 .796 .846 .786 .812 .783 .794 .782 .782
ailerons .919 .926 .919 .898 .919 .907 .919 .916 .780 .844 .774 .833 .771 .801 .771 .776

Table A11: Component-conditional accuracy estimation results for 70% transparency.

White-box Black-box

Uncal. Platt Marg. Venn Cond. Venn Uncal. Platt Marg. Venn Cond. Venn

Dataset Acc. Est. Acc. Est. Acc. Est. Acc. Est. Acc. Est. Acc. Est. Acc. Est. Acc. Est.

adult .867 .868 .868 .874 .868 .867 .868 .868 .713 .736 .709 .783 .707 .722 .707 .715
eeg .708 .719 .706 .719 .706 .708 .706 .706 .923 .893 .913 .839 .913 .885 .911 .901
magic .843 .851 .843 .843 .843 .841 .843 .843 .775 .815 .771 .809 .770 .789 .768 .767
phishing .952 .952 .951 .948 .951 .950 .951 .949 .907 .895 .893 .908 .892 .887 .891 .886
phoneme .821 .837 .822 .814 .820 .819 .820 .820 .789 .838 .780 .810 .779 .788 .769 .772
ailerons .873 .882 .871 .867 .871 .865 .871 .869 .756 .830 .751 .825 .748 .803 .746 .759

Table A12: Component-conditional accuracy estimation results for 90% transparency.

A.4. Component-conditional accuracy: interval-valued Venn estimates

Marg. Venn Cond. Venn

White-box Black-box White-box Black-box

Dataset Acc. Lower Upper Size Acc. Lower Upper Size Acc. Lower Upper Size Acc. Lower Upper Size

adult .970 .968 .969 .001 .825 .823 .830 .007 .970 .968 .970 .002 .825 .822 .830 .008
eeg .823 .835 .838 .003 .911 .899 .914 .015 .823 .818 .826 .008 .911 .903 .919 .016
magic .929 .921 .923 .002 .850 .845 .858 .013 .929 .925 .929 .004 .850 .841 .856 .015
phishing .999 .997 .999 .002 .952 .941 .958 .017 .999 .994 .999 .005 .952 .941 .958 .017
phoneme .970 .965 .968 .003 .845 .830 .860 .030 .970 .967 .972 .005 .845 .826 .858 .032
ailerons .966 .955 .957 .002 .844 .840 .857 .017 .964 .962 .964 .002 .844 .836 .854 .018

Table A13: Interval-valued component-conditional accuracy estimates for 30% transparency.
Accuracies not covered by the corresponding Venn interval are underlined.

23
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Marg. Venn Cond. Venn

White-box Black-box White-box Black-box

Dataset Acc. Lower Upper Size Acc. Lower Upper Size Acc. Lower Upper Size Acc. Lower Upper Size

adult .967 .966 .966 .000 .769 .767 .776 .009 .967 .966 .967 .001 .769 .766 .775 .009
eeg .779 .785 .789 .003 .907 .889 .907 .018 .779 .773 .779 .006 .907 .897 .918 .021
magic .918 .913 .915 .003 .820 .816 .831 .015 .918 .915 .919 .004 .820 .811 .827 .016
phishing .994 .992 .994 .002 .936 .923 .944 .021 .994 .991 .994 .002 .936 .922 .944 .022
phoneme .943 .934 .939 .005 .811 .798 .832 .034 .942 .935 .942 .007 .811 .790 .829 .039
ailerons .951 .937 .940 .003 .808 .812 .831 .019 .949 .946 .949 .003 .808 .800 .822 .022

Table A14: Interval-valued component-conditional accuracy estimates for 50% transparency.
Accuracies not covered by the corresponding Venn interval are underlined.

Marg. Venn Cond. Venn

White-box Black-box White-box Black-box

Dataset Acc. Lower Upper Size Acc. Lower Upper Size Acc. Lower Upper Size Acc. Lower Upper Size

adult .923 .921 .922 .001 .721 .722 .734 .011 .923 .922 .923 .001 .721 .717 .730 .013
eeg .739 .742 .745 .003 .908 .882 .906 .024 .739 .735 .740 .005 .908 .892 .920 .028
magic .883 .877 .880 .003 .798 .800 .818 .018 .883 .880 .883 .003 .798 .787 .811 .024
phishing .985 .983 .985 .002 .907 .890 .920 .030 .985 .982 .986 .004 .907 .887 .920 .033
phoneme .888 .878 .885 .007 .783 .774 .814 .040 .887 .880 .889 .009 .782 .755 .809 .054
ailerons .919 .906 .909 .003 .771 .789 .812 .023 .919 .914 .919 .005 .771 .761 .791 .030

Table A15: Interval-valued component-conditional accuracy estimates for 70% transparency.
Accuracies not covered by the corresponding Venn interval are underlined.

Marg. Venn Cond. Venn

White-box Black-box White-box Black-box

Dataset Acc. Lower Upper Size Acc. Lower Upper Size Acc. Lower Upper Size Acc. Lower Upper Size

adult .868 .867 .868 .001 .707 .713 .732 .019 .868 .867 .868 .001 .707 .702 .727 .025
eeg .706 .706 .710 .004 .913 .864 .905 .041 .706 .704 .708 .004 .911 .873 .930 .057
magic .843 .840 .843 .003 .770 .773 .804 .031 .843 .842 .845 .003 .768 .743 .791 .048
phishing .951 .948 .952 .004 .891 .862 .912 .050 .951 .947 .951 .004 .891 .852 .920 .068
phoneme .820 .815 .823 .008 .779 .758 .818 .060 .820 .816 .825 .009 .770 .719 .824 .105
ailerons .871 .863 .867 .004 .748 .786 .820 .034 .871 .867 .872 .005 .746 .730 .789 .059

Table A16: Interval-valued component-conditional accuracy estimates for 90% transparency.
Accuracies not covered by the corresponding Venn interval are underlined.
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