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Abstract

Accurately classifying chemical structures is a central task in cheminformatics.
Different approaches to classification exist, but they all come with drawbacks.
Manual classification is time-intensive and hard to scale for large databases. Rule-
based methods only work for some classes and require a high level of maintenance,
while deep learning models lack reliability and explainability. In this work, we
present Chebifier 2, an ensemble learning framework that combines deep learn-
ing and symbolic approaches to classify chemicals into the Chemical Entities of
Biological Interest (ChEBI) ontology, covering a total of 2,234 classes.

The framework consists of two stages: an aggregation stage, in which base learner
predictions are combined per class, and an inconsistency resolution stage, in
which predictions are aligned with the axiomatisation of ChEBI. For the aggre-
gation stage, this work evaluates five methods: Majority Voting, two Weighted
Majority Voting schemes, and the meta-learning methods Learning To Rank
and Dynamic Ensemble Selection. For the inconsistency resolution stage, three
methods are evaluated: Hierarchy and Exclusion graphs, Iterative Local Refine-
ment and a novel 3-step inconsistency resolution algorithm. The results show
that ensemble learning can beat the best non-ensemble method by 5.9 percent-
age points in the macro F1 score. Particularly on small and chemically difficult
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classes, the ensemble outperforms the baseline by a substantial margin (> 10
percentage points on classes with fewer than 30 members).

Scientific Contribution

This work introduces Chebifier 2, an ensemble framework for the classifica-
tion of chemical structures in the ChEBI ontology. It covers a larger part of
ChEBI than previous approaches and outperforms existing methods, especially
on small classes. Besides adapting existing aggregation and inconsistency resolu-
tion methods to ChEBI, this work also proposes a novel 3-step resolution method
specialised in disjointness and subsumption relations.

Keywords: ChEBI, multi-label classification, hierarchical multi-label classification,
ensemble learning, heterogeneous ensemble

1 Introduction

Over the past decades, the amount of knowledge available in the life sciences has grown
exponentially. Making use of this knowledge requires organisation and the connection
of new findings to existing knowledge. For example, the Chemical Entities of Biological
Interest (ChEBI) ontology [1, 2] provides a manually curated classification hierarchy
for chemicals with 238,130 entries (as of August 2026). While manual curation allows
ChEBI to enforce a high level of quality, it cannot keep up with other chemistry
databases such as PubChem [3], which contains 124 million compounds (as of August
2026) and grows by around 200,000 entries every month.

Therefore, there is an urgent need for an automated extension of ChEBI, i.e., the
automatic annotation of new molecules with classes from the ChEBI ontology (cf.
Figure 1). So far, different methods have been proposed for this task. Rule-based meth-
ods [4-9] are successful when applied to specific classes. Since the rules are developed
by chemical experts, they can achieve a level of accuracy similar to that of human
curators and even reduce errors. ClassyFire [4] in particular has become a tool that is
used to assist ChEBI development. However, creating rules still requires a significant
amount of human labour — in most cases, it is not possible to trivially extend a rule-
based approach to new classes. In addition, not all classes in ChEBI are defined by
structural features that can easily be captured with rules that are based on pattern
matching against the chemical structure or easily computable chemical properties.

An extension of this approach has been suggested in [10], using a large language
model to generate Python programs that classify chemicals. This approach shares some
of the advantages of the manually crafted rules: the classification process is transpar-
ent and can provide natural-language explanations for each classification. However,
without human oversight, the programs cannot make the same claims regarding
correctness.

An alternative approach is provided by machine learning [11-13], which does not
require hand-crafted rules, but instead learns directly from data. One advantage of
machine learning methods is that existing models may be retrained on new classes
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Fig. 1: Example of the ChEBI classification task for a molecule that is not yet part of
the ontology: 2,3,6-Triiodobenzaldehyde. The goal is to assign ChEBI classes to novel
molecules in a manner consistent with the ontology’s structure. This work proposes to
replace the question mark not with a single method, but with an ensemble of methods
and an inconsistency resolution mechanism. The right-hand side shows the ChEBI
classes which Chebifier 2 would assign to 2,3,6- Triiodobenzaldehyde.

with minimal additional effort. However, the data dependency of machine learning
approaches can also be a downside. Deep learning models in particular fail to learn
complex chemical classes if insufficient training data is available. Another disadvantage
is that they lack interpretability: deep learning models are inherently black boxes.
While efforts towards a more human-understandable classification have been made [13,
14], this remains an open research topic.

This work proposes to combine the different classification methods with a hetero-
geneous ensemble. The ensemble has to address several challenges that are particular
to the ChEBI extension task and the integrated methods: Firstly, the models cover
different (but often overlapping) parts of ChEBI which the ensemble needs to inte-
grate into a single prediction. Secondly, the ensemble needs to adhere to the ChEBI
axiomatisation. The classes in the ontology are connected via subsumption and dis-
jointness relations that must be respected. For example, if the ensemble classifies a
molecule as both organic and inorganic, the prediction will be unusable. Based on
these requirements, we have developed Chebifier 2, an ensemble framework that sep-
arates the prediction into two stages: the ensemble aggregation stage assigns weights
and normalises the predictions for each class, compensating for missing predictions
if necessary. The inconsistency resolution stage algorithmically fixes inconsistencies
between ChEBI classes.!

For both stages, this work evaluates different methodologies: in ensemble aggrega-
tion, majority voting and meta-learning methods are used. Inconsistency resolution is

LA preliminary version of this architecture has been published in [15].
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conducted with Hierarchy and Exclusion (HEX) graphs [16], Iterative Local Refine-
ment [17] and a novel 3-step algorithm that exploits the structure of ChEBI. Chebifier
2 is available as a Python library [18] and via a web interface [19].

In the following sections we will discuss related work (Section 2), introduce
the ensemble framework and the individual aggregation and resolution methods
(Section 3), the application to ChEBI and the base learners (Section 4), the evaluation
(Section 5) and finally, a conclusion (Section 6).

2 Related Work

In this work, we develop an ensemble architecture for a hierarchical multi-label classi-
fication problem. Two central aspects of this task are the aggregation mechanism, i.e.,
“What is the optimal way to aggregate base learner predictions into a single ensemble
prediction?”, and inconsistency resolution, i.e., “How do I make sure that the ensemble
prediction is consistent with label constraints?”.

2.1 Ensemble Aggregation

Moyano et al. [20] have divided ensemble aggregation techniques for multi-label prob-
lems into four categories: Binary Relevance combines a set of binary classifiers, one for
each label, into a multi-label prediction. Methods such as Classifier Chains [21], Hier-
archy of Multi-label Classifiers [22] and AdaBoost.MH [23] are built on this idea. Due
to the depth of the label hierarchy in ChEBI, this family of methods is not applicable
to our use case. Preliminary experiments have shown that errors compound for labels
further down in the hierarchy, making the Classifier Chain unreliable. Furthermore,
the deep learning (DL) models in particular depend on synergistic effects between
branches of ChEBI and have proven less effective when pointed to single classes or
small subhierarchies of ChEBI.

The second category consists of ensembles based on Label Powerset. Here, the idea
is to generate a single-label dataset by treating subsets of the original labels as new
labels. Again, this approach does not fit the ChEBI classification task structurally.
Given more than 2,000 labels, forming their powerset is not practical, even when
discarding a range of combinations based on hierarchy and disjointness constraints.
Thirdly, Random Forest of Predictive Clustering Trees [24] is an ensemble that uses
Predictive Clustering Trees [25], a variant of decision trees that tries to minimise
variation within clusters, as base learners. Decision trees have been applied to ChEBI
in previous work [11], but have not been able to match the performance of neural
network-based approaches. Moreover, instead of an ensemble technique specialised
in one machine learning architecture, we believe that the combination of different
methods is crucial for our task.

This leads to the final category proposed by [20], which consists of ensembles
that directly combine multi-label base learners. While the other categories use binary
or multi-class models that are combined into a multi-label ensemble, here, the base
learners themselves are multi-label models. This has several advantages: it allows any
model architecture to be used as a base learner, paving the way for heterogeneous
ensembles and, in our case, models that are not learned at all. Also, it is easier to



capture inter-label dependencies, which are a common problem for Binary Relevance.
Here, the task of capturing dependencies is delegated to the base learners. Tahir et
al. [26] have shown that this type of ensemble is well-suited for imbalanced datasets and
correlated classes. This is particularly useful in hierarchical multi-label classification.
There are two ways to aggregate base learners in this setting: either via weighted
majority voting or via a learned meta-model.

2.1.1 Weighted Majority Voting

The simplest form of voting is majority voting (MV), where the classification is based
on a majority decision of the base learners. However, especially in heterogeneous
ensemble settings, it is reasonable to assume that not all classifiers are equally strong
or equally reliable across the target space. To address this issue, several approaches
have proposed some form of Weighted Majority Voting (WMYV).

Dogan and Birant [27] describe a Weighted Majority Voting Ensemble (WMVE)
in which weights are calculated by a reward mechanism. For each correctly classi-
fied instance on the validation set, a model’s weight is increased by a given amount.
This amount depends on how many classifiers have classified this instance correctly
(the reward is highest if no other classifier made a correct prediction). In the evalua-
tion, it has been shown that a combination of different machine learning algorithms
outperforms individual algorithms for most evaluation datasets. A limitation of this
approach is that it has been designed for multi-class problems and only assigns one
weight per model. This does not address the fact that model performance can vary
heavily depending on the target label. Accounting for this would require an adapta-
tion of WMVE. In addition, the reward mechanism depends on the validation set size
and cannot give rewards to one model independently of other models.

Sterniczuk and Charytanowicz [28] have developed an ensemble of convolutional
neural networks (CNNs) for the classification of brain tumours. As an aggregation
strategy, they use F1l-weighted MV. The F1 scores are calculated per model and label
and are multiplied by the model predictions. In their evaluation, their F1-weighted
majority voting is shown to outperform, among others, MV and WMVE.

The WMV strategy applied in this work is an extension of the voting mechanism
proposed in [28]. We adapt the F1l-based voting to a multi-label task and add tunable
hyperparameters that allow the weights to be calibrated for a given task.

2.1.2 Learned Meta-models

Dinca et al. [29] have developed an ensemble for a multi-class classification problem
consisting of different vision transformer architectures. They use the logits output by
the base learners (not applying a softmax) and weight them by the validation F1 score
for each model and class. Finally, they use the weighted logits as input for a logistic
regression model.

You et al. [30] propose GOLabeler, an ensemble of heterogeneous classifiers for
predicting Gene Ontology classes. The Gene Ontology [31, 32] is an ontology for anno-
tation of gene products (e.g., proteins). They adapt the learning to rank (LTR) [33]
paradigm, which is also the subject of this work. While LTR was originally developed
for ranking web pages, they turn it into a multi-label ensemble method by replacing



queries with protein sequences and documents with Gene Ontology classes. A sim-
ilar application of LTR is DrugE-Rank [34], where six similarity-based methods for
identifying drug-target interactions are combined into an ensemble.

Another family of ensemble aggregation techniques is dynamic ensemble selection
(DES) [35, 36]. In DES, the most suitable base learner is selected not based on global
performance, but on performance on similar samples. For this, the distance to the
query sample is measured on a reference sample set, and the performance of each
base learner on the closest neighbours is used to estimate its performance on the
query sample. META-DES [37] uses a meta-learner to predict the competence of each
base learner based on the learners’ predictions for the query sample as well as their
historic performance for neighbouring samples. In [38], the authors hybridise a purely
weighting-based and a purely selection-based META-DES approach, creating META-
DES.H. In this procedure, a subset of base learners is first selected based on their
competence value (assigned by the meta-learner) and a tuned threshold. Then, a WMV
is performed with the remaining models, using the competence values as weights.
In the evaluation, it is shown that META-DES.H performs better than either the
selective or the weighting approach on 30 binary and multi-class classification datasets.
They also identify Naive Bayes as the superior meta-classifier compared to multilayer
perceptrons, support vector machines and random forests.

In this work, we adapt both LTR and META-DES.H to the ChEBI classification
task. They are suitable candidates since they both allow for a fine-grained weighting of
predictions. While the adaptation of LTR is straightforward (replacing proteins with
molecules and the Gene Ontology with ChEBI), for META-DES.H, we have extended
the approach with a distance metric suitable for molecule data (Tanimoto fingerprint
similarity). In addition, we have replaced the binarisation of base learner predictions at
a fixed threshold (0.5) with a tuned binarisation . Furthermore, since the task discussed
in this work is a multi-label problem, we replaced the single competence values per base
learner with a label-wise vector. This allows base learners to be weighted differently
for different parts of the label hierarchy (similar to WMV).

2.2 Inconsistency Resolution

Most methods for post-hoc inconsistency resolution focus exclusively on subsumption
violations, i.e., predictions where a superclass is not predicted while a subclass is
predicted [39—42]. For this work, we are interested in frameworks that can also model
disjointness violations, i.e., cases where two positive predictions are not compatible
with each other.

Hierarchy and exclusion (HEX) graphs [16], a method based on conditional random
fields, are able to identify those violations by interpreting predictions for individual
labels as probabilities in order to calculate the most probable combination of pre-
dictions that is compatible with the subsumption and disjointness constraints. The
authors apply this methodology to ImageNet [43], interpreting all non-overlapping
label pairs as exclusion pairs for which they enforce disjointness.

Iterative Local Refinement (ILR) [17] is a fuzzy logic-based approach that aims to
align neural network predictions with arbitrary logical formulas. Given a fuzzy t-norm,
they use differentiable refinement functions to correct inconsistent predictions with



minimal changes. They give analytical results for three t-norms (Godel, Lukasiewicz,
Product), demonstrating that each t-norm leads to a different refinement behaviour
given the same logical formulas.

In this work, we apply both HEX graphs and ILR. One challenge in adapting
these methods is the input format: Both methods have been developed for single
model predictions that are normalised in the range [0, 1]. However, one of the ensemble
aggregation methods in this work (LTR) does not produce normalised predictions.
For this reason, a normalisation step has been added in which a parametrised sigmoid
function is fine-tuned. Furthermore, the HEX graph algorithm depends on predictions
being centred around a 0.5 threshold. Since the ensemble methods each tune their own
thresholds, this work adds a normalisation step that rescales the ensemble predictions.

For HEX graphs, further adaptations are necessary. Due to the different structure
of ChEBI compared to ImageNet, we cannot assume that all classes that do not overlap
in the dataset are necessarily disjoint. Instead, this work relies on a set of manually
curated, explicit disjointness constraints. As a consequence, the number of legal label
combinations becomes intractable. This is alleviated by approximating the original
HEX graph resolution with a bounded inference algorithm.

In addition to adapting existing inconsistency resolution methods, this work pro-
poses a 3-step resolution algorithm that is specialised for inconsistency resolution with
disjointness and subsumption axioms.

3 Methodology

The architecture of our proposed ensemble model is shown in Figure 2. Roughly, the
architecture can be divided into two stages. Stage 0 (shown in yellow) covers the base
learners that work directly on the input data. Stage 1 (shown in green) is a meta-
model that takes the outputs of base learners as input and turns them into the final
prediction. For each input sample x, each base learner m yields

p™(z) € ([0, 1] & {None})“ (1)

where C' is the set of labels covered by the ensemble. For a set X, X¢ denotes the
function space of all functions C' — X. Given a label ¢, we write p*(x) for p™(z)(c).
If a base learner reports “None” for a given label, this means that it is either not
applicable to this label (e.g., because it was only trained on a subset of labels) or failed
to make a prediction for this input (e.g., due to a preprocessing error).

For aggregation methods that require a binarisation of predictions (in this study,
all except for LTR), the optimal binarisation threshold ™ is tuned for every model
on the validation set. The threshold that optimises the validation macro F1 score
is selected via grid search. This allows assigning each class-wise prediction p7*(z) a
direction d7*(x):

1 it pl'(x) > 0™
di(z) =<0 it pit(z) < 0™ (2)
None if p7'(x) = None
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Fig. 2: Architecture of our ensemble. Stages 0 and 1 are highlighted in yellow and
green, respectively. Grey is used for inputs to the ensemble. The classes A-C are
illustrative and do not refer to actual classes.

This ensures that the direction values of different models are comparable when used
as input to the ensemble aggregation. Based on these inputs, the ensemble produces
an aggregate prediction vector p®(z) € [0,1]¢ (cf. Section 3.1).

In addition, the class-wise predictions produced by the fitted meta-model are veri-
fied against the label hierarchy and corrected by an inconsistency resolution algorithm
(cf. Section 3.2), producing resolved predictions p*(z) € [0, 1].

For the binarisation of ensemble predictions, a threshold #¢ is used. For voting
methods, this threshold is set to a fixed 0.5 since the predictions are aligned to this
value by construction. For the learned meta-models, this threshold is tuned based on
the validation macro F1. The ensemble prediction’s direction d¢(x) is defined via 6¢:

d(z) = {1 it pr(z) > 6° )

0 otherwise

Other important factors are the hyperparameters of the meta-model. Depending on
the model, different task-specific parameters have to be tuned. This is done via a 5-fold
cross-validation on the validation set. For each holdout fold, the meta-model is fitted
on the remaining folds and evaluated on the holdout fold. The optimal configuration
is then used to fit the meta-model on the complete validation set.

In the following, we first discuss variants for the ensemble aggregation stage
(Section 3.1) and subsequently the proposed inconsistency resolution algorithms
(Section 3.2). Throughout this section, a running example will be used based on
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Fig. 3: Example for subsumption and disjointness relations in the ChEBI label hier-
archy.

Table 1: Example predictions by fictional base learners my, ms, ms for the
label hierarchy in Figure 3.

ChEBI class ¢ | @) dM() | P () () | pi(e)  dR(a)
organic molecular entity 0.70 1 0.48 1 0 0
organic acid 0.90 1 0.15 0 None None
amino acid 0.30 0 0.28 1 None None
inorganic molecular entity 0.40 0 0.15 0 1 1
inorganic phosphate 0.45 0 0.36 1 None None

an excerpt of the ChEBI hierarchy (cf. Figure 3) with (fictional) base learner pre-
dictions by two deep learning models and one rule-based model. As thresholds,
0" = 0™3 = (0.5 and ™2 = 0.2 are assumed. This means that, for instance, the pre-
diction of ms for inorganic phosphate (0.36) is counted as positive despite being lower
than the negative prediction of my for the same class (0.45).

3.1 Ensemble Aggregation

The aggregation methods used to combine base learners into a single ensemble predic-
tion fall into two categories: Weighted Majority Voting (WMV), which weights base
learners according to their performance on a validation set (i.e., data that has not
been used during training), and meta-learning, where a meta-model is trained on the
outputs of base learners for the validation set.

3.1.1 Weighted Majority Voting

Majority Voting (MV) is a standard technique to aggregate predictions of base learn-
ers [44]. In a multi-label classification problem, this means that for each class, the



positive predictions are counted. If the majority of base learners makes a positive
prediction, the ensemble also predicts this class.

All voting-based aggregation methods in this work share the same structure: a
weighted share of positive votes among a set of base learners. We therefore define a
generic weighted vote first. Let mJ (x) denote the set of all base learners with d7*(z) =
1 for class ¢, mg (z) the set of base learners with d”*(z) = 0, and M.(z) = mg (z) U
myg (x) the set of all base learners that have made a prediction for class c. Given a set
of base learners M C M.(x) and weights w™ > 0, the weighted vote for class c is

oy w™
ZmeMﬂmc (@) if the denominator is > 0
vote.(z; M, w) = 2 men W (4)

0.5 otherwise.

The fallback value of 0.5 applies if no base learner has made a prediction for class ¢
or if all weights are 0. Majority voting is the weighted vote over all base learners with
uniform weights:
pe" () = votec(x; Mc(x), 1). ()
However, if the base learners have varying performance, this type of voting is not
ideal [27]. Two unreliable base learners might outvote a trustworthy one. This can
be counteracted by assigning weights that give trustworthy base learners a larger
share in the vote compared to less reliable ones, leading to Weighted Majority Voting
(WMV) [45]. In this work, we need to balance a wide range of different base learners
with different performances and different types of outputs (i.e., continuous outputs
for deep learning models and binary outputs for rule-based ones). Therefore, choosing
sensible weights is crucial to the ensemble.

WMV (Confidence)

A straightforward approach is to use the predictions themselves as weights. If a base
learner makes a prediction close to the decision threshold 8™, one can interpret this
as the model being “not confident” in its prediction. Weighted against another base
learner that makes a “confident” prediction close to 0 or 1, it is sensible to stick with
the more confident one:

Pl (2) =6

e AL pcle) =0
conf(z) = { BRI ip pmp) < g (6)
0 if p"(x) = None
measures the confidence of a base learner prediction.
The ensemble prediction thus becomes
puveont(z) = vote, (23 Me(x), confl'(z)). (7)
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Fig. 4: Trust ¢ in relation to the underlying performance metric (F1-score) for different
hyperparameter settings.

WMV (F1-based)

This weighting still lacks information: it cannot estimate whether the model is reliable
for a given class or not. Instead of trusting the model output, a more sophisticated
weighting incorporates an external validation.

In this work, this type of weight is referred to as trust, denoted t™ € [0,1]¢. It is
based on the class-wise F1 score of base learners on a validation set, independently
of the current sample [28, 29]. The ensemble multiplies the trust weight with the
confidence weight:

pymvil () = vote, (z; M (), conf] (x) ). (8)
Trust is defined as
= (axFI' —a+1)° = (1-ax (1-F17")"° )

where a and 3 are hyperparameters and F1™ ¢ [0,1]¢ is the model’s class-wise F1
score. The F1 score is defined as

2T P

F1™ = 1
¢ 2TPm+ FPm™+ FN™ (10)

where TP, FP™ and F'N" are the numbers of true positives, false positives and
false negatives across the validation set.

The hyperparameter o determines how “strong” the impact of the F1 score should
be. a = 0 disables trust completely. A higher § value favours high-performing base
learners (i.e., where the F1 score is close to 1) more strongly than a lower § value (cf.

11



Table 2: Aggregation results for the exam-
ple predictions from Table 1 using MV

aggregation.
ChEBI class ¢ pV(z) dPV(x)
organic molecular entity % 1
organic acid 0.5 0
amino acid 0.5 0
inorganic molecular entity % 0
inorganic phosphate 0.5 0

Table 3: Aggregation results for the example predictions from Table 1 using WMV-
Conf aggregation.

ChEBI class ¢ confd' () confg(z) confy®(x) pymv-conf(y)  gwmv-conf(y)
organic molecular entity 0.4 0.35 1 % 0
organic acid 0.8 0.25 0 18 1
amino acid 0.4 0.1 0 0.2 0
inorganic molecular entity 0.2 0.25 1 % 1
inorganic phosphate 0.1 0.2 0 % 1

Figure 4). The optimal values for a and 3 depend on the task and the base learners
used. Preliminary experiments have shown that a larger ensemble size favours higher
« and 3 values, while smaller ensembles work well with lower values of o and . Both
parameters are tuned via cross-validation on the validation set.

Example

One can apply all three voting methods to the example predictions from Table 1. For
MYV, the procedure is simple: Here, the positive and negative directions get counted
per class. For instance, organic molecular entity has 2 positive directions (m; and ms)
and 1 negative one (ms). Thus, poy,(z) = 2 is counted as a positive prediction. In
the case of ties (e.g., organic acid), the prediction counts as negative. Overall, only
organic molecular entity has a majority of votes and is the only positive prediction by
this aggregation method (cf. Table 2).

For confidence-based WMV, we add confidence weights to the vote. These are
calculated in relation to the threshold. For instance, organic acid receives a fairly
confident positive vote from mj: The prediction of 0.9 is far away from the thresh-
old (0.5), which translates to a confidence of 0.8. mg rejects the class, but with less
confidence: The 0.15 prediction is close to the threshold (0.2) and thus receives a confi-
dence of only 0.25. Since the third model did not vote on this class, the more confident
model gets its way, tipping the balance towards an overall positive prediction (%)
The overall decision are different from MV for 4 out of 5 classes (cf. Table 3): Organic
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Table 4: Aggregation results for the example predictions from
Table 1 using WMV-F1 aggregation. The trust values are example
values. Assuming o = 8 = 1, they correspond to the validation F1
score of each model.

ChEBI class ¢ o e pumveflg)y o gymvefl ()
organic molecular entity 0.9 0.8 0.96 0.4 0
organic acid 0.75 0.6 B 0.8 1
amino acid 0.9 0.9 - 0.2 0
inorganic molecular entity 0.5 0.4 0.8 0.8 1
inorganic phosphate 0.9 0.3 - 0.4 0

molecular entity is now negative (due to the confident vote of mg, which always has a
confidence of 1 if it votes for a class). Besides organic acid, inorganic molecular entity
and inorganic phosphate are now positive as well.

Finally, we include the F1-based weights. For this example, parameters a = § =1
and the trust values shown in Table 4 are used. The weight of each model-label pair
now consists of confidence and trust. For instance, the prediction of inorganic phos-
phate now calculates as % = 0.4. Unlike WMV-Conf, this is a negative
prediction. In other words: Despite m; not being very confident (0.1) in its rejection
of this class, based on prior experience (a validation F1 score of 0.9), the ensemble
trusts its prediction. ms, on the other hand, despite being a bit more confident (0.2),
has a bad track record (a validation F1 of 0.3) and therefore loses the vote. Apart
from inorganic phosphate, the decisions stay unchanged compared to WMV-Conf (cf.
Table 4).

3.1.2 Meta-learning

An alternative to WMV are meta-models learned from base learner outputs. In partic-
ular, this work incorporates two strategies: Dynamic Ensemble Selection (DES) and
Learning To Rank (LTR).

Dynamic Ensemble Selection

This strategy is based on META-DES.H [38], a meta-learning DES approach. In DES,
the goal of the meta-model is to classify a model as “competent” or “incompetent”
given an input sample. The distinguishing feature of DES is that it not only looks at
the input sample itself or at a global metric across the whole validation set (as WMV-
F1 does), but specifically at samples in the “region of competence”, i.e., samples that
are similar to the target sample. The idea is that a base learner which has proven
effective for similar samples might perform well on the target sample as well, while in
other areas of the feature space, other base learners are more competent. In META-
DES.H specifically, the meta-model produces a real-valued score § which is used to
first select base learners that are competent enough (i.e., pass a threshold of 0.5). If
no base learner is competent, META-DES.H falls back to including all base learners
in the ensemble.
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With the selected base learners, the same § score is used to weight the base learners.
In addition, META-DES.H inserts a sample selection phase ahead of the meta-model.
This phase excludes all samples which have a high degree of consensus, i.e., samples
where the proportion of models agreeing on a prediction surpasses a threshold hC
(here, hC' = 0.7). The goal of sample selection is to exclude trivial predictions from
the meta-model, allowing it to focus on the controversial cases.

To apply META-DES.H to the ChEBI classification task, several changes are nec-
essary. Firstly, selecting a region of competence requires a similarity metric. Here, we
use Tanimoto similarity over Morgan fingerprints [46, 47]. Secondly, Cruz et al. [38]
have used META-DES.H only for binary and multi-class problems. For the multi-label
case, instead of having one input vector per base learner and sample, we use individual
input vectors for each base learner-sample-label combination, essentially treating every
label in the ensemble as a binary classification problem. Thirdly, the meta-learner is
label- and model-agnostic: it only sees the performance of a base learner in the region
of competence, but it does not distinguish which label and base learner it is judging.
Therefore, we add a one-hot feature encoding the base learner identity. This allows
the meta-model to treat base learners differently, which we hypothesise to be relevant
for a fine-grained weighting of predictions, analogous to the WMV-F1 weights. Fur-
thermore, META-DES.H assumes a binarisation threshold of 0.5 for the base learners.
Since our base learners use individual thresholds, we scale the predictions accordingly
before applying META-DES.H:

o (z)—0" m m
() = 0.5 —’;1)2(1—79) if pit(x) >0 (1)
¢ O.B%—f) otherwise

Given the competence values 07*(z) calculated by the meta-model for each base
learner m, the selection step retains only the base learners deemed competent for class
¢ (if no competent base learner exists, all base learners are retained).

MY (z) = {m € Mc(z) | (6™ (z) > 0.5) vV =3Im’ € M.(z) : (52“,(1‘) >05)}. (12)

The ensemble prediction is the weighted vote (Equation 4) over the selected base
learners, using the competence values as weights:

P (x) = vote, (a; M (x), 0 (). (13)

Lastly, we add a confidence variant that, in the same vein as WMV-Conf, weights the
competence scores §7*(x) by confidence scores conf]' (z):

paeeont(z) = vote, (z; ME? (2), confl)* (z) 67 (2)). (14)

The choice between pd®s(z) and pdes-conf(z) is evaluated as a hyperparameter. There-
fore, in the evaluation, we use “DES” to refer to the DES-Conf variant (which has

been chosen based on hyperparameter optimisation).
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Table 5: Voting-based aggregation methods as
instances of the weighted vote (Equation 4). The voting
methods differ only in their weights, DES additionally
in the set of base learners taking part in the vote.

Method Base learners M Weight w™

MV Me(z) 1

WMV-Conf  M.(z) conf” (x)

WMV-F1 M (x) conf? (x) T

DES MseY(z) 07 (z) or conf?(z) 67 (x)

Table 6: Aggregation results for the example predictions from Table 1 using DES
aggregation (with confidence). The competence values § are example values. § values
passing the competence threshold (0.5) and therefore influencing the vote are high-
lighted in bold.

ChEBI class ¢ p'M2(x) & (z) S (z) 8% (w)  pdes-comf(y)  ddes-comf(y)
organic molecular entity 0.675 0.9 0.6 0.4 1 1
organic acid 0.375 0.8 0.6 % 1
amino acid 0.55 0.7 0.2 - 0 0
inorganic molecular entity 0.375 0.7 0.6 0.4 0 0
inorganic phosphate 0.6 0.8 0.3 - 0 0

For the final output (that is, after inconsistency resolution has been applied),
predictions are binarised via the threshold #9¢%. Besides the choice between pd® and
pdeseonf the parameters K € {1,7} (size of the region of competence in the feature
space), K, € {5,9, 15} (profile size in the output space) and 64¢ € (0,1) are tuned via
cross-validation on the validation set. The grid is based on the default values K = 7
and K, = b reported by Cruz et al. [37, 38]; K = 1 serves as a control in which the
region of competence shrinks to the single most similar molecule. As the meta-model
architecture, Naive Bayes is used, which Cruz et al. [38] report as best-performing in
their evaluation.

Table 5 summarises the voting-based aggregation methods. The three voting meth-
ods differ only in their weights, each adding a source of information: WMV-Conf adds
the confidence of the individual prediction, WMV-F1 adds the validation performance
of the base learner. DES additionally restricts the vote to the base learners selected
as competent for the given sample.

Example

As for the WMV variants, we apply DES to the example introduced in Table 1. As a
preliminary step, the predictions are normalised to a common threshold of 0.5 (which
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only affects ma, cf. Table 6). Also, instead of the F1-based weights, competence values
¢ are generated by a model trained on the validation set. The prediction for x takes
(apart from the base learner predictions themselves) validation samples into account
that are similar to z in the input / output space. For the sake of the example, we
assume the values shown in Table 6. Here, m; is deemed to be the most reliable model,
while mo and mg get lower scores. mg even falls below the competence threshold
for both classes, meaning it does not factor into the final prediction. This indicates
that, despite scoring high on the classes it predicts (cf. the F1 scores in Table 4), it
does not do well in the immediate neighbourhood of z. Instead, DES mostly trusts
the predictions of mi, making positive predictions for organic molecular entity and
organic acid (cf. Table 6).

Learning To Rank

Another meta-learning strategy is Learning To Rank (LTR). The application of LTR
to a multi-label classification problem is based on a similar application for the Gene
Ontology [30]. Originally, LTR was an information retrieval algorithm for ranking web
pages given a query. Here, we replace the query with an input sample (i.e., a molecule
structure) and the web pages with ChEBI labels.

LTR is applied only to selected labels. For each learner, the labels with the top-k
predictions get chosen. The union of these labels is referred to as the candidate set
Cand. In other words, LTR only handles labels that are in the top-k predictions of at
least one base learner. This reduces the complexity of the ranking task and filters out a
large number of uncontroversial negatives. The LTR meta-model receives one feature
vector per molecule-label pair. Note that, in contrast to META-DES.H and WMV, the
meta-model does not act independently for each base learner and is therefore able to
capture dependencies between learners. As the meta-model, we use Multiple Additive
Regression Trees [48] with the same settings as [30].

Besides the adaptation from the Gene Ontology to ChEBI, the LTR application
in this work differs from [30] in several important points: In [30], each feature vector
consists of the base learner predictions p™. In this work, we extend the feature vector
with aggregates (including the number of base learners that have produced predic-
tions for this class) and the F1™ scores (which are also used for the WMV-F1 trust
calculation). This allows LTR to compensate for heterogeneous base learners that do
not cover the same output space and provides additional information on each model’s
validation performance.

Furthermore, [30] does not assign a fixed threshold to binarise the meta-model’s
output. Instead, the F-max score is reported, essentially choosing the optimal threshold
on the test set. In this work, the threshold 8", as for the other meta-models, is tuned
on the validation set, allowing for a more meaningful test set evaluation. In addition,
we apply Platt scaling [49] to the meta-learner output. Platt scaling is a parameterised
transformation method based on logistic regression that turns the arbitrary outputs
of the meta-model into probabilities that the inconsistency resolution methods can
handle. Finally, in [30], non-candidates (i.e., labels that are not in the candidate set
Cand) are discarded completely. However, for this work, it is necessary to assign
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Table 7: Aggregation results for the example pre-
dictions from Table 1 using LTR aggregation. The
meta-level outputs r.(z) are example values. Pre-
dictions are calculated based on Platt parameters

a=2,b=-1.
ChEBI class ¢ re(z)  pi¥(x)  dYr(z)
organic molecular entity 0.6 0.55 1
organic acid 1.4 0.86 1
amino acid - 0.05 0
inorganic molecular entity 0.7 0.60 1
inorganic phosphate 0.3 0.40 0

prediction values to all labels for inconsistency resolution. Here, the probability that
a non-candidate is actually a false negative is used.
Thus, the prediction calculation for LTR works as follows:

Pe Nmissed+0.5 (15>

herwi
Mnon-cand +1 otherwise

I () {U(a X re(x) +b) if c€ Cand
where r.(x) is the raw meta-model output, a and b are the Platt scaling param-
eters, Nmissed 18 the number of false negative non-candidates and npon-cang is the
total number of non-candidates (calculated across the validation set). The parameters
k € {30,50,70} (candidate set size per base learner), 6'* and Platt a and b are tuned
on the validation set.

Example

Applying the running example to LTR, we first have to identify the candidate set
Cand. Assuming k = 2, the candidate set consists of the two classes with the highest
prediction values per model. For instance, for my, the highest predictions were 0.9
(organic acid) and 0.7 (organic molecular entity). Therefore, organic acid and organic
molecular entity are in the candidate set. Besides that, inorganic phosphate (due to
mg) and inorganic molecular entity (due to ms) enter the candidate set. Note that
amino acid is not in the candidate set. This means it will not be predicted by the
meta-model but instead receive the default prediction value based on the number of
false negatives among non-candidates (for the sake of the example, we assume this
ratio to be 0.05).

The remaining classes get predicted by the meta-model. As input, it receives a fea-
ture vector consisting of predictions, aggregates and F1 scores. For example, organic
acid uses the following feature vector: (0.9, 0.15, None, 2, 0.9, 0.525, 0.53, 0.75, 0.6,
0, 0.12, 646), which corresponds to prediction values per model, number of valid
predictions, maximum, mean, standard deviation, F1 score per model (cf. Table 4),
prevalence and number of positives (out of 5,313 validation samples, 646 are organic
acids). Table 7 shows fictional meta-model outputs. Assuming Platt parameters a = 2,
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b= —1 and a threshold 6" = 0.5, the model predicts organic molecular entity, organic
acid and inorganic molecular entity.

3.2 Inconsistency Resolution

So far, ensemble predictions p®(z) are made independently for each class. This means
that an ensemble can, for instance, confidently predict that a molecule is an organic
molecular entity, but at the same time claim that it is an inorganic molecular entity
(as LTR does in the example above). Such predictions are confusing and not helpful
for users.

However, with the ChEBI ontology, we have an extensive set of formalised relations
at hand that can be exploited to resolve such inconsistencies automatically. Specifically,
two types of inconsistencies are taken into account (cf. Figure 3): (1) the ensemble
predicts that a molecule belongs to class A, but not B, in spite of the fact that
A is a subclass of B (subsumption inconsistency); (2) the ensemble predicts that a
molecule belongs both to class A and class B, in spite of the fact that A and B are
disjoint classes (disjointness inconsistency). Unless stated otherwise, we always use
the transitive closure of the subsumption relation, and we propagate disjointness to
subclasses: if A and B are disjoint, then every subclass of A is disjoint with every
subclass of B. This means that, for instance, given that organic molecular entity
and inorganic molecular entity are disjoint, we infer that amino acid and inorganic
phosphate are disjoint as well.

We apply three algorithms to this problem: Hierarchy and Exclusion (HEX)
graphs [16], Iterative Local Refinement (ILR, [17]) and a new algorithm called 3-step
inconsistency resolution.

3.2.1 HEX Graphs

In a HEX Graph G = (V, Ep, E.), each node v € V models a label, each directed
edge (v;,v;) € Ep, a superclass-subclass relation between ¢ and j and each undirected
edge (v;,v;) € E. a disjointness relation between ¢ and j. For such a HEX graph, an
assignment of labels y®(x) € {0,1}" can be defined. y®(z) is consistent if it never

assigns 0 and 1 to a superclass-subclass pair and never assigns 1 to two disjoint classes.
Thus,

Ve ={y*V(vi,v;) € En: (47, 45) # (0,1) AV(vi,05) € Ee = (y7,95) # (1L, 1)} (16)

denotes the set of consistent assignments.

Each assignment gets a probability that measures how close the assignment is to the
actual ensemble output. For this, we first convert the raw ensemble predictions p®(x) to
normalised predictions p’;(z) using Equation 11 (adapted for the ensemble e instead of
base learner m). This means that the decision threshold for the normalised predictions
becomes #P°* = (.5, which supersedes the ensemble threshold #¢. The normalisation
is necessary because the HEX graph algorithm guarantees consistency only at this
threshold: For disjointness relations, the sum of both probabilities cannot exceed 1.
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For the HEX graph algorithm, the predictions are first cast to logits 1°(z) € R¢:

le(w) =logp/c(x) —log(1 — p/c(x)) (17)

The logit is the inverse of the sigmoid function, so that, in the absence of any con-
straints, the marginals p2¢*(x) computed below coincide with the inputs p’S(z); any

deviation is thus caused by the constraints alone. Since the logit is infinite for
p'c(z) € {0,1}, which occurs in particular for the binary outputs of the rule-based
base learners, the normalised predictions are clipped to the interval [e,1 — €] with
e = 1079 beforehand. Based on the logits, we can calculate a probability for every

consistent assignment y© € Y by applying a softmax:

w(y®)

B v

(18)

where w(y*®) denotes the weight of an assignment, defined as the product of odds for
every positive label in the assignment:

wy )= J[ (19)

c where y¢=1
These probabilities are then marginalised to score the individual labels:

ex NC
pa(z) =

= — 20
NC+MC ( )

where
Ne = Z w(y®), M.= Z w(y®) (21)
ye€Y e where yé¢=1 ye€Y e where y¢=0
denote the sum of weights for assignments with and without label c.

For the use case discussed in this work, one cannot apply this method as-is. The
underlying reason is the structure of the label space: While Deng et al. [16] apply the
method only to multi-class problems (which means that they can assume disjointness
between all leaf classes), this work targets a multi-label problem with sparse disjoint-
ness relations. This means that there are more consistent assignments in Y'© over which
the algorithm would need to iterate. Even when using the junction tree optimisation
suggested by [16], for ChEBI, there are more than 23° consistent assignments, mak-
ing an exact calculation infeasible. Instead, this work proposes a bounded inference
algorithm that approximates p"®*(z). This algorithm allows identifying the direction
of the prediction with certainty (i.e., either the upper bound is below the threshold or
the lower bound is above the threshold) for more than 99% of labels within reason-
able effort (2,000 iterations). The bounded inference algorithm is discussed in detail
in Appendix A. Here, it is explained by means of an example.
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Table 8: Consistent assign-
ments, their weights and
probabilities (given predictions
from Table 4). The label order
is  organic molecular entity,
organic acid, amino acid, inor-
ganic molecular entity, inorganic

phosphate.
o | wy®) | Pryele)

3 _
[0,0,0,0,0] 1 2 =0.086
[0,0,0,1,0] 4 12 —0.343

8 8 __
[0,0,0,1,1] ; 5 = 0.229
[1,0,0,0,0] ; 55 = 0.057
[1,1,0,0,0] ; 5 = 0.229
[1,1,1,0,0] 2 2 =0.057

Example

We continue the running example with ensemble predictions from WMV-F1 aggrega-
tion (cf. Table 4). The ensemble predictions are 0.8 for organic acid and inorganic
molecular entity, 0.4 for organic molecular entity and inorganic phosphate and 0.2 for
amino acid. Note that these predictions are not consistent with the ChEBI axiomatisa-
tion (cf. Figure 3). organic acid and inorganic molecular entity violate the disjointness
axiom (a molecule cannot be organic and inorganic at the same time); organic acid
and organic molecular entity violate a subsumption axiom (any organic acid is an
organic molecular entity). Thus, we need to apply inconsistency resolution.

The HEX graph algorithm starts by calculating the logits using Equation 17. For
this example, it is possible to enumerate all valid assignments Y¢ directly, which is
necessary to calculate p"®*(z). Table 8 lists all assignments, their weights and their
probabilities. p"*(z) is the marginalisation of these probabilities. Only inorganic
molecular entity surpasses the threshold, and organic acid has been corrected from a
positive to a negative prediction.

While we can calculate p"**(x) directly in this case, for demonstration purposes,
we also apply the bounded approximation method (cf. Appendix A). The iteration
steps are shown in Figure 5. The central idea is, instead of looking at each assign-
ment, to start with partial assignments for which upper and lower bounds of the
assignment weight can be calculated. The frontier A is initialised with the default
assignment (unknown for all labels). In the first iteration, the label k with the high-
est softplus(if(x)) is chosen. Here, organic acid and inorganic molecular entity both
have the maximum value, so we choose organic acid at random, creating two new
partial assignments, a; and as. Note that a, already fixes four labels: organic acid is
set as positive by construction; the remaining labels are inferred directly. as has more
uncertainty and is therefore split at the inorganic molecular entity node in iteration
2, creating a3 and a4. At this point, some labels are already certified: for instance,
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Fig. 5: HEX graph bounded inference (cf. Algorithm 2 of Appendix A) applied to the
running example. Each box represents a partial assignment. Labels in the P set of the
assignment are shown in green, labels in the @ set are shown in red. Each iteration
splits an assignment into two new assignments along the label k* (highlighted in grey).
After 3 iterations, the algorithm has converged.



Table 9: Example calculation for HEX graph inconsistency
resolution. The bounds 7! and 7™ have converged in 3 iter-
ations (cf. Figure 5).

ChEBI class ¢ ‘ pe(x) ‘ 1¢(x) ‘ phex(x) ‘ mlo ‘ mhi
organic molecular entity 0.4 —0.41 % % %
organic acid 0.8 1.39 2 2| 8

amino acid 0.2 —1.39 3—25 % %
inorganic molecular entity | 0.8 1.39 2 2 2
inorganic phosphate 0.4 —0.41 3% 3% %

amino acid is set as negative in ag and a4 and undecided in aj. Thus, the highest

weight it may still get is U(ay) = 1‘—30. We also know that the weights it cannot get sum

to L(a1) + L(as) + L(as) = 22.This sets the upper bound at 7/i = 32 , well below
the threshold. For all labels to be certified, a final iteration is needed, separating as
into a5 and ag. These correspond to single assignments, which is why their lower and
upper bounds match the weight of that assignment exactly.

Table 9 shows the final lower and upper bounds, which are consistent with phex(x).
With that, only inorganic molecular entity receives a positive prediction and organic

acid has been corrected from positive to negative.

3.2.2 Iterative Local Refinement

ILR [17] is a generic algorithm to align machine learning predictions with arbitrary
logical formulas. The underlying idea is to use a fuzzy logic interpretation of predictions
and constraints to calculate the fuzzy truth value of a constraint. This is compared
to the desired truth value and the predictions are adjusted via a backpropagation
algorithm. The backpropagation uses minimal refinement functions p*, i.e., functions
that apply a minimal change to the input predictions such that the formula output
matches the desired value. Daniele et al. [17] provide analytical results for several
fuzzy t-norms and perform a practical evaluation. Based on their results, in this work,
we focus on ILR with either the Gddel or the Lukasiewicz t-norm. The Godel t-norm
is the minimum function T (a,b) = min{a,b}. The Lukasiewicz t-norm is defined as
Tr(a,b) = max{0,a +b— 1}.

For the scheduling parameter «, 1 is used. We interpret subsumption relations
where A is a subclass of B as fuzzy implications with target value £ = 1. Disjointness
relations between labels A and B are interpreted as fuzzy conjunctions with target
value £ = 0. The full refinement functions are shown in Appendix B. ILR iteratively
applies these refinement functions to all subsumption / disjointness pairs until con-
vergence. In each iteration, the refinement function with the largest absolute change
is applied to each label.
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Table 10: Example of prediction changes over two ILR iterations
(Godel / Lukasiewicz).

ChEBI class ¢ pe(x) ‘ plLR-G1  pILR-G2 ‘ plLR-L1  pILR-L2
organic molecular entity 0.4 0.8 0 0.6 0.55
organic acid 0.8 0 0 0.5 0.5
amino acid 0.2 0 0 0.2 0.2
inorganic molecular entity 0.8 0.8 0.8 0.5 0.45
inorganic phosphate 0.4 0 0 0.3 0.3

Example

For the running example, we can apply ILR with the Godel / Lukasiewicz t-norm (cf.
Table 10). In the first iteration step, organic molecular entity has two relations that
would change its prediction by 0.4, but in opposite directions: the subsumption relation
with organic acid would push it upwards and the disjointness with inorganic molecular
entity would push it downwards. Thus, the decision is arbitrary (for the example, the
first relation is chosen). The other changes are determined by disjointness relations
which send all classes to 0 (except for inorganic molecular entity, which arbitrarily wins
the disjointness relation with organic acid). In the second iteration, the disjointness
between organic and inorganic molecular entity is decided (again arbitrarily) in favour
of inorganic molecular entity, leaving it as the final prediction. Note that several major
decisions boil down to the arbitrary label order in this example. While this exact case
is unlikely in practice (the ensemble predictions are float values), it still illustrates the
drastic decision-making procedure of ILR-Gd6del: minor differences in predictions can
have a major impact on the results.

With Lukasiewicz, the changes between iterations tend to be gentler: the first
iteration bumps organic molecular entity up to 0.6 (based on the subsumption with
organic acid) and reduces all others (except for amino acid) slightly based on the
disjointness relations. In the second iteration, the excess of organic and inorganic
molecular entity over 1 is split evenly between the two, resulting in 0.55 and 0.45.
The lead of organic molecular entity is not arbitrary: it stems from the subsumption
with organic acid, which lifted it in the first iteration, whereas inorganic molecular
entity had no such support. Note that under the Lukasiewicz t-norm, a disjointness
relation is satisfied as soon as t 4 +tp < 1. After the second iteration, all constraints
are fulfilled in this sense, and ILR terminates without declaring either class the loser.
This decision is only made by the binarisation: since t4 +tp < 1, at most one of two
disjoint classes can exceed the threshold of 0.5. Here, organic molecular entity is the
final prediction, while inorganic molecular entity (0.45) and organic acid (exactly 0.5)
are predicted negative. This result is different from ILR-Go6del. Instead of a “one loses,
the other stays” strategy, with ILR-Lukasiewicz, both disjoint classes are corrected
downwards, leading to a more balanced result.
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Algorithm 1 Inconsistency resolution

1: Input: pe(z) € R®

2: Output: p*3(x) € RY

3: for all c € C do > Step 1: Resolve subsumption violations
4 ST {jlc T j Apf(x)
5
6

< 6}
S5 {j17 C e Ap§(x) > 6°}
Jo+ argmax confj(z) > cf. Equation 6
je(Ssupussub)
T pl(x) (@)
s: end for

o: p(z) < p(z)
10: for all (a,b) € {(a,b)|(a,b) € C2ANanb= L} do > Step 2: Resolve disjointness

violations
11: if pit(z) < pi'(x) then
2 pr() < min(p(a), 0°)
13: end if
14: if pjt(z) < pil(x) then
15: py?(x) < min(p;?(z), 0°)
16: end if
17: end for
18: for all c € C' do > Step 3: Propagate to subclasses
19: S5UP «— {jle C 5}
20 pg(e) & min p?

21: end for

3.2.3 3-step Inconsistency Resolution

While HEX graphs and ILR represent generic approaches to resolving subsumption
and disjointness inconsistencies (or, in the case of ILR, arbitrary inconsistencies), we
additionally propose a more specialised methodology exploiting the ontology structure.

Inconsistencies are resolved in a three-step approach, outlined in Algorithm 1.
Step 1 resolves subsumption inconsistencies by always trusting the most confident
prediction (in relation to the threshold 6¢) out of the positive sub- and negative super-
classes of each class (including the class itself). After step 1, it is guaranteed that
pil(z) < py(x) for all label pairs A C B: If p4(z) > p%(z) and both are below the
decision threshold, the prediction for B will have a higher confidence value and p"! ()
gets set to p%(x). If both are above the decision threshold, A has the higher confi-
dence and p’y (z) will get lifted. If both are on opposite sides of the threshold, the less
confident one gets overwritten.

In step 2, disjointness inconsistencies are resolved. For each pair of disjoint classes
A and B, the class with the lower prediction gets pushed below the threshold (if
necessary). For efficiency, only directly asserted disjointness relations are used, not
those propagated to subclasses. Thus, for instance, a subclass C' of A will not get
compared to B, even though it can be inferred from the relation between A and B
that it is also disjoint with B. This can lead to new subsumption inconsistencies. Step
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Table 11: Example of prediction changes with the 3-step
inconsistency resolution.

ChEBI class ¢ pe(z) ‘ pit(z)  p2(z) p(x)
organic molecular entity 0.4 0.8 0.8 0.8
organic acid 0.8 0.8 0.8 0.8
amino acid 0.2 0.2 0.2 0.2
inorganic molecular entity 0.8 0.8 0.5 0.5
inorganic phosphate 0.4 0.4 0.4 0.4

3 propagates the changed predictions to the subclasses, capping their prediction score
at the minimum of their superclasses.

Proposition 1. After executing Algorithm 1, the resulting ensemble prediction pt3(x)
is consistent with the ontology.

A proof sketch for Proposition 1 can be found in Appendix C.

Example

We apply the 3-step inconsistency resolution to the same example used for the
other resolution algorithms (cf. Table 11). Step 1 identifies the subsumption violation
between organic molecular entity and organic acid. Since 0.8 is more confident than
0.4 (assuming a threshold 0.5), organic molecular entity gets set to 0.8. In the second
step, only explicit disjointness relations are taken into consideration, meaning that
organic acid and inorganic molecular entity are not resolved directly. Instead, step
2 only looks at organic and inorganic molecular entity, deciding in favour of organic
molecular entity based on the arbitrary label order. Thus, inorganic molecular entity
gets lowered to 0.5. The final step would correct any remaining subsumption viola-
tions, which are not present in this example. This way, the final prediction is organic
molecular entity and organic acid.

Overall, this example has shown different inconsistency resolution results given
the same input values. Although this is a deliberately chosen edge case, it illustrates
that the resolution algorithm can have a real impact on the ensemble predictions. In
Section 5.3, we discuss how the algorithms affect the ensemble in practice.

4 An Ensemble for ChEBI

In the evaluation, the ensemble architecture described in Section 3 will be applied to
the ChEBI ontology extension task [11]. The goal of this task is to assign ChEBI classes
to molecules based on their structure. For instance, given the molecular structure
CCO (ethanol), an ideal model would return all ChEBI classes to which this structure
may be assigned (e.g., alkyl alcohol and primary alcohol). This section describes the
datasets used for the learning and evaluation steps (Section 4.1) as well as the base
learner models (Sections 4.2 and 4.3).
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Table 12: Overview of ChEBI datasets

Dataset Threshold  #Samples #Labels
ChEBIZ "7 25 192,336 2,117
ChEBI}"8S, o 25 52,901 1,766
ChEBIZ}** . 192,336 2,234
ChEBIZ2 3%, n - 52,901 2,234

4.1 Datasets

Our ensemble includes two types of base learners: deep learning and symbolic ones. The
deep learning models have been trained on molecule data from ChEBI, following the
approach proposed in [12]. All classes that are annotated with a molecular structure
are taken as samples. Classes for which at least a threshold number of subclasses
are samples are used as labels. Here, we use a threshold of 25. This results in the
ChEBI?"jl” dataset with 2,117 labels (cf. Table 12). Note that this already extends
the datasets used in previous work ([12] used a threshold of 50 to collect 1,332 labels,
[50] collected 1,528 with the same threshold, but a newer ChEBI version). Additionally,
in this work, we propose a dataset ChEBI;fg?r g that only takes samples from the 3-
STAR fragment of ChEBI into account. The 3-STAR fragment contains only manually
verified structures. Therefore, it trades higher data quality for lower availability of
training data and lower class coverage. The resulting datasets are available in the
Supplementary Material.

For each deep learning model, we train two versions: a 3-STAR version trained on
ChEBI;fg?F Agr and a full-ChEBI version trained on ChEBI?lﬁln. For both datasets,
we apply the same 80/10/10 train/validation/test split (measured on ChEBI?lﬁlU)
to avoid train-test leakage when evaluating both on the same test set.

Since symbolic base learners also cover ChEBI classes outside the ChEBI?lﬁ]17
dataset, for the evaluation, we extend both datasets to the set of labels predicted by
at least one base learner (ChEBIZ " and ChEBIS 31 R)-

Inconsistency resolution is based on subsumption and disjointness relations
between labels. For subsumption relations, we use the is-a property of the ChEBI
ontology. For disjointness relations, we use the disjoint with property. Axioms for this
property are provided as a separate module [51]. In this work, an extended version of
this module is used.?

4.2 Deep Learning Models

The Chebifier 2 ensemble incorporates four deep learning architectures as base learn-
ers: Residual-Gated Graph Convolutional Networks (RGGCNs), Graph Attention
Networks (GATs) and augmented variants of both. All are variants of graph neural
networks (GNNs), which have proven effective for cheminformatics tasks in previous

2The additional relations are available at [52].
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Table 13: Properties used as node initialisation / edge features for graph neural
networks. RDKit2DNormalized is a set of 200 properties calculated by RDKit. These
properties are used as initialisation for the global node (in augmented graphs) or
concatenated with the graph representation after pooling (in non-augmented graphs).

Level Properties (all graph models) Properties (only augmented)
Atom Aromaticity, Charge, Node level (atom /
Hybridisation, #Hydrogen functional group / global)
neighbours, Atom type, #Bonds
Bond Aromaticity, Bond level (atom to functional
In ring, Bond type group / functional group to global)
Functional groups Functional group, Is alkyl, Is hydrogen
bond acceptor, Is hydrogen bond donor
Global RDKit2DNormalized

work [53, 54]. The standard variants of RGGCNs and GATs utilise an atom-based
encoding of molecular structures: Each atom corresponds to one node in the input
representation, each covalent bond to an edge. A list of chemical features used to
encode each atom and bond can be found in Table 13. In addition, variants with an
augmented representation are trained, combining an atom representation with nodes
for functional groups and a global node.

Training has been conducted with the ChEB-AI Graph library [55].

Residual-Gated Graph Convolutional Networks

The first architecture is Residual-Gated Graph Convolutional Networks
(RGGCNs) [56]. RGGCNs extend the wvanilla graph convolutional network
architecture [57] by an edge-gating mechanism and residual connections.

Graph Attention Network

The second set of graph neural networks consists of graph attention networks
(GATSs) [58]. We use the GATv2 architecture [59], which is more expressive than the
vanilla GAT. Also, it has been shown to outperform vanilla GAT on the ChEBI clas-
sification task [50]. Unlike RGGCNs (and graph convolutional networks in general),
GATSs use an attention mechanism for weighting the impact of neighbours.

Augmented GNNs

For both RGGCNs and GATs, we use an augmented variant developed in [50]. This
variant introduces a three-layer architecture consisting of an atom layer, which corre-
sponds to the non-augmented graphs, a functional group layer, covering 101 common
functional groups and 62 ring structures, as well as a global node. Edges connect atoms
and the functional groups they are part of as well as functional groups and the global
node. The properties used for each layer can be found in Table 13. Figure 6 shows an
example molecule representation in the augmented graph neural network architecture.
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Fig. 6: Pictorial representation of an augmented graph used by GNNs. Adapted
from [50].

4.3 Symbolic Models

Apart from the deep learning models, we also include three rule-based models.
Chemical Classifier Programs (CCPs) are Python programs generated by large lan-
guage models (LLMs). In ChemLog, hand-crafted rules in monadic second-order logic
(MSOL) are used. Lopster is an answer set programming (ASP) tool relying on
hand-crafted rules.

Chemical Classifier Programs

Based on the natural language definitions of ChEBI, LLMs are used to generate CCPs,
customised Python scripts that use the RDKit library to classify chemicals [10]. CCPs
are generated in an iterative process, where molecules sampled from ChEBI are used
to prompt the LLM to refine its original classification program. Alongside the predic-
tions, natural-language explanations for each possible classification result are returned.
The implementation is available on GitHub [10]. Programs for the same classes have
been generated by different LLMs and with different settings, leading to a total of
nine programs for each class. Here, we use the best-performing program for each class
(referred to as the ensemble program ontology in the original paper). The CCPs inte-
grated in our Chebifier 2 ensemble cover 729 chemical classes (including classes which
are predicted indirectly, i.e., superclasses of classes for which a CCP exists).

ChemLog

ChemLog [60, 61] is a rule-based classification tool described in [7]. It is based on an
MSOL formalisation of molecules. Logical definitions are used to generate (and vali-
date) code that classifies molecules automatically. ChemLog covers 18 peptide-related
classes discussed in [8]. In this work, we extend ChemLog with 155 classes that are
defined by either the presence of a chemical element (e.g., nitrogen molecular entity,
CHEBI:51143) or by a bond between a carbon atom and a given chemical element
(e.g., organoiron compound, CHEBI:51185). Two exceptions are organophosphorus
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compound (CHEBI:25710), which, in addition to compounds with direct carbon-
phosphorus bonds, also includes esters and thioesters, and hydrogen molecular entity
(CHEBI:33608), which requires a different formalisation since hydrogen atoms and
other atoms are represented in different ways in ChemLog. These classes have there-
fore been excluded from the ChemLog formalisation, but are covered by Lopster. Out
of the 220 classes predicted by ChemLog in total (including superclasses of directly
predicted classes), 109 are not predicted by any of the other models.

Logic Programming for Structured Entities Reasoner (Lopster)

Lopster [9] is a reasoning system for the classification of chemical compounds. In [9],
51 chemical classes are formalised. This includes cyclicity-related classes that can-
not be represented in the Web Ontology Language (OWL, [62]), a format based on
description logics that is commonly used for ontological reasoning. The original Java
implementation of Lopster [63] was based on the disjunctive Datalog implementation
DLV [64]. Due to issues with outdated dependencies, instead of using the original
implementation, we integrated the rule base of Lopster into ChemLog. As the reasoning
component, clingo [65] is used.

The rules have been mapped to 36 ChEBI classes. Since no evaluation of Lopster
against ChEBI had been conducted previously, we performed a full classification of
ChEBI according to the Lopster rules and compared the results to both the exist-
ing ChEBI classification and ChemLog. Errors that were identified in this evaluation
have subsequently been fixed. In total, Lopster can make predictions for 62 classes
(consisting of directly classified ChEBI classes and their superclasses).

5 Evaluation and Discussion

In this section, the Chebifier 2 ensemble is evaluated. First, we compare the base learn-
ers on their own, highlighting important structural differences between deep learning
and symbolic models (Section 5.2). Subsequently, we move on to the aggregation meth-
ods and inconsistency resolution algorithms (Section 5.3). For the best configurations,
DES + ILR-Lukasiewicz and WMV-F1 + 3-step resolution, we take a closer look at
the results, identifying strengths and weaknesses of the ensemble (Section 5.4) and
attributing the performance gains to the individual base learners (Section 5.5).

5.1 Setup

All deep learning (DL) models use four hidden layers and have been trained on one of
the datasets described in Section 4.1. All models have been trained with Asymmetric
Loss [66] (yf =+~ =1, m = 0.15) and a learning rate of 2 x 10~2. The choice of loss
function and parameters used are based on the results of [67]. For each training run
of 100 epochs, the model checkpoint at the epoch with the highest validation macro
F1 has been selected.

The main evaluation metrics are the F1 score (cf. Eq. 10) and the consistency
rate. The F1 score is the harmonic mean of precision (“Out of all positive predictions,
how many are correct?”) and recall (“Out of all positive labels, how many were pre-
dicted?”). There are two possible aggregations of the F1 score across multiple classes:
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Table 14: Base learner performance on the test split of ChEBIgfgf; AR- 7FLabels is
the total number of labels the model can make predictions for. “missing excluded”
excludes (molecule, label) pairs for which a model did not produce a prediction,
“missing = negative” counts them as 0. F'1 scores and consistency are given in percent.

missing excluded missing = negative Consis-
Base learner #Labels micro F1  macro F1  micro F1 = macro F1 tency
GAT-aug (3-STAR) 1,766 91.85 74.82 91.66 59.15 68.89
GAT (3-STAR) 1,766 90.98 73.76 90.79 58.31 60.17
RGGCN-aug (3-STAR) 1,766 91.44 73.71 91.25 58.27 67.54
RGGCN (3-STAR) 1,766 90.89 73.26 90.71 57.91 60.16
GAT-aug 2,117 89.07 68.56 89.06 64.96 62.71
GAT 2,117 86.54 62.73 86.52 59.45 47.50
RGGCN-aug 2,117 88.98 66.14 88.97 62.68 63.94
RGGCN 2,117 86.53 62.11 86.52 58.86 49.92
Lopster 62 82.87 74.94 51.00 1.80 100.00
CCPs 729 73.23 59.06 59.95 15.49 79.86
ChemLog 220 80.01 48.32 51.91 4.23 100.00

the micro F1 sums up all true positives, false positives and false negatives across
all classes and then calculates the F1 score. The macro F1 calculates the F1 scores
of each class independently and reports the average of all classes. Since the ChEBI
dataset is highly imbalanced — some classes have more than 100,000 positive samples
while many are close to the threshold of 25 samples — the micro F1 mainly reflects
performance on large classes while the macro F1 is determined by performance on
smaller classes. A user study reported in [12] has determined that the correct pre-
diction of smaller, more specific classes is particularly relevant to experts. Therefore,
the evaluation in this work will focus on the macro F1. Differences between scores are
reported in percentage points (pp).

The second metric is the consistency rate. It measures whether the prediction for
a molecule is consistent with the constraints discussed in Section 3.2. While a perfect
F1 score does guarantee near-perfect consistency, in practice this is rarely achievable.
3 Thus, for imperfect predictions, one needs to distinguish between inconsistent and
consistent ones, the consistent ones being more useful in practice.

5.2 Base Learners

Before evaluating the ensemble aggregation in Section 5.3, we first take a closer look
at the trained base learners. For an independent evaluation of each base learner, we
refer to [50] for the GNNs, to [7] for ChemLog and to [10] for CCPs. The Lopster
ruleset is evaluated in Appendix D. All base learners have been calibrated individually
for their optimal threshold on the validation set. These thresholds will be used for all
subsequent evaluations.

3In ChEBI version 252, which is used in this work, we identified nine molecules that had an inconsistent
classification. These inconsistencies have since been resolved in ChEBI (as of version 255).
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Table 15: Base learner performance on the test split of ChEBI;fgg ARr- 7Labels
is the number of labels the model can make predictions for in this subset. “missing
excluded” excludes (molecule, label) pairs for which a model did not produce a pre-
diction, “missing = negative” counts them as 0. F'1 scores and consistency are given
in percent.

missing excluded missing = negative Consis-
Base learner #Labels micro F1 macro F1  micro F1  macro F1 tency
GAT-aug (3-STAR) 1,766 91.85 74.82 91.85 74.82 68.89
GAT (3-STAR) 1,766 90.98 73.76 90.98 73.76 60.17
RGGCN-aug (3-STAR) 1,766 91.44 73.71 91.44 73.71 67.54
RGGCN (3-STAR) 1,766 90.89 73.26 90.89 73.26 60.16
GAT-aug 1,766 89.19 73.30 89.19 73.30 62.98
GAT 1,766 86.69 67.78 86.69 67.78 48.18
RGGCN-aug 1,766 89.12 71.19 89.12 71.19 64.51
RGGCN 1,766 86.70 66.83 86.70 66.83 50.70
Lopster 55 82.88 81.81 51.14 2.20 100.00
CCPs 681 73.43 61.16 60.20 18.80 80.52
ChemLog 102 80.03 77.99 52.03 3.84 100.00

Table 14 shows performance results for the 11 base learners. Each base learner is
evaluated both on the label subset it actually covers (“missing excluded”) and the
full label set (“missing=negative”). The strongest effect of the different evaluation
methods can be seen for the rule-based models: The macro F1 of Lopster goes down
from 74.94% to 1.8%. This indicates that the rules of Lopster are (relatively) accurate
where they are applicable. But across the whole dataset, Lopster only covers a small
portion with these rules.

Due to the different label coverages, the scores of different base learners are not
fully comparable. One mitigation is an evaluation on the ChEBI;fgg AR Subset (cf.
Table 15), where DL models predict all labels, making those numbers comparable.

On ChEBI;fgf}AR, GAT-aug (3-STAR) is the best-performing DL model. In
general, the augmented models tend to outperform the non-augmented ones and GAT
tends to outperform RGGCN, with GAT-aug (3-STAR) beating RGGCN (3-STAR)
by 1.56 pp in the macro- and 0.96 pp in the micro-F1. Regarding consistency, GAT and
RGGCN perform similarly, with the main distinction lying between augmented and
non-augmented models. The non-augmented models trained on ChEBI?lﬁl17 struggle
the most: GAT only makes consistent predictions for 47.5% of inputs (48.18% in
ChEBI;fg?[.AR). Even compared on the same label set, GAT is substantially less
consistent when trained on ChEBI?I’I}I17 compared to the same model trained on
ChEBL S8, .

The symbolic models receive higher consistency values, with Lopster and ChemLog
receiving 100% since they are consistent with the ChEBI axiomatisation by design.
While the different coverage makes the F1 scores hard to compare, all models receive
higher macro F1 scores on the ChEBI;fg?rAR subset when excluding missing pre-
dictions (especially ChemLog, which gains 29.67 pp). This shows that some of the
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low-scoring classes are classes which have fewer than 25 verified molecules in ChEBI.
For ChemLog, these are mostly classes defined by an element that is relatively rare (in
organic chemistry) and where not all molecules containing this element have the formal
relation to their molecular entity class. Thus, these classes receive particularly low pre-
cision values (the macro precision of ChemLog is 43.7%). However, as discussed in [8],
this low precision does not necessarily indicate that the rules are incorrect. Instead,
it often points to ChEBI classes where the annotation is incomplete. Mitigating this
issue is a task for future work.

5.3 Aggregation and Inconsistency Resolution

This evaluation compares the ensemble aggregation methods and inconsistency resolu-
tion algorithms discussed in Section 3. All algorithms have been calibrated / trained on
the validation set. The identified parameters are a = 0.75, 5 = 8 for WMV-F1 (trust,
cf. Equation 9). DES uses the confidence-based vote pdes-°°™  region size K = 1, profile
size K, = 9 and decision threshold gdes = 0.28. This means that the region of com-
petence in the feature space is reduced to the single most similar validation molecule
and DES relies mainly on the neighbourhood in the output space (i.e., samples that
have received similar base learner predictions). This indicates that neighbourhood in
the feature space did not provide the model with useful information. For LTR, the
selected parameters are k = 70 (candidate set size per base learner), a = 2.23 and
b = —1.62 (Platt scaling parameters) and 6" = 0.06. The full model configurations
can be found in the Supplementary Material.

Table 16 shows the grid of aggregation (rows) and inconsistency resolution
(columns) combinations. As for the base learners, the F1 score is reported as both
micro- and macro-aggregated on both ChEBIng; AR and ChEBI;fg?F AR- Lhe lat-
ter is relevant for comparing the ensemble results to the base learners, as no single base
learner can make predictions for all classes. In addition, we also report the sample-wise
consistency.

The first result to highlight is that all ensemble methods except for LTR beat
the best DL models substantially. On ChEBI3 0%, 5, WMV-F1 with 3-step / ILR-
Lukasiewicz resolution achieves a micro F1 of 93.44% (+1.59pp compared to GAT-
aug 3-STAR). DES with ILR-Lukasiewicz achieves a macro F1 of 80.71% (45.89 pp).
The simplest ensemble alone (MV without inconsistency resolution) reaches a macro
F1 3.43pp above GAT-aug (3-STAR). This shows that, by simply combining the
base learners, the overall predictions can be improved. The same goes for consistency,
where MV reaches 79.65% (+10.76 pp) and WMV-Conf reaches 83.29%. Even without
explicit inconsistency resolution, roughly a third of the inconsistent predictions can
be repaired by a majority vote.

Taking a closer look at the voting methods, a clear order can be seen: WMV-Conf
improves upon MV, and WMV-F1 improves upon WMV-Conf. This is in line with our
expectations as each method adds another source of information to the ensemble: MV
decides by the majority of models, WMV-Conf weights each model by its confidence
and WMV-F1 adds the F1 score-based trust to the model confidence. DES achieves the
highest macro F1, but a lower micro F1 than the voting methods. This indicates that
it is particularly good at predicting a range of smaller classes, but struggles on some of
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Table 16: F1 score / consistency (in percent) of aggregation-inconsistency resolu-
tion combinations on the test split.

Metric Aggregation none 3-step ILR-Godel ILR-Lukasiewicz ~HEX
MV 92.77 92.83 92.69 92.81 91.99
micro-F1 WMV-Conf 92.99 92.97 92.89 92.96 92.29
ChEBIZ 234 WMV-F1 93.28 93.32 93.06 93.32 92.94
3-STAR DES 92.42 92.80 91.35 92.58 92.24
LTR 88.67 89.44 87.19 88.18 91.43
MV 92.89 92.95 92.81 92.93 92.10
micro-F1 WMV-Conf 93.11 93.08 93.01 93.08 92.40
ChEBIL 766 WMV-F1 93.41 93.44 93.19 93.44 93.05
3-STAR  DES 92.56 92.92 91.48 92.71 92.35
LTR 88.86 89.57 87.36 88.33 91.53
MV 69.58 69.65 69.60 69.59 67.99
macro-F1 WMV-Conf 70.80 70.63 70.79 70.59 68.96
ChEBI2 234 WMV-F1 71.46 71.64 71.47 71.57 70.59
3-STAR  DES 71.89 72.44 71.60 72.44 69.24
LTR 67.42 70.00 66.63 68.18 69.89
MV 78.25 78.33 78.30 78.26 76.34
macro-F1 WMV-Conf 79.27 79.07 79.26 79.03 77.26
ChEBIL 766 WMV-F1 79.91 80.03 79.94 79.92 78.96
3-STAR  DES 80.02 80.62 79.65 80.71 77.64
LTR 75.07 77.52 73.94 75.44 78.71
MV 79.65
WMV-Conf  83.29
Consistency WMV-F1 79.10 100
DES 67.58
LTR 66.62

the larger classes. One possible explanation for this behaviour lies in its local approach:
DES works independently for every label, taking the output space neighbourhood as
its basis. This can be very efficient when having to make the most of a limited number
of positive samples, but can also fail at getting the full picture of larger classes. In
comparison, WMV-F1 might get imprecise weights for small classes where the F1
score is calculated based on only a handful of samples, but the weights become more
meaningful for larger classes. Remarkably, despite the good macro F1 score, in terms
of consistency, DES cannot compete with the voting methods, leaving roughly twice as
many molecules inconsistent as WMV-Conf. This could be a side effect of DES making
(correct) predictions for classes at the bottom of the label hierarchy while in some
cases missing classes further upwards. LTR is the worst-performing of our selection of
methods. Here, the striking difference to the rest is the number of predictions made
(163,666 positive predictions across the test set, compared to 144,908 for DES, both
without resolution). Consequently, the balance between recall and precision is shifted:
While LTR reaches the highest recall of all aggregations (81.4%, against 76.2% for
DES), it underperforms on precision (60.8% against 71.1% for DES).
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Fig. 7: Class-wise comparison between the best base learner (GAT-aug 3-STAR)
and the best ensemble (DES with ILR-Lukasiewicz) on the ChEBI;fg?FAR test set.

Left: Each point represents a class, with classes with more positive samples being
represented by larger points.

The inconsistency resolution methods show a clear pattern across ensemble con-
figurations. 3-step and ILR-Lukasiewicz produce near-identical results, both slightly
improving on the no-resolution F1 scores. This shows that both methods behave very
similarly in practice. Both give priority to confident predictions while predictions close
to the decision threshold get pulled to the other side if necessary. In contrast, ILR-
Godel is more “optimistic”, only correcting subsumption violations upwards. This is
reflected in the macro precision and recall: For DES, ILR-Go6del increases recall by
0.6 pp, but decreases precision by 1 pp. HEX follows the opposite strategy, most often
correcting predictions downwards. This lowers recall by 8.6 pp, but increases preci-
sion by 4.1 pp. While the “balanced” strategy of 3-step / ILR-Lukasiewicz seems to
be the best choice for most cases, LTR benefits most from HEX. This matches the
earlier analysis that LTR is overly optimistic. Here, HEX helps counteract LTR’s
tendency and corrects a large number of false positives. Another noteworthy observa-
tion is that DES gains more from inconsistency resolution than the voting methods.
With ILR-Lukasiewicz, the macro F1 of WMV-F1 increases by 0.11pp / 0.01 pp (on
ChEBI?31 .1/ ChEBI; S5, ), but the macro F1 of DES increases by 0.55pp /
0.69 pp. Apparently, given more inconsistent relations, 3-step and ILR-Lukasiewicz are
not only able to repair, but also improve the original predictions.

5.4 Class-wise Analysis

For a closer analysis of the results, we break down the prediction results by class.
For which classes does the ensemble improve against the base learners? Where does
it underperform? In the following, DES with ILR-Lukasiewicz is used as the ensemble
with the highest macro F1 and GAT-aug (3-STAR) is used as the best DL base learner.

Consequently, the evaluation is restricted to ChEBI:l,,fgg AR-
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Figure 7 shows the performance of the ensemble and the base learner per class.
Most classes perform similarly for both, with a slight tendency towards the ensemble.
In total, the ensemble improves upon the base learner for 1,000 classes and degrades
for 310 (the remaining classes are tied). While outliers with a large difference between
ensemble and base learner exist (mostly in the ensemble direction), those mostly rep-
resent smaller classes. The bulk of classes (especially larger ones) shows a strong
correlation between base learner and ensemble F1 score, with only a small delta.

This impression is confirmed by Figure 8, which bins the classes by their support
(i.e., the number of positive samples across the dataset). Here, a clear tendency is
visible where smaller classes have higher gains (> 10pp) while the largest classes
stay nearly unchanged (< 2pp). There are two factors driving this pattern: Firstly,
larger classes tend to have less room for improvement. Most of them have already
been learned near-perfectly by the base learners. Secondly, the different base learners
complement each other. While each DL model fails at some molecules or classes, not all
models fail at the same molecules or classes. Thus, although GAT-aug (3-STAR) is the
strongest DL model overall, for some classes, it is overruled by the other DL models. In
addition, the symbolic models can provide their own contributions for selected classes.
Their advantage (besides the coverage of classes outside the DL training set, which
is not shown in this section) is that they are not data-dependent. So even if a class
is difficult to learn (for instance, because not enough data points are available or the
data points are noisy), they can still make accurate predictions.

Instead of by size, we can also group ChEBI classes by chemical features. This
grouping is based on regex patterns on the class names (see Appendix E). Table 17
shows the F1 scores and numbers of improved / degraded classes for 14 groups. The
positive outliers are alkaloids and N-heterocycles, where the ensemble was able to beat
GAT-aug (3-STAR) by more than 15 pp on average. At the other end of the spectrum,
CoA is the only group where the ensemble loses for the majority of classes. This shows
that the ensemble gains are not equally distributed across the class spectrum. Groups
where the base learner has a low F1 score benefit from the ensemble in particular
(47.91% — 71.36% for alkaloids). Other groups are more diverse. For instance, 92 sugar
classes improved with the ensemble, sometimes by a large margin (e.g., TDP, dTDP
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Table 17: Macro F1 and number of improved / degraded labels for label subsets,
comparing the best base learner (GAT-aug 3-STAR) with the ensemble (DES with
ILR-Lukasiewicz) on the ChEBI;fS,GFAR test set.

Macro F1 (%) Classes
Label group n  Ensemble Base learner A (pp) Impr. Degr.
Alkaloid 18 71.36 47.91 23.45 12 2
N-heterocycle 136 80.63 64.06 16.57 99 5
Terpenoid 46 86.91 7797 8.93 32 5
Sugar/glycoside 172 78.11 70.78 7.33 92 42
Peptide 19 82.71 75.61 7.10 16 2
Metal/element entity 89 87.43 81.18 6.24 44 27
Fatty acid / acyl anion 176 80.96 76.27 4.69 85 31
Amino-acid derivative 79 74.17 69.61 4.57 44 14
Flavonoid 46 85.92 83.26 2.66 22 11
Glycerophospholipid/acylglycerol 78 88.39 85.85 2.54 29 8
Ceramide/sphingolipid 47 87.70 85.61 2.09 14 8
S/Se-containing 7 82.79 80.80 1.99 31 26
Steroid T 84.73 83.77 0.96 30 21
CoA/acyl-CoA 45 80.96 81.53 -0.57 15 18
Any family 984 82.22 76.10 6.12 516 190
No family 782 80.57 74.85 5.72 484 120

and UDP-sugar each gained more than 80 pp, cf. Appendix F). However, 42 classes
degraded as well. Overall, the ensemble acts as a stabiliser: every group reaches a
macro-F1 > 70% (with the base learner, three groups remain below 70%). Apparently,
weaknesses of base learners in specific areas can be compensated for by the ensemble
aggregation. The downside is that, in some areas (e.g., CoA), it is also possible for a
base learner to get drowned out by other, weaker base learners.

5.5 Base Learner Attribution

Until now, the evaluation has shown that the ensemble methods improve predictions,
especially for small classes. However, this raises the question of which base learners
are actually responsible for this. That is, do all of the base learners contribute equally
to the ensemble? And what happens if some of the base learners get removed? In this
section, the WMV-F1 ensemble with 3-step inconsistency resolution is used. While
this configuration does not have the highest macro F1, it has the highest micro F1
and, more importantly, does not rely on a trained model. This makes base learner
attributions easier.

To measure the contribution of a base learner to a prediction, the weights of the
WMV-F1 ensemble are measured directly for every (molecule, label, base learner)
tuple. By normalising against the sum of weights for each (molecule, label) pair, we get
a relative score for every base learner. Since the final predictions can be changed by
inconsistency resolution, we trace the flow of predictions through the 3-step resolution
algorithm: If the prediction of a class A is changed due to the relation with another
class B, the attribution of B gets propagated to A. For instance, consider a class A that

36



Table 18: Directly measured impact of each base learner on the
ensemble result (WMV-F1 + 3-step, ChEBIZ 37,5 test set).
Mean™ is the average on positive predictions only. “Improved
labels” refers to labels where the ensemble has a higher F1 score
than GAT-aug (3-STAR).

all labels improved labels
Base learner mean meant max mean A (pp)
GAT-aug (3-STAR) 11.69 13.81 98.22 13.77 +2.07
GAT (3-STAR) 10.47 12.42 88.90 13.23 +2.76
RGGCN-aug (3-STAR) 11.18 13.59 96.85 14.11 +2.93
RGGCN (3-STAR) 10.61 12.90 93.57 13.99 +3.38
GAT-aug 14.41 11.53 99.94 12.76 -1.65
GAT 11.24 8.96 99.92 10.04 -1.20
RGGCN-aug 12.65 11.08  100.00 11.44 -1.21
RGGCN 10.99 9.19  100.00 9.14 -1.85
Lopster 0.30 2.04  100.00 0.21 -0.09
CCPs 1.17 1.89  100.00 0.76 -0.40
ChemLog 5.28 2.58  100.00 0.55 -4.74

is a superclass of B, and base learners m and n with predictions p’y (x) = 0.55, p (z) =
0.35 and p; () = 0.4,p%(x) = 0.95. For simplicity, we assume 6™ = 6™ = 0.5 and a
trust of 1 for all base learners and labels. Then, the WMV-F1 ensemble calculates its

predictions as

conf’y () 0.1 1

Pa@) = o) + confi(a) ~ 01402 3 (22)

and
confy(x) 0.9 3

conffi (z) + conffy(z)  0.3+09 4
The contributions for A are 3+ / 2 (m / n) and § / 2 for B. Since the predictions
are inconsistent, the resolution algorithm corrects the prediction of A upwards. Thus,
we report 1 / % as the contributions for both A and B. Intuitively put: n has the
main responsibility for both predictions by confidently predicting B, and m only has
a minor contribution by not rejecting B confidently enough (and not being confident
enough in the prediction of A).

Table 18 and Figure 9 show the attributions for each base learner. “mean” and
“meant” are the average over all predictions and positive predictions, respectively.
“max” is the maximum attribution for a label. For labels where the ensemble improved
upon GAT-aug (3-STAR), we report the mean attribution and the difference to the
overall attribution.

Overall, attributions are highly distributed, with each DL model contributing at
least 10%. With 14.41%, GAT-aug has the highest mean attribution. This is expected
since it covers more labels than the 3-STAR DL models. The latter win when looking
only at positive predictions. Here, the extended coverage is less important (as it only
affects rare classes). Within the DL models, the order follows the F1 scores reported
in Section 5.2: Augmented models get a higher share in decisions than non-augmented

P(z) = (23)
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Fig. 9: Base learner attribution for the WMV-F1 ensemble with 3-step inconsistency
resolution (cf. Table 18).

ones. This correlation is trivial since the F1 score is directly used as the ensemble
weight. The symbolic models have a lower impact on the predictions, which can be
explained by their lower label coverage. Nevertheless, they have a maximum impact
of 100% since each symbolic model covers labels that no other base learner predicts.
The DL models also have a high maximum impact, especially the full-ChEBI models,
which all get at least 99.9% of the share on at least one label. This means that each
DL model almost unilaterally decides on at least one label.

A considerable shift happens when only taking classes into account where the
ensemble performed better than the best base learner, GAT-aug (3-STAR), excluding
classes where GAT-aug (3-STAR) cannot make predictions. Here, the 3-STAR models
have a higher impact, while all other models lose impact. Especially the contribution
of ChemLog diminishes to 0.55%. One can interpret this as ensemble gains coming
mostly from the interaction between 3-STAR and (to a slightly lesser extent) full-
ChEBI DL models. Symbolic models do not seem to play a major role here. Instead,
symbolic models provide two contributions to the ensemble: firstly, the extended class
coverage, and secondly, performance gains that are invisible when measuring only the
F1 score. As discussed in Section 5.2, the rules for Lopster and ChemLog have been
manually crafted and verified against ChEBI data. Thus, we argue that these rules
can be trusted and should stay part of the ensemble even if they do not improve the
F1 score. This is mainly a limitation of our metrics and the underlying dataset and
not one of the symbolic models.

While Table 18 shows that all DL models contribute to the ensemble, this does
not answer the question of whether all models are strictly necessary for the ensemble
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Fig. 10: Macro F1 for subsets of ensemble base learners (aggregated with WMV-
F1, no inconsistency resolution). All subsets include the symbolic models and a given

number of DL models. Evaluated on the test set with ChEBIngf}AR (left) and
ChEBI} "S5, i (right) labels.

to function. That is, when removing one model, would the remaining ones be able to
pick up the slack? To address this question, we have evaluated the ensemble (WMV-
F1, for performance reasons without inconsistency resolution) for 255 different sets
of base learners ranging from one DL model to all DL models (symbolic models are
always included).

The results are displayed in Figure 10. The macro F1 score increases up to an
ensemble size of five DL models. Adding more models does not substantially improve
performance beyond that point. In fact, for classes in the ChEBI;fg?rAR subset, it
can even slightly reduce the macro F1 score. The choice of which DL models to select at
a given ensemble size is also relevant. Especially for smaller ensemble sizes, the spread
between the best- and worst-performing subsets increases. Overall, the best ensemble
subset on ChEBI;fgfirAR is the 6-DL configuration with all 3-STAR models, GAT-
aug and GAT (not using RGGCN and RGGCN-aug), reaching a macro F1 score of
80.24% (40.33 pp vs. 8-DL).

In addition, we have calculated the Shapley values for each DL base learner from
the ensemble subsets (cf. Table 19). The Shapley value of a base learner is its average
marginal contribution, i.e., the macro F1 gain obtained by adding it to a subset of
the other DL models, averaged over all such subsets with weights that give each
subset size equal influence. The values sum to the gain of the full ensemble over the
symbolic models alone, that is, roughly 53 and 59 percentage points on the two label
sets. These values are again in line with the attributions measured in Table 18: All
models receive similar values, with better-performing models getting slightly higher
ones. The pattern of full-ChEBI models contributing more to ChEBIgfg% AR and 3-

STAR models contributing more to ChEBI;fg?r AR 18 also visible. This underlines the
conclusion that all DL models contribute to the ensemble, but some are replaceable
without losing performance. Only when more than three models are removed does
ensemble performance degrade noticeably.
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Table 19: Shapley values ¢ (in percentage points of macro
F1) of each DL base learner, i.e., the weighted average of
the macro F1 gain obtained by adding the base learner to
each subset of the other DL models. The symbolic models are
always included. By construction, the values sum to the gain
of the full ensemble over the symbolic models alone.

Base learner ¢ ChEBIZ*3%,. ¢ ChEBI}"SS, .
GAT-aug (3-STAR) +6.59 +8.34
GAT (3-STAR) +6.18 +7.82
RGGCN-aug (3-STAR) +6.38 +8.07
RGGCN (3-STAR) +6.13 +7.76
GAT-aug +7.95 +7.47
GAT +6.30 +6.26
RGGCN-aug +7.10 +6.86
RGGCN +6.22 +6.08
sum +52.85 +58.65

6 Conclusion

In this work, we have presented Chebifier 2, an ensemble framework for the ChEBI
ontology extension task. The ensemble combines eight deep learning and three sym-
bolic classifiers into a single prediction over 2,234 ChEBI classes. Ensemble methods
in the literature have mostly been developed for binary and multi-class problems. We
have extended the methodology, both for aggregation and for inconsistency resolu-
tion, to the hierarchical multi-label setting that arises naturally in ontology extension
tasks, where the label space is structured by subsumption and disjointness axioms.
We have studied five aggregation methods. The voting methods majority vot-
ing (MV) and the two weighted majority voting schemes WMV-Conf and WMV-F1
provide increasing performance by adding further information: the confidence of the
individual prediction and the validation performance of the base learner. Among the
meta-learning methods, dynamic ensemble selection (DES) achieves the highest macro
F1, while learning to rank (LTR) falls behind, as it produces too many positive predic-
tions. Since the ChEBI ontology provides subsumption and disjointness axioms, we let
an inconsistency resolution step follow the aggregation. We have compared three res-
olution methods, Hierarchy and Exclusion (HEX) graphs, Iterative Local Refinement
(ILR, based on a fuzzy logic such as Godel logic or Lukasiewicz logic) and a novel 3-step
algorithm, and adapted them to the multi-label case. All three remove every inconsis-
tency, but they differ in character and in resulting predictive performance: 3-step and
ILR-Lukasiewicz behave almost identically and balance corrections in both directions,
ILR-Godel is optimistic and corrects violations upwards, and HEX is pessimistic, cor-
rects predictions downwards and performs worst overall. The best combinations are
DES with ILR-Lukasiewicz, reaching a macro F1 of 80.7% on the ChEBI} S5, o
labels, 5.9 percentage points above the best single classifier, and WMV-F1 with 3-step
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resolution, reaching the highest micro F1 of 93.4%. Even the simplest ensemble, major-
ity voting without inconsistency resolution, improves the macro F1 by 3.4 percentage
points.

The gains are not distributed evenly. They are largest for small, chemically diffi-
cult (and interesting) classes, where the ensemble improves upon the best base learner
by more than 10 percentage points, while the largest classes remain nearly unchanged.
Most deep learning base learners contribute substantially to the ensemble, each receiv-
ing at least 10% of the attributed decisions, but they are also largely interchangeable:
five of the eight models suffice, and the Shapley values of all models lie in a narrow
range. The symbolic classifiers barely affect the F1 score, but they extend the cover-
age of the ensemble by 117 classes for which insufficient training data (fewer than 25
samples) is available, are consistent by construction, and rest on rules that have been
verified by experts. Their comparatively low precision frequently points to incomplete
annotations in ChEBI rather than to errors in the rules.

Our evaluation has limitations. It is restricted to ChEBI, and it uses ChEBI itself
as the gold standard, although its annotations are known to be incomplete. Future
work will therefore include feeding the annotation gaps uncovered by the symbolic
classifiers back into ChEBI. Further directions are the transfer of the methodology to
other ontologies with subsumption and disjointness axioms, such as the Gene Ontology
from which LTR originates; the integration of new and improved base learners, for
instance classifiers based on inductive logic programming (ILP) [68] and/or LLMs; the
combination of the strengths of DES on small classes and WMV-F1 on large classes;
and explanations for ensemble decisions that trace a prediction through aggregation
and inconsistency resolution, which we have deliberately left out of the scope of this
work.

Chebifier 2 is available as a Python library [18] and as a web frontend [19].

Supplementary information. The implementation of our ensemble can be found
at https://github.com/ChEB-AI/python-chebifier. An interactive website for chemi-
cal classification can be found at https://chebifier.hastingslab.org/. The website also
provides explanations of individual classifications for ChemLog and CCPs. Trained
models and ensemble weights are available at https://zenodo.org/records/23161410.
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Appendix A HEX Graph Bounded Inference

A central problem of the HEX graph inconsistency resolution (cf. Section 3.2.1) is
that its performance depends on the structure of the label space. Calculating the
predictions requires iteration over the set of consistent assignments Y¢. According to
Theorem 3 of [16], the number of consistent assignments is bounded by

Ve[ < (V] - Qg +1)2%¢ (A1)

where ¢ is the maximum overlap of G, i.e., the highest number of classes with
which some node of G does not share an edge in G. The algorithm suggested by [16]
takes this issue into account and splits G into cliques by forming a junction tree. In
the inference algorithm, the state space is enumerated per clique and sum-product
message passing is used to align the cliques. This brings inference complexity down to
O(min{|V|2%,|V|?2%¢}) (Theorem 4 of [16]) given the junction tree width w. However,
this is not sufficient for our use case. When constructed for the ChEBI labels, the
junction tree width is 62 and the number of possible assignments for the largest clique
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alone is > 230, This makes neither assignment enumeration for the individual cliques
nor message passing between the cliques viable.

The underlying reason for this lies in the structure of our label hierarchy. While
Deng et al. [16] evaluate their method on a multi-class problem and assume all leaf
classes to be disjoint, in this work, the problem is a multi-label one where multiple
assigned leaf classes are a common feature. Actual disjointness relations are compara-
tively sparse and have to be defined explicitly. Therefore, the assignment space grows
exponentially for ChEBI.

Algorithm 2 HEX-bounded inference algorithm

Input: HEX Graph G = (V, Ey, E.)
Input: logits 1° € R¢
Input: maximum number of iterations n
Input: set of classes C'
Output: phexfbounded(x) c [0’ 1]0
ap + CLOSE(0), 0)
A+ {ap} > Initialise frontier
for alli € {0,1,...,n} do
a* = (P*,Q*) < argmax(U(a) — L(a))
cA

ol > A v

© 3 >

10: k* < argmax softplus(If)

keV\(P*UQ*)
11: A<+ (A\ {a*}) U{CLose(P* U {k*},Q*), CLOSE(P*,Q* U {k*})}
12: for allc € C do

13: mlo i« AGGREGATE(A, c)

14: end for

15: if Ve e C: (nlo > 9he® & ghi > gher) then > Early stopping
16: BREAK

17: end if

18: end for
19: phex—bounded(x) — 7.‘.10

To address this, we propose a new inference algorithm (cf. Algorithm 2) that
does not enumerate the whole assignment space. Instead, it approximates p?ex(x) by
defining lower and upper bounds that are iteratively refined. Each iteration partitions
the assignment space into segments for which the lower and upper bounds can be
tightened effectively. Each segment is a partial assignment a = (P, @) that defines the

subset of assignments setting all labels in P as positive and all labels in @) as negative:
Y(a) = {y° € Y*lyp = 1 Ayg = 0} (A2)

The weight of a partial assignment is the weight of its assignments:

W= 3 wy®) (A3)



A partial assignment is closed if P contains all superclasses of labels in P and @
contains all subclasses of labels in ) as well as all labels that are disjoint with a
label in P. Since the hierarchy edges Ej already include the transitive closure of
the subsumption relation and the exclusion edges E. already include all disjointness
relations propagated to subclasses, the closure of a partial assignment can be inferred
trivially (cf. Algorithm 3).

Algorithm 3 Partial assignment closure for HEX-bounded inference

1: function CLOSE(P, Q)

2 P« PU{j| (vj,v;) € E}, for some i € P}

3 Q' <+ QU{j | (vi,vj) € E}, for some i € Q}U{j | (v;,v;) € E, for some i € P}
4: return P, Q’

5. end function

For a closed partial assignment a, we can calculate lower and upper bounds such
that L(a) < W(a) < U(a). L(a) is the weight of the assignment with only the labels
in P set as positive (so all undecided class labels are set as negative):

L(a) = H ele(@) (A4)

ceEP

The upper bound also takes the weights of the classes in P, but multiplies them
by 1 + e<(®) for each undecided class. This is the sum of both options: either the
undecided class is negative (contributing a factor of 1) or it is positive (contributing
its odds eli("”)). The weight would reach this upper bound if all undecided classes had

no constraints.
U =[] ] @+e) (A5)

ceP ceV\(PUQ)
A frontier A is a set of closed partial assignments partitioning the state space:

Ve =4 Y(a) (A6)
acA

In Algorithm 2, it is initialised with the closure of a = (0, (). At each iteration, we
choose the partial assignment a* with the largest uncertainty and split it into two
halves along a label k*. k* is the free label in a* with the highest contribution to this
uncertainty. This produces two partial assignments, one with £* € P*, the other with
k* € Q*, which are both added to A.
The lower and upper bounds of the partial assignments are propagated to label
bounds by Algorithm 4 such that
e < pett(a) < met (A7)
While N M!° and M are direct sums of lower / upper bounds of partial assign-
ments, N'° is less intuitive. Here, for the partial assignments A where c is free, we
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Algorithm 4 Frontier aggregation for HEX-bounded inference

1: function AGGREGATE(A, ¢) > Propagate bounds to the labels
2 AP+ {(P,Q) € A|ce P}

3 A — {(P,Q) € A|ce @}

4 AP A\ (AP U A9)

5 AFe « {Crose(PU {c},Q) | (P,Q) € AT}

6 Néo — ZaEAP L(a‘) + ZaGAFC L(a‘)

7 NI > agae Ula)

8 M >agar Lia)

9 MM > agar Ula)

lo
lo Ng
10: Te < NTo AT
hi
) hi N,
11: T N
12: return 7/° 7/

13: end function

can add c to the assignment to increase the lower bound, creating a new set of partial
assignments AF¢. This is possible because the partial assignments in A are closed.
Therefore, if ¢ is still free, it means that there is a possible assignment containing ¢ as
a positive label.

We call a label certified if the lower and upper bounds are on the same side of
the decision threshold 6°. If a label is certified, the ensemble’s final decision for this
label is necessarily the same as the one it would produce given full inference over
the label space. If all labels are certified or the maximum number of iterations is
reached (in this work, we use 2,000), the inference algorithm terminates. Preliminary
experiments have shown that our algorithm certifies > 99% of labels across the test set,
reaching certification on average after 73.7 iterations . If a label is not certified, the
lower bound is chosen. This ensures consistency since the lower bounds are monotone
(7% < 7l¢ for A subclass of B) and trivially satisfy the disjointness condition. This
makes Algorithm 2 a suitable approximation of the inference algorithm proposed by
[16].

Appendix B ILR Refinement Functions

This section covers the refinement functions used by the Iterative Local Refinement
(ILR, cf. Section 3.2.2) algorithm. Based on the Gédel and Lukasiewicz t-norms, these
are the minimal refinement functions needed to reach the desired target value. The
formulas used in this work are special cases of the ones discussed in [17].

The Godel refinement functions for subsumption / disjointness relations are

P (tatp, 1) = {max(ttih tB)] >

4In practice, the algorithm is run for at least 1,000 iterations since it is more computationally efficient
than checking for convergence at every iteration.
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and
0 if tq<tp
t4 otherwise

“ (tatp,0) = B9
Pre(tasts;0) 0 if tp<ty (B9)

tp otherwise

For subsumptions, this means that the Godel implication always leaves the subclass
unchanged and bumps up the superclass. For disjointness relations, the Godel t-norm
sets the lower value to 0.

The HLukasiewicz implication R; and t-norm 7Tj; show a noticeably differ-
ent behaviour. The Lukasiewicz implication is the fuzzy counterpart of —=A V B:
Rp(ta,tp) = min(l,1 —ta +tg) = Sp(1 — ta,tp), where Sy, is the Lukasiewicz t-
conorm. Its minimal refinement function is therefore obtained from that of Sy, applied
to (1 —ta,tp), with the change to the negated antecedent translated back to t4:

(B10)

. _ [ta — $max(ts —t5,0)
PR, (ta,tp,1) = LB + gmax(tA —5,0)

lifts the superclass up and pushes the subclass down so that they meet in the middle.

1

ta — lmax(tA +tp—1,0)
tB—§maX(tA—|-tB—1,0) (B11>

p;“L (tA7 iB, O) = [
pushes both disjoint classes down equally.

Appendix C Consistency of 3-step Inconsistency
Resolution

In this section, a proof sketch for Proposition 1 is provided, showing that the 3-
step inconsistency resolution algorithm leads to consistent predictions with regard to
subsumption and disjointness axioms.

Given are input predictions p®(z) € RY, a reflexive and transitive subsumption
relation C and a set of disjoint class pairs {(a,b)|(a,b) € C> Aanb = L}. Regarding
subsumption violations, only step 3 of Algorithm 1 is relevant (the purpose of step 1
is to take the predictions into account where possible). Here, for any class a that has a
superclass b, the set of superclasses of a will be a superset of b’s superclass set (due to
the transitive nature of C). Therefore, the minimum of predictions across a’s superclass
set will be equal to or lower than b’s minimum. In other words, p%3(z) < p;3(z) is
guaranteed. Thus, if the prediction of a is positive, the prediction of b must be positive
as well.

Disjointness relations are resolved by step 2. For each pair (a, b) of disjoint classes,
it ensures that either p’?(x) < 6¢ or pj(z) < 6°. This still holds if the predictions
are later changed (either by other disjoint pairs involving a or b or by step 3) since
all changes are downward corrections. Therefore, pi3(z) < pi2(z) < 6° or pj3(z) <
py?(x) < 0°. The same holds for class pairs that are subclasses of classes with an
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Table D1: Comparison of Lopster and ChEBI for each class directly predicted by a Lopster
rule.

ChEBI Class Total Lopster ChEBI Neither  Cohen’s

abs. rel. abs. rel. Kappa
37138 (astatine molecular entity) 0 0 - 0 - 18,968 1.00
22928 (bromine molecular entity) 210 210  1.00 51 0.24 18,758 0.39
23117 (chlorine molecular entity) 1,055 1,055 1.00 285 0.27 17,913 0.41
24062 (fluorine molecular entity) 1,073 1,073  1.00 163 0.15 17,895 0.25
24860 (iodine molecular entity) 56 56  1.00 20 0.36 18,912 0.53
24471 (halogen molecular entity) 2,259 2,258 1.00 538  0.24 16,709 0.35
36917 (polonium molecular entity) 4 4 1.00 0 0.00 18,964 0.00
26628 (selenium molecular entity) 20 20 1.00 7 035 18,948 0.52
26835 (sulfur molecular entity) 3,130 3,101  0.99 1,061 0.34 15,838 0.45
33305 (tellurium molecular entity) 7 7 1.00 6 0.86 18,961 0.92
33304 (chalcogen molecular entity) 18,335 18,333 1.00 13,300 0.73 633 0.15
36919 (antimony molecular entity) 2 2 1.00 0 0.00 18,966 0.00
22632 (arsenic molecular entity) 17 17 1.00 10 0.59 18,951 0.74
37196 (bismuth molecular entity) 3 3 1.00 2 0.67 18,965 0.80
51143 (nitrogen molecular entity) 11,915 11,915 1.00 7,631  0.64 7,053 0.57
33302 (pnictogen molecular entity) 12,367 12,365 1.00 8,489  0.69 6,601 0.60
23237 (chromium molecular entity) 5 5 1.00 5 1.00 18,963 1.00
25370 (molybdenum molecular entity) 8 8 1.00 7 0.88 18,960 0.93
37224 (seaborgium molecular entity) 0 0 - 0 - 18,968 1.00
33742 (tungsten molecular entity) 2 2 1.00 2 1.00 18,966 1.00
33741 (chromium group molecular entity) 15 15  1.00 14 0.93 18,953 0.97
33583 (noble gas molecular entity) 4 4 1.00 3 075 18,964 0.86
50860 (organic molecular entity) 18,771 18,752 1.00 18,082 0.96 197 0.35
25806 (oxygen molecular entity) 18,166 18,165 1.00 12,709 0.70 802 0.16
33608 (hydrogen molecular entity) 18,796 18,796  1.00 2,846  0.15 172 0.00
26082 (phosphorus molecular entity) 1,641 1,639 1.00 1,350 0.82 17,327 0.89
24835 (inorganic molecular entity) 218 216 0.99 87 0.40 18,750 0.56
24632 (hydrocarbon) 201 156  0.78 156  0.78 18,767 0.71
24472 (halohydrocarbon) 30 28 0.93 16 0.53 18,938 0.64
33238 (monoatomic entity) 47 47 1.00 19 0.40 18,921 0.58
33575 (carboxylic acid) 4,018 3,765 0.94 1,303 0.32 14,950 0.38
33308 (carboxylic ester) 4,002 3,902 0.98 1,565 0.39 14,966 0.48
17087 (ketone) 3,212 3,200 1.00 872 0.27 15,756 0.38
25710 (organophosphorus compound) 1,612 1,607 1.00 977  0.61 17,356 0.74
194538 (livermorium molecular entity) 1 1 1.00 0 0.00 18,967 0.00
194536 (moscovium molecular entity) 0 0 - 0 - 18,968 1.00

asserted disjointness relation: If @’ C a and b’ C b, step 3 ensures that pZ3 (z) < p-3(x)
and py?(x) < py3(z). From this, p77(z) < 6° or pj?(z) < 6° follows trivially.
Appendix D Lopster Evaluation

Table D1 shows the evaluation of Lopster on the ChEBI test set. Since we know that
ChEBI annotations are incomplete, we do not use ChEBI as a gold standard to com-
pute an F1 score for Lopster. Rather, we focus on inter-rater agreement. For each
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class, we compare the number of molecules belonging to the class according to the Lop-
ster rules (“Lopster abs.”) to the number of is a relations in ChEBI (“ChEBI abs.”).
“Total” shows the number of molecules assigned to the class by either method. The
relative scores give the proportion of “Total” assigned by Lopster / ChEBI. Molecules
that were not assigned to the class are counted as “Neither”. Cohen’s Kappa [69] is
the inter-rater agreement between Lopster and ChEBI, with a higher score signalling
closer agreement. It is calculated as

2 x (Both x Neither 4+ (Both — ChEBI) x (Lopster — Both))

" Lopster x (Lopster — Both + Neither) + ChEBI x (ChEBI — Both + Neither)
(D12)

where
Both = Lopster + ChEBI — Total. (D13)
For a derivation of this formula, see Appendix B of [§].

Appendix E Regex Patterns for ChEBI Class
Grouping

In Section 5.4, feature-based label subsets have been extracted by matching regular
expressions against ChEBI class names. Table E2 shows the regex patterns used for
each group. These patterns have been generated with LLM assistance and have been
reviewed by the authors.

Appendix F Class-wise F1 Scores

Table F3 shows the 15 classes with the largest gains / losses of the ensemble against the
best DL base learner and a support of at least 50 (which equates to approximately 10
test positives). Some of the groups discussed in Section 5.4 have representatives here.
For instance, sugars appear prominently as the largest gains ( TDP-sugar, dTDP-sugar,
UDP-sugar), but also in the losses (mannooligosaccharide).
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