POLITECNICO DI TORINO
Repository ISTITUZIONALE

Discovery of Logic-Probabilistic Rules from COVID-19 Vaccine Antibody Response in Older People:
Results from the GeroCovid VAX Study

Original

Discovery of Logic-Probabilistic Rules from COVID-19 Vaccine Antibody Response in Older People: Results

from the GeroCovid VAX Study / Vespa, M., Remelli, F., Bellodi, E., Incalzi, R.A.. - ELETTRONICO. - 15734:(2025), pp.
457-467. (AIME 2025, 23rd International Conference on Artificial Intelligence in Medicine Pavia (ITA) June 23-26, 2025)
[10.1007/978-3-031-95838-0_45].

Availability:
This version is available at: 11583/3003733 since: 2025-10-07T12:49:07Z

Publisher:
Springer Science and Business Media Deutschland

Published
DOI:10.1007/978-3-031-95838-0_45

Terms of use:

This article is made available under terms and conditions as specified in the corresponding bibliographic description in
the repository

Publisher copyright
Springer postprint/Author's Accepted Manuscript

This version of the article has been accepted for publication, after peer review (when applicable) and is subject to
Springer Nature’'s AM terms of use, but is not the Version of Record and does not reflect post-acceptance improvements,
or any corrections. The Version of Record is available online at: http://dx.doi.org/10.1007/978-3-031-95838-0_45

(Article begins on next page)

26 August 2026



Discovery of logic-probabilistic rules from
COVID-19 vaccine antibody response in older
people: results from the GeroCovid VAX Study

Michela Vespa! (5)[0009-0004-4350=8151] " Eyancesca
Remelli2[1111-2222-3333-4444] Rlena Bellodi![0000—-0002—3717-3779]
)

Raffaele Antonelli Incalzi3[0000—-0003—-2100—-2075]*

, and

! Universita di Ferrara, Dipartimento di Ingegneria
2 Universita di Ferrara, Dipartimento di Scienze mediche
3 Universita Campus Bio-Medico di Roma

Abstract. This paper presents a novel approach to handle uncertain,
noisy and incomplete biomedical data through Probabilistic Logic Pro-
gramming. Unlike previous systems, based on Inductive Logic Program-
ming (ILP) for rule discovery or on user-defined probabilities, our ap-
proach enables the automatic discovery of probabilistic integrity con-
straints directly from biomedical data. These constraints are annotated
with a probability and can assign a probability of belonging to the posi-
tive class to logical interpretations, which are used to formalize patients’
medical records. We apply the PASCAL (“ProbAbiliStic inductive Con-
strAint Logic”) algorithm for learning such constraints, and we show
that it outperforms traditional ILP and data mining approaches, such as
TILDE, Aleph and Association Rules, on the data relative to long-term
care facility residents participating in the GeroCovid Vax study.

Keywords: Probabilistic Logic Programming - integrity constraints -
Biomedical Data Mining - COVID-19 vaccine.

1 Introduction

Medical data often contains uncertainty due to factors like biological differences,
diverse disease progressions, measurement errors, and incomplete records. This
uncertainty complicates efforts to derive reliable insights, as traditional ana-
lytical methods often produce oversimplified models that fail to capture the
probabilistic relationships in the data. Logic-based methods provide an inter-
pretable approach to this task, enabling the representation of relationships as
human-readable rules in the form of First Order Logic (FOL) clauses (e.g.,
V(X) Hypertension(X) — PoorVaccineResponse(X)). In particular, Inductive
Logic Programming (ILP) systems automate the discovery of such rules directly
from data. However, these systems generate deterministic rules, which fail to
capture the inherent uncertainties present in real-world datasets. To address this
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limitation, Probabilistic Logic Programming (PLP) extends the capabilities of
ILP by integrating probability theory with logical representations, enabling the
expression of uncertain relationships while retaining the interpretability of sym-
bolic Artificial Intelligence (AI). In this work, we apply PASCAL ("ProbAbiliS-
tic inductive ConstrAint Logic") [15], an algorithm that learns logic-probabilistic
theories, to the data collected in the GeroCovid VAX Study [20].

The COVID-19 pandemic has generated a lot of observational healthcare
data, and this has highlighted the importance of data-driven approaches to help
in understanding the complex interplay between patients’ characteristics and
clinical trajectories after the acute disease. The GeroCovid VAX Study emerged
as a significant multicenter longitudinal study during the pandemic, focusing on
understanding the clinical characteristics and outcomes of COVID-19 in older
people, resident in long-term care facilities, who had undergone at least one
dose of any type of anti-SARS-CoV-2 vaccination. In a subsample group, immune
response at timed intervals from the first dose was investigated, aiming to identify
factors influencing vaccine efficacy.

We compare PASCAL against established ILP methods such as TILDE |[3]
and Aleph [18], and traditional Association Rule Mining (ARM) algorithms like
FP-Growth [10] and Eclat [23]. In order to apply PASCAL, we formalize the
medical information of each patient as a labeled (positive/negative) interpreta-
tion. The theories learned by PASCAL are composed of probabilistic integrity
constraints which assign a probability of being positive to new interpretations.
TILDE and Aleph were chosen as they are among the most representative for the
learning from interpretation setting in ILP (where the goal is to learn a theory
that covers the positive interpretations and rules out the negative ones), while
FP-Growth and Eclat can efficiently mine ARs. We demonstrate that PASCAL
outperforms them according to several machine learning performance metrics
and the clinical relevance of the findings. Models learned by PASCAL prove par-
ticularly effective in addressing the GeroCovid dataset’s challenges, including
missing data, heterogeneous clinical profiles, and a limited sample size.

The paper is organized as follows: Section 2 reviews related work. Section 3
introduces our methodology for representing clinical data using FOL. Section 4
describes the algorithms employed in the experiments. Section 5 presents exper-
imental results on the GeroCovid data. Section 6 concludes this work.

2 Related Work

Medical data presents unique challenges for automated analysis due to its in-
herent complexity and heterogeneity. These challenges are compounded by un-
certainty from missing data, variable patient responses, and the retrospective
nature of healthcare records, which suffer from inconsistent collection patterns
and varying documentation practices across providers and time periods [12]. The
application of Logic Programming (LP) and ARM methodologies in biomedical
domains has been an active area of research, yet challenges persist in developing
systems that can effectively handle uncertainty while maintaining interpretabil-
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ity. LP enables the representation of medical knowledge through logical rules. An
example of this approach can be found in [11], which develop a decision system
using Prolog-based argumentation logic to formalize clinical reasoning patterns
into executable rules. In [14] ILP techniques were used to discover disease associ-
ations and risk factors for cholangitis and breast angiosarcomas from pathology
data. Rule mining techniques, such as ARs, decision-tree-based methods and
Learning Classifier Systems [21], are widely used in biomedical data analysis to
uncover clinical patterns [2,8,19] with Apriori and Apriori-like algorithms. [7]
apply fuzzy sets to address imprecision in medical data. While fuzzy theory im-
proves the interpretability of qualitative data, it lacks a quantitative framework
based on probability theory for uncertainty.

PLP has emerged as a promising field for medical data analysis due to its
ability to combine logic and probability to handle uncertainty. Prior research [4]
has applied PLP to perform breast cancer diagnosis and predict malignancy
through the SKILL system [5]. SKILL uses TopLog to learn candidate rules and
the ProbLog Yap library as a probabilistic inference engine. Both examples for
the target predicate and the background knowledge (BK) are manually anno-
tated with probabilities based on medical knowledge. Instead, our work focuses
on learning logic-probabilistic constraint theories directly from data. [22] employ
the principle of maximum entropy to build a knowledge base for analyzing brain
tumor data, combining expert knowledge and statistical data to handle uncer-
tain information, which can then be queried for diagnosis and prognosis. [16]
apply Markov Logic Networks for both learning and inference on genetic data,
combining FOL with probabilistic graphical models to capture complex interac-
tions. While this method effectively integrates domain knowledge and handles
uncertainty, it can become difficult to interpret as the networks grow; in contrast,
our models are highly interpretable.

3 Clinical Data Representation

3.1 First-Order Logic

In order to apply PASCAL, TILDE and Aleph we formalized clinical data into
logical interpretations. Each interpretation corresponds to a patient and con-
sists of a set of ground facts whose predicates represent a patient’s attributes
and their arguments the attribute values. Missing data was handled by exclud-
ing the relative attribute from the interpretation. The attributes include the
number of COVID-19 vaccine doses received (from 1 to 3), mobility levels, sex,
age, physical activity over the last 3 months, the total number of medications
taken, with polypharmacy in case of more than 5 medications. Chronic diseases,
such as frailty, chronic kidney disease, poor nutrition, cancer, immune disease,
inflammatory bowel disease, liver disorders, diabetes, obesity, osteoarthrosis, ar-
terial hypertension, cardiovascular diseases, atrial fibrillation, peripheral arte-
rial diseases, chronic respiratory diseases, depression, anxiety, cognitive diseases,
epilepsy, Parkinson, thyroid diseases, heart ischemic diseases, urological diseases
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were also included, along with the total count of chronic conditions. The hu-
moral immune response was measured before vaccination (TO0), 2 months after
the first dose (T1), 6 months after the first dose (T2), and 12 months after
the first dose (T3). Changes in antibody levels were also calculated to assess
antibody response over time (from TO0 to T1, T1 to T2, and T2 to T3). Informa-
tion on COVID-19 infections prior to vaccination, at six and twelve months was
included. According to the World Health Organization (WHO) clinical scale,
different patient statuses were registered at TO, T1, T2, T3, ranging from no
infection to severe illness requiring hospitalization. Patient outcomes were clas-
sified as: clinical improvement, no significant changes, significant adverse events,
death, transfer to another facility or loss to follow-up. Additionally, vaccination
status for COVID-19, flu, pneumococcal disease, and herpes zoster was recorded.

In our mapping the first argument is the patient’s ID. The following inter-
pretation represents a subject identified as ‘it 0044 003650’:

mobility_level(it_0044_003650,maximum_assistance).
frailty(it_0044_003650) .
antibody_response_0(it_0044_003650,4.81).

outcome (it_0044_003650,n0_major_change) .
covidvaccine(it_0044_003650,bnt162b2,2_doses).
fluvaccine (it_0044_003650,No) .

patient (it_0044_003650,pos) .

The patient requires maximum assistance in moving and is frail. At T0 anti-
COVID antibodies were equal to 4.81 BAU/ml. The patient remained stable
throughout the observation period with no major changes. She received 2 doses
of the Pfizer-BioNTech (BNT162b2) COVID-19 vaccine but not the flu one. As
TILDE, Aleph and PASCAL are supervised learning algorithms, we had to label
interpretations as positive or negative, according to one of the following two
criteria: 1) patients were classified as positive if at least one antibody response
at different times T was > 33.8 or if it was > 33.8 at all time points, and classified
as negative in the other cases; 2) mortality: patients were labeled as positive if
they died during the study. Note that the last ground fact is always defined by
a patient/2 predicate to specify the class (pos/neg) of interpretations.

3.2 Association Rules

Let 7 be a set of items, where each item is a literal attribute=value. A transaction
T C 7 is a subset of Z. Association rules are defined on a set of transactions 7T .
An AR R is in the form X — Y, where X (antecedent) and Y (consequent) are
two sets of items. Support and confidence are the two main parameters used to
find relationships between items [1]. The transformation of clinical data for ARM
involved several preprocessing steps. Each patient corresponds to a transaction
and each of her attributes to an item. Missing values in the dataset were excluded
from the corresponding transactions. Attributes with categorical values (e.g., sex,
vaccination type) were converted using One-Hot Encoding: each categorical value
is converted into one binary attribute. Continuous attributes (e.g., antibody



Discovery of logic-probabilistic rules from COVID-19 vaccine antibody 5

levels) were discretized into meaningful ranges or into 2 groups with respect
to a threshold (low antibody response, high antibody response), based on
medical expert input. These ranges were then encoded into binary attributes.
Finally, each transaction lists only the binary attributes taking on value 1. The
patient previously described by a logical interpretation becomes:

TID Itemset
1 {it_0044_003650, maximum_assistance, frailty, low_antibody_response,
no_major_change, bnt162b2, 2_doses, no_flu_vaccine}

where TID is the Transaction ID and Itemset is the set of items describing
the patient. As FP-Growth and Eclat are unsupervised learning algorithms, we
did not need to label the patients.

4 Rule Learning

In the following, we describe how the algorithms used for learning (P)LP theories
and AR work.

4.1 Learning (probabilistic) logic models

TILDE* is an ILP algorithm that constructs logical decision trees (DT) from
data under the learning from interpretations setting. It extends traditional DT
learning algorithms, which typically operate on propositional data, to handle
relational data. TILDE learns a DT by recursively partitioning the data using
FOL queries, guided by a heuristic. It generates queries via refinement opera-
tors, leveraging a knowledge base (KB) to partition examples into subsets until
nodes are pure or splitting yields minimal gain. During classification, examples
are evaluated by traversing the nodes (i.e. queries), ending at leaves that as-
sign a class (pos/neg) based on the majority label of examples in that leaf.
The learned tree translates into a logical theory composed of rules of the form:
class([pos/neg]):-ql, ...,qn. where the head is a single atom representing
the majority class (positive or negative) of the leaf, while the body consists of
the conjunction of queries (q1,...,qn) along the path from the root to that
leaf. Aleph® is another ILP system that learns logic programs from positive E
and negative E~ examples. Given a KB containing ground facts, Aleph builds
hypotheses through a general-to-specific search strategy. It begins by selecting
a seed example from ET and generating a saturation set, which represents an
overly specific clause derived from the KB. This clause is then generalized via top-
down refinement, iteratively adding literals to maximize coverage of Et while
minimizing coverage of £, guided by a heuristic function. Each candidate clause
is evaluated based on accuracy or coverage. If a clause meets predefined criteria,
it is added to the hypothesis, and the covered positive examples are removed from

“https://dtai.cs.kuleuven.be/static/ ACE/
Shttps://www.cs.ox.ac.uk/activities /programinduction /Aleph /aleph.html
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E7T. The process repeats until all positive examples are covered or no further
valid clauses can be found. The final theory is a disjunctive set of such clauses.
For instance, a learned rule might take the form: patient (X,pos):-b1l,...,bn.,
where b1, ... ,bn are the literals allowed to appear in the body, while the target
predicate is in the head.

PASCALS is a PLP algorithm designed to perform both structure and pa-
rameter learning to discover Probabilistic Constraint Logic Theories (PCLTs)
from labeled interpretations. A PCLT is a set of Probabilistic Integrity Con-
straints (PICs) of the form p :: Body — Head, where p € [0, 1] represents the
probability of the constraint. Head is a disjunction of literals Ly A ... A L,,, while
Body is a disjunction of positive or negative conjuncts P; and N;: 3(P) V ...V
A(P,) VV-(N1) V... VV=(N,,), where each conjunct is a conjunction of literals.
The approach for assigning a semantics to PCLTs is inspired by the distribution
semantics [17]: a PCLT defines a distribution over non-probabilistic theories by
assuming independence among the choices in probabilistic constructs. The dis-
tribution semantics is one of the most successful approaches in PLP; for further
details see [15]. The probability is to be interpreted as the strength of the IC: a
value p; means that the sum of the probabilities of the possible theories where a
grounding of the constraint is present is p;. Learning the parameters p; is done
by gradient descent, while learning the structure by a beam search that generates
and refines the ICs, starting from the most specific one and refining it based on
a language bias (see below). Under this formalism, models assign a probability
of being positive to new interpretations. This probability can be computed in a
time that is logarithmic in the number of groundings of the constraints that are
violated in an interpretation. In other words, PCLTs allow one to classify new
patients as belonging to the positive class in a very efficient way.

TILDE, Aleph and PASCAL use a "language bias" to constrain the search
and guide the generation of valid hypotheses.

4.2 Mining Association Rules

ARM methods work by identifying frequent patterns, which are then translated
into interpretable rules. The FP-growth (Frequent Pattern-growth) [10] algo-
rithm constructs a compressed FP-tree and recursively extracts frequent pat-
terns using a divide-and-conquer strategy, eliminating the need for candidates’
generation and repeated database scans, as in the well-known Apriori. Eclat [23]
leverages a vertical data format, associating each item with its transaction ID
list, and efficiently discovers patterns through list intersections, making it well-
suited for sparse datasets.

5 Experiments

PASCAL experiments were run on the Leonardo HPC (Intel Xeon Platinum
8358, 2.60GHz), while TILDE and Aleph were executed on a local Linux VM

Shttps://friguzzi.github.io/pascal/ _build /html/index.html
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(AMD Ryzen 7 5800H, 3.19GHz, 6.2GB RAM) due to 32-bit requirements. For a
fair comparison between learning times, TILDE and Aleph times were scaled by a
factor of gzéggg; based on the clock frequencies. We used the subsample group of
the study (611 patients), recording the immune response at timed intervals from
the first dose. The dataset was partitioned into training and test sets following a
70-30% split, ensuring stratification to maintain a proportional representation of
classes across both subsets. We also performed a 4-fold cross-validation; however,
we observed that this did not lead to any noticeable improvement in performance
or relevance of the theories. Two versions of the dataset were created: in the first
one, interpretations were labeled as positive or negative according to criterion 1)
mentioned at the end of Section 3.1; in the second one, we labeled interpretations
based on criterion 2) (mortality). For TILDE and Aleph, we configured the
language bias to match PASCAL’s as closely as possible, despite some minor
differences in the mode declaration syntax.

Table 1 shows the list of experiments relative to the (P)LP systems, spec-
ifying: the classification criterion, the number of positive and negative inter-
pretations, the total number of intepretations, the number of training and test
examples. It is important to note that, in 3 cases out of 4, the classes were
imbalanced, which impacted the performances of the algorithms.

Performance evaluation took into account the Area Under the ROC Curve
(AUC-ROC) [9], the Area Under the Precision-Recall Curve (AUC-PR) [6], the
log-likelihood (LL) on training data and the learning time. Table 2 shows the
results for the (P)LP systems. Aleph is not included as it failed to generate
meaningful hypotheses, returning theories equivalent to the set of positive train-
ing examples and achieving an accuracy of 1. Even if TILDE achieves higher
AUC-ROC and AUC-PR in tests 1-2, this is due to the trivial models returned,
being able to classify most of the interpretations correctly. In fact, we obtained
trees consisting only of the root node splitting into two leaves labeled pos and
neg. For example, test #2 produced the following model:

antibody_response_12(-A)?

[pos] 208.0 [neg] 219.0

PASCAL has very good or excellent performance across all experiments, par-
ticularly in cases with class imbalance (tests 3-4), where PCLTs perform perfect
classification compared to TILDE’s near-random guessing. On the other hand,
the higher learning time of PASCAL is due to its much larger search space, as
any predicate (not just the target) can be included in the head of the rules.

Table 1. Experiments’ properties.

Experiment Classification It 1 [rte? 7#+Training Ex.|7#fTest Ex.
1 Antibody Response|525| 86 [611 427 184
2 Antibody Response|275({336(611 427 184
3 Death 130{481|611 427 184
4 Death 130{481|611 427 184
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Table 2. Performance comparison between PASCAL and TILDE in terms of Area
Under the ROC Curve (AUC-ROC), Area Under the Precision-Recall Curve (AUC-
PR), Log-likelihood (LL) and learning time in seconds. Bold values indicate the best
results.

PASCAL TILDE
Exp.]AUC-ROC AUC-PR LL Time(s)]AUC-ROC AUC-PR LL Time(s)
1 0.835 0.961 -57.4 1303.96| 0.958 0.987 -55.7 0.15
2 0.823 0.749 -104.6 916.91 0.961 0.912 -81.4 0.05
3 1 1 -4.9 197.00 0.500 0.211 -319.2 0.61
4 1 1 -0.7 1264.94 0.600 0.351 -225.4 3.06

FP-Growth and Eclat returned ARs based on metrics such as support, con-
fidence, lift. Lift, in particular, was prioritized to identify non-trivial relation-
ships: a value >1 indicates positive association, <1 negative association, and 1
independence between the antecedent and the consequent. We repeated learn-
ing by setting many different thresholds for support ([40-70%]|) and confidence
([50-80%)]), but we obtained only trivial rules.

In the following, the most relevant PICs learned by PASCAL are reported.
The first 3 constraints come from test 1 while the 4th one is from test 2:

1) 0.163231 :: delta_antib_resp26(—94.75) A cognitive disorder A delta_antib_resp612(4457.0) —
(flu_ vaccine(1) A hz_vaccine(0)) V =who_ followup1(0) V —covid _vaccine(0, 2)
2) 0.166981 :: inflammatory bowel disease A chronic_kidney disease —
(delta_antibody _resp02(95.19) A delta_antibody resp26(—94.75))
V (number_doses(2) A tot drugs(8)) V (delta_anti resp26(—94.75) A who_2(0))
3) 0.161470 :: antibody resp_ 6(5.25) A thyroid disorder —
—antibody resp 12(4490.0) V —flu_ vaccine(1) V —covid_ vaccine(0, 2)
4) 0.370066 :: outcome(death) —
antibody resp 6(5.25) V tot_drugs(8)
V (antipneumovaccine(0) A antibody resp 6(5.25))

In PIC 1, cognitive disorder, a negative difference (around -94) in antibod-
ies between T2 and T6 and a very high positive difference in antibodies be-
tween T6 and T12 imply the patient probably received the flu shot but not
the herpes zoster one, or she showed a moderate to severe disease progression
at the 1st follow-up T1 (who followupl # 0, where 0 means no infection), or
she did not receive the second dose of the COVID-19 vaccine. In PIC 2, in-
flammatory bowel and chronic kidney diseases are probably linked to declining
antibody responses over time (between T0-T2 (delta_antibody resp02) and T2-
T6 (delta_antibody resp26)), or to polypharmacy and 2 doses of anti-COVID
vaccine, or to no COVID infection at the 2nd follow-up (T2) and a reduction
in antibodies between T2 and T6. This is supported by the scientific literature
according to which, in older people, specific chronic diseases such as cognitive
disorders or kidney failure can influence vaccine efficacy in terms of immune re-
sponse and mortality risk. PIC 3 associates thyroid disorders and low antibody
levels at 6 months with low antibody levels at 12 months or no flu shot or no
2nd dose of anti-COVID vaccine. In PIC 4, mortality risk is tied to low antibody
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levels at 6 months or polypharmacy or no anti-pneumococcal vaccine. PIC 4
is associated with a higher probability than the previous ones, indicating that
the constraint is stronger: according to the experts of the study, the fact that
2 out of the 3 identified predictors of death (low antibody levels at 6 months,
anti-pneumococcal vaccine) are related to immunology shows that immunolog-
ical factors play a key prognostic role in the older population. The dimension
of uncertainty explored by PASCAL reflects heterogeneity, and heterogeneity is
strictly age-related and peaks in the older population [13].

6 Conclusions

In this work we applied Probabilistic Logic Programming to learn models from
missing and uncertain data collected in the GeroCovid Vax Study. Our method
uncovers, both new and confirmed by literature, declarative probabilistic in-
tegrity constraints about factors affecting immune response in elderly popula-
tions post-COVID-19 vaccination, offering interpretable support to medical staff.
Moreover, it is shown to outperform traditional non-probabilistic ILP and data
mining techniques, being the only system to learn non-trivial knowledge.
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