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Abstract

This project combines Generative Al and Logic Al to form an integrated process, a pipeline, that retrieves large volumes of
scientific information and produces logical models that can be validated and leveraged by human experts. Our goals are to
organize and to analyze, with the assistance of Al and other bio-information retrieval tools, the documentation associated with
a domain and extract validated knowledge to support planning for problem solving. We have tested our methodology and the
pipeline with an experiment on COVID-19 which we also report. The tool helped a team of biologists to review the state of the
art and handle the explosion of research papers during pandemia. The main product of the pipeline is a Gene Regulatory
Network (GRN); a semantic map which constitutes a representation of causal relations in system biology which can in turn be
used to explore different strategies for intervention and treatment. The pipeline (named Biopatternsg) has been structured
around three main tasks: a) data and information gathering; b) the use of generative Al and Large Language Models (LLMs)
for the automatic extraction of biological entities and their biological relationships, and c) the use of Logical Al to manage the
information obtained in a) and b) and combine it with conserved criteria, all represented as knowledge bases in Prolog. The
system also keeps track of and allows access to all the original documents used as sources of knowledge. We believe the
pipeline is useful for deepening the understanding of COVID-19. We have also organized a systematic evaluation of
biopatternsg as a method to produce gene regulatory networks, GRN. The evaluation of names recognition reports an average
F1-Score of 0.9069 with a variance of 0.0145 among 30 networks used as the gold standard. This indicates an excellent
capacity to recognize names of real, biological objects. The results are not good at other levels of evaluation, e.g. An average
F1-Score is of 0.2306 with a variance of 0.0218. It would be worth noticing the big discrepancy between Precision and Recall.
The system even exhibits perfect Recall (of 1.0) at some of the networks, but Precision is always below 0.5 driving the F1-
score down. We discuss these results and explain why even that partial success with Recall is an encouraging result.

Biopatternsg repository at: https://github.com/biopatternsg/biopatternsg

Supplemental material in: https://github.com/biopatternsg/biopatternsg/tree/feature/evaluation

Keywords: Artificial Intelligence, Generative Al, Logical Al, Gene Regulatory Network, LLM, Semantic Network.
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AHHOTanus

IT0T npoekT 0ObeiHsIeT reHepaTuBHbl VU 1 iornueckuii UM aist co3AaHust MHTErPUPOBAaHHOTO TPOLIeCca, KOHBeliepa,
KOTOpBI W3BjeKaeT Oosblive oObeMbl HayuyHOM HWHGOPMALMd M CO3JaeT JIOTHYecKhe MOJenH, KOTOpble MOTYT OBITh
TIPOBepeHbl M HMCIOIb30BaHbl SKCIepTamMu. Hamu 1jenM — opraHu30BaTh U MpOaHaIM3WUpoBaTh € romoribio MW u apyrux
WHCTPYMEHTOB TMOWCKa OMOWH(OPMALMKM JOKYMEHTALUIO, CBA3aHHYIO C OTpejie/ieHHOW 06J1acThio, U M3B/eUb MPOBepeHHbIe
3HaHUS ISl TIOA/IePKKM TITaHMpOBaHUsl pelneHust mpobseM. MBI MpOTeCTHPOBaNM Hally MeTO/OJOTHI0 M KOHBeiiep Ha
skcriepuMmenTe ¢ COVID-19, 0 KOTOpoM Takke coobijaeM. IHCTPyMEHT TMOMOT KOMaH[ie OMOJIOTOB OLIEHHTh COBPEMEHHOE
COCTOSIHUE JieJT ¥ CIIPAaBUTBLCS C pe3KUM POCTOM YMC/Ia HayYHbIX paboT Bo BpeMsi naHzeMur. OCHOBHBIM TIPOJYKTOM KOHBelepa
sBrsieTcs: ceTb reHHod perymsiuuu (GRN); cemaHTHueckass KapTa, NpeZAcTaBisitoljas cobol oToOpakeHue MNPUUMHHO-
C/Ie[ICTBEHHBIX CBsi3el B CHUCTEMHOM OMOJOrMM, KOTOpas, B CBOI Ouepelb, MOXKeT OBbIThb WCIIO/b30BaHA [IJIsi M3y4eHHs
Pa3/MUHBIX CTPaTeTHil BMellaTe/bCTBA U JiedeHHsl. KoHBediep (Ha3BaHHBIM Biopatternsg) ObIT CTPYKTYpHPOBaH BOKPYT Tpex
OCHOBHBIX 3a7jau: a) cOop AaHHBIX U WH(opMauuw; b) ucrons3oBaHHe reHepatnBHOTO VIV U GOJMBLIMX S3BIKOBBIX MOZesiel
(LLM) 1711 aBTOMaTH4eCKOTO M3BJIeueHHs] OMOIOrHUeCcKUX 0OBEKTOB U UX OUOMOrHYeCKUX B3aUMOCBS3€H, U C) HCMOJb30BaHe
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soruyeckoro W st yrnpaeneHus: uHGopMaiiviel, MoyueHHOW B TIYHKTax a) v b), U ee 00beJUHEHNsI C KOHCEPBAaTUBHBIMU
KpPUTEpUsIMH, TIPe/ICTaB/IEHHBIMU B BU/e a3 3HaHUIM Ha s3bike Prolog. CucTema Takke OTC/I€XUBAeT U 00eCreunBaeT JOCTYI
KO BCEM MCXOJHBIM [JOKYMeHTaM, UCIO0J/Ib3yeMbIM B KaueCTBe MCTOUHMKOB 3HaHUM. MBI cudTaeM, 4TO 3TOT KOHBeliep MoJsie3eH
st yrnyonenvst mornManvst COVID-19. MBI Takke OpraHW30Ba/ld CHCTEMATHUECKYIO OL[eHKY biopatternsg Kak mMeTtopa Zjist
co3faHust reHHbIX peryasTopHbix ceteid (GRN). OtileHka pacro3HaBaHUsI UMeH TIOKa3bIBaeT CpeJHUI Mokasarenb F1-Score
0,9069 c gucrnepcueit 0,0145 cpeau 30 ceTeil, MCHONb3yeMbIX B KaueCcTBe 3TAQJIOHHOIO CTaHJapTa. JTO yKa3blBaeT Ha
OTJIMUHYIO CITIOCOOHOCTh pACIO3HABaTh HAa3BaHUSI peaybHbIX OHOIOrMueckux OObeKTOB. Pe3ynbraThl Ha [PYrUX YpPOBHSIX
OLIeHKA He OYeHb XOPOIIW, HarpuMmep, cpefHuM mokasaresnb F1-Score cocraBnsier 0,2306 ¢ gucnepcueii 0,0218. Crtout
OTMETHUTb 3HAUWTESBHYIO0 Pa3HULly Mexny TouHOoCThio (Precision) u momHortoii (Recall). Cucrema fgake AeMOHCTpUpYyeT
upieanbHyto nomHoTy (1,0) B HEKOTOPBIX CeTsiX, HO TOYHOCTh Bcerga Hibke 0,5, UTO CHWKaeT mokasaresib Fl-mepbl. Mol
00CyXJaeM 3TH pe3y/bTaThl U 00BSICHSEM, IOYEMY [JaXkKe UACTUUHBIN yCIeX C TIOHOTOH sIB/IseTCs] 0OHA/IeKUBAFOLLVIM.

Peno3urtopwuii Biopatternsg HaxoauTcst o azgpecy: https:/github.com/biopatternsg/biopatternsg

HoroHUTeIbHEIE MaTepyabl HaxoaaTcs B: https://github.com/biopatternsg/biopatternsg/tree/feature/evaluation

KiroueBble CjI0Ba: UCKYCCTBEHHBIM WHTE/JIEKT, reHepaTuBHbIM VN, nornueckuii UU, reHHas peryasitopHasi ceTb, LLM,

CeMaHTH4YeCKad CeTh.

Introduction
In his 2011 book, "Thinking, Fast and Slow," Nobel Prize winner Daniel Kahneman [1], explains that human thinking

could be seen as having two components: System 1, which is fast and intuitive, and System 2, which is slower and responsible
for explainable reasoning. The same phenomenon is observed in Artificial Intelligence: Generative Al is fast and intuitive and
can be used to identify patterns in huge volumes of data. Logical Al enables systematic, verifiable, and explainable reasoning
on this preprocessed data. This project combines both types of Al to form an integrated process, a pipeline, that retrieves large
volumes of scientific information and produces logical models that can be validated and leveraged by human experts.

We propose a connection between generative Al and logic Al to define a framework for knowledge modeling,
management, and discovery that enables the automatic construction of knowledge networks for a domain. The main idea here
is to retrieve and analyze, with the help of Al, the documentation associated with a domain and extract from it the elements and
possible relationships that connect them, thus facilitating its understanding and assisting in the planning of actions for problem
solving (See Figure 1).

Figure 1 depicts the general components in our proposal as a pipeline that connects three main tasks:

a) access to various sources for information gathering inherent to a domain and problem of interest;

b) use of generative artificial intelligence to assist in the automatic extraction of knowledge;

c) use of logic artificial intelligence to automatically organize and explore knowledge bases, following constraints that
guide such exploration.

The final result in our work are models (graphs or networks) that synthesize knowledge in such a way as to facilitate
decision-making related to problem solving. And it is our main goal to answer queries like: given a drug, what kinds of protein-
protein interactions result when that drug binds to a known receptor, and which of them lead to the activation (or inhibition) of
the transcriptional response of some gene?. We also consider questions such as: for a given pair of proteins, is there a subnet in
this modeled GRN that describes interconnected regulatory pathways, in which such proteins stimulate and inhibit their mutual

transcription in any way? [2].
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Figure 1 - A schematic view of the modeling and type of results for COVID-19
DOI: https://doi.org/10.60797/jbg.2026.32.1.1

In this work, we aimed to develop a use case for our proposed methodology related to biological systems; in particular, we
focused on modeling genetic regulatory networks, specifically using COVID-19 as a testing ground. We sought to use our
methodology to organize an updated description of the knowledge domain inherent to the disease, while also seeking to
facilitate its analysis and the elaboration of hypotheses about its therapeutic treatment.
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1.1 Gene Regulatory Networks (GRNs)

Gene transcription regulatory networks (GRNs) are biological mechanisms responsible for regulating the presence or
absence of gene-associated products. In a GRNs, a regulatory event can activate a product that in turn participates in an event,
which activates or inhibits another product. It is normal, then, that in such networks the complexity of the interrelationships
grows very rapidly [3], [4].

In order to manage the current knowledge inherent to GRNs, informatics strategies have been developed aimed at the
description, organization, interrelation and analysis of the elements that constitute them. Among such strategies are ontologies
[5], [6], [7], [8] and process diagrams [9], [10].

Here, we are interested in the modeling and analysis of Gene transcription regulatory networks, based on the inferential
processing of knowledge bases [11]; therefore, our work fits in the ontology-based approach and in their logical and analysis
facilities. Elaborating on that, we have proposed the automatic construction and integration of artificial intelligence and various
knowledge bases (KBs), in order to take advantage of the great effort that the scientific community has made about GRNs,
regarding their organization and availability.

1.2 The Pipeline

Figure 1 depicts the flow of information in our system applied to the COVID-19 disease. In this scenario, a biologist or
physician explores possible treatment alternatives for the COVID-19, providing some inputs and obtaining a semantic graph
that represents a GRN, enriched with a set of knowledge bases and detailed documentation about the regulatory events and
pathways that shape that network. Below are some details of the pipeline’s inputs, components, and results:

1. Initial list of descriptors (concepts, keywords) provided by the user. For this particular domain, the descriptors are
biological or chemical objects; for instance: drugs, small molecules, genes/proteins of various types, and the name of the
disease to analyze.

2. Bioinformatics portals accessible through the internet, which describe objects such as those mentioned in the previous
item; for instance MeSH, Gene Ontology and PubMed (pubmed.ncbi.nlm.nih.gov), a portal specialized in information related
to biology and medicine.

3. Generative artificial intelligence, based on Large Language Models (LLMs), specially trained to handle the information
available in PubMed. It allows for:

a) the automatic recognition of biological entities related to COVID-19 (NER Model: Named Entity Recognition);

b) the automatic extraction of the biological relationships that connect them (RE Model: Relation Extraction).
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The output obtained from the LLMs consists of entities and relationships that allow the construction of a knowledge base,
useful for automatic reasoning with symbolic Al.4. An inference system based on symbolic Al, used for automatic reasoning
processes on the knowledge bases organized with the assistance of LLMs, and repositories, like the ones visible in Figure 2,
Figure 3 and Figure 4. The user explains the desirable characteristics for the solutions (paths) to be obtained to guide the
logical inference system in the deduction of possible paths to solutions. The output in this scenario is a GRN like the one
shown in Figure 5. For a detailed view of Figure 5 see VERY-RESTRICTED/covid-19-wide-restricted-list-no-sm.png in
supplemental material, in which the user can see how biological objects interact with each other, and how these interactions
could eventually lead to the inhibition of COVID-19.

4. An inference system based on symbolic Al, used for automatic reasoning processes on knowledge bases organized with
the assistance of LLMs and repositories, like those shown in Figure 2 and Figure 3. The user explains the desirable
characteristics for the solutions (paths) to be obtained to guide the logical inference system in deducing possible paths to
solutions. The output in this scenario is a GRN like the one shown in Figure 5 (see covid-19-wide-restricted-list-no-sm.svg for
a detailed view), in which the user can see how biological objects interact with each other, and how these interactions could
eventually lead to the inhibition of COVID-19.
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base([

event('JAK3',association,' STAT"),
event('STAT",positive_correlation, COVID-19"),
event('CALCIUM!',association,' CXCR4"),
event("TYROSINE',association,'CXCR4"),
event("ARGININE',association,' CXCR4"),
event('Aspartic Acid',association,CXCR4'),
event('Glutamic Acid',association,' CXCR4),
event('CD4',positive_correlation, COVID-19"),
event('CD4',negative_correlation, COVID-19"),
event('PIAS3',association,'CD4"),
event('STAT",association,'CD4'),
event('JAK3',association,'CD4"),
event('CD4',positive_correlation,' STAT"),
event('CD4',association, STAT"),
event('CXCR4',association,'CD4'),
event('CD4',association,'JAK3"),
event('CCR5',bind,'CD4"),
event('ACE2',association,'CD4"),
event('CCR5',association,'CD4"),

event('STAT",association,'JAK1"),
event('JAK1',association, CXCR4"),
event('CXCR4',positive_correlation, COVID-19"),
event('CXCR4',negative_correlation, COVID-19"),

D.

Figure 2 - Regulatory events knowledge base (KB)
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Note: the KB was modeled automatically and contains more than 20,000 events

Figure 3 - KBs organized following the steps in Fig. 1 and Fig. 6 (Part 1)
DOI: https://doi.org/10.60797/jbg.2026.32.1.3

1) names, synonyms and basic definitions in prolog
format (coming from HGNC, Uniprot, PDB and
Pathways Commons).

alunacedase_alfa('ACE2').

synonyms(‘ACE2', ['ACE2','angiotensin I converting
enzyme 2','angiotensin I converting enzyme
(peptidyl-dipeptidase A) 2','Angiotensin-converting
enzyme 2','Angiotensin-converting enzyme
homolog',...].

tissues('ACE2',
['Heart','Lymphoma’','Testis','Lung','Brain','Bile','Liver
D.

chemokine cxcl12('CXCR4").

synonyms('CXCR4', ['CXCR4','C-X-C motif chemokine
receptor 4','chemokine (C-X-C motif), receptor 4
(fusin)',..,'Lipopolysaccharide-associated protein
3','NPYRL','Stromal cell-derived factor 1 receptor']).
tissues('CXCR4',['Lung']).

janus_kinase 3('JAK3").
synonyms('JAK3',['JAK3','Janus kinase 3','L-
JAK','JAKL','LJAK','JAK3_ HUMAN','JAK-3','Tyrosine-
protein kinase JAK3','Janus kinase 3','Leukocyte janus

kinase']).

tissues(‘JAK3',['Blood']).

2) MeSH ontologies for each object in the network

object('ACE2").

is_a('ACEZ2','alunacedase alfa').
is_a('alunacedase alfa','Angiotensin-Converting
Enzyme 2').

is_a('Angiotensin-Converting Enzyme
2','Carboxypeptidases').
is_a('Carboxypeptidases','Exopeptidases').
is_a('Exopeptidases','Peptide Hydrolases').
is_a('Peptide Hydrolases','Hydrolases').
is_a('Hydrolases','Enzymes').

is_a('alunacedase alfa','Recombinant Proteins').
is_a('Recombinant Proteins','Proteins').

objeto('CXCR4").

is_a('CXCR4','Chemokine CXCL12'").
is_a(‘Chemokine CXCL12','Chemokines, CXC').
is_a('Chemokines, CXC','Chemokines').
is_a(‘Chemokines','Cytokines').
is_a('Cytokines','Intercellular Signaling Peptides and
Proteins').

is_a('Intercellular Signaling Peptides and
Proteins','Peptides').

is_a('Intercellular Signaling Peptides and
Proteins','Proteins').

is_a('Intercellular Signaling Peptides and
Proteins','Biological Factors').

is a('Chemokines','Chemotactic Factors').
is_a('Chemotactic Factors','Biological Factors').
is_a(‘Chemokines','Inflammation Mediators').
is_a('Inflammation Mediators','Biological Factors').
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3) GO Ontologies for each gene in the network

leaf('ACE2','identical protein binding').
leaf('ACE2','virus receptor activity').
mf('virus receptor activity').
leaf('ACE2','zinc ion binding').
leaf('ACE2','angiotensin maturation').
bp(‘angiotensin maturation').

leaf('CXCR4','C-X-C chemokine receptor activity').

mf('C-X-C chemokine receptor activity').
leaf('CXCR4','C-X-C motif chemokine 12 receptor
activity').

mf('C-X-C motif chemokine 12 receptor activity').

leaf('CXCR4','ubiquitin protein ligase binding').
leaf('CXCR4','virus receptor activity').
leaf('CXCR4','apoptotic process').
bp(‘apoptotic process').

4) Logical facts inferred from 1), 2) and 3) and
improved by the user.

disease('COVID-19").
transcription factor('STAT1').
protein('STAT1').
transcription factor('STAT').
protein('STAT").

ligand('S").

protein('S").
receptor('CXCR4").
protein('CXCR4").
protein(‘'JAK3").
receptor('CCR5').
protein('CCR5").
protein(‘ACE2").
enzyme('ACE2").
receptor('ACE2').
receptor(‘CD4").
protein('CD4").

Figure 4 - KBs organized following the steps in Fig. 1 and Fig. 6 (Part 2)
DOI: https://doi.org/10.60797/jbg.2026.32.1.4

S ---> bind
CD4 ---> association
IENG ---> association

ACE2 ---> positive_correlation ---> COVID-19

Pathway =
[

event('S',hind,'CD4"),
'CD4',association, TENG'),

'[FNG',association,’ ACE2"),

event
event
event

1.

—_—

'ACE2' positive_correlation, COVID-19")

T cell assays reveal high frequencies of XBB.1.5 spike-specific CD4+ and CD8+ T
cells amongst donors with hybrid immunity, with the CD4+ T cells skewed towards
a Thl cell phenotype and having attenuated effector cytokine secretion as compared
to ancestral spike protein-specific cells.

PUBMED_ID: 38424106.

Here, we report that the CD4+ T cell/NK cell axis of gamma-herpesvirus control
requires interferon-gamma engagement of CD11c+ dendritic cells

PUBMED_ID: 38578092.

Among these, seven significant cDEGs and proteins - namely, HRAS, IFNG, JUN,
CDH1, TLR4, ICAM1, and SCD-were recognized as pivotal host factors linked to
ACE2.

PUBMED_ID: 38640424.

In patients with COVID-19, epithelial cells showed an average three-fold increase
in expression of the SARS-CoV-2 entry receptor ACE2, which correlated with
interferon signals by immune cells.

PUBMED_ID: 32591762.

Figure 5 - An inferred pathway correlating ACE2 and COVID-19
DOI: https://doi.org/10.60797/jbg.2026.32.1.5
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The Workflow to Build the Knowledge Bases

Table 1 - Subnetworks for the regulation of COVID-19 and CXCR4 (Part 1)
DOI: https://doi.org/10.60797/jbg.2026.32.1.6

a) b)

Pathway 1: Pathway 2:

event('S',bind,'CD4"), event('IFNG',association,'ACE2"),
event('CD4',association,'TFNG'), event('ACE2',association,'CD4"),
event('IFNG',association,'ACE2'), event('CD4',association,'STAT3"),
event('ACE2',positive_correlation,'COVID-19'). event('STAT3',positive_correlation,'CXCR4').
event('S',bind,'CD4'): event('IFNG',association,'ACE2'):

T cell assays reveal high frequencies of XBB.1.5 Among these, seven significant cDEGs and

proteins - namely, HRAS, IFNG, JUN, CDH]1,
TLR4, ICAM1, and SCD-were recognized as
pivotal host factors linked to ACE2.

spike-specific CD4+ and CD8+ T cells amongst
donors with hybrid immunity, with the CD4+ T

cells skewed towards a Th1 cell phenotype and PUBMED ID: 38640424

having attenuated effector cytokine secretion as N

compared to ancestral spike protein-specific cells. | event('ACE2',association,'CD4'):
PUBMED ID: 38424106. The expression of ACE2 was strongly

positively correlated with the immune
infiltration level of CD8+ T cell (r=0.184,

event('CD4',association, TFNG'): p<0.001), CD4+ T cell (r=0.104, p=0.02) and
Splenic CD4+ and CD8+ T cells had increased neutrophils (r=0.101, p=0.02).
expression of C-X-C Motif Chemokine Receptor 3 PUBMED ID: 34413267.

(CXCR3) and interferon-gamma (IFN-gamma), . . e .
indicating a T helper 1 (Th1)-like/effector CD8+ T | €Vent(CD4’,association,'STAT3"):

. Rho-kinase inhibitor alleviates CD4+T cell
cell-like phenotype. PUBMED ID: 38504977 mediated corneal graft rejection by

modulating its STAT3 and STAT5 activation.

event('IFNG',association,'ACE2'): PUBMED ID: 38479724,

Among these, seven significant cDEGs and

proteins - namely, HRAS, IFNG, JUN, CDH1, TLR4, We found that Y27632 significantly up-

ICAM1, and SCD-were recognized as pivotal host re%ulglcedlthe ph(iisll)h(’r}ﬁatiodn le\éel of STAT5
; in both spleen and lymph nodes, down-

;?;OI\TEI];HI;;? §26A4C()i224 regulateg the phospsilorl?ylation level of STAT3

- : in the CD4+ T cells in the spleen.

PUBMED ID: 38479724.

event('ACE2',positive_correlation,'COVID-

19%): event('STAT3',positive_correlation,'CXCR4

In patients with COVID-19, epithelial cells showed '):

an average three-fold increase in expression of the | The prenylflavonoid Icaritin enhances

SARS-CoV-2 entry receptor ACE2, which osteoblast proliferation and function by signal

S . . transducer and activator of transcription
correlated with interferon signals by immune cells. | ¢ 13 (STAT-3) regulation of C-X-C

PUBMED ID: 32591762. chemokine receptor type 4 (CXCR4)
expression. PUBMED ID: 28863947.

Linking event to pathway 2:
event('COVID-19',positive_correlation, TFNG'). Linking event to pathway 3:

event('CXCR4',bind,'CD4").
event('COVID-

19',positive_correlation, IFNG'): event('CXCR4',bind,'CD4'):

The IL-6, interferon-gamma and endothelial We found that CXCR4 also interacts with the
growth factor were significantly higher in COVID- cytoplasmic domain of CD8alpha in a way that
19 infected compared to non-infected individuals. is similar to the CD4/CXCR4 interaction.
PUBMED ID: 37843354. PUBMED ID: 16808956.

Linking event to pathway 4:
event('CXCR4',association,'JAK3").

event('CXCR4',association,'JAK3'):

We have previously shown that Jak3 mediates
CCR9 and CXCR4 signalling in response to
CCL25 and CXCL12 in BM progenitors and
thymocytes.

PUBMED ID: 17521370.

Figure 7 details the workflow that we follow to build the knowledge bases (KBs) shown in Figure 2, Figure 3 and Figure 4.
Figure 3 and Figure 4 illustrates the following KBs:

1) names, synonyms, biological objects, and related scientific documents from the MeSH [12] service; Gene Ontology
[13]; PubMed [14], Protein Data Bank (PDB) [15], [16], HGNC (HUGO Gene Nomenclature Committee) [17], and UniProt
[18];

2) object identity, based on the the MeSH service;

3) molecular function, biological processes, and cellular components associated with each network object, from Gene
Ontology;
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4) definitions, which can be extracted via automatic inferences performed from 1, 2, and 3, establishing that an object
satisfies the constraints guiding the analysis of pathways and subnetworks.

Figure 6 - A restricted GRN for the exploration of regulatory subnetworks for COVID-19 and CXCR4
DOIL: https://doi.org/10.60797/jbg.2026.32.1.7

Table 2 - Subnetworks for the regulation of COVID-19 and CXCR4 (Part 2)
DOI: https://doi.org/10.60797/jbg.2026.32.1.8

©)
Pathway 3:

event('CD4',association,'IFNG'"),
event('IFNG',association,'STAT6'),
event('STAT6',association,'CXCR4"),
event('CXCR4' negative_correlation,'COVID-19").

event('CD4',association,'IFNG'):

Splenic CD4+ and CD8+ T cells had increased
expression of C-X-C Motif Chemokine Receptor 3
(CXCR3) and interferon-gamma (IFN-gamma),
indicating a T helper 1 (Th1)-like/effector CD8+ T
cell-like phenotype. PUBMED _ID: 38504977

event('IFNG',association,'STATG6'):
Antigen-receptor engagement in B cells induces
nuclear expression of STAT5 and STAT6 proteins
that bind and transactivate an IFN-gamma
activation site.

PUBMED _ID: 8683142

event('STAT6',association,'CXCR4'):

Stromal cell-derived factor (SDF)-1alpha, the ligand
of CXCR4, stimulated the activation of JAK2/STAT3
and JAK3/STATG6 signalling in HKC-8 cells.

PUBMED _ID: 32119183

event('CXCR4',negative_correlation,'COVID-
19'):

Interestingly, the expression of cell receptors, such
as IFNGR1 and CXCR4, was reduced in response to
the viral infection and associated with the inhibition
of the related signaling pathways and immune
functions. These results highlight novel
immunoreceptors, selectively expressed in COVID-
19 patients, which affect the immune functionality
and are correlated with clinical outcomes.
PUBMED ID: 34944610

d)
Pathway 4:

event('JAK3',association,'STAT1"),
event('STAT1',association,'STAT3"),
event('STAT3',negative_correlation,'CXCR4").

event('JAK3',association,'STAT1'):

Furthermore, an association between JAK3 and
STAT-1, STAT-3, and STAT-5 activation and cell-cycle
progression was demonstrated by both propidium
iodide staining and bromodeoxyuridine
incorporation in cells of four patients tested.
PUBMED _ID: 9391124.

event('STAT1',association,'STAT3'):

STAT3 Regulates the Type I IFN-Mediated Antiviral
Response by Interfering with the Nuclear Entry of
STAT1. PUBMED ID: 31575039

With further investigation, we found that importin
alpha family member Karyopherin-alphal (KPNA1)
was employed by both STAT1 and STAT3 for their
nuclear import. PUBMED _ID: 31575039

The phosphorylated and un-phosphorylated STAT3
competed with STAT1 for binding to the decreased
KPNA1 post infection and repressed downstream
ISG expression. PUBMED ID: 31575039

event('STAT3', negative_correlation,'CXCR4'):
Mechanistically, the activation of signal transducer
and activator of transcription 3(STAT3) signaling
was impaired in CXCR4 CAR-T cells, thereof
reduced the release of inflammatory factors, such as
TNF-alpha, IL-6 and IL-17A. PUBMED _ID:
37735875.

Expressing CXCR4 in CAR-T cells Suppresses
MDSCs Recruitment via STAT3/NF-kappaB/SDF-
lalpha axis to enhance Anti-tumor Efficacy against
Pancreatic Cancer. PUBMED _ID: 37735875

An alternative event to improve pathway 4:
event('JAK3',association,'STAT3'):

We then show that constitutive activation of the
JAK3/STAT3 pathway has a major role in NKCL cell

growth and survival and in the invasive phenotype.
PUBMED ID: 23689514
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Figure 7 - Work-flow for the semantic modeling and analyzing of a GRN
DOI: https://doi.org/10.60797/jbg.2026.32.1.9

The following steps summarize the procedure for building knowledge bases and executing inference processes in order to
model regulatory pathways and regulatory subnetworks:

1. Definition of potential transcription factors linked to the regulatory region of specific proteins of interest, based on
TFBIND [19] and JASPAR [20].

2. Search for potential biological objects (e.g., ligands and proteins) linked to both the system-proposed transcription
factors and other biological objects provided by the user, using the Protein Data Bank [15], [16] and UniProt.

3. Generation of knowledge bases describing the identity and functionality of network objects (including ligands, proteins,
enzymes, and receptors), based on HGNC [17], UniProt, MeSH [12], and Gene Ontology [13].

4. Generation of keyword combinations among related objects in the network, considering not only the names defined by
the modeler but also any synonyms defined for them.

5. Retrieval of PubMed IDs to subsequently obtain abstracts addressing the objects defined for the network, via PubMed
[14].

6. Automatic generation of a corpus of abstracts and annotations using the NCBI PubTator service [21], utilizing the
PubMed IDs defined in the previous step.

7. Automatic extraction of regulatory events associated with the Gene Regulatory Network (GRN) objects from the corpus
of abstracts and annotations collected from PubTator. Generation of Prolog KBs.

8. Inference processes on Prolog code to discover regulatory pathways and subnetworks from the KBs modeled for the
network.

Once the modeling levels depicted in Figure 7 are complete, we searched PubMed [14] for a set of abstracts related to each
possible interaction between the objects in the initial GRN. To do this, the user-provided objects were organized into pairs, and
PubMed was asked for a specified number of abstracts for each pair. In this case, we used a user-configurable threshold of 200
abstracts, as this number is usually sufficient to cover the most relevant and recent publications on each interaction in recent
years. However, we could repeat the modeling process with a different threshold to obtain more information. Then, we use the
services provided by the NCBI PubTator [21] service, to download the abstracts, accompanied by annotations, which include
the recognition of the biological objects and the extraction of their relations. PubTator identifies all the objects in the abstracts,
which normally includes objects not defined in the previous steps of the modeling process.

2.1 About Generative Al in our pipeline

There is a huge amount of biological and medical information and knowledge, available today through different
bioinformatics resources (some of them mentioned above). On the other hand, other resources have recently emerged, based on
Generative Artificial Intelligence (GenAlI) and Large Language Models, LLMs, to extract biological entities and their
relationships from any publication available in portals such as PubMed [14]. In this paper we use one of them, specifically
PubTator [21], and explore how independent knowledge representations, associated with the different resources mentioned
above, can assist and complement each other. In other words, we show how the entities and relations extracted from
publications, using a collection of LLMs, can be connected to other KBs to facilitate the analyzing process of the knowledge
gathered and modeled. The NCBI’s PubTator service relies on a set of LLMs to implement a pipeline with three main tasks:
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a) biological entities recognition, implemented with an LLM named AIONER [22];

b) a set of LLMs and tools, to normalize the names of biological entities, implemented as a tool named GNorm2 [23];

c) an LLM dedicated to the task of relation extraction from PubMed abstracts, implemented through the BioREx LLM
[24].

2.2. Modeling COVID-19 Knowledge Domain

Figure 1 shows that the user participates directly in the first and last pipeline’s stages. On the first stage, for instance, the
user has access to a KB that she can check and improve the names and synonyms for each object. Those names and synonyms
are critical later on when the pipeline defines the PubMed IDs, that the generative Al uses to assist the construction of the KB
in Figure 2. On the other hand, at the pipeline’s last stage, the user has access to all the prolog KBs that the system
automatically produces. For instance, the user can add or modify the identity descriptors of an object; the system can infer
(using prolog) that an object is just a protein, but the user could improve the description by writing down that the object is a
receptor and an enzyme too. This kind of human intervention has an effect on the quality of the pipeline’s results. The human-
in-the-loop approach is a fundamental feature in our proposal; and we reinforced such quality, by offering the user the facility
of re-executing the pipeline, from some point onwards, once she has modified a particular KB.

Inferring Regulatory Pathways and Regulatory Subnetworks

In our work, a set of constraints define the characteristics of the objects that will shape regulatory pathways. For instance,
the regulatory pathways could end with certain types of transcription factors, or to begin with certain types of drugs, or to
include only objects with specific molecular functions and biological processes. Using the constraints, the system can explore
the knowledge bases described in Figure 3 and Figure 4, searching for the objects that satisfy the desired characteristics, and
then, shape the objects’ definitions that will be used later when inferring the pathways (see section 4, Figure 4). In this
scenario, a regulatory pathway is a causal chain of regulatory events such that their biological objects satisfy certain kinds of
constraints regarding their biological identities, molecular functions, biological processes, and the ways they are related (bind,
stimulation, inhibition, and so on).

Our system keeps track of and allows access to all the original documents used as sources of knowledge. It is possible, for
instance, to choose an inferred regulatory pathway and retrieve the abstracts that support it (see Figure 5). A GRN, in our work,
is the collection of regulatory pathways that it is possible to infer from the KBs modeled, and that fulfill the set of user’s
constraints for the biology system (and problem) on consideration. Figure 6 is an instance of a GRN that satisfies the
description formulated before. In the pathways shown in Figure 6, each pathway begins either with a ligand, receptor, or
transcription factor, that binds to or associates with a protein. Subsequently, a chain of protein interactions shapes the pathways
until an ending regulatory event is inferred, in which a receptor, or transcription factor, interacts either to an ending protein
(ACE2, CXCRA4) or to the COVID-19 disease. In Biopatterngs's pipeline the logic Al stage offers ways to configure the set of
constraints that guide the way the pathways are searched.

Figure 6 shows that there is no interest (at that moment) on small molecules or drugs working in the network; but that can
be easily changed by incorporating them and their roles at inference time (see RESTRICTED/covid-19-restricted-list-and-
small-molecules-from-pubtator.png in supplemental material). Figure 6 also shows that the objects visible in it are limited to
the list of the proteins initially delivered to the system (see Figure 1). However, this can also be configured to allow the
incorporation during inference time of other gene/gene products, small molecules, or diseases, provided by the generative Al
stage of the pipeline (instances of these in RESTRICTED/covid-19-genes-from-pubtator.png and RESTRICTED/covid-19-
diseases-from-pubtator.png in supplemental material).

Figure 6 allows one to have a first look at biological interactions and possible pathways, and then choose some of
particular interest. Suppose that we choose from Figure 6 the following set of objects: the Spike (S) protein and CD4 receptor,
the interferon protein (IFNG), the receptors STAT3, STAT5A and ACE2, the enzyme JAK3 and, of course, COVID-19. We can
also see in Figure 6 a negative correlation between the CXCR4 receptor and the CODID-19 disease. Therefore, we can decide
to search for subnetworks showing CXCR4, mediating a shift in the regulatory process of the disease. Then, the following
question can be formulated: does the regulatory network in Figure 6, includes any subnetworks branching off from the
regulatory pathway initially chosen (the one in Figure 5), such that the COVID-19 regulation shifts from up-regulated to down-
regulated, mediated by the receptor CXCR4?. The process to answer the question above goes as follows:

1. The searching process is restricted to a list of objects: Spike (S), CD4, IFNG, STAT3, STAT5A, ACE2, JAK3, COVID-
19, and CXCR4; therefore, we ask to the Biopatternsg system to restrict the knowledge base of regulatory events to those
objects, and then to execute the inference of possible pathways related with them. This step produces the new network depicted
in Figure 8 (for a detailed view see VERY-RESTRICTED/subnetworks/covid-19-CXCR4-wide-subnetwork.png in
supplemental material).

2. We provide to the system the pathway that must guide the searching of regulatory subnetworks for COVID-19 (the one
in Figure 5).

3. Biopatternsg consults the knowledge base of regulatory events, looking for events that might serve as regulatory links,
between the initial pathway and possible others that could change the regulatory state of the disease.

4. Once the system has produced a collection of candidate subnetworks and we make a revision of them, a three pathways
subnetwork is selected for COVID-19; for instance, the one described in Table 1 (a and b) and Table 2 (c) .

5. Normally we want to know a way to regulate the protein that mediates the regulatory shifting in the initial regulatory
process. Therefore, we run another search for a regulatory subnetwork for CXCR4, and after a revision, we select the
subnetwork described in Table 1 (b) and Table 2 (d). Note that the second pathway mediating the regulation shift for COVID-
19 visible in Table 1 (b), is used as the pathway that guides the searching for a regulatory subnetwork for CXCR4.
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6. Finally, the subnetworks shown in Table 1 and Table 2 are documented using the documentation that the system
provides for the knowledge base of regulatory events. Note that several sentences can explain a regulatory event and that not
all of them correctly model the related event, but normally one of them does.

Figure 8 - Restricted GRN to explore subnetworks for COVID-19 and CXCR4
DOI: https://doi.org/10.60797/jbg.2026.32.1.10

The procedure above leads to hypothetical subnetworks but it is possible to go further. Table 2(d) shows the Pathway 4,
which regulates the regulatory shift in the regulation of the receptor CXCR4. Pathway 4 includes the interaction event('STAT1',
association, 'STAT3'), accompanied by several sentences that support it. Upon studying the nature of the aforementioned
interaction, it can be noted that it does not actually contribute with a significant step, in the context of the CXCR4 receptor
regulation. One might then ask: does a regulatory event exist in the knowledge base kBase.pl, that may directly link the JAK3
enzyme with the transcription factor STAT3?. And the answer is yes. In fact, when we go to the documented knowledge base
we found out that a whole pathway exists, relating the interactions of JAK3 and STAT3. Therefore, the interaction
event('STAT1', association, 'STAT3') can be omitted in Pathway 4, and the user can replace it by the interaction event('JAK3',
association, 'STAT3") (see bottom side of Table 2(d)).

Biopatternsg also offer resources to improve the list of objects initially provided as input to the system. For instance, once
the first two stages of the Biopatternsg’s pipeline has finished, a report (named aligned.pl), is produced indicating which of the
initially provided objects are already part of the knowledge base of regulatory events (KBase.pl), and which ones of them
could be part of it, but represented using synonyms. Another report is also available (named synonyms.pl), regarding the main
name of an object in the knowledge base and its synonyms; that report is produced using the metadata that accompanies the
NER predictions made by PubTator’s LLMs. The report aligned.pl also shows which of the initial objects are not initially part
of the knowledge base, and using both reports, aligned.pl and synonyms.pl, and the documentation of the knowledge base
(named kBaseDoc.txt), it is possible also to explore alternative names for them (see examples of the files mentioned above in
EVALUATION/CREB-phosphorylation). The result of all this is a better list of objects aligned to the names that the generative
AT actually uses, for the objects that the researcher provided initially. Once a better aligned list has been elaborated, by means
of the knowledge of who models the GRN, and the resources that Biopatternsg provides, then a new inference process can be
run and an improved set of pathways and subnetworks can be obtained. This defines an iterative process of modeling and
analysing that eventually could lead to important findings (see the researcher’s guide in DOC and the Biopatternsg’s repository
wiki for a deeper description of its functionalities).

A framework for the evaluation of the method to produce GRNs

We have organized a systematic evaluation of biopatternsg as a method to produce gene regulatory networks, GRN. By a
GRN we exactly mean the collection of objects and events reported in kBase.pl and it is the one we use here to evaluate
Biopatternsg with the standard analysis of precision and recall (the F1 measures [25]).

In order to achieve this goal we retrieved, from Pathways Commons [26], a set of knowledge bases that serve as golden
references to compare with. Pathways Commons offers facilities to export pathways in formats like sif (simple interaction
format) and that allows us to create knowledge bases as the one in Table 7. We have compared the golden standard, or
reference, from Pathways Common with the output of our system in three levels:

Level 1

At the first level, we checked whether a set of biological objects of interest, named in the sif files of a given GRN from
Pathways Commons, can be identified by the pipeline’s tools. The key comparison is whether each name from each network
used as reference is recognised by the AIONER LLM from Pubtator, the tool used by the pipeline.

We define as true positive, TP, as those names that are recognized by the tool and, of course, false negative, FN, those that
fail to be recognized. The tool also suggests, in some cases, synonyms for given names which can be later verified to
correspond or not to the original name in the GRN. So, those synonyms are a pessimistic estimate of false positives, FP, when
they end up not corresponding to the original name. The usual definitions of Precision (TP/TP+FP) and Recall (TP/TP+FN)
then hold. Table 3 lists 30 GRN provided by Pathways Commons and summarizes the results that we obtain for them.

The evaluation reports an average F1-Score of 0.9069 with a variance of 0.0145 among the 30 networks. This indicates an
excellent capacity to recognize names of real, biological objects. It is worth noticing, also, that this F1 score is a minimum, as
it could be higher when synonyms offered by the pipeline can be confirmed to be real names too.
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We want to call the attention upon the column to the left of Table 3, sm/obs, which indicates the fraction of the number of
names for small molecules (column sm, in the middle) divided by the amount of all the names in the GRN (column objects)
provided as input to the pipeline. Notice that, as this fraction gets smaller, the F1 Score increases. We are actually using that
column as an ordering key for the rest of the information in Table 3, a strategy that will prove to be useful to explain the results
below at the other levels.

base([

event(MAPKAPK2, controls-phosphorylation-of, CREB1),
event(MAPKAPK2, controls-state-change-of, CREB1)
event(RPS6KA1, controls-phosphorylation-of, CREB1),
event(RPS6KA1, controls-state-change-of, CREB1)
event(RPS6K A2, controls-phosphorylation-of, CREB1),
event(RPS6K A2, controls-state-change-of, CREB1)
event(RPS6KA3, controls-phosphorylation-of, CREB1),
event(RPS6K A3, controls-state-change-of, CREB1)
event(RPS6KADS, controls-phosphorylation-of, ATF1),
event(RPS6KAS, controls-state-change-of, ATF1)
event(RPS6KAS, controls-phosphorylation-of, CREB1),
event(RPS6KADS, controls-state-change-of, CREB1)

D

Figure 9 - Pathways Commons sif file of the reactome’s pathway named creb phosphorylation (prolog format)
DOI: https://doi.org/10.60797/jbg.2026.32.1.11

Level 2

At the second level, the system is provided with pairs (objectl, object2) as references, indicating relations in the GRN
without actually naming the relations (a process confirmed to be noisy, as shown below).

We selected the referential GRN from Pathways Commons, of any size and with and without small molecules, to test
PubTator’s NER [22] and Normalization [23] functions in those conditions. The procedure to build a knowledge base of
regulatory events for each network/pathway in our experiments is as follows:

1) the sif (for comparison later) and the extended version of the sif file are downloaded from Pathways Commons;

2) using the extended sif file we collect the objects interacting in a network and, using the pipeline of Biopatternsg, a
knowledge base of regulatory events is modeled for it;

3) the network's sif file is compared with the corresponding knowledge base produced by Biopatternsg. Step (3) is
automated by a Prolog script available from the repo (see EVALUATION/README.txt and graph-comparison.pl in
supplemental material). The data used for the comparison is also available in the repository (see EVALUATION).

Table 2 - Evaluation of names recognition in biopatternsg (level 1)
DOI: https://doi.org/10.60797/jbg.2026.32.1.12

Pathway objects | sm i FP FN [ Precision | Recall | FL smlobjs

P phosph le-(P phosph: I a1 19| q 1 10000 04516 0,622 0,6129)]
Citric-acid-cycle-(TCA-cycle) 43 26| 2| 22| 0,9048 0,4634 0,6129| 0,6047]
cid-beta-oxidation 35| 16| 1 15| 0,9500 0,5588 0,7037] 0.4571]

Glycolysis 53] 22| E 18] 09143 0,6400 0,7529) 0,4151]
SARS-COV-2-Maturation-of-spike-protein 28| 10| of 10| 1,0000 0,6429 0,7826) 0,3571]
SARS-COV-2-ATTACHMENT-ENTRY 35| 12| of 11 1,0000 0,6857 0,8136] 0.3429|
{-D-myo-inositol-1-4-5 30| 10| 1 10| 09500  0,6552 0,759 0,3333]
interleukin-2-signaling 17] 5 q B 10000 07059 0,827 0,2941]
INFE2L2-requlates-p phosphate-pathway-g 7| 2| of 2| 1,0000 0,7143 0,8333 0,2857]
SARS-Cc e 22| 3| ol of 1,0000 1,0000 1,0000| 0.1364|
Paradoxical -RAF-signaling-by & BRAF 28] 5 1 E 09767 0,8936 0,9333 0.1042]
Interferon-alpha-beta-signaling 46| 4| of 10| 1,0000 0,7826 0,8780) 0,0870|
|Signaling-downstream-of-RAS-mutants 47| 4| of E 1,0000 0,8936 0,9438] 0.0851]
HDACs-deacetylate-histones 101] 7 1 25| 09868  0,7500 0,852 0,0693]
Selenocysteine-synthesis 103| 7 1 7 0989 09314 0,959 0,0680]
Negative-regulation-of-FGFR1-signaling 27| 1 B of 0,9630 1,0000 0,9811] 0,0370|
'SARS-COV-2-modulates-host-translation 52| 1 ol 1 1,0000 0,9808 0,9903] 0.0192
Regulation_of_telomerase 71] 1] 1 q 09859 1,000 0,9929) 0,0141]
CREB-phosphorylation 7| 0| of of 1,0000 1,0000 1,0000| 0,0000]
ERKE-arE-\HaE\\va!Eﬂ 13| 0| of of 1,0000 1,0000 1,0000| 0,0000]
IFNG-signaling-activates-MAPKs 8 [ q q 1,0000 10000 1,0000| 0,0000]
Negative-regulation-of-MAPK 37| 0| of B 1,0000 0,9730 0,9863] 00,0000
Regulation-of-NFE2L2-gene-expression 8| 0| of of 1,0000 1,0000 1,0000| 0,0000]
[SARS-CoV-1-modulates-host-translation-machiner 35| 0| 0 [ 1,0000 10000 1,0000| 0,0000]
SARS-COV-2-AUTOPHAGY 10] [ q q 1,0000 1,000 1,0000| 0,0000]
SARS-COV-2-Tr I f-Repli d bly-of-the-Repli Tra 13| 0| of of 1,0000 1,0000 1,0000| 0,0000]
Signalling-to-RAS 10| 0| of of 1,0000 1,0000 1,0000| 0,0000]
Spry-regulation-of-FGF-signaling 16] [ q q 1,0000 10000 1,0000| 0,0000]
‘TRAF}GEPEHGEH[—\RF&D( ivation-pathway 15| 0| B of 0,9333 1,0000 0,9655] 00,0000
[Trans-Goigi 71 0| ol of 1,0000 1,0000 1,0000] 0,0000]

00851 08574 0,3069
00007 0,029 0,0145

The statistics are defined as follows: if a pair (object1, object2) also appears in the output of the pipeline, it is counted as a
true positive (TP). If the pair appears in the reference, but not in our output, is a false negative (FN). And if it does not appear
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in the reference, but our system produces it, it is a false positive (FP). Table 4 lists the 30 GRN provided by Pathways
Commons and summarizes the results of comparing pairs (object1, object2) that we obtain for them.

The results in Table 4 are discussed in the following section. The Average F1-Score is 0.3041 with a variance of 0.04
(Table 4 also reports an alternative F1-Score of 0.3652 obtained by adding up all TP, FP and FN from the 30 networks). The
discrepancy may be due to the fact that the networks are intrinsically different and cannot be considered as one. For the CREB
phosphorylation pathway, the aligned.pl file (see EVALUATION/CREB-phosphorylation) shows that all the objects visible in
the reference are present in the knowledge base. It is a case of perfect recall.

Table 4 and Table 5 show the size of the knowledge bases for both reference and model, highlighting their high variability.
The tables mentioned above highlight the cases where the reference size is larger and vice versa, and we can see that the cases
are quite balanced.

Table 3 - Evaluation of pairs-like relations generation in biopatternsg (level 2)
DOIL: https://doi.org/10.60797/jbg.2026.32.1.13
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Our scripts for the automation of the evaluation process depends on report_alignments.txt, the file that offers the metrics
described in Table 3; report.txt, the file that offers the metrics described in Table 4 (see EVALUATION/CREB-
phosphorylation); and report_simple.txt, the file that offers the metrics described in Table 5 (see Figure 10 below for an
example of report.txt).

Report on KBase.sif vs kBase.pl

True Positives (the ref has them and the system predicts them): 18

False Positives (the ref does not have them but the system predicts them): 41

False Negatives (the ref has them but the system does not predict them): 2

Precision (TP/(TP+FP)), from all the predictions, how many are correct: 0.3050847457627119
Recall (TP/(TP+FN)): from all the correct ones, how many are predicted: 0.9

F1 Score (2*Precision*Recall)/(Precision+Recall): 0.45569620253164556

18 41 2 0.3050847457627119 0.9 0.45569620253164556

Figure 10 - An instance of report.txt for CREB-phosphorylation
DOT: https://doi.org/10.60797/jbg.2026.32.1.14

Level 3

At level 3 of the evaluation, we combine all the information produced by the pipeline to describe the GRN. At the level,
the evaluation checks whether a triple (object 1, relation, object 2) appears in the reference. Unfortunately, the naming of
relations differs between the golden standard and our system, so that we have to appeal to a series of synonyms, also produced
by our system. Therefore, on the pipeline’s output we have something like (object 1, another name for the relation, object 2).

In any case, if a triple also appears in our output, it is counted as a true positive (TP). If the triple appears in the reference,
but not in our output, is a false negative (FN). And if it does not appear in the reference, but our system produces it, it is a false
positive (FP). Precision and Recall are calculated accordingly and as before. Table 5 lists the 30 GRN provided by Pathways
Commons and summarizes the results of extracting the relation between pairs of biological objects.

The results overall are worse than at level 2. The F1-Score is 0.2306 with a variance of 0.0218, sensibly lower than in
Table 4. The system exhibits perfect Recall (at 1) at more networks (4 in Table 5 vs. 1 in Table 4), but Precision drops even
more and the distance between the two measures increases (and that reflects in that lower F1 Score).

We discuss these results in the following section and explain why even that partial success with Recall is an encouraging
result.
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Table 4 - Evaluation of relations extraction in biopatternsg (level 3)
DOI: https://doi.org/10.60797/jbg.2026.32.1.15

Ruta Precision | Recal | 7

0.0505 0.0180 0.0263)

E

Ciic-acic-cycle-(TCA-cycie

00509 0.0446 0.0475]
00186 00120 0.0144]
0.0225 01071 0.0372)
0.3611 0.1016 0.1583]
01864 0.0753 01073
00914 0.0822 0.0865]
03269 07183 0.4493]
02500 03845 0.3030)
00211 07301 0.0410)
02252 0.5050 0.3267]
02209 0.2410 0.2305]
02490 0.5867 0.3496]
0.2007] 0.0931 0127
03878 01819 0.2476]
00725 0.6822 0.1311]
0.4000 02201 0.2913]
00182 08920 0.0357]
01071 1.0000 0.1035]
02208 08718 0.3523]

jalive-reguiation-oi FGFRLsignaling
ARS-COV-2-modulates-host-translation

ARS-COV-2-AUTOPHAGY
-CO

S

ntIRF-activation-pathway

Results and Discussion

Tables 4 and 5 show low averages for both the metrics (precision and recall). It is clear that, under the operational
constraint of 200 abstracts retrieved for the model, the predictive capacity of Biopatternsg for relations is, on average, very
limited. Precision is very low and gets worse when the name of the relation is actually compared (at level 3). However, Recall
is perfect in more cases and increases between level 2 and level 3. In fact, in 10 out of 30 cases is a good Recall (above .70).

Low precision, however, requires special attention. The pipeline produces too many instances of events/relations that are
not explicitly listed in the reference. A first hypothesis is that the reason for this may be the LLM (BioRex) behind PubTator
has access to a wealth of documental references considerably bigger than the one used to sustain the GRNs reported by
Pathways Commons. Our system may be reporting relations from other publications not considered by the Pathways Commons
studies. Another hypothesis is that this low precision may be an effect of the different provenances for the data involved, which
could also be affecting the Recall. The references come from actual GRN reported in Pathways Commons, whereas the data to
train the model comes from a biomedical relation extraction dataset (BioRED) with relation pairs (e.g. gene—disease;
chemical-chemical) at the document level, on a set of 600 PubMed abstracts, in which each relation has been labelled as
describing either a novel finding or previously known background knowledge. BioRED has been assessed by benchmarking
several existing state-of-the-art methods and results show that there is much room for improvement for the relation extraction
task (F-score of 47.7%).

Regarding the high variability in the sizes of the knowledge bases, we want to highlight situations like this: when the
reference size is larger than the size of the model, many of its events may be covered by events in the model with a relationship
(such as association), that covers up a broad spectrum of possible interactions in the reference (like in-complex-with, controls-
production-of, used-to-produce, among others) (see EVALUATION/Selenocysteine-synthesis). In such a situation, an event
with a general relationship such as association will only be counted once, leaving other implicated events as false negatives,
which negatively impacts the recall.

Nevertheless, achieving high recall under those conditions is particularly encouraging because it indicates that the system
is effectively recovering, from a possibly considerably bigger collection of documents, information that coincides with well-
curated, state of the art, reports of GRN. Pathways commons does not contain a manually adjusted set of positive examples,
prepared to train an LLM, but human-oriented reports of conserved truths in biology. Therefore, we believe that these levels of
recall represent a deeper confirmation of the effectiveness of the Al tools.

BioREx was trained with the summaries of papers, and that means that when PubTator predicts a relation between two
biological objects, the LLM takes the whole abstract of the paper as the text that explains the relation. BioREx depends on
PubMedBERT [27], a PreTrained Language Model (PLM) specialized on the PubMed abstracts. BERT [28] based LLMs, are
very good at learning the context that relates the entities in a sentence. We believe the BioREx’s false positive rate could be
reduced by training the BioREx LLM at the sentence level, instead of the abstract level. The problem with such a change is the
need for a training corpus properly tagged. We are taking steps in that direction regarding the NER and Normalization tasks.
PubTator offers a very handy service as it offers in one place the normalization, ner and relation extractions tasks.

The PubTator's normalization of names does not always match the names of the objects provided as input to the system
and that is normal; but this is more frequent in the case of small molecules than for genes and proteins as the metrics reveal.
Table 6, Table 7, Table 8 and Table 9, show the metrics values for the experiments presented in Table 4 and 5, differentiated by
whether or not they include small molecules, and they show a small difference when the reference does not include the last
ones. We can say, however, that regardless of the case, the names of the objects of interest are generally not fully detected by
PubTator and this, as expected, negatively impacts the quality of our models.
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Table 5 - Evaluation of pairs-like relations generation in Biopatternsg with small molecules
DOI: https://doi.org/10.60797/jbg.2026.32.1.16

Ruta TP FN Precision | Recall | F1 sm/objs [
2 phosph; Te-(P phosph ] 0.0732) 0.0254 0.0377] 25|
Citric-acid-cycle-(TCA-cycle) 0.1702) 0.1039 0.1290) 5047
Mitochondrial-fatty-acid-beta-oxidation 0.0208) 0.0096 0.0132) 571]
0.0523) 0.0788 0.0629) 151]
SARS-COV-Z-Maturation-of-spike-protein 0.4054 0.1852 0.2542] 571]
SARS-COV-Z-ATTACHMENT-ENTRY 3 0.3261] 0.0880 0.1384] 3429]
-D-myo-inositol-1-4-5 1 0.0704) 0.0362 0.0473] 333
nterleukin-z-signaling 05697 0.9216 0.7041] 941]
FE2L2-regulates-p phosphate-pathway g 0.3125 0.7143 0.4348] 2857
SARS-CoV-1 dul: P 0.0725 0.8684 0.1339 64|
doxical f-RAF-signaling-by-k BRAF 558 0.4648 0.4770 0.4709| 42|
nterferon-alpha-beta-signaling 630 0.4517 0.3672 0.4050) 7
Egna\mgawm stream-of-RAS-mutants 84 0.4809 0.4154 0.4458| 51
HDACs-teacetylate-histones 3 0.2570) 0.0375 0.0655| 93]
Selenocysteine-synthesis 4 0.3954) 0.0401 0.0729) s%
Negativeregulation-oi-FGFRLSignaling 0.2416 0.6200 0.3478| 70]
SARS-COV-2-modulates -host-transiation 0.4068] 0.0974 0.1572] 92|
quiation_of 0.0898 0.7418 0.1603) 41

0.2701 0.3238 0.2267

0.0314 0.1041 0.0383

Table 6 - Evaluation of pairs-like relations generation in Biopatternsg without small molecules
DOI: https://doi.org/10.60797/jbg.2026.32.1.17

Ruta TP [ FP I FN [ Precision | Recall | F1 sm/objs
CREB-phosphorylation 18 1] 2 0.3051 0.9000 0.4557|
ERKs-are-inactivated 65| 94] 36| 0.4088 0.6436 0.5000)
FNG-signaling-activates-MAPKS 49 69| 15| 0.4153 0.7656 0.5385|
(g quiation-of-MAPK 84| 195] 165 0.3011 0.3373 0.3182]

q NFE3Log pr EE| 156] 1 0.1832 0.9722 0.3084|
SARS-CoV-L-modulates-host trans ation-machiner 25| 34] 567] 0.4237] 0.0422 0.0768|
SARS-COV-2-AUTOPHAGY EE| 28] 15| 0.3913 0.5455 0.4557]
SARS-COV-2-Transl t-Repi o bly-of-the-Repi i 0] 3| 30| 05063 0.5714 0.5369)
Signalling-o-RAS 39| 110) 13| 0.2617 0.7500 0.3881] 0000)
Spry-reguiation-of-FGF-signaling 31| 107] Fj 0.2246 0.5345 03163 0000)
[TRAF3-dependent-IRF-activation-pathway 138] 184 29| 0.4286 0.8263 0.5644] 0000)
[Trans Goigi 32| 48| Q| 0.4103 1.0000 0.5818] 0000

0.3550 0.6574 0.4201
0.0095 0.0764 0.0215

PubTator’s AIONER LLM currently proposes identities for the objects too, but those identities are still very general; only
categories such as small molecules, gene/gene product, and disease are available. Therefore, services such as MeSH must still
be used to define the identity of a biological object (enzyme, receptor, transcription factor, and so on), and since the identity
tree provided by MeSH is expressed as an ontology that describes the different roles that an object can have, it results critical
for the tasks related with the three ways of constraints that we use in the logic Al stage of our pipeline.

Table 7 - Evaluation of relations extraction in Biopatternsg with small molecules
DOI: https://doi.org/10.60797/jbg.2026.32.1.18

Ruta i FP | N | Precision | Recall | F1 smiobjs |
& phosph: le-(P phosph: I 5| o4 273 0.0505) 0.0180 0.0265)
Citric-acid-cycle{TCA-cycle) 14 Zﬁl‘ 300| 0.0509 0.0446 0.0475|
fatty-acid-beta-oxidation 3 158] 248 0.0185) 0.0120 0.0146)
Glycolysis 27 1827] 350) 0.0225) 0.1071 0.0372]
[SARS-COV-2-Maturation-of-spike-protein 13) 23| 115] 0.3611) 0.1016 0.1585|
SARS-COV-2-ATTACHMENT-ENTRY 22 56 270) 0.1864) 0.0753 0.1073]
-D-myo-inositol-1-4-5 19 179) 201 0.0914; 0.0822 0.0865]
Interleukin-2-signaling 51] 105] 20| 0.3269 0.7183 0.4493)
INFE2L2-requlates-pe phosphate-pathway-gs 5| 15 8| 0.2500 0.3846 0.3030]
SARS-CoV-1 ciul p 17] 789 6| 0.0211 0.7391 0.0410)
Paradoxical -RAF-signaling-by-ki ive BRAF 276 1638 324 0.2252 05950 0.3267]
Interteron-alpha-beta-signaling 148 522] 466 0.2209 0.2410 0.2305|
Egna\ing-nuwnsmam-nf-ms-mmams 439 1306] 305 0.2490 0.5867 0.3496)
HDACs-deacetylate-histones 30| 1712] 4189) 0.2007] 0.0931 0.1272|
Selenocysteine-synthesis 794| 1260] 3590) 0.3878 0.1819 0.2476]
Negative-regulation-of-FGFR1-signaling 161 2060| 75| 0.0725 0.6822 0.1311
SARS-COV-2-modulates-host translation 170) 255| 572| 0.4000 0.2201 0.2013
g of 190| 10230| 23‘ 0.0182 0.8920 10.0357|
0.1752 0.3213 0.1673
0.0185 0.0882 0.0178
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Table 8 - Evaluation of relations extraction in Biopatternsg without small molecules
DOI: https://doi.org/10.60797/jbg.2026.32.1.19

Pathway TP FP FN Precision | _Recall F1 smiobjs

(CREB-phosphorylation 6] 50) 0.1071 1.0000 0.1935] 0000)
ERKs-are-inactivatec 34| 120] 0.2208 0.8718 0.3523 0000
FNG-signaling-activates-MAPKs 27| 81] 0.2500 1.0000 0.4000] 10000
leg 65 399) 10 0.1401 0.3779 0.2044] 0000)
q 10) 80) 0.1111 1.0000 0.2000] 0000
SAR: K ation-machiner 83| 125| 508| 0.2090 0.1404 0.2078] 10000
SARS-COV-2-AUTOPHAGY 22| 50 0.3056 0.7586 0.4356] 0000]
ARS-COV-2-Transl Repl . bly-of-th T 31 39 1 0.4429 0.7381 0.5536] 0000)
Signal L 29| 103 0.2187 1.0000 0.3602] 0000
Spry-requiation-of-FGF-signaling 23| 180] 1: 0.1133 0.6389 0.1925] 10000]
[TRAF3-dependent-IRF-activalion-pathway [E 131 1 0.3247 0.8182 0.4649| 0000]
|Trans-Golgi | 31] 0.2051 1.0000 0.3404] 0000]

0.2366 0.7787 0.3254
0.0127 0.0768 0.0155

Conclusion

We have tested the feasibility of a methodology that combines generative Al and logical Al. We are leveraging the capacity
of generative Al to address the task of entity and relations extraction. With respect to logical Al, we developed prolog scripts to
infer biological object's identities from knowledge bases automatically organized, in addition to handling of constraints, which
guide the inference of regulatory pathways and subnetworks.

The experiment also suggests the need to model the task of relation extraction at the sentence level, as opposed to the
current modeling approach, developed at the abstract level; that granularity is important to improve the biological
understanding about the knowledge domain on consideration. The automatic modeling of the knowledge bases with object's
names and synonyms, and their identities, requires improvements. And this requires devising ways to map identifiers from a
service like Uniprot to another like MeSH. So far, we only inferred regulatory pathways using the object's identities coming
from MeSH. In the near future, we will perform experiments with regulatory pathways restricted by the knowledge in the
ontology trees provided by gene ontology and the metadata provided by Uniprot and PDB; we have not yet built GRNs with
restrictions shaped by those services.

The results shown in Table 4 and Table 5 establish that an initial exploratory phase conducted by the researcher could help;
the idea is to review manually a better alignment of the objects of interest with the names assigned to them by the PubTator’s
LLMs. Therefore, future experimental tasks regarding Table 4 and Table 5 involve running experiments with a better-aligned
list of objects, and measuring from there the impact that this may have on the results that we get. We did not proceed in that
manner in this work, as our objective was to see how far our pipeline could go in modeling knowledge bases, without human
intervention.

Results such as those described in Table 5 and Table 6 are possible even with the metrics shown in Table 4 and Table 5,
given the wide variety of interactions that generative Al provides and that logical Al can leverage to yield valuable findings.
Stage 1 of the pipeline guides the gathering of abstracts from PubMed, then the stage 2 shapes from them a corpus of
information closely related to a research problem; the COVID-19 experiment presented here demonstrates the type of
functionalities that we have implemented to leverage that kind of corpora. The COVID-19 experiment also shows that our
pipeline defines a knowledge management system useful to formulate hypothetical scenarios; in addition to facilitating the
modeling of the specific domain of biology in which the researcher is working.
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