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Abstract
Epidemiological models are essential to public health decision mak-
ing, yet they are inaccessible for systematic reuse and repurposing
as they are locked in scientific literature as unstructured text and
equations. We introduce MIRA, an abstract model representation
framework that supports programmatic construction and manipula-
tion of models via ontology-grounded process templates. Building
on MIRA, we present MIRA-DB which implements an automated
pipeline for extracting compartmental epidemiology models from
scientific literature and populates a queriable database exposed
through a public web interface. MIRA-DB incorporates clients for
literature acquisition and multiple complementary methods for ex-
tracting equation content from publications. Extracted equations
are parsed into symbolic form using pre-trained language models,
assembled into MIRA Template Models, and grounded in domain
ontologies, ensuring standardized and comparable model repre-
sentations across the database. An initial prototype of MIRA-DB
contains 559 models and is available at https://epimodels.io.
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1 Introduction
Epidemiological models have been essential in shaping public health
responses to infectious diseases, from Ebola outbreak response to
HIV/AIDS prevention planning. Compartmental models, widely
used in epidemiology, partition a population into discrete compart-
ments (e.g., susceptible, infected, recovered) and describe the flow
of individuals between them. They are most often implemented
as systems of ordinary differential equations (ODEs) that describe
how each compartment changes over time as a function of other
compartment states and a set of parameters. However, despite a rich
pool of epidemiological modeling literature, these compartmental
models remain computationally inaccessible. Model equations are
embedded in publication text or figures, their implementations vary
across codebases, and their naming conventions can differ across
authors. Key modeling assumptions are often not made explicit and
are not apparent from equation-level representations.

These barriers make existing models difficult to find, reproduce,
and compare, and prevent broader meta-analysis across the mod-
eling literature. In the context of the COVID-19 pandemic, [14]
advocated for reproducible model sharing and created a repository
of models manually reimplemented from publications, made avail-
able in the SBML standard model representation [4] on BioMod-
els.org [9]. However, this repository is limited to 28 models, all
specific to COVID-19, and does not provide a general and scalable
framework overcoming the above limitations.

To address these limitations, here we present the modeling frame-
workMIRA and the correspondingmodel databaseMIRA-DB.MIRA
makes three key contributions: it provides (i) a standardized model
representation using high-level “Templates” that represent pro-
cesses appearing in compartmental models, abstracted away from
specific mathematical or software implementation, (ii) operations
on “Template Models” for extension, stratification, comparison and
composition, and (iii) generation and export of model implemen-
tations as differential equations and other output formats. Build-
ing on MIRA, we introduce MIRA-DB, which implements scalable
pipelines for literature access, text and image processing, extraction
of model equations, ontology grounding of extracted concepts, and
a database schema and web service that stores models with their
provenance and metadata. We benchmarked multiple publication
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processing and model extraction approaches against a set of curated
gold-standard models. Benchmarks showed that some extraction
methods reached high performance, matching gold-standard equa-
tions above 92% in shared equation terms, and revealed trade-offs
between cost and accuracy.

Both MIRA1 and MIRA-DB2 are available on GitHub under per-
missive licenses. An initial prototype of MIRA-DB comprising 559
models is available as a public web service at https://epimodels.io.

2 Model representation through
ontology-grounded templates

We introduce MIRA, an abstract model representation framework
for compartmental models that captures the high-level semantics of
modeling processes while abstracting away from specific mathemat-
ical or software implementations. MIRA does this by introducing
domain-independent structural templates such as NaturalDegrada-
tion and ControlledConversion that can represent typical patterns
of compartmental processes in epidemiology and other fields (sys-
tems biology, ecology, etc.). Templates take one or more Concepts
as arguments that represent compartments, where each Concept
is identified by a term in a domain ontology that determines its
meaning independent of the naming conventions used in any par-
ticular publication. For epidemiological modeling, MIRA draws
on ontologies such as the Infectious Disease Ontology (IDO) [1]
and the Apollo Structured Vocabulary [3]. A MIRA template-based
representation of a simple Susceptible-Infectious-Recovered (SIR)
compartmental model is shown in Figure 1. MIRA Templates can
further capture custom rate laws using SymPy expressions corre-
sponding to the process represented. A MIRA Template Model then
consists of a collection of Templates, a list of Parameters (which can
also be given ontology-grounding and can appear in Template rate
laws), Initial Conditions (expressions that define starting values of
Concepts), Observables (expressions over Concepts and Parameters
defining a model readout) as well as several attributes that carry
provenance and metadata associated with the model. The MIRA
Template Model and all model components are implemented as
Python classes allowing for the structured, programmatic construc-
tion of models, an approach inspired by frameworks developed for
systems biology [2, 8, 15].

MIRA provides a suite of modeling operations on Template Mod-
els including model extension, model stratification (e.g., stratifying
compartments of an SIR model into multiple age groups or cities),
model comparison and model composition. Template Models can
also be exported to other modeling formalisms, including Petri
net representations [6] and community exchange formats such as
SBML [4].

3 Automated extraction of models from
publications

Building on MIRA as a modeling framework, the purpose of MIRA-
DB is to implement a scalable pipeline for the extraction of model
implementations from publications as MIRA Template Models, and
to create a queriable model database. The MIRA-DB pipeline con-
sists of four stages: (i) finding, acquisition and filtering of relevant
1https://github.com/gyorilab/mira
2https://github.com/gyorilab/miradb

Figure 1: MIRA Template representation of a basic SIRmodel
with ontology-grounded templates (rounded box). Arrows
show import/export modalities into common modeling for-
malisms.

publications, (ii) publication processing and language model-based
extraction of model equations, (iii) mapping equations to ontology-
grounded MIRA Templates, and (iv) structured storage of models
and metadata in a relational database.

For publication acquisition, MIRA-DB implements an interface
toward the PubMed API [16], which provides broad coverage of
metadata on publications in epidemiology, biology, medicine, and
related fields, and PubMedCentral, which provides access to full-
text content for a large portion of PubMed entries. A relevant input
corpus of publications is defined via a custom combination of topic
terms and keywords passed to the PubMed API. Because compart-
mental models are typically described only in publication full text
(rather than the abstract), MIRA-DB takes full text content as input.
In our prototype, this is sourced through PubMedCentral, though
other sources of text content can also be used as input to MIRA-DB.

3.1 Extracting equation content from
publication text

MIRA-DB implements four complementary methods that take a
publication as input and return a textual or image representation of
equations defining a compartmental model (if such model exists in
the publication). This is challenging because model equation con-
tent must be reliably isolated from the broader document structure,
which typically contains multiple tables, figures, and text in custom
formats. The four methods incorporated in MIRA-DB differ in the
input format taken, the output format produced, and the method-
ology of extraction, and thus vary in extraction performance and
computational cost.

PubMedCentral makes full text publications available in sev-
eral formats, including a custom XML schema and PDF, though
the availability of a specific format differs across papers. The first
approach (“XML-Markup”) implemented by MIRA-DB traverses
the XML-formatted version of a publication (when available) to
identify tags encompassing MathML or LaTeX-formatted equations
and returns these as text. The other extraction approaches take a
PDF as input and wrap the Marker [11] or MinerU [17] libraries for
PDF processing.

https://epimodels.io
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The Marker library converts PDFs to structured HTML from
which equation content is extracted. A benefit of Marker is that its
output is structured, making it suitable for systematic parsing. We
call this extraction method “Marker-HTML”.

MinerU is a Python package that extracts text content and images
from PDFs as separate output artifacts. It identifies equations within
a PDF and outputs these both as text (“MinerU-Text”) and as images
(“MinerU-Image”).

3.2 Parsing symbolic equations and mapping to
MIRA Templates

Extraction provides a textual or image representation of model-
defining equations from a publication. However, these are unstruc-
tured formats that require parsing into a symbolic form to be in-
terpretable for model construction. We use the SymPy [10] library
for symbolic equation representation and implemented a large
language model (LLM)-based approach for generating such repre-
sentations from raw text or image input. The LLM-based processing
pipeline consists of three stages: initial symbolic equation conver-
sion, error correction feedback, and grounding to ontology terms.

First, the system of equations (either as text or image) is pro-
vided within a templated prompt to an LLM as input. The prompt
provides a general description and examples for the conversion
task and instructs the model to return SymPy code declaring the
time-dependent state variables and parameters, and the system of
equations over these variables. To ensure structural validity, a feed-
back loop dynamically executes the LLM-generated SymPy code.
If a runtime error occurs, the equations are sent back to the LLM
for correction using a second prompt. Finally, after a valid system
of symbolic equations is obtained, state variables are grounded
against domain ontology terms. The LLM is prompted using a tem-
plate containing the SymPy equations and detailed instructions and
examples of concept groundings (from a set of manually curated
epidemiology models) to guide this grounding step.

Given a symbolic equation representation, the equations are
assembled into a MIRA Template Model using a hypergraph-based
algorithm over the equation terms (see Appendix).

4 Evaluation of automated model extraction
We benchmarked MIRA-DB’s extraction pipeline against a set of
manually curated gold standard reference models. For each publica-
tion in the gold standard, we scored the Template Model produced
by each of the four extraction methods against the hand-curated
reference model using a three-component structural similarity met-
ric. The resulting scores allow for a direct comparison of extraction
quality across methods and document formats.

To create the gold standard model set, we chose 12 papers from
the BioModels database epidemiology model subset. For each paper,
a Template Model was manually curated to accurately represent
the published equations, compartment structure, and dynamics,
forming the gold standard against which all four extractionmethods
were evaluated.

Comparing automatically extracted ODEs to a gold standard is
non-trivial since the same mathematical structure can be expressed
with many notational variants and equivalent dynamics can be writ-
ten in algebraically different but mathematically identical forms.

Figure 2: Score distributions by extraction method. Box plots
show Compartment Jaccard, Term-set Jaccard, and Tree-edit
similarity (TES) for each of the four extraction methods
across all evaluated papers.

Simple string or token matching fails to capture structural equiva-
lence. We therefore defined a three-component structural similarity
metric that operates at increasing levels of granularity: the Com-
partment Jaccard (CJ) measures overlap in compartment variable
sets after fuzzy name matching, the Term-set Jaccard (TJ) measures
overlap in canonicalized symbolic terms on the right-hand side of
each ODE, and the Tree-Edit Similarity (TES) measures fine-grained
compositional similarity between equation expressions as abstract
syntax trees. A combined similarity score weights these three com-
ponents, with CJ acting as a gating signal so that TJ and TES con-
tributions are scaled by compartment overlap. Full definitions and
the combined score formula are given in Appendix 7.

Figure 2 shows score distributions across the three metric com-
ponents for each extraction method; the same results are reported
in numerical form in Appendix Table 1. Marker-HTML consistently
outperforms the other methods, achieving a median Compartment
Jaccard of 1.0 with near-zero variance and the highest Term-set Jac-
card scores, indicating reliable recovery of both state variables and
equation structure. MinerU-Text equals Marker on compartment
recovery but shows high variance in Term-set Jaccard, likely due to
optical character recognition errors in Greek letters and subscripted
variables. MinerU-Image and XML-Markup perform similarly to
each other, with moderate scores across both Jaccard components.
TES scores are consistently high across all methods, suggesting that
when terms are correctly identified, their compositional structure
is generally preserved.

Appendix Table 2 shows the combined scores per paper across all
four extraction methods. Marker-HTML consistently achieves the
highest combined score across most papers, with scores above 0.9
for the majority of the gold standard. Performance varies notably
across papers rather than uniformly across methods. For exam-
ple, PMID 32703315 is a low scoring outlier for MinerU-Image,
while MinerU-Text drops sharply for PMID 32341628 despite other
methods performing well. This per-paper variation suggests that
document-specific factors, such as equation formatting, style, and
PDF rendering quality, play a significant role in extraction per-
formance alongside method choice. For instance, a limitation of
MinerU-Text is that it often misrecognizes Greek letters and vari-
ables with superscripts or subscripts, which are pervasive in com-
partmental epidemiology models.
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5 Constructing a database of
literature-extracted epidemiology models

MIRA-DB schema and design considerations. The MIRA-DB
schema captures the full chain from source publication to grounded
Template Model across four tables (see Appendix Figure 1). The
Text Reference table stores bibliographic metadata (PubMed ID, DOI,
authors, journal, etc.) for each publication. The Text Content table
records the artifact (text or image) produced by applying a specific
extraction method to a publication; a single publication may have
multiple Text Content rows, one per extraction method applied. The
ODE Expressions table holds the SymPy-parsed equations derived
from a given extracted artifact, including any corrections produced
by the LLM error-correction loop. The MIRA Template Models table
stores the final grounded Template Model serialized as JSON, along
with ontology grounding metadata, linked to the originating ODE
expression.

Two design choices make the schema extensible. First, the ex-
traction method is encoded as an enumerated type rather than
free text, so additional extraction pipelines can be added without
schema migration. Second, the one-to-many chain from Text Refer-
ence through to MIRA Template Models allows multiple extraction
methods, multiple equation parses, and multiple resulting Template
Models to coexist for a single publication, supporting head-to-head
comparison and downstream analysis by method.
MIRA-DB content and interface. The current MIRA-DB content
was sourced from a PubMed query using the topic term “Epidemiol-
ogy” combinedwith keyword constraints matching “compartmental
model”, “SEIR model”, or “SIR model”. This query retrieved 1, 953
publications, of which 1, 075 had full text available (55%); the extrac-
tion pipeline recovered equations and produced a grounded MIRA
Template Model for 559 of these (52%). Models in MIRA-DB show
a broad distribution of sizes in terms of the number of Concepts
(i.e., compartments) and number of Templates (Appendix Figure 2)
with the largest model from [5] containing 16 compartments corre-
sponding to granular disease stages of COVID-19.

We found that both the equation extraction methods and the
downstream LLM processing stage had substantially different com-
pute requirements and runtimes, with the LLM stage notably slower
for image-based input (see Appendix).

MIRA-DB exposes the extracted models through a web interface
that supports model search based on metadata, publication titles,
and ontology-grounded concepts. It also renders equations corre-
sponding to the ODE export of the extracted Template Model, and
provides download options as Template Model JSON, SBML, and
SymPy code.

6 Conclusion and future work
We presented MIRA, an abstract model representation framework
for compartmental models, and MIRA-DB, an automated pipeline
and database for extracting models from scientific literature into
the MIRA representation. MIRA contributes a domain-independent
template-based representation in which compartments, parameters,
and processes are grounded against domain ontologies, enabling
standardized, machine-comparable model semantics together with
modeling operations such as stratification, comparison, and com-
position. MIRA-DB contributes a scalable extraction pipeline that

combines complementary methods for recovering equation content
from publication full text, parses equations into symbolic form us-
ing pre-trained language models, and assembles ontology-grounded
MIRA Template Models stored in a queriable database with a public
web interface. Together, MIRA and MIRA-DB address a practical
bottleneck for the field, the absence of machine-readable, compa-
rable epidemiological models at scale, which has limited model
reuse, cross-study meta-analysis, similarity-based retrieval, and the
application of foundation models to compartmental epidemiology.

A current limitation is that the evaluation does not yet include a
root-cause analysis of extraction method differences. It is unclear
whether performance variation stems from document structure,
equation complexity, optical character recognition quality, or LLM
behavior during extraction. To this end, we plan to expand the
manually curated gold standard to cover a broader range of diseases
and model types, and to conduct a systematic analysis of extraction
failure modes. Another limitation of the current MIRA-DB pipeline
is that it focuses on model structure. Although parameter symbols
are extracted, extending the pipeline to also recover parameter
values (leveraging e.g., [7]) is an important next step toward fully
reusable models.

To grow MIRA-DB beyond the prototype scope, we plan to scale
up the literature corpus and broaden publication sources beyond
PubMed. Scaling the literature scope beyond targeted keyword
queries will require automated paper relevance classification; in
preliminary work, we developed a classifier using document embed-
dings fine-tuned via contrastive learning on a manually curated set
of positive and negative examples. Beyond paper-derived models,
the same MIRA representation can capture models implemented
in software, suggesting a complementary extraction pathway di-
rectly from model source code [13]. The MIRA framework also
generalizes beyond compartmental ODE models, both to other do-
mains where similar process-template structures are prevalent (e.g.,
systems biology, pharmacokinetics) and to other model formalisms.

We also plan to extend MIRA-DB’s accessibility and downstream
utility. Programmatic access through an API and a Model Context
Protocol (MCP) server would enable agents and analysis pipelines
to query the database directly. Integration with simulation frame-
works [12] would allow extracted models to be parameterized and
run without manual reimplementation. The structured model cor-
pus also enables data-driven studies of the modeling literature,
including model clustering, cross-disease structural comparison,
and fine-tuning language models on the corpus to support tasks
such as model synthesis, summarization, and similarity-based re-
trieval.
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Appendix
Hypergraph-based mapping of symbolic
equations to MIRA Templates
Given a symbolic equation representation of a model, we construct
a MIRA Template Model representation by recognizing collections
of terms on the right-hand side of ODEs that together correspond
to a high-level template such as “ControlledConversion”. We devel-
oped a hypergraph-based algorithm in which each term on the ODE
right-hand side becomes a node. Groups of terms whose symbolic
sum is zero are connected via a directed hyperedge from the negated
(consumed) terms to the positive (produced) terms; overlapping
hyperedges that share terms are resolved by greedy matching so
each term belongs to at most one. Each hyperedge is then mapped
to a conversion-type template (e.g., NaturalConversion or Con-
trolledConversion), while terms not covered by any hyperedge are
mapped to production or degradation templates. Compartments are
identified as the left-hand side state variables and parameters as the
remaining free symbols. Together with the grounding information
obtained from the prior LLM call, the assembled templates form a
MIRA Template Model.

Structural similarity metrics for equation
extraction benchmarking
The Compartment Jaccard (CJ) metric measures the overlap in com-
partment variable sets between two sets of equations after fuzzy
name matching to handle notation differences (e.g., matching 𝑆𝑟 to
𝑆𝑟 ). It is the coarsest signal: two models that share all compartments
may still differ dynamically, but models with low CJ are structurally
dissimilar by definition. The Term-set Jaccard (TJ) metric operates
on the symbolic content of each ODE. Each equation’s right-hand
side is canonicalized using SymPy by stripping scalar coefficients
and normalizing and simplifying the terms; the resulting term sets
are then compared across corresponding equations. TJ captures
whether two models contain similar epidemiological interactions
independent of parameter naming conventions. The Tree-Edit Simi-
larity (TES) metric measures the fine-grained structural similarity
of individual equation expressions as abstract syntax trees and cap-
tures compositional similarities even when term sets match. TES
scores are normalized to [0, 1], with 1 indicating identical structure.

The combined similarity score combines the three components:

Scombined = 0.2 ·𝐶𝐽 + 0.5 ·𝐶𝐽 ·𝑇 𝐽 + 0.3 ·𝐶𝐽 ·𝑇𝐸𝑆

CJ acts as a gating signal: models with little compartment overlap
are structurally incomparable, so TJ and TES contributions are
scaled by CJ. TJ receives the highest weight (0.5) because matching
symbolic terms most directly captures similarity in model dynamics.
TES (0.3) provides finer-grained differentiation when models share
terms but differ in composition. The standalone CJ term (0.2) assigns
partial credit for shared compartment structure even if equation-
level similarity is low.

Compute requirements for equation and model
extraction
The compute requirements for equation extraction from publica-
tions differed substantially depending on the method. Marker took
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Appendix Figure 1: Schema of the MIRA-DB database, each table shown as a rectangle with table name in the header and
attributes as rows. Relationships between tables are shown using edges. The figure was created using dbdiagram.io.

on average 4 minutes 20 seconds per publication on a T4 Tensor
Core GPU, whereas MinerU took on average 4 minutes on an Apple
M2 Pro CPU. Given the simple XML traversal involved, the time
for XML-Markup extraction is negligible.

For the LLM-based processing stage of model extraction, we used
the gpt-4o-mini model with default parameters across all LLM calls.
On average, each paper required 10,407 input tokens (including the
fixed prompt cache) and 1,348 output tokens, at an average cost
of $0.002 per paper. LLM processing time averaged 21 seconds for
text-based inputs (XML-Markup, Marker-HTML, MinerU-Text) and
1 minute 28 seconds for image-based input (MinerU-Image).

Appendix Figure 2: Distributions of model sizes across MIRA-
DB. Left: number of compartments (Concepts) per model.
Right: number of Templates per model.

Appendix Table 1: Score distribution by extraction method
(mean ± standard deviation across the 12 gold-standard pa-
pers). These are the same results visualized in Figure 2.

Method Compartment
Jaccard

Term-set Jac-
card

Tree-Edit
Similarity

Marker-
HTML

1.0 ± 0.0 0.923 ± 0.108 0.955 ± 0.077

MinerU-
Image

0.849 ± 0.21 0.67 ± 0.27 0.815 ± 0.15

MinerU-
Text

0.955 ± 0.105 0.79 ± 0.251 0.885 ± 0.175

XML-
Markup

0.885 ± 0.194 0.694 ± 0.161 0.848 ± 0.105

Appendix Table 2: Per-paper combined similarity scores by
extraction method. Dashes indicate papers for which the
extraction method did not produce a usable Template Model.

PubMed ID Marker-
HTML

MinerU-
Image

MinerU-
Text

XML-
Markup

32046137 0.982 0.429 0.969 0.433
32219006 0.767 0.636 0.767 —
32289100 1.0 0.89 0.89 0.866
32322102 1.0 0.631 1.0 1.0
32341628 0.941 0.844 0.31 0.856
32574303 1.0 0.843 1.0 0.832
32616574 0.866 0.866 1.0 0.463
32703315 0.888 0.193 0.907 0.861
32706790 1.0 1.0 1.0 0.739
32735581 0.929 0.96 0.888 0.803
32834593 1.0 0.42 0.496 —
32834603 1.0 0.453 0.799 0.359

Mean 0.948 0.68 0.836 0.721
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