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Abstract: Kinetic modeling is an essential tool in systems biology research, enabling the quantitative
analysis of biological systems and predicting their behavior. However, the development of kinetic
models is a complex and time-consuming process. In this article, we propose a novel approach called
KinModGPT, which generates kinetic models directly from natural language text. KinModGPT
employs GPT-3 as a natural language interpreter and Tellurium as an SBML generator. We
demonstrate the effectiveness of KinModGPT in creating SBML models from complex natural
language descriptions of biochemical reactions. KinModGPT successfully generates valid SBML
models from a range of natural language model descriptions of metabolic pathways, protein-protein
interaction networks, and heat shock response. This article demonstrates the potential of KinModGPT
in kinetic modeling automation.

Keywords: GPT; language model; kinetic modeling; simulation; systems biology; natural language
processing

1. Introduction

Kinetic modeling is an essential technique in systems biology, as it allows for the quantitative
analysis and prediction of complex biochemical systems such as metabolic pathways and gene
regulatory networks [1]. Kinetic models are differential equation models that describe the dynamic
behavior of biochemical systems based on the interactions between their molecular components.
Kinetic models are stored and distributed as SBML (Systems Biology Markup Language) files [2,3]. In
addition, there are several software tools, such as Tellurium [4,5], COPASI [6-8], and CADLIVE [9-11],
that support kinetic modeling. Still, the development of kinetic models is time-consuming and expert
work. First, modelers survey many research articles for known enzyme reactions, signal transduction
pathways, and gene regulations contained in the system of interest and build the chemical reaction
equations with kinetic parameters. Next, modelers translate them into kinetic rate equations. A few
studies have been devoted to developing natural language processing-based methods that generate
kinetic models from literature texts [12,13]. However, these studies focused on signal transduction, a
specific type of biochemical systems. Moreover, their complex implementation makes it challenging
for non-experts to modify or extend.

In recent years, there has been significant progress in artificial intelligence (AI) technologies,
particularly in the field of generative models. Among these models, GPT (Generative Pre-trained
Transformer) natural language models stand out as the most advanced. In fact, ChatGPT [14], one of
the GPT models, has gained public attention due to the ability to engage in natural conversations. It
has been shown that GPT models have the capability to pass graduate-level exams [15,16] and write
program codes [17]. GPT models may allow researchers to automatically build kinetic models directly
from research articles. To the best of our knowledge, the capabilities of GPT models for automatic
kinetic model construction have not been investigated.

In this article, we aim to answer the following question: Can a GPT model generate an SBML
kinetic model from a natural language description? While GPT-3 [18] alone cannot create valid SBML
models, we propose a novel approach called KinModGPT, which combines GPT-3 as a natural language

© 2023 by the author(s). Distributed under a Creative Commons CC BY license.


https://orcid.org/0000-0002-6038-1322
https://orcid.org/0000-0002-6038-1322
https://doi.org/10.20944/preprints202303.0122.v1
http://creativecommons.org/licenses/by/4.0/

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 7 March 2023 doi:10.20944/preprints202303.0122.v1

20f 14

interpreter and Tellurium as an SBML generator. Moreover, we demonstrate that KinModGPT can
generate valid SBML models from natural language descriptions of biochemical reactions.

2. Results

2.1. GPT-3 alone cannot create valid SBML models

GPT-3 is a large language model trained on massive amounts of text data [18]. When prompted
with a message to start the conversation, GPT-3 generates appropriate responses by repeatedly
predicting the following word in the sequence. First, we tested whether GPT-3 can directly generate an
SBML model from natural language text. We employed four test problems with biochemical systems
with different complexities (Figure 1). Next, we asked GPT-3 to convert each model description to an
SBML model. The instruction message for GPT-3 is shown in Scheme A1. The results are summarized
in Table 1. For all the models tested, GPT-3 generated SBML-like models. However, upon inspecting
these models using the Online SBML validator [19], we discovered that all the generated SBML models
were invalid, containing some errors, such as missing required attributes. The invalid SBML files
cannot be imported by widely-used modeling tools.


https://doi.org/10.20944/preprints202303.0122.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 7 March 2023 doi:10.20944/preprints202303.0122.v1

30f14

Model name Network map Model description

Decay @—»z Protein P decays. The initial concentration is 1 uM.

Molecules of M bind to form E, and E dissociates back into two
Ms. Additionally, E and S can bind to form ES, which then
dissociates back into E and S, while E and P can bind to form
HIV EP, which dissociates back into E and P. Furthermore, ES can
be converted into E and P. E and | can also bind to form El,
which dissociates back into E and I. Finally, El is converted into

EJ.

Substrate S is converted into product P through intermediates
M1 and M2. The metabolic reactions are catalyzed by three
enzymes, E1, E2, and E3. The expression of mMRNAs G1, G2,
Three-step and G3 is repressed by the metabolites M1, M2, and P,
respectively. The proteins E1, E2, and E3 are translated from
G1, G2, and G3, respectively. E1, E2, E3, G1, G2, and G3

degrade. The initial concentration of Sis 1.

s70 and RNA polymerase (RNAP) bind together to form
s70_RNAP, which then dissociates into s70 and RNAP. Pg and
s70_RNAP bind to create Pg_s70_RNAP, which can dissociate
back into its components. RNAP and s32 bind to create
RNAP_s32, which can dissociate into RNAP and s32. Ph and
RNAP_s32 bind to form Ph_RNAP_s32, which then
dissociates back into Ph and RNAP_s32. Additionally, s32 and
DnaK form s32_DnaK, which can dissociate into s32 and
DnaK, while s32 and FtsH bind to create s32_FtsH, which can
dissociate back into s32 and FtsH. Similarly, Punfold and DnaK

bind to form Punfold_DnaK, which can dissociate into Punfold

and DnaK. (continued)

Figure 1. Test problems. We tested whether KinModGPT can create SBML models from the natural
language model descriptions. For the reaction network maps, CADLIVE notation was used [9-11]. For

Heat shock
response

simplicity, only important reactions are shown in the reaction network map for the heat shock response
model. The full model description for the heat shock response is provided in Scheme A3.
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Table 1. Summary of the computational experiments. We converted four natural language model
descriptions into SBML using either the GPT-3 only approach or KinModGPT. The validity of the
generated SBML files was verified using the Online SBML Validator [19], and their consistency with
the original model descriptions was manually inspected.

Are the created

Method Model name Are SBML models Are the created SBML models
created? SBML models valid? consistent with their
model descriptions?
Decay Yes No N/A
GPT-3 only HIV Yes No N/A
Three-step Yes No N/A
Heat shock Yes No N/A
response
Decay Yes Yes Yes
KinModGPT HIV Yes Yes Yes
Three-step Yes Yes Yes
Heat shock Yes Yes Yes
response

2.2. KinModGPT can create valid SBML models

To generate an SBML model from natural language text, we introduce the strategy named
KinModGPT, as outlined in Figure 2. First, KinModGPT translates the natural language descriptions
of biochemical reactions into Antimony language [20], a human-readable model definition language.
Next, KinModGPT converts the resulting Antimony model into the SBML model using Tellurium
[4,5]. For KinModGPT, we provided the following prompt to GPT-3. First, we told GPT-3 that the task
was to translate the descriptions of biochemical reactions written in natural language into Antimony.
Second, we provided a conversion rule table that showed how each chemical reaction is represented in
natural language and Antimony (Scheme A2). Then, we input the natural language model descriptions.
The Python code of KinModGPT and the created Antimony and SBML models are provided as
Supplementary Materials.
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Natural Enzyme E catalizes the conversion of S to P,
Language and P degrades.

GPT-3

S->P;kcat*E*S/(Km+S);kcat=1;Km=1

Antimon
Y P ->:kdeg * P ; kdeg = 1

Tellurium

<?xml version="1.0" encoding="UTF-8"?>
<sbml xmins="http://www.sbml.org/sbml/level3/version1/core"

level="3" version="1">
SBML . A .
<model metaid="__main" id="__main">

<listOfCompartments>

Figure 2. Overview of KinModGPT.

We tested whether KinModGPT can create valid SBML models from text model descriptions.
KinModGPT successfully generated an SBML model for each test problem. We confirmed their
validity using the Online SBML validator (Table 1). Indeed, these SBML models could be
imported by a widely-used modeling tool, COPASI [6-8], demonstrating that KinModGPT can create
ready-to-simulate SBML models from natural language text.

To further examine the models, we intensively analyzed each model. The Antimony model for
decay is shown in Scheme 1. It is worth noting that KinModGPT does not require an exact match
between the conversion rules and model descriptions. Indeed, KinModGPT successfully interpreted
“Protein P decays. The initial concentration is 1 uM.” as the combination of the two expressions: “X
degrades (or decays)” and “X (concentration) is Y M (or mM or uM or nM or pM).” The generated
SBML model could be simulated as it was (Figure 3).

P=1
P->;kdeg P*P;kdeg P=1

Scheme 1. The decay model in Antimony language, created by KinModGPT.

0.8 b

0.6 - b

0.4+ b

0.2 b

Time
Figure 3. Simulation of the created SBML model for the decay model.

In the model description of the HIV model (Figure 1), five sentences describe ten reactions. Indeed,
the second sentence contains four reactions. KinModGPT extracted the necessary information from
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these complex sentences and generated a valid SBML model. The Antimony model is provided
in Scheme 2. The SBML model could be simulated by modeling tools without any modifications.
However, to check whether the SBML model reproduces the behavior of the HIV proteinase system,
we manually set known realistic values to kinetic parameters. As shown in Figure 4, the substrate
(S) is converted into the product (P) over time. Moreover, the inactive enzyme-inhibitor complex (E])
gradually increases. This behavior is consistent with the network map (Figure 1), model description,
and literature [21-23].

M+M->E;ka MM E*M*M;ka MM E=1
E>M+M;kd EM M*E;kd EM M=1

E+S->ES;ka_ E S ES*E*S;ka E S ES=1
ES->E+S;kd_ES E_ S*ES;kd ES E S=1

E+P->EP;ka_E P EP*E*P;ka EPEP:l
EP->E+P;kd_EP_E P*EP; kd PEP=1

ES->E+P:kc ES E P*ES; ke ES E P=1
E+1->El;ka E I EI*E*I;ka E I EI

EI->E+1;kd ELE I*EI;kd_ELE I=1
EI->EJ; ke_EL EJ *EI; ke_EL EJ = 1

Scheme 2. The HIV model in Antimony language, created by KinModGPT.
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Figure 4. Simulation of the created SBML model for the HIV model. S;,;,; and Py, represent the total
S concentration (Syys,; = S + ES) and the total P concentration (P, = P + EP), respectively. We tuned
the kinetic parameters before simulation.

The three-step problem highlights the remarkable capability of KinModGPT. The model
description’s first two complex sentences, "Substrate S is converted into product P through
intermediates M1 and M2. The metabolic reactions are catalyzed by three enzymes, E1, E2, and
E3. ", contain four metabolites and three enzyme reactions. These sentences may be challenging even
for experienced modelers to interpret. However, KinModGPT successfully interpreted and translated
the sentences into the Antimony model (Scheme 2). Next, we tested whether the created SBML model
could reproduce a reasonable behavior. As shown in Figure 5, the substrate (S) is converted into the
product (P) through two intermediate metabolites (M1 and M2). The expression of the third enzyme
(E3) is repressed compared to the first and second enzymes because the accumulated P represses the
expression of E3. This behavior matches the network map and model description shown in Figure 1.
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S->Ml ; kcat_ E1_ S M1*E1*S/ (Km_E1_S_ M1+S);kcat E1_S M1=1;Km_E1.SM1=1,El1=1
M1 -> M2 ; kcat_E2_M1_M2*E2*M1 / (Km_E2_M1_M2 + M1) ; kcat_ E2_M1_M2=1;
Km_E2 M1 M2=1;E2=1

M2 ->P; kcat_E3_M2_P*E3*M2 / (Km_E3_M2_P +M2); kcat_ E3_M2_P=1; Km_E3_M2_P =1;E3
=1

->G1; km_GI_M1*K_GI_M1~" n_G1_M1/(K_GI_M1~n_G1_M1+M1" n_GI_M1);km_G1_M1
=1;KGI.M1=1;nGl_M1=1

> G2;km_G2 M2*K_G2 M2A n_ G2 M2/ (K. G2 M2/~ n_G2 M2+M2~A n_G2_M2);

km G2 M2=1;K_ G2 M2=1;n_G2.M2=1

->G3;km_G3_ P*K_G3 PAn_G3 P/ (KG3PAnG3 P+PAnG3P);km_G3 P=1;K G3_P
=1;n_G3_P=1

>El;kp_ G1_E1*G1;kp_G1_El=1

>E2;kp G2 E2*G2;kp_G2_ E2=1

> E3; kp_G3_E3*G3;kp_G3_E3=1

Gl ->;kdeg G1*G1;kdeg G1=1

G2 ->;kdeg G2*G2;kdeg G2=1

G3 > ; kdeg G3*G3;kdeg G3=1

El->;kdeg_E1*El; kdeg E1=1

E2 ->; kdeg_E2* E2;kdeg E2 =1

E3 ->; kdeg_E3*E3; kdeg E3 =1

S=1

Scheme 3. The three-step model in Antimony language, created by KinModGPT.

a b
! ! E1
508 . 508 E2 .
s . |\S £
£06 . £06 E3 .
8 0.4 B S 0.4 _
0.2 f/& 4 02k |
0 | | 0 | | |
0 5 10 15 20 0 5 10 15 20
Time Time

Figure 5. Simulation of the created SBML model for the the three-step model.

Finally, KinModGPT has successfully created an SBML model for the heat shock response model
that consists of 25 variables and 50 rate equations, demonstrating its potential for developing complex,
realistic kinetic models. The Antimony model is provided in Schemes A4 and A5. To test the created
SBML model, we assigned realistic parameter values and simulated its behavior. Upon heat shock,
proteins are rapidly denatured, and thus the yield (the fraction of folded proteins in the total protein
pool) decreases (Figure 6). However, the 02 transcription factor is produced, which then initiates the
expression of the chaperone protein DnaK. Denatured proteins are then quickly refolded by DnaKk,
and thus the yield is recovered. This behavior is consistent with literature [24-26].
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Figure 6. Simulation of the created SBML model for the the heat shock response model. Heat shock
occurs at 0 min and is implemented through an increase in the rate constant for protein denaturing.
Yield is the fraction of folded proteins in a pool of total proteins, i.e., Yield = Prog / (Pfold + Punford +
Pyufola—DnaK). We tuned the kinetic parameters before simulation.

3. Discussion

In this article, we explored the possibilities of using GPT models for kinetic modeling automation.
We developed KinModGPT by integrating GPT-3 [18] and Tellurium [4,5]. KinModGPT successfully
converted a kinetic model written in a natural language text into the SBML model. Furthermore, all
the created SBML models could be imported by widely-used modeling tools. To our knowledge, this
work presents the first method applying GPT models to kinetic modeling, contributing to advances in
systems biology.

How did GPT-3 fail to generate valid SBML files without any help from a modeling tool? Despite
the effectiveness of language models, such as GPT-3, in generating natural sentences, their output may
lack the precision required to generate accurate models. In contrast, even a single missing tag in SBML
can lead to errors in the model. GPT-3 could not generate any valid SBML models, not even for the
simplest models with one variable and one reaction. It is challenging to fix the generated invalid SBML
models, as it requires manual review of the SBML files in XML format.

Instead of creating SBML models directly from natural language texts, KinModGPT employs
Antimony language as an intermediate representation. Since Antimony language is simpler than
SBML, GPT-3 can translate a natural language model description into Antimony language without
errors. Then, the modeling tool, Tellurium, creates an SBML model from the Antimony model. For all
four test problems, there were no conversion errors. However, even if there were some errors, they
could be easily corrected by using modeling tools or by directly editing the Antimony models. This is
another advantage of KinModGPT over the GPT-3 only approach.

Despite its promising results, KinModGPT has some limitations. Firstly, the current version of
the natural language-Antimony conversion rule table covers only a part of biochemical reactions.
However, the table can easily be expanded or tailored to a specific application domain. Moreover, we
may be able to eliminate the need for manual rule definition by fine-tuning or by retraining GPT-3
with a large number of “Rosetta stones,” i.e., natural language model descriptions and their Antimony
counterparts. Another limitation is that the current version of KinModGPT cannot automatically set
appropriate kinetic parameter values. Thus, kinetic parameters must be tuned in the downstream
modeling process to create a realistic model that complies with experimental data [27-30].

Gyori et al. developed the Integrated Network and Dynamical Reasoning Assembler (INDRA),
which automatically builds kinetic models from natural language texts [12]. While INDRA focuses on
modeling cell signaling pathways, its applicability to other types of biochemical systems is uncertain. In
contrast, we have demonstrated that KinModGPT can effectively model various biochemical systems,
including metabolic pathways, protein-protein interactions, and gene regulations. KinModGPT also
offers the advantage of extensibility. Due to its simple implementation, modelers can easily customize
the conversion rules for translating natural language texts to Antimony. For example, we modeled
enzyme reactions using the simplest irreversible Michaelis-Menten equation in the three-step model;
however, by modifying the conversion rule table (written in a simple text file), modelers can easily
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switch to a reversible equation. In addition, as GPT-3 is multilingual, the conversion rules can be
written in languages other than English.

It should be noted that the purpose of this article is not to provide a perfect solution for kinetic
modeling automation but rather to demonstrate the potential of GPT models in this field. With the
continued refinement of KinModGPT, Al may be able to extract information from many relevant
articles to generate a kinetic model automatically. Such a development could significantly accelerate
model development and improve an understanding of complex biological systems.

4. Materials and Methods

4.1. GPT-3

We chose GPT-3 (text-davinci-003) [18], one of OpenAl’s GPT series with an open API. Trained on
massive amounts of text data, GPT-3 is a powerful tool for natural language processing tasks, including
language translation, text summarization, and question answering. By predicting the next word in a
sequence given preceding words, GPT-3 can generate human-like natural language text. In GPT-3, the
parameter called temperature determines the randomness of responses. In this study, we set temperature
= 0 for reproducibility.

4.2. Tellurium

Tellurium [4,5] is a Python library for modeling and simulating biochemical systems. For model
development, Tellurium employs Antimony [20], a human-readable, text-based language that facilitates
the creation of kinetic models. Additionally, Tellurium can convert Antimony models to SBML models.

4.3. Test problems

We utilized four test problems to benchmark KinModGPT (Figure 1). The first problem, decay;, is
the simplest scenario in which an SBML model is generated from just two sentences. This model has a
single variable and a single rate equation. The HIV model represents the mechanism of irreversible
inhibition of HIV proteinase [21-23]. It is comprised of 9 variables and 10 rate equations, and its
model description consists of 5 sentences. The three-step model describes a hypothetical metabolic
pathway with 3 enzyme reactions and 3 gene regulations. This model consists of 10 variables and 15
rate equations, described in 5 sentences. Finally, the heat shock response model represents the realistic,
complex regulatory mechanisms that confer robustness to heat shock in Escherichia coli [24-26]. This
model consists of 25 variables and 50 rate equations, described in 20 sentences.
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GPT Generative Pre-trained Transformer

SBML Systems Biology Markup Language

COPASI COmplex PAthway SImulator

CADLIVE Computer-Aided Design of LIVing systEms

INDRA Integrated Network and Dynamical Reasoning Assembler

Appendix A

You are a program that converts biochemical reactions written in natural language into SBML
(Systems Biology Markup Language).

Convert the biochemical reactions listed below into SBML. No need to provide further explanations,
just present the converted result.

Scheme Al. Instruction message for the GPT-3 only approach. This instruction is followed by a model
description (see Figure 1).

You are a program that converts biochemical reactions written in natural language into Antimony
language. First, remember the following conversion rules.

# Conversion rules

| Natural language | Antimony language |

| E catalyzes the conversionof XtoY | X->Y ; kcat E X_Y*E*X / (Km_E_X_Y +X); kcat E X_Y
=1;Km EXY=LE=1|

| Xis phosphorylated | X->X_P; Vp_X*X / (Km_X+X);Vp_X=1;Km_X=1|

| XisconvertedintoY | X->Y ; ke X Y*X; ke X Y=1I

| Xand YbindtoformZ | X+Y->Z;ka X Y Z*X*Y;ka X Y Z=
| XdissociatesintoYand Z | X->Y+Z;kd X Y Z*X;kd X Y Z=
| Xis produced (or transcribed) | -> X; km_X; km_X=1 |

| Expression of X is repressed (or negatively regulated or downregulated) by R | -> X ; km_X_R*
KXRANXR/(KXRA"nXR+RANnXR);km X R=1;KXR=1;nXR=1|

| Expression of X is activated (or positively regulated or upregulated) by A | -> X ; km_X_A* A"
nXA/(KXANnXA+A"nXA);km X A=1;KXA=1;,nXA=1I

|'Y is translated from X | ->Y ; kp X_Y*X,; kp_X_Y=1I

| X degrades (or decays) | X->; kdeg X * X ; kdeg X =1 |

| X (concentration) is Y M (or mM or uM ornM or pM) | X=Y |

# Examples

"The expression of G is negatively regulated by R." is converted into "-> G ; km_G_R*K_G_R "
nGR/(KGRAnGR+RA"n_GR);km_G R=1;KGR=1;nG_R=1"

"G is upregulated by A." is converted into "-> G; km_G_A*A " n G A/ (K .G ANn G A+AN
nGA);km G A=1;KG A=1;nG A=1"

Using the conversion rules provided, convert the biochemical reactions listed below into Antimony
language. After converting each reaction, create a bullet point list that includes all the resulting
expressions. In the list, show one reaction per line. No need to provide further explanations, just
present the list. Start each line with ’-’.

Scheme A2. Instruction message for KinModGPT. This instruction is followed by a model description
(see Figure 1).
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Scheme A3. Full model description for the heat shock response model.

s70 and RNA polymerase (RNAP) bind together to form s70_RNAP, which then dissociates into s70
and RNAP. Pg and s70_RNAP bind to create Pg_s70_RNAP, which can dissociate back into its
components. RNAP and s32 bind to create RNAP_s32, which can dissociate into RNAP and s32. Ph
and RNAP_s32 bind to form Ph_ RNAP_s32, which then dissociates back into Ph and RNAP_s32.
Additionally, s32 and DnaK form s32_DnaK, which can dissociate into s32 and DnaK, while s32 and
FtsH bind to create s32_FtsH, which can dissociate back into s32 and FtsH. Similarly, Punfold and
DnaK bind to form Punfold_DnakK, which can dissociate into Punfold and DnaK. D and s70_RNAP
bind to form D_s70_RNAP, which can dissociate into D and s70_RNAP, and D and RNAP_s32 bind to
form D_RNAP_s32, which can dissociate into D and RNAP_s32. RNAP and D bind to form RNAP_D,
and RNAP_D can dissociate into RNAP and D. s32_DnaK and FtsH bind to form s32_DnaK_FtsH,
which then dissociates into s32_DnaK and FtsH. s32_FtsH is converted into FtsH, while
s32_DnaK_FtsH is converted into DnaK and FtsH. Similarly, Pfold is converted into Punfold, while
Punfold_DnaK is converted into Pfold and DnaK.

mRNA_s32 is upregurated by Pg_s70_RNAP. Similarly, mRNA_DnaK and mRNA_FtsH are positively
regulated by Ph_RNAP_s32. mRNA_Protein is transcribed without regulation. s32, FtsH, DnaK, and
Pfold are translated from mRNA_s32, mRNA_FtsH, mRNA_DnaK, and mRNA_Protein, respectively.
All the mRNAs (mRNA_s32, mRNA_DnaK, mRNA_FtsH, and mRNA_Protein) decay. s32, s32_DnaKk,
s32_FtsH, s32_DnaK_FtsH, FtsH, DnaK, Punfold_Dnak, Pfold, and Punfold decay. RNAP_s32 is
degraded into RNAP. Similarly, Ph_ RNAP_s32 is degraded into Ph and RNAP. D_RNAP_s32 is
degraded into RNAP_D.

Scheme A4. The first half of the heat shock response model in Antimony language, created by
KinModGPT.

s70 + RNAP -> s70_RNAP ; ka_s70_RNAP *s70 * RNAP ; ka_s70_RNAP =1

s70_RNAP ->s70 + RNAP ; kd_s70_RNAP * s70_RNAP ; kd_s70_RNAP =1

Pg + s70_RNAP -> Pg_s70_RNAP ; ka_Pg s70_RNAP * Pg * s70_RNAP ; ka_Pg_s70_RNAP =1
Pg_s70_RNAP -> Pg + s70_RNAP ; kd_Pg_s70_RNAP * Pg_s70_RNAP ; kd_Pg_s70_RNAP =1
RNAP + s32 -> RNAP_s32 ; ka_RNAP_s32 * RNAP *s32 ; ka_RNAP_s32 =1

RNAP_s32 -> RNAP + 532 ; kd_RNAP_s32 * RNAP_s32 ; kd_RNAP_s32 =1

Ph + RNAP_s32 -> Ph_RNAP_s32 ; ka_Ph_RNAP_s32 * Ph * RNAP_s32 ; ka_Ph_RNAP_s32 =1
Ph_RNAP_s32 -> Ph + RNAP_s32 ; kd_Ph_RNAP_s32 * Ph_RNAP_s32 ; kd_Ph_RNAP _s32 =1
s32 + DnaK -> s32_DnakK ; ka_s32_DnaK * s32 * DnaK ; ka_s32_DnaK =1

s32_DnaK -> s32 + DnaK ; kd_s32_DnaK * s32_DnaK ; kd_s32_DnaK =1

s32 + FtsH -> s32_FtsH ; ka_s32_FtsH *s32 * FtsH ; ka_s32_FtsH =1

s32_FtsH -> s32 + FtsH ; kd_s32_FtsH * s32_FtsH ; kd_s32_FtsH =1

Punfold + DnaK -> Punfold_DnaK ; ka_Punfold_DnaK * Punfold * DnaK ; ka_Punfold_DnaK =1
Punfold_DnaK -> Punfold + DnaK ; kd_Punfold_DnaK * Punfold_DnaK ; kd_Punfold DnaK =1
D + s70_RNAP -> D_s70_RNAP ; ka_D_s70_RNAP * D *s70_RNAP ; ka_D_s70_RNAP =1
D_s70_RNAP -> D + s70_RNAP ; kd_D_s70_RNAP * D_s70_RNAP ; kd_D_s70_RNAP =1

D + RNAP_s32 -> D_RNAP_s32 ; ka_D_RNAP_s32*D * RNAP_s32 ; ka_D_RNAP_s32 =1
D_RNAP_s32->D + RNAP_s32 ; kd_D_RNAP_s32*D_RNAP_s32; kd_D_RNAP_s32 =1
RNAP + D ->RNAP_D ; ka_RNAP_D * RNAP *D ; ka_RNAP_D =1

RNAP_D ->RNAP + D ; kd_RNAP_D * RNAP_D ; kd_RNAP D=1

s32_DnaK + FtsH -> s32_DnaK_FtsH ; ka_s32_DnaK_FtsH * s32_DnaK * FtsH ; ka_s32_DnaK_FtsH =1
s32_DnaK_FtsH -> s32_DnaK + FtsH ; kd_s32_DnaK_FtsH * s32_DnaK_FtsH ; kd_s32_DnaK_FtsH =1
s32_FtsH -> FtsH ; kc_s32_FtsH * s32_FtsH ; kc_s32_FtsH =1

s32_DnaK_FtsH -> DnaK + FtsH ; kc_s32_DnaK_FtsH * s32_DnaK_FtsH ; kc_s32_DnaK_FtsH =1
Pfold -> Punfold ; kc_Pfold_Punfold * Pfold ; kc_Pfold_Punfold =1

Punfold_DnakK -> Pfold + DnaK ; kc_Punfold_DnaK * Punfold_DnaK ; kc_Punfold_DnaK =1
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Scheme A5. The second half of the heat shock response model in Antimony language, created by
KinModGPT.

-> mRNA_s32 ; km_mRNA_s32_Pg s70_RNAP * Pg_s70_RNAP A n_mRNA_s32_Pg s70_RNAP / (
K_mRNA_s32_Pg_s70_RNAP A n_mRNA_s32_Pg s70_RNAP + Pg_s70_RNAP A
n_mRNA_s32_Pg s70_RNAP ) ; km_mRNA_s32_Pg s70_RNAP =1 ; K mRNA_s32_Pg s70_RNAP =
1;n_mRNA_s32_Pg s70_RNAP =1

-> mRNA_DnaK ; km_mRNA_DnaK_Ph_RNAP_s32 * Ph_RNAP_s32
n_mRNA_DnaK_Ph_RNAP_s32 / (K_mRNA_DnaK_Ph_RNAP_s32
n_mRNA_DnaK_Ph_RNAP_s32 + Ph_RNAP_s32 A n_mRNA_DnaK_Ph_RNAP_s32);
km_mRNA_DnaK_Ph_RNAP_s32 =1 ; K_mRNA_DnaK_Ph_RNAP s32=1;
n_mMRNA_DnaK_Ph_RNAP s32=1

-> mRNA_FtsH ; km_mRNA_FtsH_Ph_RNAP_s32 * Ph_RNAP_s32 * n_mRNA_FtsH_Ph_RNAP_s32
/ (K_mRNA_FtsH_Ph_RNAP_s32 * n_mRNA_FtsH_Ph_RNAP_s32 + Ph_RNAP_s32
n_mRNA_FtsH_Ph_RNAP_s32) ; km_mRNA_FtsH_Ph_RNAP_s32=1;
K_mRNA_FtsH_Ph_RNAP_s32 =1 ; n_mRNA_FtsH_Ph_RNAP_s32=1

-> mRNA_Protein ; km_mRNA_Protein ; km_ mRNA_Protein =1

->532 ; kp_mRNA_s32_s32 * mRNA_s32 ; kp_mRNA_s32_s32 =1

-> FtsH ; kp_mRNA_FtsH_FtsH * mRNA_FtsH ; kp_ mRNA_FtsH_FtsH =1

-> DnaK ; kp_mRNA_DnaK_DnaK * mRNA_DnaK ; kp_ mRNA_DnaK_DnaK =1

-> Pfold ; kp_mRNA_Protein_Pfold * mRNA_Protein ; kp_mRNA_Protein_Pfold =1
mRNA_s32 -> ; kdeg mRNA_s32 * mRNA_s32 ; kdeg mRNA_s32 =1

mRNA_DnaK -> ; kdeg mRNA_DnaK * mRNA_DnaK ; kdeg mRNA_DnaK =1

mRNA_FtsH -> ; kdeg_ mRNA_FtsH * mRNA_FtsH ; kdeg mRNA_FtsH =1

mRNA_Protein -> ; kdeg. mRNA_Protein * mRNA_Protein ; kdeg mRNA_Protein = 1

s32 -> ; kdeg_s32 *s32 ; kdeg_s32 =1

s32_DnaK -> ; kdeg_s32_DnaK * s32_DnaK ; kdeg_s32_DnaK =1

s32_FtsH -> ; kdeg_s32_FtsH * s32_FtsH ; kdeg s32_FtsH =1

s32_DnaK_FtsH -> ; kdeg_s32_DnaK_FtsH * s32_DnaK_FtsH ; kdeg_s32_DnaK_FtsH =1

FtsH -> ; kdeg_FtsH * FtsH ; kdeg_FtsH =1

DnaK -> ; kdeg_DnaK * DnaK ; kdeg_DnaK =1

Punfold_DnaK -> ; kdeg_Punfold_DnaK * Punfold_DnaK ; kdeg_Punfold_DnaK =1

Pfold -> ; kdeg_Pfold * Pfold ; kdeg_Pfold =1

Punfold -> ; kdeg_Punfold * Punfold ; kdeg_Punfold =1

RNAP_s32 -> RNAP ; kdeg RNAP_s32 * RNAP_s32 ; kdeg_ RNAP_s32 =1

Ph_RNAP_s32 -> Ph + RNAP ; kdeg Ph_ RNAP_s32 * Ph_RNAP_s32 ; kdeg_Ph_RNAP_s32 =1
D_RNAP_s32 -> RNAP_D ; kdeg D_RNAP_s32 * D_RNAP_s32 ; kdeg D_RNAP_s32 =1
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