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 a b s t r a c t

Rapid, scalable production of high-quality mRNA underpins vaccines, gene therapies, and protein replacement 
medicines, yet optimisation of the in vitro transcription (IVT) step is often driven by template-specific trial-
and-error. We present a first-principles mechanistic IVT bioprocess modelÐconstructed from thermodynamic 
equilibria, enzyme kinetics, and stoichiometric mass balancesÐto support Quality-by-Design (QbD) manufactur-
ing. The model is calibrated and validated against > 100 experiments from a Latin Hypercube design that varies 
nucleotide triphosphate (NTP) concentration, magnesium concentration, T7 RNA polymerase loading, template 
DNA, spermidine, and reaction time, using two contrasting templates: a SARS-CoV-2 spike construct (CSP) and 
enhanced green fluorescent protein (eGFP). The model predicts RNA yield with 𝑅2 = 0.85±0.87 while explicitly 
tracking individual NTP consumption and magnesium pyrophosphate precipitation. Within a QbD context, the 
framework links critical process parameters (CPPs) and critical material attributes (CMAs) to product-oriented 
metrics and manufacturing key performance indicators (KPIs), and identifies a model-derived operating window 
that reduces reagent cost subject to specified quality constraints. Mechanistic refinements, including inorganic 
pyrophosphatase kinetics and sequence-aware per-base NTP accounting, support transfer between the two tem-
plates studied here and provide a foundation for broader multi-construct validation. Overall, the approach offers 
a data-efficient route to accelerate IVT process development and reduce consumable spend for emerging mRNA 
therapeutics.

1.  Introduction

The COVID-19 pandemic has demonstrated the need for the rapid 
development of medical interventions against emerging infectious dis-
eases. Traditional vaccine development methods are constrained by slow 
production cycles and limited adaptability, proving ineffective in re-
sponding to fast-evolving viral threats [1]. Yet, messenger RNA (mRNA)-
based therapeutics avoid these limitations, and recent technological ad-
vancements have facilitated the use of mRNA as a platform technology, 
with both preventive and therapeutic applications against viral diseases 
and a variety of chronic diseases±including several forms of cancers, ge-
netic diseases, autoimmune disorders, rare diseases, and cardiovascular 
diseases respectively [2,3].

This is possible thanks to the unique mechanism of action of mRNA 
vaccines and therapeutics, collectively referred to as mRNA medicines. 
They operate by delivering an mRNA sequence to host cells, which then 
produce a target protein. In principle, any protein sequence with any 
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function can be encoded on mRNA [4]. Indeed, mRNA technology is 
deployed for infectious disease vaccinology and is also being devel-
oped for individualized cancer therapy, chimeric antigen receptor T-cell 
(CAR-T) therapy, gene therapy, gene editing, and protein replacement 
therapy applications. The efficacy of these vaccines and therapeutics 
depends on the ability to rapidly produce high-quality mRNA; there-
fore, the demand for robust RNA manufacturing platform processes is 
ever growing. Implementing Quality by Design (QbD) principles is es-
sential in this context, as QbD provides a systematic approach to man-
ufacturing that starts with predefined objectives and emphasizes thor-
ough product and process understanding based on sound science and 
quality risk management [5]. In mRNA production, QbD links critical 
quality attributes (CQAs) to critical process parameters (CPPs) and criti-
cal material attributes (CMAs), including template DNA integrity/purity 
and polymerase activity, so that sequence-dependent quality attributes 
can be controlled in a platform setting. For mRNA therapeutics, these 
CQAs extend beyond bulk yield to include capping efficiency/integrity,
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Nomenclature

Abbreviations

IVT In vitro transcription
QbD Quality by Design
CPP Critical Process Parameter
CMA Critical Material Attribute
CQA Critical Quality Attribute
NTP Nucleoside triphosphates
cGMP Current Good Manufacturing Practice
KPI Key Performance Indicator
LHS Latin Hypercube Sampling
RRMSE Relative Root Mean Square Error
RMPSE Relative Mean Percent Square Error
CSP SARS-CoV-2 spike
eGFP Enhanced green fluorescent protein
AEX-HPLC Anion-exchange chromatography
GSA Global sensitivity analysis
DoE Design of Experiments
DE Differential Evolution (optimizer)
BFGS Broyden-Fletcher-Goldfarb-Shanno 

(optimizer)
GC (%) Guanine-cytosine content (percent)
nt Nucleotides (unit of length)
Constants

𝐾𝑖 Equilibrium constants for association)
𝑘app Apparent catalytic coefficient in 

transcription-rate expression
𝑘1, 𝑘2 Empirical inhibition coefficients in the 

transcription-rate denominator
𝑘precip Effective precipitation coefficient in 𝑉precip
𝑘PPase Pyrophosphatase kinetic parameter in 

𝑉hydrolysis
𝑘𝑑 First-order deactivation rate constant for 

T7RNAP
𝑅 Universal gas constant
𝑇 Temperature (K)
Species and Components

ATP, GTP, CTP, UTP Ribonucleoside triphosphates
RNA Product RNA
dsRNA Double-stranded RNA
DNA Template DNA
T7RNAP T7 RNA polymerase
PPase Inorganic pyrophosphatase
Mg2+ Magnesium ion
PPi Inorganic pyrophosphate
Pi, HPi Orthophosphate species (lumped as Pi; 

protonated form HPi)
MgPPi Magnesium pyrophosphate (precipitate)
Spd3+ Spermidine ion (dominant charge state 

under IVT)
HAc, Ac− Acetic acid / acetate
Variables

𝑡 Time (min)
𝑉tr Transcription rate
𝑉ann, 𝑉melt dsRNA annealing and melting fluxes
𝑉precip Rate of Mg-pyrophosphate precipitation
𝑉hydrolysis PPi hydrolysis rate (PPase-coupled)
𝑉raw Intrinsic (uncapped) volumetric 

NTP-incorporation rate
𝑉max Rate ceiling; min{𝑉unit , 𝑉part}

𝑉unit Unit-activity ceiling (Unit⋅𝜇L−1 to rate)
𝑉part Polymerase-throughput ceiling
𝐺 Geometric-mean substrate factor over 

{MgATP,MgCTP,MgGTP,MgUTP}

𝑟RNAP Per-T7RNAP throughput (transcriptsmin−1
per enzyme)

𝐸 Active T7RNAP concentration (mol L−1)
𝑈 Volumetric activity of T7RNAP 

(Unit ⋅𝜇L−1)
𝜏init Initiation dwell time
𝓁init Initiation segment length (nt)
𝑣init Initiation speed (nt s−1)
𝑣el Elongation speed (nt time−1)
𝑁all Total nucleotides per transcript
𝑁𝑎, 𝑁𝑔 , 𝑁𝑐 , 𝑁𝑢 Per-base counts in one transcript (A,G,C,U)

residual template DNA and process proteins, sequence integrity (e.g., 
truncations), and immunostimulatory by-products such as double-
stranded RNA (dsRNA). As a result, IVT operation must be selected as 
a trade-off between productivity, quality proxies and reagent economy, 
rather than by yield alone.

As emphasized across recent reviews, the strength of the mRNA 
platform is its modular, largely cell-free workflow, which allows the 
encoded sequence to be swapped quickly while core unit operations 
remain similar [3]. Exploiting this flexibility at scale demands ex-
plicit control of sequence-dependent and process-dependent quality at-
tributes (e.g., capping efficiency, poly(A) length, dsRNA, and trunca-
tions). Foundational overviews detail the platform’s rapid design cy-
cle and key sources of variability tied to RNA chemistry and delivery 
[2]. From a manufacturing perspective, end to end IVT workflows (tem-
plate preparation → IVT and capping → purification via DNase, pre-
cipitation, chromatography/TFF → LNP formulation and fill and fin-
ish) reveal bottlenecks in yield, impurity control (notably dsRNA), and 
scalable analytics [3]. A Quality by Design framing links template and 
material choices (sequence/UTRs, modified nucleotides) and IVT pa-
rameters (polymerase type or variant, promoter and sequence context, 
NTP/Mg2+, temperature/residence time) to critical quality attributes, 
enabling robust, indication-agnostic ªplatformº control strategies and 

model-based optimization [6]. Accordingly, our platform workflow links 
sequence- and process-level inputs to validated model predictions and 
then to QbD design-space and cost-aware optimization outputs under 
template switching. This need is most acute for personalized and rare-
disease programs, where batch sizes are smaller, template switching is 
frequent, and extensive construct-specific DoE is often impractical. In 
such settings, transferable models that can propose revised operating 
windows with minimal new experimentation can substantially reduce 
development time and raw-material waste. Mechanistically, bacterio-
phage RNA polymerases, especially engineered T7 variants, couple pro-
moter/template sequence to IVT productivity and byproducts, offering 
routes to higher yield and lower innate immunostimulation across di-
verse mRNA designs [7].

Moreover, RNA yield and nucleotide-triphosphate (NTP) consump-
tion are critical key-performance indicators in mRNA manufacturing 
because they directly govern both process efficiency and overall cost. 
Control of NTP usage becomes particularly important when expensive 
modified nucleotides (e.g., N1methyl-pseudouridine triphosphate) and 
co-transcriptional cap analogues (such as CleanCap AG) dominate raw-
material expenditure.

Mechanistic efforts to model IVT have shown promise: Berg et al. de-
veloped a detailed kinetic description of T7-mediated transcription, and 
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Stover et al. extended this line of work by explicitly modeling the forma-
tion of magnesium±pyrophosphate precipitate [8,9]. Both studies, how-
ever, were parameterized and validated within relatively constrained re-
gions of the operating space using targeted experimental designs. Such 
limited designs can make it easy to over-fit a model to a specific region 
of the process space, miss higher-order parameter interactions, and pro-
vide only modest predictive power when conditions change. In paral-
lel, Design-of-Experiments (DoE) QbD studies have mapped IVT design 
spaces for yield, cost and quality targets [10,11]. Notably, Boman et al.
also showed that a DoE-derived model can retain validity when trans-
ferred between constructs of different lengths [11]; nevertheless, these 
approaches remain largely template- and assay-specific and do not, in 
general, couple kinetics, precipitation and economics in a way that is 
transferable across multiple mRNA sequences and robust to the high-
dimensional variability now common in modern process development.

Predictive models should facilitate real-time adjustments to the man-
ufacturing process, optimizing resource use and reducing waste through 
recycling. This approach helps maintain process consistency and ensures 
compliance with stringent regulatory standards, even across different 
DNA templates while minimizing by-product formation [12]. Predic-
tive models can also lay the groundwork for future integration with 
advanced control strategies, supporting a more robust and responsive 
approach to optimizing production and ensuring the safety and efficacy 
of mRNA-based therapeutics.

A design space can therefore be defined in which the required prod-
uct quality can be consistently achieved using QbD principles, rather 
than quality by testing, ensuring product efficacy and patient safety. 
Models can improve the performance of the manufacturing process by 
increasing productivity, enhancing resource efficiency, and reducing 
costs. By defining this design space, manufacturers can better control 
critical process parameters, ensuring consistent and high-quality output 
across various mRNA products.

In this work we develop a mechanistic IVT bioprocess model in-
tended for platform use across diverse mRNA sequences and oper-
ating conditions. The model is calibrated and validated on a six-
parameter Latin Hypercube Sampling (LHS) dataset for two distinct 
templates±SARS-CoV-2 Spike (CSP) and enhanced green fluorescent pro-
tein (eGFP)±so as to test transferability across sequence length and 
composition while covering a noisy multidimensional parameter space. 
The dataset simultaneously varies NTP concentration, Mg2+, T7 RNA 
polymerase (T7RNAP), template DNA, spermidine, and reaction time, 
capturing the complex interactions that industrial process development 
must navigate. Building on established T7 RNA-synthesis kinetics, we 
integrate (i) Mg-PPi precipitation dynamics with inorganic pyrophos-
phatase (PPase) effects, (ii) explicit sequence-dependent terms (tem-
plate length/base composition) and template-DNA concentration, (iii) 
spermidine-mediated modulation of enzyme-DNA interactions, and (iv) 
per-base NTP accounting that links sequence composition directly to re-
source use. Within a QbD framework, we link CPPs and CMAs to CQAs 
and use the model to find an operating window that balances yield, 
quality and reagent economy.

This modeling strategy is designed to reduce reliance on resource-
intensive traditional Design of Experiments (DoE) protocols, which are 
slow to adapt to new data, as noted by Gilman et al. [13] and Kumar 
et al. [14]. By mapping the multidimensional design space of RNA syn-
thesis in the IVT bioreactor, we show how mechanistic insight, global 
sensitivity analysis and cost-aware optimization can converge to pro-
vide a transferable, platform-ready digital twin. The remainder of this 
paper details the theoretical foundations, experimental data, model cal-
ibration, and QbD-driven design space analysis that together provide a 
flexible tool for rapid, cost-effective, and scalable production of next-
generation mRNA medicines.

Critically, the model is constructed entirely from mechanistic first 
principlesÐthermodynamic equilibria, enzyme kinetics, and stoichio-
metric mass balancesÐrather than being derived from experimental 
data. Experimental data serve exclusively as a support function: a small 

number of effective kinetic parameters are calibrated against a Latin 
Hypercube dataset, and an independent precipitation dataset provides 
validation. Fig. 1 summarises this bottom-up workflow.

2.  Methods

2.1.  Model formulation

This model extends the mechanistic framework of Akama et al. and 
Berg et al. by adapting their core rate expressions for T7RNAP-catalyzed 
transcription [8,15]. Beyond these established components, we intro-
duce several novel modules: (i) spermidine-mediated modulation of 
polymerase activity, (ii) explicit template DNA concentration, length, 
and sequence-dependent effects, (iii) individual NTP incorporation sto-
ichiometries and (iv) precipitation quantification across templates. To-
gether, these additions enhance the model’s accuracy and its ability to 
optimize RNA yield and quality across diverse mRNA templates.

Spermidine
Spermidine (predominantly Spd3+ under IVT conditions) screens the 
polyanionic phosphate backbone and promotes formation and stabi-
lization of promoter complexes via multivalent electrostatic interac-
tions, increasing productive initiation [16]. We assume rapid, order-
agnostic association and represent the net effect with a single ternary 
parameter that we estimate. The binary assemblies: [DNA−

⋅ T7RNAP], 
[DNA−

⋅ Spd3+], and [T7RNAP⋅Spd3+] are part of the overall formulation 
(Appendix A). Their sequence- and salt-dependent contributions are ab-
sorbed into the ternary parameter 𝐾12. 

𝐾12 =
[DNA−

⋅ T7RNAP⋅ Spd3+]

[DNA−][T7RNAP][Spd3+]
. (1)

Transcription rate with multi-substrate limitation
Tracking the consumption of individual NTPs enables more informed 

control of reagent usage and waste, because the demand for each NTP is 
sequence-dependent (via base composition) and can vary with operating 
conditions that affect reaction rate and yield.

Elongation by T7RNAP proceeds by adding one MgNTP per incorpo-
ration step, determined by the template base at the active site. Although 
each step depends only on the matching nucleotide, completion of a full-
length transcript requires availability of all four NTPs by stoichiometry; 
therefore, as any required NTP approaches depletion, the net transcript 
completion rate must decrease and ultimately tends to zero, particularly 
when one species is consumed faster than the others.

𝑉tr = 𝑘app [DNAT7RNAPSpd] [Mg]
([MgATP],… , [MgUTP])

1 + 𝑘1[Mg] + 𝑘2

∑

𝑖

[MgNTP𝑖]
(2)

 =
( [MgATP]

𝑁𝑎

[MgCTP]
𝑁𝑐

[MgGTP]
𝑁𝑔

[MgUTP]
𝑁𝑢

)1∕4

, (3)

The total nucleotide count per full transcript is

𝑁all = 𝑁𝑎 + 𝑁𝑔 + 𝑁𝑐 + 𝑁𝑢

where 𝑁𝑖 represents the number of moles of nucleotide 𝑖 (𝑖 = 𝑎, 𝑔, 𝑐, 𝑢) 
consumed per mole of product RNA.

The geometric-mean term  is used to provide a smooth multi-
substrate limitation with the correct limiting behaviour. When all 
[MgNTP𝑖] are sufficiently high, the transcription rate approaches an 
effectively non-limiting (single-substrate) form. Conversely, as any 
[MgNTP𝑖] becomes limiting relative to the others,  scales with that 
species, giving an approximately first-order dependence on the most-
depleted nucleotide and smoothly driving 𝑉tr toward zero without dis-
continuities. For parsimony, we apply identical equilibrium constants 
across the four NTP species; nucleotide-specific binding differences are 
not identifiable from the available data and are therefore absorbed into 
the effective fitted kinetic parameters.
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Fig. 1. Bottom-up modelling workflow. The mechanistic IVT model (centre) is assembled from first-principles components (left), including thermodynamic equilibria, 
spermidine±DNA±enzyme interactions, T7RNAP kinetics with throughput ceilings, per-base mass balances with template-specific stoichiometry, Mg±PPi precipitation, 
and dsRNA formation. Experimental data (right, dashed arrows) serve only to calibrate three effective kinetic parameters (𝑘app, 𝑘1, 𝑘2) against an LHS dataset; these 
are then held fixed while 𝑘precip and 𝑘PPase are fitted to an independent precipitation dataset. An AEX-HPLC NTP time-course provides additional independent check. 
The validated model generates QbD outputs (bottom) including global sensitivity analysis, design-space mapping, and cost-optimised operating windows.

Throughput ceiling
The total nucleotide count per transcript 𝑁all (nt) enters the through-
put ceilings by converting an NTP-incorporation capacity into an equiv-
alent transcript-flux capacity (mol RNAL−1 time−1); it does not by itself 
change the intrinsic initiation/elongation kinetics. Accordingly, we cap 
the intrinsic transcript synthesis flux by 
𝑉max = min{𝑉unit , 𝑉part }, 𝑉tr = min{𝑉raw, 𝑉max }, (4)

where 𝑉raw is the intrinsic (uncapped) volumetric transcript synthe-
sis rate (mol RNAL−1 time−1). By the conventional Unit definition 
(one Unit incorporates 1 nmol of NTP in 60min at 37◦C), a volumet-
ric activity 𝑈 (Unit𝜇L−1) corresponds to an NTP-incorporation capac-
ity of 𝑈 (1 nmol∕60min) (10−9 mol nmol−1) (106 𝜇LL−1); expressed as a 
transcript-flux ceiling, this gives 

𝑉unit =
𝑈 (1 nmol∕60min) (10−9 mol nmol−1) (106 𝜇LL−1)

𝑁all

. (5)

The polymerase±throughput ceiling depends on the active enzyme con-
centration 𝐸 (mol L−1) and the per-RNAP throughput 𝑟RNAP; with 𝜏init =
𝓁init∕𝑣init ,

𝑟RNAP = min

{

1

𝜏init
,

𝑣el

𝑁all

}

, (6)

𝑉part = 𝐸 𝑟RNAP, 𝐸 =
𝑈 (106 𝜇LL−1)

𝑆mol

. (7)

Here 𝓁init (nt), 𝑣init and 𝑣el (nt time−1) summarize initiation/elongation 
kinetics; 𝑆mol (Unit ⋅mol−1) is the supplier’s specific activity used to con-
vert Units to moles of active enzyme. The factor (106 𝜇LL−1) converts 
quantities expressed per 𝜇L to a per-L basis. These ceilings tighten as 
𝑁all increases in the elongation-limited regime (𝑟RNAP ≈ 𝑣el∕𝑁all); how-
ever, when initiation/termination dominates (𝑟RNAP ≈ 1∕𝜏init), transcript 
length has little impact on the effective rate. We use these ceilings to set 
weakly informative bounds on fitted kinetic constants (see Appendix B).

Precipitation
We refer to orthophosphate collectively as Pi and treat its protonation 
states via the acid±base speciation in Appendix A. Under excess py-

rophosphatase, pyrophosphate is converted to two Pi. 

PPi + H2O ⟶ 2HPi. (8)

Precipitation typically requires supersaturation and exhibits an induc-
tion (time/concentration) delay; with endpoint-only data we do not re-
solve this dynamically and instead lump it into a single effective coeffi-
cient:

𝑉precip = 𝑘precip [PPi]𝑓𝑟𝑒𝑒, (9)

𝑉hydrolysis =
[PPi]f ree [PPase]

𝑘PPase + [PPi]f ree
. (10)

Eq. (10) couples pyrophosphate hydrolysis to PPase activity; if hy-
drolysis is insufficient, PPi accumulates, complexes with 𝑀𝑔2+, and 
would precipitate irreversibly [17]. Eq. (15) tracks this hydrolysis as 
PPi is hydrolyzed into twice as many Pi.

𝑘precip is a lumped parameter that captures supersaturation-driven 
onset and induction over the batch; this is identifiable from endpoint 
experimental data. If precipitation is negligible under a given condition 
(PPase in excess), set 𝑉precip=0.

Magnesium±acetate
Because magnesium is supplied as the acetate salt, we include the ac-
etate conjugate pair (HAc∕Ac−) and weak Mg-acetate complexation 
([MgAc]+, [MgAc2]). We track only solution-phase magnesium here; any 
precipitated magnesium pyrophosphate is handled as a separate solid 
pool.

𝑀𝑔
(sol)
tot = [Mg2+] +

∑

𝑖

[MgNTP𝑖] + [MgAc]+ + [MgAc2] +… (11)

Actot = [Ac−] + [HAc] + [MgAc]+ + 2[MgAc2], (12)

At pH 7-8, acetate provides only minor buffering relative to the primary 
buffer, but including Eqs. (11)-(12) yields a realistic free [Mg2+] and, by 
extension, Mg-NTP availability.
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Differential equations
The ordinary differential equations (ODEs) governing the system are 

shown in Eqs. (13)-(24). All novel kinetic terms appear here in this 
system. Kinetic terms relating to dsRNA formation are shown in Ap-
pendix C. No degraded mRNA was observed in the experiments, so all 
terms relating to degradation from previous models are neglected here.

𝑑[RNA]

𝑑𝑡
= 𝑉tr − 2𝑉ann + 2𝑉melt , (13)

𝑑[PPi]tot
𝑑𝑡

= 𝑁all 𝑉tr − 𝑉precip − 𝑉hydrolysis (14)

𝑑[Pi]tot
𝑑𝑡

= 2 ⋅ 𝑉hydrolysis (15)

𝑑[ATP]tot
𝑑𝑡

= −𝑁𝑎 𝑉tr (16)

𝑑[GTP]tot
𝑑𝑡

= −𝑁𝑔 𝑉tr (17)

𝑑[CTP]tot
𝑑𝑡

= −𝑁𝑐 𝑉tr (18)

𝑑[UTP]tot
𝑑𝑡

= −𝑁𝑢 𝑉tr (19)

𝑑[𝐻]tot

𝑑𝑡
= 𝑁all 𝑉tr (20)

𝑑[T7RNAP]tot
𝑑𝑡

= −𝑘𝑑 [T7RNAP]tot (21)

𝑑[Mg](𝑠𝑜𝑙𝑖𝑑)tot

𝑑𝑡
= 2 ⋅ 𝑉precip (22)

𝑑[Mg](𝑠𝑜𝑙)tot

𝑑𝑡
= −2 ⋅ 𝑉precip (23)

𝑑[dsRNA]

𝑑𝑡
= 𝑉ann − 𝑉melt . (24)

2.2.  Model implementation

In this study, the systems of differential-algebraic equations (DAEs) 
were solved using the IDA solver from the SUNDIALS suite, interfaced 
through the Assimulo package in Python [18].

Initial conditions for the differential equations were set based on the 
initial experimental concentrations of the involved species. The initial 
derivatives were derived from the experimentally known starting values 
and provided to the solver.

Consistent initial conditions for the algebraic species were com-
puted from experimental concentration inputs using IDA’s consistent-
initialization routine, which adjusts the algebraic variables so that the 
equilibrium constraints are satisfied at 𝑡0.

CSP and eGFP transcripts were used as model systems. These two 
constructs were deliberately chosen to span a wide range of the two pri-
mary sequence-level features that the model captures: transcript length 
(CSP: 4283 nt vs. eGFP: 995 nt) and promoter-proximal GC content 
(CSP: 49% vs. eGFP: 34%). The model accounts for length through 
per-base NTP stoichiometry (𝑁𝑎, 𝑁𝑔 , 𝑁𝑐 , 𝑁𝑢) and total nucleotide count 
(𝑁all), and for composition through the fitted inhibition parameters 𝑘1
and 𝑘2. Their known sequences and corresponding nucleotide composi-
tions are listed in SI Table D6. These template characteristics also inform 
the structural considerations relevant to dsRNA formation and its sub-
sequent impact on RNA-based product quality.

Individual NTP consumption was monitored every 10 minutes across 
a 2 h IVT reaction. The IVT reaction was prepared as described by Wel-
bourne et al., and the reaction was quenched at the relevant time point 
with 100mM EDTA. Individual NTPs were quantified using an Anion-
Exchange HPLC method [19].

2.3.  Parameter estimation & experimental data

Model calibration was conducted with experimental data from 60 
CSP and 30 eGFP samples, each with a replicate, using Latin Hyper-

Cube Sampling (LHS) to vary total NTP, T7RNAP, template DNA, 𝑀𝑔2+, 
spermidine concentrations, and reaction time across a 6-dimensional 
space, ensuring equidistant sampling for comprehensive coverage (see 
Table D4 for parameter bounds). Independent validation was performed 
on a separate precipitation dataset (Section 3.1, Fig. 4) in which Mg2+
and PPase were varied while the kinetic parameters were held fixed 
at their LHS-calibrated values. Unless stated otherwise, IVT reagents 
(NTPs, T7RNAP, inorganic pyrophosphatase, RNase inhibitor, dithio-
threitol, NaCl, Triton X-100, spermidine, and EDTA) were sourced from 
Roche Diagnostics GmbH, and template DNA was supplied by GenScript 
Biotech Corporation.

In vitro transcription (IVT) experiments were designed using Latin 
Hypercube Sampling (LHS), a space-filling method that stratifies each 
factor range into equally probable intervals and then combines these 
intervals at random. LHS ensures uniform coverage of a multidimen-
sional input space with far fewer runs than a full factorial design while 
still capturing higher-order interactions among factors.

Six IVT process parameters were varied simultaneously: total NTP 
concentration (5±60 mM; equimolar ATP, CTP, GTP and UTP), magne-
sium concentration (5±90 mM; magnesium acetate), T7 RNA polymerase 
loading (100±400 U ⋅ 𝜇L−1), template DNA concentration (20±100 nM), 
spermidine concentration (1±4 mM), and reaction time (15±240 min). 
All other components were held constant: HEPES buffer (40 mM; pH 
adjusted with NaOH; GibcoTM 15630080), inorganic pyrophosphatase 
(0.05 U ⋅ 𝜇L−1), RNase inhibitor (1 U ⋅ 𝜇L−1), dithiothreitol (10 mM), 
sodium chloride (50 mM), Triton X-100 (0.01% v/v), and reaction tem-
perature (37 ◦C). IVT reactions followed the protocol framework de-
scribed by Welbourne et al. (2024).

After incubation, reactions were quenched with EDTA and RNA 
was purified by solid-phase extraction on silica spin columns using 
the Monarch® RNA Cleanup Kit (New England Biolabs, NEB), dilut-
ing each sample 1:2.5 in RNase-free water before following manufac-
turer instructions. Eluted RNA was quantified on a NanoDrop™ 2000c 
(Thermo Fisher Scientific) at 260 nm, with A260/A280 and A260/A230
ratios checked for purity.

In addition, individual NTP concentrations were quantified using the 
chromatographic method of Welbourne et al. (2024) configured for NTP 
measurement, providing species-resolved concentrations used for model 
calibration of NTP consumption dynamics (cf. Section 2.1). In this work, 
the Welbourne et al. method was used for NTP quantification, while RNA 
yield across the full LHS dataset was quantified using the standardized 
silica cleanup + NanoDrop workflow described above.

Furthermore, magnesium’s role in precipitation was examined via 
dedicated experiments with six replicates for CSP and eGFP, varying 
inorganic pyrophosphatase (PPase) while maintaining constant base-
line conditions: total NTP (40 mM), T7RNAP (330 U ⋅ 𝜇L−1), template 
DNA (50 nM), spermidine (3 mM), and incubation time (120 min), 
with 𝑀𝑔2+ (magnesium acetate) ranging from 8 to 80 mM (detailed 
in Table D5). Parameter estimation used a multi-start fitting approach 
with randomized initial guesses to approximate global minima, using 
the Differential Evolution (DE) optimization technique as implemented 
in the scipy.optimize.differential_evolution function in Python 
[20]. The NTP quantities represent the total (combined) concentration, 
comprising equimolar contributions of adenine (A), guanine (G), cyto-
sine (C), and uracil (U) nucleotides.

2.4.  Sensitivity analysis

A sensitivity analysis was conducted using the SALib library in 
Python, using Sobol sequences for 220 simulations, with the objective 
of evaluating the model’s outcome distribution in response to variations 
in fitted kinetic parameters, incorporating a 20% standard deviation in 
the fitted kinetic parameters to assess uncertainty propagation [21].

Separately, sensitivity of input concentrations was also conducted, 
aimed to elucidate the IVT process dependencies, whilst maintaining 
constant kinetic parameters with the exception of those specifically fit-
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ted for CSP and eGFP transcripts, thereby discerning dependency varia-
tions across templates.

The ranges used in this sensitivity are shown in SI Tables D1 and D2.

2.5.  Cost optimization

The optimization problem is formulated to minimize the total cost 
per unit of RNA produced, 𝑍, which aggregates the individual costs 
associated with each model input and output and divides this sum by the 
RNA yield (see Eq. (25)). Here, "model inputs" {𝑥𝑖} are the controllable 
CPPs±such as NTP feed rates, enzyme loading, Mg2+ concentration, and 
reaction time±each incurring a cost coefficient 𝐶𝑖. "Model outputs" {𝑦𝑗}
are the predicted performance metrics±such as RNA yield, individual 
NTP consumption, and dsRNA. This formulation applies to every species 
𝑥𝑖 (for 𝑖 = 1,… , 𝑛).

minimize 𝑍 =

∑𝑛

𝑖=1 𝐶𝑖𝑥𝑖

𝑥𝑅𝑁𝐴(𝑡final)
(25)

To ensure the feasibility of solutions within the operational context 
and adhere to the parameter space, bounds for input parameters are 
specified (Eq. (26)).

subject to 𝑥𝑖,min ≤ 𝑥𝑖 ≤ 𝑥𝑖,max, ∀𝑖 ∈ {1, 2,… , 𝑛} (26)

𝑥𝑅𝑁𝐴(𝑡final) ≥ [𝑅𝑁𝐴]𝑚𝑖𝑛 (27)

𝑑[Mg]tot
𝑑𝑡

= 0, ∀𝑡 ∈ 𝑇 (28)

𝑥dsRNA(𝑡final)

𝑥𝑅𝑁𝐴(𝑡final)
≤ 0.01, (29)

Further constraints include maintaining a minimum RNA concentra-
tion at the process’s final time step, as outlined in Eq. (27), to enforce 
a minimum production target under a cost-minimization objective (i.e., 
without any revenue/selling-price term). Additionally, Eq. (28) man-
dates constant total magnesium levels throughout the process, reflect-
ing the operational necessity to minimize PPase use while preventing 
precipitation, thereby aligning with quality requirements.

Derived dsRNA equations (Appendix C) are applied here, with each 
parameter determined based on already existing experimental knowl-
edge. This approach guarantees that the optimized solutions are practi-
cal and account for saturation effects, preventing the solution converg-
ing to unrealistically high input concentrations that do not reflect real-
world conditions, and typically lead to dsRNA formation.

Cost estimates from Kis et al.’s study assume a manufacturing scale 
large enough to benefit from economies of scale, effectively minimizing 
per-unit costs [22]. This scale implies not only a high production capac-
ity but also optimized resource utilization and supply chain efficiencies, 
negating the need for additional scaling costs considerations.

The problem was solved using the Broyden-Fletcher-Goldfarb-
Shanno (BFGS) algorithm, as implemented in the scipy.optimize mod-
ule in Python [20].

3.  Results & discussion

A quantitative bioprocess model was developed, employing bi-
substrate kinetic equations adapted from previous multiphysics mod-
els to calculate RNA transcription yield. The key CPPs included in the 
model are initial NTP concentration, Mg2+ concentration, T7RNAP con-
centration, template DNA concentration, spermidine concentration, and 
reaction time. This includes the formation of all relevant complexes. Ad-
ditionally, the type of template DNA, sequence length, and NTP compo-
sition of the specific template DNA were considered as CMAs. The model 
also tracks NTP consumption over time and final concentrations, provid-
ing insights into process efficiency. The remaining CPPs were controlled 
using standard bioreactor setups compliant with cGMP guidelines.

Table 1 
Fitted kinetic parameters for both CSP and eGFP template 
DNA, with model performance metrics. LHS rows report 
calibration-set fit quality; precipitation rows report indepen-
dent validation-set performance. Metrics include 𝑅2, Rela-
tive Root Mean Square Error (RRMSE), and Relative Mean 
Percent Square Error (RMPSE).
 Parameter / Metric  Unit  CSP  eGFP
𝑘𝑎𝑝𝑝 𝑚𝑀−1𝑠−1  0.00125  0.00125
𝑘1 𝑚𝑀−1  2  17
𝑘2 𝑚𝑀−1  31  0.2
𝑘precip 𝑠−1  5  5
𝑘PPase 𝑚𝑀  3120  3120
𝑅2 (LHS)  -  0.851  0.868
𝑅2 (Precipitation)  -  0.886  0.921
𝑅𝑅𝑀𝑆𝐸 (LHS)  %  28.4  26.7
𝑅𝑅𝑀𝑆𝐸 (Precipitation)  %  15.4  11.5

This approach links process understanding to QbD-driven design-
space definition.

An initial fit of the kinetic parameters was performed utilizing the 
entirety of the dataset (cf. Section 2.3 Parameter Estimation). Prelimi-
nary assumptions were made to streamline the fitting process; notably, 
the absence of mRNA degradation observed in the experimental data led 
to the exclusion of 𝑘𝑎𝑐 , 𝑘𝑏𝑎, and 𝑘𝑀𝑔 from the fitting process by setting 
these parameters to zero. Due to the lack of reliable methods to measure 
and quantify dsRNA, parameters and equations related to dsRNA have 
also been excluded here.

The equilibrium parameter 𝐾12 was determined through fitting, due 
to its initially undetermined value in the experimental setup. This pro-
cess ensured the parameter’s consistency across various kinetic and ex-
perimental conditions, yielding a stable value of 𝐾12 = 110𝑚𝑀−2 for 
both templates. The identical values, representing the interaction be-
tween T7RNAP, template DNA and spermidine, highlight the enzyme’s 
binding affinity to the DNA, which is primarily influenced by specific 
promoter sequences rather than the overall sequence length and compo-
sition between the templates. This suggests that the promoter sequences 
provide a consistent chemical and physical framework for T7RNAP in-
teraction across varying DNA templates.

A practical consideration for deployment is that the fitted kinetic pa-
rameters reflect the activity of the specific T7RNAP preparation under 
the stated buffer and temperature conditions. While the model struc-
ture is not tied to a particular T7RNAP manufacturer, switching sup-
plier or lot may require re-identification of a small subset of effective 
activity parameters (at minimum 𝑘app, and where relevant, through-
put/initiation terms), while retaining the same governing equations. 
Since T7RNAP showed no measurable loss of activity over the 0.25±4h 
reactions, we fixed the deactivation rate to 𝑘𝑑 = 0min−1 as a modeling 
assumption to avoid overfitting. Subsequent calibration therefore tar-
geted 𝑘app, 𝑘1, 𝑘2, 𝑘precip, 𝑘PPase.

3.1.  Model calibration and validation against LHS experimental data

Kinetic parameters were independently fitted for the production of 
mRNA encoding the SARS-CoV-2 Spike protein (CSP) and enhanced 
green fluorescent protein (eGFP) templates in an IVT reaction. For the 
CSP and eGFP transcripts, 60 and 30 experimental data points were 
generated via Latin hypercube sampling (LHS), respectively. Given the 
utilization of excess inorganic pyrophosphatase (PPase) in the LHS ex-
periments, precipitation was assumed negligible and the precipitation 
flux was disabled for those conditions (i.e., we set 𝑉precip = 0 during LHS 
calibration). The precipitation coefficient 𝑘precip was subsequently iden-
tified using the dedicated precipitation dataset described in Section 3.2; 
Table 1 reports the combined parameter set used for subsequent simu-
lations.
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Fig. 2. Experimental and model predicted mRNA yield for eGFP and CSP. (a) 30 experimental Latin hypercube sampling (LHS) data points for eGFP; (b) 60 
experimental LHS data points for CSP. Blue points denote the mean of two experimental replicates; red squares are model predictions. Within each panel, points are 
ordered by increasing experimental yield. Experimental conditions listed beneath the panels include concentrations of NTP, T7RNAP, DNA template concentration, 
Mg2+, spermidine, and the reaction time. Scatter in the experimental values reflects the LHS design used to vary these critical process parameters. Note that reaction 
time is treated as a sixth experimental variable in the LHS design: each condition is sampled at a single endpoint rather than as a time-course, so that the full 
6-dimensional input space is covered with minimal experimental effort. (For interpretation of the references to colour in this figure legend, the reader is referred to 
the web version of this article.)

Fig. 3. Parity plots comparing model predictions with experimental mRNA yields for (a) CSP and (b) eGFP. Both axes are on a log10 scale, and the black line is the 
identity line 𝑦 = 𝑥. Each point represents a single replicate under a given condition (red squares: replicate 1; blue circles: replicate 2). Line segments connect the two 
replicates run under the same condition to visualize replicate dispersion. (For interpretation of the references to colour in this figure legend, the reader is referred to 
the web version of this article.)
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Fig. 2 illustrates the correlation between model predictions and ex-
perimental RNA yields obtained through Latin Hypercube Sampling 
(LHS) for CSP and eGFP template DNAs, including the corresponding 
experimental conditions. Fig. 3 shows the relationship between the true 
experimental RNA yields (x-axis) and the model’s predictions (y-axis), 
with closer alignment to the identity line indicating more accurate pre-
dictions. A logarithmic scale is used here as the data spans several orders 
of magnitude, including many smaller yield values.

Replicate scatter is present across the full yield range and is at-
tributable to measurement noise in the silica-column purification and 
A260-based (NanoDrop) quantification workflow. At the low end of the 
spectrum (below ∼1 g L−1), column recovery losses can approach the to-
tal sample mass, so that one replicate may return a near-zero reading 
while the other retains measurable material; these discrepancies, while 
visually prominent on the parity plot, are small in absolute terms (g L−1). 
At high yields, the same sources of variabilityÐdifferences in effective 
enzyme activity, template quality, mixing/pipetting, and downstream 
recoveryÐtranslate into larger absolute deviations that dominate the 
RRMSE. This effect is more apparent under an LHS design because the 
operating domain is intentionally broad, increasing the likelihood of 
sampling steep regions of the response surface where measurement vari-
ability has a larger impact on the observed output. Replicate dispersion 
is higher for CSP than for eGFP, consistent with the longer transcript 
being more sensitive to run-to-run differences in RNAP activity and tem-
plate integrity, as well as length-dependent recovery losses in the purifi-
cation workflow.

Despite this scatter, the model achieves 𝑅2 values of 0.851 and 0.868 
for CSP and eGFP respectively on the LHS dataset. Prior mechanistic 
IVT models are typically parameterized on narrower, factorial DoE de-
signs, and empirical regression approaches can generalize poorly to new 
operating points. The model’s ability to capture yield trends across a 
broad, 6-dimensional operating space and two templates of contrast-
ing length and composition therefore represents a meaningful advance; 
targeted replication near the upper-yield boundary would be the most 
direct route to further tighten predictive accuracy.

While 𝑘app remained consistent across both sequences, the individual 
rate constants, 𝑘1 and 𝑘2, showed significant differences. Specifically, 𝑘1, 
which is associated with 𝑀𝑔2+ inhibition, and 𝑘2, linked to the inhibi-
tion by the Mg-NTP complex, displayed contrasting behaviors between 
the CSP and eGFP sequences. In the case of the CSP sequences, 𝑀𝑔2+

inhibition was reduced, whereas inhibition by the Mg-NTP complex in-
creased.

This difference may be associated with sequence composition in the 
promoter-proximal transcribed region downstream of the T7 promoter 
(Table D6), which is more GC-rich for CSP than for eGFP (49.06% vs 
34.04% respectively). GC rich sequences are well documented to en-
hance DNA structural integrity due to stronger hydrogen bonding and 
improved base stacking interactions [23]. These properties can increase 
the stability of RNA±DNA hybrids and transcription bubbles, influencing 
transcriptional dynamics. While high GC content may reduce flexibility 
in these structures, it could also diminish the inhibitory effects of free 
Mg2+ ions by stabilizing nucleic acid conformations [24]. However, this 
added stability may impose kinetic constraints on the transcription com-
plex, requiring RNA polymerase to exert additional energy to unwind 
the DNA and elongate the RNA strand [25].

Related sequence features could contribute alongside GC content. 
Promoter proximal folding free energy (Δ𝐺) and the presence of pause 
or abort motifs can affect initiation and promoter escape, and early3′
design and local composition in the first tens of nucleotides can mod-
ulate early elongation behaviour [26,27]. These effects may contribute 
to the observed CSP±eGFP differences alongside GC content.

Under typical conditions, free Mg2+ is essential for transcription, act-
ing as a cofactor to stabilize NTPs and facilitate their incorporation into 
the nascent RNA strand [28]. At the same time, excess free Mg2+ can 
nonspecifically bind to nucleic acids, potentially inhibiting transcrip-
tion, particularly in regions where flexibility in the transcription bubble 

is necessary [24]. For templates with a more GC-rich promoter-proximal 
region, the increased stability of the RNA±DNA hybrid may mitigate 
these inhibitory effects, shifting the transcription complex’s dependency 
toward Mg-NTP complexes for energy and stability during elongation 
[26].

Taken together, this mechanistic picture suggests how sequence may 
map onto our kinetic terms without changing the current model: factors 
that influence initiation and promoter escape (e.g., GC fraction, pro-
moter proximal Δ𝐺, pause/abort motifs) would primarily manifest in 
an apparent 𝑘1, whereas features that influence early elongation (e.g., 
early3′ design and local structure) would be reflected in an apparent 𝑘2. 
In the present study, 𝑘1 and 𝑘2 were treated as sequence agnostic; thus, 
the CSP±eGFP interpretation above is explanatory rather than causal 
and should be treated as a hypothesis given that only two templates are 
analysed here. As future work, one could explicitly test this hypothesis 
by re-parameterizing 𝑘1 and 𝑘2 as functions of such sequence descriptors 
and evaluating whether this improves fit and predictive power [23±28].

3.2.  Model performance in capturing precipitation dynamics

Once the kinetic parameters were established, they were used as ini-
tial guesses to fit the precipitation parameters, against 18 datapoints 
where the amount of 𝑀𝑔2+ and PPase is varied. We aimed to determine 
whether the same kinetic parameters could also accurately describe the 
precipitation kinetics, alongside the newly fitted precipitation parame-
ters. This approach validates the robustness of the initially determined 
kinetic parameters and ensures that the precipitation parameters are ac-
curately characterized without overfitting.

The precipitation-specific data points yielded higher 𝑅2 values for 
both templates (0.886 and 0.921 for CSP and eGFP respectively shown 
in Fig. 4) compared to the LHS design predictions. This improvement 
is, however, attributed to the smaller and simplified variable set in the 
precipitation experiments.

The kinetic parameters for precipitation were fitted independently to 
each template dataset using identical initial guesses, with both optimiza-
tions converging to identical values, indicating consistent precipitation 
kinetics across templates. This observation aligns with the theoretical 
expectation that the rate of precipitation is independent of the template 
used, being primarily captured by the kinetics of RNA synthesis only. 
The ability of these original kinetic parameters to accurately describe 
both the LHS and the precipitation-specific data confirms that they are 
reliable across different experimental conditions.

In precipitation scenarios, the model appears to capture the potential 
consequences of reduced Mg2+ availability. Mechanistically, this aligns 
with expectations: altering PPase concentrations shifts the optimal Mg2+
level required for maximizing yield. For the eGFP template, increasing 
both Mg2+ and PPase beyond a certain threshold reduces yield, suggest-
ing that Mg2+ may act as an inhibitor under these conditions [15]. In 
contrast, at lower PPase concentrations, this inhibitory effect is less ap-
parent, as Mg2+ is consumed to form precipitate. The CSP template, by 
comparison, exhibits different behavior. Rather than showing clear in-
hibition, it may fail to achieve an optimal yield due to insufficient Mg2+
levels. These observations support the interpretations presented in Sec-
tion 3.1, where it was proposed that eGFP could be more susceptible to 
Mg2+ inhibition than CSP, potentially due to differences in GC content.

The precipitation results therefore support the validity of the kinetic 
parameters identified from the LHS dataset.

3.3.  NTP consumption analysis

Fig. 5 presents a comparative analysis between the modeled and 
experimental data on NTP consumption over time from AEX-HPLC for 
the eGFP construct under a single experimental composition. The time-
course was generated by running replicate reactions at the same condi-
tion and quenching at predefined time points (i.e., discrete time-point 
experiments), rather than continuous sampling from one reactor. The 
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Fig. 4. RNA yield as a function of Mg2+ concentration and PPase levels for CSP and eGFP transcripts. The figures compare experimental and model-predicted RNA 
yields under varying Mg2+ concentrations (10-80mM) and PPase levels: 0 𝑢𝑛𝑖𝑡 ⋅ 𝜇𝐿−1 (green), 0.010 𝑢𝑛𝑖𝑡 ⋅ 𝜇𝐿−1 (red), and 0.050 𝑢𝑛𝑖𝑡 ⋅ 𝜇𝐿−1 (blue). Experimental RNA 
yield (star markers) and model-predicted RNA yield (square markers) are plotted for each condition. Other Reaction conditions were fixed at 40mM total NTPs, 330 
𝑢𝑛𝑖𝑡 ⋅ 𝜇𝐿−1 T7 RNA polymerase, 2mM spermidine, 50nM DNA, and a 2-hour reaction time. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.)

Fig. 5. Comparison of experimental and model predicted NTP concentrations over 0-120min, measured by anion-exchange HPLC (AEX-HPLC). Experimental mea-
surements are shown as markers (continuous lines): ATP (blue circles), GTP (green squares), CTP (red triangles), and UTP (purple diamonds). Model predictions are 
shown as continuous dotted lines in the same colors. Time-course points were obtained from replicate reactions quenched at predefined time points under a single 
experimental composition (eGFP). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

model captures the overall trend in NTP consumption with reasonable 
accuracy. However, minor deviations are observed in the final consump-
tion values. Experimental discrepancies noted at 80 and 110 minutes, 
where non-monotonic changes in measured NTP levels are recorded, 
and are attributed to experimental variability across discrete time-point 
runs. Such variations highlight the challenges in experimental consis-
tency.

Importantly, the relative depletion of each NTP is consistent with the 
template-specific nucleotide composition reported in Table D6: starting 
from equimolar NTP concentrations, nucleotides with lower sequence 
demand (notably UTP for eGFP) remain in relative excess, whereas the 
limiting nucleotide is depleted first and ultimately caps further tran-
scription. mRNA was not quantified as a time-course in this AEX-HPLC 
experiment (RNA yield is measured separately at the final time point 
as reported in Fig. 3). An accurate RNA prediction would also imply 

accuracy in NTP consumption modeling. Any remaining inaccuracies 
could reflect unaccounted sinks for NTP, such as stable complexes or 
unintended side reactions consuming NTP. The model captures most of 
these effects nonetheless (cf. Section 2.1 Model Formulation).

3.4.  Sensitivity insights: key drivers of model response

Global sensitivity analysis (GSA) was performed, and the first, and 
second-order Sobol indices were computed to evaluate the impact of 
various parameters on RNA yield.

Fig. 6(a) and (b) present Sobol sensitivity indices for the kinetic pa-
rameters, quantifying their influence on RNA yield variability for CSP 
and eGFP transcripts. For both templates, 𝑘𝑎𝑝𝑝 was the most influen-
tial parameter, contributing the majority of the variance in RNA yield, 
highlighting its critical role in determining transcription efficiency.
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Fig. 6. Sobol Sensitivity Analyses. Sobol indices explore how variations in model parameters affect RNA yield across both CSP and eGFP transcripts. Subfigures 
(a) and (b) depict first-order and total-order Sobol indices when the fitted kinetic parameters are varied by ±20% (standard deviation). Subfigures (c), (d), and (e) then 
examine the sensitivity of input concentrations while holding the kinetic parameters constant (except for those specifically fitted to each template).

For CSP, 𝑘1 had minimal impact, while 𝑘2 was almost as significant as 
𝑘𝑎𝑝𝑝, reflecting CSP’s reliance on Mg-𝑁𝑇𝑃  complexes to overcome the 
rigidity of its GC-rich transcription bubble. In contrast, for eGFP, 𝑘𝑎𝑝𝑝
dominated, accounting for 88% of the variance, with 𝑘1 contributing 
12%. 𝑘2 was negligible for eGFP, consistent with its reduced reliance on 
Mg-𝑁𝑇𝑃  complexes to sustain transcription.

The identical first-order and total-order indices for both templates 
suggest that RNA yield variability may arise primarily from the inde-
pendent contributions of 𝑘𝑎𝑝𝑝, 𝑘1, and 𝑘2, with no substantial interac-
tion effects. However, the mechanistic roles of these parameters may 
differ between templates: CSP’s high GC content potentially reduces 
Mg2+-mediated inhibition and shifts dependency toward Mg-𝑁𝑇𝑃

complexes, while eGFP’s lower GC content could lead to greater 
sensitivity to free Mg2+ inhibition and influence overall elongation
efficiency.

Fig. 6(c)±(e) present the first-order, second-order, and total-order 
Sobol sensitivity indices for the input parameters influencing CSP and 
eGFP transcripts.

eGFP exhibited stronger first-order sensitivity to NTP and, to a lesser 
extent, Mg2+, compared to CSP. This could reflect eGFP’s reliance on 
nucleotide availability for maintaining elongation efficiency and its in-
creased susceptibility to free Mg2+ inhibition. CSP, by contrast, showed 
lower sensitivity to individual parameters, possibly due to greater intrin-
sic stability of the transcription bubble, which may reduce dependency 
on external factors. Across both templates, spermidine exhibited com-
paratively low first-order and total-order sensitivity within the explored 
1±4mM range, indicating it is not a primary driver of yield variability 
under these conditions.

Second-order indices suggest eGFP’s greater reliance on Mg-𝑁𝑇𝑃

interactions, highlighting the potential importance of coordinated
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magnesium dynamics and nucleotide incorporation. While CSP may de-
pend on Mg-𝑁𝑇𝑃  complexes to overcome transcription bubble rigidity, 
its stable bubble could minimize sensitivity to perturbations in these in-
teractions. By contrast, eGFP’s more flexible transcription bubble might 
amplify its sensitivity to such variability.

Total-order indices further indicate that eGFP could be more sensi-
tive overall to NTP and Mg2+ compared to CSP. Together, these findings 
are consistent with sequence-dependent transcriptional dynamics: CSP’s 
higher GC content may shift reliance toward stable Mg-𝑁𝑇𝑃  interac-
tions, whereas eGFP’s lower GC content could increase its sensitivity to 
both free Mg2+ and Mg-𝑁𝑇𝑃  coordination.

3.5.  Model-based cost optimization

By exploring the model’s parameter space, we identified an optimal 
set of reaction conditions to minimize the overall cost per gram of RNA 
produced (not including capping costs as these are assumed to be fixed). 
Under these conditionsÐ39 mM total NTP, 297 U mL−1 T7RNAP, 54 mM 
𝑀𝑔2+, 101 nM DNA, and 0.38 mM PPase over a 121-minute reactionÐ
the model predicts a yield of 7.28 g L−1, corresponding to $6,772 per 
gram of RNA on a 1 L basis (individual unit prices and conversions are 
reported in SI Table D3). In this work, IVT conditions primarily influence 
$/g through their impact on IVT reagent consumption and the grams of 
RNA produced per batch volume. We also note that absolute $/g val-
ues are sensitive to procurement assumptions (e.g., list versus contract 
pricing, grade, and supplier), and therefore the reported cost should be 
interpreted as an illustrative baseline used to compare operating points 
consistently within the model, rather than a universal manufacturing 
quote.

The model naturally favors conditions that reduce the most expen-
sive inputs (notably NTPs), since lower NTP charges can reduce direct 
reagent spend while maintaining sufficient yields and quality. At the 
same time, the optimum is not achieved simply by increasing initial NTP 
concentration, because RNA yield and NTP utilization depend on the 
coupled NTP±𝑀𝑔2+ balance and the identity of the limiting nucleotide. 
We do not assume complete conversion of all four NTP species to prod-
uct RNA: transcription is limited by the first-depleted nucleotide, so any 
non-limiting nucleotide (e.g., UTP for eGFP under equimolar starting 
conditions; cf. Fig. 5) may remain partially unconsumed. This resid-
ual is still costed in the objective because reagent spend is based on 
the initial concentrations, and therefore higher initial NTP can increase 
RNA mass but does not necessarily improve conversion or reduce $/g 
if a larger overage remains unused. Allowing non-equimolar initial NTP 
ratios matched to template composition (particularly important for ex-
pensive modified NTPs) is a natural extension that could reduce residual 
overage while maintaining yield.

Also note that recycling is not considered here, which would dras-
tically reduce material costs. Related process-intensification strategies 
such as fed-batch IVT have also been proposed to improve NTP utiliza-
tion and reduce cost [29±31].

4.  Conclusion

The COVID-19 pandemic highlighted the need for rapid, scalable 
mRNA manufacturing. In this work we introduced a mechanistic biopro-
cess model constructed entirely from first principlesÐthermodynamic 
equilibria, enzyme kinetics, and stoichiometric mass balancesÐthat in-
tegrates QbD principles into the optimization of mRNA therapeutics 
manufacturing. Experimental data serve only a support role: a small set 
of effective kinetic parameters is calibrated, while all remaining model 
structure is derived from established physicochemical knowledge. By 
systematically mapping relationships between CPPs, CMAs, and RNA 
yield, the model provides a practical tool for IVT process design that is 
applicable across templates and operating conditions.

A central hypothesis explored in this study was the role of template-
specific sequence composition in transcriptional dynamics, particularly 

through dependencies on Mg2+ and Mg-𝑁𝑇𝑃  interactions. GSA identi-
fied distinct sensitivities, with the kinetic parameter 𝑘2 (associated with 
Mg-𝑁𝑇𝑃 -mediated inhibition) exerting a stronger influence on IVT pro-
ducing CSP than eGFP. These differences reflect underlying sequence-
dependent physicochemical factors, such as GC content, transcription 
bubble stability, and the interplay between enzyme activity and sub-
strate availability. These findings highlight the need for a tailored ap-
proach to reaction conditions, where template composition informs pro-
cess design for encoding diverse vaccine antigens, therapeutic proteins, 
or gene-editing components.

Beyond the empirical sensitivity contrast, it is important to note that 
our current formulation deliberately lumps template-dependent biophys-
ical effects into two effective kinetic knobs: 𝑘1 and 𝑘2. This lumping 
makes the model compact and transferable across transcripts, but it also 
provides a natural bridge for future mechanistic unpacking. In particu-
lar, 𝑘1 and 𝑘2 can be re-parameterized as functions of sequence-level 
descriptors (e.g., GC%, predicted folding Δ𝐺 in promoter-proximal win-
dows, pause/abort motifs, and3′ design). Thus, while the present study 
treats 𝑘1 and 𝑘2 as template-specific surrogates, they were chosen so that 
subsequent work can map them to biochemically interpretable quanti-
ties without altering the overall model structure.

More broadly, mechanistic models of the kind presented here can re-
duce the number of experiments needed to establish a viable operating 
window, lowering both development time and reagent costs. This is par-
ticularly relevant for emerging mRNA programs where rapid template 
switching is required and large-scale DoE campaigns are impractical.

A key limitation is interpretability of the lumped parameters: tem-
plate sequence, nascent RNA structure, and Mg-driven speciation all 
project onto 𝑘1 and 𝑘2. This was an explicit design choice to keep the 
optimization tractable and data-efficient. Nevertheless, the same struc-
ture enables hierarchical extensions in which 𝑘1 and 𝑘2 are endowed 
with sequence-informed priors, or are decomposed into initiation- and 
elongation-specific sub-parameters constrained by literature stability 
constants for Mg complexes. Such extensions would preserve tractability 
while increasing biochemical fidelity and transferability to novel tem-
plates.

Future work should also extend this model by incorporating addi-
tional reaction complexities, including alternative capping strategies, 
modified nucleotides, and novel polymerase variants with altered sub-
strate or temperature dependencies. The dsRNA sub-model presented 
in Appendix C has not yet been experimentally validated; established 
quantification methods (e.g., J2 antibody ELISA, dot blot, or dedicated 
AEX-HPLC) exist and should be employed in future studies to validate 
the dsRNA predictions and incorporate dsRNA as a fully validated CQA 
alongside yield. Similarly, applying established mRNA integrity assays 
(e.g., capillary electrophoresis) and characterizing intermediate com-
plexes will further strengthen the model. Integration of real-time feed-
back for dynamic process adjustments could also facilitate closed-loop 
manufacturing systems, enabling next-generation bioprocessing.

As regulatory expectations for advanced therapeutics evolve, the 
QbD-driven approach outlined here ensures robust, reproducible, and 
transparent manufacturing protocols that meet stringent quality stan-
dards and expedite regulatory approval.

In conclusion, this study advances IVT process development by con-
necting mechanistic insights to QbD-driven optimization. The frame-
work provides researchers and manufacturers with a mechanistically 
grounded tool to support process design for mRNA therapeutics. Exten-
sion to additional constructs, experimentally validated dsRNA and in-
tegrity CQAs, and scale-dependent considerations will be necessary to 
realize the full potential of this approach in manufacturing settings.
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Appendix A.  Extended Equations

Notation. Let  = {ATP,CTP,GTP,UTP} index the four NTPs; quantities 
with subscript 𝑏 are base-specific.

𝑁𝑇𝑃tot =
∑

𝑖∈

(

[𝑁𝑇𝑃 4−
𝑖

]

+ [𝑀𝑔𝑁𝑇𝑃 2−
𝑖

]

+ [𝑀𝑔2𝑁𝑇𝑃 4−
𝑖

]

+ [𝑀𝑔𝐻𝑁𝑇𝑃 3−
𝑖

]

+ [𝐻𝑁𝑇𝑃 3−
𝑖

]
)

. (A.1)

For precipitation, we group pyrophosphate into non-Mg-bound 
("free") and Mg-bound forms:

[𝑃𝑃 𝑖]free = [𝑃𝑃 𝑖4−] + [𝐻𝑃𝑃 𝑖3−] + [𝐻2𝑃𝑃 𝑖
2−], (A.2)

[𝑃𝑃 𝑖]Mg-bound = [𝑀𝑔𝑃𝑃 𝑖2−] + [𝑀𝑔2𝑃𝑃 𝑖
4−] + [𝑀𝑔𝐻𝑃𝑃 𝑖3−], (A.3)

𝑃𝑃 𝑖tot = [𝑃𝑃 𝑖]f ree + [𝑃𝑃 𝑖]Mg-bound. (A.4)

𝐻tot = [𝐻+]

+ [𝐻𝐻𝐸𝑃𝐸𝑆]

+
∑

𝑖∈

(

[𝐻𝑁𝑇𝑃 3−
𝑖

] + [𝑀𝑔𝐻𝑁𝑇𝑃 3−
𝑖

]
)

+ [𝐻𝑃𝑃 𝑖3−]

+ [𝑀𝑔𝐻𝑃𝑃 𝑖3−]

+ [𝐻2𝑃𝑃 𝑖
2−]

+ [𝐻𝑃𝑖2−]

+ [𝐻2𝑃 𝑖
−]

+ [𝐻3𝑃 𝑖]

+ [𝐻𝐴𝑐]. (A.5)

𝑇 7𝑅𝑁𝐴𝑃tot = [𝑇 7𝑅𝑁𝐴𝑃 ]

+ [DNA−
⋅ 𝑇 7𝑅𝑁𝐴𝑃 ]

+ [DNA−
⋅ 𝑇 7𝑅𝑁𝐴𝑃 ⋅ Spd3+]. (A.6)

Spdtot = [Spd3+]

+ [DNA−
⋅ Spd3+]

+ [𝑇 7𝑅𝑁𝐴𝑃 ⋅ Spd3+]

+ [DNA−
⋅ 𝑇 7𝑅𝑁𝐴𝑃 ⋅ Spd3+]. (A.7)

DNAtot = [DNA−]

+ [DNA−
⋅ 𝑇 7𝑅𝑁𝐴𝑃 ]

+ [DNA−
⋅ Spd3+]

+ [DNA−
⋅ 𝑇 7𝑅𝑁𝐴𝑃 ⋅ Spd3+]. (A.8)

𝑀𝑔
(sol)
tot = [𝑀𝑔2+]

+
∑

𝑖∈

(

[𝑀𝑔𝑁𝑇𝑃 2−
𝑖

] + 2[𝑀𝑔2𝑁𝑇𝑃 4−
𝑖

] + [𝑀𝑔𝐻𝑁𝑇𝑃 3−
𝑖

]
)

+ [𝑀𝑔𝐻𝑃𝑃 𝑖3−]

+ [𝑀𝑔𝐻𝑃𝑖]

+ [𝑀𝑔𝐴𝑐]+

+ [𝑀𝑔𝐴𝑐2]. (A.9)

Equation  (A.9) includes only solution-phase magnesium. Any precipi-
tated magnesium pyrophosphate is tracked separately as a solid. 
𝑀𝑔

(solid)
tot = [𝑀𝑔2𝑃𝑃 𝑖](𝑠) + [𝑀𝑔𝑃𝑃 𝑖2−](𝑠) + [𝑀𝑔𝐻𝑃𝑃 𝑖3−](𝑠), (A.10)

𝑀𝑔
(sys)
tot = 𝑀𝑔

(sol)
tot +𝑀𝑔

(solid)
tot (A.11)

𝐻𝐸𝑃𝐸𝑆tot = [𝐻𝐸𝑃𝐸𝑆]

+ [𝐻𝐻𝐸𝑃𝐸𝑆]. (A.12)

𝑃 𝑖tot = [𝑃 𝑖3−]

+ [𝐻𝑃𝑖2−]

+ [𝐻2𝑃 𝑖
−]

+ [𝐻3𝑃 𝑖]

+ [𝑀𝑔𝐻𝑃𝑖]. (A.13)

𝐴𝑐tot = [𝐴𝑐−]
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+ [𝐻𝐴𝑐]

+ [𝑀𝑔𝐴𝑐]+

+ 2[𝑀𝑔𝐴𝑐2]. (A.14)

[𝑀𝑔2+][𝑁𝑇𝑃 4−
𝑖

] = 𝐾1,𝑖 [𝑀𝑔𝑁𝑇𝑃 2−
𝑖

], (A.15)

[𝑀𝑔2+][𝑀𝑔𝑁𝑇𝑃 2−
𝑖

] = 𝐾2,𝑖 [𝑀𝑔2𝑁𝑇𝑃 4−
𝑖

], (A.16)

[𝑀𝑔2+][𝐻𝑁𝑇𝑃 3−
𝑖

] = 𝐾3,𝑖 [𝑀𝑔𝐻𝑁𝑇𝑃 3−
𝑖

], (A.17)

[𝐻+][𝑁𝑇𝑃 4−
𝑖

] = 𝐾4,𝑖 [𝐻𝑁𝑇𝑃 3−
𝑖

], (A.18)

(for each 𝑖 ∈ ; if base-independent, set 𝐾𝑘,𝑖 = 𝐾𝑘).

[𝐻+][𝑃𝑃 𝑖4−] = 𝐾5 [𝐻𝑃𝑃 𝑖3−], (A.19)

[𝐻+][𝐻𝑃𝑃 𝑖3−] = 𝐾6 [𝐻2𝑃𝑃 𝑖
2−], (A.20)

[𝑀𝑔2+][𝐻𝑃𝑃 𝑖3−] = 𝐾7 [𝑀𝑔𝐻𝑃𝑃 𝑖3−], (A.21)

[𝑀𝑔2+][𝑃𝑃 𝑖4−] = 𝐾8 [𝑀𝑔𝑃𝑃 𝑖2−], (A.22)

[𝑀𝑔2+][𝑀𝑔𝑃𝑃 𝑖2−] = 𝐾9 [𝑀𝑔2𝑃𝑃 𝑖
4−], (A.23)

[𝐻+][𝐻𝐸𝑃𝐸𝑆] = 𝐾10 [𝐻𝐻𝐸𝑃𝐸𝑆], (A.24)

[DNA−][𝑇 7𝑅𝑁𝐴𝑃 ] = 𝐾11 [DNA
−
⋅ 𝑇 7𝑅𝑁𝐴𝑃 ], (A.25)

[DNA−][𝑇 7𝑅𝑁𝐴𝑃 ][Spd3+] = 𝐾12 [DNA
−
⋅ 𝑇 7𝑅𝑁𝐴𝑃 ⋅ Spd3+], (A.26)

[DNA−][Spd3+] = 𝐾13 [DNA
−
⋅ Spd3+], (A.27)

[𝑇 7𝑅𝑁𝐴𝑃 ][Spd3+] = 𝐾14 [𝑇 7𝑅𝑁𝐴𝑃 ⋅ Spd3+], (A.28)

[𝐻+][𝑃 𝑖3−] = 𝐾15 [𝐻𝑃𝑖2−], (A.29)

[𝐻+][𝐻𝑃𝑖2−] = 𝐾16 [𝐻2𝑃 𝑖
−], (A.30)

[𝐻+][𝐻2𝑃 𝑖
−] = 𝐾17 [𝐻3𝑃 𝑖], (A.31)

[𝑀𝑔2+][𝐻𝑃𝑖2−] = 𝐾18 [𝑀𝑔𝐻𝑃𝑖], (A.32)

[𝐻+][𝐴𝑐−] = 𝐾19 [𝐻𝐴𝑐], (A.33)

[𝑀𝑔2+][𝐴𝑐−] = 𝐾20 [𝑀𝑔𝐴𝑐]+, (A.34)

[𝑀𝑔𝐴𝑐]+[𝐴𝑐−] = 𝐾21 [𝑀𝑔𝐴𝑐2]. (A.35)

All equilibrium parameters can be found in Table D7

Appendix B.  Throughput-ceiling extended

We cap the intrinsic transcription rate 𝑉raw by
𝑉max = min{𝑉unit , 𝑉part}, 𝑉tr = min{𝑉raw, 𝑉max}.

By the conventional Unit definition for T7 RNAP (one Unit incorporates 
1 nmol of NTP in 60min at 37◦C), 

𝐹Unit =
(

1 nmol

60min

)

(

106 𝜇L

1L

)

= 1.667 × 10−5 mol L−1 min−1 per (Unit μL−1).

(B.1)

For a volumetric activity 𝑈 ( 𝑢𝑛𝑖𝑡𝑠 ⋅ 𝜇L−1) and a transcript of 𝑁all nu-
cleotides, 

𝑉unit =
𝑈

𝑁all

𝐹Unit . (B.2)

To relate Units to moles of active enzyme, we use the supplier’s molar 
specific activity 𝑆mol units⋅mol−1); the active enzyme concentration is 

𝐸 =
𝑈 (106 𝜇LL−1)

𝑆mol

(mol L−1). (B.3)

With initiation dwell 𝜏init = 𝓁init∕𝑣init and elongation speed 𝑣el
(ntmin−1), 

𝑟RNAP = min

{

1

𝜏init
,

𝑣el

𝑁all

}

, 𝑉part = 𝐸 𝑟RNAP. (B.4)

See Table D8 for parameter values.

Appendix C.  dsRNA formation

During IVT, long dsRNA forms mostly by intermolecular pairing be-
tween the intended sense RNA and a small antisense complement that is 
co-produced. Once both are present, ions screen backbone charge and fa-
vor duplex growth; melting and strand exchange oppose it. We therefore 
model dsRNA as driven mainly by sense-antisense pairing. Intramolecu-
lar fold-backs (hairpins) are handled implicitly by an accessibility fac-
tor 𝛼 that shrinks the fraction of each strand available to pair, and by 
a lumped loss rate 𝑘loss that collects unzipping and exchange back to 
single strands.

We represent ion effects with a dimensionless screening factor
Θ = 1 − exp

(

−𝑎 [Mg]f ree − 𝑎𝑤spd [Spd
3+]

)

, (C.1)

where 𝑎 > 0 maps ionic dose to screening and 𝑤spd > 1 is a fixed weight 
for spermidine relative to Mg2+. Thus both free Mg2+ and spermidine 
independently increase Θ toward a common plateau 0 ≤ Θ < 1.

We write the accessible fraction as
𝛼 = 𝛼max

(

1 − 𝑒−𝑁all∕𝑁0
)

(1 − 𝜙tail) (1 − 𝜒Θ Θ), (C.2)

𝜙tail = 𝛿 min

(

1,
𝑁tail

𝑁∗
tail

)

. (C.3)

𝑁all is the resulting RNA length that can, in principle, take part in in-
termolecular pairing; 𝑁0 sets how fast accessibility rises with length; 
𝛼max ≤ 1 is the long-length ceiling. The factor 𝜙tail removes non-pairing 
segments (the 3′ tail) using a maximum fractional penalty 𝛿 ∈ [0, 1] and 
a saturation length 𝑁∗

tail
. The term (1 − 𝜒Θ Θ) captures that stronger 

screening stabilizes intramolecular hairpins and reduces intermolecular 
accessibility. All dsRNA parameters are found in Table D9

Intermolecular build-up and decay are:
𝑉ann = 𝛾 Θ

(

𝛼 [RNA]
)2
, (C.4)

𝑉melt = 𝑘loss [dsRNA], (C.5)

with 𝑉ann an effective second-order annealing flux for sense-antisense en-
counters and 𝑉melt a first-order loss. The parameter 𝛾 = 𝜀as𝑘on lumps an-
tisense co-production and encounter/zipper rate. To reflect greater du-
plex stability at higher screening and for longer effective duplex length 
𝑁𝑎𝑙𝑙, we take
𝑘loss = 𝑘0 exp(−𝜆Θ Θ) exp(−𝜆𝐿 𝑁𝑎𝑙𝑙) (C.6)

• Increasing free Mg2+ or adding spermidine ↑ Θ ⇒ faster productive 
encounters

• Increasing total NTP at fixed total Mg lowers [Mg]f ree ⇒↓ Θ.
• Increasing T7 RNAP or DNA template raises the single-strand pool 

[RNA] and, via 𝛾 in (C.4).

Appendix D.  Supplementary Tables

Table D.2 
Parameter bounds for kinetic parameters sensitivity 
analysis

 Parameter  Bounds
𝑘𝑎𝑝𝑝 (𝑚𝑀−1𝑠−1)  0.001  0.0015
𝑘1 (𝑚𝑀−1)  1.6  2.4
𝑘2 (𝑚𝑀−1)  24  40
𝑘precip (𝑚𝑀−1)  4  6
𝑘PPase (𝑚𝑀)  2500  3750
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Table D.3 
Model variable bounds for sensitivity analysis
 Parameter  Bounds
 NTP (mM)  5 ± 100
 Magnesium (mM)  5 ± 100
 T7RNAP (𝑢𝑛𝑖𝑡 ⋅ 𝜇𝐿−1)  50 ± 500
 Spermidine (mM)  1 ± 4
 Template DNA (nM)  10 ± 100
 Time (Minutes)  10 ± 240

Table D.4 
Unit prices, reported in the same units as the model variables (1 L ba-
sis). Concentration-based inputs are in USD/(mM⋅L). Activity-dosed 
enzymes are in USD/kU. Template DNA is in USD/(nM⋅L) and is 
template-dependent.

 Component (decision variable)  Unit price  Model unit / note
 Total NTP (equimolar A/C/G/U)  451.01  USD/(mM⋅L)
 T7RNAP  68.05  USD/kU
 Template DNA (eGFP / CSP)  72.24 / 310.95  USD/(nM⋅L)
 PPase  82.85  USD/kU
 RNase inhibitor  0.0426  USD/kU
 MgCl2  0.00295  USD/(mM⋅L)
 HEPES  0.176  USD/(mM⋅L)
 TRIS-HCl  0.142  USD/(mM⋅L)
 DTT  0.926  USD/(mM⋅L)
 Spermidine  1.22  USD/(mM⋅L)
 Gu-HCl  0.000205  USD/(mM⋅L)

Table D.5 
Parameter bounds for CSP and eGFP template DNA LHS ex-
periments

 Parameter  Lower Bound  Upper Bound
 Total NTP (mM)  4  60
 Magnesium (mM)  5  90
 T7RNAP (𝑢𝑛𝑖𝑡 ⋅ 𝜇𝐿−1)  100  400
 Spermidine (mM)  1  4
 Template DNA (nM)  20  100
 Time (Minutes)  15  240

Table D.6 
Parameters for precipitation experiments
 Parameter  Amount / Range
 Total NTP (mM)  40
 Magnesium (mM)  8 - 80
 T7RNAP (unit 𝑢𝐿−1)  330
 Spermidine (mM)  3
 Template DNA (nM)  50
 Time (Minutes)  120

Table D.7 
Nucleotide composition of CSP and eGFP templates, including 
promoter-proximal transcribed region composition downstream of the 
T7 promoter.
 Metric  CSP  eGFP
 Full transcript nucleotide counts
 Adenine (A)  1106  266
 Guanine (G)  1061  243
 Cytosine (C)  1315  279
 Uracil (U)  801  207
 Total (nt)  4283  995
 Promoter-proximal transcribed region (downstream of T7 promoter)
 Window length (nt)  53  47
 Adenine (A)  17  27
 Guanine (G)  9  12
 Cytosine (C)  17  4
 Uracil (U)  10  4
 GC content (%)  49.06  34.04

Table D.8 
Adopted equilibrium constants
𝐾𝑖 log10 𝐾  T (◦C)  Source Notes

𝐾1 −4.42  25  [1] -
𝐾2 −1.69  25  [1] -
𝐾3 −1.49  25  [1] -
𝐾4 −6.95  25  [1] -
𝐾5 −8.94  25  [1] -
𝐾6 −6.13  25  [1] -
𝐾7 −3.05  25  [1] -
𝐾8 −5.42  25  [1] -
𝐾9 −2.33  25  [1] -
𝐾10 −7.31  37  [2] HEPES 𝑝𝐾𝑎 at 37 ◦C.
𝐾11 ≈ −8.32  25  [3] T7 RNAP-promoter (𝐾𝑑 ≈4.8nM); use 

as prior, fit at 37 ◦C/ionic strength.
𝐾12  110  37  [4, 5] DNA-T7-spermidine effective 

couplinga.
𝐾13  Note a  37  [4] DNA-spermidine3+; wide literature 

spread, treat as fitteda.
𝐾14  Note a  37  [5] T7 RNAP-spermidine3+; include 

empirically, fita.
𝐾15  not used  25  [6] Unrealistic for our system
𝐾16 −7.20  25  [6] -.
𝐾17 −2.15  25  [6] -
𝐾18 −2.87  25  [6] MgHPi0: WATEQ4F lists log10 𝛽 = 2.87

(formation); here log10 𝐾 = −2.87

(association)b.
𝐾19 −4.756  25  [6] Acetate 𝑝𝐾𝑎 baseline; small 

𝑇 -dependence.
𝐾20 −0.59  25  [7] -
𝐾21  not used  25±37  [7] Second acetate addition not detected 

within 0.1±0.5M (𝐾21≫0.)

Notes. a Polyamine (spermidine3+) interactions with DNA and proteins are 
highly sequence- and salt-dependent and often cooperative; treat 𝐾13-𝐾14

as lumped parameters represented completely as 𝐾12.

Table D.9 
Fixed parameters used for ceilings
 Symbol  Meaning  Value  Units / note
𝑈  T7 RNAP volumetric activity  330 𝑢𝑛𝑖𝑡𝑠 ⋅ 𝜇L−1

𝐹Unit  Unit→rate factor (Eq. (B1)) 1.667 × 10−5  mol L−1 min−1 per (𝑢𝑛𝑖𝑡𝑠 ⋅ 𝜇L−1)
𝐸  Active RNAP (from Eq. (B3))  13.33 𝜇M
𝓁init  Initiation segment  8  nt
𝑣init  Initiation speed  0.5  nt s−1
𝜏init  Initiation dwell  16  s  (𝓁init∕𝑣init )
𝑣el  Elongation speed  200  nt s−1 (= 12,000 nt min−1)

Sources: 8, 9

Table D.10 
Parameters for the dsRNA equations. ªEOº denotes a heuristic influenced by 
literature based on CSP.
 Symbol  Value Basis

𝑎 0.03 (0.02±0.05) EO prior for ionic screening slope; consistent with 
ion-driven stabilization of RNA structures [10].

𝑤spd 12 EO prior for spermidine3+ potency relative to Mg2+; 
polyamines and divalents both promote folding [10].

𝛼max 0.8 (0.6±1.0) Cap on intermolecular accessibility; accessibility/opening 
vs. hybridization decomposition [11].

𝑁0 200 (100±300) Length scale for accessibility rise; accessibility heuristics 
as in RNA:RNA binding models [11].

𝛿 0.5 (0.2±0.8) Maximum tail penalty; EO within accessibility-based 
decompositions [11].

𝑁∗
tail

50 (30±100) Tail penalty saturation length; EO consistent with 
diminishing penalty beyond a characteristic length [11].

𝜒Θ 0.2 (0.1±0.3) Small salt-induced hairpin penalty; ions modulate 
loop/tertiary stability [10].

𝑘0 0.02 (0.01±0.05) Baseline melt/branch-migration rate at low screening; 
nucleic-acid displacement kinetics literature [12, 13].

𝜆Θ 2.5 (1±4) Suppression of melt by screening; stronger ionic 
stabilization slows effective melting [10].

𝜆𝐿 0.002 (0.001±0.004) Length-suppressed displacement/migration; rates decrease 
with longer exchange domains [12, 13].

𝛾  Fit Heuristically set to give meaningful amount of dsRNA 
formation.
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