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SUMMARY

In a therapeutic context, supraphysiological expression of transgenes can compromise engineered pheno-

types and lead to toxicity. To ensure a narrow range of transgene expression, we developed a single-tran-

script, microRNA-based incoherent feedforward loop called compact microRNA-mediated attenuator of

noise and dosage (ComMAND). We experimentally tuned the ComMAND output profile, and we modeled

the system to explore additional tuning strategies. By comparing ComMAND to two-gene implementations,

we demonstrate the precise control afforded by the single-transcript architecture, particularly at low copy

numbers. We show that ComMAND tightly regulates transgene expression from lentiviruses and precisely

controls expression in primary human T cells, primary rat neurons, primary mouse embryonic fibroblasts,

and human induced pluripotent stem cells. Finally, ComMAND effectively sets levels of the clinically relevant

transgenes frataxin (FXN) and fragile X messenger ribonucleoprotein 1 (Fmr1) within a narrow window. Over-

all, ComMAND is a compact tool well suited to precisely specify the expression of therapeutic cargoes. A re-

cord of this paper’s transparent peer review process is included in the supplemental information.

INTRODUCTION

With massive advances in the development of delivery vectors, the

tunable control of therapeutic cargoes remains the missing

element in providing safe, effective in vivo and ex vivo gene thera-

pies.1–9 A large number of diseases result from mutations affecting

a single gene.10 Many of these monogenic disorders render the cell

vulnerable by the insufficient production of an essential protein

product.11–15 For these haploinsufficiencies, delivery of functional

copies of affected genes may restore essential cellular processes

and rescue normal phenotypes. However, while improved vectors

can efficiently deliver synthetic cargoes, excessive expression of

transgenes can induce unforeseen neurological and cardiac disor-

ders. For instance, in mouse models of neurological disorders that

result from haploinsufficiency, gene replacement therapy gener-

ated mixed outcomes. When target proteins were overexpressed

at 10–20 times their endogenous level, some mice showed

improved function, but others suffered adverse events including

cardiotoxicity and behavioral abnormalities.16–18 For safety and ef-

ficacy, delivery of therapeutic cargoes must be tailored to ensure

that transgenes are expressed within a ‘‘goldilocks’’ window

(Figure 1A). Thus, there is a need for tools that can precisely set

levels of transgene expression.

Gene dosage, including gene copy number, represents a major

source of variance in gene expression.19 While efficient at deliv-

ering genetic cargoes, random integration methods offer limited

control of copy number. Adjusting vector dosage simulta-

neously—and unavoidably—affects both delivery efficiency and

copy number, making it difficult to maintain high coverage of cells

while also ensuring that most cells receive only one or a few

copies of the transgene. Uneven biodistribution may further com-

pound the challenge of tailoring expression by adjusting

dosage.20 Furthermore, for integrating vectors, differences in the

site of integration introduce distinct genomic contexts for trans-

genes, which can generate cell-to-cell variability in transcription

and thus expression.21 Combined with wide variation in promoter

activity across cell types,22,23 local effects on transcriptional activ-

ity present challenges to robust, precise transgene expression.

Gene circuits offer a solution for implementing tight control of

transgene expression. Gene circuits such as the incoherent

feedforward loop (iFFL) can reduce expression variation caused

by DNA copy number.24–30 To do so, the iFFL senses and com-

pensates for changes in the input by both positively (directly) and

negatively (indirectly via an additional species) regulating the

output. Mathematical analysis of the iFFL demonstrates that

this topology—in the absence of resource limitations—enables
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perfect adaptation, in which the system response returns to its

original level after a disturbance.31–37 Previous work has imple-

mented iFFLs in mammalian cells via transcriptional25,38 and

posttranscriptional1,25–28,30,33 control and demonstrated experi-

mentally that this circuit architecture enables robustness to

resource competition and sources of extrinsic noise such as

plasmid copy number. A similar circuit has also been used to

mitigate toxic transgene expression during adeno-associated vi-

rus production.39 Constructing an iFFL using microRNA ele-

ments is particularly advantageous because these components

are small and may require fewer cellular resources to function.

However, until recently,1,30 it remained unclear if a microRNA-

based implementation of this circuit could reduce variability

introduced by random integration methods or could function

effectively in primary cells. Furthermore, there is a need to artic-

ulate design rules to build circuits that function across diverse

delivery methods and to identify optimal performance regimes.

A deeper understanding of the principles governing circuit func-

tion in application-relevant cell types would lay the foundation for

the development of more effective therapeutics.

To this end, we constructed a genetic control system called

compact microRNA-mediated attenuator of noise and dosage

A B C

D
E F

Figure 1. ComMAND, a single-transcript, microRNA-based iFFL, reduces output mean and variability compared with unregulated genes

(A) Delivery of transgenes to primary cells results in high expression variance. Unregulated transgene expression levels may be too low, where the transgene does

not function, or too high, which can lead to toxicity or other undesired phenotypes. Controlled transgene expression has the potential to narrow this expression

distribution to within the functional range.

(B) Block diagram of ComMAND, a single-transcript, microRNA-based iFFL. DNA, the input, is transcribed (TX) into a primary transcript, which is then spliced and

processed into mature mRNA and microRNA. The microRNA can knock down the mRNA; microRNA production and function constitute the controller (teal).

Alternatively, the mRNA can be translated (TL) into protein, the output of the circuit.

(C) DNA construct diagrams of ComMAND. The closed-loop (CL) circuit consists of an intronic microRNA between two exons of the output gene and a 22-bp

complementary microRNA target site in the 3′ UTR. In the open-loop (OL) circuit, the microRNA target site is orthogonal to the microRNA sequence. The

base gene includes only the output coding sequence, lacking both the microRNA and the target site.

(D) Expected behavior of ComMAND across a population of cells when co-delivered with a constitutively expressed marker gene. For an unregulated gene (base

gene or OL circuit, gray), the marker and output expression should be well-correlated, giving rise to a wide output expression distribution with a positive slope. In

contrast, the CL circuit (teal) is expected to display relatively constant output expression levels across a range of marker expression levels, leading to a lower

output expression mean, a narrower output distribution, and a flatter slope.

(E) Left: output expression as a function of marker expression for constructs in (C) co-transfected with a marker gene in HEK293T cells. Flow cytometry mea-

surements for one representative biological replicate are binned by marker expression into 20 equal-quantile groups per condition. Points represent geometric

means of output expression for cells in each bin, and shaded regions represent this value multiplied or divided by the geometric standard deviation of the bin. Bins

are plotted at their median marker value. Dashed line represents the output geometric mean of cells transfected only with the marker gene. Right: histograms of

output expression for cells in each condition. The output gene, mRuby2, was expressed via the EF1α promoter, and circuits include miR-FF5.

(F) Summary statistics of output expression for populations in (E). The plotted mean values use the geometric mean. SD refers to the standard deviation, and the

slope represents the slope of the line fitted to the binned, log-transformed marker-output points in (E). Points represent means of n ≥ 3 biological replicates, and

error bars show the 95% confidence interval. *p ≤ 0:05, **p ≤ 0:01, ***p ≤ 0:001, ****p ≤ 0:0001, independent t test. All units are arbitrary units from a flow

cytometer.
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(ComMAND). ComMAND comprises a microRNA-based iFFL

encoded on a single transcript (Figure 1B). Instead of relying

on protein components, ComMAND requires only the addition

of an intronic microRNA and a corresponding target site, allow-

ing these circuits to remain extremely compact with minimal

resource burden and low immunogenicity. The single-transcript

architecture requires fewer genetic elements than multi-tran-

script or multi-vector designs, making it advantageous for use

in therapeutic applications where delivery poses a key challenge.

Furthermore, encoding the microRNA in an intron of the output

gene closely links microRNA and output mRNA production,

since transcription and proper splicing are required to produce

molecules of each of these species. The single-transcript design

thus more tightly couples the direct and indirect effects of the

iFFL on the output, affording more precise control. Additionally,

this intronic design provides an inherently fail-safe mechanism of

control. Unlike non-intronic designs, if splicing of the microRNA

fails, the regulated transgene cannot be correctly translated from

that transcript. Finally, because ComMAND functions down-

stream of transcription, it is compatible with a wide range of

expression methods, including cell-type-specific or small-mole-

cule-inducible promoters, enabling additional layers of regula-

tion. Here, we characterize ComMAND and demonstrate its

generalizability across cell types, delivery methods, and regu-

lated genes, paving the way for therapeutic applications.

RESULTS

A single-transcript, microRNA-based iFFL reduces the

expression mean and variability of an output protein

To take advantage of the compact size of microRNA compo-

nents, we constructed ComMAND, a single-transcript version

of an iFFL (Figure 1B). To prevent crosstalk with endogenous

transcripts, we selected a panel of previously developed syn-

thetic microRNAs and cognate target sequences derived from

firefly luciferase.40 These microRNAs are expressed within an

intron containing the human miR-30a scaffold and have targeting

sequences orthogonal to the human genome. We first verified

that this panel of microRNAs efficiently knocks down their tar-

gets in transfections of HEK293T cells (Figure S1A). Of the four

reported sequences, we found that three sequences (FF4, FF5,

and FF6) are orthogonal and effective at target knockdown

(Figures S1B and S1C). Additionally, the presence of the micro-

RNA or target site alone does not alter gene expression

(Figures S1D and S1E). To construct the iFFL, we inserted an

intron bearing the FF5 microRNA (miR-FF5) at a 5′-AGGT-3′

sequence within the output gene, mRuby2, to generate favorable

splice donor and acceptor sites. The intronic design of the iFFL

adds only ∼450 bp to the total transcript size, ensuring

ComMAND remains sufficiently compact for therapeutic appli-

cations with strict cargo limits. For the closed-loop (CL) circuit,

we included a perfectly complementary 22-bp FF5 target

sequence in the 3′ untranslated region (UTR) of the transcript

(Figure 1C). For comparison, we constructed an open-loop

(OL) version of the circuit that replaces the complementary target

site with one of the other orthogonal sequences from our panel.

We also included a ‘‘base gene,’’ a second unregulated control

that lacks both the microRNA-containing intron and the micro-

RNA target site (i.e., the output gene alone). Together, these con-

structs enable us to parse the effects of the circuit on output

expression.

To examine the ability of ComMAND to control variation intro-

duced by differences in copy number and other extrinsic factors,

we co-delivered the circuit with a separate fluorescent marker

gene. Expression of the fluorescent marker varies across a pop-

ulation of cells as a function of DNA dosage and cellular physi-

ology. For unregulated genes, the output and marker expression

should be strongly correlated (Figure 1D, gray). We quantify cor-

relation by the slope of the marker-output line in logarithmic

space, which indicates how much the output expression varies

as marker expression changes. A slope below one indicates sub-

linear scaling. For unregulated genes, we expect marker and

output expression to co-vary, resulting in a slope around one.

In contrast, we expect that the CL circuit will have relatively lower

output expression variation across a range of marker levels

(Figure 1D, teal). As ComMAND approaches optimal perfor-

mance, the slope will approach zero. The CL circuit should

also have a lower mean output level than an unregulated gene

due to knockdown of the output mRNA. Indeed, when we co-

transfected the base gene, OL circuit, or CL circuit with a marker

gene in HEK293T cells, we observed a reduction in output

expression level, output standard deviation, and slope of the

marker-output line for the CL circuit, compared with the unregu-

lated genes (Figures 1E and 1F). Although previous work29,33

demonstrates microRNA-based iFFLs can reduce the coefficient

of variation, a relative metric of variability in protein expression,

we did not observe differences in this metric for the CL circuit

(Figure S1F). Theory predicts that microRNA-based iFFL circuits

can increase or decrease noise at the protein level.41 Thus, we

focused on characterizing ComMAND by absolute measures of

variability that are relevant for therapeutic applications, such as

standard deviation, which does decrease for the CL circuit.

Together, ComMAND significantly reduces the absolute vari-

ability of the output gene and achieves sublinear scaling but

does not provide perfect adaptation to extrinsic noise. To better

understand the system and improve performance, we next

examined how to tune circuit output.

Selection of circuit components enables tuning of

output expression

In order to define design principles for implementing ComMAND,

we characterized output expression profiles of constructs with

different sets of genetic parts. We sought to understand how

part identity contributes to circuit performance and tunes output

expression levels. First, we investigated how properties of the

microRNA affect output expression. Increasing the strength of

the repression arm of the iFFL should reduce output variability.28

As FF4 showed the greatest target knockdown (Figure S1C), we

hypothesized that replacing the FF5 sequences with FF4 se-

quences in ComMAND would improve regulation of the output

gene. Indeed, introduction of FF4 reduces output mean and

standard deviation relative to FF5 for the CL circuit in transfec-

tion of HEK293T cells (Figures 2A, 2C, and S1G). To further in-

crease knockdown, we next modified the microRNA scaffold.

Previously, rational sequence modifications to enhance pri-mi-

croRNA processing led to the development of the Mv3 (miRE)

scaffold, which improves AND gate function in transfection of

HEK293T cells.42 Therefore, we replaced the miR-30a-based
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Figure 2. Selection of circuit components enables tuning of output expression

Three constructs with various circuit components are quantified. Base genes (x markers) include only the output gene, without intronic microRNA and target sites.

OL (gray) and CL (colored) circuits combine the indicated intronic microRNA with one copy of an orthogonal (OL) or matched (CL) target site.

(A and B) Left: output expression as a function of marker expression for constructs co-transfected with a marker gene in HEK293T cells. Flow cytometry

measurements for one representative biological replicate are binned by marker expression into 20 equal-quantile groups per condition. Points represent geo-

metric means of cells in each bin, and shaded regions represent this value multiplied or divided by the geometric standard deviation of the bin. Right: histograms

of output expression for cells in each condition. Circuits are expressed from an EF1α promoter.

(C) Summary statistics of output expression for populations in (A) and (B). Points represent means of n ≥ 3 biological replicates, and error bars show the 95%

confidence interval.

(D) Summary statistics of output expression for HEK293T cells co-transfected with a marker gene and constructs expressed from the indicated promoters. OL

and CL circuits contain miRE-FF4. Points represent means of n ≥ 3 biological replicates, and error bars show the 95% confidence interval.

(E) As plasmid amount decreases, expression level decreases for both the base gene and CL circuit. The base gene offers no control over output expression,

while control afforded by the CL circuit increases as plasmid amount decreases. Left, middle: output expression as a function of marker expression for varying

doses of base gene (left) or CL circuit (middle) co-transfected with a constant amount of marker gene in HEK293T cells. Cells were also transfected with a ‘‘filler’’

plasmid expressing a different fluorescent protein cargo to maintain the same total DNA amount in each condition. Data depict one representative biological

replicate and are analyzed as in (A), without error bars for clarity. Plasmid amount is represented as a fraction relative to the standard dosage. Color bars depict

relative plasmid amount on a log2 scale. Right: slope of the marker-output curves as a function of relative plasmid amount. Points represent means of n ≥ 3

biological replicates, and error bars show the 95% confidence interval. Circuits contain miRE-FF4 and are expressed from an EF1α promoter.

(F) Summary statistics of output expression for HEK293T cells transfected with EF1α-driven miRE-FF4 circuits containing 1, 2, or 4 copies of matched (CL) or

orthogonal (OL) target sites. Points represent means of n ≥ 3 biological replicates, and error bars show the 95% confidence interval.

Dashed lines represent geometric mean output level for cells transfected only with the marker gene. All unnormalized values use arbitrary units from a flow

cytometer. *p ≤ 0:05, **p ≤ 0:01, ***p ≤ 0:001, ****p ≤ 0:0001, independent t test. Unless otherwise indicated, tests compare CL and OL conditions, and CL

and base conditions are also significantly different.
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scaffold with the miRE scaffold in ComMAND. The miRE scaffold

improves the performance of the FF5 CL circuit, approaching the

performance of the FF4 CL circuit (Figures 2B, 2C, and S1G).

However, both miRE-FF4 and miRE-FF5 circuits perform simi-

larly to the miR-FF4 design. Because miRE-FF4 putatively has

the strongest target knockdown, we moved forward with

miRE-FF4 in ComMAND.

Since altering the microRNA sequence has only a small effect

on output expression profiles, we considered other methods to

tune the circuit. As ComMAND acts at the posttranscriptional

level (Figure 1B), it is compatible with diverse promoters. Tun-

ing promoter strength can alter the setpoint of microRNA-

based iFFLs,30 but it remains unclear how this property affects

single-transcript architectures. To explore how promoter selec-

tion affects ComMAND output expression, we transfected cir-

cuits driven by a panel of strong and weak promoters

(Figure 2D). Output levels are higher with the strong promoters,

compared with the weaker promoters as expected. In all

cases, the CL circuit reduces expression level and variability,

compared with the base gene and OL circuit with the same pro-

moter (Figures 2D and S1H). For the CL circuits, weaker

promoters produce smaller slopes, compared with stronger

promoters. Because transfected cells receive high plasmid

copy numbers, ComMAND may operate in a resource-limited

regime in transfection. In such a regime, we expect lower

expression levels to generate less competition for resources,

affording better control. Potentially, ComMAND performance

may improve at lower DNA copy numbers than those achieved

in transfection.

To test this hypothesis, we varied the plasmid copy number of

the circuit in transfection. We reasoned that at lower DNA doses,

the CL circuit would exist in a regime unconstrained by cellular re-

sources, leading to greater control of output expression. In

contrast, we expect unregulated genes to lack control at all

plasmid amounts. Indeed, when we transfected the circuits driven

by a strong human elongation factor 1 alpha (EF1α) promoter with

varying DNA dosage in HEK293T cells, we found that the slopes of

the base gene and OL circuit remain constant across DNA amount

(Figure 2E). However, for the CL circuit, the slope decreases as

plasmid amount decreases. Additionally, at lower plasmid doses,

the coefficient of variation decreases for ComMAND but increases

for the base gene and OL circuit (Figure S1I). These data support

the hypothesis that ComMAND affords greater control of output

expression at lower copy numbers, putatively due to reductions

in resource limitations.

Next, we explored whether changing the number of target

sites could tune output expression. We first verified that changes

in target site number could alter microRNA-mediated knock-

down outside of an iFFL context, as shown previously.43 When

we co-transfected an intronic microRNA and a separate target

gene containing varying numbers of target sites, we found that

target gene expression decreases as the number of target sites

increases (Figures S1J and S1K). Therefore, we expected that

ComMAND would more tightly control output expression with

additional target sites. However, with a second target site, the

output mean and slope only slightly decrease (Figures 2F and

S1L). Increasing to four target sites does not change output

expression further for the CL circuit. Our observation of limited

tuning via the number of target sites matches the behavior of

recently reported circuits containing microRNAs paired with fully

complementary target sites.30

By varying the genetic elements in ComMAND, we were able

to determine strategies to shift the output setpoint. In particular,

we find that microRNA sequence, microRNA scaffold, and pro-

moter strength can set the output expression level. Across these

varied tuning strategies, we then looked to identify the underlying

biochemical constraints at work in ComMAND. We turned to a

mathematical model of ComMAND function to explain our

experimental data, to unify our understanding of the constraints,

and to illuminate further opportunities to modulate controller

function.

A model of ComMAND activity identifies physiological

limits and tuning strategies

To achieve a better understanding of circuit properties and to

more rapidly explore the wide design space, we modeled the re-

actions involved in ComMAND. From previously developed mi-

croRNA-based models,29 we chose a detailed set of reactions

in order to account for the potentially diverse couplings of both

our genetically encoded components and available cellular re-

sources (Figure 3A; Table S1). To better understand the trends

we observed experimentally, we derived a steady-state analyt-

ical solution of protein output (STAR Methods). Using this solu-

tion, we computed protein levels as a function of DNA copy

number.

First, we sought to understand why output expression in-

creases as marker expression increases, instead of remaining

constant as predicted for an ideal iFFL (Figures 1D and 1E).

The model predicts that protein levels remain at the circuit set-

point at lower DNA copy numbers. Above a particular copy-num-

ber threshold where RNA-induced silencing complex (RISC) be-

comes fully saturated with bound microRNA, protein levels

exceed this setpoint (Figure 3B, left).29 Above this threshold,

the circuit exists in a RISC-limited regime where microRNA-

mediated knockdown cannot fully control output expression. In

this regime, protein levels increase linearly with copy number,

and the total amount of RISC affects the rate of this increase.

By changing the amount of RISC in the model, we could shift

the threshold at which RISC becomes limiting as well as the

slope in the RISC-limited regime (Figures 3B, right and S2A,

top). Because cells take up thousands of plasmids in transfec-

tion,44 our transfections may generate a RISC-limited state.

Alternatively, saturation of splicing machinery could reduce

ComMAND output. While it is difficult to disentangle the various

effects of splicing on circuit output, in the case of splicing satu-

ration, we would expect lower expression for the OL circuit,

compared with the base gene at high marker levels. We do not

observe this pattern, as the slopes of the base gene and OL cir-

cuits are similar (Figures 1E and 1F). Agreeing with our experi-

mental results (Figure 2E), these resource limitations suggest

that ComMAND may better regulate output expression at DNA

copy numbers lower than those we obtained in transfection.

Transcriptional activity influences the rate of RISC saturation

and thus the performance of ComMAND. RISC saturation is gov-

erned by the amounts of both RISC and microRNA, so we expect

changes in production of primary transcript—and thus changes

in microRNA levels—to shift properties of saturation. Our model

predicts that promoter activity shapes the RISC-limited regime
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Figure 3. A model of ComMAND activity identifies physiological limits and tuning strategies

(A) Schematic of a reaction network model of ComMAND function. This diagram includes all species, reactions, and parameters that comprise RNA production

and processing, microRNA-mediated knockdown, and protein production steps. Exact reactions and steady-state analysis can be found in STAR Methods.

Reactions and parameters are color-coded by design principles highlighted in the remaining panels.

(B) Left: output protein (in molecules) plotted as a function of DNA copy number, cregulated, for the steady-state analytical solution of the model of ComMAND (CL

circuit, black) with the base parameters in Table S3. Gray line indicates the solution for an unregulated gene (OL circuit). Gray shading highlights the DNA copy

numbers over which the system is RISC limited. Dashed teal line represents the system setpoint or the protein level in the non-resource-limited regime that

remains constant even as copy-number changes. Right: output protein (in number of molecules) as a function of DNA copy number, cregulated, for the model with a

sweep of values of Rtot, the total amount of RISC. Chosen parameter values are evenly log distributed over an order of magnitude centered on the original

parameter value. Color bar depicts parameter values normalized to the original value on a log10 scale. The thick black line in this and subsequent panels rep-

resents the output of the model with the original parameter values.

(C) Left: slope of the copy number-protein curve at cregulated = 100 as a function of transcription rate, αRNA. See STAR Methods for details on the slope calculation.

Values of αRNA are normalized to the original value (black dot). Shaded region indicates the values of αRNA at which the system is RISC limited. Right: slope of the

marker-output expression distribution for HEK293T cells co-transfected with a marker gene and OL (gray) or CL (teal) circuits expressed from EF1α or EFS

(legend continued on next page)
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(Figures 3C, left and S2B). Namely, lower transcriptional activity

increases the DNA copy-number threshold at which RISC be-

comes limiting and decreases the slope beyond this threshold.

This coupling between promoter strength and RISC limitations

may explain why we observe a lower slope for the CL circuit

when ComMAND is expressed from weak promoters (Figures

2D and 3C, right). The fact that we observe reduced output

variability across promoters in transfection highlights that

ComMAND offers control even under physiological resource-

limited conditions.

Next, we explored how splicing and processing of the single

primary transcript impact circuit function. Varying these param-

eters within one order of magnitude has little or no effect on

steady-state protein output (Figures 3D, left and S2C). Puta-

tively, the generation of mature microRNA from the primary tran-

script is not limiting at steady state for ComMAND. This may

explain why the optimized miRE scaffold has no effect on output

expression profiles for the FF4 circuit (Figures 2A, 2C, and

3D, right).

While tuning the circuit in transfection, we hypothesized that

directly increasing microRNA-mediated knockdown would

enhance ComMAND performance. Indeed, in our model,

increasing the binding affinity of the loaded RISC for the mature

mRNA decreases the output protein setpoint and the slope in

the RISC-limited region (Figure 3E, left). However, this effect

has diminishing returns on an absolute scale; if binding affinity

is already high, further increases lead to only small decreases

in protein level and slope (Figure 3E, right). This may explain

why, experimentally, we find that changing the microRNA

targeting sequence and the number of target sites—both

potentially related to RISC-mRNA binding—has a limited effect

on ComMAND performance (Figures 2B, 2C, 2F, and 3F).

Altering knockdown activity by increasing the rate of degrada-

tion of the RISC-bound mRNA demonstrates similar diminish-

ing returns for decreasing output protein levels and slope

(Figure S2D).

We next investigated how translation affects circuit output. As

expected, changing the translation rate of the free, mature

mRNA shifts the output setpoint without changing the shape of

the curve (Figure 3G). We expect that the RISC-bound mRNA

can be translated, albeit at a lower rate than free mRNA. Accord-

ingly, we assumed that the rate of bound mRNA translation is

smaller than that of free mRNA. As the ratio of translation rates

between the bound and free mRNA species approaches one,

the slope of the curve increases somewhat, even in the region

not limited by RISC (Figure S2E). However, we observe that

the ‘‘leakiness’’ of expression from bound mRNAs does not qual-

itatively change the behavior of ComMAND.

Finally, we explored how the rate of RISC-mediated degrada-

tion of the two principal species, RISC-bound microRNA and the

mature mRNA, affects ComMAND function. Although we

observe little impact of free microRNA degradation rate on

output levels (Figure S2C), it is also possible for degradation to

occur when the microRNA is loaded in RISC.45 As the rate of

degradation of bound microRNA increases, the output setpoint

increases, and the RISC saturation point shifts to higher DNA

copy numbers while maintaining the same slope above the in-

flection point (Figure 3H). Greater degradation of RISC-bound

microRNA increases the turnover of RISC, freeing up this cellular

resource. Lastly, the degradation rate of the free mRNA has only

a small effect on circuit behavior (Figure S2F).

Altogether, the model helps explain our experimental results

and suggests additional avenues for tuning the behavior of

ComMAND. Moreover, it offers insights into circuit behavior in

unconstrained and limiting resource regimes, which are largely

dictated by DNA copy number, relative transcription rate, and to-

tal amount of RISC.

The single-transcript circuit matches or exceeds

performance of two-gene implementations

The single-transcript architecture of ComMAND offers the advan-

tage of compactness; however, alternative implementations may

promoters as in Figure 2D. Slope represents the slope of the line fitted to the binned, log-transformed marker-output points. Points represent means of n ≥ 3

biological replicates, and error bars show the 95% confidence interval. Units are arbitrary units from a flow cytometer.

(D) Left: output protein (in number of molecules) as a function of DNA copy number for the model with a sweep of values of rdrosha, the rate of Drosha processing,

over one order of magnitude. All curves lie under the black line, which represents the output of the model with the original parameter values as in (B). Right: output

expression as a function of marker expression for HEK293T cells co-transfected with a marker gene and OL (gray) or CL (teal) circuits with miR-FF4 or miRE-FF4

as in Figure 2B. Flow cytometry measurements for one representative biological replicate are binned by marker expression into 20 equal-quantile groups per

condition. Points represent geometric means of cells in each bin, and shaded regions represent this value multiplied or divided by the geometric standard

deviation of the bin. Dashed line represents geometric mean output level for cells transfected only with the marker gene. Units are arbitrary units from a flow

cytometer.

(E) Left: output protein (in number of molecules) as a function of DNA copy number for the model with a sweep of values of kmRNA;bind, the RISC-mRNA binding rate.

Chosen parameter values are evenly log distributed over an order of magnitude centered on the original parameter value. Red lines highlight cregulated = 25 and

cregulated = 75, and points indicate the values of several of the curves at these copy numbers. Right: output protein (in molecules) as a function of the RISC-mRNA

binding rate at two copy numbers, cregulated = 25 and cregulated = 75. Values of kmRNA;bind are normalized to the original value. Color bar depicts normalized

parameter values on a log10 scale.

(F) Geometric mean output expression of constructs co-transfected with a marker gene in HEK293T cells. Left: OL and CL circuits with miRE-FF4 or miRE-FF5 as

in Figure 2C. Right: circuits with miRE-FF4 and varying numbers of target sites as in Figure 2F. Points represent means of n ≥ 3 biological replicates, and error

bars show the 95% confidence interval. Dashed lines represent values for cells transfected only with the marker gene. Units are arbitrary units from a flow

cytometer.

(G) Output protein (in number of molecules) as a function of DNA copy number for the model with a sweep of values of αp, the free mRNA translation rate. Chosen

parameter values are evenly log distributed over an order of magnitude centered on the original parameter value. Color bar depicts parameter values normalized

to the original value on a log10 scale.

(H) Output protein (in number of molecules) as a function of DNA copy number for the model with a sweep of values of kmiRNA;deg, the RISC-bound microRNA

degradation rate. Chosen parameter values are evenly log distributed over an order of magnitude centered on the original parameter value. Color bar depicts

parameter values normalized to the original value on a log10 scale.

*p ≤ 0:05, **p ≤ 0:01, ***p ≤ 0:001, ****p ≤ 0:0001, independent t test. Tests compare CL and OL conditions.
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provide additional properties. Similar iFFL circuits have been con-

structed using two genes, in which the microRNA and output

mRNA are transcribed separately.26,27,30,46 These architectures

support varying ratios of microRNA and mRNA, which can tune

knockdown and may improve circuit function. To benchmark

ComMAND, we compared its performance with several alternative

circuit architectures (Figure 4A). In the dual-transcript implementa-

tion, the output gene containing a microRNA target site is

divergently expressed with a second gene containing the intronic

microRNA. In a dual-vector implementation, these genes are

A B

C D

Figure 4. The single-transcript circuit matches or exceeds performance of two-gene implementations

(A) Left: DNA construct diagrams of single-transcript and two-gene circuit implementations. The single-transcript circuit (ComMAND, 1T) consists of an output

gene with an intronic microRNA and matched (CL) or orthogonal (OL) target sites, co-delivered with a separate marker gene. The dual-transcript circuit (2T)

consists of a single vector with two divergently oriented genes: the marker gene with an intronic microRNA and the output gene with matched (CL) or orthogonal

(OL) target sites. The dual-vector circuit (2V) consists of the same two genes as in the dual-transcript circuit, each on a separate vector. All genes are expressed

from the EF1α promoter, and all circuits use miRE-FF4. Right: delivering the circuit on a single transcript leads to strongly correlated, stoichiometrically equal

expression of microRNA and mRNA species and thus to a narrow distribution of output protein expression. Dual-transcript or dual-vector architectures introduce

more intrinsic noise, decreasing the correlation between microRNA and mRNA levels and increasing variation of the output protein.

(B) Summary statistics of output expression for HEK293T cells transfected with the base genes, CL circuits, or OL circuits depicted in (A). Presented mean values

use the geometric mean. Slope represents the slope of the line fitted to the binned, log-transformed marker-output points. Points represent means of n ≥ 3

biological replicates, and error bars show the 95% confidence interval. Dashed line represents geometric mean output level for cells transfected only with a

marker gene lacking an intronic microRNA. Points represent means of n ≥ 3 biological replicates, and error bars show the 95% confidence interval. Units are

arbitrary units from a flow cytometer. *p ≤ 0:05, **p ≤ 0:01, ***p ≤ 0:001, independent t test.

(C) Schematic of RNA production and processing reactions modeled for two-gene circuit implementations. Unlike the single-transcript model depicted in

Figure 3A, in these systems, mature output mRNA is not produced by transcription and splicing of the primary transcript. Instead, it is produced directly from

transcription of a second gene with transcription rate αRNA. The copy number of this second gene is either equivalent to (cregulated, dual-transcript) or different from

(cunregulated, dual-vector) that of the microRNA gene. All other reactions remain the same as in Figure 3A. The spliced mature mRNA from the primary transcript

represents marker gene transcripts and is ignored. See STAR Methods for additional details.

(D) Left: output protein (in number of molecules) as a function of DNA copy number, cregulated, from stochastic simulations of single-transcript (1T), dual-transcript

(2T), and dual-vector (2V) models depicted in (C) and Figure 3A. The plot shows summary statistics of output protein levels for simulations binned by copy number,

where points represent the geometric mean of each bin, and shaded regions illustrate the geometric mean divided or multiplied by the geometric standard

deviation. Right: histograms of output protein levels (in number of molecules) for the same simulations. For each simulation, DNA copy numbers (DNA doses) were

chosen from a Poisson distribution with mean equal to the given MOI, the effective ‘‘multiplicity of infection,’’ as illustrated in Figure S3C. 10,000 simulations were

run for each condition. See STAR Methods for more details.
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separately encoded on two co-delivered vectors. While we expect

the dual-transcript and dual-vector implementations to have the

same average expression, the dual-vector system may introduce

additional extrinsic noise due to copy-number variation between

the microRNA and output components (Figure 4A, right). When

we transfected these circuits in HEK293T cells, we found that

the single-transcript CL circuit controls output expression as well

as or better than both two-gene architectures (Figures 4B, S3A,

and S3B). We observed minimal differences in expression of the

base genes and OL circuits across all architectures, indicating

that the improved control is specific to circuit activity.

Therapeutic applications often require orders of magnitude

lower DNA copy numbers than those in transfection. As copy

number decreases, the effect of noise becomes more pro-

nounced, potentially magnifying differences between circuit im-

plementations. We expect ComMAND to outperform two-gene

architectures at low DNA copy numbers because the expression

of circuit components is more tightly coupled. To explore circuit

behavior in different copy-number regimes, we turned to our

model. For the two-gene architectures, we modeled output

mRNA transcription separately from production of the microRNA

and allowed the associated DNA copy number to vary in the

dual-vector case (Figure 4C). We performed stochastic simula-

tions using these models to account for the effects of noise,

choosing DNA copy-number values for each run from a distribu-

tion defined by an effective multiplicity of infection (MOI)

(Figure S3C; STAR Methods). As expected, mean output protein

level increases with MOI and is higher for an unregulated gene

than for the CL circuits (Figures 4D and S3D). Furthermore,

output variability is lower for the single-transcript architecture

than for two-gene models, especially at lower DNA copy

numbers (Figures 4D, S3D, and S3E). Thus, the stochastic sim-

ulations highlight the advantage of ComMAND’s single-tran-

script implementation in noisy contexts.

We designed ComMAND to have a fail-safe mechanism,

where errors in splicing of the primary transcript likely produce

neither correct mRNA nor correct microRNA. In this case, the

entire transcript is unproductive, and mRNA and microRNA

levels remain tightly coupled. In contrast, for non-intronic de-

signs or two-gene architectures, splicing errors or transcriptional

differences in one component of the circuit may alter the ratio of

mRNA and microRNA molecules, negatively impacting circuit

control. While splicing errors for common transgenic promoters

are rare in HEK293T cells,47 we nevertheless sought to explore

ComMAND performance in the context of mis-splicing, which

may increase in disease.48 We modified our original model to

include mis-splicing reactions that produce only microRNA or

mRNA from the primary transcript and performed stochastic

simulations (Figure S3F; STAR Methods). The output variability

in each mis-splicing model is lower than that for the two-gene

models (Figures S3G and S3H). These mis-splicing scenarios

are extreme (50% splicing errors), so they offer further evidence

that the single-transcript architecture may outperform two-gene

implementations in physiological regimes.

Comparing ComMAND with two-gene, microRNA-based

iFFLs, we show experimentally and via stochastic modeling

that ComMAND maintains performance comparable or superior

to two-gene architectures. Thus, we demonstrate that

ComMAND maintains tight regulation across DNA copy-number

distributions. These results suggest that ComMAND may effec-

tively control output expression for delivery methods with vari-

able delivery efficiency, such as low-dosage vectors in therapeu-

tically relevant, physiological contexts.

Multiple designs of the single-transcript circuit regulate

output expression across delivery methods

After establishing the performance of ComMAND’s single-tran-

script architecture, we investigated how the placement of ge-

netic parts along the transcript affects output expression pro-

files. Previous work demonstrated that microRNA-mediated

knockdown of mRNA is greater when target sites are located

in the 5′ UTR compared with in the 3′ UTR.43,49 Additionally,

other RNA polymerase II (RNA Pol II)-driven microRNA expres-

sion systems have placed the intronic microRNA in the 3′ UTR

rather than within a protein-coding sequence.28,29 Therefore,

we constructed two additional single-transcript circuit designs

(Figure 5A). In the new designs, designated designs 2 and 3,

we moved the microRNA target site to the 5′ UTR. In design 3,

we additionally moved the intronic microRNA to the 3′ UTR.

Transfecting these circuits in HEK293T cells, we observed that

both CL circuits reduce output expression mean and variability,

compared with the corresponding OL circuits (Figures 5B and

S4A). Output expression of both OL and CL circuits is lower for

designs 2 and 3 than for the original design. Because output

genes including only a microRNA or target sites also have

reduced expression levels (Figures S4B and S4C), we reasoned

that the location of genetic elements affects circuit activity in part

by altering processes other than knockdown, such as translation

of the mature, unbound mRNA (Figure 3G). Location of the mi-

croRNA target sites may also affect the mechanism of micro-

RNA-mediated knockdown: 3′ UTR target sites are thought to

lead to direct microRNA degradation, while 5′ UTR target

sites may mainly inhibit translation, altering usage of cellular

resources.49

Next, we explored whether these positional effects are

element specific or generalizable across microRNAs. To test

this, we constructed circuit designs 2 and 3 with our previous

panel of microRNAs. Trends in expression profiles for design 3

relative to the original design remain nearly constant across mi-

croRNAs, while those for design 2 vary across microRNAs

(Figures S4D–S4F). Additionally, designs 2 and 3 perform as

well as or better than corresponding two-gene architectures

with target sites in the 5′ UTR (Figures S4G and S4H). However,

design 3 CL circuits have very low output levels, just above back-

ground. Thus, the original design of ComMAND may be optimal

for its consistent results across parts, although design 3 could

alternatively be used to set a very low level of expression.

Together, these results indicate that positional and element-spe-

cific effects combine to influence output expression profiles for

ComMAND.

To identify optimal designs for future therapeutic applications,

we encoded ComMAND in a lentiviral vector. To maintain high

viral titer, we expressed the circuit from a small-molecule-induc-

ible promoter on the antisense strand of the virus, oriented diver-

gently from a constitutive marker gene (Figure S5A). We trans-

duced HEK293T cells with these viruses in the presence of

inducer and found that output expression levels and variation

decrease relative to unregulated genes for all three circuit
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designs (Figures 5C, 5D, and S5B–S5D). In fact, these vectors

elicit the tightest control yet for ComMAND. We attribute this

to low transgene copy number in lentiviral transduction, allowing

the circuit to operate in a regime not limited by cellular resources.

Viral delivery also preserves the trends in output expression

between designs, further suggesting that these patterns are

generalizable.

Transposase-based integration is another common transgene

delivery method that results in variable payload copy num-

ber.19,50 To test whether ComMAND can regulate output expres-

sion in this context, we delivered PiggyBac transposase and

vectors expressing design 1 of the circuit to HEK293T cells

(Figure S5E). The CL circuit effectively reduces output variation

relative to unregulated genes (Figure S5F). Thus, ComMAND

functions when expressed via diverse delivery and integration

methods.

In sum, ComMAND effectively regulates output expression in

transfection, lentiviral transduction, and transposase-based inte-

gration of HEK293T cells. While multiple configurations of genetic

elements enable circuit function, our original design regulates

output expression most consistently across contexts and thus

may be used for many applications. Having established the gener-

alizability of ComMAND across delivery methods and having

demonstrated high performance in lentiviral vectors, we next

looked to deliver the circuit to therapeutically relevant cell types.

ComMAND functions in primary cells and can regulate

clinically relevant output genes

With the ability to deliver ComMAND cargoes via lentivirus,

we tested the efficacy of our gene circuit in primary cells

(Figure 6A). For therapeutic applications, expression must be

precisely tailored. High, unregulated expression of transgenes

or heterogeneity across a population can compromise normal

cell functions.16–18 For example, overexpression of frataxin

(FXN) in a mouse model of Friedrich’s ataxia shows limited

toxicity when FXN expression remains within a range of one or-

der of magnitude of endogenous levels but is toxic when ex-

pressed at higher levels.17,18

We investigated the performance of ComMAND circuits in

application-relevant cells by transducing the base gene, OL cir-

cuit, and CL circuit in multiple primary cell types: rat cortical

neurons (Figures 6B, 6C, S6A, and S6B), mouse embryonic

fibroblasts (Figures 6D, S6C, and S6E), and human T cells

(Figures 6E, S6F, and S6G). Rat cortical neurons and mouse em-

bryonic fibroblasts are important model cell types for neurolog-

ical gene therapy delivery and for cellular reprogramming,

respectively, while T cells are used for a variety of immunother-

apies. Observing clusters of transduced neurons with micro-

scopy (Figures 6B and S6B), we find that ComMAND generates

more uniform expression across and between clusters of

neurons.

A

B C

D

Figure 5. Multiple designs of the single-

transcript circuit regulate output expres-

sion across delivery methods

(A) DNA construct diagrams for three designs of

the single-transcript OL and CL circuits delivered

to HEK293T cells via transfection or lentiviral

transduction. Design 1 is the original circuit

design, with an intronic microRNA within the

output coding sequence and target sites in the 3′

UTR. In design 2, the target site is located in the

5′ UTR. In design 3, the target site is located in the

5′ UTR, and additionally, the intronic microRNA is

moved to the 3′ UTR. Full vectors for lentiviral

transduction are depicted in Figure S5A.

(B and C) Summary statistics of output expression

in HEK293T cells transfected (B) or lentivirally

transduced (C) with constructs in (A). Plotted mean

values use the geometric mean, and slope repre-

sents the slope of the line fitted to the binned, log-

transformed marker-output points. Dashed lines

represent geometric mean output levels for cells

transfected only with the marker gene (B) or for

untransduced cells (C). Design ‘‘base’’ refers to the

base gene construct that does not contain an in-

tronic microRNA or target sites. Points represent

means of n ≥ 3 biological replicates, and error

bars show the 95% confidence interval. *p ≤ 0:05,

**p ≤ 0:01, ***p ≤ 0:001, ****p ≤ 0:0001, inde-

pendent t test. Tests compare CL and OL condi-

tions, and CL and base conditions are also signifi-

cantly different.

(D) Output expression as a function of marker

expression for one representative biological

replicate of data in (C). Points represent the geo-

metric means of equal-quantile bins, and shaded

regions represent this value multiplied or divided by the geometric standard deviation of the bin. Dashed line represents the output geometric mean of un-

transduced cells. Histograms depict output expression for cells in each condition.

All units are arbitrary units from a flow cytometer.
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C

D

E

F

G

H

Figure 6. ComMAND functions in primary cells and can regulate clinically relevant output genes

(A) Schematic of lentiviral ComMAND vectors expressing the base gene, OL circuit, or CL circuit for delivery to primary cells. The regulated gene is expressed via

the doxycycline-inducible TRE3G promoter with a divergently oriented marker cassette. See Figure S5A for more details.

(legend continued on next page)
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We also tested ComMAND activity in delivery to human

induced pluripotent stem cells (iPSCs). iPSCs are increasingly

used as a starting cell type for disease modeling and to produce

diverse cell therapies.19,51,52 Similarly, we find that ComMAND

reduces output variability in iPSCs for both lentiviral transduction

(Figures 6F, S6H, and S6I) and transfection (Figures S7A–S7C).

For each cell type, we quantified the slope of the output distri-

bution and observed strongly sublinear scaling with respect to

marker expression, indicating tight control (Figure 6G). While

the absolute slope varies across cell types, the slope for the

CL circuit is lower than for the OL circuit in all cases. To investi-

gate these differences in slope, we returned to our model. As

ComMAND cannot buffer noise arising during translation, we hy-

pothesized that changes in the translation rate could alter output

protein expression. Our model predicts that as the translation

rate increases, the slope of the output-marker curve in the

resource-limited regime increases for both the OL circuit and

the CL circuit (Figure S6J). This may explain the differences we

observe in output protein profiles across cell types. Altogether,

we find that ComMAND reduces population heterogeneity in

application-relevant cell types, successfully narrowing the

expression distribution of a model fluorescent protein cargo.

With the ability to control transgenes in therapeutically

relevant delivery contexts and cell types, we sought to use

ComMAND to regulate genes affected in two monogenic neuro-

logical disorders that have a narrow window of therapeutic effi-

cacy. Friedrich’s ataxia is a progressive neurodegenerative dis-

ease that results from the loss of frataxin (FXN).53 Fragile X

syndrome results from loss of expression of fragile X messenger

ribonucleoprotein (FMRP) and is the most common inherited

form of mental retardation.54 To model gene therapies for Frie-

drich’s ataxia and fragile X syndrome, we sought to control

expression of human FXN and mouse fragile X messenger ribo-

nucleoprotein 1 (Fmr1) in transfection of HEK293T cells as a

proof of concept. We expressed FXN alongside a fluorescent

protein encoding the microRNA-containing intron using a ‘‘self-

cleaving’’ 2A peptide sequence (Figure 6H, top). For Fmr1, we

added the microRNA-containing intron to a fluorescent protein

directly linked to the gene, generating a fusion protein. In both

cases, ComMAND reduces the mean and slope of the output

protein expression (Figures S7D and S7E). With these promising

initial results, we next delivered the circuits regulating FXN and

Fmr1 expression using lentiviral vectors in HEK293T cells. Here

too, the CL circuit exhibits lower output mean and variability,

compared with unregulated genes (Figures 6H and S7F–S7I).

Because FMRP is directly fused to a fluorescent protein, fluores-

cence measurements accurately reflect levels of the therapeutic

cargo. Additionally, the fluorescence distribution of the fusion

protein is consistent with localization in cytoplasmic granules

(Figure S7J), suggesting that EGFP-FMRP may remain

functional.55

To investigate how the expression of FXN and Fmr1 in trans-

duced cells compares to endogenous levels, we quantified

RNA transcripts using quantitative reverse-transcription PCR

(RT-qPCR). We selected primer sets that amplify either (1) both

the endogenous and transgenic gene (FXN) or (2) only the trans-

genic transcripts (Fmr1 and fluorescent proteins). We quantified

expression in HEK293T cells lentivirally transduced with

ComMAND circuits and calculated expression levels relative to

the base gene (STAR Methods). Trends in relative expression

across base genes, OL circuits, and CL circuits align with those

for protein levels measured by flow cytometry (Figures S7F, S7H,

S7K, and S7L). FXN transcript levels for cells transduced with the

base gene are ∼56-fold greater than for endogenous expression

in untransduced cells (Figure S7K). In contrast, cells transduced

with the CL circuit express FXN mRNA at levels only ∼7.5 times

those for untransduced cells.

Altogether, we find that ComMAND effectively regulates

output expression in primary cells and of the therapeutic cargoes

FXN and Fmr1. By increasing the proportion of cells with low

levels of expression, ComMAND may achieve control of func-

tional proteins within physiological regimes. This proof-of-

concept work lays the foundation for translation of ComMAND

to therapeutically relevant contexts where tight control of trans-

gene expression is essential for safety and efficacy.

DISCUSSION

To build gene circuits that provide controlled dosages of trans-

genic cargoes, we developed ComMAND, a single-transcript,

microRNA-mediated iFFL (Figure 1). As an RNA-based control

system, ComMAND provides compact and modular control,

minimal immunogenicity, low resource burden, orthogonality

to native gene networks, and programmability via selection of

(B) Representative images of rat cortical neurons transduced (MOI = 1) with lentiviral vectors expressing a base gene or the ComMAND CL circuit. Images depict

fluorescence of the output gene, mRuby2, for ∼200 representative cells, and the scale bar represents 100 μm.

(C–F) Output expression as a function of marker expression for primary rat cortical neurons, primary mouse embryonic fibroblasts, primary human T cells, and

human iPSCs, respectively, transduced with the lentiviral vectors in Figure S5A. Cells were transduced at an MOI of 7, 1, 1, and 0.3, respectively, and cultured in

the presence of inducer (1 μg/mL doxycycline). Flow cytometry measurements are binned by marker expression into equal-quantile groups per condition. Points

represent geometric means of cells in each bin, and shaded regions represent this value multiplied or divided by the geometric standard deviation of the bin. Plots

depict one representative biological replicate.

(G) Slopes of the marker-output curves for the OL and CL circuits in (C)–(F). Points represent means of n ≥ 3 biological replicates, and error bars show the 95%

confidence interval. *p ≤ 0:05, **p ≤ 0:01, ***p ≤ 0:001, ****p ≤ 0:0001, independent t test.

(H) Lentiviral delivery of ComMAND circuits controlling the therapeutically relevant genes FXN and Fmr1. For the FXN circuit, the microRNA is encoded in an intron

within the mRuby2 gene, and mRuby2 is co-expressed with the human FXN protein via a T2A ‘‘self-cleaving’’ peptide. For the Fmr1 circuit, the intronic microRNA

is located within the egfp coding sequence, and EGFP is directly fused to mouse FMRP. The full lentiviral vector also contains a divergently oriented marker

cassette, as in (A). Plots depict output expression as a function of marker expression for HEK293T cells transduced (MOI = 1) with these circuits in the presence of

inducer (1 μg/mL doxycycline). Flow cytometry measurements are binned by marker expression into equal-quantile groups per condition. Points represent

geometric means of cells in each bin, and shaded regions represent this value multiplied or divided by the geometric standard deviation of the bin. Plots depict

one representative biological replicate. Dashed lines represent geometric mean output levels for untransduced cells. All units are arbitrary units from a flow

cytometer.
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sequences.56 While other microRNA-mediated iFFLs have

been developed,1,25–28,30,33 ComMAND combines compact,

single-transcript design with a fail-safe mechanism achieved

by encoding the microRNA within an intron in the transgene.

This design prevents translation of the primary mRNA if splicing

of the mRNA fails. Thus, ComMAND ensures that both the

mRNA and microRNA components of the iFFL are produced

in equal amounts, supporting robust performance and failing

into a non-toxic state of low expression. ComMAND achieves

sublinear scaling of transgene dosage, approaching the theo-

retical limit of control at low, clinically relevant DNA doses

(Figure 2). As ComMAND operates through posttranscriptional

regulation, the dosage of the transgenic cargo delivered by

ComMAND can be orthogonally tuned via promoter selection.

Following rational tuning of components, we used mathemat-

ical modeling to examine physiological constraints on

ComMAND performance and to identify design rules

(Figure 3). Further, we used stochastic modeling coupled with

experiments to compare ComMAND with alternative two-

gene architectures and to identify optimal regimes of perfor-

mance (Figure 4). Notably, we predicted that ComMAND

performance would improve at the low DNA doses relevant

for therapies. In lentiviral delivery, we demonstrate that

ComMAND tightly controls expression across diverse cell

types including human iPSCs, primary mouse embryonic fibro-

blasts, primary rat neurons, and primary human T cells

(Figures 5 and 6). We show that ComMAND constrains expres-

sion of the therapeutically relevant transgenes FXN and Fmr1

within a narrow window, supporting translational therapies for

two neurological disorders. Altogether, these data provide

compelling evidence that ComMAND can support safe, effec-

tive control in regimes that approach therapeutic relevance.

Transgene dosage from ComMAND can be rationally tuned

by selection of genetic parts. Stronger promoters increase

expression of transgenes from ComMAND, and optimization

of the microRNA sequence and scaffold can improve mean

expression and reduce variability, albeit with diminishing re-

turns (Figures 2A–2C). While the addition of multiple target sites

tunes the output in other microRNA-mediated iFFLs, we

observe only a small effect from increasing the number of target

sites in ComMAND (Figure 2F). However, our target sites are

perfectly complementary to the microRNA. Because perfectly

and imperfectly complementary sequences are processed via

different mechanisms, ComMAND may have a relatively small

range of tunability with respect to target site number.1,30,33,46

As previously observed for other iFFLs,27,28,49 ComMAND re-

duces resource burden, extending the range of co-expression

for the marker and the output, compared with the base gene

(Figure 2A).

We used our mathematical model to understand the parame-

ters that physiologically constrain the performance of

ComMAND. We identify the ratio of the transcription rate and

the total pool of RISC as a sensitive parameter that defines the

regime of controllability for ComMAND (Figures 3B and 3C). Spe-

cifically, saturation of RISC sets a physiological limit on the con-

trol afforded by microRNA-mediated circuits. As total levels of

RISC are regulated through a myriad of loading and degradation

mechanisms that can vary by cell type and genetic back-

ground,57,58 it is more feasible to tune ComMAND to reside in

the regime of controllability through promoter selection. We

also identify that most parameters affecting microRNA process-

ing do not significantly impact output expression, suggesting

that optimization of these steps may not be fruitful (Figures 3D

and S2C).

We designed ComMAND as a single transcript for optimal

compactness and tight coupling between the production of

mRNA and microRNA species. In theory, a single-transcript, mi-

croRNA-mediated iFFL provides optimal noise suppression.41

Dosage control from ComMAND matches or exceeds the perfor-

mance of dual-transcript and dual-vector architectures in trans-

fection of HEK293T cells (Figure 4B). Transfections deliver thou-

sands of copies of plasmids, potentially obscuring differences in

designs that would manifest at lower copy numbers. Examining a

range of low copy numbers with stochastic simulations, we find

that ComMAND outperforms two-gene implementations in this

clinically relevant regime (Figure 4D). Thus, we conclude that sin-

gle-transcript designs will provide optimal control of therapeutic

cargoes.

Although ComMAND consistently decreases absolute vari-

ability in protein expression across cell types, we did not observe

reductions in coefficient of variation as others have reported for

microRNA-based iFFLs.29,33 Recent theory work predicts that

noise in expression from microRNA-based iFFLs can increase

or decrease depending on the parameter regime,41 which may

explain why we did not observe differences in coefficient of vari-

ation. It remains possible that ComMAND does not reduce vari-

ation in all cell types or conditions. Nevertheless, the consistent

decrease in slope for ComMAND, compared with the unregu-

lated genes, matches the trends observed in recent micro-

RNA-based and protein-based iFFLs delivered to application-

relevant cells.1,30,59

While ComMAND provides precise control of transgene

expression by mitigating variance inherent to methods of de-

livery, there remain limits to this control and opportunities to

further define design parameters. As a form of negative regu-

lation, we expect that ComMAND will decrease expression of

the output gene. In general, we observe reductions in the

mean expression relative to the OL circuit and base gene.

However, introduction of the intronic microRNA increases

expression from ComMAND, compared with the base gene,

in mouse embryonic fibroblasts, human T cells, and human

iPSCs (Figures 6D–6F). Addition of an intron may increase

expression through splicing-mediated transcriptional activa-

tion and may be differentially regulated across cell types.60,61

As the position of introns influences transcription, there re-

mains an opportunity to understand how placement of the in-

tronic microRNA along ComMAND’s single transcript tunes

expression for therapeutically relevant genes and varies

across cell types. In theory, ComMAND controls for DNA

copy number as well as transcriptional variance to reduce

noise in gene expression.41 However, ComMAND may not

offer effective control when the sources of cell-to-cell varia-

tion arise from processes other than transcription. Changes

in translation rates or significant variances introduced in trans-

lation may obscure noise suppression at the transcriptional

level. Translation rates may vary across genes, cell types,

and cell states,47,62,63 potentially explaining the differences

in slope we observed for lentiviral delivery to primary cell
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types. Other forms of regulation such as translational control

and protein-based circuits may be coupled with ComMAND

to control expression across the central dogma.59,64–67

Here, we show that ComMAND controls transgene dosage in a

range of mammalian primary cells including primary human

T cells and iPSCs, demonstrating the enormous potential to

apply ComMAND to control transgenes for therapeutic applica-

tions and basic research. For haploinsufficiency disorders such

as Friedrich’s ataxia and fragile X syndrome, ComMAND-regu-

lated gene supplementation of FXN and FMRP may be devel-

oped to offer safer, effective gene therapies. While further quan-

tification of protein levels in disease-relevant cell types is

needed, FXN transcript expression measured by RT-qPCR for

ComMAND is within one order of magnitude of endogenous

levels (Figure S7K). With further tuning, ComMAND may be

able to achieve expression levels within the physiological

regime. As a posttranscriptional regulator, ComMAND can puta-

tively control cargoes from cell-type-specific promoters for tar-

geted expression. Additionally, integration of cell-state and

pathway-responsive promoters may scale the expression of

ComMAND for cell-autonomous feedback. As transgenes are

increasingly used to augment cellular functions and program

cell fate, ComMAND may support well-controlled expression of

transgenes for diverse therapeutic applications.68–70 By

increasing the predictability of transgene expression, we expect

ComMAND will broadly improve the performance of gene cir-

cuits in therapeutic contexts.
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STAR★METHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Biological samples

Human Peripheral Blood Leukopak, Fresh STEMCELL Technologies Cat#70500

Primary Rat Cortex Neurons, Sprague Dawley Thermo Scientific Cat#A36511

Chemicals, peptides, and recombinant proteins

B-27� Supplement (50X), serum free Thermo Scientific Cat#17-504-044

Diethylaminoethyl-Dextran Sigma-Aldrich Cat#D9885

DMEM, High Glucose, with L-Glutamine,

with Sodium Pyruvate

Genesee Scientific Cat#25-500

DNase Worthington Biochemical Cat#9003-98-9

DNase I-XT New England Biolabs Cat#M0570

Doxycycline hydrochloride Sigma-Aldrich Cat#D3447

Dulbecco’s Modified Eagle’s Medium (DMEM)/

Ham’s F-12 1:1, With L-glutamine

Corning Cat#10-090-CV

Dynabeads� Human T-Activator CD3/CD28

for T Cell Expansion and Activation

Thermo Fisher Scientific Cat#11131D

Fetal Bovine Serum Genesee Scientific Cat#25-514H

FuGENE® HD Transfection Reagent FuGENE Cat#HD-1000

Gelatin Sigma-Aldrich Cat#G1890

Geltrex� LDEV-Free, hESC-Qualified, Reduced

Growth Factor Basement Membrane Matrix

Thermo Fisher Scientific Cat#A1413302

Gentle Cell Dissociation Reagent STEMCELL Technologies Cat#100-1077

GlutaMAX� Supplement Thermo Fisher Scientific Cat#35050061

HEPES Sigma-Aldrich Cat#H3375

Hexadimethrine bromide Sigma-Aldrich Cat#H9268

IL-2 R&D Systems Cat#202-IL-050

KAPA SYBR® FAST qPCR Kit Master

Mix (2X) Universal

Kapa Biosystems Cat#KK4600

KnockOut� DMEM Fisher Scientific Cat#10-829-01

Laminin, Mouse Corning Cat#354232

mTeSR� Plus STEMCELL Technologies Cat#100-1130

Neurobasal� Medium Thermo Scientific Cat#21103049

Opti-MEM� I Reduced Serum Medium Thermo Fisher Scientific Cat#31985070

Papain Worthington Biochemical Cat#9001-73-4

Penicillin Streptomycin (10,000 U/mL) Fisher Scientific Cat#15-140-122

Phosphate buffered saline Sigma-Aldrich Cat#P4417

Poly-D-Lysine Thermo Scientific Cat#A3890401

Polyethyleneimine, linear Fisher Scientific Cat#AA4389603

Puromycin Invivogen Cat#ant-pr-1

ReLeSR� STEMCELL Technologies Cat#100-0484

RPMI 1640 Medium Thermo Fisher Scientific Cat#11875093

Trypsin-EDTA, 0.25% 1X without

Calcium and Magnesium

Genesee Scientific Cat#25-510

Y-27632 dihydrochloride Millipore Sigma Cat#Y0503

Critical commercial assays

EasySep� Direct Human PBMC Isolation Kit STEMCELL Technologies Cat#19654

EasySep� Human CD8+ T Cell Enrichment Kit STEMCELL Technologies Cat#19053

LIVE/DEAD� Fixable Near-IR Dead Cell Stain Kit Thermo Fisher Scientific Cat#L34976
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EXPERIMENTAL MODEL DETAILS

HEK293T cells

HEK293T cells (ATCC, CRL-3216) and Lenti-X HEK293T cells (Takara Bio, 632180) were cultured using DMEM (Genesee Scientific,

25-500) plus 10% FBS (Genesee Scientific, 25-514H) on plates with 0.1% gelatin coating (Sigma-Aldrich, G1890-100G) and incu-

bated at 37◦ C with 5% CO2. For routine passaging, seeding, and preparation for flow cytometry, HEK293T cells were dissociated

using 0.25% Trypsin-EDTA (Genesee Scientific, 25-510) diluted in PBS (Sigma-Aldrich, P4417-100TAB) for four minutes then

quenched with an equal volume of DMEM + 10% FBS. Cells were passaged every three to four days to maintain consistent growth

before experiments.

Human induced pluripotent stem cells

iPS11 cells (Alstem, iPS11) were cultured using mTeSR� Plus (STEMCELL Technologies, 100-1130) on plates coated with Geltrex�

(Thermo Fisher Scientific, A1413302) and incubated at 37◦ C with 5% CO2. For passaging, iPS11 cells were dissociated in clumps

using ReLeSR� (STEMCELL Technologies, 100-0484) according to manufacturer’s instructions. For experiments, iPS11 cells were

dissociated as single cells using Gentle Cell Dissociation Reagent (STEMCELL Technologies, 100-1077) according to manufacturer’s

instructions and counted using a hemocytometer. Cells were plated in mTeSR� Plus with 10 μM ROCK inhibitor (Millipore Sigma,

Y0503-5MG) and 100 U/mL penicillin-streptomycin (Fisher Scientific, 15-140-122).

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

LIVE/DEAD� Fixable Violet Dead Cell Stain Kit Thermo Fisher Scientific Cat#L34964

Monarch Total RNA Miniprep Kit New England Biolabs Cat#T2010

ProtoScript First Strand cDNA Synthesis Kit New England Biolabs Cat#E6300

Deposited data

Raw data, analyzed data, and modeling simulations This work https://doi.org/10.5281/zenodo.14946133

Experimental models: Cell lines

Human: HEK293T ATCC Cat#CRL-3216; RRID:CVCL_0063

Human: Human iPSC Line (Episomal, HFF) Alstem Cat#iPS11

Human: Lenti-X� 293T Cell Line Takara Bio Cat#632180; RRID:CVCL_4401

Experimental models: Organisms/strains

Mouse: C57BL/6J The Jackson Laboratory Cat#000664; RRID:IMSR_JAX:000664

Oligonucleotides

Primers for qPCR, see Table S7 qPrimerDB71 N/A

Recombinant DNA

Plasmids constructed in this work, see Table S5

and deposited plasmid sequences

This work Addgene #235253– 235327; DOI:

https://doi.org/10.5281/zenodo.14946133

pMD2.G (lentiviral envelope plasmid) Addgene Addgene #12259

psPAX2 (lentiviral packaging plasmid) Addgene Addgene #12260

pRJ0084 (EF1α-hyperactive.PiggyBac-syn.pA) Gift from the Weiss lab N/A

Software and algorithms

Code for data analysis, modeling, and

figure generation

This work https://github.com/GallowayLabMIT/

ComMAND; DOI: https://doi.org/

10.5281/zenodo.14962012

Python 3.12 Python Software Foundation https://www.python.org; RRID:SCR_008394

Julia 1.10 The Julia Programming Language https://julialang.org/; RRID:SCR_021666

Mathematica 14.0 Wolfram https://www.wolfram.com/mathematica/;

RRID:SCR_014448

FlowJo v10 BD https://www.flowjo.com/solutions/flowjo;

RRID:SCR_008520

Adobe Illustrator Adobe Systems http://www.adobe.com/products/illustrator.html;

RRID:SCR_010279
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Primary mouse embryonic fibroblasts

Primary mouse embryonic fibroblasts were isolated as described in Wang et al.72 C57BL/6 mice were mated, and embryos were

harvested at E12.5-E14.5 under a dissection scope. Embryo heads and internal organs were removed, then razors were used to

break up the tissue with the addition of 0.25% Trypsin-EDTA. One or two embryos were processed simultaneously. After five mi-

nutes, the solution was quenched with DMEM + 10% FBS, spun down, and resuspended in fresh Trypsin-EDTA. After triturating,

the solution was again quenched DMEM + 10% FBS and spun down. The resulting cells were resuspended in DMEM + 10% FBS

and passed through a 40-μm filter, then plated on 10-cm dishes coated with 0.1% gelatin, one dish per embryo (passage 0). Cells

were incubated at 37◦ C with 5% CO2. Once cells reached ∼80% confluence (after two to three days), they were dissociated using

0.25% Trypsin-EDTA and passaged 1:3 onto fresh, gelatin-coated 10-cm dishes (passage 1). During passaging, a subset of cells

were removed, expanded, and tested for mycoplasma. Once confluent (after two to four days), cells were dissociated using

0.25% Trypsin-EDTA, cryopreserved in 10% DMSO + 90% FBS, and stored in liquid nitrogen. For experiments, vials of cryopre-

served passage 1 cells were thawed into DMEM + 10% FBS in T75 flasks coated with 0.1% gelatin and allowed to recover for

one to two days before seeding.

Primary rat cortical neurons

Rat cortical neurons (Thermo Scientific, A36511) were recovered from cryopreservation following manufacturer’s instructions. A

48-well plate was coated first with 0.1% gelatin followed by 10 mg/mL laminin (Corning, 354232), or coated with 4.5 μg/

cm2 poly-D-lysine (Thermo Scientific, A3890401). Thawed neurons were counted and plated at 80,000 cells per well in Neurobasal

Medium (Thermo Scientific, 21103049) supplemented with 0.5 mM GlutaMAX� Supplement (Thermo Fisher Scientific, 35050061)

and 20 mL/L B-27 (Thermo Scientific, 17504044). Cells were cultured at 37◦ C with 5% CO2. Six hours after plating, a half-media

change was performed, where half the media volume was removed and replaced with fresh, pre-warmed media. After this point,

a half-media change was performed every day. Cells were allowed to recover for two to seven days before use in experiments.

Primary human T cells

Peripheral blood mononuclear cells from healthy donors were purified from a leukopak (STEMCELL Technologies, 70500) using an

EasySep Direct Human PBMC Isolation Kit (STEMCELL Technologies, 19654) according to manufacturer’s instructions. Primary

CD8+ T cells were isolated using EasySep Human CD8+ T cell Enrichment Kits (STEMCELL Technologies, 19053) and cultured in

RPMI-1640 (ATCC, 30-2001) supplemented with 10% FBS, penicillin-streptomycin, and 30 IU/mL recombinant human IL-2 (R&D

Systems, 202-IL-050). Cells were incubated at 37◦ C with 5% CO2.

METHOD DETAILS

Cloning

The sequences for FF3, FF4, FF5, and FF6 microRNA hairpins and cognate target sites were obtained from Leisner et al.40 To clone

the microRNAs, oligonucleotides were ordered from Azenta/Genewiz, phosphorylated, annealed, and ligated into a microRNA scaf-

fold digested by XhoI and EcoRI. The miR-30a scaffold was PCR amplified from Addgene #25748, and the miR-E scaffold was or-

dered as a gBlock from Azenta/Genewiz based on the sequence in Nissim et al.42 The intronic microRNAs were then introduced into

mRuby2, mGreenLantern, and egfp coding sequences at a 5′-AGGT-3′ site via Gibson assembly using Hifi DNA Assembly Master Mix

(NEB, M5520) according to manufacturer’s instructions.

To clone the microRNA target sites, oligonucleotides were ordered from Azenta/Genewiz, phosphorylated, annealed, and ligated

into a ‘‘part vector’’ backbone digested by HindIII and AvrII.

The therapeutically relevant genes Fmr1 and FXN were ordered from Addgene (#87929 and #23620) and cloned into ‘‘part vectors’’

via Gibson assembly using Hifi DNA Assembly Master Mix according to manufacturer’s instructions.

All plasmids for transfection were constructed via BsaI (NEB, R3733L) Golden Gate cloning using ‘‘part vectors’’ corresponding to

promoter, coding sequence, UTR, and polyadenylation signal. Sources for additional parts can be found in Peterman et al.47 These

single transcriptional units were then combined with a backbone vector and a 200-bp spacer via PaqCI (NEB, R0745L) Golden Gate

cloning to construct the lentiviral and PiggyBac integration vectors. The lentiviral backbone is a third-generation vector derived from

Addgene #17297. The PiggyBac backbone was derived from Addgene #63800.

HEK293T transfection

For transfection experiments, HEK293T cells were counted using a hemocytometer and plated at a density of 25,000-35,000 cells per

well in a 96-well plate 24 hours before transfection. Transfection was performed using linear polyethylenimine, PEI (Fisher Scientific,

AA4389603). Transfection mixes were prepared using a ratio of 4 μg PEI to 1 μg DNA. First, a master mix of PEI and KnockOut�

DMEM (Fisher Scientific, 10-829-018) was prepared and incubated for a minimum of ten minutes. This mixture was then added to

DNA mixes containing 112.5 ng of output plasmid and 56.25 ng of marker plasmid per well. These conditions mixes were incubated

for an additional 10 to 15 minutes and then added on top of the growth media in the 96-well plate. After 24 hours, media was replaced

with fresh DMEM + 10% FBS. At two days post-transfection, cells were prepared for flow cytometry by dissociating with Trypsin-

EDTA. After centrifuging at 500xg for five minutes, cells were resuspended in PBS and transferred to a v-bottom plate for flow cy-

tometry. Biological replicates represent independent transfections (n ≥ 3).
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For the plasmid titration experiment, the ‘‘standard’’ (1x) dose of output plasmid was 112.5 ng per well. Lower dosages included a

‘‘filler’’ plasmid expressing a different fluorescent protein, such that the total amount of output and filler plasmid remained constant at

112.5 ng per well. All conditions also contained 56.25 ng of marker plasmid per well.

PiggyBac integration

For PiggyBac integration, 50,000 HEK293T cells were plated per well of a 24-well plate coated with 0.1% gelatin. The following day,

315 ng of the integration vector, 135 ng of a plasmid expressing the hyperactive PiggyBac transposase (pRJ0084, gift from the Weiss

lab), and 135 ng of a transfection reporter plasmid per well were co-transfected using PEI. The day after transfection, media was

replaced with DMEM + 10% FBS plus 1 μg/mL puromycin (InvivoGen, ant-pr-1). Media was replaced with puromycin-containing me-

dia for two more days. On the fourth day post-transfection, media was changed to fresh DMEM + 10% FBS without puromycin. The

following day, cells were passaged to 6-well plates.

Two days later, cells were prepared for fluorescence-activated cell sorting (FACS) by dissociating with Trypsin-EDTA. Cells were

resuspended in fresh DMEM + 10% FBS and sorted into polyclonal populations on a Sony MA900 Cell Sorter at the Koch Institute

Flow Cytometry Core. Cells expressing the marker and/or output genes were collected using gates set manually based on an un-

transfected population. The total numbers of single cells sorted per condition were ∼10,000 (replicate 1), ∼50,000 (replicate 2),

and ∼200,000 (replicate 3). After sorting, cells were transferred to plates coated with 0.1% gelatin and allowed to recover for several

days in DMEM + 10% FBS with penicillin-streptomycin. Once confluent, cells were dissociated with Trypsin-EDTA. A fraction of the

cells were passaged to a new plate, and the remaining cells were assessed via flow cytometry. Several days later, cells were again

passaged and assessed via flow cytometry. Biological replicates represenT cells analyzed from two passages each of three separate

integrations (n = 6).

iPSC transfection

For transfection experiments, 15,000 iPS11 cells were plated per well in 96-well plates 48 hours before transfection. 24 hours before

transfection, media containing ROCK inhibitor was removed and replaced with fresh mTeSR� Plus with penicillin-streptomycin. On

the day of transfection, the media was changed to Opti-MEM� (ThermoFisher Scientific, 31985062) and transfection mixes were

prepared with FuGENE® HD (FuGENE, HD-1000) according to the manufacturer’s instructions using a ratio of 3 μL reagent to

1 μg DNA. Each well was transfected with 66 ng output plasmid and 33 ng marker plasmid. Four hours after transfection, mTeSR�

Plus with penicillin-streptomycin was added to the wells. 24 hours after transfection, the media was changed to mTeSR� Plus with

penicillin-streptomycin. Two days post-transfection, cells were detached from wells using Gentle Cell Dissocation Reagent and

centrifuged at 500xg for five minutes. Cells were resuspended in PBS and transferred to a v-bottom plate for flow cytometry. Bio-

logical replicates represent independent transfections (n = 3).

Lentivirus production

Lenti-X HEK293T cells were seeded at one million cells per well in 6-well plates coated with 0.1% gelatin. The following day (day one),

1 μg of the third-generation lentiviral expression plasmid (containing the circuit), 1 μg of the packaging plasmid (psPAX2, Addgene

#12260), and 2 μg of the envelope plasmid (pMD2.G, Addgene #12259) per well were co-transfected using PEI. After six hours, the

media was replaced with 1.25 mL of DMEM + 10% FBS with 25 mM HEPES (Sigma-Aldrich, H3375). On the following day (day two),

the media was collected, stored at 4◦ C, and replaced with HEPES-buffered DMEM + 10% FBS. On day three, the media was again

collected. The collected media was filtered through a 0.45-μm PES filter.

To the filtered virus-containing media, Lenti-X Concentrator (Takara Bio, 631232) was added in a 3 parts media: 1 part concentrator

volume ratio, mixed gently, and left overnight at 4◦ C. On day four, the media was centrifuged at 1500xg at 4◦ C for 45 minutes. The

supernatant was aspirated, and the resulting pellet was resuspended to a total volume of 200 μL in HEPES-buffered DMEM + 10%

FBS. Virus was used immediately or stored at -80◦ C.

For transductions of primary rat cortical neurons, primary human T cells, and human iPSCs, virus was produced as above at a

10-cm dish scale, using 6 μg/dish of the lentiviral expression plasmid, 6 μg/dish of the packaging plasmid, and 12 μg/dish of the en-

velope plasmid. On successive days, 6.5 mL of HEPES-buffered DMEM + 10% FBS per dish was collected, and the final pellet was

resuspended to a total volume of 500-600 μL. All other virus production steps were the same as for the 6-well scale.

Lentiviral transduction

Of HEK293T cells

On the day of transduction, HEK293T cells were dissociated using Trypsin-EDTA, counted using a hemocytometer, and diluted

to a concentration of 20,000 cells per well in DMEM + 10% FBS. Cells were combined with 5 μg/mL polybrene (hexadimethrine

bromide, Sigma-Aldrich, H9268-5G) and either a constant amount of virus (1.0 μL per well) or a two-fold serial dilution of virus to

compute viral titer (highest concentration: 1.0 μL concentrated virus per well). Additional DMEM + 10% FBS was added for a

total volume of 100 μL per well. The resulting cell, polybrene, and virus mixture was plated onto 96-well plates coated with 0.1%

gelatin.

Six hours later, the media was replaced with fresh DMEM + 10% FBS containing 1 μg/mL doxycycline (dox, Sigma-Aldrich, D3447-

500MG). The following day, the media was replaced with fresh dox-containing media. Cells were prepared for flow cytometry three

days later (four days post-transduction) by dissociating with Trypsin-EDTA. After centrifuging at 500xg for five minutes, cells were
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resuspended in PBS and transferred to a v-bottom plate for flow cytometry. Biological replicates were obtained by using six different

batches of virus (n = 6).

For transductions with vectors expressing the FXN and Fmr1 circuits, HEK293T cells were transduced at an MOI of 1. Biological

replicates for flow cytometry experiments were obtained by using three different batches of virus (n = 3). For the RT-qPCR analysis,

500,000 cells per well were transduced and plated on 12-well plates coated with 0.1% gelatin. One and three days post-transduction,

media was replaced fresh DMEM + 10% FBS with 1 μg/mL doxycycline. Four days post-transduction, cells were dissociated with

Trypsin-EDTA for RNA isolation. Biological replicates were obtained by using three batches of virus in four different transductions

(n = 5).

Of primary mouse embryonic fibroblasts

After recovery from thawing, cells were dissociated using 0.25% Trypsin-EDTA diluted in PBS and counted using a hemocytometer.

Cells were plated onto 96-well plates coated with 0.1% gelatin at 10,000 cells per well. The following day, the media was replaced

with DMEM + 10% FBS plus 5 μg/mL polybrene and either a constant amount of virus (10.0 μL per well) or a two-fold serial dilution of

virus (highest concentration: 20 μL concentrated virus per well). The cells were spinfected by centrifuging at 1500xg for 90 minutes at

32◦ C.

Six hours after spinfection, the media was replaced with fresh DMEM + 10% FBS containing 1 μg/mL doxycycline. The cells were

changed to fresh dox-containing media the following day. Cells were prepared for flow cytometry three days later (four days post-

transduction) by dissociating with Trypsin-EDTA. After centrifuging at 500xg for five minutes, cells were resuspended in PBS and

transferred to a v-bottom plate for flow cytometry. Biological replicates were obtained by using cells from four separate isolations

with six different batches of virus (n = 9).

Of primary rat cortical neurons

After recovering for two to seven days post-thawing, the cells were transduced with virus added at an MOI of 1, 5, or 7 with 5 μg/mL of

polybrene. MOI was estimated from viral titers computed from the primary mouse embryonic fibroblast transduction. Six hours after

transduction, the cells were half-media changed twice into Neurobasal Medium supplemented with 0.5 mM GlutaMAX� Supple-

ment, 20 mL/L B-27, and 1 μg/mL doxycycline. This double media change was performed again on the two subsequent days. Three

to seven days after transduction, the cells were imaged and prepared for flow cytometry. The neurons were dissociated gently using

DMEM/F12 (Corning, 10-090-CV) with 17 U/mL DNase (Worthington Biochemical, LK003172) and 167 U/mL papain (Worthington

Biochemical, LK003178) at 37∘ C for 20-40 minutes. The resulting clusters of neurons were centrifuged at 400xg for four minutes,

resuspended in PBS, and transferred to a v-bottom plate for flow cytometry. Biological replicates were obtained by using four sepa-

rate vials of cells with four different batches of virus (n = 4).

Of primary human T cells

Following isolation, cells were activated with DynaBeads Human T-Activator CD3/CD28 (Thermo Fisher, 11131D) at a 1:1 cell-to-

bead ratio, plated in 24-well plates at 1 million cells per mL, and cultured overnight at 37◦ C and 5% CO2. For transduction the

following day, cells were re-plated at 1 million cells per mL (500,000 cells per condition), and concentrated lentiviruses were added

to cells at an MOI of 1, 5, or 7 with 8 μg/mL diethylaminoethyl-dextran (Sigma-Aldrich, D9885). MOI was estimated from viral titers

computed from the primary mouse embryonic fibroblast transduction. On day four post-isolation, DynaBeads were removed accord-

ing to manufacturer’s instructions and cells were expanded in fresh IL-2-containing media. On day 7, cells were treated with 1 ug/mL

doxycycline. After 24 hours, cells were stained with LIVE/DEAD fixable near-IR or violet dye (ThermoFisher, L34976 or L34964) ac-

cording to manufacturer’s instructions and analyzed using a Cytoflex S flow cytometer. Biological replicates were obtained by using

cells from four separate donors with three batches of virus (n = 4).

Of human induced pluripotent stem cells

For lentiviral transductions, iPS11 cells were plated in mTeSR� Plus at 15,000 cells per well in 96-well plates coated with Geltrex�.

The next day, the media was replaced with concentrated lentivirus diluted in fresh mTeSR� Plus with 5 μg/mL of polybrene. To

compute viral titer, cells were transduced with a two-fold serial dilution of each virus. For subsequent experiments, cells were trans-

duced at an MOI of 0.3. The next day, media was replaced with fresh mTeSR� Plus containing 1 μg/mL doxycycline. Two days later,

cells were detached using Gentle Cell Dissocation Reagent and centrifuged at 500xg for five minutes. Cells were resuspended in PBS

and transferred to a v-bottom plate for flow cytometry. Biological replicates were obtained using three batches of virus (n = 3).

RT-qPCR

Bulk RNA samples were isolated for RT-qPCR analysis using the Monarch Total RNA Miniprep Kit (New England Biolabs, T2010). An

additional DNase I treatment (New England Biolabs, M0570) was performed, and RNA samples were eluted into 50 μL of nucelase-

free water. For cDNA synthesis, 6 μL of each RNA sample was used with the ProtoScript First Strand cDNA Synthesis Kit (New En-

gland Biolabs, E6300). To capture only polyadenylated RNA, oligo-dT primers were used for cDNA synthesis, and a control reaction

without the reverse transcriptase enzyme was included. cDNA samples were stored at -20◦ C until qPCR.

qPCR was performed using a Roche LightCycler 480 at the MIT BioMicro Center. Each reaction mix was run in quadruplicate with

the following components: 2.5 μL KAPA SYBR FAST qPCR Master Mix (2X) Universal (Kapa Biosystems, KK4600), 0.5 μL each 2 μM

forward and reverse primers, 0.5 μL cDNA product, and 1.5 μL nuclease-free water. Primer sequences were obtained from

qPrimerDB71 and are reported in Table S7. Ct values were called using the ‘‘High Sensitivity’’ analysis mode.
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Fluorescent imaging

Images of the primary rat cortical neurons were taken three days post-transduction on a Nikon ECLIPSE Ti2-E fluorescent micro-

scope. Images of HEK293T cells transduced with circuits regulating Fmr1 were taken three days post-transduction on a Keyence

BZ-X800 fluorescent microscope.

Steady-state modeling

We modeled the ComMAND system using the set of reactions shown in Figure 3A. Reactions were modeled as mass-action reactions

with the stoichiometries and rate constants listed in Table S1. In this system, the microRNA is encoded in an intron within the output

gene. These components are transcribed as a single immature primary transcript (mRNAi, ‘‘Transcription’’ reaction), which is then

spliced into pri-miRNA (pri) and mature output mRNA (mRNA, ‘‘Splicing’’ reaction) and which can be degraded (‘‘Immature degra-

dation’’ reaction). The pri-miRNA is processed by endogenous Drosha into pre-miRNA (pre, ‘‘Drosha’’ reaction), which in turn is pro-

cessed by endogenous Dicer into mature microRNA (miR, ‘‘Dicer’’ reaction). Both the mature microRNA and the mature output

mRNA can be degraded (‘‘microRNA degradation’’ and ‘‘mRNA degradation’’ reactions). The mature microRNA can be irreversibly

loaded onto RISC (‘‘RISC loading’’ reaction), and RISC-bound microRNA can be degraded (‘‘Loaded degradation’’ reaction). The

RISC-bound microRNA can reversibly bind output mRNA (‘‘RISC-mRNA binding’’ and ‘‘RISC-mRNA unbinding’’ reactions). From

this complex, the output mRNA is consumed by RISC knockdown, while the RISC-bound microRNA is recycled (‘‘mRNA knock-

down’’). Both the free output mRNA and the RISC-bound mRNA can be translated (‘‘Translation’’ and ‘‘Bound translation’’ reactions),

and the resulting output protein can be degraded (‘‘Protein degradation’’ reaction). Together, DNA produces output protein through

the activity of the circuit.

To analyze the behavior of the dual-transcript, dual-vector, and non-intronic dual-vector systems presented in Figure 4, we re-

placed the first two reactions (‘‘Transcription’’ and ‘‘Splicing’’) with the reactions listed in Table S2. In the two-gene systems, micro-

RNA and output mRNA are encoded on separate transcripts with or without introns, leading to different reactions as described below.

To understand these circuits, we computed an analytical steady-state solution for each system.

ComMAND single-transcript system

For the single-transcript case, we have the following ODEs defining the production of the pre-miRNA (pre) from the pri-miRNA (pri)

and the immature primary transcript (mRNAi):

dmRNAi(t)

dt
= − rsplicingmRNAi(t) + cregulatedαRNA − mRNAi(t)δimmature

dpri(t)

dt
= − rdroshapri(t) + rsplicingmRNAi(t)

dpre(t)

dt
= − rdicerpre(t) + rdroshapri(t)

At steady state, this can be solved:

mRNAi =
cregulatedαRNA

δimmature + rsplicing

(Equation 1)

pri =
rsplicing

rdrosha

⋅
cregulatedαRNA

δimmature + rsplicing

(Equation 2)

pre =
rsplicing

rdicer

⋅
cregulatedαRNA

δimmature + rsplicing

(Equation 3)

Additionally, we can define the effective production rate of the output mRNA:

~rcontrolled = rsplicingmRNAi (Equation 4)

The effective production rate differs across the single-transcript and two-gene systems, so it is helpful to define it separately and

then later substitute it into the solution for the shared system.

Dual-transcript system

In the dual-transcript case, the microRNA is encoded in an intron within a gene that is not the output gene. The immature primary

transcript produces mature microRNA through the same Drosha and Dicer processing steps as in the single-transcript system, so

the steady-state solution is the same as in Equations 2 and 3. These reactions produce a second mature mRNA transcript

(mRNAignore) that does not interact with the rest of the system and thus can be ignored.
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Additionally, here the output mRNA does not contain an intron and thus is not spliced. The effective production rate is instead

directly dependent on the copy number and the transcription rate:

~rcontrolled = cregulatedαRNA (Equation 5)

Dual-vector system

In the dual-vector case, the steady-state solution for the pri-miRNA and pre-miRNA is also the same as in Equations 2 and 3. How-

ever, the output mRNA and microRNA are encoded on separate DNA vectors. Therefore, the effective production rate of the output

mRNA depends on a different copy number, cunregulated:

~rcontrolled = cunregulatedαRNA (Equation 6)

Non-intronic dual-vector system

In this simplest case, there is no splicing involved in the production of the microRNA, such as when expression is driven from a RNA

Polii promoter (e.g., U6). Instead, microRNA is produced directly by transcription of the U6 vector, which has copy number cU6 and

transcription rate αU6:

dpri(t)

dt
= − rdroshapri(t) + cU6αU6

dpre(t)

dt
= − rdicerpre(t) + rdroshapri(t)

which can be solved at steady state:

pri =
cU6αU6

rdrosha

(Equation 7)

pre =
cU6αU6

rdicer

(Equation 8)

The effective production rate of the output mRNA is the same as in the dual-transcript case:

~rcontrolled = cregulatedαRNA (Equation 9)

Shared system

All implementations of the microRNA-based iFFL share a common set of reactions, as listed below the line in Table S1 (‘‘Immature

degradation’’ and on). We can think of the set of common reactions as a network that takes in two species—the output mRNA and the

pre-miRNA—and returns a final protein (and mRNA) concentration.

The specific form of the output mRNA term differs across systems, so we use the effective production rate ~rcontrolled computed

earlier. These reactions are:

miR(t)

dt
= rdicerpre(t) − miR(t)δmiRNA − kmiRNA;bindmiR(t)R(t) (Equation 10)

dR(t)

dt
= kmiRNA;degRI(t) − kmiRNA;bindmiR(t)R(t) (Equation 11)

dRI(t)

dt
= + kdegRIM(t) + kmRNA;unbindRIM(t) − kmRNA;bindRI(t)mRNA(t) − kmiRNA;degRI(t) + kmiRNA;bindmiR(t)R(t) (Equation 12)

dRIM(t)

dt
= − kdegRIM(t) − kmRNA;unbindRIM(t) + kmRNA;bindRI(t)mRNA(t) (Equation 13)

dmRNA(t)

dt
= kmRNA;unbindRIM(t) + ~rcontrolled − δmRNAmRNA(t) − kmRNA;bindRI(t)mRNA(t) (Equation 14)
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dP(t)

dt
= − δpP(t) + αpmRNA(t) + ζαpRIM(t) (Equation 15)

Immediately, we can solve Equations 10 and 15 at steady state to get:

miR =
rdicer⋅pre

kmiRNA;bind⋅R + δmiRNA

(Equation 16)

P =
αp

δp

(mRNA + ζ ⋅ RIM) (Equation 17)

To solve the rest, note that equations Equations 11, 12, and 13 sum to zero at steady state; this means that we will need to introduce

the RISC conservation equation and substitute to fully solve this system. We assume that the total amount of RISC, Rtot, remains

constant:

Rtot = R + RI + RIM (Equation 18)

We can then solve for RI using Equation 11:

RI =
kmiRNA;bindrdicer⋅pre⋅R

kmiRNA;deg

(
δmiRNA + kmiRNA;bind⋅R

) =
R

κ1 + κ2R
(Equation 19)

for

κ1 =
kmiRNA;degδmiRNA

kmiRNA;bindrdicer⋅pre
κ2 =

kmiRNA;degkmiRNA;bind

kmiRNA;bindrdicer⋅pre

Similarly, by plugging this result back in and using Equation 13, we can define:

κ3 =
δmRNAδmiRNAkmiRNA;deg

(
kdeg + kmRNA;unbind

)

kmRNA;bindkmiRNA;bindrdicer⋅pre⋅~rcontrolled

κ4 =
δmRNAkmiRNA;deg

(
kdeg + kmRNA;unbind

)

kmRNA;bindrdicer⋅pre⋅~rcontrolled

+
kdeg

~rcontrolled

so that

RIM =
R

κ3 + κ4R
(Equation 20)

Then, the RISC mass closure equation can be written:

Rtot = R +
R

κ1 + κ2R
+

R

κ3 + κ4R

0 = (R − Rtot)(κ1 + κ2R)(κ3 + κ4R) + (κ3 + κ4R)R + (κ1 + κ2R)R

This is a cubic equation in R:

0 = (κ2κ4)R
3 + (κ1κ4 + κ2κ3 + κ4 + κ2 − Rtotκ2κ4)R

2 + (κ1κ3 + κ3 + κ1 − Rtot(κ1κ4 + κ2κ3))R − Rtotκ1κ3 (Equation 21)

While this represents an analytic steady-state solution for R, it is only tractable when solved numerically. For the parameter regimes

chosen here, the cubic discriminant is positive, which means that there are three real roots. In practice—and at every parameter

range included in this work—two of the roots are unphysical (negative), so we choose the positive root.

With this positive root, we can solve for the steady-state mRNA concentration:

mRNA = ~rcontrolled

(

δmRNA +
kdegkmRNA;bindkmiRNA;bindrdicer⋅pre⋅R

kmiRNA;deg

(
kdeg + kmRNA;unbind

)(
δmiRNA + kmiRNA;bind⋅R

)

)− 1

(Equation 22)

By back-substituting this result and Equations 20 into Equation 17, we can compute the steady-state protein concentration. This

gives the steady-state output protein values shown throughout this work.

Some of the equation algebra to find the steady-state solution was performed using Mathematica (14.0) and can be found in

steady_state.nb. Parameter values used for the steady-state analysis are shown in Table S3. Solutions using these parameters

were computed in Julia (1.10) in steady_state.jl. See data and code availability for access to these scripts.

Parameter sweeps

To assess the impact of the parameters on the model predictions, we solved the steady-state protein equation with different values of

each parameter. Ten different values evenly distributed in logspace around the original value were chosen for each parameter, except
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for the RISC-bound mRNA translation factor, ζ, where values were evenly distributed in linear space between zero and one. All other

parameters were held constant at their base values (Table S3) for each parameter sweep. Solutions were computed in Julia in

steady_state_all_param_sweep.jl (see data and code availability).

Slope calculation

To calculate the slope in the RISC-limited regime for the modeling predictions, we first defined a system for expression of the simplest

unregulated gene, equivalent to the experimental marker gene. Namely, this system includes only transcription, translation, and

degradation reactions, defined by the equations

dmRNA(t)

dt
= − δmRNAmRNA(t) + cregulatedαRNA

dP(t)

dt
= − δpP(t) + αpmRNA(t)

which can be solved at steady state:

P =
cregulatedαRNAαp

δmRNAδp

We then computed the slope of the copy number–protein curve for both the ComMAND output gene and the marker gene using the

protein values at the two highest copy numbers for each simulation. Selecting these very large copy numbers ensured that we were

firmly in the RISC-limited regime. We then normalized the ComMAND slope s by the marker slope, which is simply multiplication by a

normalization factor:

normalized slope =
αRNAαp

δmRNAδp

⋅s

This normalized slope calculation allows us to simulate the slope of the marker–output curve for the steady-state solution of

the model.

Stochastic simulations

We performed stochastic simulations for both the single-transcript (ComMAND) and two-gene systems in order to better understand

the effects of noise on protein expression. In particular, stochastic simulations are useful to investigate differences between the dual-

transcript and dual-vector systems, which differ only in the copy number of the gene expressing the output mRNA. The steady-state

analytical solutions including Equations 5 and 6 do not provide much insight into differences between the systems, since they do not

account for effects of noise on copy number or transcription. Instead, we can use stochastic simulations where in the dual-vector

case, the DNA copy number of the output gene is allowed to randomly vary from the that of the microRNA gene to simulate imperfect

co-delivery of the two vectors. Furthermore, the stochastic simulations can account for noise in the production and processing steps

for the microRNA and output mRNA, which are tightly coupled in the single-transcript case but not in the two-gene systems.

We modeled the systems at three different effective multiplicity of infections (MOIs), a common parameter in viral transductions

that specifies the number of viral transducing units added per cell. In this context, the copy number of the transduced cell population

can be modeled as a Poisson distribution with a mean equal to the MOI. To recapitulate this variation in delivery in our model, we

chose DNA copy numbers for each simulation run from a Poisson distribution with one of three different means: 0.3, to simulate sin-

gle-copy integration; 3, to simulate a low-copy regime; and 10, to simulate a high-copy regime (Figure S3C).

The resulting systems were simulated using a Gillespie algorithm in Julia, using the packages Cataylst.jl, DifferentialEquations.jl,

and JumpProblems.jl. Parameter values used for the stochastic simulations are the same as for the steady-state analytical solution

and are shown in Table S3. 10,000 simulation runs were performed for each set of conditions.

Stochastic mis-splicing simulations

To investigate the effects of mis-splicing on circuit performance, we analyzed scenarios where splicing of the microRNA-containing

intron yields only the mRNA molecule (Model A) or only the microRNA molecule (Model B), as depicted in Figure S3F. Each of these

scenarios was simulated as described above with the correct splicing reaction and incorrect splicing reaction occurring with equal

probability (i.e., rmRNA − only = rsplicing and rmiRNA − only = rsplicing). Therefore, the results shown in Figures S3G and S3H represent the

scenario where 50% of transcripts are spliced incorrectly.

QUANTIFICATION AND STATISTICAL ANALYSIS

Flow cytometry

For all experiments except those with primary human T cells, flow was performed with an Attune NxT flow cytometer. The primary

human T cells were analyzed using a Cytoflex S flow cytometer. See Table S6 for channel mappings, lasers, filters, and voltage set-

tings. Data were analyzed by selecting single cells using forward and side scatter gates in FlowJo (BD, v10). Raw data (fcs files),

FlowJo workspaces (wsp files), and gated single cell populations (csv files) have been deposited at Zenodo (see key resources table).
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Next, populations were gated for expressing cells in Python (3.12). For primary human T cell experiments, live cells were gated as

the negative population of the live/dead dye using a manually drawn gate, and >96% of cells were viable. For transfections, cells were

gated on marker expression based on the 99.9th percentile of the untransfected population within each biological replicate. For

transductions, the gate for marker expression was drawn manually to best separate expressing cells from the untransduced

population.

After gating the marker-expressing cells, populations were further analyzed in Python using the pandas and scipy packages.

Throughout the paper, marker–output plots depict one representative biological replicate, where data are binned by marker expres-

sion into 10-20 equal-quantile groups per condition. Points represent geometric means of output expression for cells in each bin, and

shaded regions represent this value multiplied or divided by the geometric standard deviation of the bin. Geometric mean and geo-

metric standard deviation were used to decrease the impact of outlier points since the expression data is log-distributed. Bins are

plotted at their median marker value. Expression values are in arbitrary units from a flow cytometer.

All other flow cytometry data plots show summary statistics of output gene expression, as calculated in Python. The plotted mean

values use the geometric mean (arbitrary units), Std. refers to the standard deviation (arbitrary units), and CV is the coefficient of vari-

ation (unitless). The slope represents the slope of the least-squares regression line fitted to the binned marker–output points in log-

space (arbitrary units). Points represent means of n ≥ 3 biological replicates; see the relevant experimental sections in method

details for more information about replicates. A few conditions contained outlier points with aberrantly low marker expression; these

points were removed. Error bars show the 95% confidence interval.

Viral titer calculation

Lentiviral titer was calculated by analyzing the cells transduced with the two-fold serial dilution of each virus. From the flow cytometry

data, the fraction of single cells expressing the marker gene was computed for each dilution. This data was fit to a Poisson distribution

to calculate u, the number of transducing units (TUs) per cell per volume:

f = 1 − e− u⋅v (Equation 23)

where f is the fraction infected and v is the volume of virus added. By multiplying u by the total number of cells per well at the time of

transduction, the viral titer in TUs per volume is obtained. This value is specific to each batch of virus and transduced cell type, and it

is used to calculate the volume of virus needed for a given multiplicity of infection (MOI), the ratio of viral TUs to cells in a transduction.

The viral titers calculated with primary mouse embryonic fibroblasts were used to estimate MOIs for the transductions in primary rat

cortical neurons and primary human T cells.

RT-qPCR analysis

To analyze the RT-qPCR data, technical replicates with no amplification (Ct = 35) were excluded. Ct values for each reaction were

computed as the median of the four technical replicates. Reactions with Ct values at or above those for control reactions (lacking

reverse transcriptase or cDNA) for each biological replicate were removed. Conditions (independent cDNA samples) with low

GAPDH expression (Ct ≥ 21) were also excluded. Ct values were then normalized to those for GAPDH for each condition and bio-

logical replicate (ΔCt). Normalized Ct values were then further normalized to those for the base gene conditions within each biological

replicate (ΔΔCt). Expression is reported as 2− ΔΔCt .

Statistics

All statistical tests are two-sided independent t-tests where ns p > 0:05 is not significant, and * p ≤ 0:05, ** p ≤ 0:01, *** p ≤ 0:001,

**** p ≤ 0:0001 are significant.
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