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Massively parallel genetic screens have been used to map sequence-to-function

relationships for a variety of genetic elements'™. However, as these approaches
interrogate only short sequences, it remains challenging to perform high-throughput
assays on constructs containing combinations of multiple sequence elements
arranged across multi-kb length scales. Overcoming this barrier could accelerate
synthetic biology; by screening diverse gene circuit designs and learning ‘composition
to function’ mappings, genetic part composability rules could be revealed, enabling
rapid identification of behaviour-optimized design variants®’. Here we introduce
CLASSIC (combining long- and short-range sequencing to investigate genetic
complexity), agenetic screening platform that combines long- and short-read next-
generation sequencing (NGS) modalities to quantitatively assess pools of constructs
of arbitrary length containing diverse genetic part compositions. We show that
CLASSIC can measure expression profiles of over 10° gene circuit designs (from 5-20 kb)
inasingle experimentin human cells. The resulting datasets can be used to train
machine-learning models that accurately predict circuit behaviour across expansive
circuit design landscapes, revealing part composability rules that govern circuit
performance. Our study shows that, by expanding the throughput of each design-
build-test-learn cycle, CLASSIC enhances the pace and scale of synthetic biology and
establishes an experimental basis for data-driven design of complex genetic systems.

Synthetic gene circuits are constructed by assembling DNA-encoded
genetic parts into multigene programs that perform computational
tasks in living cells®'°. Over the past two decades, gene circuits have
emerged as important models for understanding native gene regu-
lation™ and have been used to create powerful biotechnologies by
enabling user-defined control over cellular behaviour ™, Despite
this progress, the design of quantitatively precise circuit behaviour
remains challenging. Regulatory interactions within a circuit must
be carefully tuned, often through iterative design-build-test-learn
(DBTL) cycles, before part compositions that support a desired circuit
behaviour areidentified. Moreover, as genetic parts must work in close
physical proximity within acrowded intracellular environment’®, inci-
dental molecular coupling can occur between parts and with host cell
regulatory machinery', These context-dependent interactions can
confound circuit design approaches that use biophysical and mecha-
nistic modelling frameworks, extending the number of DBTL cycles
required to achieve a target behaviour.

One potential strategy to accelerate gene circuit engineering
is to expand the number of circuits tested per cycle by perform-
ing high-throughput functional screens on pooled circuit libraries.

By measuring large collections of circuits in a single experiment, such
an approach could enable rapid profiling of complex circuit design
spacestoidentify part compositions with desired quantitative behav-
iours. Incontrast to traditional approaches, large-scale circuit activity
data could also facilitate training of ML/artificial intelligence models
capable of inferring context-specific part function and more accu-
rately predicting the behaviour of untested circuit designs. Short-read
next-generation sequencing (NGS)-based high-throughput screens® %
have been used to generate detailed sequence-to-function mappings
for multiple classes of discrete genetic parts, including promot-
ers'*?2* terminatorsand 3’ untranslated regions (UTRs)*?, transcrip-
tion factors (TFs)**, nucleic acid switches® and receptors’. However,
high-depth functional profiling of libraries of DNA constructs long
enough (>1kb) to encode entire multipart circuits remains costly and
technically challenging. Methods have emerged for multiplexed analy-
sis of long constructs by appending short barcode index sequences
for amplicon-based readout by short-read NGS?. This approach has
beenusedinarray formats, in which each constructis assembled and
barcoded separately, or through nested assembly schemes??°, limit-
ing library design flexibility and throughput. More recently, random

'Department of Bioengineering, Rice University, Houston, TX, USA. 2Graduate Program in Systems, Synthetic and Physical Biology, Rice University, Houston, TX, USA. *Graduate Program in
Bioengineering, Rice University, Houston, TX, USA. “Department of Computer Science, Rice University, Houston, TX, USA. °Ken Kennedy Institute, Rice University, Houston, TX, USA. °Rice
Synthetic Biology Institute, Houston, TX, USA. "Department of Physics, Boston University, Boston, MA, USA. ®Biological Design Center, Boston University, Boston, MA, USA. *Faculty of Computing
and Data Science, Boston University, Boston, MA, USA. "°Department of Biosciences, Rice University, Houston, TX, USA. "These authors contributed equally: Kshitij Rai, Ronan W. O'Connell.

*g-mail: caleb.bashor@rice.edu

Nature | www.nature.com | 1


https://doi.org/10.1038/s41586-025-09933-9
http://crossmark.crossref.org/dialog/?doi=10.1038/s41586-025-09933-9&domain=pdf
mailto:caleb.bashor@rice.edu

Article

barcoding and indexing through long-read single-molecule real-time
sequencing (PacBio) has enabled characterization of libraries ranging
from 10?to 10* constructs, mostly for individual open reading frames
(ORFs) of up to 6 kb in length®"*2,

To perform indexed multiplexing for construct libraries contain-
ing compositions of multiple genetic parts at larger length scales, we
devised an approach combining long-read Nanopore and short-read
IlluminaNGS to analyse construct libraries generated through pooled
partassembly (Fig.1a). Our assembly schemeincorporatesstructured
barcodesthat canbe used to create aconstruct composition-to-barcode
index by Nanopore sequencing. Libraries are thenintroducedinto cells,
binned based on functional phenotype, and analysed by short-read
(Illumina) amplicon sequencing to produce a barcode-to-phenotype
index. By comparing the two indices, construct composition can be
matched to phenotype. This approach, termed CLASSIC, enables col-
lection of high-depth phenotypic expression data for large genetic
part composition libraries (>10°) of arbitrary length using standard
phenotypic selection or flow sorting experiments.

To configure CLASSIC to quantitatively profile diverse construct
libraries in human cells (Fig. 1b and Supplementary Fig. 1), we imple-
mented a custom hierarchical Golden Gate® cloning scheme that gen-
erates library diversity through a series of pooled DNA assembly steps
(Supplementary Figs. 2-4). Diversified pools of 5, coding and 3’ gene
elementsarefirst generated through assembly of input part fragments
(level 0 to1), and subsequently combined to create single-gene expres-
sion unit (EU) pools (level1t02) (Supplementary Fig.2). The EU pools are
combined with a BFP EU plasmid pool expressing a transcript contain-
ing semi-degenerate barcode sequencesinthe 3’ UTR (Supplementary
Fig.5),yieldingbarcoded multi-EU libraries (level 2to 3). After Nanopore
sequencingand dataanalysis (Methods and Supplementary Fig. 6), the
libraries are genomically integrated at single copy into a HEK293T cell
line harbouring a custom landing-pad cassette (HEK-LP)** (Methods
and SupplementaryFig.7). Library-integrated cells are then flow-sorted
based on circuit expression output, followed by lllumina NGS to quan-
tify bin distributions of circuit-associated barcodes™* (Methods and
Supplementary Fig. 8). We validated this workflow with asmall (n =384)
EU library containing shuffled regulatory elements (promoter, Kozak
sequence and terminator®) (Supplementary Fig.9), demonstrating that
our scheme yields complete, part-balanced library coverage (Supple-
mentary Fig. 10a-c) and proportional assortment of unique barcodes
(Supplementary Fig.10d,e). HEK-LP library integration (Supplemen-
tary Fig. 11a-c) and flow-seq measurements were compared with flow
cytometry measurements of randomly isolated, clonally expanded
variants (Supplementary Fig.12a,b and Supplementary Table 2). These
ground-truth measurements showed excellent agreement with corre-
sponding CLASSIC-derived values (mean absolute error (MAE) = 0.07),
and demonstrated that measurement precisionis enhanced by mapping
multiple unique barcodesto each composition (Supplementary Fig.12c).
Wealso collected replicatelibraries to demonstrate that CLASSICis tech-
nically (*=0.99) (Supplementary Fig. 12e) and biologically (r*=0.97)
reproducible (Supplementary Fig.12d), and that aggregating expression
data from multiple barcodes leads to higher measurement accuracy
(Supplementary Fig. 12¢,f). Finally, we showed that the data enable
quantification of relative part contributions to expression magnitude
across design space (Supplementary Fig.13a,b) that can be accurately
predicted by ML models such asrandom forests (Supplementary Fig.14).

To evaluate whether CLASSIC enables experimental profiling of
complex, multigene circuit design spaces, we constructed a library of
small-molecule-inducible, single-input transcriptional switches compris-
ing over 10° potential unique compositions. Circuitsin thislibrary contain
two EUs (Fig. 2a): one encoding a constitutively expressed synthetic
Cys2-His2 zinc-finger (ZF)-based TF (synTF)**® with appended tran-
scriptional activation (TA) domains, and the other encoding areporter
gene containing cognate synTF binding motifs (BMs) upstream of a
minimal promoter driving eGFP expression®®. Circuitinduction occurs
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Fig.1|Using CLASSIC to systematically map the design space of complex
genetic programs. a, Overview of CLASSIC. Pooled assembly of genetic parts
with DNA barcode sequencesyields libraries of barcode-indexed constructs
ofarbitrary length and complexity. Long-read Nanopore sequencing is used to
createanindex matching construct composition toanassociated barcode.
Inparallel, libraries introduced into cells undergo sorting or selection to bin
expression phenotypes. Barcode amplicons generated for each bin are subjected
toshort-read NGS to quantify the expression phenotype, which is then mapped
to construct composition through barcode indexes. b, Application of CLASSIC
to profileasynthetic genecircuit design space. Hierarchical Golden Gate
assemblyisused to compose libraries of multi-EU circuits with combinatorially
varied part compositions and circuit designs. Sequence fragment pools for
different part categories fromlevel 0 are combined toyield level 1 pools of
promoters, ORFs and terminators (term.), which are then combined to yield
level 2EUs (square brackets: fragment/part pools). Barcode (BC) poolsin

BFP EUs are combined with library EU pools to create indexed multi-EU circuit
libraries (level 3) that are integrated into HEK-LP cells at the AAVSI locusin
chromosome (chr.) 19 through expression of the BxB1 recombinase (top right).
Library analysis performed using acombination of Nanopore and flow-seq
yields composition-to-function mapping.

after addition of 4-hydroxytamoxifen (4-OHT), which binds to amutant
version of the human oestrogen receptor (ERT2)* appended to the synTF,
facilitating cytoplasm-to-nuclear translocation toactivatereporter tran-
scription. As we and others have demonstrated®**°#, identification of
designs optimized for high-fold-change (HFC) (Fig.2a (right)) expression
canbe challengingin mammalian systems; robust, inducer-dependent
transgene expression requires basal andinduced expression levels to be
respectively minimized and maximized through tuning of locus tran-
scriptional regulatory features and synTF molecular properties.
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Fig.2|Using CLASSICto quantitatively profile asyntheticgene circuit design
landscape. a, Circuitdiagram of theinducible synTF. Left, the circuit containsa
synTF-codingunitand aneGFPreporter unit. Without aninducer, the synTF is
cytoplasmic. Addition of 4-OHT (input) triggers nuclear translocation and eGFP
activation (output). Right, the expression FCis the ratio of induced (/) to basal
(B) expression levels. b, Circuit design space. Left, SynTF diversity: 4 TA domains,
41DPs and 3 ZF affinity mutants. High, wild type; med, AC; v.low, AC 6x. synTF-
coding EU diversity: 4 constitutive promoters (prom.) and 4 terminators. Reporter
EU diversity:4 BM number variants, 3 core promoters and a constant terminator.
Both EUs have 3’ spacing sequences of 0 bp, 250 bp or 500 bp. Right, circuits
are combinatorially assembled frominput parts to generate 165,888 possible
variants. ¢, Balance of circuit library assembly and indexing. Left, CLASSIC
recovered around 121,000 out 0of 166,000 compositions (73%). Compositions
areshowninlightgrey and barcodes are shownin dark grey. Right, Nanopore
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sequencing of the library reveals library composition (mean +s.d. computed
onalog,,scale) (top) and composition/barcode balance (bottom) (reads per
composition (light grey), unique barcodes per composition (dark grey); data
areplottedinrank order of reads per composition). Ind.,induced. Numbers are
rounded to the nearest thousandth.d, Circuitlibrary sorting and measurement.
Topright,induced (solid green) and basal (dotted green line) eGFP expression
ofthelibrary with flow sorting bins (vertical grey dotted lines); grey histogram
shows HEK293T cells. Top middle, FC values for 40 clonalisolates versus
CLASSIC measurements (black dots correspond toisolates below); ERCH, error
range of clonal heterogeneity (grey region); a.u., arbitrary fluorescence units.
Top right, the percentage similarity between basaland induced values for
CLASSICandisolates. Bottom, flow data (green dotted line, basal; green solid,
induced), CLASSIC-computed distributions (kernel density (line) calculated
fromnormalized barcode read count (bars)) and part compositions.
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To create a library that diversifies the design of this circuit archi-
tecture, we identified ten genetic part categories that we hypoth-
esized could have arole in circuit tuning to achieve HFC behaviour.
This included four different TA domains**™*, three ZF affinities* and
aset of four intrinsically disordered protein (IDP) domains*** that
have been shown to facilitate liquid-liquid phase condensation of
nuclear-localized TFs, and have the potential to drive cooperative, mul-
tivalentinteractions between synTFs when bound to the promoter*®*
(Fig.2b (left) and Supplementary Fig.15). We also varied transcriptional
regulatory features of the circuit, including four promoters and four
terminatorsin the synTF-coding EU, as well as three core promoters*®
and different numbers of BMs (2, 4, 8 or 12) in the reporter EU (Fig. 2b
(left)). Moreover, we varied the spacing between the EUs (0, 250 or
500 bp) along with their 5’-to-3’ orientation (Fig. 2b (left)) to yield an
overall circuit design space of 165,888 compositions (Fig. 2b (right)).
Thislibrary was constructed in three steps by first assembling protein
domain partsto create alevel 1synTF ORF pool, then conducting paral-
lel assemblies to generate level 2 pools of synTF-coding and reporter
EUs, and finally combining EU and barcode pools into the level 3 des-
tination vector (Fig. 2b (right) and Extended Data Fig. 1).

Nanopore sequencing of the pooled library yielded barcode assign-
ments for 95.3% of total compositions (Fig. 2c and Extended Data Fig. 2),
with a mean of 8.4 barcodes for each circuit (Fig. 2c (bottom left)).
Weintegrated thelibrary into HEK-LP cells and sorted uninduced and
4-OHT-induced populations (8.6 millionand15.7 million cells, respec-
tively) separately into eight bins based on eGFP fluorescence (Fig. 2d
(left) and Supplementary Fig. 16). After analysis using Illumina NGS,
we matched a total 0f 121,292 (73% of design space) compositions to
barcodes that were detected inthe sorted populations (meanbarcodes
per circuit = 2.25) (Fig. 2c). We then used barcode bin distributions
to compute basal, induced and fold change (FC) expression values
for each variant. CLASSIC-derived FC values demonstrated excellent
overall agreement (MAE = 0.15) (Fig. 2d (top middle)) with those of
random isolates (n =40) (Fig. 2d (bottom), Supplementary Fig. 35a
and Supplementary Table 2), and values for both basal and induced
expression showed comparably high percentage similarities (Fig. 2d
(top right)). These results confirm that CLASSIC can generate quan-
titatively accurate measurements of libraries large enough to profile
complex genetic design spaces.

Asanincomplete mapping of circuit design space (27% was unmeas-
ured) (Supplementary Fig. 17) could limit the identification of HFC-
optimized compositions, we tested whether acomplete mapping could
be obtained by training an ML model with our data and then using it
to predict the behaviour of unmeasured compositions. We trained
several model classes (Extended Data Fig. 3) and found that multilayer
perceptron (MLP) (90/10 train/validation split, with high-quality test
set r? of 0.86 for basal and 0.90 for induced data) and random forest
(”of 0.84 and 0.86) models significantly out-performed biophysically
consistent (r* of 0.46 and 0.27) (Supplementary Fig. 18) and uncon-
strained linear regression (* of 0.53 and 0.64) models (Extended Data
Fig.3a), indicating that the complex, nonlinear interactions between
genetic parts can be more accurately captured by advanced model
architectures. We selected the MLP to move forward with (Fig. 3a) due
to its predictive accuracy and potential for extensibility (Fig. 3a and
Methods). We used the MLP to impute basal and induced eGFP expres-
sion values to yield a complete design space mapping of all 165,888
compositions (Fig. 3b). We then analysed the distribution of values
across atwo-dimensional projection of behaviour space (basal versus
induced expression), examining the relative densities of composi-
tionsinthreeregions of interest: low basal (<500 arbitrary units (a.u.)),
highinduced (>70,000 a.u.) and HFC expression (over 25x FC) (Fig. 3b
(right)). We observed a greater proportion of library members in the
low basal than in the high induced region (around 4.3x), with about
50% of compositions showing FC values of <3x. Only a small fraction
of the library (around 8%) fell within the HFC region.
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To experimentally assess whether our model can accurately predict
behaviour across circuit design space, we constructed cell lines con-
tainingindividual CLASSIC-measured (n = 81) and unmeasured (n =15)
compositions, including many predicted to be among the highest FC
compositions in the design space (60-80x) (Fig. 3¢, Extended Data
Fig. 4a, Supplementary Fig. 35b,c and Supplementary Table 2). Flow
cytometry analysis of the cell lines closely corresponded with model
predictions (MAE = 0.18), confirming the behaviour of numerous HFC
compositions predicted to be in the 60-80x range, near the upper
boundary of model-inferred behaviour space. Comparison between
the MLP-modelled and CLASSIC-measured FC values for the individual
variants revealed similar global trends but highlighted the superior
accuracy of the MLP model (Extended Data Fig. 4b). Notably, when
assessed across the entire behaviour space, we observed a high abso-
lute error (>2) between the model predictions and CLASSIC-measured
values at the periphery of behaviour space (Extended Data Fig. 4¢),
suggesting that the modelis capable of correcting measurement errors
inthe CLASSIC dataset (Extended DataFig.4d). Theseresults validate
the ability of our CLASSIC-trained ML model to enable gene circuit
design space mapping through accurate imputation of inaccurately
sampled or unsampled compositions.

Witha quantitatively accurate mapping of single-input design space
inhand, we sought to uncover part composition rules governing circuit
behaviour. First, we examined relative part use frequencies in design
space regions of interest (Fig. 3d (top), Supplementary Fig. 19a and
Supplementary Table 3). We observed distinct part use in categories
associated with the synTF protein (TA domain, IDP domain and ZF affin-
ity), as well as the promoter driving synTF expression, the number of
BMs, the core promoter and EU orientation. For example, VPR, astrong
TA domain, isused extensively in the high-induced region, butis nearly
absent among low basal circuits in favour of aweaker TA domain, p65,
while intermediate-strength VP16 and VP64 are enriched among HFC
circuits. By the same token, lower- and medium-activity core promoters
(miniTK and ybTATA) are excluded from high-activity circuits, while
the low basal region has few compositions with mCMYV (high-activity
core promoter), and HFC circuits use amixture of ypTATA and mCMV.
HFC circuits favoured compositions with the reporter EUin the 5’ posi-
tion—anorientation that appears to minimize basal circuit expression
across design space, potentially by eliminating transcriptional crosstalk
from the upstream promoter (Supplementary Fig. 20).

Togain furtherinsightsinto the design rules underlying HFC behav-
iour, we used our trained MLP to compute Shapley additive explana-
tion (SHAP) values, awidely used approach that provides an objective
metric of each part category’s relativeimportance in determining target
behaviour (Fig. 3e). SHAP analysis revealed that HFC behaviour is pri-
marily influenced by part selection within six categories: TA domain,
IDP domain, ZF affinity and synTF expression and core promoters,
and BM number. To investigate part usage co-variance, we computed
cross-category mutual information (MI) for compositions within the
HFCregion (Fig. 3fand Supplementary Fig.19b,c). This analysis revealed
strong couplingamong the six categories, indicating thatachieving HFC
behaviour requires their coordinated optimization rather than inde-
pendent tuning. To further explore this interdependence, we applied
uniform manifold approximation and projection (UMAP)-assisted
k-means clustering on HFC compositions, identifying three clusters
(Fig.3g, Methods and Extended Data Fig. 5a-c). Notably, all three clus-
ters shared a common locus design that maximizes the FC between
the induced and basal states. This included features that enhance cir-
cuit output, such as high BM valency (n =8 or 12), a high-activity core
promoter (MCMV) and a preference for the T7 terminator, as well as
features that reduce basal expression, such as reporter-to-coding EU
orientation, and extended spacing (500 bp) between EUs. The largest
cluster (A), whichachieved the highest median FC (38.4-fold; Extended
DataFig. 5d), paired medium-activity promoters driving synTF expres-
sion (hEF1aland hPGK) with medium-affinity ZFs and medium-strength
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dottedline, basal; solidgreen,
partuse across low basal, high

library. Prom., promoter; pos.,
specificabsolute SHAP values

region. Rightand bottom left,

flow cytometry analysis of cell lines (green
induced; green text, FC) with ML-predicted FC

(horizontal bar; black text, FC) and circuit composition. d, Single-input genetic

induced and HFC regions (left to right). Fold

enrichment was observed over the expected part occurrence fromabalanced

position. e, Featureimportance. Part-category-
for HFC compositions. Larger SHAP values

indicate stronger contributions to model predictions of HFC behaviour.Sp. 1,
synTF spacer; Sp.2, reporter spacer.f, The MIbetween part categories across

behaviour regions. The line thickness denotes the MI magnitude. Orient.,

orientation. g, HFC circuit clus

tering. Top left, UMAP projection of HFC designs.

Right, Mechanistic summary of HFC design strategy. h, Model efficiency and
adaptability. The model performance onbasal (purple) and induced (navy)
test-set measurements (Pearson’s r?) versus the training data fraction for
existing (left) and new parts (right; NFZ data) is shown. The dark grey box shows
the maximum r? + 5%; the dotted line shows the 95% maximum r threshold.
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TA domains (VP64 and VP16) containing the HNRIDP domain. Perform-
ing a dose-response analysis on arepresentative composition fromthis
cluster revealed a Hill coefficient (n,) of 2.13 (Supplementary Fig. 21),
indicating moderate cooperativity, probably due to HNR-mediated
interactions between synTFs*. By contrast, compositions in clusters
B and C favoured higher synTF expression (CMV promoter), with B
containing medium-affinity ZFs and a weak TA domain (p65), and C
showing enrichment for low-affinity ZFs and a medium-strength TA
domain (VP16). Taken together, CLASSIC-enabled design space map-
pingindicatesthat HFC behaviouris enabled by specific locus designs
coupled with synTF architectures that balance expression level, ZF
affinity, transcriptional activation and cooperative binding effects that
minimize basal and maximize induced circuit activity. These analyses
further reveal that HFC does not arise from a single optimal solution,
but from multiple balanced combinations of parts that achieve similar
phenotypic outcomes through subtly different molecular strategies,
with medium-activity components providing the most reliable overall
route to circuit performance.

Although our results establish that accurate design space mappings
canbe obtained for regimes with balanced training-to-predictionratios,
werealized that models trained with CLASSIC datawould offer greater
use if they could generalize to a broader range of out-of-sample test
cases. To evaluate the model’s generalization capacity, we progres-
sively downsampled the training data while performing validation with
the held-out test set (Fig. 3h (left)). We found that only around 9% of
the data were sufficient to achieve an r* that was 95% of the maximum
(>0.81). We thenexamined whether the design space mapping could be
expanded by incorporating additional genetic part measurement data
(Fig. 3h (right) and Extended Data Fig. 6a). To do this, we assembled
two libraries, each containing approximately 3,500 members: one
incorporating a previously unmeasured TA domain (NFZ)*° (Extended
DataFig. 6b) and another with a10-GSlinker replacing the IDP domain
(Extended Data Fig. 6¢). After measurement of these libraries (Extended
Data Fig. 6d-f), we fine-tuned the existing base model with the new
data to predict the expanded design space, which now included the
new parts (approximately 259,000 compositions) (Extended Data
Fig.6g,h). Whereas the base model alone showed good predictions of
new part behaviour (r? of around 0.82 for basal and 0.87 for induced
conditions for NFZ-containing compositions), the addition of the new
dataimproved model generalization, achieving 95% of maximumaccu-
racy (r* of around 0.88 for basal and 0.92 forinduced conditions) with
justaround 1,000 instances (Extended Data Fig. 6g,h). These results
show that our modelling framework is highly data efficient and can
easily and rapidly incorporate new parts and design features through
fine-tuning. This suggests its potential, through multiple cycles of
library construction and testing, to generalize to design spaces that
are much larger than the datasets used for training (Extended Data
Fig. 6i and Supplementary Fig. 35d).

We attempted to evaluate these capabilities for design space expan-
sion by mapping adesign space for multi-input circuits with two induci-
blesynTFs—oneregulated by 4-OHT and the other by grazoprevir (GZV),
asmall-molecule protease inhibitor that blocks autolytic cleavage of
aNS3 protease-synTF fusion® (Fig. 4a and Supplementary Fig. 22).In
this 3-EU architecture, co-regulation of the reporter locus by the two
synTFs could potentially support Boolean logic, including AND-gate
functionifthe synTFs cooperatively bind to and activate thereporter,
and OR-gate function if they independently maximize activation. We
hypothesized that this architecture could be tuned to achieve these
behaviours by diversifying a set of 68 design features, including many
that were chosen based on our results from the single-input library,
as well as synTF BMs arranged in four distinct patterns, yielding in
an overall design space of approximately 3.4 billion compositions
(Fig. 4b). To create a mapping for this space, we used a two-step data
collection strategy (Supplementary Fig. 23), first measuring a densely
sampled base library space comprising a 44-feature subset (1.1 million
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compositions), and then obtaining data for an expansion library that
sparsely sampled the remaining features (Fig. 4b (bottom)). During base
library construction, we deliberately constrained diversity toensurea
high read depth (Supplementary Fig. 24), obtaining barcode indexes
foraround 9% (approximately 112,000 compositions) of the 1.1 million
potential compositions (Fig. 4cand Supplementary Fig. 25), withamean
of 3.2 barcodes for each circuit (Fig. 4c (bottom left)). The expansion
library was constructed by assembling 24 independent 1,500-member
pools, each containing one of the expansion features held constant
against arandom sampling of all other base library features (Supple-
mentary Fig. 26). Both libraries were integrated separately into HEK-LP
cells and left untreated or treated with 4-OHT, GZV or both inducers
(Supplementary Figs.27 and 28). Each treatment was sorted into eight
bins based on eGFP fluorescence and isolates were obtained from the
base (n =14) and expansion (n =13) libraries. As before, we performed
Illumina NGS to obtain expression values fromboth libraries (around
83,000 and 45,000, respectively, for base and expansion libraries)
(Fig. 4c (bottom)), once again observing overall agreement between
CLASSIC and isolate measurements (MAE = 0.28, 0.23) (Fig. 4d and
Supplementary Figs. 29 and 30).

To create amulti-input circuit design space mapping, we first trained
afive-layer MLP (Fig. 5a) with the base library data, yielding a model
with strong predictive accuracy (90:10 train/validation split with test
set*values 0f 0.80,0.90, 0.86 and 0.88 for basal, 4-OHT, GZV and both
inducer predictions) (Extended DataFig. 7). We then extended the model
tothe full 3.4 x 10°-member design space by fine-tuning with expansion
library data, resultingingood predictive performance (* values of 0.79,
0.84,0.84 and 0.82) (Fig. 5b (left) and Supplementary Fig. 31). Inaccord-
ance with other recent studies®>**we found that our two-step strategy of
fine-tuning on a pretrained base model demonstrated superior perfor-
mance compared with training from scratch on all data (Supplementary
Fig.31c). We calculated the similarity of circuit composition behaviour
across the design space to that of idealized AND- and OR-gates using
Kullback-Leibler divergence (Methods). We found that, while only a
smallregion ofbase library space demonstrated Boolean-like behaviour
(D, values of <0.12 for AND, <0.05 for OR), these regions expanded
in the complete design space (Fig. 5b (right)). To validate the model
predictions, we constructed 36 individual compositions spanning the
behaviour space, 35 of which were unmeasured in our CLASSIC dataset,
including many predicted to exhibit AND-and OR-like function (Fig. 5c,
Extended DataFig. 8, Supplementary Fig.37 and Supplementary Table 2).
As before, we observed good agreement between measurements of
individual compositions and the model (MAE = 0.32) (Fig. 5¢), confirm-
ing the effectiveness of our data sampling and training approaches.

Similar to the single-input design space, we observed strong polariza-
tion in part use within both AND- and OR-like regions (Fig. 5d). While
compositions from both regions were enriched for a high number of
BMs (n =8 or12) and strong core promoters (mCMV or SCP2), AND-like
compositions predominantly used clustered BM patterns, whereas
OR gates used exclusively interspersed patterns. In both regions, the
4-OHT-inducible synTF (synTF A) was expressed at intermediate levels
(hEF1al) while the GZV-inducible synTF (synTF B) showed stronger
expression and greater overall part diversity. SHAP analysis revealed
that core promoter and inter-EU spacing were common drivers of
both behaviours (Fig. 5e), whereas OR-like behaviour was impacted
by more features than AND-like behaviour, indicating agreater degree
of feature interactivity. This was consistent with part use coupling
analysis, which showed a lower degree of interdependence among
AND-like compositions, with strong coupling between BM pattern,
both synTF expression promoters and synTF A affinity (Fig. 5f (left)).
The higherintercategory couplingin the OR-like region was driven by
stronginteractions between features on different synTFs (promoters
and TA domains) (Fig. 5f (right)), suggesting that co-optimization of
expression level and activation strengthisimportant for tuning OR-like
circuit behaviour.



a b
mRuby IDP synTF A synTF B
- TA
- -EEE . SRR
4-OHT
\-/D eOG”tFF;“ IDP  ZFaffinity ~ ZFaffinity  IDP TA
synTF A avi VPR FusN High High FusN VPR
VP64 None Med Med None VP64
NFz DDX4 M. low1 M. low1 DDX4 NFZ
"’-i "’-i_DD "’-i p65 HNR M. low2 M. low2 HNR p65
synTF VP16 Low Low VP16
y -
coding T , ‘ V. low V. low
EUs NS3 < Input B: TF di Report
synTF B " Gzv P re— synr> non-coding . {Sele] el;_) .
B- - + + - ! ...
: 2-16ko | < ] EEa.
[ Circuit library coverage Compositions Mean = 0.66 Promoter Spacer Pattern BM number Core prom.  Spacer
. q 11,715 SD=0.57 hEF1al 1kb (AB) n=2 mCMV 1kb
Base Expansion o ni2
Barcodes BEHGH 2.8 x 10" ” (10%) hEF1a2 | x |0.5kb| | (BA),, |x|n=8|x|ybTATA| x |0.5kb
arcodes .8 X .8 x o= _
Circuits (1.1 x 10° 3.2 x 10° g_é o4 £ hPGK 0 kb AnBrrz n=12 SQPZ 0 kb
58 107 10" 107 mPGK /P2 minTK
Assembly l @ E CMV
5 82,905 Mean = 0.62 SFFv
~750,000 ~750,000 £ 5 1(0.002%) SD = 0.61
117,000 83,000 § = H
= :
Integration ¢ o S — Protein domains
BE00H @OE®
345,000 298,000
— = Read count
l synTF part Reporter part
Mean = 4.6 c pools pools
Basal 4-OHT  GzV Both 5 Mean = 2.1 2
331,000 324,000 333,000 342,000 K S 3/6)| 32/120 || 1/3 3/6) | 32/120 | (1/3 20/40 D 1/3
81,000 83,000 79,000 80,000 % g
o o i
257,000 252,000 281,000 256,000 © & ;fg: coding 1 1 1 ssgl‘;"er
35,000 34,000 37,000 35,000 § 2 S EEEEEE-] SEEENS-] -
¢ k) 8 96/2,160 96/2,160 20/120
o °
o ©
CLASF'.C ?3260(%0 2485860(;)00 0246810 " @ Gene circuit (j Barcode
analysis 83, J Lib ber (x10 P‘
ibrary member (x107) pools pool Indexed libraries
SEEE EE-— S EEERE- R 1.1 x 10° (base)
184,320/5.6 x 10° part combinations x 3.4 x 10° (full space)
6 orientations
d 10°
1,2131415.6,7.8 2 2
14 ) - —_ Base library e Expansion library P
No inducer 4-OHT S MAE = 0.28 Y MAE = 0.23 .
- S —14 @ _ -]
g c 1004 = ® 4 n=13
o
3 43" &
8o 5 o ‘ @ %
2 3 10* 4 ‘e © 4 geo o
@ 1 s Gzv Both o o oy o
5 3 S O @
£ g ’&ﬂo ®
S . )
Z 3104 . e , o%% il’
',' ERCH =0.16 O" Y ERCH =0.16
3 4 5 6 3 \4 5 6
10! 10° 108 10" 10° 105 10 10 10 10 . 10 10 10 10
eGFP fluorescence (a.u.) Isolate expression (a.u.)
3,052 19,186 44,288 128,992
5 md &
Isolate ‘ ‘ hEFa hEFla n=8
102 10° 10° 10° 10° 10° 10 10° 10° 107 10 10° Ll BA,
[ e Be
o JE
4,432 15,520 48,980 118,358 500 500
CLASSIC / \ / \ / \ / \
o* 10° 102 10* 10° 102 10* 10° 10 10* 10°

Fig.4|ML-guided exploration of multi-input gene circuitbehaviour.

a, Circuitdiagram of the multi-input inducible synTF. Left, the circuit contains

a4-OHTinduciblesynTF A (navy), a GZV-inducible synTF B (teal) and an eGFP
reporter unit (green).4-OHT (input A) binds to the ERT2 domain (light blue),

triggering nuclear translocation of synTF Aand eGFP activation (output). GZV
(inputB) inhibits NS3 protease activity (orange), preventing synTF B cleavage

andallowing eGFP activation (output). Right, OR (top) and AND (bottom) Boolean

operations. b, Multi-input circuit design space. Top, synTF components; middle
left, non-coding parts; middle right, reporter parts. ZF affinity mutants: high,

wildtype; med, AC; med lowl, WT 1x; med low2, WT 3x; low, AC2; very low, AC
6x.Bottom, assembly of full-length circuits from protein domains; numbers

within plasmids denote variant countsinbase/full designspaces.c, Library coverage,
balance andindexing. Left, circuit (light grey text, bottom) and barcode (dark grey

text, top) recovery through CLASSIC workflow for base (light blue boxes) and

expansion (light grey boxes) libraries. Top right, Nanopore sequencing reveals
10%and 0.002% coverage of the base (light blue histogram) and expansion (light
grey histogram) design spaces, respectively. Bottomright, Nanopore dataranked
by reads per composition (base:light blue, expansion: light grey) and barcodes
per composition (dark blue, base; dark grey, expansion). Numbers are rounded
tothenearest thousandth. d, Library sorting and measurement. Top left, eGFP
histograms for base (dotted) and expansion (shaded) libraries under noinducer
(grey, top left), 4-OHT (navy, top right), GZV (orange, bottom left) or both (green,
bottomright). Sorting binds are shown by vertical grey dotted lines; HEK293T cells
arerepresented by thelight grey histogram. Top right, CLASSIC versus ground-
truth eGFP expression for isolates from the base (n = 14, left) and expansion

(n=13, right) libraries under all four conditions (n=1for alldata pointsin scatter).
Bottom, flow cytometry histograms (top), CLASSIC-computed distributions

(bottom) and composition ID for one base-library variant (grey fill in scatter).
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Fig. 5| Analysis of digital logic gene circuit design rulesin>10°-member
designspace. a, Design space inference. Left, workflow for predicting multi-
inputcircuitbehaviours (light grey, basal; navy, 4-OHT; orange, GZV; green,
both).Right, trainingonabase library (green, top) enables prediction (pred.) of
asubset (pink, middle) of the full space (light grey). Additional data (green, middle)
enableinference of the entire space (pink, bottom). b, Model validation. Left,
test set r>for the fine-tuned model under four input conditions (colours are as
definedin a). Right, compositions from the base (dark grey) and full (light grey)
designspaces, plotted as Kullback-Leibler divergences (Dy,) fromarchetypal
AND and ORbehaviours. Compositions below or left of the dotted lines represent
extremely OR-and AND-like designs, respectively. ¢, Experimental validation.
Top, the predicted versus measured eGFP expression for 36 individually
constructed compositions (white, basal; navy, 4-OHT; orange, GZV; green,
both) (MAE =0.32) (top) (n=1for all data points in scatter). The most AND-like
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(red) and OR-like (purple) designs are outlined (right). d, Two-input circuit part
use.Genetic part use in AND-like (left) and OR-like (right) regions, grouped by
synTF (A (left) and B (right)) and calculated asin Fig. 3d. e, Featureimportance
for part categoriesin AND- (top) or OR-like (bottom) regions. Larger values
indicate agreater contribution to predictions of logical behaviour (navy, synTF
A; darkgrey, synTF coding; teal, synTF B; light blue, synTF B coding; green,
reporter). f, Part category Mlin AND-like (left) and OR-like (right) regions,
indicated by the thickness of the red line (colours are as definedine). g, Clustering
AND-like circuits. Top left, UMAP-projection. Top right, common locus design
(navy, synTF A; green, reporter; teal, synTF B). Bottom, cluster A (light red),

B (darkred) and C (blue) designstrategy overviews. Exp., expression. h, Clustering
OR-like circuits. Top left, UMAP projection. Top right, common locus design
(colourisasdefineding; right). Bottom, cluster A/D (blue) and B/C (red) design
strategy overviews.



Clustering analysis of AND-like compositions yielded three major
clusters. As with HFC circuits from the single-input design space,
locus design remained constant across clusters (Fig. 5g, Methods and
Extended DataFig. 9a-c). The largest subset of AND-like compositions
(clusters A and B) featured a low-affinity synTF A binding to BMs near
the promoter, while synTF B, which contained amedium-affinity ZF and
aweak TA domain, bound distally. This suggests amechanisminwhich
synTF B, separated from the core promoter by around 110 bp, isunable
toindependently activate transcription but canfacilitate activation by
reinforcing weakly-binding synTF A, potentially through cooperative
IDP-mediated interactions between the two synTFs (HNRon synTF A,
and FusN on synTF B (cluster A) or HNR on both (cluster B)) (Fig. 5g
(right)). While this ‘asymmetric’ activation mechanism comprises the
majority of AND-like compositions, we observed a third, minority solu-
tion family (14%) that uses more balanced expression levels and affini-
ties of IDP-domain-containing synTFs to achieve AND-like behaviour,
and may depend onfine-tuning of componentinteractions, and is there-
forelessrobust to part substitutions (Extended Data Fig. 9b). Despite
itslower representationin AND-like behaviour space and lower average
performance, we were able to validate that one of our constructed
cell-lines from this cluster displayed AND-like behaviour (Extended
Data Fig. 8 (composition 19)). Clustering of OR-like compositions
revealed four clusters, allwith the same locus design (distinct from the
AND-gate design), that activate tointermediate levels, either individu-
ally (=/+, +/-induction conditions) orin combination (+/+) (Fig.Shand
Extended DataFig.10a-c). Thisis probably facilitated by interspersed
BMbindingarrays, which provide both synTFs with similar access to the
core promoter (Fig. 5Sh and Extended Data Fig. 10a). Medium-affinity
synTFbindingis acommon feature of all four clusters, and alack of IDP
domains for synTF A suggests that either synTF-synTF interactions
have alimited roleinreporter activation, or that IDP-domain-mediated
interactions between synTF Bserve to occlude synTF Afromthelocus
under +/+induction conditions, thereby impeding additive activation.
Insummary, our mapping of multi-input circuit design space enabled
the identification of non-intuitive compositional rules, and offered
insights into the role that different genetic parts play in determining
circuit function.

Here we established the utility of combining long- and short-read
sequencing to perform massively parallel quantitative profiling of
multi-kb genetic part compositions in human cells. CLASSIC has
potential for exploring the emergence of phenotypic function from
genetic module composition across a range of organizational scales
and phylogenetic contexts, including viruses®, bacterial operons™®
and chromatin domains®**. As it uses broadly accessible molecular
cloning and experimental analysis pipelines, CLASSIC can be readily
adopted by investigators working on diverse phenotypic screening
tasks (Supplementary Fig. 32). By enabling high-throughput profiling
of diverse genetic part compositions, CLASSIC expands the scope of
inquiry for synthetic biology projects, reducing the number of DBTL
cyclesand cost required to identify optimized part compositions across
medium- to large-scale design spaces. CLASSIC is also well suited for
underdetermined systems, in which iterative design space expansion
can enable convergence to difficult-to-access target behaviours. We
further show that CLASSIC offers an affordable way to test vastly more
genetic designsin asingle experiment, although traditional approaches
may be more cost-effective for smaller-scale projects (<100 constructs)
(Supplementary Fig. 33). Given the flexibility and scalability of this
platform, we anticipate that it will accelerate genetic design for syn-
thetic biology applications across aspectrum of organismal hosts that
require probing complex design spaces to achieve optimal behaviour,
from the development of bioproduction strains®” to multigenic cell
therapy programs™.

Finally, we showed that CLASSIC-derived ML models can accurately
predict out-of-sample and edge-case circuit behaviours and, with
appropriate training strategies, generalize to orders-of-magnitude

larger design spaces. This demonstrates the utility of using a data-
drivenapproach to solve complex circuit design challenges and iden-
tify designs that support target circuit behaviour (Supplementary
Figs.34-37), whilerevealing underlying, non-intuitive design principles
thatare challenging to capture using biophysical models. While previ-
ous work has used ML approaches to develop sequence-to-function
models for individual genetic parts**®*°, our study lays the groundwork
for developing artificial-intelligence-based models of gene circuit func-
tionthat treat part compositions as features. Inthe future, integration
of CLASSIC data with sequence-to-function and genomics datasets
could support training high-capacity deep-learning architectures that
operate over large genetic length scales (for example, transformers,
graph neural networks or diffusion models) for context-aware genera-
tive circuit design, eitherinablack-box manner, without theincorpora-
tion of regulatory or biophysical priors, or synergistically with existing
analytical frameworks to create interpretable models that provide
mechanistic insights into genetic design®.
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Methods

Plasmid library construction

Circuitlibraries were cloned using a custom hierarchical Golden Gate™
assembly scheme, which enables rapid, modular cloning of complex
gene circuits starting from individual genetic part sequences (Sup-
plementary Figs.2-4 and Supplementary Table 1). In brief, input DNA
fragments are amplified from genomic or commercial DNA sources
and cloned into kanamycin-resistant sub-part entry vectors using Bpil
(Thermo Fisher Scientific) (level 0). Sequence-verified sub-part plas-
mids are then used as inputs for assembly into carbenicillin-resistant
(AmpR) entry vectors using Bsal-v2 HF (NEB) to yield genetic part plas-
mids (thatis, promoters, ORFs, terminators) (level 1). EUs are then con-
structed by assembling promoter, ORF and terminator part plasmids
into akanamycin-resistant entry vector using Esp31 (Thermo Fisher Sci-
entific) (level 2). EUs are subsequently combined into multi-unit arrays
by assemblinginto a carbenicillin- or spectinomycin-resistant (SpectR)
destination vector using Bpil (Thermo Fisher Scientific) (level 3).

In this system, barcode pools are incorporated into library assem-
blies at level 2 and 3 (Supplementary Fig. 5). Level 2 barcoded EU
pools were generated by first constructing a destination vector car-
rying a ccdB placeholder expression cassette downstream of the BFP
stop codon. A semi-degenerate 18 bp barcode oligo pool (IDT)® was
polymerase-extended and cloned in place of the ccdB cassette using
Bsal-v2 (NEB)ina20 pl Golden Gate reaction: 2 minat37 °Cand 5 min at
16 °Cforanumber of cycles equal to 10x the number of input fragments,
followed by a30 min digestion step at 37 °C and subsequent sequential
15 mindenaturationstepsat 65 °C and 80 °C. The resulting assemblies
were purified usingaminiprep column (Epoch Life Sciences), electropo-
rated (Bio-Rad) into 100 pl NEB 10-beta electrocompetent Escherichia
coli(NEB), and plated onto acustom 30 in x 24 in LB agar + kanamycin
(LBy,,) plate, yielding around 120 million colonies. The plates were
grown at 37 °C for 16 h, at which time the colonies were scraped into
LBy., (20 ml), incubated for 30 min at 37 °C and the plasmid library
was extracted by miniprep (Qiagen). For large-scale libraries, level 3
barcode pools were generated to ensure a unique barcode-to-circuit
mapping. To create level 3 barcode pools, a semi-degenerate 18 bp
oligo pool (IDT) was polymerase-extended and cloned by Golden Gate
assemblyintoaSpectR destination vector carrying a placeholder ccdB
cassette using PaqCI (NEB) according to the assembly protocol above.
Thresulting assemblies were transformed into 100 plin-house gener-
ated chemically competent®®®*StbI3 E. coli cells and plated onto a10 cm
LB agar + spectinomycin (LBg,.) plate. Plates were grown at 37 °C for
20 htoyield approximately 15,000 colonies, followed by colony scrap-
ing and plasmid DNA extraction, as described above.

Part pools (levels 1), EU pools (Ievel 2) and circuit libraries (level 3)
were constructed by combining input plasmids at 50 fmol for each
part category (15 pl total volume) using the above-described cycling
protocol. Exact sample sizes for each library were not predetermined.
We aimed to get between10x and 100x coverage of our library at each of
the stagesinthe CLASSIC process: construction, genomicintegration,
and phenotypicselection. Thus, transformations varied by library size:
level 2 and 3 assemblies for the EU library (Supplementary Fig. 9b,c)
were respectively transformed into 100 pl or 200 pl of chemically
competent £. coli (DH5a and Stbl3) and plated onto LBy,, or LB agar +
carbenicillin (LB,,) plates for 12-16 h (37 °C) to yield around 15,000
colonies, respectively. Colonies were scraped into 13 ml LBy, or LB,
and miniprepped using the Qiagenkit. Level1and 2 assemblies for the
single-input library (Fig. 2b and Extended Data Fig. 1a,b) were trans-
formed using 100 pland 400 pl of chemically competent E. coli (Stbl3)
and grown on LB,, and LBy, agar plates at 37 °C for 12-16 h to yield
around 5,000 and 20,000 colonies, respectively. Level 3 single-input
baselibrary assemblies were purified using a miniprep column (Epoch
Life Sciences), electroporated (Bio-Rad) into 100 pl 10-beta electro-
competent cells (NEB), and then plated onto ten 15 cm LBg,,. agar

platesfor16-20 h (37 °C) toyield around 3 million colonies. Each level
3single-input fine-tuning library assembly was transformed into 500 pl
of chemically competent E. coli (Stbl3) and grown on LB, agar plates
at37 °Cfor12-16 hto yield around 40,000 colonies (Extended Data
Fig. 6b,c).

Level1assemblies for the multi-input base library (Fig. 4b and Sup-
plementary Fig. 24a,b) were treated identically to those from the
single-input library. All level 2 assemblies associated with the base
design space were transformed into 100 pl of chemically competent
E.coli(DH5a) and grownon LBy, agar plates at 37 °Cfor12-16 htoyield
around 200 colonies. Then, 20 (reporter EUs) or 32 (synTF A or BEUs)
colonies from each level 2 library were picked separately into 1 ml of
TBy,,and shaken overnight at 37 °Cand 900 rpm. Next, 200 pl fromthe
20 or 32 cultures associated with eachlevel 2 library was combined and
miniprepped using aQiagen kit. Separate level 3 base library assemblies
were carried out for each of the six possible circuit orientations, and
purified using aminiprep column (Epoch Life Sciences), electroporated
(Bio-Rad) into 15 pl of electrocompetent cells (10-beta, NEB) and then
plated onto 15 cm LBs,. agar plates for16-20 h (37 °C) toyield around
200,000 colonies. Cells were scraped and miniprepped separately
using the Qiagen kit.

Level1assemblies for the multi-input expansion library were gener-
ated separately for each new part (24 in total) by combining balanced
pools of level O part plasmids while holding the new parts constant
(Fig. 4b and Supplementary Fig. 27a,b). After transforming, scraping
and miniprepping these new part libraries as described above, level 2
assemblies were generated for each new part, transformedinto 20 pl of
chemically competent E. coli (DH5a) and grown on LB,,, agar plates at
37 °Cfor12-16 htoyield around 50-100 colonies. To sample composi-
tional diversity within each new part library, 10 colonies from each plate
were picked into1 mlof TB,,,, shaken overnightat 37 °Cand 900 rpm,
pooled and miniprepped using the Star Liquid Handler (Hamilton) to
generate 72 level 2 new part libraries. Each of these libraries was then
assembled with five-member level 2 pools from the base library that
corresponded to positions not containing the EUs with the new parts,
alongwiththe BFPbarcode EU pool. These level 3 assemblies were then
pooled on the basis of their orientation, column purified, electropo-
rated (Bio-Rad) into 7.5 pl of 10-beta electrocompetent cells (NEB), and
then plated onto 10 cm LB, agar plates for 16-20 h (37 °C) to yield
around 100,000 colonies. The libraries were scraped and miniprepped
separately using the Qiagen kit.

Long-read plasmid sequencing

To generate indices linking assembled constructs to their associated
DNAbarcodes, we used Oxford Nanopore Technology (ONT) long-read
sequencing®*, Libraries were prepared for long-read sequencing by
digesting 2 pg of a level 3 plasmid library using Esp31 (Thermo Fisher
Scientific) and purifying linearized fragments using a 0.5x volume of
magnetic beads (Omega Bio-Tek) by volume. Nanopore sequencing
adapters were added to the linearized DNA pool using the LSK-112 or
LSK-114 ligation sequencing kit (ONT) and sequenced using onaMinlON
Mkl1b device (ONT) equipped with an R10 flow cell (FLO-MIN112) or
R10.4.1flow cell (FLO-MIN114). Basecalling was performed using Guppy
or Dorado (ONT, super high accuracy mode) running on a GPU (Nvidia
RTX3090). Composition and barcode assignment was performed
using WIMPY (what’sin my pot, y’all) (Supplementary Fig. 6), a custom
MATLAB analysis pipeline composed of six discrete modules that con-
verts basecalled Fastq filesinto a part composition array and barcode
sequence for each Nanopore read (Supplementary Fig. 6). In brief,
WIMPY first uses Fastqall (1) toimport and consolidate basecalled fastq
files, followed by Bowtiles (2) toindex the reads to a constant regionin
thelevel 3 plasmid backbone. In this study, the puromycin-resistance
cassette (PuroR) was designated as the constant region and, after index-
ing to PuroR, reads were filtered to remove incomplete assemblies
and non-library fragments. WIMPY then calls Tilepin (3), which uses
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localized containment searching (also known as tiling) to identify
important genetic landmarks, such as ORFs, to define the different
sections of the sequence (for example, reporter array, synthetic TF cod-
ing region or barcoded BFP EU). Chophat (4) then truncates the reads
intosmaller arrays based on the previously identified landmarks to aid
lateridentification of individual parts. WIMPY then calls Viscount (5a)
or FASTar (5b). Viscount determines compositions for filtered reads
by identifying and assigning genetic parts through a combination of
general Smith-Waterman alignments®® and localized containment
searches. Thisis done by splitting the reference sequence into 6-10 bp
tileswithalbp stride, after which Nanopore reads are queried for the
number of tiles contained for each part reference sequence. FASTar
uses the same localized containment searches butindexes the location
and number of observed reference sequences, and is used to identify
repeated sequences, such as the number of BMs in the single-input
library or BM patternsin the dual-input library. Reads containing >3%
of'tiles for areference sequence are assigned while reads with more
than one reference assignment are discarded. Barcode sequences for
eachread are concurrently determined by Barcoat (5¢), in which the
sequence section downstream of the BFP EUis aligned to a degenerate
reference sequence using a custom alignment matrix.

Cell culture

HEK293T cells (ATCC CRL-11268) used in this study were cultured under
humidity control at 37 °Cwith 5% CO, in medium containing Dulbecco’s
modified Eagle medium (DMEM) with high glucose (Gibco,12100061)
supplemented with10% FBS (GeminiBio, 900-108), 50 U mI™ penicillin,
50 pg ml streptomycin (Gibco,15070063), 2 mM L-alanyl-L-glutamine
(Caisson Labs, GLL02), hereafter, complete DMEM. HEK293T-LP cells
without and with integrated libraries were maintained in complete
DMEM supplemented with 50 pg ml™ hygromycin B (Sigma-Aldrich,
H3274) and 1 pg ml™ puromycin (Sigma-Aldrich, P8833), respectively.
All cell lines tested negative for Mycoplasma.

Single-copy library integration

Toestablishalanding pad (LP) cellline, low-passage HEK293T cells were
co-transfected with a dual Cas9 and gRNA expression vector (pX330-T2)
targeting the human AAVSI locus®” and a Pmel-linearized (NEB) repair
template comprising a constitutively expressed YFP-HygR-expression
cassette with a BxBl attPrecognition site flanked by 800 bp homology
arms for the human AAVS1 locus (pROC079) (Supplementary Fig. 7a).
Genomicintegration events were selected using 50 pg ml™ hygromycin
B, and YFP* cells were flow sorted to isolate clones (WOLF, NanoCel-
lect). Clones were expanded to 24-well plates and tested for integration
competency by integration of an attB-containing destination vector
and subsequent flow cytometry, as well as for the presence of the intact
LP cassette at the AAVSI locus using PCR (Supplementary Fig. 7c and
Supplementary Table1). gDNA was extracted from each clonal popula-
tion (Omega Bio-Tek) and 50 ng of gDNA was used as the template in
a 25 plreaction along with 0.25 pl of Q5 polymerase (NEB), 0.5 pl of
10 mM dNTPs, 5 pl of 5% Q5 polymerase buffer and 1 pl of each 10 pM
genotyping primer. Primers were specific to the native AAVSI locus, LP
or destination vector. The thermocycling protocolwas 2 minat 98 °C,
followed by 30 cycles of 98 °Cfor20's, 65 °C for 20 sand 72 °C for 1 min,
with afinal step of 72 °C for 5 min. Alist of all of the genotyping primer
sequencesisprovidedin Supplementary Table 1. Weidentified aclone
(LP79 36) that demonstrated BxBl-dependent, single-copy integration
of vectors containing an attB recognition site and used this cell line
for all of the following experiments. We verified single-copy genomic
integration of the LP cassette by droplet digital PCR using primer sets
for the engineered locus (Hygro) and a pair of previously validated
native genes (beta actin and POTP) (Supplementary Fig. 7d). In brief,
each 25 pl reaction was composed of 12.5 pl of EvaGreen Supermix
(Bio-Rad), 1.25 pl of each primer (diluted to 2 uM), 20 ng of gDNA and
0.1l of HindIII (NEB). Droplets were generated in the QX600 Droplet

Generator (Bio-Rad) by combining 20 pl of each reaction with 70 pl of
Droplet Generation Oil (Bio-Rad). PCR was performed on 40 pl of the
emulsified reaction using the following protocol: 5 min at 95 °C, then
40 cycles of 95 °C for 30 s and 60 °C for 1 min, followed by 5 min at
4°Cand5minat90 °C. The PCR results were then analysed using the
QX600 Droplet Reader (Bio-Rad). All of the resulting concentrations
were normalized to the HEK293T beta actin control.

Tointegrateindividual constructs,1.25 x 10° cells were plated into a
24-well plate 1 day before transfection. The well was co-transfected with
250 ng of alevel 3 vector containing a construct of interestand 125 ng
of BxB1 expression plasmid (Addgene, 51271) using JetPrime (VWR)
(Supplementary Fig. 7b). pCAG-NLS-HA-Bxbl was a gift from P. Pelczar
(Addgene, 51271), Then, 2 days after transfection, cells were passaged
into complete DMEM containing1 pg ml™ puromycin and selected for
10 days to achieve homogenous expression. Library integration was
performed by co-transfecting HEK293T-LP cells with 250 ng of plasmid
library and 125 ng of BxB1 per 200,000 cells (384-member library =
1 millioncells transfected; 166,000-member base library =100 million
cellstransfected; 166,000-member sublibrary =10 million cells trans-
fected; 3.4 x 10°-member base library = 200 million cells transfected;
3.4 x10°-member expansion library = 200 million cells transfected)
using JetPrime. Medium exchange was performed after 8 h and cells
were expanded for an additional 40 h, splitinto five culture dishes and
grown for 6-8 days under puromycin selection. Cells were passaged
1:3 and cultured for an additional 5 days under puromycin selection,
and then combined in complete DMEM for flow sorting (10 million
cells per ml).

To determine the clonal variability within LP-integrated cell popula-
tions, weintegrated a constitutively expressed mCherry EU according
to the protocol described above. We then randomly sorted 23 clones
fromthe population (WOLF, NanoCellect) and measured their mCherry
expression (Supplementary Fig. 7e). We calculated the MAE for this set
(MAE = 0.08) and used this value to define an expected error range from
clonal heterogeneity (ERCH), which represents the expected variability
of cellsfromanintegrated population. For the 384-member library, the
expression ERCH was set to 0.08 on either side of the expected value.
For all libraries constructed as part of the single-inducer circuit class,
the FC ERCH was calculated to be 0.16 on either side of the expected
value. For libraries associated with the multi-input design space, the
expression level ERCH was calculated to be 0.16 on either side of the
expected value.

Flow sorting

To prepare libraries for flow sorting, cells were lifted using TrypLE
(Gibco), washed twice with PBS and resuspended in complete DMEM
(10 Mcells per ml). For the 384-member library, the mRuby expression
distribution was divided into 10 evenly log-spaced bins on the Sony
MA900 system set to purity mode (Supplementary Fig.11). The number
of cells collected for each bin was proportional to the percentage of
the mRuby distribution expressed in that bin, with a target of around
125,000 cells sorted in the most populous bin (for example, 2,252 cells
were collected for bin1(0.53% of library), 126,562 for bin 4 (29.78% of
library)). For the single-input base and fine-tuning libraries, cells were
split and grown in DMEM either with 1 tM 4-OHT (Sigma Aldrich) or
without 4-OHT for 72 h (Supplementary Fig. 16 and Extended Data
Fig. 6e). The eGFP expression distributions for both conditions were
then divided into eight evenly log-spaced bins. Cells were sorted into
binsin proportionto therelative abundance of the library ineach bin,
with the most populous bin set to collect 3 million cells and around
0.5 million cells in the single-input and fine-tuning libraries (Fig. 2d
and Extended DataFig. 6d), respectively. For the multi-input base and
expansion libraries, cells were splitand either grown in DMEM contain-
ing1 uM 4-OHT (Sigma-Aldrich), 20 pM GZV (MedChemExpress),1 pM
4-OHT and 20 pM GZV or without inducers for 72 h (Supplementary
Figs.27 and 28). eGFP expression distributions for each condition were



then divided into eight evenly log-spaced bins and sorted in propor-
tion to abundance, with the most populous bin set to collect around
1.5 million cells and around 1 million cells for the base and expansion
libraries, respectively. Arepresentative example of the flow sorting and
BFP gating strategy used for all library sorting experiments is shown
inSupplementary Fig.38. For all libraries, the sorted cells were plated
into 96-, 24- or 6-well plates to achieve a plating density of 10-30%,
grown under puromycin selection for 2 days, passaged and washed
with PBS, and grown for an additional 3 d. Cells were lifted using TrypLE
and total RNA was extracted using the Takara RNA plus kit according
to the manufacturer’s instructions (Takara). Then, 5 pl of total mMRNA
was converted to total cDNA using random hexamers accordingto the
manufacturer’s instructions (Verso, Life Technologies).

Short-read (Illumina) sequencing

To prepare the sorted libraries for short-read sequencing, barcode
regions were PCR amplified from cDNA in a 15 pl reaction with Phan-
tamax polymerase (Vazyme) and custom bin-specific primer sets
(IDT) using the following thermocycling protocol: 2 min at 98 °C,
then 12-18 cycles (depending on the library) of 98 °C for 20 s, 60 °C
for10s, 66 °Cfor10s, 72 °C for 20 s and then a final step of 72 °C for
2 min. The resulting amplicon pool was extracted from a 2% agarose
gel. Asecond PCRstep, whichused 6-10 cycles (library dependent) of
the thermocycling protocol for PCR step 1, added llluminasequencing
adapters (i5 and i7) and sample-specific sequencing barcodes using
Phantamax and custom primer sets (IDT), and the amplified product
was extracted from a 2% agarose gel. All primer sets used for NGS are
reported in Supplementary Table 1. Purified amplicons from each
bin were pooled at equimolar concentrations and sequenced using
the lllumina MiSeq (kit v2,300 cycles), NovaSeq6000 (Sp v1.5 kit,
300 cycles) and the NextSeq 2000 (P2 kit, 200 cycles) systems for
the 384-,166,000-, and 3.4 x 10°-member (both base and expansion)
libraries, respectively. lllumina data were basecalled using the DRAGEN
suite on basespace (lllumina), and further analysed using a custom
analysis pipeline (MATLAB; Code availability and Supplementary
Fig. 6). In brief, fastq files are imported and split according to their
sample-specific sequencing barcode. Barcode sequencing data are
converted to average expression for all compositions/variants as fol-
lows: (1) counts for each barcode in each sample/bin are normalized
tothe percentage of the library distributionin that binto account for
differencesinread depthacrossbins. (2) Aweighted average of number
of reads in each bin for each barcode is then calculated to assign an
average expression level (using abin to expression conversion table) to
eachbarcode. (3) Barcode expression levels are then cross-referenced
with the Nanoporeindices to assign average expression values for all
barcodes associated with agiven variantin an-by-ycell array, where n
isthe number of library variants and yis the (variable) number of bar-
codes for eachvariant. (4) For each variant, a Gaussian kernel density
estimation is performed over the log-normalized expression values
fromall barcodes associated with each variant, using the MATLAB func-
tion ksdensity. All local maxima that are not part of the dominant peak
were suppressed, and expression values corresponding to the largest
unimodal kernel density peak were assigned as the mean expression
value for each variant. For visualization of the reconstructed histo-
grams, secondary peaks are omitted.

Experimental validation of CLASSIC measurements

To assess the accuracy of CLASSIC measurements for both the EU and
single-input libraries, single cells were sorted from the integrated
cell populations into 96-well plates (MA900) and clonally expanded
from across the mRuby and eGFP expression distributions, respec-
tively. Isolated clonal populations, which are referred to as isolates,
were expanded to 24-well plates and the fluorescence distribution
was measured using flow cytometry (MA900). For the EU library, one
96-well plate of cells was sorted based on mRuby expression. For the

single-input base library, two 96-well plates of cells were sorted based
oneGFP expression fromthe uninduced cell library. For the single-input
fine-tuninglibrary, one 96-well plate of cells was sorted based on eGFP
expression from the uninduced population. For both the multi-input
base and expansion libraries, two 96-well plates of cells were sorted
based on eGFP expression from the uninduced cell libraries. After fluo-
rescence measurement under library-specific experimental conditions,
gDNA was extracted from each clonal population (Omega Bio-Tek). For
the EUand single-input libraries, the genetic variantin eachisolate was
identified by PCR-based amplification and Nanopore sequencing of
the LP locus using a forward primer in puromycin resistance cassette
and areverse primer in the BFP ORF (Supplementary Table 1). A set
of 30 different forward primers, each with defined barcodes, were
paired with acommon reverse primer to amplify the genetic variants
from each isolate and associate the genetic variant with the isolate
during Nanopore sequencing. Then, 50 ng of gDNA was used as the
template in a 20 pl reaction along with 10 pl of 2x PhantaMax Master
Mix (Vazyme), 1 pl of each 10 pM primer and brought up to 20 plin
nuclease-free H,0. The thermocycling protocolwas 2 minat 98 °C, then
30cyclesof 98 °Cfor20s, 65 °Cfor20s,72 °Cfor 5 min, followed by a
final step of 72 °C for 10 min. Each PCR reaction was extracted froma1%
agarose gel and column-purified using QG buffer (Qiagen) according
to the manufacturer’s instructions. Purified amplicons were pooled
and prepared for Nanopore sequencing using LSK-112 or LSK-114 liga-
tion sequencing kit (ONT) and sequenced with the R10 (FLO-MIN112)
or R10.4.1 (FLO-MIN114) MinION flow cell. Basecalling was performed
using Guppy (v.6.0.0,and 6.5.7) or Dorado (ONT, super-high-accuracy
mode) running on a GPU (NVIDIA RTX 3090). Composition and bar-
code assignment was performed using WIMPY, as described above.
This process yielded 15 isolates from the EU library (Supplementary
Fig.12b),40isolates from the single-input baselibrary (Fig.2d (middle),
Supplementary Fig.35a and Supplementary Table 2) and 8 isolates from
thesingle-input fine-tuning library (Extended Data Fig. 6fand Supple-
mentary Fig.35d). For isolates from the base and expansion multi-input
libraries, the circuit identity was determined by amplification of the
barcode sequence from gDNA, following the PCR protocol described
above, extraction from a 2% agarose gel and Sanger sequencing (the
primer sequences are provided in Supplementary Table 2). Using the
CLASSIC composition-to-barcode IDs to assign barcodes to circuit
variants yielded 14 and 13 mapped isolates from the base and expan-
sion libraries, respectively (Supplementary Figs. 29 and 30 and Sup-
plementary Table 2).

MLP deep neural network regression for circuit behaviour
prediction

Model architecture and parameters. Fully connected MLP neural
network architectures were constructed for single- and multi-input
design spaces. The single-input model had four hidden layers with
160/80/40/20 neurons, a 39 x 1linput channel, and 2 output channels
for log,,-transformed basal and induced expression. The multi-input
model consisted of 5 layers 160/80/40/20/10 neurons, a 68 x 1 input
channel and 4 output channels. Input compositions were one-hot
encoded foreach part category and flattened into a39 x 1shape for the
single-input library and a 68 x 1shape for the multi-input library. Sto-
chasticgradient descent with momentum (sgdm) was used to optimize
theroot meansquared error loss function during training (momentum
parameter = 0.9), learning rate of 5 x 1072, and a piecewise learn rate
scheduler thatdropsthe learning rate by afactor of 0.5 every 10 epochs.
The batch size was 256.

Data splits for model training. High-quality test sets were constructed
from the single- and multi-input base library datasets (121,292 and
88,551 measured compositions, respectively), by randomly sampling
15% of compositions with >12 and >50 barcode-indexed reads (1,868
compositions and 953 compositions respectively). Flow cytometry
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measurements for isolates were removed from training datasets to
allow for unbiased comparisons against these measurements later.
The remaining datawere randomly split 90:10 into training:validation
sets containing 103,878 compositions and validation sets containing
11,532 compositions for the single-input library, and 48,031and 5,336,
respectively, for multi-input library. The validation set was used to
monitor training progress (Extended Data Figs. 3and 7), and for early
stopping with a patience parameter of 300 iterations. The model with
the best validation performance was returned and used to evaluate
performance on the high-quality test and isolate sets.

Data downsampling. For demonstrating the single-input model’s
tolerance to lower amounts of training data (Fig. 3f), compositions
were downsampled in increasing order of the number of barcoded
reads per composition, retaining compositions from >1 read to 240
reads to simulate scenarios in which lower amounts of higher-quality
dataare collected. The model was reinitialized and trained with anew
90:10 training-validation split from the remaining dataset for each of
the 40 downsampling iterations, which were all evaluated using the
high quality test set mentioned above.

Design space expansion through neural network fine-tuning. To
demonstrate single-input model fine-tuning, an MLP model with the
same architecture and hyperparameters was trained on the original
library, with two extra input encoding slots to represent new parts
that would be added during fine-tuning. For the multi-input library,
the base model already contained extra input slots for new parts.
Ahigh-quality test set was created, as described above, from the expan-
sion library datasets, with anincreased barcoded read count thresh-
old of 40 (single-input) or 50 (multi-input). The remaining data were
split 90:10 into a training and validation temp sets. These sets were
combined with 2,000 compositions from the base training set and
500 compositions from the base validation set to avoid memory loss
duringtraining (Extended Data Fig. 6g,h). The combined validation set
(with base and new compositions) was used for early stopping and all
hyperparameter optimization as described above, except for the initial
learning rate, which was changed to 5 x 1073, The model performance
was evaluated on the high-quality test sets and used to construct indi-
vidual variants across the behaviour space.

Ml calculation
Foragiven pair of features inaregion of design space, Mlwas computed
using the following formula:

px,y)
2 PO, 50)

X,y

wherexandyare2 different features of thelibrary, and p(x, y) represents
thejoint frequency for specificxand y combinations divided by the total
number of pointsin the dataset. p(x) and p(y) represent the fractional
frequency of the corresponding parts by themselves.

SHAP and UMAP clustering

For both the single- and multi-input design spaces, SHAP values were
used to assess the contribution of each feature in the HFC and AND/
OR-like regions of behaviour space, respectively. For each model, SHAP
values were computed by fitting a SHAP explainer model across 500 ran-
domly sampled training points and then predicting on 200 randomly
sampled points sampled from the regions of interest. These values were
averaged across expression conditions and within part categories to
generate region-specific SHAP scores for each part category.

For the 166,000-member library, UMAP dimensional reduction
was performed on the ten categorical part encodings for part com-
position data from variants in the HFC (>25-fold region) region of the
behaviour space, using the run_umap functionin MATLAB with aJaccard

distance metric. To identify the optimal number of clusters, agap test
was carried out onthe 2D projection using the clusterevaluation func-
tion in MATLAB. HFC compositions were assigned to clusters using
the kmeans function in MATLAB. Cluster stability was determined by
performing 100 independent rounds of UMAP projection and k-means
clustering, recording cluster affiliationin eachiteration,and computing
the cluster stability index and adjusted rand index. We then assigned
compositions to clusters the most stable UMAP projection from the
100 runs mentioned above. Clustering and computation of the cluster
stability for AND-like and OR-like circuits from the multi-input library
was performed as described above for the single-input library, but on
the 15 categorical part encodingsin either region. For display purposes,
boundaries have been manually drawn around each cluster.

KL-divergence computation

For multi-input circuits, expression levels were normalized to relative
abundances by dividing them by the summed expressionacross the four
induction conditions (noinducer/4-OHT/GZV/both) creating probabil-
ity distributions suitable for computing Kullback-Leibler divergence
(Dy,) against ideal AND and OR gates, using the following equation:

- &)
Dy, = Z p(x). ln(q(x)j

Where p(x) represents the normalized distribution across the four
conditions, and g(x) refers to the probability of theideal AND [0.01, 0.01,
0.01,0.97]and OR[0.01, 0.33,0.33, 0.33] gate across the four induction
conditions. Low Dy, valuesindicate high similarity toideal AND and OR
distributions. Crucially, high Dy, values can result from a wide variety
of distributions, whereas low Dy, values reflect arestricted and highly
specific set of behaviours closely resembling theideal AND or OR gate.

Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability

All Nanopore and Illumina sequencing datasets generated in this
study are available from the Sequencing Read Archive (BioProject:
PRJNA1347054).

Code availability

All custom scripts used for Nanopore sequencing data analysis are
available at GitHub (https://github.com/cbashorlab/WIMPY). Code
associated with Illumina data analysis and model training are avail-
able at GitHub (https://github.com/cbashorlab/CLASSIC). All other
scripts used to generate any analysis in addition to those provided
above are available on request.
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Extended DataFig.1|Overview of 166K-member gene circuit library arerepresented to theright. ¢, Nanopore sequencing read-length distribution

construction. a, Timeline of library construction process from level O part oflevel 3 single-inputinducible circuit library, with the relative proportion of
fragments to level 3 libraries. b, Schematic of the construction strategy for eachidentifiable DNA product denoted: library members (pink), re-circularized
eachlevel of the assembly process (grey boxes), withnumber of cells indicated level 3 destination vector (orange), empty level 3 destination vector (dark grey),
forassembly transformation and plating (brown circles, 10 cm plates; brown contamination fromlevel 0,1, or 2 genetic parts (light grey), or unidentified
rectangles, autoclave trays), colony scraping, and HEK-LP transfection DNAsspecies (blue).

(pinkcircles, 10 cm plates). The inputs and products for each assembly level
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Extended DataFig.2|166k-member library balance and barcoding analysis
metrics. a, Confusion matrices showing the percentage of reads unambiguously
assigned toeachgenetic part (on-diagonal) and reads ambiguously linked to
two parts (off-diagonal) following level 3 library assembly. Individual values
representing <0.5% of the total reads are not shown. The percentage of reads in

whichapartidentity could notbe determined are shown at the bottom of the
respective part confusion matrices. b, Number of barcodes determined tobe
uniquely mapped toasingle composition (“unique”) or multiple compositions
(“non-unique”), as determined from Nanopore sequencing analysis of the level
3library.
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Extended DataFig. 3| Comparisonand optimization of ML models. a, Top:
schematic outlining the process of generating training (light grey), validation
(blue), test (purple), andisolate (navy) sets. CLASSIC datasets are first divided
into high- (>12barcodes, dark grey) or general-quality (<12 barcodes, light grey)
setsbefore generating the training, validation, and test splits. Bottom:
comparison of the performance of 5different model classes (linear regression,
quadraticregression, random forest (RF), convolutional neural network (CNN),
and multi-layer perceptron (MLP)) for predicting circuit behaviour using varying
amounts of training data (x-axis), asmonitored using test (purpleline), validation
(lightblueline), and isolate (navy line) set r* values (y-axis) (see supplementary
textsectionS3.5). Grey shaded region oneach plotrepresentsaregime inwhich
thetraining setisdominated by general-quality reads. For the selected model
class (MLP), training curves of the root mean squared error (RMSE) and loss for
thevalidationsetare provided. b, Basal (purpleline) and induced (navy line)

r*values for predicted vs observed CLASSIC expression from the trained MLP.
Insetsrepresent CLASSIC vs predicted measurements for >1(bottom left,
r*=0.43)and >12 (top middle, = 0.80) barcodes per composition, and the
number of compositions forincreasing number of barcodes per composition
(bottomright). c, Hyperparameter optimization (HPO) of the MLP, monitored
using the validation set: learning rate (LR, y-axis) for different numbers of
layers (x-axis) with 4 layers and alearning rate of 5 x 102 providing highest r
(red outline) (top); solver choice, with SGDM leading to the highest r* (red bar)
(bottom left); momentum, withamomentum of 0.9 providing the highest r
(redcircle) (bottomright).d, Comparing ground-truth basal expression (left),
induced expression (middle), and fold change measurements (right) (x-axis)
with HPO MLP predictions (y-axis) for the isolate set (r* = 0.96,r* = 0.91,

MAE =0.22, respectively, n=40).
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Extended DataFig. 6 | Fine-tuning model. a, Schematic depictinga proposed
method for expanding the model-predicted design space (red) toinclude 2 new
parts (NFZ and no IDP) by fine-tuning the model using smalllibraries of new
parts (green) (left). Representation of the position of the new partsinthe synTF
architecture (right). b, Schematic outlining the assembly strategy to retroactively
addthe TANFZ tothe design space. Transparent green boxes signify individual
plasmids or plasmid pools that contain the new part. ¢, Schematic outlining
theassembly strategy to retroactively add IDP-less variants the design space.
Transparent green boxes signify individual plasmids or plasmid pools that
containthe new part.d, eGFP distributions for the new libraries to explore this
sub-space. e, Table of the number of cells sorted into each bin for both inducer
conditions during flowSeq. f, 8individually constructed variants from the sub-
space to validate CLASSIC measurements. Grey region, ERCH; Green square,

HFCregion.g&h, Comparison of basal eGFP expression predictions and CLASSIC
measurements for a high-quality test set of compositionslackinganIDP (panel g)
or containing an NFZ TA (panel h), using either abase model (white dots with
black outline, r>=0.90 or r*= 0.81, respectively) or a fine-tuned model (purple
dots, r’=0.94 or r* = 0.89, respectively) (left). Breakdown of the basal (purple)
andinduced (teal) expression prediction accuracy withincreasing amounts of
fine-tuning data from the IDP lacking (g) or NFZ-containing (h) libraries, as
assessed by monitoring the test set r* (middle). A 2D map outlining the amounts
ofbaselibrary and no IDP library (g) or NFZ-containing (h) datarequired for
optimal fine-tuning of the base model, as determined by the test set r* (right).

i, 11individually constructed variants from the sampled (teal) and un-sampled
(red) expanded design space to validate fine-tuned model predictions. Grey
region, ERCH; Greensquare, HFC region.
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Extended DataFig. 8| Validation of model predictions withindividual
measurements. a, Flow cytometry was used to measure basal, OHT-induced,
GZV-induced, and dual-induced eGFP expression levels for 36 individually
constructed cell lines harbouring integrated circuit compositions sampled
fromacross the multi-input library behaviour space. Green bar plots (flow
cytometry measurement) and dotted red outlines (model predictions) are
shown for each circuit for all four conditions (far left, basal; middle left,

4-OHT-induction; middle right, GZV-induction; far right, dualinduction).
Barsrepresentthe mean of the expression distribution for asingle measurement.
KL-divergence (Dy,) from AND (top) or OR (bottom) gate shown below each plot
(prediction, red; measurement, green). Numbersingrey circles representan
index for that circuit. Alegend explaining the layout of each plotis shownina
greyrectangle.b, The AND-OR coordinates of each cell line (green dots),
superimposed on the contour of the design space (grey).
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Extended DataFig. 9 |Extended AND-gate clustering analysis of the
multi-inputlibrary. a, Clustering of the multi-input AND-like behaviour
space (top left) and part usage across the clusters.b, AND cluster expression
distributions across the 4 input conditions (basal, black; 4-OHT, navy; GZV,
orange; Both, green), represented by boxplots outlining the interquartile range
(IQR) (box), the median (white band), and the median +/-1.5x IQR (line ends).

Median values are shown to the left of the plot. Sample sizes (n): Cluster
A=11,167, Cluster B=9,854, and Cluster C = 3,627. ¢, Cluster stability analysis
of compositionsin the AND-like behaviour space by computing the cluster
similarity index (top) across 100 UMAP projections and cluster calculations,
and adjusted rand index (bottom) across every pairwise combination of
clustering results across the100 UMAP projections and cluster calculations.
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Extended DataFig.10|Extended OR-gate clustering analysis of the multi-
inputlibrary. a, Clustering of the multi-input OR-like behaviour space (top left)
and partusage across the clusters. b, OR cluster expression distributions
across the 4 input conditions (basal, black; 4-OHT, navy; GZV, orange; Both,
green), represented by boxplots outlining the interquartile range (IQR) (box),
the median (white band), and the median +/-1.5x IQR (line ends). Median values

areshownto the left of the plot. Sample sizes (n): Cluster A=9,240, Cluster
B=7138, Cluster C=2,908, and Cluster D =1,545. ¢, Cluster stability analysis
of compositionsin the OR-like behaviour space by computing the cluster
similarity index (top) across 100 UMAP projections and cluster calculations,
and adjusted rand index (bottom) across every pairwise combination of
clustering results across the100 UMAP projections and cluster calculations.
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Software and code

Policy information about availability of computer code

Data collection Flow cytometry data were collected using Sony MA9S00 Software. All Nanopore sequencing data were collected using minKNOW and
basecalled using Guppy and Dorado software packages (version 6.0.0 - 6.5.7, as appropriately available on https://nanoporetech.com/
software/other/guppy/history) from ONT. All lllumina sequencing data were collected and basecalled using Basespace and the DRAGEN suite.

Data analysis Flow cytometry data were analyzed using FCS Express 6. All Nanopore and Illumina sequencing data were analyzed using custom scripts
developed in Matlab 2022a & 2024a (detailed description in supplementary information). Custom scripts developed for analysis of nanopore
data are available on the github repository - github.com/cbashorlab/WIMPY. This includes the entire WIMPY software suite, including the
functions fastqall, tilepin, bowtile, chophat, viscount, fastar and barcoat (no specific software version). All custom scripts used to analyze
illumina data are provided on the github repository - github.com/cbashorlab/CLASSIC.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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All nanopore and lllumina sequencing datasets generated in this study are available from the Sequencing Read Archive (BioProject ID PRINA1347054).
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size Sample sizes for library construction were not predetermined. We aimed to get between 10 and 100x coverage of our library at each of the
stages of the CLASSIC process: construction, genomic integration, and phenotypic selection.

Sample sizes for validation experiments were determined by balancing practical constraints with the need for comprehensive behavior space
coverage. We constructed a minimum of 8-40 individual variants for each library validation, strategically sampling across the full range of
predicted behaviors rather than random sampling. We chose mean absolute error (MAE) as our primary validation metric because it provides
a direct measure of prediction accuracy that is robust to outliers and doesn't require the distributional assumptions of correlation-based
metrics. Unlike Pearson's correlation, which can be misleading with small samples or non-linear relationships, MAE gives an interpretable
measure of how far off our predictions are in actual fluorescence units. The sufficiency of our sample sizes is demonstrated by: (1) the
consistency of MAE values across different library validations (MAE ranging from 0.07-0.32), (2) the agreement between CLASSIC
measurements and ground-truth isolates across multiple independent experiments, and (3) the successful experimental validation of model
predictions for edge-case behaviors like high fold-change and Boolean logic gates.

Data exclusions  Barcode sequences corresponding to multiple different genetic compositions were excluded from analysis, as mentioned in supplementary
information. This filtering step was a predetermined exclusion requirement that aimed to improve the accuracy of the measurements, as
multiple compositions linked to a single barcode generate noisy, innaccurate measurements. No other data were excluded.

Replication In order to validate reproducibility of our technique, we repeated construction, integration, sorting, and data analysis of a 384-member library
(fig. S12C and D). Additionally, for each library we compared the behavior of CLASSIC measurements to individually constructed and measured
library members (n=15 for 384-member; n = 40 for 166k-member; n = 27 for 3.4B-member). All attempts at replication were successful.

Randomization  Not relevant since data were quantitative and did not require subjective grouping.

Blinding Not relevant since data were quantitative and did not require subjective grouping.
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Plants

Eukaryotic cell lines

Policy information about cell lines and Sex and Gender in Research

Cell line source(s) HEK293T (ATCC, CRL-11268, Female), HEK-LP (derived from HEK293T as described in the Methods and Supplementary Text)

Authentication HEK-LP cell line was authenticated by standard PCR and ddPCR and clones isolated from the library were authenticated by
PCR of the integrated locus and subsequent Nanopore amplicon sequencing (as detailed in the Methods). No further
authentication has been conducted. HEK293T cell line was not authenticated.

Mycoplasma contamination Cell lines tested negative for mycoplasma contamination.

Commonly misidentified lines  No commonly misidentified cell lines were used in this study.
(See ICLAC register)

Plants

Seed stocks n/a

Novel plant genotypes  n/a

Authentication n/a

Flow Cytometry

Plots
Confirm that:
The axis labels state the marker and fluorochrome used (e.g. CD4-FITC).

The axis scales are clearly visible. Include numbers along axes only for bottom left plot of group (a 'group' is an analysis of identical markers).
|Z| All plots are contour plots with outliers or pseudocolor plots.

|Z| A numerical value for number of cells or percentage (with statistics) is provided.

Methodology

Sample preparation Cells were washed twice with PBS and resuspended in complete DMEM at a concentration of ~10M cells/mL

Instrument Sony MAS00




Software Sony MAS00 software, FCS Express 6
Cell population abundance BFP and GFP or mRuby expression: the purity of post-sort fractions were confirmed by flow cytometry.

Gating strategy Cells were gated on a constant BFP+ expression gate after gating for single cells. The BFP+ gate was determined using a
negative control sample (HEK293T WT).

Tick this box to confirm that a figure exemplifying the gating strategy is provided in the Supplementary Information.
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