











bioRxiv preprint doi: https://doi.org/10.1101/2023.03.16.532704; this version posted March 17, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

A
FUNCTIONAL MAPPING OF CIRCUIT DESIGN SPACE

B
ML PREDICTION OF CIRCUIT BEHAVIOR

D

CLASSIC library measurements

121,292 circuits

Gl

10

HFC:10,203 s+~

10*

@

10

induced expression eGFP fluor. (AU)

Ylow basal: 34,756

T T T T

10°
basal expression eGFP fluor. (AU)

10¢

T T T T T

10°

HFC circuits

in=15..°
102_E o 7
3 ] o .
E 4 unmeasured: .- .............
< 104 i‘l/’f\f’: 017 & e
3 = ® ".
2 ] o O, [2) P
2 ] X
Y R & *®
“% 1 .”' measured:
MAE=0.19
0
10 €4 o Pl
L ]
TTTTIT T T T UV TTram T T T T oIrrn
100 10! 102

fold-change cell lines

5 3
n=12 hPGK
mCMV
or]

10°
eGFP fluor. (AU) 3%9%P

10°

108

PART USAGE COUPLING

BM #
e

ID orient

| 4
core
@ POs.2
spacer
mutual
information.

(bits)

train ML model

basal

| i importance 35
<
—~ -4 —310A -3 -
S 104 1010210410 =
< o
c prom. =1
] AD =
‘a IDP i
¢ $

o ZF
c
) term. o
o v
1] sp. 1 §
S #BM a
e pMin )
I sp.2 T
& ¢ ori(fnt §
- - 3
£

108 10* 10°
CLASSIC expression (AU)

61.4 i
76.0; i
10° 10°
3''n=8 5'[EF1a
[ HNR IR
250 bp
633 |}
69.4 /

10°

10®
5’ EF1a 3’ n=8
b

mCMV

250 bp
X0
5 3
n=12 EFla
mcMy
ES
oute

0bp

= 310"
— 5:102
— 5:10°

ML model of complete design space

predict unmeasured 165,888 circuits
10517, - 23, 105 6,970 /]\
104. y: § R ------------------------
1034 [ 44,596 ]
fg 15,903 circuits 1043 11,988
fit measured
105155055563 J avg. model error
1 102, ) |
104 E /J/')?F 2
100] [ 121,292 E ’ !
\d 42 14’ circuits e 558,044 0
103 104 105 108 104 108

basal expression eGFP fluor. (AU)

C
PART USAGE DISTRIBUTION

s

IDP

E

awv []
EF1al
VPR prom.| “eov ]
VP64 hPGK |_|
VP16 —
p65 T[]
ip)
high term.| N
med 71
low -
spacer Obp |
FusN 250 | |
DDX4 500 ||
HNR
SRSF
0. 1 05 1.0

synTF coding -

part frequency fold enrichment

HIGH FOLD-CHANGE PART USAGE

~]

CLUSTERA
1,195
circuits

TF affinity

o 18 |ias  |Bsa

P T

L
i
-1 =88

15 20

reporter O ll

n=:
mCMV
YbTATA
miniTK

0bp
250
500

C>R
orient. R C

core
prom.

spacer

B LI S & SIL8 S&F
. . 9 o . X
C . '3' . };J' prom. IDP BM #
o i @ 400
RISl R [ | TR 1T M
o ?° .
< ¢ % ee %" 2000
e SN | T 1Y 1 T PR/
AT CLUSTER B: 5,775 circuits SLSF ZILE RN
e, S&LQ <<°QQ IE Ty
F
HIGH FOLD-CHANGE CIRCUIT DESIGN
LOCUS DESIGN synTF DESIGN
orient
RoC | 1 (A ‘e
ﬂ extened | | medium o ;2 strong AD
- + spacing « expression ) : VPR
s00tp l_ EFla,pGK ANy ol

—ED} "mi— -

) - I

high
valency
=12,8

strong term.

core prom. preference
mCMV, 77
ybTATA

o

IDP preference
S, FusN

med & ;Q med. AD

high 'z VP64, VP16

afﬁnlty

F o



bioRxiv preprint doi: https://doi.org/10.1101/2023.03.16.532704; this version posted March 17, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Figure 4. Analysis of CLASSIC library behavior space reveals gene circuit design
rules. (A) ML model of inducible synTF circuit behavior space. Left: Basal and induced
CLASSIC measurements were plotted as a contour plot [contours, light to dark: 97.5%,
90%, 70%, 50% of total measurements]. Highlighted regions bounded by dotted lines:
low basal (<500 AU), purple arrow; high induction (>70k AU) blue; high fold change (HFC)
(>25x, green). Values in the plot indicate the number of compositions in each region.
Middle: RF of with 80:20 train:test split for basal and induced CLASSIC data [training data
(grey) plotted against test data (purple, basal; blue, induced). Right: Contour plot of RF
modeled design space for unmeasured compositions predicted by the RF model, meas-
ured circuits, and combined data (complete design space). Inset: average model error
between the CLASSIC-derived measurements and RF-computed values. (B) Experimen-
tally validating ML prediction of circuit function. Fold-change values for cell lines from
unmeasured configurations (red) and measured configurations (green) were plotted
against CLASSIC-derived values. Black dots, isolates displayed at the periphery of the
panel; MAE, mean average error; grey region, ERCH, error range of clonal heterogeneity.
AU, arbitrary fluorescence units. (C) Genetic part usage in highlighted regions of behavior
space. Part fold enrichment is calculated by dividing observed part occurrence by ex-
pected part occurrence from a balanced library. Red text, categories with high asymmetry
used for cluster analysis. (D) Mutual information between part categories in different re-
gions of behavior space. MI between part categories is denoted by red line thickness. (E)
Clustering analysis of HFC circuit designs. High asymmetry part categories were chosen
for UMAP dimensional reduction followed by K-means clustering. Bar plots denote num-

ber of part occurrences within each cluster. (F) Strategies for engineering synTF circuits
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with high fold change behavior involve combining design elements that maximize induc-

tion while limiting leaky basal expression.
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