Supplementary Material

1 Development of a Kinetic Model for Limonene Synthesis

Below is a detailed account of each reaction in the limonene pathway including likely
inhibiting metabolites. When put together this provides a solid starting point for a
mechanistic metabolic model for limonene production.

1.1 Reaction 1

Acetyl-CoA is converted to acetoacetyl-CoA using acetyl-CoA acetyltransferase (AtoB)

using a ping-pong mechanism. This enzyme is inhibited by

2 acetyl-CoA AtB oA + acetoacetyl-CoA

The ping pong mechanism of this reaction is illustrated as
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The mass action law describing this mechanism of reaction 1 (R;) can be described by
the following system of ordinary differential equations
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Using the quasi-steady state assumption this can be rewritten in a Michealis Menten
formulation. The resulting equation which describes the pathway product in terms of
substrate concentrations is given by
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. Kleos
= Koy + Kss
where

K1 = kakekpkyo

Ky = keikeokpo + kerkpi(kea + kr2) + keak pokr

K3 = (ko1 + ke2)kfik o

1.2 Reaction 2

Acetoacetyl-CoA is converted to HMG-CoA by HMGS using a 3 step ping pong mecha-
nism reaction involving an acylation, a condensation, and a hydrolysis [10]. The reaction
is given by:

HMGS

acetyl-CoA + acetoacetyl-CoA + Ho O ——— HMG-CoA + CoA

The three step ping pong mechanism is as shown below

P1 P2
k1 kfo
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where p; is CoA and ps is HMG-CoA. The resulting differential equations for this system
are given by:

((s1 = kpic— kpisie
é = kpic+ keassc® — kpisie
c= k‘f181€ — ]{IHC — k‘ch

p1 = keic

Ry € = koc+ kyoc® — k}f2826*

59 = kpoc® — kyposoe”

¢" = kpasoe™ — keps3c® — kpac®
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Assuming quasi-steady state and constant HoO concentration yields the Michaelis Menten
equations
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Kieps1s2
Kos1 + Kgso + K48189

D2
where
Ky = kakekikya
Ko = ko keakypass + keakpakr1ss
K3 = kerkeok 153 + kerkpikro
Ky = kekpikpa + keokpikpass

1.3 Reaction 3

Guessing an ordered sequential reaction mechanism with two competitive inhibitors with
respect to HMG-CoA. This reaction is inhibited by acetyl-CoA and acetoacetyl-CoA
[7]. Because of similarity in substrate and inhibitor structure I am assuming that it is
competitive with respect to HMG-CoA.

HMG-CoA + NADPH IMCER £ fevalonate + NADP+

kg1 kg2 ke1 kg3 kya
Sl+ek;\ c1+ 82 kﬁ Cy — C3 ?CAL‘FIH kﬁe-l-pz
rl 2 r3 rd

51 = kp1c1 — kyp1sie
€= kpic1 — kp1s1e + kpacy — krapoe — kypeir — kyppoein
¢1 = kfis1e — kpicy — kpasacr + kroco
89 = kpaco — kypasacy
¢y = kypasacr — kpaca — kerco
¢3 = ke1co + kp3prca — kypacs
R3 { ¢4 = kyzcs — kpapica + krapae — kracy
¢s = kypineir — kriics
¢ = kpineia — krioce
p1 = kp3cz — kpgpica
P2 = kypacy — krapoe
i1 = —kpaeir + keics

(12 = —kyineis + krioce

Assuming a roughly constant ratio of NADPH to NADP+ and quasi-steady state
enzyme balance we can write these equations more simply as:

K1608
Koi1 + K3io + Kys + K5

(1)

51 =

3



. Kleos
" Koit + K3is + Kys + K5
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1.4 Reaction 4

Mevalonate Kinase Proceeds via an ordered sequential mechanism. Where mevalonate
binds to the enzyme first, followed by ATP. After catalysis, phosphomevalonate is re-
leased followed by ADP [2, 9]. (Need to check if these are ordered in all species — looks
like hog and s.cerevisiea enzymes are quite different)

ATP + mevalonate ME, ADP + phosphomevalonate

The ordered sequential mechanism for Mevalonate Kinase

kg1 kg2 ke kg3 kya
S1+ek;‘ c1 + 82 kﬁ Cy — C3 ?044‘1)1 kﬁe-l-pz
rl 2 r3 r4

( 31 = krlcl — kflsle

€= kpic1 — kpisie + kpaca — krapae
¢1 = kpis1e — ke — kyasacr + kroco
S92 = kpocy — kypasacy
Co = kyfasacy — kpaco — keico
¢3 = keica + kp3prea — kyacs
Ry ¢4 = kgzcg — kpapica + krapae — kpacy
Cs = kypireir — kriics
Ce = kypineia — kriace
p1 = ky3cs — kr3picy
P2 = kyfacy — krapoe
i1 = —kpieir + krics

is = —kpineia + krinco

GPP and FPP are both competitive inhibitors of MK with respect to ATP [4]. In the
Streptococcus pneumoniae homolog of mevalonate kinase, diphosphomevalonate (DPM)
is an noncompetitive inhibitor with respect to both substrates. DPM binds at an al-
losteric site, and inhibition cannot be overcome by an increasing substrate concentration.
[1].

The resulting Michealis Menten Equations Assuming ATP and ADP are roughly
constant and two inhibitors

K1608
Koi1 + K3io + Kys + K5
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1.5 Reaction 5

Phosphomevalonate Kinase proceeds with a random sequential bi-bi mechanism in the S.
pneumoniae homolog. [8]. The enzyme is kinetically characterized in [3] for S. Cerevisiae,
however, in the paper they claim that it would be superior to use the better characterized
enzyme in S. pneumoniae.

ATP + phosphomevalonate PME, ADP + pyromevalonate

kg1 kg2 ke kg3 kya
Siltes=—— Cc1+8s+— g —>C3+=—C +Pp1=——¢€+D2
krl kr2 k7‘3 k’l‘4

51 = kr1aC1a — kf1as1€ + Erapc2 — kpapsicrp
S92 = kppc1p — kpipsze + kroaca — kf2452C14
€ = kr1aC1a + kr1vC1p — kf1p52€ — kp1a51€ + kfaaCaa + KpavCap — kraap2e — krappre

Cla = kf1a81€ — kr1ac1a + kpogco — kpag82¢14

c1p = kpipsae — kpiperb + kropco — kapsiciy
Rs5  ¢2 = kypag52c1a — kr2aCo + kpapsiciy — kropco — keco

¢3 = keca + kr3aCaapr — kp3acs + krspcapp2 — kr3pcs

P1 = kf34C3 — kr3aCaaP1 + KpapCap — krappre

P2 = ky3pcs — krgpcavP2 + KpaaCaa — Kraap2e
Cia = kf3aC3 — kr3aCaap1 + Kk faaCaa — Kraap2e

Cap = ky3pC3 — kr3pCapp2 + kpavcay — krappre

Briggs-Haldane Kinetics:

5 — _Kcateos

Kd + s

_ Kcateos

P Kqg+s

where
Kcat = kcl
k k
Kd _ clk+ rl
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1.6 Reaction 6

PMD proceeds with an ordered sequential reaction mechanism [5]. Ordered sequential
mechanism with mevalonate 5-diphosphate as the first substrate to bind to the enzyme

[6].

diphosphomevalonate + ATP PMD, ApP + phosphate + isopentenyl diphosphate + CO4

kg1 kg2 ket e kfa kys kse
Sltes=— C1+8+— Ca——C3—Ctpi=—C tp2r=—Ct+p3=——¢e+Dg
kr1 ko kr3 kra krs kre

51 = kpic1 — kpis1e
€= kpic1 — kpisie + kpece — krepae + kritaCita — Kfitatie + kritpCitp — kpitpioe
¢1 = kpis1e — kricr — kypasact + kraco + krizaCioa — kfizatict + kriopCiop — K piopiacy
59 = kpoco — kypasacy
Co = kyfasacy — kpaco — keico
¢3 = keica + kp3pres — kpacs
p1 = kyzcg — krsprcy
¢4 = kyzcz — kpgpirca + krapacs — kpaca
P2 = kpscq — krapacs
Re 8¢5 = kpsca — kpapacs — kyses + kpsceps
D3 = kysca — krs5p3ce
¢ = kysca — kyspsce — kpece + krepac
P4 = kfece — krepae
Cila = kfitat1€ — KritaCita — KftaS1Cita + krtaCiza
City = kpipize — kritpCitp — kpipS1¢i16 + ErpCiop
Ci2a = kftaS1Ci1a — KrtaCiza + Efizat1c1 — kri2aCiza
Ciob = kep51Ci1p — krepCiop + K piopiact — krionCiop

i1 = krilaCila — Kfitat1€ + kri2aCiza — kpizaticy

L 2 = kit — Kpitpioe + KriopCiop — K piopiact

Mixed Inhibition was shown for mevalonate and phosphomevalonate with respect to
ATP in the gallus gallus homolog of the enzyme [6].

This is actually competitive inhibition because dual mixed inhibition results in some
nasty equations.

. K1608
51 = ——— : (5)
Koiy + Kgio + Kys + K
. K1608
Y41 (6)

- Koii1 + Ksis + Kys + K5
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1.7 Reaction 7

IDI mechanism, Irreversible Inhibition Possible. [11]
Isopentenyl diphosphate RN Dimethylallyl diphosphate

kfl kcl
s+te=— c——e+p
rl
5= kric—kypise

ée=kqc— kflse + keic

Ry )
¢=kpise — kpic—kec
p1 = keic
Briggs-Haldane Kinetics:

6= — Kcareos
Kd + s

b= Kcateos

Kig+s

where
Kcat = kcl
Kd _ kcl + krl
k1

1.8 Reaction 8

dimethylallyl diphosphate + isopentenyl diphosphate GPPS, diphosphate + geranyl diphosphate

kg1 kg2 ke1 kg3 kya
S1+ek:‘ c1+ 82 kﬁ Cy — C3 ?044‘1)1 kﬁe-l-pz
rl 2 r3 rd

(51 = kpic1 — kpisie
€= kpic1 — kpisie + kpacy — krapae
¢1 = kyis1e — kpiep — kyasacr + kpoco
59 = kpoco — kypasacy
Rg § ¢o = kyfasact — kpoco — ke1co
¢3 = kei1co + kp3preg — kyaces
¢4 = kyzcz — kpgpicy + krapoe — kpgcy
p1 = ky3cs — kr3picy
( P2 = kjpacq — krapoe
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Briggs-Haldane Kinetics:

) Kiepsiso
S1 = —
Ko + K3s1 K452 + 5152
) Kiepsiso
§9 = —
Ko + K351 K489 + 8159
) Kieps1so
p

- Ko + K351 K489 + 5159

1.9 Reaction 9

Limonene Synthase finally makes limonene.

geranyl diphosphate L5, limonene + diphosphate

kg1 ke kya I
s+e\—T Cl —— Cy &=——=1C3 +P1 \—Te—kpz
rl r2 r3

5 =kpic1 — ky1se
€ = ky1c1 — kpise + kpzcz — kp3pae
1 = kpise — kpier — kacy
Rg § ¢2 = kpoprc3 — kpaca + kercy
¢3 = kyaca + kp3pae — kyscs
p1 = kpacz — kpapic3
P2 = kyr3cs — krgpae

Briggs-Halidane Equations:

. Kleokfgs
§= —
Kis + Kops + K3p1s + Kapip2 + Kspip2 + Kgs + K7
by = eok o (K15 + Kapy — K3p1s — Kyp1ps — K5p1p2)
Kis+ Kops + K3p1s + Kapipa + Kspips + Kgs + K7
) Kiyeokyss
b2

K15+ Kopa + K3p1s + Kapipe + Kspips + Kgs + K



Ky = kakpkyo

Ko = kerkpokys + kpokr1kr3

K3 = kclkflkr2
K4 = k;clkTQk;r?;
K5 = kp1kpokys

Kg = kakpkps + kpikpokys
K7 = kakpokys + kpokpskr

Composite Model

The complete set of reactions and inhibition relationships are given shown in the figure
below. The Metabolites are inside of blue rectangles, the enzymes are in green circles.
Black arrows indecate forward flow into the next component. Red dashed arrows indicate

an inhibition relationship between the two species.
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Reduced Order Michealis Menten Kinetics

Using the relationships derived above from the literature we provide a complete michealis
menten description of the system.

d[A—CoAl  Ki1[AtoB][A—CoA]
dt T K1+ K1 3[A — CoAl
Ko 1 [HMGS][A — CoA][AA — CoAlkss
" Ko[AA — CoA] 4 Ka3[A — CoA] + Ko 4[A — CoA][AA — CoA]
d[AA — CoA]  Ki1[AtoB|[A — CoA]
dt - K172K173[A - COA]
Ko 1 [HMGS][A — CoA|[AA — CoAlkys
 Ko[AA — CoA] 4 Ky 3[A — CoA] + Ko 4[A — CoA][AA — CoA]
d[HMG—CoA] Ko 1 [HMGS][A — CoA|[AA — CoAlkys
dt N K2’2 [AA — COA] + K273[A — COA] + K274[A — COA] [AA — COA]
K3’1 [HMGR] [HMG — COA]
 K32[A — CoA] + K33[AA — CoA] + K34 [HMG — CoA] + K35

d[Mev] K31 [HMGR][HMG — CoA]

At Kso[A— CoA] + K33[AA — CoA] + K3 4[HMG — CoA] + Ks.5

K41 [MK|[Mev]
 K42|GPP] + Ky3[MevP] + Kys[Mev] + Ky 5
dMevP] K41 [MK]|[Mev] K5,1[PMK][MevP]
dt  K42|GPP]+ Ky3[MevP] + Kya[Mev] + K5 Ksi+ [MevP]
dMevPP]  K5,1[PMK][MevP] Ke1[PMD]|[MevPP)

dt  Ksi+[MevP]  Kgo[MevP] + Kgs[Mev] + Kga[MevPP] + Kgs
d[IPP] Ke1[PMD][MevPP) K71 [IDI|[IPP]

dt  Kga[MevP) + Kgs[Mev] + Kgu[MevPP) + Kgs ~ Kro+ [IPP]
Ks1[GPPS|[IPP|[DMAPP]
Ksa + Kss|IPP|Ks4[DMAPP] + [IPP|[DMAPP]

d[DMAPP] K7, [IDI][IPP] Ks1[GPPS][IPP|[DMAPP]
dt  Kry+[IPP]  Kga+ Ksa[IPP]+ Kg4[DMAPP] + [IPP|[DMAPP]
d[GPP] Ks1[GPPS|[IPP|[DMAPP] Ko [LS|[GPP]

dt  Ksas+ Kss|IPP|Ks DMAPP] + [IPP][DMAPP] Koy + [GPP]
d[Limonene] Ko 1[LS][GPP]
dt ~ Koa+ [GPP]
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m = f(m,p)

Prediction Features
(output) (input)

iy (t) m(ty), p(ty)
THi,(t1) m(t,), p(ty)
ity () m(ty), p(tr)
m,,(tr) m(tr), p(tr)

Figure S1: Inputs and Outputs to the Machine Learning Model. The core of this
method consists in using machine learning methods to predict the functional relationship
between the metabolite derivative and proteomics and metabolomics data, substituting
the traditional Michaelis Menten relationship. The machine learning approach involves
training a model for each metabolite that is being predicted (Table S1). Each model
takes all the measured metabolites and proteins at a particular time ¢; as input. The
prediction it provides as an output is the derivative of one of the pathway metabolites
at the same time instant. The symbols m and p denote the experimentally measured
metabolomic and proteomics measurements respectively.
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3 ()

M3 (ty)

Figure S2: Computing the Derivative From Metabolomics Training Data. We
start with a set of data points for a particular metabolite. In this case, m3 has been
measured at 6 time points. An interpolated and smoothed time series is created from
the measurements, ms(t), to reduce the noise of the signal and smooth the resulting
derivative. The derivative of the time series is estimated by taking the derivative of the
smoothed line at the time point of interest.
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Figure S3: Cross validation and training scores as a function of training set
size. This is a representative example of how model performance increases with the size
of the data set provided. Cross validation techniques train multiple models with a subset
of the training data, and then test these model on data not used for training. In this case
the training examples involve the time points for which derivatives were calculated from
the training data, and proteomics and metabolomics data are available. In the training
set each time series contains 7 data points. These are too sparse to formulate accurate
models. To overcome this a data augmentation scheme is employed where 7 time points
from the original data are expanded into 200 for each strain. This is done by filtering the
data and interpolating over the filtered curve. In the plot, two data augmented strains
are used where 360 points are used in the training set and 40 points are used in the test
set.
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Pathway Metabolite Machine Learning Model Fit Quality (R Value)
Acetyl-CoA Extra Trees Regressor with Polynomial | 1.000
Features
HMG-CoA Lasso Lars CV — Min Max Scaler — Gra- | 0.993
Experimental Isopentenol dient Boosting Regressor — Decision Tree
Regressor
Mevalonate Extra Trees Regressor 1.000
Mev-P FastICA — LinearSVR — Extra Trees Re- | 1.000
gressor
IPP/DMAPP Extra Trees Regressor 1.000
Isopentenol RidgeCV — Extra Trees Regressor 1.000
Acetyl-CoA FastICA — PolynomialFeatures — Deci- | 0.996
sion Tree Regressor — FastICS — Lasso-
LarsCV
Experimental Limonene HMG-CoA FastICA — One Hot Encoder — Polyno- | 0.944
mial Features — Max Abs Scaler — K-
Neighbors Regressor
Mevalonate Variance Threshold — RidgeCV — Min | 1.000
Max Scaler — K-Neighbors Regressor
Mev-P Extra Trees Regressor — Random Forest | 0.994
Regressor — Extra Trees Regressor — De-
cision Tree Regressor
IPP/DMAPP Max Abs Scaler — PCA — Max Abs | 0.986
Scaler — Max Abs Scaler — FastICA —
Max Abs Scaler — RBFSampler — Las-
soLarsCV
Limonene Extra Trees Regressor — Random Forest | 1.000
Regressor
Acetyl-CoA Random Forest Regressor with Polyno- | 0.994
mial Features
Acetoacetyl-CoA | Random Forest Regressor 0.997
HMG-CoA Extra Trees Regressor 1.000
Mevalonate Extra Trees Regressor 0.998
Simulated Limonene Mev-P Min-Max Scaler — Robust Scaler — Ex- | 0.997
tra Trees Regressor
Mev-PP PCA — Extra Trees Regressor 1.000
IPP Extra Trees Regressor 0.997
DMAPP Extra Trees Regressor — LassoLarsCV 1.000
GPP Fast ICA — K-Neighbors Regressor 1.000
Limonene K-Neighbors Regressor 0.996

Table S1: Table containing which machine learning model pipeline was used for each metabolite deriva-
tive prediction along with a measure of each models’ performance.
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AtoB || HMGS || HMGR | MK PMK | PMD | Idi GPPS || LS
-0.375 || -0.098 | 0.006 -0.191 | -0.242 || -0.372 || -0.312 || 0.021 0.719
-0.018 || 0.426 0.504 -0.274 || 0.446 || -0.259 || -0.422 || -0.078 | -0.193

Table S2: Basis Vectors of Partial Least Squares Regression The First two com-
ponents of the Partial Least Squares Regression. These components represent the line
that explains the most covariance in the dependent variable of final production.
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