How do mutations affect metabolism?
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One substrate MM kinetics
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One substrate MM kinetics with P feedback
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Two substrate MM kinetics
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Rate-limiting enzyme
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Rate-limiting enzyme

* When a process is conditioned as to its rapidity by a number
of separate factors, the rate of the process is limited by the
pace of the slowest factor (Blackman, 1905. Annals of Botany)
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Single rate-limiting steps can exist

http://www.insidebainbridge.com/2013/12/03/an- http://www.stepneyct.org/history/ht/stop17.html
unsettling-analysis-of-the-traffic-future-of-highway-
305/



Dependence of flux upon [E]
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Tutorial in R: ODEs of metabolism

state <- c(Xi=0.5, " (T(A‘(/ (@W{'\/(OA)Q

Xj=0.5,

MCA time dynamics @ 200201.R
Xk=0.5)

4

times=seq(0,100,by=0.01)

MM_multi<-
with(as.

?

dXk

o

function(t,state,parameters.t) {
list(c(state,parameters.t)), { :Ei 2

of cha é:

-_
Ea(t)*(kcat_af*(S(t)/(S(t)+K_af))-kcat_ar*(Xi/(Xi+K_ar)))+Eb(t)*(-kcat_bf*(Xi/(Xi+K_bf))+kcat_br*(Xj/(Xj+K_br)))
Eb(t)*(kcat_bf*(Xi/(Xi+K_bf))-kcat_br*(Xj/(Xj+K_br)))+Ec(t)*(-kcat_cf*(Xj/(Xj+K_cf))+kcat_cr*(Xk/(Xk+K_cr)))
Ec(t)*(kcat_cf*(Xj/(Xj+K_cf))-kcat_cr*(Xk/(Xk+K_cr)))+Ed(t)*(-kcat_df*(Xk/(Xk+K_df))+kcat_dr*(P(t)/(P(t)+K_dr)))




Tutorial in R: ODEs of metabolism

MM_multi<-function(t,state,parameters.t) {
with(as.list(c(state,parameters.t)), {
#rate of change
dXi = Ea(t)*(kcat_af*(S(t)/(SCt)+K_af))-kcat_ar*(Xi/(Xi+K_ar)))+Eb(t)*(-kcat_bf*(Xi/(Xi+K_bf))+kcat_br*(Xj/(Xj+K_br)))
dXj = Eb(t)*(kcat_bf*(Xi/(Xi+K_bf))-kcat_br*(Xj/(Xj+K_br)))+Ec(t)*(-kcat_cf*(Xj/(Xj+K_cf))+kcat_cr*(Xk/(Xk+K_cr)))
dXk = Ec(t)*(kcat_cf*(Xj/(Xj+K_cf))-kcat_cr*(Xk/(Xk+K_cr)))+Ed(t)*(-kcat_df*(Xk/(Xk+K_df))+kcat_dr*(P(t)/(P(t)+K_dr)))

I

parameters.t <- c(S = function(t){if (t<4@) {1} else if (t<6@) {1} else if (t<8@) {1} else {1}},
P = function(t){if (t<40) {0.01} else if (t<60@) {0.01} else if (t<8@) {0.01} else {0.01}}
Ea = function(t){if (t<40) {1} else if (t<60) {1} else if (t<80) {1} else {1}},
Eb = function(t){if (t<4@) {1} else if (t<6@) {1} else if (t<80) {1} else {1}},
Ec = function(t){if (t<4@) {1} else if (t<6@) {1} else if (t<80) {1} else {1}},
Ed = function(t){if (t<4@) {1} else if (t<6@) {1} else if (t<80) {1} else {1}},

]

kcat_af = 15,

kcat_ar = 15, v
kcat_bf = 20, TIME STEFS
cmioplligl (5 PLEX@LITC TS
cat: ¢cf = 15,

kcat_cr = 10, DYMM’GE@L;/Y
kcat_df = 15, 4. HGE
kcat_dr = 5, CDVL @J,[?:D
K_af = 0.2,

K_ar = 0.2,

K_bf = 2,

K_br = 0.2,

Kocf = 2,

K.cr =0.2;

Kodf = 0.2,

K_dr = 0.2)



Try increasing all enzymes by the same factor
in R

MCA time dynamics vl 200201.R
E, Ep Ec Ep
S— Xi —>Xj —>Xk—>P

Change all four of the E; from 1 to 2 for the second time period, leaving the
other time periods at 1.

What happened to fluxes in the second time period?

EXACTLY Pouble
What happened to the concentrations at that time?
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Whigch step controls flux?

kcat_af
kcat_ar
kcat_bf
kcat_br
kcat_cf
kcat_cr
kcat_df
kcat_dr
K_af =
K_ar =
K_bf =
K_br =
K_cf =
K _¢r =
K_df =
K_dr =

= 15, |

= 15,
- 20,
- 20,
= 15,
- 10,
= I5.

NN

-

OO ONONOSOS
N

N NN
R

E, Eg Ec Ep
S-—ﬁ>)(f—+>)(i——>)(k—+>P
Look at the parameters to the left and decide

which enzyme has the most control over flux
(closest to being “rate-limiting”).
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Which enzyme has the most control in our

kcat_af =

kcat_ar

kcat_bf =
kcat_br =
kcat_cf =

kcat_cr
kcat_df
kcat_dr
K_af =
K_ar =
K_bf =
K_br =
K_cf =
K_cr =
K_df =
K_dr =

= 15,
20,

15,
- 10,
= 15,

N NN

-

-

OO ONONOSOS

N NN
-

system?

EA EB EC ED
S-—4>)({—+>)(i——>)(k—+>P

RunMCA v vs E 200201.R

Look at the figure of v vs. E for each of the four
enzymes to see how it behaves with changing

each enzyme individually.
C 1w (ooP 1O EuAuaTE v, [X] PR e vigus OF(E;




Dependence of flux upon [E] .
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What happens upon changing an enzyme?
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Why so little effect upon changing activities?

S—> Xi —>Xj —>Xk—>P
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Aspect #1: Metabolism flows both ways
1 © ©

V =10.01 R V=200\ V=500\
—> A < B < €S D
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Aspect #2: changes in saturation

Thought [ ;
- g experlment. EA EB EC ED
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What changes with increases to one enzyme?

En, Ep Ec Ep
S— Xi —>Xj —>Xk—>P
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What happens to c; values if one is changed?

E, Ep Ec Ep
S— Xi —>Xj —>Xk—>P

1. First guess: will increasing an enzyme raise or lower its own ¢;? Will it
change the other ¢; values, and if so, will they go up or down?

2.UseMCA v vs E 200201.R and try this. Run once with original
levels, and then pick an enzyme and increase both kcat values (f and r) by
the same factor (a decent bit, i.e. 5-10 fold) and then run a second time.



What changes with increases to one enzyme?
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Instantaneous vs. steady-state behavior
E,. E; E. E
S— Xi —>Xj —>Xk—>P

Go back and use other file: MCA time dynamics v2 200201.R

Pick an enzyme and double it. How did that affect the steady-state
behavior? What about the immediate dynamics right around t=407?



What happens upon changing an enzyme?
7%, <t <60
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Rate and saturation/balance (of fwd vs. rev) in
control over flux
SATUNARION TEams
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What does this suggest about enzyme

saturation?

TUEoNY: (MPOSS(BE Fon AL ENZ.
1O Be WIGHLY SHTUNATED E, E, E, E,
WSATIAMED

ik (C-MS — SX = Xy X P

_ 2 AS(/{ ~ 10°

X M0ST ENZ. - OUBSTATE 4IRS

— sBee W0 .o
UN SATUNATED = ,
S 10+ Smareregerai o
.‘3 (] » l.‘.—’.’?{‘»’o .0’
(¢ = N
* THSE o/ OME SUBS (TL6H, CFTew : AT 2,
& ” do
NAVE SEQwy SUBSTATE-COW £ 10} | — 22 92
o RS %
= 5
T 108 °4
y [me — H4MPT] INAD] g 4
Yo, = Vo,
- “\ Kmg, + [me — HAMPT] ) \ Kmg; + [NAD] :
10°8 < 1 !
1078 1076 107 1072 10°
K (M) 0w
, [me—H4FNADP| _ |/ [mn—H4F|[NADPH] m AABWOWITZ (AB
_— T KmmKmm " KmmoKmm = NAD+ = NADPH Degradation reactions
(1 + [“’;‘”“‘J + “\"\;”’:’J) (1 + ['“Z_H“J + [r\':npnj) ATP ¢ Other e Central pathways of carbon metabolism
mye my, MYy Mysy

Figure 15-4
Lehninger Principles of Biochemistry, Sixth Edition

(Marx et al., 2005. PLoS Biology) """ remmenaceme



How test MCA experimentally?

in vitro:
ADp ENZ. TO TBST TURE
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Independent effects upon expression
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\\Why antagonism and sign epistasis?

N <€— W,z = W, x Wg; both provide benefit when together
g 2 *) Wag = max(Wa,W;g); pair same as best individual
o ¢
§

0.5

7 Q@ Wag < Wane; pair much worse than individual mut.

0.5 1.0 1.5 2.0

Predicted Fitness

selection
— benefits

- Caused by tension
between benefits and

- Metabolic Control Analysis 1.0
(MCA) [E;]

(Chou et al., PLoS Genetics, 2014)



Map expression to fitness via model
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What really causes there to be a threshold?
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Model predicts mutational combos
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Interpret adaptation in light of model
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Interpret adaptation in light of model
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Interpret interactions in light of model

2.0
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- A3, B5 same benefit (~0.45),
but BS has worse epistasis

- B5 on steep edge of peak...

- Combining expression- | :
changing mutations may not FIhA 100
speed adaptation
(Chou et al., PLoS Genetics, 2014)




Implication of MCA #1: dominance
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Implication of MCA #2: where to target drugs
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Implications of MCA #3: selection vs. neutrality

NL(ATW
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MCA: take-home messages

Because of saturation kinetics, there is not

simply a single, rate-limiting enzyme. EA EB EC ED
Responsiveness of enzymes to [S] is set just by
Ky and [S]. S Xi Xj Xk P

Flux responds linearly to changes in [E] if just
one enzyme, or if all enzymes dialed up and
down together.

Flux responds hyperbolically to changes in a

single enzyme, the local slope of which is the MCA explains:

“control coefficient”, C,. 1. Why metabolic diseases are recessive.
Because 2(; = 1, most C; are tiny. 2. Why drugs effective on an enzyme
Experimental tests in vitro and in vivo have often have little clinical effect.
confirmed MCA predictions. 3. Why much variation in populations is
Changes in one enzyme affect realized flux at neutral.

other steps because of changing [Si] at the new

SS flux.

Most enzymes are far from saturated, which is
why each flux is responsive to alterations in
other parts of the system.



A NEW CHMLENGE Fot Vol .. .

If this cell could use 12 molecules of A
per unit time, what is the set of fluxes
for the other reactions that would give
the most biomass (see rules below)

Constraint: use no more than 12 molecules of A

Biomass: a 2:1 ratio of D:E
*Think of Y like ATP (X like ADP)



Flux balance analysis: what it isn’t

What is ignored in FBA?

-No BEvR. ACTIVITIES
—NO METAB, (OpNC.

—OMLY THVG (5 THE
MET FLUXES

METABOLIC PATHWAYS

Glycan Biosynthesis Biodegradation of
and Metabolism Xenobiotics

Lipid
Metabolism

Energy
Metabolism

Biosynthesis of

Secondary Metabolites

Figure 15-1
Lehninger Principles of Biochemistry, Sixth Edition
© 2013 W.H. Freeman and Company



Flux balance analysis in a nutshell
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Axc M e FIUX balance analysis: math
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Flux balance analysis: example #1

SUBDYTIMAL
A ouwTl

X D X ouT
D ;;7[\—- @

Constraint: use no more than 12 molecules of A
Biomass: a 2:1 ratio of D:E
*Think of Y like ATP (X like ADP)



Flux balance analysis: example #2

Constraint: use no more than 20 molecules of A; B is unconstrained
Biomass: a 1:1 ratio of F:K
*Think of Y like ATP (X like ADP)



Flux balance analysis: example #2 suboptimal

Constraint: use no more than 20 molecules of A; B is unconstrained
Biomass: a 1:1 ratio of F:K
*Think of Y like ATP (X like ADP)



FBA example #2 as stoichiometric network

Reactions:
reactions
1.) A+Y - C+X 1 2 3 4 5 6 7 8 9 10 BL B2 B3 B4 BS
2_) C->D metabolites A -1 0 0 O O O O O O O 1 0 0 0 O
B o o/ 100 0 o0/ 0o0/0 0/ 1000
3.) B+C->) c1/1 1/0 00 o0o/o/o0o o0/ 0o o000 o0
Aeur Bour 4) D+X > E+Y DO 1,0 -1-10 000000 0 0 0
T EE0 0/ 0 10 -1-100/0 o000 00
/’1 . - \ 5) D->F Fo oo o/ 10 o0/0o0/-1 00000
\f<" ( “‘ 6.) E+X > G+Y G0 0 0 0/ 0 100 00/ 0 0 10 0
[ c J 0 0 0 0 0
\ Ho o/looo/o 10 o0/0 00010
v Y w 7.) E->H . - - -
v A X Jo/o 1/0 o0/o/o/1/0 0 0 00 0 0
z}EQ’ 0 “ovL . 8.) J+Y & K+X Ko oo o0 o0/0/1/-1-1/0 0000
X — Lour
N Lo o/o o o/o/oo0o/1 00/ 0 0 01
\ v . + +
\6 ¥ 9.) KX%L_Y X1 0/0 10101100000 0
\f% - 10.) F+K - biomass Y1 00 1 010110000 00
G Hor biomass 0 0 0 0 0 0O 0 0O 0O 1 0 0 0 0 0
A.0/o/o/o/ofo/ofofofo[-2]0f0]0]0
BL) Ay > A B.. 0 0|0/ 0/0/0/0/0/0/0/0/-1 000
B2.) B, > B Gw 0 0 0 0/ 0 0 0 0 0 00/ 0 1 0 0
B3.) G > G,y Hoel 0/ 0/0/0/0/0 0/0/0[0/0]0[0 |10
Ll 0/ O/0 0|00/ 0/0/0/0 00001
B4.) H = H,, =
B5.) L = Ly

BOMAPARY FLUXES: Tasospoar avT %f%: O #oss

o &~ O



FBA: test actual flux pattern

A TEST KO MUTATIONS — VidBw (1Y

Deleted reaction flux,p, | fluxg,, opt A@wr Bom‘
1.) A+Y > C+X 20 20

2) C->D 16 14

3.) B+C-)J 4 6

4) D4X > E+Y 12 12

5) D>F 4 2

6.) E+X > G+Y 12 10

7.) E->H 0 2

8.) J+Y > K+X 4 6

9.) K+X - L+Y 0 4

10.) F+K - biomass | 4 2

L owr

Bl.) Aj: > A 20 20

B2.) By > B 4 6

B3.) G = Gyy 12 10

B4.) H - Hgy: 0 2

B5.) L Ly 0 4




FBA: test actual flux pattern

Deleted reaction flux,p, | fluxg,p, opt
o 4
1) A+Y 5 C+X 20 20 ~7 R
2) C>D 16 14 - ol
3.) B+C->) 4 6 ] s
4.) D+X > E+Y 12 12 n /
5) D>F 4 2 . 9 o0
6.) E+X > G+Y 12 10 =R o
7.) ES>H 0 2 o o .
8.) J+Y > K+X 4 6 e 7 o
9.) K+X = L+Y 0 4 z o
10.) F+K > biomass | 4 2 o 7 o
- [ ] ,,/
B1.) Ay > A 20 20 i
B2.) B,: > B 4 6 e
B3.) G = G, 12 10 P
B4.) H-> H, 0 2 o LI B LB B LR B B LR B A
B5.) L= Lyy 0 4 0 5 10 15 20

Predicted flux

-[NGHT i Tenion (Bmys)
— SELECTIoN OV THAT™ SULS To neaCH O T

<6 QP TTmum POSSIBLE. (Coustmhi s, KINETC PAM!V)



FBA: tested in E. coli evolved for 25 years

[ [ I [ [ |
0 10,000 20,000 30,000 40,000 50,000
(Wiser et al., 2014. Science)

Va

.
A ¥ ¢ gUOCUE TOOFTIMIL.

Constraints Optimization — .(_r-
1)Sv=0 maximize Z op‘(’ Pé \ ( 74

2)a;< vi<b;
e

V4

Allowable
solution space

Va V2

Unconstrained

solution space Optimal solution



Why might optimizing BM/S be an issue?
~c00) CHOICE Fot OPTIMALITY (R(TEUON) IV
BAYCH  CULTUNE?
« What FBA optimizes * What batch culture selects

(BM/S, efficiency): for (BM/time, rate):

http://www.toyotainthenews.com/the-3rd-generation-prius/

http://flatsixes.com/porsche-motorsports/2010-volume-2/



FBA: tested in E.

* Rate of glucose use
increased in all evolved

* Measured flux ratios
throughout central
metabolism

* Assayed ancestor (ANC),
many evolved strains.

(. WEAE SIGUIFCAMT CYAVBES

Z. |SOLATES VISTIVCT FeoM
EACH OTHEAL

3. VID NOT (00K LIKE PAEPCTIow

coli evolved for 25 years

A Glucose
PEP

Pyruvate
Glucose-6-P ——> Gluconate-6-P ——> Pentose-5-P

Wil B 3

Fructose-6-P ¢—————

: 3]

DHP

tpi > GAP

!

PEP ppc

lT Malate
Lactate «<—> Pyruvate

l Oxaloacetate Succinate

Acetyl-CoA j
l Isocitrate
Acetate
B L~ FBA OPTIMUM
TN Mg N Tw O s\
S < << < < faa) 0.05
1 Gly- T 5 T .
2 ED A
3 P5P -
4 OAA - .
5 PEP-
6 Pyr{
't i L L 1 L L L —t & 4 4 -0.05

(Harcombe et al., 2013. PLoS Computational Biology)



E. coli evolved on glucose for 50K generations to
have lower yield and less like FBA predictions

100 * Overall biomass yield:

T - ANCESTOR 98% OF OPTIMUM

% optimality
@0
o

80

ANC
BM/S
. . c
Fluxes compared to predictions: 1007 A = AV CESTN /
~ ANCESTIAC  FLUKES WEL-REPCTED %
T 1t » ED
Z e

0.25+

0.00~

I 1 T I I
0.00 0.25 0.50 0.75 1.00
Flux predicted by optimizing BM/S

(Harcombe et al., 2013. PLoS Computational Biology)



E. coli evolved on lactate for <1K generations to
have increase yield and less like FBA predictions

=  Overall biomass yield:
~ ANCESTOR  VENT SUg-OPTIMAL

% optimality
) (0]
o o
I

EVOWED
BM/S
. C
* Fluxes compared to predictions: ] A ANC
o F[uxPYR to PEP
- St4INS EVOLVEP TO KE A detiped
BETTEL PREDICTED Bow s [Primacee
2 A AK to SUC
0025 / ACCO to TCA
. e
V'
o.oo—}/

0.00 0.25 050 075 1.00
Flux predicted by optimizing BM/S

—(Harcombe et al., 2013. PLoS Computational Biology)



FBA: take-home messages

FBA is an optimality model that seeks to
predict how cells should use metabolism.

FBA only considers steady-state, balanced
fluxes through reactions; there are no
enzyme parameters or concentrations.

FBA first calculates all possible steady-
states within uptake constraints, and then
asks which of these maximizes biomass
(assuming past selection for this).

FBA uses linear algebra (S matrix x flux
vector = 0) to calculate the “feasible
space” of steady-states, and then uses
linear optimization to find the best
solution.

Cells have to perform this “calculation” to
be able to grow at a consistent rate.

Experimental evolution offers opportunity
to test optimality assumption of FBA.

FBA explains:

1. Which enzyme deletions are lethal or
detrimental.

2. Close to the actual use of fluxes in the
cell and what is excreted from them.

3. Adapted cells may evolve to be more
or less well-predicted, but have flux
pattern close to suggested optimum.



