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In this document we shall denote by
e P (t) the probability for an individual to get cancer by time ¢ (or cumulative incidence rate),

e [ (t) = P’ (t) the cancer incidence rate,

o \(t) = 11_";2) the cancer hazard rate,

e A(t) = fot A (s) ds the cumulative hazard function,

such that

S1 A review of some key previous models

S1.1 Review

Contrary to typical descriptions, Charles and Luce-Clausen [1] were the ones to provide the first quan-
titative description of the multistage theory of cancer, as pointed out by Frank in [2]. They analyzed
data from experiments on mice for which painting their skin with benzopyrene was associated with skin
cancer. They assumed that cancer arose when both alleles of a single gene were knocked out. They
reasoned that the probability of an allele being mutated in a cell after time ¢ from initial exposure could
be approximated by wut, where w is the mutation rate, i.e. the probability of that mutation occurring in
a unit interval of time. They concluded that the probability of cancer by time ¢t from the exposure was
then given by P (t) = Nu?t?, where N is the total number of cells exposed to the carcinogen. The power
of two in that expression is due to the fact that two independent mutational events have to happen for
cancer to occur. Today we call these mutations ”drivers” because they drive the process of tumorigenesis.

Nordling [3] then discovered a striking relationship between age and overall cancer incidence in humans
by using a log-log plot. When the logarithm of age was plotted against the logarithm of cancer incidence
at that age, an approximately linear relationship appeared to hold in each of the several countries
examined. This suggested that the slope of that linear relationship could enable the estimation of the
number of sequential rate-limiting steps n required to get to cancer. The idea behind is simple. By
taking the derivative with respect to ¢ of P (t) = Nu™t" and then taking its logarithm yields In7 (t) =
(n—1)Int + In (nu™N). Thus, by estimating the slope n — 1 of the linear relationship between cancer
incidence I (t) and age t in a log-log plot, we can estimate n. Nordling estimated n = 7, when combining
the incidence of all cancer types together.

Inspired by Arley and Iversen [4], Armitage and Doll [5] made the insights of Nordling more precise
by formulating the well-known multi-stage model of cancer incidence. They modeled the time X4 it
takes to go from the arrival (or 7hit”) of the i-th cancer-driving mutation to the subsequent i + 1-th
hit, as an exponential random variable with (mutation) rate w;y1. This implies that the probability of
that driver mutation to occur by time ¢ after the i-th hit is 1 — e~%+1%, which is approximately equal to
wiy1t, given that w;; 1 is many orders of magnitude smaller than ¢t~!. By modeling these required driver
mutations as independent events, it is relatively easy to show that their sum X7 + X5 4+ ... 4+ X, a sum
of exponentially distributed independent random variables, has probability density approximately equal
to (for u;t < 1):

tn—l
(n—1)1" @)

An important thing to notice is that no clonal expansion was included in this model. Clonal expan-

sions, however, are critical for tumorigenesis and there is much evidence for clones of intermediate cells

I(t)=DNuy...uy



(i.e. containing at least one driver mutation but not all the required ones for cancer) expanding into
benign tumoral masses, like nodules found in the lungs or polyps in the colon. So while Armitage and
Doll did not consider this important dynamics in [5], that changed in their 1957 model [6]. There, a new
two-stage model assumed that after the first mutational hit, cells in this intermediate stage would grow
exponentially until one of them would be hit by the second and final required driver mutation, yielding
cancer. In that model, the incidence of cancer at time ¢ from the initial exposure is given, for some
constant k, by:

I(t) = Nuy (1 - e—"*f(em—l)) . (3)

The next step in the modeling of carcinogenesis was to include the different modes of stem cell
divisions, as well as a death rate. The first well-known model of carcinogenesis to do this was the
two-step clonal expansion model (TSCE) by Moolgavkar and Venzon [7], and the subsequent work by
Moolgavkar with Knudson and Luebeck ([§], [9]) . In the TSCE model, symmetric cell division with rate
«, cell differentiation or death with rate 8, and asymmetric transformation with rate us, of intermediate
cells yields that the hazard rate can be expressed analytically as (see also Heidenreich and Paretzke [10]):
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where vy = a — 8 — ug, and ¢ = (—W‘F V2 +4auz)/2.

Finally, notable work was later produced especially by the group led by Nowak with Frank, Komorova,
Michor, and Iwasa, as well as in work by Kimmel, and others. We choose to focus here on what we consider
the most rigorous and complete model from a mathematical standpoint, specifically the work of Durrett
and colleagues, who used branching processes and martingales. We will consider here specifically the
model from Durrett and Moseley [11]. While this model has the limitation that it starts with the clonal
expansion after the first hit, it is easy to approximate the general case as follows. Let A\; = b; — d; be the
growth rate of type-i cells, 1 < i < n, where b; and d; are the division and death rate of type-i cells, which
mutate at rate u; 1 to cells of type i+1. Here, type n cells are cancer cells, while cells of type 0 are normal
wild-type cells, and cells of type 1 < i < n — 1 are tumor cells at a non-cancerous intermediate stage.
For each stem cell 1 < j < N, let TU) the waiting time for the first type-n cell in its lineage, assuming
that n driver gene mutations are required. Assuming that the N stem cells have independent lines of
descent, the probability to get cancer by time ¢t is P (t) = P (minjzlmN T t) =1-(1- F(1f))N7
where F' is the cumulative distribution function of the random variable Ty + 7,,, with T the waiting
time to the first mutation in one healthy stem lineage (assumed to be exponentially distributed with
parameter u1), and 7, the waiting time to the first type-n cell after the first mutation, as derived in [11].

A(t) = (4)

Then F (¢ fo ure "% (1 =P (7, >t — s))ds. Assuming that the approximations used in [11] can be
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Since the cancer risk P (t) is at most of the order of 107!, F'(t) is at most of the order of +-10~!. This
implies that |P (t) — NF ()| < & (NF (¢ ))2 < P (t) and we can make the approximation P (t) = NF (¢).
Using the inequalities 1 — 2 < (1 + :c) <land 1—2z < e ® <1 we obtain the following bounds
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The upper bound is — and the lower bound can be written
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Since u1, o, 8 < 1, the term in the brackets is approximately 1, leading to the following approximation

for the cancer risk
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S1.2 Consistent conclusions

Note that since P (t) is small (at most 13% for the most common cancer), the difference between I (t) and
A(t) (vesp. between P (t) and A (t)) is very small. Considering (2)-(5)), we can conclude from all these
key models as well as from our complete mathematical model for which the cancer risk is approximately
P (t) = kNu™t"™ (formula (3) in the main text) the following properties:

e cancer incidence is a linear function of N, the population of cells at risk: multiplying N by a factor
¢ will yield an incidence equal to cI (t),

e cancer incidence is a non-linear function of ¢, the age of the individual; it is instead an exponential
function or a power law,

e cancer incidence is a non-linear function of the successive mutation rates uq,...,u,. However,
assuming that each wu; is proportional to the individual mutation rate u, we conclude that the
incidence is a power function of w, namely u™ where n is the number of stages or driver gene
mutation hits. It ensues that multiplying v by a factor ¢, say because of an external factor, will
yield an incidence equal to ¢"I (t). As a consequence, the ratio between the incidence curves of
two groups of individuals, exposed (F) and unexposed (U) to a carcinogen, where group E has a
mutation rate ¢ times higher than U, will be given by

Ig(t)

Iy (t)

S2 An analytical mechanistic model of tumor evolution

Our model relies on the analysis of three phenomena: the cell populations dynamics (Sections 52.2),
the appearance of driver mutations in these populations (Section [S2.3), and the different effects of each
mutation on the dynamics depending on the affected biological pathway (Section [S2.4).

S2.1 Tissue stem cell population dynamics

Let NV be the maximum number of stem cells that the tissue can sustain. The only assumption we make
is that the stem cell population size N, starts at conception time —ag, and grows deterministically to
size N (in finite time or asymptotically). As an example, we can assume that the deterministic process
Ny consists of three phases, growing from 0 to N during ¢y = [—ag,0) (from conception to birth), from
N to N during ¢; = [0, A) (youth), and having constant size N during 1o = [A, +o0) (adulthood),
where A and § can be adjusted according to the tissue:

ag '0Nt+ 0N, t € 1o,
N, =S AV (1 - 8)Nt+6N, tep, (6)
N, t €.

We may choose for instance ag = 9 months, A = 15 years and § = 0.2.

To account for the fact that the rates of the various cell division types (Fig. b5a) differ greatly
depending on the tissue development phase, we assume that the proliferation rate b and asymmetric
division probability p are time-dependent, which will in particular have an incidence on the mutation
appearance rate (see Section . We can assume for instance that the rates are constant during each
development phase:

with the asymmetric division rate kept constant across all phases, namely b;p; =: o for each 3.

Remark. The values of p;, b; can be obtained as follows. Clearly, since b;p; = o is known, it is
enough to compute (1 — p;)b;. If one assumes that the tissue reaches size 0N at birth, this means
that In (6NV) /In 2 self-renewal divisions occur during phase 1, leading to by (1 — pp) = In (6N) /apIn 2.
Similarly, growing from JN to N during v while compensating for stem cell deaths implies that
b1 (1—p1) = —Ind/AIn2 + d, where d is the death rate. Finally, during the homeostatic phase 9
we can assume that self-renewal divisions compensate death, that is by (1 — p2) = d.



S2.2 Clonal stem cell population dynamics

We describe the evolution of any clonal population carrying a new driver mutation as follows (see Fig. 5b
for a graphical summary). Note that all parameters mentioned hereafter might depend on the genotype
of the clonal population, which is omitted in the notation for now. First, we assume that the clone has
a certain carrying capacity C' and that it starts with one single cell. Second, we assume that each stem
cell renews itself at rate (1 — p) b, asymmetrically differentiates at rate pb, symmetrically differentiates
at rate d®, or dies at rate d (Fig. 5a). We assume that the cell lineages initially evolve independently
of each other, namely that the population grows like a branching process, until it eventually reaches a
"survival” size eC' at some random time 7 (potentially infinite in case of extinction). By survival size we
mean a size large enough such that it approximately ensures the survival of the population. The choice
of € is discussed in Section [S2.5. According to the previous assumptions, its size initially follows a linear
birth-and-death process with birth rate (1 — p) b and death rate d® + d, hence with growth rate

r=(1-p)b—(d°+4d). (8)

Once the clone has reached size eC, we assume that its growth is deterministic and follows a logistic
equation with carrying capacity C' and growth rate (8). This is justified by the fact that for large
populations the demographic stochasticity becomes negligible, hence it is reasonable to approximate a
large population of size X; by the solution to the logistic differential equation djif =r(l- %)Xt, where
r(l — %) corresponds to the net increase rate per cell and per time unit in this population. Indeed,
in order to take into account natural death as well as competition induced by the limited resources, we
assume that the death rate per cell and per time unit is d* +d + 7’%. Subtracting this death rate to the
birth rate (1 — p)b, we obtain the announced net increase rate per cell and per time unit. The overall
growth of the clone at any time ¢ is consequently given by

X; = birth-and-death process starting with one cell, 0 <t <7,
C r(t—r)
Xt = e s t 2 T.
1+e (et —1)

An illustration of different population trajectories is given by Fig. 5b.

Some useful approximations

e Choosing ¢ adequately (see Section enables to approximate the probability p of reaching the
"survival” size eC for a cell population starting with one cell by the survival probability of the
birth-and-death process, namely

r
ST )
e We also use on [0, 7], when it is relevant, the approximation of the birth-and-death process by its
limiting distribution in the supercritical case, deduced from branching process theory. Denoting
by Qo = {lim; X; = 0} the extinction set of the process, it is known that lim;e "' X; = W
almost surely, where P (W = 0) = P () = (Cf_;;lb and W | Q§ is exponentially distributed with
parameter p. This implies in particular that the probability of reaching size eC before time t can

be approximated by

rt

P(r<t)=P(X;>eC)~P (W >e "eC|Qf) =e "
Therefore, the latency period 7 (conditional on reaching size eC in finite time) is of the order of
L1n (peC). More precisely, it can be written as

T = % (In(peC) + 7) (10)

where 7 is a standard Gumbel random variable, i.e. with density f () = e~ (™) on R and
E (7) = v =~ 0.58 (Euler’s constant). In particular, 7 is negligible compared to In (peC') if peC' gets
large. The density of 7 on R is immediately deduced from as

F(&)=rf(rt —In(peC)). (11)

We show in Section [S2.5] that if £ is chosen appropriately, the probability for 7 to be negative is
close to 0, in which case can be used as a density for the positive random variable 7.



e In Section[S2.4/we will make use of the fact that the death rates d* and d are often small compared
to (1 — p) b, leading to the fact that an increase of (1 — p) b approximately translates into an increase
of r of the same order of magnitude, that is for a > 0

l+a)(l—p)b—(d°+d)~(1+a)r (12)

S2.3 Appearance of driver mutations

Let u be the driver mutation probability per cell division in a given population or subpopulation. We
deduce from Section [S2.2 that the driver mutation rate per cell and per time unit due to errors during
asymmetric (resp. symmetric) division is pub (resp. 2 (1 — p)ub), hence that the driver mutation rate
per cell and per time unit in a clone is equal to

v=(2—p)ub. (13)

Since p and b in the tissue cell population are time-dependent (see Section [S2.1), the driver mutation rate
per cell and per time unit in the tissue population is time-dependent equal to v (t) = (2 — p (¢t)) ub (t).
In the particular case of constant parameters p and b during each tissue development phase, it becomes

v(t)=v;=(2—pi)ub, tE (14)

The appearance rate of any driver mutation in the tissue stem cell population is thus v (¢) N;, where
Ny is the deterministic tissue population size (Section [S2.1), while the appearance rate on a clone with

eCe™t

initial size €C is v (¥) Tre(e =)

S2.4 Effect of a driver mutation on the population growth and mutation
parameters

Let M be the set of the three possible driver gene mutation types M = {S, F, M}, where S stands for the
mutations affecting the cell survival process, F' for those affecting the cell fate, and M for those affecting
the genomic maintenance. Let us consider a driver mutation V € M appearing on a cell population with
a given genotype and genotype-dependent growth and mutation parameters (b, p,u) (we omit here in the
notation the dependence on the genotype). We assume that depending on its type, a driver mutation
V has a direct effect on these parameters. Moreover, if the clone carrying V appears on the tissue cell
population, this effect also depends on the clone appearance time, for instance on the tissue development
phase 1; at that time (see Section . The effects of V' on the growth and mutation parameters b, p,
u of the population, which in turn translate into effects on the parameters r and C, are detailed below
and summarized in Table This provides in particular the multiplicative effect vy, of V on vC| that is

l/vcv = ’)/\/VC. (15)

Note that even though only the stem cells are counted, the carrying capacity C of the stem cell
population should take into account the variation in the number of differentiated cells coming from the
normal development or from the increase in fitness of some driver mutations. It seems indeed reasonable
to assume a common competition intensity between both cell types, inversely proportional to the total
carrying capacity of the clone

C(1+ M), (16)

where A is the ratio between the differentiated cells and the stem cells carrying capacities in the clonal
population.

Effect of a S mutation The appearance of a S mutation induces an increase of the division rate,
namely bg = (1 + «) b, which leads to vg = (1 4+ «) v. This increase in b results in an increase of the total
carrying capacity (16]), which becomes (14 a)Cs (14 Ag). Yet it does not affect the relative dynamics
between the differentiated and stem cell population, hence Ag = A, leading to Cs = (1 4+ «) C. Finally,
by , the growth rate of the subsequent clonal population is then rg ~ (1 + a)r. Note that if S
appears on the tissue cell population and the clone reaches its survival size at time ¢, the values of p, b,
r and v in what precedes are taken at time ¢.



Effect of a F' mutation The appearance of a F' mutation induces a decrease of the asymmetric
division probability, say pr = (1 — 8) p. This decrease biases the asymptotic proportions of the stem
cells versus the differentiated cells, namely Ax = (1 — 8) A\. However, the total carrying capacity of
the clonal population remains unchanged, namely C' (1 + A) = Cr (1 4+ Ar), leading to

_ B

Finally, by (12)),
TF%<1+Bp )r, uF=<1+ﬂp )v.
I-p 2—p

Again, if F' appears on the tissue cell population and the clone reaches its survival size at time ¢, the
values of p, b, 7 and v are taken at time t.

Effect of a M mutation The appearance of a M mutation induces an increase of the mutation
probability, namely uy; = (1+ ) u. The carrying capacity thus remains unchanged, Cy; = C, and
vy = (1 +0)v. If M appears on the tissue cell population and the clone reaches its survival size at time
t, the values of p, b, r and v are taken at time ¢.

growth and mutation parameters mutation type
of the V-population V=S5 ‘ V=F ‘ V=M
birth rate by (I+a)b b b
asymmetric division prob.  py P 1-08)p P
mutation prob. uy u u (I1+0)u
growth rate Ty 1+a)r (1 + ﬁﬁ) r r
carrying capacity Cy || (I+a)C <1 + ﬁ) C C
mutation appearance rate vy || (1+a)v (1 + ﬂﬁ) v (1+d)v
R T . 2 p BA
multiplicative effect on vC' 7y 1+ a) (1 + 5@) (1 + m) 1+0

Table S1: Effect of a driver mutation V € {S, F, M} on a cell population with parameters b, p, u. If
the mutation appears on the tissue cell population, the parameters b, p, r, v are taken at the time when
the clone carrying V reaches a ”survival” size.

S2.5 Choice of the threshold in the analytical model
The constant ¢ introduced in Section [S2.2 should be chosen in such a way that:

(i) The survival probability of the birth-and-death process is close to the probability of reaching size
eC. Using the strong convergence lim; e™"*X; = W exposed in Section @7 the fact that X,
conditionally on €y behaves like a subcritical birth-and-death process X; with birth rate d + d*
and death rate (1 — p)b, and Doob’s martingale inequality applied to the martingale eTtXt, we

obtain P d
P(3t: X, >eC) = ﬁﬂ”(ﬂt: X, > eC | Qo)+ pP (3t : X; > eC | QF)
- P
& +d _
7WP(HL Xt>sC)+p

gP(Eit:f(t>aC)+p

<limP < max €™t X, > 5C> +p
n tel0,n]



Hence for C large enough (¢C > p~!), this probability is close to the survival probability p, which
justifies approximation @D

(ii) The approximation of X; by "W remains valid when X; becomes close to eC, which requires W
to have negligible probability to be larger than ¢C. We have P (W > eC | Q) = e #*¢. For eC
large enough (eC > p~1), this probability is close to 0, which justifies approximation for the
probability density function of the latency period 7.

(iii) It is reasonable to assume that no mutation occurs during the time-interval [0, 7]. Indeed, deducing
from E (1) = 2 (In(peC) + 7), we obtain by Jensen’s inequality
P (mutation during [0,7]) = E []P’ (mutation during [0, 7] | (Xt)te[o,‘r]):|
—1_-F (efufg Xtdt)

1—-F (e—I/ECT)
1— e*VEC]E(T)

NN

— BR255E (In(peC)+)
=1—e {T-pp ,

which for eC small enough (¢C (In (peC) + ) < 8:5;7’1) is close to 0 (or even negative).

For instance, for clonal populations for which the death rate d+ds is small compared to the birth rate
(1 —-p)b, say d+ds < 0.1 (1 — p)b (implying p € [0.9,1]), for which the driver mutation rate u is smaller
than 1079, and the asymmetric division probability p is smaller than 0.95 (which are all reasonable
assumptions, see end of Section, then choosing eC = 10? ensures that the previous approximations
hold true with an error bound of the order of 1072, namely

P(3t: Xy >eC)—p| <1072,

P(W >eC| Q) <1072,
P (mutation during [0, 7]) < 1072

S3 The timing of cancer

S3.1 Analytical expression of cancer risk

For a given tissue, let C be the set of the associated ”cancer” genotypes. For example, C can be the
set of genotypes carrying at least n driver mutations for some fixed integer n, of which at least one is
S-type and one is F-type. We assume that an individual gets a given cancer once it develops a clone
with genotype G € C of non-negligible size, i.e. of size eCq (Fig. [S1).

e o o driver mutations

population size

3 time

Figure S1: Accumulation of three driver gene mutations. The tissue gets cancer at time T3.

The cancer risk P (t) of an individual with a mutation-free genotype at conception, namely its prob-
ability to get cancer before age t, can be expressed iteratively thanks to the following quantity. For any



genotype G carrying at least one driver mutation, we define Pg (t) as the probability for a G-clone of
size eCq to lead to cancer in less than ¢ time units. Assuming independence of the clonal populations,
we deduce from point process theory that Pg (t) =1 if G € C, while if G ¢ C,

Pg(t)=1—exp (— Z /0 /OS Vngﬂ'vagvfgv (s —v) Pay (t — s) dvds) . (17)

Vem

The variable v corresponds to the appearance time of an additional mutation V in the G-population,
and s > v to the time at which the GV-clone reaches size eCgy. The exponential term in is then
the probability that no such mutation leading to cancer in less than ¢ — s units occurs. More precisely,

e 1 is the appearance rate per cell per time unit of a driver mutation in the G-population with

e . TGt
deterministic size X& = %, t>0.

e for any V € M, gy is the probability that a driver mutation appearing in the G-population is of
type V (with 7gs + mgr + 7am = 1),

e pav is the probability @[) for a GV-clone of reaching size eCgy,

e fqv is the latency period distribution to reach this size, conditional on reaching it in finite
time,

e and Pgy (s) is by definition the probability for a GV-clone with initial size eCgy to lead to cancer
in less than s time units, which can in turn be computed thanks to .

The growth and mutation parameters of the GV-clone needed to compute @, and iterate (|17
depend on the genotype GG and on the type of the mutation V', as described in Table

The cancer risk P (t) is then computed in a similar manner by considering the appearance of clones
in the tissue population. The only difference is that time starts at conception —ag and that the mutation
rate in the tissue population is time-dependent. In addition, the parameters required to compute the
survival probability and cancer risk of a newly arising clonal population depend on the appearance time
of this clone, more precisely on the time when it reaches a survival size. Assuming for instance constant
division rates on each development phase 1; of the tissue as described in Section [S2.1, we obtain for any
t > —ao,

2 s
PO 1o (= 55 [ [ vt o) 0=t

VeM i=0

where v; is given by , N, is the deterministic tissue population size (Section , and pi,, fi,, P&
depend on parameters pj,, by, ... which correspond to the effects of mutation V' on the tissue population
parameters p;, b;, ... during phase ¢;, described in Section [S2.4. Note that in particular the cumulative
cancer hazard function defined in is given by

2 s
Ay= > Z//_ VN, Ty Y fir (s — v) Py (t — 8) 1e<iduds. (18)

VeM i=0

Here again, v corresponds to the appearance time of a mutation V', and s > v to the time at which the
V-clone reaches size €C'y, where we differentiate whether s € vy, 11 or ¥s.

S3.2 Simplified expression of the cancer time distribution

In order to isolate the effect of u, b and N on the cancer risk P (t), we make the following simplifying
approximations in our model. We assume that any newly appearing mutation gives rise to a clone
of size equal to its carrying capacity (i.e. with no initial random phase nor growth phase), that the
tissue population grows linearly according to @ with § = 1 (i.e. reaches its full size N at birth),
and that the mutation division rate is constant across youth and adulthood 14 = o = v = (2 — p) ub,
while vy = (2 — po) ubg between conception and birth . We know from that for any genotype
G = Vi -V, for which the first mutation V; appears before birth, voCq = yv, - - - v, 10 C, while if V;
appears after birth, voCq = Vv, ... vy, vC. Finally, we assume here for simplicity that the set of cancer
genotypes C associated with the tissue consists of genotypes with exactly n driver mutations, for some



fixed integer n. For instance, C can be the set of genotypes with n = 3 driver mutations, of which at
least one is of type S and one is of type F. We define the constant k, as the sum over all possible
cancer genotypes of cumulated multiplicative effects of the first n — 1 mutations, weighted by the
probability of each genotype:

n—1_n—2
Knp = E YW, YWy - WadTVITVIV, - TV, (19)
ViV, ec

It ensues in particular that , O™~ 'v" ! (resp. k,C" vy ') corresponds to the average over all possible
cancer genotypes Vi ---V,, of the product vy, Cvy, ...vv, v, ,Cv, . v,_,, if Vi occurs after birth (resp.

n

before birth). Under these assumptions we show that, approximately (see proof below),

A(t) =k, NC" 1y (ao+ )", —ap <t <0,

ag (n+1)!
n—1 n—k

1
A@) =k NC™ [0 ST 90 4k yn ) >
(1) == Q@g%mm+1—kn L

Note that since vy = (2 —po)uby and v = (2 —p)ub this implies in particular that for ¢ > 0 the
cumulative hazard is of the form

n—1
A@_NM<%Z}mkM%mﬂ,

k=0

(20)

where the coefficients cg, ... c, do not depend on by, b, u, N.

Weibull distribution Let T, denote the age at which cancer arises. According to our model, T}, is a
random variable with values in [—ag, +-00) and cumulative distribution function P (t) = 1 — e~ *®), We
define T} as T;, conditioned on being positive, i.e. on the event {T}, > 0} that cancer occurs after birth.
Similarly, T, is defined as T;, conditioned on the event {T;, < 0} that cancer occurs between conception
and birth.

We prove below that 7T, is the minimum of independent Weibull random variables. For each k =
0...n, let W denote the age at which cancer arises knowing that exactly n — k out of the n required
driver mutations occurred before birth. Note that by definition W} is negative and each W} is positive
for k > 1. Since cancer arises before time ¢ if and only if at least one of these scenarios leads to cancer
before ¢, we immediately have

Tn_ ~ Wy.

The notation ~ means ”follows the distribution”. The fact that the W), are Weibull random variables is an
immediate consequence of . Indeed, denoting by W («a, §) the Weibull distribution with cumulative
distribution function ¢ — 1 — e A" and defining

{T;rvmin(wl,...,wn),

n—1,n
Wan(m’{’LNC'V>,
n!
n—k n—1,n
ap "k, NC" 1y
~ k, %" 0 1<k<n-—1
Wi W(’ K (n+1— k) ) "

and B B
Wo ~ Wy —ag | {Wo < ao},

the translated and truncated Weibull distribution with values in [—ag, 0], where

~ K NC =1y
Wo ~ 1.2t 70
0 W<n+ ’ ao(n+1)!)’
we deduce from that P (T, < 0) =1 — e~ "= NC" a5 /(n+D! Jeading for each ¢ > 0 to
P(T, >1t)
P(THr<t)=P(T,<t|Th,>20)=1— —F— =
(T <) =B | T > 0) BT, 5 0)

— 1 _ e raNO" T (v RI] ag T MR /R (nb 1= k) 14wt /)

—1-P(Wy>1)...P(W, > 1)
=P (min (Wy,...,W,) <1).



Similarly, for each —ag <t <0,

_ P(T, <t) 1—e "N "w5(aott)" ™ /ao(nt1)!
P <) =f@, <o) - 1-emro e/
P ( ~0 — ag < t)
- =P (W, <t)
P (WQ < ao)

Adult cancers In the particular case of cancer types for which the probability of driver mutations
occurring before birth is negligible compared to the cancer risk, the cumulative hazard function
simplifies to

1
— R, NC" 1™, (21)

Alt) = n!

hence with the proportionality relationship A (t) cc NC™~!u™b"t". The age T;, at which cancer arises is
in this case therefore positive and follows a Weibull distribution

-] (22)

n—1,,n
TnNW<n,f~”~nNCV>.

Approximation can be made if the cancer risk at birth pg := P (T}, < 0) is small enough that

1n(1p0):§("‘]:1) <;>k<<A(t),

which can be easily verified for a known order of magnitude of the hazard function. Of course this
approximation is not applicable to pediatric cancers.

Computation of the cumulative hazard function Let us prove . Under the aforementioned
assumption of two distinct phases (before and after birth), the cumulative hazard becomes for any
t 2 —ao,

A (t) =N Z VIRV (Voﬁ‘o/ (t) + VBV (t)) s

VemM
with
1 min(0,t) max(0,t)
59/(15):—/ (ap + 8) PY (t — s) ds, ﬁv(t):/ Py (t — s)ds.
0

Qg —ao

Here s corresponds to the appearance time of a first driver mutation V', which under our simplifying
assumption of no initial growth phase of a nodule, corresponds also to the appearance time of a V-clone
of size Cy. The quantities P) (t — s) and Py (¢t — s) are the probability for a V-clone to lead to cancer
in less than ¢ — s time units, given that mutation V appears in the tissue population before or after
birth, respectively (i.e. —ap < s < 0 or s > 0). Recall that in the first case, the growth and mutation
parameters of the V-clone depend on pg, by, while they depend on p, b in the second case.

By definition of C, for any genotype G carrying n mutations, the probability of leading to cancer is

immediately given by
1, GecC
Pe(t)=1" ’ 23
o () {07 Coc (23)

If a genotype G carries at most n — 1 driver mutations, then under our assumptions the probability
becomes

t
Pg (t) =1 —exp <—VGCG > mav / Pgy (t — s) ds> (24)
VeEM 0

In particular, applied to a genotype carrying one single mutation V' which appears before birth
corresponds to PY, keeping in mind that in this case vy Cy = yy14,C.

For the sake of conciseness we prove for n € {1,2,3} (which corresponds to the standard numbers
of drivers in the studied cancers). The case n = 1 is an exact computation, while the case n € {2,3}
relies on Taylor’s expansions. The methodology remains identical for any n > 4.
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e n =1 By , for any V. € M, Py = P) = 1ycc (the indicator function equal to 1 if V € C
and 0 otherwise), leading for ¢t > 0 to By (t) = lyect, BV () = %a()].‘/ec and consequently
A(t)=rN (%aouo + Vt) since K1 = )y co TV

Similarly if —ap <t <0, 8% (t) = 5= (ao + ) 1yec and A (t) = mNVOﬁ (ag +1)%.

2(10

e n = 2. Combining — and the fact that vy Cy = yyrC we know that for any V € M,
Py (t)=1—e"2v"Cand PY (t) = 1 — e~ @v"C where

ay = v E VU -
UeM: VUEC

Note that )y ¢\ vy = k2. Then, for any ¢ > 0

e~ VOt 14 ayrCt 1 9
5‘/( ) OKVVC 20{‘/1/0 ( +€V())’

e—avrCt (1 — ayvpCag — efavuoCao) + % (CVVVOCG())Z

BY (t) =

Qo (OzvVoC)z
1
= éavuoCao (ap +3t) (1 + €y (¢)),

where |ey (t)| and |}, (t)| are negligible compared to 1 as soon as ayvCt < 1, ayC (ag + t) < 1.
It ensues that

1 1
A (t) = kaNC (1/36% (ap + 3t) + 1/22752) +e(t),

where if for all V€ M ayvCt < 1 and ayyyC(ag +1t) < 1, |e (t)] is negligible compared to the
first right-hand term, leading to approximation . Since ag + t < 80, this condition is satisfied
in particular if vy vC is at most of the order of 102 for all V € M.

We similarly obtain that for any —ag <t <0,

_1—ayiC(ag+1t)+ 5 (avinC (ao + t))? — emavroClaott)

B (t) =

ao (aVI/OC)2

1 )
%amc (a0 +1)° (1+% 1),

3
hence A (t) = ngNCugﬁ (ap +1)” +e(t).
e n = 3. We define for each genotype VU with two driver mutations the constant

ayy ‘=YY E TVUW -
W: VUWeC

Note in particular that ZV ZU Yy Tyyayy = k3. We deduce from — that for each
VeMandt >0,

t
By (t) = / (1 v Swesmve [i7 (1o mv o )i g
0

which has the form

se = | t (1ol ) g,

where by = yymyyrC, ay = ayyrC. Computing the successive derivatives of 8y, we obtain that
By (0) = By (0) = 87 (0) = 0, B (0) = Ly avby and

3
U U v v

11



It follows from Taylor’s theorem that By (t) = 4; >, avbut® (1 + ey (t)) with

1>y agby +3 Yvavbu 3oy bu + Oy bU)3
Z ZU anU
vl Su (&%] + 3ay + 1) 7TVUt
-4 Y v aumvy

t

lev ()] <

b

where ay = vu >y vuwee Tvuw. Given that the multiplicative effects of F" and M mutations on
vC are generally small compared to the effect of a S mutation (namely, in Table VS > YFsYM)s
the right-hand side of the previous inequality is of the order of WZC (vs + 3)t. In particular, if
Y vsvC < 1072 then |ey (t)| < 1. Coming back to the original notation, we thus have proven that

1 .
By (t) = gVQCQ > wrvvavet (1+ey (1) .
' U

Following the same reasoning for the computation of 3% (¢), we obtain for ¢ > 0

1 1
A(t) = ryNC? <1/§4!a0 (a2 + aot + 6t%) + 1/33!153) tel(t),

where ¢ (t) can be neglected if, for instance, vGCg is at most of the order of 10~2 for all genotypes
with at most 2 driver mutations, leading to approximation .

Similarly, we obtain for —ag <t <0, A(t) = HgNCQVSﬁ (ao + t)* + & (1)

Parameter ranges For the studied cancer types and any genotype G with at most n — 1 driver
mutations, we assume the following orders of magnitude:

o Cg € [102, 104] stem cells. Indeed, using the common estimate of about 10? cells in 1 cm?, with a
ratio of 1 : 1000 between stem cells and fully differentiated cells, it follows that a typical colorectal
adenoma (which is usually containing 2 driver hits, e.g. APC and KRAS, and is detected at a size
of the order of a few cubic millimeters) will have around 103 stem cells. This number may be higher
(10%) due to the effect of a F' driver mutation on the ratio between stem cells and fully differentiated
cells. We use these values across cancer types as the average size of pre-cancer tumoral masses is
expected to be comparable.

e by, bg € [1072,10%] divisions per year (Table 1).

® uE [10_10, 10_7] driver gene mutations per cell division. This is deduced from the following facts:
i) the mutation rate per nucleotide base per cell division is estimated to be 1071% — 1079 (see [12]
and references therein); ii) the exome is about 3 - 107 bases long, with a number of genes being
approximately 2 - 10* — 3 - 10%, from which we deduce that the average coding length of a gene is
1000 bases, which would yield an average mutation rate per cell division of 1076; 4i) we consider
10 to be a reasonable upper bound for the possible number of driver genes at each one of the n
driver events required to get cancer. In order to calculate the driver mutation rate u we need
to distinguish between oncogenes and tumor suppressors. For an oncogene, the number of bases
("hot spots”) that are potential targets for a driver mutation is typically very few (1 — 10), which
when using 10 as the number of possible driver genes gives us a driver mutation rate of at most
1079 x 102 = 107 for oncogenes. For a tumor suppressor however, almost all of the 1000 bases
are a potential target for a mutation hit, but in this case a mutation in the other allele is required;
either as a point mutation which is a rare event or, more commonly, via loss of heterozygosity
(LOH), whose estimates are of a rate of 107° — 1072 ([13]). The driver mutation rate for tumor
suppressors is therefore at most 1072 x 10* x 1072 = 10~7 mutations per cell division.

e if a genotype G contains a M mutation, ug € [10710, 10’6] driver gene mutations per cell division,
because in the presence of a type M mutation, the driver mutation rate has been observed to be
even up to 10 times higher, e.g., in Lynch syndrome patients.

Given we thus obtain the very broad interval vgCq € [10_11, 100}, and similarly for V%CG.
Note however that this interval is based on numerous, conservative and independent bounds that are
in no cancer type reached all at once. Given the previous estimates it seems reasonable that in many
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cases, vgCgq is of the order of 1072 or less, implying that the remainders in Taylor’s theorem can be
neglected and that approximation holds. For example, for colorectal cancer, the value of vgCgqg
would be about 2 - 1077 x 10?2 x 10° = 2- 1072, unless the ratio of stem cells to fully differentiated
cells changes significantly. Of course this implies that for Lynch syndrom patients, the remainder in the
Taylor’s expansion may possibly not be negligible. However, colorectal cancer represents an extreme
scenario given its very high normal division rate. Essentially all other tissues have smaller division rates
(see Table 1), going from 10 times smaller in blood, to 100 times smaller in pancreas, to a 1000 times
smaller in lung and bone.

S4 A re-analysis of the role of endogenous mutations in cancer
risk

In what follows we denote by T the life expectancy and P = P (T') the cancer lifetime risk. Considering
the most common cancer (breast cancer) and its life time risk 12.9%, it appears that for any cancer type
|P(T)—A(T))| < P(T). We thus use here the approximation P = A (T') where A is given by (all
cancer types studied in this paper have an infinitesimal risk at birth). Letting D = bT" be the lifetime
number of divisions we thus obtain P = %/@nN C" 1 (2 —p)"u"D", and therefore the proportionality
relationship '

P x ND".

Note that if we assume that C' is proportional to the full tissue size N (which may be the case for some
small tissues) rather than being a local constraint, the relationship becomes P o« (ND)". From these
expressions, it is clear that in [16] the carrying capacity was treated as a global constraint. In general,
however, the carrying capacity is acting more at the local level.

S5 Predicted number of mutations

The expected number of somatic mutations found in a cancer cell lineage of a patient of age a is
ﬁ:u<D0+bT1+b(1)(T2—T1)+...+b(”)(a—Tn)),

where Dg is the number of cell divisions until birth, g is the somatic mutation probability per cell
division, and by, b, b®)| the cell division rates before birth, after birth, and after i driver hits. Recall that
according to our classification of the driver gene mutations (Section, only .S mutations increase the
cell division rate. Therefore, if s is the fitness advantage of a S mutation (i.e. such that v = (1 4+ 5)2
in Table ) and if k out of the i driver hits are of type S, then b() = (1+ s)k b. While the above
formula 7} can be applied to single cell sequencing data, in the case of bulk sequencing we only observed
the mutations accumulated in the winning lineage of the first cancer cell, born at time T}, as all the
subsequent mutations will not be called by the sequencer. In that case the appropriate formula is:

n=p (DO ST 4+ 0D (T —T1) + ...+ 6D (T, — Tn_1)> . (25)

The time between T, and a is relatively small, being typically more than one order of magnitude
smaller than the value of a. For example, while a typical value for a is 65-70 years, the difference a — T},
is often estimated to be less than 2-5 years. Let ¢ be an upper bound estimate for the amount of time it
takes for the first cancer cell to get to detection size in that particular cancer type. In order to compare
[25) with the observed number of mutations 7°°* (a) from sequencing data, we thus condition 7 on the
event {a — ¢ < T,, < a} and compute

n*P(a)=E(n|a—c<T,<a).
By , for each t > 0,
P(T, <t)=1—ePt",
( ) ) . € (26)
ﬂ = m/@NC’” v,
It ensues P(a —c < T, <a) = e~Pla=a)" _ g=Ba" anq
@ n 1 ,BCL" 1
the Pt = g zrne *dz,

E (Tnlafchnga) = Bﬂ/
a Bla—c)™

—cC
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which using the notation v (z;a,b) := fj t*~Le~tdt leads to
v+ 5B a—0)", Ba")
YL (a—c)", Bam)

For lack of better information on the joint distribution of (Th,...,T,) and since our goal is only to
have a rough estimation of 7°*? (a), we assume that T; = T, leading to

E(T,|la—c<T,<a)=p4

(27)

7P (a) = p <Do + % (b+b(1) +...+b(”*1))IE(Tn la—c< T, < a)> . (28)
If n = 1, the formula is simply n°*? (a) = pu (Do +bE (Th | a — ¢ < Ty < a)). Assume n > 1. Note that
b™ = (1 + 5)" b where k is the (random) number of S mutations among the n drivers. Since k € {1,2}
for n € {2,3,4}, we assume that we equal probability ﬁ a S mutation occurs only at one given
hitting time T;, ¢ = 1,...,n, or at two hitting times {T;,T;}, ¢ # j. We then obtain by averaging
uniformly over the different occurrences of S mutations that

2 n—1
b = 1 — (1 )
(g aras i aesy)

+1

leading to the following average fitness of a .S mutation

(n)
ni1<\/1+(n21)bbn>.

The mutation rates b(*) for i < n are obtained similarly by averaging over the S mutations occurrences,
leading to

n=2 {b(1>:(§+§(1+s))b,
W =(L+1(1+59))0,

n=3 @ _ (1,2 1 2
b —(g+§(1+s)+g(1+s))b,
bV = (2+2(1+9))0,

n=4: 0@ =(Z+2(1+s)+ 51+,
b = (L +2(1+s)+3(1+s)°)b

Remark. The quantity n°*P (a) given by is approximately linear in a. Indeed, since the lifetime
cancer risk is small, it ensues that 7™ < 1 hence fa™ < 1. Using v (z;0,t) 20 t*/z enables us to
approximate with

n a"t —(a—c)"!
n+l a*—(a—c)"
which does not depend on S. If in addition ¢ is small compared to a, we can further use the linear

approximation E (T}, | a —c < T), < a) = a — § leading to

0P (a) = p <D0+71L(b+b(1) +...+b("_1)) (a— ;)) (29)

ET,|la—c<T,<a)=

7

Comparison with sequencing data. Given n, Dy, b and b™ in a cancer tissue, p the proportion
of the population that gets cancer by age 80 (see Table 1) obtained from epidemiological data (SEER
Cancer Statistics Review, 1975-2018, https://seer.cancer.gov/csr/1975_2018/index.html), we can
explicitly compute . Indeed, it comes from that 8 = —In (1 — p) /80™. This enables us to com-
pare the observed number of somatic mutations found in a cancer patient of age a obtained from the
TCGA database (The Cancer Genome Atlas, https://www.cancer.gov/tcga) and the ICGC (Interna-
tional Cancer Genome Consortium, https://dcc.icgc.org) with the expected number in the absence
of E and H factors for the same age and cancer, given by . This comparison is depicted for the
TCGA observations in Fig. 1b (n = 3) and in Fig. for each single cancer type (n = 2,3,4). In each
case, the values for ¢ in is 5 years, and the background mutation rate is ¢ = 0.03 somatic mutations
per cell division. In addition, in order to illustrate the impact of some known environmental factors we
include the effect of tobacco smoking and UV light by assuming that the actual mutation rate in lungs
and skin is 4. The comparison between the observed and expected number of mutations under this
assumption is plotted for the TCGA and ICGC databases in Fig. 1c-1d (n = 3) and Fig. (n=2).
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Figure S2: Predicted versus observed number of mutations. Observed number of somatic muta-
tions found in: (a) 3608 cancers, for 12 types of cancer (TCGA database), (b) 990 cancers, for 7 types
of cancer (ICGC database), versus the corresponding expected number of mutations solely due to the
endogenous mutational processes as predicted by our model for a cancer patient of the same age (see
Table 2 for the meaning of the abbreviations). For lung cancer (LUAD) and melanoma (SKCM), we
include the effect of tobacco smoking and UV light, respectively. The number of drivers for each cancer
type is assumed to be n = 2 (see Fig. lc-1d for n = 3). The grey identity line corresponds to the
theoretical case ”observed number of mutations” = ”expected number of mutations”. Source data are
provided as a Source Data file.
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Figure S3: Predicted versus observed number of mutations as a function of age. Observed
number of somatic mutations found in cancers (blue dots) of patients of different ages from the TCGA
database, compared with the expected number of mutations solely due to the endogenous mutational
processes in patients of the same age, predicted by our model (orange and red lines), for 12 types of
cancer (see Table 2 for the meaning of the abbreviations). The expected number of mutations is given
for a number of drivers equal n = 2 (dotted orange line), n = 3 (dash-dotted orange line) and n = 4
(dashed orange line). The solid red line corresponds to the computation for the value of n deduced from
and given in Section Source data are provided as a Source Data file.
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Measure of the deviation of the predictions from the observations. For a given cancer type and
a given set of patients with this cancer, we measure the difference between the observations {nfbs (ai)}i
(where nfbs (a;) is the observed number of mutations for patient i aged a;) and the corresponding expected
number of mutations {n°*? (a;)}, given by for some fixed n. The deviation § is evaluated as the
relative difference between the medians of the set of observed and expected number of mutations weighted

by the patient’s age:

5 |Median ({n°*? (a;) /a;};) — Median ({nfbs (ai) /a; z)|
Median ({nqbs (a;) /a; Z) .

7

The deviation ¢ for each cancer type and for different databases (TCGA, ICGC) is reported in Table
Note in particular the high deviation for lung cancer (LUAD) and melanoma (SKCM), in accordance
with the fact that these cancer types are clear outliers in Fig. 1b. If environmental risk factors are taken
into account by increasing the mutation rate in the corresponding tissues, the deviation is diminished,
as also observed in Fig. 1lc.

TCGA ICGC

Cancername | n=1 n=2 n=3 n=4|n=1 n=2 n=3 n=4
BRCA 0.78 0.45 0.17 0.02 0.82 0.55 0.32 0.20
COAD 0.51 0.61 0.65 0.66 - - -

ESCC 0.45 0.31 0.26 0.23 - - - -
GBM 0.83 0.81 0.50 0.34 - - - -
HNSCC 0.63 0.46 0.39 0.35 0.59 0.42 0.33 0.29
LAML 0.46 1.58 2.20 2.53 1.37 3.18 4.20 4.73
LIHC 0.97 0.87 0.72 0.65 0.97 0.90 0.77 0.71
LUAD 0.99 0.98 0.91 0.87 - - - -
LUAD* 0.98 0.93 0.64 0.49 - - - -
PAAD 0.90 0.61 0.12 0.13 0.95 0.79 0.52 0.39
PRAD 0.74 0.25 0.25 0.50 0.80 0.41 0.02 0.18
SKCM 0.99 0.97 0.94 0.93 0.99 0.98 0.96 0.96
SKCM* 0.96 0.87 0.77 0.72 0.97 0.92 0.86 0.83
THCA 0.91 0.74 0.26 0.76 - - - -

Table S2: Deviation of the predictions from the observations. Measure of the deviation ¢ of
the expected number of mutations from the observed number of mutations for different cancer types of
the TCGA and ICGC databases, for a fixed number of drivers n (see Table 2 for the meaning of the
abbreviations). The symbol * indicates that the expected number of mutations has been computed by
using a higher mutation rate (a four-fold increase of the background mutation rate) to account for the
effect of known environmental risk factors such as tobacco smoking (LUAD) and UV light (SKCM). The
lowest deviation § for a given cancer type is shown in bold. The resulting optimal choice for n is not
reliable in cases in which the changes in the deviation are small when varying n (e.g. COAD).

Optimal background mutation rate. Computing the average of the deviation § over all cancer
types, we obtain that for n = 3 this mean deviation is minimized if the background mutation rate is
equal to 0.024 (Fig. 2e). We obtain the same result if the average is taken over all cancer types except
for the outliers LUAD and SKCM. This is striking as this estimate is very close to the parameter value
1 = 0.03 we originally chose for our model as provided by the available literature.
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S6 Multidimensional 3D analysis

S6.1 Original analysis from Tomasetti and Vogelstein (Science, 2015)

From the 31 datapoints used in [16] Figure 1, we subtract six environmental or inherited subgroup cancer
types (as explained in Tomasetti et al. Technical Report 2015), because they are just subgroups of cancer types
already included in the analysis. Specifically, we remove FAP colorectal, FAP duodenum, HCV hepatocellular,
HPV-16 head and neck, Lynch colorectal, and combine lung cancers of smokers and nonsmokers together. We
also do not use the overall lifetime risk of lung adenocarcinoma (0.069) but rather the one for never-smokers
(0.0045) in order not to bias the analysis with a strong environmental factor. Moreover, we keep legs, arms,
head, and pelvis osteosarcomas, as they are cancers from separate locations, but remove osteorsacomas to
eliminate any overlap, resulting in a total of 24 cancer types. Finally, we add breast and prostate cancers, as
estimated in Tomasetti et al. Science 2017 [17], yielding a total of 26 different cancer types.

We list here the name, lifetime risk (estimated at age 80), and total number of cell divisions for each of those
26 cancer types.

names <- c("Acute myeloid leukemia", "Arms osteosarcoma", "Basal cell carcinoma",
"Breast Cancer", "Chronic lymphocytic leukemia", "Colorectal adenocarcinoma',
"Duodenum adenocarcinoma", "Esophageal squamous cell carcinoma",
"Gallbladder adenocarcinoma", "Glioblastoma", "Head_Neck squamous cell carcinoma",
"Head osteosarcoma", "Hepatocellular carcinoma", "Legs osteosarcoma",
"Lung adenocarcinoma", "Medulloblastoma", "Melanoma", "Ovarian germ cell",
"Pancreatic ductal adenocarcinoma", "Pancreatic endocrine carcinoma',
"Pelvis osteosarcoma", "Prostate Cancer", "Small intestine adenocarcinoma",
"Testicular germ cell", "Thyroid follicular_papillary", "Thyroid medullary")

liferisk <- c(0.0041, 4e-05, 0.3, 0.129, 0.0052, 0.048, 3e-04,
0.001938, 0.0028, 0.00219, 0.0138, 3.02e-05, 0.0071, 0.00022,
0.0045, 0.00011, 0.0203, 0.000411, 0.013589, 0.000194, 3e-05,
0.121, 7e-04, 0.0037, 0.01026, 0.000324)

cellsdiv <- c(1.35 * 1078 * 960 + sum(2"(1:floor(log2(1.35 *
10°8)))), 6.5 * 1075 * 5 + sum(2”(1:floor(log2(6.5 * 10°5)))),
5.82 * 1079 * 608 + sum(2”(1:floor(log2(5.82 * 1079)))),
0.016 * 0.8 * 6.8 * 10711 * 346 + sum(2"(1:floor(log2(0.016 *
0.8 * 6.8 * 10711)))), 1.35 * 1078 * 960 + sum(2”(1:floor(log2(1.35 *
1078)))), 2 * 1078 * 5840 + sum(2”(1:floor(log2(2 * 107°8)))),

4 x 1076 * 1947 + sum(2”(1:floor(log2(4 * 1076)))), (6.7 *
10°6) * 2655 + sum(2”(1:floor(log2(6.7 * 1076)))), 1.6 *
1076 * 47 + sum(2"(1:floor(log2(1.6 * 10°6)))), 1.35 *
1078 * 0 + sum(2"(1:floor(log2(1.35 * 1078)))), 1.85 *
1077 * 1720 + sum(2"(1:floor(log2(1.85 * 10°7)))), 8.6 *
1075 * 5 + sum(2”(1:floor(log2(8.6 * 107°5)))), 3.01 *
1079 * 88 + sum(2°(1:floor(log2(3.01 * 1079)))), 1.59 *
1076 * 5 + sum(2"(1:floor(log2(1.59 * 1076)))), 1.22 *
1079 * 5.6 + sum(2"(1:floor(log2(1.22 * 1079)))), 1.36 *
1078 * 0 + sum(2"(1:floor(log2(1.36 * 10°8)))), 3.8 *
1079 * 199 + sum(2"(1:floor(log2(3.8 * 1079)))), 1.1 %
1077 * 0 + sum(2”(1:floor(log2(1.1 * 1077)))), 4.18 *
1079 * 80 + sum(2°(1:floor(log2(4.18 * 1079)))), 7.4 *
1077 * 80 + sum(2°(1:floor(log2(7.4 * 10°7)))), 4.5 *
1075 * 5 + sum(2"(1:floor(log2(4.5 * 10°5)))), 0.007 *

30 * 1079 *x 240 + sum(2‘(1:floor(log2(0.007 * 30 *x 1079)))),
1078 * 2920 + sum(2‘(1:floor(log2(10‘8)))), 7.2 x 1076 *
463 + sum(2”(1:floor(log2(7.2 * 1076)))), 6.5 * 1077 *
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7 + sum(2” (1:floor(log2(6.5 * 10°7)))), 6.5 * 1076 *
7 + sum(2" (1:floor(log2(6.5 * 1076)))))

The numbers above result in the following correlation:

A Positive Correlation
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total stem cell divisions
## Warning in cor.test.default(cellsdiv, liferisk, method = "spearman", exact =

## NULL): Cannot compute exact p-value with ties

#i#

## Spearman's rank correlation rho

#i#

## data: cellsdiv and liferisk

## S = 509.17, p-value = 2.04e-07

## alternative hypothesis: true rho is not equal to O
## sample estimates:

#i#t rho

## 0.8259234

and running a linear regression yields the following results:

##

## Call:

## 1lm(formula = loglO(liferisk) ~ loglO(cellsdiv))

##

## Residuals:

## Min 1Q Median 3Q Max

## -1.34533 -0.35328 -0.00388 0.40810 1.24888

##

## Coefficients:

#it Estimate Std. Error t value Pr(>|tl)
## (Intercept) =7.18227 0.67856 -10.585 1.60e-10 **x*
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## loglO(cellsdiv) 0.46859 0.06882 6.809 4.83e-07 **¥x
## ——

## Signif. codes: O '***x' 0.001 'xx' 0.01 'x' 0.056 '.' 0.1 ' ' 1
##

## Residual standard error: 0.672 on 24 degrees of freedom

## Multiple R-squared: 0.6589, Adjusted R-squared: 0.6447

## F-statistic: 46.36 on 1 and 24 DF, p-value: 4.834e-07

An important observation is that the slope of those points is much lower than 1, specifically the slope is 0.47.
Theoretically we would expect a slope higher than, or equal to, 1.

S6.2 Multidimensional analysis

We now consider separately the total number of stem cells in a tissue and the total number of divisions in the
lifetime of that tissue.

cells <- ¢c(1.35 * 1078, 6.5 * 1075, 5.82 * 1079, 0.016 * 0.8 *
6.8 *x 10711, 1.35 * 10°8, 2 * 1078, 4 * 1076, 6.7 * 1076,
1.6 * 1076, 1.35 * 10°8, 1.85 * 1077, 8.6 * 1075, 3.01 *
1079, 1.59 * 1076, 1.22 * 1079, 1.36 * 1078, 3.8 * 1079,
1.1 x 10°7, 4.18 * 1079, 7.4 * 10°7, 4.5 * 1075, 0.007 =*
30 * 1079, 1078, 7.2 * 10°6, 6.5 * 1077, 6.5 * 1076)

div <- as.integer(c(960, 5, 608, 346, 960, 5840, 1947, 2655,
47, 0, 1720, 5, 88, 5, 5.6, 0, 199, 0, 80, 80, 5, 240, 2920,
463, 7, 7))

As always, we must add to the vector “div” above also the number of divisions that occur during development:

divwithdev <- div + floor(log2(cells))

divwithdev

## [1] 987 24 640 379 987 5867 1968 2677 67 27 1744 24 119 25 35
## [16] 27 230 23 111 106 23 267 2946 485 32 29

We want to use multivariate regression now. To use the formula in the main text we need an estimate for
u, the probability of a driver mutation per cell division, meaning the probability that during a cell division
a driver mutation occurs. The mutation rate (per nucleotide base per cell division) has been estimated
to be ~107%, and the average gene length is ~1000 bases as there are ~30000 genes in the exome and the
length of the exome is 3 * 107. This would yield a per driver gene mutation rate equal to v = 107% in the
case of a tumor suppressor (as all bases may be hit), and u = 10~ in the case of an oncogene with up to
ten “hot spots”. However, a tumor suppressor must be hit in both alleles, and given that the rate of loss of
heterozygosity (LOH) is < 1072, we use u = 1078 for both tumor suppressors and oncogenes. As there are
multiple drivers genes that can be hit, with the list of known driver genes being in the hundreds but only a
subset of them found in any given cancer type, we assume for simplicity that the order of magnitude is 10,
resulting in a final v = 10~7. Note that the estimate for u will only affect the intercept, which is not the
main focus of our analysis.

u = 10"(-7)

We also need to include the 3rd independent variable, n, as indicated by the formula, i.e.the number of
required driver hits. The previous regression assumed that all cancer types listed have the same number
of required driver hits, which is not correct as it is known that that number varies across tissues. While
no established methodology is available today for determining the number of required drivers, n, typical
in a given cancer type, there are a few papers attempting to estimate that number. Of them, possibly the
one that looked at the largest number of cancer types is provided by the analysis produced by the Koonin’s
group (see Figure 4b in Iranzo PNAS 2018 [15]), and so we decided to use those results, both extending them
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as explained below, as well as extrapolating from them to other tissues when no information for them was
provided. Specifically, in that paper, it is reported that leukemia is estimated to have 2 driver mutations on
average, sarcoma (like osteosarcoma) has 1, basal is NA so we set=2 as basal is very common so it should not
have more drivers than melanoma, which has 2, breast 2, colon 3, duodenum is NA but it is next to and
similar to the colon, so we set it equal to 3 as colon, esophageal 2, gallbladder NA but in another study the
average is just a bit more than 1, glioblastoma 2, head and neck 2, hepatocellular 2, lung adenocarcinoma 2,
medulloblastoma NA so we set it equal to 2, as glioblastoma is 2 and medulloblastoma should not have more
drivers than glioblastoma (given the division rate), melanoma 2, ovarian germ cell is NA but ovary has a
value just above 1 and testicular is 1 so we set it equal to 1, pancreas is 2-3 (more 2 than 3) so we assume 2
for both, prostate 1, small intestine NA so 3 as colon, testicular 1, thyroid 1.

This gives us the following vector of values:

drivers <- c(2, 1, 2, 2, 2, 3, 3, 2,1, 2, 2,1, 2, 1, 2, 2,
2,1, 2,2,1,1, 3,1, 1, 1)

While the approach in Iranzo et al. provides us with a range of values for n, across different tissues, and that
is desirable and in fact even needed for our analysis, a major concern is that overall that analysis assigned a
very low n to many tissues, with about half of the cancer types considered in Figure 4b of Iranzo et al. are
estimated to have only one driver (n=1), which we think is too low. Therefore we increase all of those
estimates for n by 1, purposely in a unbiased way, in order to keep the needed range. The resulting vector for
n is then given by:

drivers <- drivers + 1

We now put all the data in a dataframe, adding a short code name to each cancer type.

codename <- c("LAML", "AQS", "BAS", "BRCA", "CLL", "COAD", "DUO",
I|ESCCII HGALLH IIGBMII IIHNSCCH |IHOS|I IILIHCII IILOSH IILUADII
I|MEDBI| |ISKCM|I IIDVGII llpAADH HPAEII HPOS” IIPRADII I|SMADI|
I|TESI| s |ITHFII , ||THM|I)

badluckdata <- data.frame(names, liferisk, cells, divwithdev,
drivers, codename)

badluckdata

## names liferisk cells divwithdev drivers
## 1 Acute myeloid leukemia 0.0041000 1.350e+08 987 3
## 2 Arms osteosarcoma 0.0000400 6.500e+05 24 2
## 3 Basal cell carcinoma 0.3000000 5.820e+09 640 3
## 4 Breast Cancer 0.1290000 8.704e+09 379 3
## 5 Chronic lymphocytic leukemia 0.0052000 1.350e+08 987 3
## 6 Colorectal adenocarcinoma 0.0480000 2.000e+08 5867 4
## 7 Duodenum adenocarcinoma 0.0003000 4.000e+06 1968 4
## 8 Esophageal squamous cell carcinoma 0.0019380 6.700e+06 2677 3
## 9 Gallbladder adenocarcinoma 0.0028000 1.600e+06 67 2
## 10 Glioblastoma 0.0021900 1.350e+08 27 3
## 11 Head_Neck squamous cell carcinoma 0.0138000 1.850e+07 1744 3
## 12 Head osteosarcoma 0.0000302 8.600e+05 24 2
## 13 Hepatocellular carcinoma 0.0071000 3.010e+09 119 3
## 14 Legs osteosarcoma 0.0002200 1.590e+06 25 2
## 15 Lung adenocarcinoma 0.0045000 1.220e+09 35 3
## 16 Medulloblastoma 0.0001100 1.360e+08 27 3
## 17 Melanoma 0.0203000 3.800e+09 230 3
## 18 Ovarian germ cell 0.0004110 1.100e+07 23 2
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##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##

19 Pancreatic ductal adenocarcinoma O

20 Pancreatic endocrine carcinoma O

21 Pelvis osteosarcoma O

22 Prostate Cancer O

23 Small intestine adenocarcinoma O

24 Testicular germ cell O

25 Thyroid follicular_papillary O

26 Thyroid medullary O
codename

1 LAML

2 A0S

3 BAS

4 BRCA

5 CLL

6 COAD

7 DUO

8 ESCC

9 GALL

10 GBM

11 HNSCC

12 HOS

13 LIHC

14 LOS

15 LUAD

16 MEDB

17 SKCM

18 ovG

19 PAAD

20 PAE

21 POS

22 PRAD

23 SMAD

24 TES

25 THF

26 THM

Running the regression:

linereg = 1m(loglO(liferisk) ~ loglO(cells) + loglO((u * divwithdev) “drivers))

summary (linereg)

##

## Call:

## 1m(formula = loglO(liferisk) ~ loglO(cells) + loglO((u * divwithdev) “drivers))
##

## Residuals:

## Min 1Q Median 3Q Max

## -0.6244 -0.3844 -0.1410 0.2200 0.9170

##

## Coefficients:

#it Estimate Std. Error t value Pr(>[t])
## (Intercept) -6.03594 0.68532

## logl0(cells) 0.90698 0.09093

## loglO((u * divwithdev) drivers) 0.28846 0.05297

##

.01356890
.0001940
.0000300
.1210000
.0007000
.0037000
.0102600
.0003240
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## Signif. codes: O '*x*xx' 0.001 'xx' 0.01 'x' 0.05 '.

##

' 0.1

## Residual standard error: 0.509 on 23 degrees of freedom

## Multiple R-squared: 0.8125, Adjusted R-squared:

0.7962

## F-statistic: 49.82 on 2 and 23 DF, p-value: 4.371e-09

linereg = 1m(logl0(liferisk) ~ loglO(cells) + loglO(u“drivers) +

loglO(divwithdev~drivers))
summary (linereg)

##
## Call:

1

## 1m(formula = loglO(liferisk) ~ loglO(cells) + loglO(u~drivers) +

#it logl0(divwithdev~drivers))

#it

## Residuals:

## Min 1Q Median 3Q Max
## -0.7344 -0.2955 -0.1363 0.3308 1.0003
##

## Coefficients:

#t Estimate Std. Error t value Pr(>ltl)
## (Intercept) -5.99405 0.62959 -9.521 2.93e-09
## loglO(cells) 0.86083 0.08588 10.024 1.16e-09
## loglO(u~drivers) 0.29504 0.04872 6.055 4.28e-06

## loglO(divwithdev~drivers) 0.35656 0.05696 6.259 2.67e-06

#t -

## Signif. codes: O '**x' 0.001 '*xx' 0.01 'x' 0.05 '.

##

' 0.1

## Residual standard error: 0.4674 on 22 degrees of freedom

## Multiple R-squared: 0.8487, Adjusted R-squared:

0.8281

## F-statistic: 41.15 on 3 and 22 DF, p-value: 3.407e-09

S6.3 3D plot

library(scatterplot3d)

s3d = scatterplot3d(
logl0(badluckdatal,3]),
logl0((uxbadluckdatal,4]) "drivers),
loglO(badluckdatal,2]),
19,
"orange",
55,
# scale.z = 5.5,
# scale.y = 5.5,
# scale.z = 5.5,
"pe
"LoglO(stem cells)",
"LoglO((u*total divisions) “drivers)",
"LoglO(lifetime risk)")

text (s3d$xyz. convert(

logl0(badluckdatal,3]),
logl0((uxbadluckdatal,4]) “drivers),
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logl0(badluckdatal,2])),
badluckdatal,6],

0.4,

02y

"black")

my.lm <- 1lm(loglO(badluckdatal[,2]) ~ loglO(badluckdatal,3]) +

Log10(lifetime risk)

my.

##
##
##
##
##
##
##
##
##
##

s3d$plane3d(my.1lm, "grey")
PRAD
BAS
TES BRCA
o HNSCC @ THEOAD
GALL
Esca ChiyL SKCM
T +4 : PAAD
HEOVG: LiHG
LOS
(}] 1 O sitap——- LUAD
Pos s i

[sp] PAE

P T -12

< | WMEDB] _14

! -16

0 -18

5 6 7 8 9
Log10(stem cells)

1m
Call:
Im(formula = loglO(badluckdatal, 2]) ~ loglO(badluckdatal, 3]) +

logl0((u * badluckdatal, 4]) drivers))
Coefficients:

(Intercept) logl0(badluckdatal, 3])
-6.0359

logl0((u * badluckdatal, 4]) drivers)

logl0((u * badluckdatal,4]) “drivers))

S6.4 Sensitivity analysis

We check for the robustness of the results via one-factor-at-a-time (OAT) by letting the number of drivers in
each cancer type be a random variable. Specifically, a discrete uniform distribution over {2,3,4} for cancer
types estimated to have 3 drivers, {1,2,3} for cancer types estimated to have 2 drivers, and {1,2} for cancer
types estimated to have only one driver. The sensitivity analysis for the number of cells and division rates
was already performed in Tomasetti and Vogelstein 2015 (Variation in cancer risk among tissues can be

0.2885

-10

0.9070

explained by the number of stem cell divisions. Science 2015, 347(6217):78-81).
set.seed(123)

matrix_coef <- matrix(0,

for (i in 1:10000) {
Drivers <- replicate(length(badluckdatal, 5]), 0)

10000,
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Drivers[badluckdatal, 5] == 1] <- round(runif(length(badluckdatal,

5] == 1), 1, 2))

Drivers[badluckdatal[, 5] == 2] <- round(runif(length(badluckdatal,
5] == 2), 1, 3))

Drivers[badluckdata[, 5] == 3] <- round(runif(length(badluckdatal,
5] == 3), 2, 4))

Drivers[badluckdatal, 5] == 4] <- round(runif(length(badluckdatal,
5] == 4), 3, 5))

# we keep all but one of the original wvalues
nochange <- sample(1:26, 25, FALSE)

Drivers[nochange] <- badluckdatal, 5] [nochange]

Drivers[5] <- Driversl[1]
Drivers[c(12, 14, 21)] <- Drivers[2]
Drivers[c(7, 23)] <- Drivers[6]

linereg = 1lm(loglO(badluckdatal, 2]) ~ loglO(badluckdatal,
3]) + logl0((u * badluckdatal, 4]) " (Drivers)))

matrix_coef[i, ] <- c(linereg$coefficients, summary(linereg)$adj.r.squared)

mean(matrix_coef[, 2])

## [1] 0.8861895

mean(matrix_coef[, 3])

## [1] 0.265785

mean(matrix_coef[, 41])

## [1] 0.7755626
sd(matrix_coef[, 2])

## [1] 0.04320113
sd(matrix_coef[, 3])

## [1] 0.03577291
sd(matrix_coef[, 4])

## [1] 0.03853435
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