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Appendix 1: Metacommunities harbouring similar mean and variance but varying
asymmetry of the carrying capacity distribution — examples using two values of carrying

capacity

We define a metacommunity with two values of carrying capacity using three parameters:
- K, and K, the carrying capacities;
- m, the proportion of communities that have carrying capacity K.

We introduce the mean carrying capacity of metacommunities:

K=mK +({1-m)K,

The squared coefficient of variation of carrying capacity y, verifies:

Y2 = w1 (1 — 1) (KZI:{KI)Z

The standardized skewness of carrying capacity y verifies:

27T1—1

Y3 = m

We aim at building landscapes with different standardized skewness (y3) while keeping
squared coefficient of variation (y,) and K constant. As y5 only depends on m,, controlling y3
is equivalent to controlling ;. We may obtain different values of y5 using r; and then adjust
values of K; and K, to obtain the same values for y, and K. The difficulty essentially lies with
the fact that K; and K, must be non-negative integers. In the following, we assume, without
loss of generality, that K, > K;. Because we want to measure Simpson diversity in
communities, we also impose K; > 2. We look for values of K and m; such that any integer
value of K; such as 2 < K; < K can generate valid metacommunities. K, can be expressed as

a function of K, K and m;:

_ I?_anl

1—7T1

K;



K, must be an integer for any K; such as 2 < K; < K, which is equivalent to imposing that
(K —2m,)/(1 —my) and /(1 —m,) are integers. m,/(1 — m,;) being a non-zero integer

means that there exists a strictly positive integer k such as m; = k/(k + 1). Then:

K2 — Rk +1) — 2k
1—7T1
K has to then be an integer. For a given integer value of K > 2, we have a set of possible

metacommunities:

— — k —
(K Kpm) €A={LRK+k(E-D=2<1<K 1<k

We now seek to extract from A4 metacommunities having the same variation coefficient of
carrying capacities. A metacommunity in A4 with parameters k and [ has the coefficient of

variation

=10

We then consider a metacommunity 0 with minimal k, =1 and [, =2 and we seek

metacommunities in A with the same y,. These metacommunities verify:

2 2
e(1-7) =(1-3)
Thus:
- (52
k has to be a squared integer so that we introduce q such as k = g2. (1) implies that g verifies:
qlK—-1)=K-2
so that g divides K — 2. [ can be define from g:

_ K(g-1D+2
q

l

We thus can provide a set of metacommunities with two only distinct values of carrying
capacity such that K is constant for all the metacommunities and the coefficient of variation of

all the metacommunities is also constant and verifies y, = (1 — 2/K)?. This set writes:



B = {02 R+ q(R - 2),-%5) g € Dx_o}

q%+1
where Dg_, is the set of positive integers that divide K — 2. This construction can easily be
generalized to provide sets of metacommunities with only two distinct values of carrying
capacity such that K is constant for all the metacommunities and the coefficient of variation of
all the metacommunities is also constant and verifies y, = (1 — [/K)? with [ > 2 although
we focus here on [ = 2. Setting K = 8 yields following possible values of g: 1, 2, 3, 6.
Because, increasing q increases y3, the set B with K = 8 allows generating metacommunities
where the evolution of dispersal is predicted to undergo either evolutionary stable equilibrium
or branching (Massol et al. 2011). We could generate two metacommunities (Figure Al.1)

corresponding to following values of (K;, K, ):

Metacommunity Q k K, K, T4

1 1 1 2 14 0.5

2 6 36 7 44 0.972973
Figures

Figure Al.1: Evolutionary scenario as a function of (y,,y3) as predicted by Massol et al.
(2010). K is set to 8 and three values of dispersal cost ¢ are explored: 0, 0.1, 0.5. The black
zone corresponds to values of (y,,y3) that are not attainable because communities’ carrying
capacity must be superior or equal to 1. Black continuous curve shows the frontier between
dispersal ESS scenario (below the curve) and branching scenario (above the curve) in terms of
(¥2,v3) for c = 0.1 (value used in main text). The same curves (dashed lines) are reported for
c= 0 and 0.5. Dots represent metacommunities generated by our method. The two
metacommunities used in main text are tagged here with numbers. The corresponding

parameters are indicated in Table 1 of main text.
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Appendix 2: Sensitivity of dispersal (as a function of time) to the distribution of carrying

capacities (y5,y3) and dispersal cost (c) — a simulation exploration

The dispersal strategies obtained at evolutionary equilibrium depends on the simulation
parameters. Figure A2.1 shows that a higher cost leads to a lower dispersal strategy in the
ESS scenario as predicted by classic dispersal evolution theory. We also observed that higher

cost leads to closer branches in the EB scenario.

Figures

Figure A2.1: Dispersal distribution through time in model M; for metacommunities 1
and 2 (see Table 1) for different values of dispersal cost c. Panels A and C (resp. panels B
and D) present the symmetric (resp. asymmetric) community with ¢ = 0 and 0.5 respectively.
For each panel, one simulation was performed over 20000 generations (=20000*8880 cycles,

see main text). Iconography and other parameter values are identical to Figure 1.
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Figure A2.2: Dispersal values under the EB scenario for different values of the
coefficient of variation (y,) and the asymmetry (y3) of the distribution of carrying
capacities within the metacommunity. (A) yz = 2.27; (B) y3 = 2.73; (C) y3 = 4.13. Blue
(resp. grey) boxes represent the average distribution of the dispersal trait in the lower (resp.

upper) branch over 12 replicated simulations.
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Appendix 3: The “capacity dispersal pattern” - theoretical derivation and robustness to

dispersal cost

We explain why, in model My, the expected average dispersal value within a community
decreases as the carrying capacity of the considered community increases - a feature that we
call “carrying capacity-dispersal relationship”. We do not consider the species label of
individuals throughout this section.

We consider the limit case of model M; when the number of communities is infinite (i.e.
N — +o0). We assume that:

- dispersal traits in the metacommunity have reached a stationary distribution at the
metacommunity scale under which various trait values D= (d4,d, ...) have constant
frequencies F = (f,, f, ...) with X, f; = 1.

- communities have very large carrying capacities (i.e. K = +oo for all communities).
This allows us to overlook the effects of demographic stochasticity within

communities, which is not necessary to explain the pattern that we study here.

- =% is finite for all the communities (no community is infinitely larger than the
others), so that the individual contribution of any community to the metacommunity
structure can always be neglected. This allows us to describe the model through a
mainland-island dynamics in which all the communities receive migrants from a
common regional pool with structure(D, F).

Because a community harbours an infinite number of individuals in this limit case, we
describe its state through the local frequencies of each dispersal type, noted X = (x4, x5, ...).
In our asymptotic case in which there is no local demographic stochasticity, we look for the
migration-selection equilibrium value x,; which verifies:

Vi, Bi(Xeq) = 6i(Req (3.1)

11



where B;(xX) (resp. 8;(x)) is the rate of increase (resp. decrease) of the local proportion of
dispersal type i. We derive their expression in our asymptotic case:

xi(1-dp)+f a0

(s
| Bi(X) = (1 —x;) e+ dreg 2

xi(l_di)"'fidi(l;C))

3.2)

5 = (-9
1_dloc+dreg T

lsi(f) = x; (1 -

with dj,c (resp. dy.4) the average dispersal trait of the individuals in the community (resp. in

the regional pool).

Plugging (3.2) in (3.1) yields the system:

Vi, (1—x;) (xi(l —d;) + fid; (1_6)) =X (1 - d_loc + Czreg UT;C) —x;(1—d;) — fid; (1_6))

r r

a-9

, fid;
Vl; xl = _ _T (l—C) (3-3)
di_dloc+dreg T

which implies:

(1-¢0)

r

(1-c)

Vi, fid; < di = djpe + dreg

. (-0 (7
Vi, die < di +-=2(dreg — fid;)
dioc < min; [di + @(Jreg - fidi)]
In addition, d,,, > min;[d;] so that:
. 5 . (1-c) 5
min[d;] < dyoe < min; |d; + 52 (dyeg — fidy)]
We define the function S,.(8) for § € [mini(di) , min; [di + Or;c) (dreg — fidi)” as:

1—
f i@%

- 1-c
=6+ yeg =2

5:(6) = %4

To verify the system (3.3), d;,. must necessarily verify the equation:

Se(die) =1 (3.4)

Function S, verifies the following three properties:

12



Sy(min;(d;)) <1
Sy (mini [di + @ ((zreg — fldl)]) =>1 (3.5)
v € [min;(d;), min; |d; + =2 (dyeg — fidy)]], 5+ (8) > 0

The intermediate value theorem then ensures that a unique value d,,. verifying (3.4) exists.
This value depends on the parameter r of the considered community so that we note it
d;.(r). The goal of this section is then to show that d,,.(r) is a decreasing function of r. We
define the bivariate function ¢ (r, 6) as follows:

fidi(l_C)

@(r,06) = Zid_-—ru-c)

(—6+dreg

In particular, ¢ verifies:

@ (r, Jzoc(r)) =1 (3.6)
A differentiation of (3.6) along variable r yields:

OTQD(T, Czloc) + 66(/)(7" &loc)aloc,(r) =0

37 — _ ar‘l’(r'aloc)
leC (r) - aﬂ(p(r:aloc) (3'7)
a-0 -
- 1 fidi—— di—djoc
OTQD(T, dloc) =—-= l D)

i — — 1-c — 5 1-
r di—dloc+dreg(T) di—dloc+dreg( T

o —

5-& . . . - - .
——1°¢—— is a concave function so that Jensen inequality implies:
s_dloc‘*'dreg T

a-9 -
fidi T di—dioc
1-c) < 0

i = - (1-0) = - (
di_dloc+dregT di_dloc"‘dreg T

0rp(r, dioc) > 0 (3.8)
In addition, using (3.5) one gets:

6690(7’: ‘iloc) = Srl(&loc) >0 (3.9)
Plugging (3.8) and (3.9) in (3.7) yields

T _ ar‘P(T'aloc)
dioc(r) = d50(r.d1oc)

In other words, the expected local dispersal value decreases with K.

13



Figure 2 of main text illustrates the capacity-dispersal pattern for metacommunity 1 and 2 for
dispersal cost ¢c=0.1. Similar results are obtained when using other values of dispersal cost
(Figures A3.1 and A3.2). Note that the representations in these figures are different from
those of main text. In main text we had 100 independent simulations and compared the
distribution of observed versus randomized statistics. Here we ran a single simulation and
compare the observed value with a distribution of randomized values computed from the same
observation (more details in figures legends). Figure A3.1 shows that changing the dispersal
cost does not affect the results about dispersal pattern for the symmetric metacommunity. The
“environmental filtering” is always significant when accounting for intraspecific variance in
dispersal and randomizing individuals position (Figure A3.1A) and but not significant when
overlooking intraspecific variance and randomizing only species traits (Figure A3.1B).
Dispersal is always significantly higher in small communities that in high communities when
accounting for intraspecific variance in dispersal and randomizing individuals position
(Figure A3.1C) but not (or hardly) significant when overlooking intraspecific variance and

randomizing only species traits.

Figures

Figure A3.1: T,z and the difference in average dispersal trait between small and large

communities in the symmetric metacommunity for different values of the dispersal cost
c. For each value of ¢, we performed one simulation over 20000 generation and analysed the
final state. In each panel, we presented results for low cost (c=0) on the left and results for
high cost (c=0.5) on the right. Dots are used to represent the observed value of the considered
statistic at this final state, while bars present the average of 100 values of the statistic obtained

from independent randomization of this final state. Error bars show the 3% and 97% quantiles

14



of the empirical distribution of the randomized statistic. (A): T;c,;g When accounting for
intraspecific variance in dispersal and randomizing individuals position in the
metacommunity. (B): Tyc,z when overlooking intraspecific variance in dispersal and
permuting species dispersal values while preserving species abundances in communities. (C):
Average dispersal in small communities minus average dispersal in large communities (Ad)
when accounting for intraspecific variance in dispersal and randomizing individuals position
in the metacommunity. (D): Ad when overlooking intraspecific variance in dispersal and

permuting species dispersal levels while preserving species abundances in communities.

15
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Figure A3.2: The capacity-dispersal pattern in the asymmetric metacommunity for
different values of dispersal cost c. The caption is exactly the same than Figure A3.1 but for

the asymmetric community.
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Appendix 4: Species diversity index in the neutral metacommunity — theoretical

prediction

We recall that D, (K;) is the probability that two individuals sampled in the same community
with carrying capacity K; belong to different species, Dg(K;, K;) is the probability that two
individuals coming from distinct communities with carrying capacities K; and K; belong to
different species and D, is the probability that two individuals randomly sampled in the
metacommunity (any individual from any community) belong to different species.

We provide here (i) analytical expressions of D, (K;), Dﬁ(Kl-, Kj) and D, in the neutral
metacommunity model M,. We first emphasize that D, can be deduced from the D,(.)s and
Dg(.,.)s using the following equation:

NiN ;KK
JU-1

Ni(Ni—DK;?

DB(KL-,KJ-)> + (ZLWD[;UQ: Ki)) (4.1)

_ NiK;i(K;—1)
D, = (S ™5EES Da(K)) + <zi<j 2

Therefore we will focus on providing analytical expression and estimates of the D, (.)s and
Dg(.,.)s and use equation (4.1) to infer corresponding results for D,.
Defining the coalescence Markov chain
The D,s and the Dgs can be derived for any K;, K; values by considering the coalescence (i.e.
the genealogy; Figure A4.1) of lineages associated to the sampled individuals. Two
individuals belong to different species if and only if, going backward in time, their lineages do
not merge into a single ancestral one before a speciation event occurs in either of them.
Arbitrarily labelling the two lineages considered as lineage 1 and 2, the coalescence can be
described as a Markov chain over the following states of the pair of lineages:

e states C(K;): the two lineages are in the same community with carrying capacity K;;

e states F(Ki,Kj): the two lineages are in different communities, lineage 1 is in a

community with carrying capacity K; while lineage 2 is in a community with carrying

19



capacity K; (it is possible to have K; = K; when the two lineages are in distinct
community with the same carrying capacity);
e state M: the two lineages have merged into a single one;
e state S: one of the two lineages has undergone a speciation event.
State M and S are absorbing states of the Markov chain.
D, (K;) is the probability that the Markov chain ends in S when starting from the initial state

C(K;). Dﬁ(Ki,I(j) is the probability that the Markov chain ends in S when starting from the
initial states F(K;, K;) or F(K;, K;).

Computing transition probabilities of the coalescence Markov chain

For any pair of states A and B, denote p4_,5 the probability that the Markov chain currently in
state A switches to state B when a birth-death cycle occurs backward in time. Note that a
lineage is affected by the next birth-death cycle to occur backward in time only if the current
individual representing the lineage comes from the reproduction event of this cycle (e.g.
cycles 2 and 5 in Figure A4.1). For a Markov chain in state A, its state should not change if
the next cycle backward in time did not produce either of the two individuals traced in state A.
In all the following, we therefore consider transition probabilities from A to B conditionally to
the fact that one of the two individuals representing the lineages in A comes from the
reproduction event of the next cycle backward in time. In other words, we overlook cycles
that do not contribute to lineages dynamics (e.g. cycles 1, 3 and 4 in Figure A4.1).

Assume that the Markov chain is currently in state C(K;). We first assume that lineage 1

comes from the reproduction event of the next cycle backward in time (which occurs with
probability %). We denote with exponent 1 the corresponding transition probabilities. We call
C the community in which both lineages occur in current state. Various transitions can occur:

- Transition to state M occurs if the individual that reproduces at the next cycle

backward in time is the individual representing lineage 2.

20



- Transition to state C(K;) (i.e. not changing state) occurs if the individual that
reproduces at the next cycle backward in time is in C but is not the individual
representing lineage 2.

- Transitions to state F(Kj, Kl-) for any K; occur if the individual that reproduces at the
next cycle backward in time is not in C and is in a community with carrying capacity
K;.

- Transition to state S occurs if a point speciation occurs at the next cycle backward in
time.

The weight an individual belonging to C in the lottery for reproduction at the next cycle

backward in time is the sum of its local reproductive effort 1 —d and the share of the

d(1-c)
N

propagules that fall in its own patch . K; — 1 individuals belongs to C and participate in

the lottery: the individual representing lineage 2 and K; — 2 other individuals. In addition to

those individuals in C, all the individuals occupying other communities also participate in the
lottery with a per capita weight of %. There are /] — K; such individuals. Among them,

N, K; individuals come from communities with carrying capacity K; for [ # i where N; is the
number of such communities. (N; — 1)K; individuals come from communities with carrying
capacity K; (community C has been removed).

We can then identify the weight of events of interest in the lottery for reproduction:

- “the individual that reproduces is the one representing lineage 2” has weight wy =

d(1-c)
N

1—-d+
- “the individual that reproduces is another individual from C” has weight w, =

d(1-c¢)
(Ki—z)(l—d+T).
- “the individual that reproduces is not from C and is from a community with carrying

d(1-c),
N 1

capacity K;, [ # i” has weight wg; = N|K;

21



- “the individual that reproduces is not from C and is from a community with carrying

d(l c)

capacity K;” has weight wg; = (N; — 1K;
If speciation occurs during the cycle, with probability v, which of this event actually occurs
does not matter as the transition will be to S state in any case. The lottery is considered only if
speciation does not occur, which has probability 1 — v. Transition probability then writes:
Pé(l{i)es =V

(Ki— 2)(1 a+34=9 C))

pé(Ki)_’C(Ki) =1-v) wC+wM+v‘:’Fi+Zl¢in_l ={1-v) (Ki- 1)(1 a+4=9) C))+(] K; )d(1 9
pé(Ki)_;iEKj;Ki) =Q1-v) WC+WM+‘:7VZZ+EI¢iWF.l =1-v) (Ki— 1)(1 dii;gdc(};_:)(] Kl)d(1 )
pé(Kf)_)F(Ki'Ki) =1-v) Wc+WM+:Vv:ii+Zl==iWF,z =1-v (K- 1)(1 (::-dil)K;)(:-(]C) I(l)d(1 2
pé(KQ—»M =(1-v) WC+WM+MV:IZ+21#,W” =1-v) Ko 1)(1 didifi()l):z] Kl)d(l )

Other transitions, provided that lineage 1 is the one coming from the reproduction at the next
cycle backward in time, are not possible and have probability 0.

We denote with exponent 2 the transition probabilities when assuming that lineage 2 is the
one coming from the reproduction event. Similar analysis than above yields:

pg(Ki)ﬁS =v

K;-2)(1- —q+341=9 ‘))

pg(Kl’)_’C(Ki) =1-v) WC+WM+Vr:,:i+Zl¢iWF,l == (K- 1)(1 a+40-9 C))+(] Kl)gl(1 2
pg(Ki)?igKi'Kf) =(1-v) wC+wM+\:/V:Z+Zz¢in,z ==-v K-1)(1- dliggdc(})l_j(f K49
pg(Ki)_’F(Ki’Ki) =1-v) Wc+WM"“:/V:ii+Zl¢iWF,l =(1-v (Ki— 1)(1 (:-Ll-dgl{:;;(:-(:) Kl)d(1 2
pg(Ki)_)M =1-v) WC+WM+V‘:’VZ+ZI¢1'WF,I ==V (K- 1)(1 didi:i(})v_‘:] Kl)d(1 2
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Other transitions have probability 0.

The unconditional transition probability p,_p can be retrieved from the transition
probabilities conditionally on which lineage comes from the reproduction at next cycle
backward in time as follows: p,_5 = pi_p + p5_p. This yields the unconditional transition
probabilities:

Pckp-s =V

(Ki— 2)(1 a+34=9 C))

Pckp-ckp) = 1-v)

(K;-1)(1-a+2029 C))+(] K49
= ~L1-v) i
pC(Kl-)—TF('Ki,Kj) pC(Ki)—TF('Kj,Ki) > Ko~ 1)(1 7.20=0 c))+(] K)d(l )
J#i J#i
d(1 )

(Ni—DK;
(K;-1)(1-a+2022 C))+(] —kp&ie

Pc(k)-F(KiK) = (1-v) d(l [5)

1- d+d(1 9

(k;-1)(1-a+24=9 C))+(] k)=

Pckp-m = 1-v)

d(1 c)

Assume that Markov chain is currently in state F(K;, K;) with K; # K;. We call ¢; (resp.
C,) the community in which the individual representing lineage 1 (resp. lineage 2) occurs at
current state.
We first assume that lineage 1 is the one involved and derive the transition probability from
this situation. Various transitions can occur:

- Transition to state M occurs if the individual that reproduces at the next cycle

backward in time is the individual representing lineage 2. The weight of this event in

the lottery is wy, = 2=,

- Transition to state C(Kj) occurs if the individual that reproduces at the next cycle

backward in time is in C, but is not the individual representing lineage 2. The weight

d(1- c)

of this event in the lottery is w, = (K — 1)
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- Transitions to state F(Kl,l(j) for K; # K;, K; occur if the individual that reproduces at
the next cycle backward in time is in a community with carrying capacity K; (which

cannot be the community of either individuals representing lineage 1 or 2 in current

d(1 c)

state). The weight of this event in the lottery is wr; = N,K;

- Transition to state F(Ki,Kj) occurs if the individual that reproduces at the next cycle

backward in time is either in C; or in another a community with carrying capacity K;.

+

The weight of this event in the lottery is WF,i=(Ki_1)( ) C))

d(l c)

(N; — DK;

- Transition to state F(K;, K;) occurs if the individual that reproduces at the next cycle

backward in time is in a community with carrying capacity K; that is not C,. The

d(l c)

weight of this event in the lottery is wg ; = (N; — 1)K;

- Transition to state S occurs if a point speciation occurs at the next cycle backward in
time.
Transition probabilities conditionally to the fact that lineage 1 is the one coming from the

reproduction event at next cycle backward in time then writes:

1 —
Pr(kyk)-s =V

(1—V)WC (1 V)(K] 1)d(1 2)

1 _
Pr(kik))~>C(K)) = Werwatwr W+ Siw Wer (Ko 1)(1-a+4829) 4 ()29

(1 c)

. (1-v)wg, (1-v)NKj——
Pr(kikj)-F(Kik)) = Wc+Wm+WF,i+WF,j+Zz==i,jWFz (Ki— 1)(1 —a+2029 C))+(] Kl)d(1 <)
1#i,)
d d
1 (1-V)wp; 1 )(Kl 1)(1-a+4870) (1), 200
= . — —v
Pr(kik))-F(KiK)) WCHWMAWE +WE j+ X1z, j WFL (Ki— 1)(1 d+d(1 C))+(] Kl)d(1 )
d(1-c)

p1 _ (1-V)wg 1-V(Nj-1)K;=5—
F(KiK)=F(KjK}) ~ Werwywr o wr j+ 2w Wl (Ko 1)(1-a+20-D) 1 209
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Wiy (1-v2i=9

1
=1-v
Pr(kukj)-M ( )WC+WM+WF,i+WF,j+Zl¢i,jWFl (K;-1)(1-a+2029 C))+(] K49

Similary, we derive the transition probabilities conditionally to the fact that lineage 2 comes
from the reproduction event at the next cycle backward in time:

2 —
Pr(k,x )-s T v

1-v) (k-2

2
pF(Ki,Kj)aC(Ki) (% 1)(1 74300 c))+(] K])d(l B)

5 B 1-v)N K S
Pr(kiK)-FKikD = (Kj—1)(1 4+40=0) c))+(] K])du )
l#i,j
d d(1-
2 — (1 )(K] 1)(1-a+282D) (v ;- 1)k, 2029
F(KiK;j)=F(KyK;) (kj-1)(1- d+d(1 D)4 (j-k ;)P89
5 a-v)(N;-DK 22
pF(Ki,Kj)aF(Ki,Ki) (K- 1)(1 74300 c))+(] K])d(1 D)
5 (1- 1/)d(l c)
Pr(kikj)-m = (k;-1)(1-a+2029 C))+(] =
We can then derive the unconditional probabilities:
Pr(kyk;)-s =V
1 -V (K-
Pr(kk;)-c(K;) Z(Kj—l)(l 7430-0 c))+(] K])d(l B
1 (1-v)(k;-1)20=9
Pr(kik;)-c(k;) = 2 (k- 1)(1 1120-0 c))+(] Kl)d(l B
1 a-vN A9
pF(Ki,Kj)—.)F;(Ki,Kl) 2 (K _1)(1 d+d(1 C))+(] K])d(l c)
L#1,]
1 = v)NKd(l 9
pF(Ki,Kj)—TF:(Kl,Kj) Z(K 1)(1 7430-0 c))+(j Kl)d(l B
L#1,j
. 1-v | (5 1)(1-a+25 D) (1)K, 28D (k-1 (1-a+255D)+ (- 1)K ;242D
F(KiKj)~F(KiKj) = (K- 1)(1 d+d(1 c))+(] K])du B (Ko 1)(1 d+d(1 c))+(] Kl)d(1 5)
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d(l c)

1 A-v)(Ni-DK;

Pr(kik;)-F(KiKD) = 2(1< _1)(1 74300 c))+(] K])d(l B)

Pr(kik;)-F(KjKj) =

1 (1-v)(Nj- 1)1(]‘“;,‘@

2 (k- 1)(1 _q+41-9 C))+(] -k

d(1 0

1 (1-1)20=9) (1—0) (1- v)d(l—c)

K +
Pr(kik;)-M = 2|(x; _1)(1 71900 c))+(] K])d(l B (K- 1)(1 74900 c))+(] K)d(l B

Assume that Markov chain is currently in state F(K;, K;). We call C; (resp. C,) the

community where the individual representing lineage 1 (resp. lineage 2) occurs at current

state.

We first assume that lineage 1 is the one involved and derive the transition probability from

this situation. Various transitions can occur:

Transition to state M occurs if the individual that reproduces at the next cycle

backward in time is the individual representing lineage 2. The weight of this event in

d(1- c)
N

the lottery is wy, =

Transition to state C(K;) occurs if the individual that reproduces at the next cycle

backward in time is in C, but is not the individual representing lineage 2. The weight

)d(l—c).

of this event in the lottery is w, = (K; — 1 ~

Transitions to state F(Kj, K;) for [ # i occur if the individual that reproduces at the
next cycle backward in time is in a community with carrying capacity K; (which

cannot be the community of either individuals representing lineage 1 or 2 in current

d(l c)

state). The weight of this event in the lottery is wp; = N|K;

Transition to state F(K;, K;) occurs if the individual that reproduces at the next cycle
backward in time is either in C; or in another a community with carrying capacity K;
that is not C,. The weight of this event in the lottery is wr; = (K; — 1) (1 —d+

d(1-c)
N

d(1- c)

)+(N—2)K
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- Transition to state S occurs if a point speciation occurs at the next cycle backward in
time.
Transition probabilities conditionally to the fact that lineage 1 is the one coming from the

reproduction event at next cycle backward in time then writes:

1 _
Prkkp-s =V

d

1 3 A-v)we 3 (1-v) (k-2
PF(kikD-C(K) = WeHWMAWE i+ D12 WF L (K- 1)(1 a+21-9 C))+(] K)d(1 9

d

1 _ A-vIwg, _ (1-V)N K= (1 o

pF(K"‘K")l_)F(Kl'K") o wetwyAWE i WEL (K- 1)(1 —a+339) C))+(] Kl)d(1 )
#i

1 _ A-v)wg; - )(I(l 1)(1 a+41-9 C))+(Nl Z)Kld(l )

PF(kiKD-F(KiK) = WetWMAWE i +T i WEL v (Ki— 1)(1 d+d(1 C))+(] K)d(1 9

Wi B (1-v)(1-a+2529)

Wc+WM+WF,i+Zz==iWFz (K;— 1)(1 a+33=9 C))+(] K)———

pI}'(Ki,Ki)—)M =(1-v)

d(1 c)

Similarly, we derive the transition probabilities conditionally to the fact that lineage 2 an then

the unconditional transition probabilities:

PrkKk)-s =V
A-v)(k;-1) 42
(k;i-1)(1- —a+41=9 C))+U N Cid)

Prxik)-cK) = d(1 )

1 (1-V)N; Kld(l 9
pF(Ki,Ki)l:l{’(Kl,Ki) - pF(Ki,Ki)l:f(Ki,Kl) 2 K; 1)(1 4+20-0 c))+(] Kl)d(l B
(Ki— 1)(1 —q+4a=9 C))+(NL 2)1{1"1(1 2
Pr(kik)-F(KiK) = (1-v) d(1 )

(ki-1)(1- d+d(1 =) (k22

(1- 1/)d(l c)

(K;-1)(1- a+34=9 ‘))+(] K)d“ )

Pr(k k)-M =
Limit transition probabilities when N — +oo
We are interested in situations where the number of communities is very large (i.e. N = +o0).

We still assume that there are a distinct number of carrying capacity levels in the
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. . N; .-
metacommunity, and for level K;, we introduce m; = Wl We also assume that the speciation

rate verifies: Jv = NKv —— 6. The corresponding asymptotic transition probabilities are

N—-+o00

reported in table A4.1.

Transitions from F(.,.) states. Table A4.1 shows that as soon as the Markov chain reaches a
F(.,.) state, it stays among F(.,.) states on a large time period. We assume this period to be
long enough to ensure that that the Markov chain reaches a quasi-stationary distribution

among F(.,.) states. This distribution is derived by searching the stationary distribution of the

Markov chain when neglecting rare transitions (i.e. with probabilities O (%)) We call this

stationary distribution ¢ and define ¢;; as the probability of F(Kl-,Kj) under ¢. The ¢;;s
must verify for any i, j:

Pr(kyk;)-F(KyK))

pF(Ki,Kl)—»F(Ki,Kj) "y i PK j
*1 ] 1_p

Y1z Pu T,

= ¢i'
(KK j)-F(KpK)) g

oK) (Kur Flsui;)or(,0))

veJ L

Using analytical expressions reported in table A4.1, this rewrites:

_ K Yo Pur

K-m;K; . R—miK; ) (K1-1)(1-d)+Kd(1-c)
(Kj—1)(1—d)+1?d(1—c) " (Ki—1)a-d)+Kd(1~0)

_ i K; Z ) ¢lj — d) ]

K-mjK; K-miK; I# (k,-1)(1-d)+Kd(1—c) i

(Kj—l)(l—d)+1_<d(1—c) : (Ki—1)(1-d)+Kd(1—c)

One can verify that the stationary probability writes

¢i; = CmiKm; (K — DA — ) + Kd(1 = 0)) (K — 1) (1 — d) + Kd(1 - ©))

where C is a normalizing constant. The expression of ¢;; implies that the two lineages have
probabilistically independent positions in the metacommunity under the stationary
distribution. Denoting k the random variable indicating the carrying capacity of the
community occupied by a lineage in the stationary distribution ¢;; verifies:

¢ij = P(c = KDP(k = K;)

with:
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P(k = K;) = VCrK;((K; — 1)(1 — d) + Kd(1 - ¢))
We compute v/C using ¥; P(k = K;) = 1:

YVemK (K, — D1 -d)+Kd(1-¢)) =1

Ve[ -d)(Timk?) +K(Kd(1—c)—-(1—-a))] =1
VC[(1-d) (Ve +K?) +K?d(1-c)—-K1-d)] =1

VC(A-dDKy, + 1) +Kd(1—-¢) -1 —-d)] =

X =

1
‘/E_z?

[(A-d)K(y+1D)+Kd(1-c)—-(1-d)]
We recall that y, is the coefficient of variation in carrying capacities. We then derive a full

expression of P(k = K;):

— _ mik((Ki-1)(A-d)+Kd(1-c))
Pl = K) = K[A-d)K(y,+1)+Kd(1-c)-(1-d)]

Kd(1-c),

We simplify the expression by introducing the effective number of migrants I = -

;K Ki—1+I
K K(y,+1)—-1+I

IP(K = Kl) =

And we obtain the expression for ¢, ;:

d) _[niKi Ki—1+I ][Tijj Kj—1+I ]
U™ L E Ryp+D)-1+1 L B R@yp+1)-1+1

We now consider the rare transition events that bring the Markov chain out of an F state. We
derive the transition probabilities from a given F(Ki, Kj) state conditionally to the fact that the
Markov chain leaves an F state. This means that we only focus on the terms that were
neglected in table A4.1. These probabilities are obtained by expanding these terms to order %
instead of order 1 (see Table A4.2). We then average the transition probabilities of Table A4.2
over the stationary distribution ¢ of possible starting states in F to obtain transition
probabilities from the F state as a whole toward the other states (i.e. C(K;), M, S). We note

this average [E.
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Transitions from €(.) states. When the Markov chain is in a state C(K;) it can either leave
this state toward the state M or toward a F state. When conditioning on the fact that the

Markov chain leaves the state C(K;), the probability that it goes to M is:

1-d

Pek)-m  (K-1)(a-d)+Kdd-c) 1 _ 1
1-p 3 ) - (Ki—Z)(l—d) - Kd(1-c) — 141
C(K;)~>C(Ky) 1 (K;-1)@-d)+Kd(1—c) 1+ 1-d

Importantly, this probability does not depend on K;.

Simplifying the state space in the coalescence Markov chain when N — +o
Because (i) when the coalescence Markov chain is in a F(Ki,Kj) state, it reaches a stationary
distribution over F(.,.) states before switching to another state and (ii) when the coalescence
is on a C(K;) states, the transition probabilities to other states do depend on K;, the state space
of the coalescence Markov chain can be simplified by considering only four states of interest:

- an F state in which both lineages are in distinct communities; the actual position of the
lineages then follows the stationary distribution ¢. The transition probabilities to the
other states are computed by averaging transition probabilities over ¢;

- a C state in which both lineages are in the same community; there is no need to
precisely follow what is the carrying capacity of this community as it does not affect
the transition probabilities out of this state;

- M and S state are defined as above.

Transition from F state to C, M and S can be computed by taking the expectations of the
transition probabilities presented in Table A4.2 over a well chosen distribution of F(K;, K;).
This distribution is not directly the stationary distribution ¢, but the stationary distribution
conditionally to leaving Fstate, which we call X. X;; is therefore the probability of being in
F(K;, K;) when leaving F state.

_ $ijoij

Zij = Eglowl
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where g;; is the probability of leaving F-state when in state F(Ki, Kj). As we mentioned

before, o;; is small, and using probabilities derived in Table A4.1, one can show that:

=L Ki Ki (1)
%ij = 7Nk 20 +1 <Kj—1+1 + Ki—1+1>] toly

Therefore:
1 K; K;j
5 9+E<Kj—;+l+1( 1+1> bii+0 1
= [T g o ()
6+IIE¢[KI 1+I]

Define M, = ¥;m;K;¥ the non-centered moment of carrying capacity distribution. These
quantities relate to centered moments used in main text as follows: M; =K; M, =
K?(y, + 1) and M5 = K3[y,%/%y; + 3y, + 1].

Going back to the calculus of ;;:

Eg [K, 1+1] Ey[Ki]Eg [K, 1+1]

K] =Y [TrkKk Ki—1+1 ] _ Sk[mkKi? (K—1+D)]
T ekl kK ROop+D-1+1 K T RE(yp+1)-1+0D)

_ Zk[(ﬂkKk3+7TkKk2 (1—1))]
h K(K(y,+1)-1+1)

_ M3+M2(1—1)
My (Mq(y2+1)—1+I)

_ M3+M,(I-1)
My+M;(I-1)

TRKr Kp—1+1

E [ 1 ] - K K(yz+D)-1+ _ y Ky _ 1
¢ lk,-1+1 ko Kkp—1+1 kKRRGa+1)-1+)  R(yp+1)—1+1

_ 1 _ Mq
Met1-1  Ma+M;(I-1)
M3

[ Ky ]: My (M3+M,(I1-1))
¢ Lk—1+1 (M2+M1(I—1))2

U 9+,M1(M3+M2(1 1)) My+M;(1-1) || My+M,(1-1)

9+
K — R 7 “[ani(Ki_l"'I) miKj(Kj=1+1)
(Mz+M1(I- 1))
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I K; K;
[mK (K — 1+ DI[mK;i (K — 1 +1)] [9+§(Kj_ i -|-I+Ki_1+1)]

O(M, + My (I — 1))° + 1My (M5 + My(I — 1))

Zij ==

Note that under X the position of the two lineages when leaving F-state are not independent
anymore. The analytical expressions of the transition probabilities are provided in Table A4.3.
Computing the D,(.) and Dg(.,.)
From the transition probabilities of Table A4.3, we obtain that:
1) the probability that two lineages starting in an F state undergo speciation before
merging when going backward in time does not depend on the carrying capacities of
the initial communities (i.e. at present time) and verifies:

VK, K Pr-s

i D(KiK;) = Dg =

1- ﬁC%FﬁF%C
where p are transition probabilities conditionally to changing state in the four state space

F,C,M,S provided in table A4.3.

20
z
29+Ki; I

Kj—1+I+KjKl-—1+I

)l (k1)L
L1 [(KJ Vgt (Ki 1/Kj—1+ll

E

z T T
1+1 . .
20+Kig AR R =1

[
Ex .
6+£L+L
D ZK]'—1+I Ki_1+1
B - Kj_l Ki—l
Il K—1+1 K —1+1
6

J
)X
1+12 K

1 I
2 Kj—1+1 Ki_1+1

I K: K;
Z [TL‘iKi(Ki—1+I)][TL’,:K]'(K]'—1+I)][9+E<K]T;+I+K’:_—{+I)] 0
v 0(My+M1(I-1)) > +IM 1 (M3+M5(I-1)) 9+1[L

K
2 Kj—1+l Ki—1+1]

<
I

J

2 K; K;
O(My+M1(I-1)) +IM1(M3+M,(I-1) hn_x; . 7j
(Mz+M1(1-1)) 1(M3+M2(I-1) 02|k ATt R =1

I [k (K= 1+D)][ ;K (K j=1+1)]
1+12 “bJ

osl(Ki . Kj Kj—t , Ki~1
2\K;j—1+1 K;-1+I Ki—1+I"Kj—1+I

[ [rriK;(Ki=1+1)][ ;K (K j—1+1))]
ij

(M +Mq (1—1))2+IM1(M3 +My(I-1))

11 [ [TIiKi(Ki—1+1)][71'in(1(]'—1+1)] {Kj—l ) Ki-1 )]
1412 =4 9(M2+M1(1—1))2+1M1(M3+M2(1-1))\Ki—1+’ Kj-1+1
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9(M2+M1(I—1))2
O(Mp+M1(I-1)) +IM1 (M3+M5(I-1))

Dy, =
B O N ) g | GO )| I LS e O )]
1412 “H | oMy 4 My (1-1)) 4 1M1 (M3 + Mo (1-1) \Ki~ 1+ Kj=1+1
0(My+M, (1-1))°
Dﬁ =

6(My+My(I- 1)) +IMy (M3 +Mp(1-1))~ 1+1( )Z”

-1 K;
[ K (Ki—1+1)] [TELK}(K]_1+I)]<K 1+I+K] 111)]

Considering that:

Y [[nl—Ki(Ki — 1+ DI[mK (K —1+1)] ( —+ K’i‘lil)l

=2%i; l[niKi(Ki — 1+ D][mK;(K; — 1 +1)] X; 1+1]

= 2|3, [PELEEDN 5 [k (K, — 1+ D) (K; — 1)]]

Ki—1+I
= 2M,[M; + M,(I — 2) — M, (I — 1)]
= 2M;[[M5 + My(1 = D] = [M, + My (I = D]]
One obtains a rather simplified version of Dg:

_ 9(M2+M1(I n)?
B 9(M2+M1(1—1))2+1M1(M3+M2(1—1)) ——IM [[M3+M;(I—1)]-[My+M; (I-1)]]

1+1

1
D, = 4.2
B 1 1M1[(1—1#“)(M3+M2(I—1))+1L+I(M2+M1(I—1)) ( )
Te

(M2+M1(I—1))2

2) the probability that two lineages starting in C state undergo speciation before merging
when going backward in time does not depend on the carrying capacities of the initial

community (i.e. at present time) and verifies:

Pc-rDr-

1
Da = 1__|_1Dﬁ (43)

Note that Dg and D, still depend on parameters d, ¢ through I. The impact of carrying

capacity distribution can be summarized in its three lowest moments M;, M, and M.
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We report in Figure A4.2 the values of D,s and Dgs for metacommunities with parameters

identical to the examples of main text except for asymmetry that we vary.

Implications for D,
When N — o0, equation (2.1) becomes:

D, = (Zicj2 (%5%) (H2) Dg) + (Zi ("i?'(i)z Dﬁ) = Dg
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Tables
Table A4.1: Summary of transition probabilities of the coalescence Markov chain when

N — +oo0 and NKv is finite. O follows Landau notation.

Starting state Ending state | Analytical expression

s |1oR)

(K kr0-d) o (1)

(Ki-1)(1-d)+Kd(1-c) N
F(K;, K; )or
l ﬂjKjd(l—C) l
C(Ki) 2 (Ki-1)(1-d)+Kd(1-c¢) 0 (N)
F(K;, Ki)
m;Kid(1-c) 1
F (K, K;) (Ki-1)(1-d)+Kd(1-c) +0 (N)
1-d 1
M K—D(-a)+kai-o + 0 (N)
1
§ 0(3)
1
cwy |o(3)
1
k) |o3)
l mK;d(1-c) l
F(Ki; Kl) 2 (Kj_1)(1—d)+1?d(1—c) +0 (N)
l mKd(1-c) l
F(Ki,K') F(KI’KJ') 2 (Ki-1)(1-d)+Kd(1-c) 0 (N)
1 (kj-1)Q-d)+mK;d(1-c)  (K;—1)(1-d)+m;K;d(1—c)
2| (kj-1)@-a)+Kd(1-c) (Ki-1)(1-d)+Kd(1-c)
F(K;, K;)
1
0(3)
1 miKid(1-c) 1
F(K, K;) 2 (Kj-1)1-d)+Kd(1-c) 0 (N)

1 7K ;d(1—-¢) 1
F(Kj Kj) E(Ki—l)élid)+1?d(1—c) +0 (_)
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C(K) 0(3)

F(K;, K;) or

l mK;d(1-c) l
F(K;, K;) 2 (K;—1)(1-d)+Rd(1~c) +0 (N)
F(KirKl)
(Ki-1)(1-d)+mK;d(1-c) l
F(K, Ki) (Ki-1)(A-d)+Kd(1-c) +0 (N)
1
M 0(3)
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Table A4.2: Analytical expression of transition probabilities out of a given F(Ki, K,-)

state when conditioning on leaving the F(.,.) states in asymptotically large

metacommunity. o follows Landau notation.

Starting state Ending state | Analytical expression
20 1
S 20+K Kd(1-0) K Kd(1-c) +o (ﬁ)
l(Kj—1)(1—d)+I?d(1—c) J(k;-1)(1-d)+Kd(1-c)
(Ki_l)(K -—1)i‘i—(;)_-c-clz<d(1—c) 1
J
C(K;) ok Rd(-o " Kd(1-0 to (ﬁ)
‘(kj-1)a-d+Kda-c) (Ki-1)a-d+Kd(1-c)
F(K;, K]) (k-1) Rd(1-0)
7 k-1 a-d)+Kd(1-c) 1
C(K]) oK Kd(1-0) K Kd(1-0) +o (ﬁ)
"(kj-1)a-d+Rd(a-c) (Ki=1)(1-d)+Kd(1-c)
Kd(1-c) , Kd(1-c)
(Kj-1)a-d)+Kda-c) ' (Kj-1)a-d)+Kda—c) 1
M oK Kd(-c) K Kd(1-0) 0 _)
l(Kj—1)(1—d)+1?d(1—c)T J(ki-1)(1-d)+Kd(1-c)
2] 1
S 01K Kd(1-0) to (ﬁ)
Y(k;-1)(1-d)+Kd(1—c)
Kd(1-c)
(Ki_l)(K 1) 2
i—1)(1-d)+Kd(1-0) 1
F(K; K;) ¢ (ki) e——_d )
ir B 0+K; )
(K;-1)(1-d)+Kd(1-c)
Kd(1-c)
(K;—1)(1-d)+Kd(1-c) 1
M 0K Rd(i-c) tol\y
Y(k;-1)(1-d)+Kd(1—c)
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Table A4.3 Transition probabilities of the asymptotic coalescence Markov chain in the

simplified state space.

Starting state Ending state | Analytical expression

20

T T
_29+Kin—1+l+KfKi—1+I]

S Ey

1

[(rr. 1)1 (K1)
(KJ 1/Ki—1+1 HKi 1}K]-—1+I‘
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Figures

Figure A4.1: Birth-death cycles and backward dynamics of a lineage within a single
community. The same community (grey ellipse) is represented at five consecutive birth-death
cycles (labelled from 1 to 5 forward in time). The bottom picture of the community represents
the resulting community at present time. Individuals are represented as filled blue and red
circles. Crosses represent death events. Black thin arrows represent replacement of the dead
individual by a neighbour. In this simple example, only one community is considered and
only neighbours can replace dead individuals (no immigration). A death-birth cycle is thus
depicted as the combination of a cross and the associated thin black arrow. A lineage is traced
back in time from the present. Red dots represent an arbitrarily chosen individual at present
time and its ancestors. Red arrows represent the dynamics backward in time of the tracked
lineage. We did not represent speciation on this cartoon, although it can happen at any time

step.
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Figure A4.2: Comparing neutral predictions of D, and Dg with simulations of model
Mo. (A): neutral predictions obtained from equation (4.3) about D, in small (left bars) and
large (right bars) communities, when applied to metacommunity 1 (dark grey bars) and 2
(light grey bars). Black dots represent the estimated D, s (see Appendix 5) averaged over 100
simulations of model My at stationary state. (B): neutral predictions obtained from equation
(4.2) about Dg among small (left), between small and large (middle) and among large (right)
communities, when applied to metacommunity 1 (dark grey bars) and 2 (light grey bars).
Black dots represent the estimated ﬁﬁs (see Appendix 5) in small and large communities
averaged over 100 simulations of model My at stationary state. In both panels, error bars show

corresponding 95% confidence intervals.
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Figure A4.3 Predicted neutral diversity patterns as a function of the variance and
asymmetry of carrying capacity distribution. Using K = 8 and ¢ = 0.1 (values of main
text), we computed the neutral predictions for D, (panel A) and Dg (panel B) for several
values of the coefficient of variation y, and standardized asymmetry y; of the carrying
capacity distributions. Values corresponding to metacommunities 1 and 2 are indicated with

dots.
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Appendix 5: D,(.), Dg(.,.) and D, in simulated metacommunities — estimates and

robustness to dispersal cost

The aim of this appendix is to provide methods for estimating D,(.), Dg(.,.) and D, in a
simulated metacommunity (neutral or not).

Building estimates

We consider a community A with carrying capacity K;. We label individuals from 1 to K; in

A. D, (K;) can be estimated using:

Ki vKi _
ijl k=1H(Ei - Ek)
k>j
Ki(Ki—1)
2

§,(A) =1—

with
- I(X) = 1 when X s true, 0 otherwise
- Ejisarandom variable designating the species of the jth individual in community A.

8, (A) is clearly unbiased and can be quickly calculated by noting that:

Y1 NNy — 1)
Ki(K; — 1)

5,(A) =1-

where:

- Sis the total number of species in community A

- Ny, is the number of individuals belonging to species | in community A.
An unbiased estimate of D, (K;) with lower variance can then be obtained by averaging the
5, (A) over all communities A with carrying capacity K;. We use this estimate, called D, (K;),
in each of our simulations.

We now consider two communities A and B with carrying capacities K; and K;. We label
individuals from 1 to K; in community A and from 1 to K; in community B. Dﬁ(Ki,I(j) can be
estimated using:
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. K;
Yo ¥ I(E, = Ep)
KiK;

8g(AB) =1~-

8 (A, B) is clearly unbiased and can be quickly calculated by noting that:

i1 NiaNjg
KK,

8g(A,B) =1—
where:
- S is the total number of species when pooling communities A (carrying capacity K;)
and B (carrying capacity K;) together
- Ny, (resp. N;p) is the number of individuals belonging to species | in community A
(resp. B).
An unbiased estimate of Dﬁ(Ki,Kj) with lower variance can then be obtained by averaging
83 (A, B) over all the pairs A and B with carrying capacities K; and K; respectively. We use
this estimate, noted Dg (K, K;), in each of our simulations.
For each example of metacommunity (symmetric or asymmetric) considered in main text, we
ran 100 independent simulations. For each run, we computed D,(K;). From the 100
independent values of D, (K;), we computed u,(K;) and o, (K;) the empirical mean and the
empirical variance of D, (K;).

We use the central limit theorem and approximate the true variance of D, (K;) by its empirical

estimate o, (K;) to get a confidence interval of D, (K;):

0o (K1)

D,(K,) € (K)) £1.96 x
a 1 Ug 1 \/m

and u, (K;) is an unbiased estimator of D, (K;).
We obtain confidence intervals and estimates for the other indices using the same approach.

We use equation (4.1) to obtain an estimate of D,,:
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5 = (v NKK=D 5 o NiNKiKj 5 e NiWNDKE 5 e e
D, = (X" EES Da(Kl))+<Zl<,2 =S Dﬁ(Kl,Kj))+(zl Dy (K kD)

Confidence intervals are obtained using the same method than for D, (K;) and ﬁ[; (K;, K;).
Robustness of patterns to dispersal cost

We compared estimates of D, (K;) and ﬁﬁ(Ki,Kj) to neutral predictions in simulations
presented in Figure A2.1. Contrary to Figure 4 of main text, we did not perform 100
replicates. We simply look instead at the temporal trajectory of patterns in time on a single
simulation. Results are in line with those shown in main text. In the symmetric
metacommunity (Figure A5.1A and A5.2A), the D,(K;) took similar average (and also
instantaneous) values for K; and K, and so did the Dg(K;, K;) (Figure A5.1B and A5.2B).
Temporal variance of estimates precludes clear conclusion about diversity being lower than
neutral expectation though. In the asymmetric metacommunity, we retrieved that 55(K1,K1)
fluctuates around the neutral prediction and is consistently lower than EB(Kl,KZ) and
EB(KZ,KZ) which are both consistently higher than neutral prediction. ﬁﬁ(KZ,KZ) is

consistently smaller than Dy (Ky, K>)

Figures

Figure A5.1: Temporal trajectory of species diversity patterns in simulations of Figure
A2.1. (A): every 200" generation, we computed D,(K;) (blue circles) and D,(K,) (red
squares) in the symmetric metacommunity. (B): every 200" generation, we computed
Dp(Ky,K;) (blue circles) and Dg(K;, K;) (purple squares) and Dg(K», K;) (red triangles) in
the symmetric metacommunity. (C): same as (A) with asymmetric metacommunity. (D): same

as (B) with asymmetric metacommunity. ¢ = 0 in all panels.
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Figure A5.2: Temporal trajectory of species diversity patterns in simulations of Figure

A2.1. Legend as in Figure A5.1. ¢ = 0.5 in all panels.
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