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Some prokaryotes possess CRISPR-Cas systems that provide adaptive immunity to viruses guided
by DNA segments called spacers acquired from invading phage. However, the patchy incidence and
limited memory breadth of CRISPR-Cas systems suggest that their fitness benefits are offset by
costs. Here, we propose that cross-reactive CRISPR targeting can lead to heterologous autoim-
munity, whereby foreign spacers guide self-targeting in a spacer-length dependent fashion. Bal-
ancing antiviral defense against autoimmunity predicts a scaling relation between spacer length and
CRISPR repertoire size. We find evidence for this scaling through comparative analysis of sequenced
prokaryotic genomes, and show that this association also holds at the level of CRISPR types. In
contrast, the scaling is absent in strains with nonfunctional CRISPR loci. Finally, we demonstrate
that stochastic spacer loss can explain variations around the scaling relation, even between strains of
the same species. Our results suggest that heterologous autoimmunity is a selective factor shaping

the evolution of CRISPR-Cas systems.

Clustered regularly interspaced short palindromic re-
peat (CRISPR) loci and CRISPR-associated (Cas) pro-
teins form a prokaryotic immune defense [1]. CRISPR
loci comprise DNA repeats alternating with variable
DNA segments called spacers, which are acquired from
invading phage and other foreign genetic material.
Spacer RNA, generated by CRISPR locus expression and
processing, guides Cas proteins in a process called inter-
ference to bind and cleave target DNA in a sequence-
specific manner. Thus, spacers acquired during phage
attack confer adaptive, heritable resistance to subsequent
invasions.

Different CRISPR-Cas systems use divergent Cas pro-
teins and distinct mechanisms to perform each defense
stage [2]. For example, spacer acquisition is mediated
by the Casl-Cas2 adaptation module, which sets spacer
lengths within a range varying by system [3, 4]. Likewise,
CRISPR array sizes range from less than 10 to several
hundred spacers, and the full repertoire of a prokaryotic
host may comprise several arrays [5]. Broad repertoires
confer resistance to a greater diversity of phages and es-
cape mutants [6], but increase constitutive costs of Cas
protein expression [7], prevent horizontal transfer of ben-
eficial mobile genetic elements [8, 9], and yield dimin-
ishing returns due to finite Cas copy numbers [10, 11].
CRISPR-Cas systems also cause autoimmunity when
spacers guide interference of the host genome, causing
mutational pressure in the CRISPR-cas locus and tar-
get region [12-15]. The patchy incidence of CRISPR in
prokaryotes (40% of bacteria and 85% of archaca [2]),
and diverse mechanisms for self-nonself discrimination
[16], suggest that avoiding autoimmunity is a constraint
in CRISPR-Cas evolution [2, 13-19].

* These two authors contributed equally to this work.

Several mechanisms suppress autoimmunity arising
from different forms of self-targeting [16]. In type I and
IT CRISPR systems, interference requires protospacer-
adjacent motifs (PAMs), 2-5-nt-long sequences adjacent
to target DNA but absent in CRISPR repeats, prevent-
ing interference within the CRISPR array [20, 21]. In
type III systems, interference requires transcription of
target DNA, which avoids targeting phages integrated
into the host chromosome (prophage) unless they are
actively expressed [22]. Spacers acquired from the host
genome are naturally self-targeting, but there are mecha-
nisms to suppress such acquisition [23, 24]. For example,
type I-E systems acquire spacers preferentially at double-
stranded DNA breaks, which occur primarily at stalled
phage DNA replication forks, and acquisition is confined
by Chi sites which are enriched in bacterial genomes [23].

Here, we propose that foreign spacer acquisition is also
a source of autoimmunity, an effect we term heterolo-
gous autoimmunity. This occurs if a foreign spacer and
a segment of the host genome are sufficiently similar, the
likelihood of which depends on sequence statistics and
CRISPR targeting specificity. Heterologous autoimmu-
nity resembles off-target effects in CRISPR-Cas genome
editing [25, 26], but the implications for adaptive im-
munity have not been explored. We combine proba-
bilistic modeling with comparative analyses of CRISPR
repertoires to show that: (a) heterologous autoimmu-
nity is a significant threat, (b) avoidance of autoimmu-
nity predicts a scaling relation between spacer length
and CRISPR repertoire size, (c) the scaling is empiri-
cally present across prokaryotes, (d) proportionate use
of different CRISPR systems underpins the scaling, and
(e) stochastic spacer loss can explain variability in in-
dividual strains around the scaling relation. Our work
suggests that avoidance of heterologous autoimmunity is
a force shaping the evolution of CRISPR-Cas systems.
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Figure 1. CRISPR-Cas immune defense incurs a risk of heterologous autoimmunity. a, Sketch of the main com-
ponents of CRISPR-Cas immune defense. b, Per-spacer probability of heterologous self-targeting, pseir, as a function of the
number of tolerated mismatches at fixed and variable positions along the spacer, kax and kvar, respectively. ¢, We hypothesize
that CRISPR-Cas systems incur a risk of heterologous autoimmunity. The probability that this occurs depends strongly on
spacer length, implying a scaling between repertoire size and spacer length.

I. RESULTS
A. Cross-reactivity leads to autoimmunity

We treat heterologous self-targeting as a sequence-
matching problem [27-29], and derive estimates for the
probability of a spacer being sufficiently similar to at least
one site in the host genome. For a spacer of length [5 and
PAM of length [, (where it exists), an exact match at a
given position requires | = s + [, complementary nu-
cleotides. In a host genome of length L, where L > I,
there are L — [ + 1 ~ L starting positions for a match.
At leading order, and ignoring nucleotide usage biases,
we may treat matches as occurring independently with
probability 4~¢. Thus, the probability of an exact match
anywhere on the genome is (see Methods)

po = L4A7!, where | =I5 +1,. (1)

Using order-of-magnitude estimates for the E. coli type
I-E system (L = 5 x 105 nt, I; = 32 nt, and [, = 3 nt)
gives a negligible probability pg ~ 10715,

However, CRISPR interference tolerates position- and
nucleotide-dependent mismatches between spacer RNA
and target DNA [25, 26, 30, 31]. In general, mismatches
in the PAM are not allowed, and mismatches in PAM-
distal regions are more tolerated than mismatches in
the PAM-proximal region [21]. Up to ~ 5 mismatches
are allowed in type II systems [25, 26], while in type
I-E systems, errors are mostly tolerated at specific posi-
tions with 6-nt periodicity [30, 31]. Furthermore, partial
spacer-target matching may also trigger priming, which
is the rapid acquisition of new spacers from regions sur-
rounding target DNA [30, 32, 33]. In type I-E and I-F
systems, priming can be triggered despite as many as
10 mismatches in the PAM and target region [30, 33].
Thus, a foreign spacer that partially matches a region of
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the host genome, while not causing direct interference,
may still trigger primed acquisition of self-spacers [33]
and hence cause autoimmunity.

Since CRISPR interference specificity and primed ac-
quisition have only been characterized for a few systems,
we consider here two general classes of mismatch toler-
ance including the above cases: (a) mismatches at kgy
fixed positions, and (b) mismatches at ky,, variable po-
sitions anywhere in the target region. These increase the
per-spacer self-targeting probability by a combinatorial
factor a(kfix, kvar,{) (see Methods):

DPself = Ol(kﬁx, kvara l)p() = Ck(kﬁx, kvara l) L 4_l~ (2)

A greater number of allowed mismatches greatly in-
creases the likelihood of heterologous self-targeting (Fig.
1b). To gain intuition we rewrite Eq. 2 as

Dselt = L 4_lcff, where

3)

leff(h kﬁxa kvar) =1- 10g4 arl— kﬁx - kvar 10g4 3(l - kﬁx)a

where o5 is the effective spacer length after discounting
for allowed mismatches (see Methods). This shows that
mismatches exponentially increase the probability of self-
targeting, and variable-position mismatches particularly
so. Considering the E. coli system as before, the match-
ing probability increases to pseir ~ 10™% with kg, = 5 nt
and kya, = 5 nt (Fig. 1b). Other CRISPR-Cas systems
may similarly lie in parameter regimes with apprecia-
ble pselt, especially when including indirect self-targeting
through priming [34].

In the preceding calculations we approximated host
and phage genomes as random sequences, neglecting
sequence biases that increase or decrease the self-
targeting probability depending on whether host and
phage genomes share or avoid similar sequence content,
respectively. To ascertain the direction and size of this
effect, we analyzed genomic data from three host species
with the greatest number of associated phage genomes
(Appendix C). We found that the self-targeting proba-
bility increases modestly (in line with the use of shared
oligonucleotide biases for bioinformatic viral-host predic-
tion [35]), suggesting that the risk of heterologous au-
toimmunity is actually somewhat larger than predicted
by our random model. All told, our statistical modeling
suggests that CRISPR-Cas systems engender an appre-
ciable risk of heterologous autoimmunity.

B. Mean spacer length scales with repertoire size

If heterologous autoimmunity is a threat, then spacer
length variations, associated with exponential changes in
self-targeting probability (Egs. 2-3), should lead to large
differences in the cost of maintaining broad repertoires.
Namely, strains with shorter spacers should have smaller
repertoires on average (Fig. 1c). A link between recep-
tor binding region size and repertoire breadth has pre-
viously been proposed for vertebrate adaptive immunity

3

[27], but not CRISPR immunity. We thus investigated
whether spacer length and repertoire size co-vary across
prokaryotes.

A tradeoff balancing the benefits of immune defense
and the risk of autoimmunity predicts a scaling between
spacer length and repertoire size (Appendix A). Here we
present a simplified model giving the same result. Sup-
pose prokaryotes tolerate a maximum probability P of
self-targeting, and that CRISPR systems are selected to
maximize protection against pathogens subject to this
constraint. Repertoires with N spacers incur a self-
targeting probability of ~ Npgr (see Methods), and
so we expect selection to drive repertoire growth until
Npgeir = P. Then Eq. 2 implies

In N =1ln4 — In a(kax, kvar, ) — In(L/P). (4)
Linearizing « around typical spacer lengths Iy (see Meth-
ods) predicts that spacer length should scale with the
logarithm of repertoire size

kvar
InN~I[|{In4d— —— ) ~1.21
" <n lO_kﬁx) ’

where we have used ko ~ kg ~ 5 and [y ~ 35. The
slope is robust to variations in these parameter values
(Fig. S3).

We tested this prediction by analyzing a database
of CRISPR-Cas systems in publicly available bacterial
and archaeal genomes [5, 36] (see Methods). To sample
widely while eliminating oversampling of certain species,
we selected strains carrying both CRISPR and cas loci,
and picked one strain at random from each species (see
Methods). A small fraction of the species shared many
spacers with each other, suggesting recent common an-
cestry of repertoires (Fig. S2a). To further eliminate such
phylogenetic correlations, we clustered species based on
shared spacer content and picked one from each clus-
ter (see Methods), producing a non-redundant dataset
of 2,577 species sharing zero spacers for further analysis.
We observed a multimodal distribution of spacer lengths
acquired by these strains (Fig. 2a), consistent with nar-
row spacer length distributions for different CRISPR
types (Fig. 3a). The spacer repertoire size distribution,
defined as the sum of CRISPR array sizes in each genome,
was broad, ranging from 1 to 812 spacers (Fig. 2b).

Linear regression between spacer length and log-
repertoire size of all species with cas gave a slope of
1.0 £ 0.1 (Fig. 2c), in line with the predicted scal-
ing (Eq. 5). The fit, performed on the 2,577 individual
species, is shown in Fig. 2c¢ with binned data for visual-
ization (all datapoints shown in Fig. S1). The empirical
law holds over two orders of magnitude in CRISPR reper-
toire size, but over this range the spacer length changes
modestly. These changes however lead to large differ-
ences in the self-targeting probability, which is expo-
nential in spacer length (Eq. 3). To assess robustness
of the scaling relationship with respect to phylogenetic
correlations, we filtered strains on the genus instead of
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Figure 2. A scaling law relates CRISPR repertoire size and spacer length. a, Distribution of spacer lengths across
2,577 prokaryote strains from unique species carrying CRISPR-cas loci with non-redundant repertoires (see Methods). b,
Distribution of repertoire sizes (total number of spacers across CRISPR arrays) for the same strains. Each decade is divided
into 10 equal bins in log scale. ¢, Mean spacer length increases with log repertoire size, as quantified by a linear fit with positive
slope (p < 107°, one-sided permutation test). The slope of the fitted regression line matches theory predictions (Eq. 5).
Data are shown binned for visualization (50 species/bin, 27 species in rightmost bin), but the fit was to all datapoints (see
Fig. S1). Error bars show standard error of the mean (SEM). d, The fraction of species missing cas loci decreases with spacer
length, as quantified by a linear fit with negative slope (p = 4 X 104, one-sided permutation test). 2,577 strains with and
344 strains without cas loci were grouped by mean spacer length, and the fraction of strains without cas was plotted (for all
spacer lengths with at least 5 species with and without cas). Error bars show SEM under a binomial assumption. e, Spacer
length and log repertoire size are not associated in strains with nonfunctional CRISPR, as quantified by a linear fit with slope
indistinguishable from zero (p = 0.7, one-sided permutation test). 344 strains without cas from unique species and filtered for
repertoire non-redundancy were analyzed. Data are shown binned for visualization (50 species/bin, 44 in rightmost bin), but
the fit was to all datapoints (see Fig. S5).

species level and found the same scaling (Fig. S2b). A
range of cross-reactivity parameters is broadly consis-
tent with this scaling (Fig. S3), with a best-fit value of
kyvar = 3.82 £ 0.02 obtained assuming kg, = l5/6 (con-
sistent with a 6-nt periodicity in tolerated fixed-position
mismatches as in type I-E systems) (Fig. S3). In con-
trast, we find no association between spacer length and
genome length, a potential confounding factor (Fig. S4).

Prokaryotes with defective cas genes [12] or anti-
CRISPRs [37] may tolerate self-targeting. We hypothe-
sized that higher autoimmune risk in species with shorter
spacers would lead to a higher rate of cas gene loss, and
investigated the incidence of missing cas genes across
CRISPR systems. Analyzing another 344 species without
cas in the same database [5, 36] filtered for repertoire non-
redundancy, we find that, indeed, a greater fraction of
strains with shorter spaces were missing cas (Fig. 2d, see
Methods). Once immunopathology from self-targeting is

avoided by loss of cas interference genes, spacer length
and repertoire size should no longer be related, which we
confirmed through a linear fit of all 344 species without
cas (Figs. 2e and S5). These observations strengthen the
interpretation of the scaling law as arising from modula-
tion of autoimmune risk by spacer length.

C. Spacer length and repertoire size are associated

across CRISPR types

CRISPR-Cas systems are classified into six types and
more than 30 subtypes based on phylogeny and use of dif-
ferent cas genes [2]. CRISPR types differ in biophysical
mechanisms for spacer acquisition, RNA expression, and
interference [38], but in all systems base pairing between
spacer RNA and target sequence determine specificity.
This suggests that a comparison across CRISPR types is
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Figure 3. CRISPR types differ in spacer length preferences and repertoire sizes. a, Spacer length distributions
in 1,734 single-type species aggregated by subtype. Subtypes are ordered by lower quartile of spacer lengths (dotted lines),
with medians also shown (solid lines). b, Subtypes with larger operative spacer length are associated with larger repertoires
(Spearman’s r = 0.75, p = 3 x 1073, one-sided permutation test). Central dot indicates mean repertoire size and lower quartile
of spacer lengths; vertical whisker ranges between lowest decile and median of spacer lengths; and horizontal whisker shows
standard deviation of repertoire sizes. ¢, In species carrying multiple CRISPR-Cas systems, those with larger repertoires have
a lower incidence of types with small spacers. 843 species with multiple cas subtypes were divided into 3 groups of 281 species
each having small ([1,72]), medium ([72,142]), and large ([142,812]) repertoires. Bars in subpanels sum to one and indicate
relative incidence of subtypes in each group. The incidence of subtypes with smaller spacers are suppressed in large repertoires,
as quantified by the rank correlation of incidence ratios between the large and small bins and operative lengths (Spearman’s
r = 0.63, p = 0.016, one-sided permutation test). An association also holds when only considering type I subtypes (r = 0.88,

p=>5x1073). For an alternative analysis of incidences across all single- and multiple-subtype species see Fig. S7.

possible if we account for the mechanistic differences be-
tween them. We thus defined subtype-specific operative
lengths [ accounting for subtype-dependent features such
as spacer length variability and PAM usage, and stud-
ied the association between [ and repertoire size across
subtypes.

We first categorized the 2,577 species with CRISPR
and cas loci by cas subtype, separating species carrying
multiple subtypes into a separate group, and focused on
subtypes with > 10 species in the dataset (see Methods
and Fig. 3). We quantified the spacer length distributions
for the 1,734 species carrying a single subtype (Fig. 3a),
and found: (a) Type II-A and II-C systems have narrow
distributions tightly clustered around 30 nt; (b) Type
I-E and I-F systems have narrow distributions clustered
around 32 nt, while I-A, I-B, I-C, I-D, and I-U have longer
and more broadly distributed spacers; (¢) Type III-A, ITI-
B, and III-D systems have even longer and more broadly
distributed spacers, with median lengths in the 36-39
nt range. Broader length distributions incur higher au-
toimmune risk than narrow distributions with the same
mean, since the self-targeting probability increases ex-
ponentially with decreasing spacer length (Eq. 3). We
accounted for this by using the first quartile of spacer
lengths (Fig. 3a, dashed vertical lines) as a proxy for au-
toimmune risk where it differed from the median (solid
vertical lines). We further accounted for differences in
interference mechanisms between type I and II systems,
which require PAM recognition, and type III systems,

which do not, by adding a PAM length of 3 nt for types
I and II to obtain the subtype-dependent length. Taken
together, this definition of the operative length [ puts
types with and without PAMs, and with broad and nar-
row length distributions, on a common basis.

Our theory predicts that spacer length should increase
with repertoire size, and, as predicted, the length | was
positively correlated with mean repertoire size across
subtypes (Fig. 3b). Type II systems have the shortest
spacers and additionally process spacer RNA to gener-
ate guide RNAs even shorter than the spacer length [39].
Consistently with our hypothesis, they have the small-
est repertoires. Conversely, type I systems have longer
spacers and larger repertoires. Comparing between sub-
types of type I, shorter spacers are also associated with
smaller repertoires. Finally, type III systems have oper-
ative lengths [ intermediate between type II and type I
systems owing to the absence of PAMs and broad spacer
length distributions. Correspondingly, their repertoires
are of intermediate size. Given the substantial molecu-
lar differences between types, it is striking that a simple
biophysically-motivated definition of [ largely explains
variations in repertoire size.

To further test the predicted association, we analyzed
subtype usage preferences among the 843 species carry-
ing multiple subtypes. We divided the data into small,
medium and large repertoire size bins of equal size, and
determined the relative incidence of subtypes in each bin.
We expected that higher autoimmune risk of a subtype
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(smaller [) would lead to lower incidence in large reper-
toires, and vice versa. We indeed found a significant pos-
itive association between operative length and the inci-
dence ratio between large and small repertoire size bins
(Fig. 3c), both globally and among type I subtypes (of
which there were a sufficient number to test an associa-
tion). Furthermore, a direct analysis of spacer repertoires
among multiple-subtype species shows that a greater pro-
portion of longer spacers is present in larger repertoires
(Fig. S6).

In summary, these analyses show that spacer length
distributions of CRISPR subtypes predict repertoire
sizes. This is consistent with the hypothesis that the use
of different CRISPR-Cas types is shaped by avoidance of
heterologous autoimmunity.

D. Dynamical origin of within-species variability

While spacer length and repertoire size scale with each
other on average, individual strains show substantial vari-
ability around this mean (Fig. S1). This variability
might arise from other eco-evolutionary processes shap-
ing repertoire size, such as differences in selective pres-
sures in environments differing in phage diversity, and
feedbacks from co-evolving phage [10, 40-47]. Here, in
a minimal stochastic model of repertoire size dynamics
in a microbial population (Fig. 4) we show that stochas-
ticity in spacer acquisition and loss suffices to explain a
substantial part of this variability.

In our model, spacers are acquired at an effective rate b,
reflecting both acquisition probability and the purging of
lineages that acquire self-targeting spacers [13] (Fig. 4).
For spacer loss the simplest assumption is a constant rate
d per spacer (Fig. 4a), so that the steady-state repertoire
size obeys a Poisson distribution with mean b/d (Ap-
pendix B). Assuming that a selection principle drives b
to be inversely proportional to the self-targeting proba-
bility (as in Sec. B), this model predicts a scaling law
between spacer length and the mean repertoire size as
in Eq. 4. We generated a synthetic dataset by sam-
pling strains from steady-state distributions with differ-
ent | and hence mean repertoire size (Fig. 4a, middle;
see Methods), and found that the predicted scaling was
obeyed (Fig. 4a, right), but Poisson variation around this
relation is insufficient to explain the variability in the ac-
tual data, especially for large repertoires (Fig. S1). How-
ever, spacer loss occurs through double-stranded DNA
breaks followed by homologous recombination at a differ-
ent CRISPR repeat, which deletes chunks of an array in
a single deletion event (see e.g. [48, 49]). Such correlated
spacer loss greatly increases variability. We considered a
simple limiting model of correlated spacer loss where en-
tire arrays are deleted at once, finding analytically that
repertoire sizes obey a much broader geometric distribu-
tion at steady state (Appendix B). A synthetic dataset
generated from the revised model shows broad variabil-
ity of repertoire sizes around the mean relationship that
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persists even for large repertoires (Fig. 4b).

To quantify the variability in real microbial popula-
tions using the same CRISPR-Cas system, we focused on
four pairs of highly-sampled species carrying the same
CRISPR-Cas subtype (see Methods, Fig. 4c). We ob-
served broad, non-Poissonian repertoire size distribu-
tions, with variability within species comprising a sub-
stantial part of the overall variance, consistently with
effects induced by stochastic spacer acquisition and loss.
Additional variability, leading to different mean reper-
toire sizes across species with the same CRISPR-Cas sub-
type, may originate from different microbes inhabiting
environments that differ in viral diversity and thus pres-
sure to acquire broad immune defense. We modeled the
effect of between-species variability by sampling individu-
als from steady-state distributions where the prefactor in
b < 1/pseir is additionally drawn from a wide distribution
(see Methods). Including this further increases the vari-
ations between individually sampled strains (Fig. S10),
resembling the high variability observed across prokary-
otes (Fig. S1) while still preserving the scaling of the
means.

II. DISCUSSION

An adaptive immune system is dangerous equipment to
own: immune receptors, intended as defenses against for-
eign invaders, risk targeting the self instead. In CRISPR-
Cas systems, biophysical mechanisms avoiding various
forms of autoimmunity such as CRISPR locus target-
ing and self-spacer acquisition are known [16, 20, 21, 23].
Here, we propose that heterologous autoimmunity, where
spacers acquired from foreign DNA seed self-targeting,
are an additional and potentially significant threat to
microbes carrying CRISPR-Cas. This threat is analo-
gous to off-target effects in genome-editing [25, 26], and
has been observed experimentally [33], although wider
implications for the evolution and diversity of CRISPR
systems are unexplored. We showed that avoidance of
this form of autoimmunity while maximizing antiviral de-
fense predicts a scaling law relating spacer length and
CRISPR repertoire size. The scaling depends on the
number and nature of sequence mismatches permitted
during CRISPR interference and primed acquisition.

To test our prediction, we performed a comparative
analysis exploiting natural variation in CRISPR-Cas sys-
tems across bacterial and archaeal species, and demon-
strated that: (a) the predicted scaling law is realized,
(b) the observed scaling constrains parameters for cross-
reactive CRISPR targeting to lie in a range consistent
with experimental studies, (c¢) the scaling arises in part
from differential use of different CRISPR-cas subtypes
with different spacer length distributions, and (d) vari-
ations of individual strains around the scaling law arise
partly from stochastic spacer acquisition and loss. In
addition, we demonstrated a negative control: CRISPR
arrays in species that no longer have functional Cas pro-
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Figure 4. Repertoire size variability in a stochastic model of spacer acquisition and loss.

"1000 repertoire size

a, Spacers are acquired at

a rate b and lost independently at a per-spacer rate d (left). At steady state, repertoire sizes are Poisson distributed with mean
b/d (middle panel, see Appendix B), where we have assumed that b has been selected to be inversely proportional to the risk
pseif of heterologous autoimmunity. We generated synthetic data by sampling 2,750 strains from steady-state distributions at

different spacer lengths (see Methods). The data show scaling

of the mean and variability on the single-strain level (right panel).

Green points show 100 individually sampled strains; Blue points show means after binning by repertoire size (50 species/bin);

Orange is fit to all strains. b, Correlated spacer loss broadens
are lost simultaneously during a recombination event (left),

repertoire size distributions. We solved a model where all spacers
leading to a geometric steady-state distribution with mean b/d

and substantial variability (right, see Appendix B). ¢, Prokaryotic strains display large, non-Poissonian variability in repertoire
sizes. Here, 4 pairs of highly sampled species with identical cas subtypes are displayed. Vertical lines denote species mean. 7.,
is the ratio of the observed coefficient of variation (CV) to the CV for a Poisson distribution with the same mean. Additionally,

there are significant differences in mean repertoire size betw
one-sided permutation test).

teins, and thus are not at risk of autoimmunity, do not
show the predicted scaling relation.

Our statistical theory requires that effective acquisition
rates should decrease as spacer length decreases. There
are two mechanisms by which selection could lead to such
a dependence. First, the negative fitness effect of self-
targeting [13] purges lineages that undergo deleterious
acquisition events. Indeed, CRISPR arrays are selected
for the absence of self-targeting spacers [12]. Effectively,
this reduces the net acquisition rate among surviving
lineages. Second, over longer evolutionary timescales,
different CRISPR-Cas systems may be selected to ac-
quire spacers at different rates depending on their re-
spective risks of autoimmunity. These differences in rates
could arise from the maintenance of multiple copies of cas
genes, or through regulation of cas expression [50]. In-
deed, spacer repertoire size increases with the number of
cas loci (Fig. S8), suggesting that larger gene copy num-
bers of casl and cas2, necessary for spacer acquisition,

een species carrying the same subtype (p < 107° for all 4 pairs,

result in greater acquisition rates. Interestingly, strains
having exactly one copy of both casl and cas2 still obey
a scaling relationship (Fig. S9), suggesting that regu-
lation of these genes also contributes to minimizing au-
toimmune risk [50].

We propose two further tests of the link between spacer
length and autoimmune risk: (1) A bioinformatic demon-
stration that self-targeting spacers several mismatches
away (going beyond exact matches studied in the litera-
ture [12, 37, 51]) are associated with non-canonical PAMs
in the protospacer, mutations in the adjoining repeat or
cas locus, the spacer being closest to the leader end of the
array, and/or increased incidence of anti-CRISPR genes
[12, 37, 51]; and (2) An experimental demonstration that
CRISPR-Cas subtypes with shorter spacers (types II-A
and II-C for example) acquire spacers at a slower rate
than those with longer spacers (for example types I-A,
I-B and type III).

Our comparative analysis is enabled by a recent ex-
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plosion in the number of sequenced microbial genomes
and the discovery of considerable variation in CRISPR-
Cas systems. We have used this data to sample diverse
species, and to filter out CRISPR repertoires that contain
overlapping spacers which might be related by recent hor-
izontal transfer or shared ancestry of CRISPR-cas loci.
The resulting dataset can be thought of as independent
samples of spacer repertoires created de novo as a result
of distinct environments, viral threats, and selective pres-
sures faced by the respective species. We also find that
the scaling relationship is robust to filtering at the genus
instead of the species level (Fig. S2b), which removes es-
sentially all spacer overlaps between repertoires.

An alternative hypothesis that may explain the scal-
ing law relies on the beneficial effects of cross-reactivity.
Shorter, cross-reactive spacers enable broader immunity
and face a lower threat of mutational escape by viruses
than longer spacers; thus, fewer of them are needed to
achieve the same breadth of immunity. This alterna-
tive hypothesis alone, however, does not predict selec-
tion pressure for losing cas that is associated to spacer
length (Fig. 2d). We expect models explicitly balancing
costs of autoimmunity with benefits of broad defense to
show a similar scaling law (a simple example appears in
Appendix A). A comprehensive analysis of such models
is an important direction for future work, but will likely
require more detailed knowledge of parameters such as
the frequency of viral infection and viral mutation rate
in natural environments.

A similar tradeoff between sensitivity to pathogens and
autoimmune risk shapes the evolution of vertebrate adap-
tive immune systems [27, 52]. In light of our results, it
would be interesting to determine whether this tradeoff
also leads to a relation between the size of the immune
repertoire and immune specificity in vertebrates. Such a
relation will likely be harder to ascertain for vertebrates
as patterns of cross-reactivity between lymphocyte recep-
tors and antigens are more complex. Interestingly, how-
ever, T cell receptor hypervariable regions in human are
several nucleotides longer on average than those found
in mice [53], which accompanies a substantial increase in
repertoire size in human. If longer hypervariable regions
translate to a greater specificity on average, one might
view the increased human receptor length as an adapta-
tion to a larger repertoire. The key to our current work
was the ability to compare microbial immune strategies
across a large panel of phylogenetically distant species.
Further insight into how this tradeoff shapes vertebrate
immune systems might thus be gained by building on
recent efforts to survey adaptive immune diversity in a
broader range of vertebrates [54, 55].

Many theoretical studies of adaptive immunity in both
prokaryotes [10, 40-47] and vertebrates [56-59] consider
detailed dynamical models of evolving immune reper-
toires. For prokaryotes, such dynamical models can be
regarded as describing the role of CRISPR-Cas as a short-
term memory for defense against a co-evolving phage
[11]. Studying adaptive immunity in this way requires
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detailed knowledge of the parameters controlling the dy-
namics, many of which are not well-characterized experi-
mentally. In this paper, we took an alternative approach
of focusing on the statistical logic of adaptive immunity,
where we regard the bacterial immune system as a func-
tional mechanism for maintaining a long-term memory
[11] of a diverse phage landscape [60], via probabilistic
matching of genomic sequences. Previous work taking
this perspective offered an explanation for why prokary-
otic spacer repertoires lie in the range of a few dozen to
a few hundred spacers [11]. As in our discussion of possi-
ble mechanisms for generating the observed scaling law,
evolution should select dynamics that achieve the statis-
tical organization that we predict, because this is what is
useful for achieving a broad defense against phage while
avoiding autoimmunity. A probability theory perspec-
tive of this kind has been applied to the logic of the
adaptive immune repertoire of vertebrates [61-63], but
to our knowledge we are presenting a novel approach to
the study of CRISPR-based autoimmunity.

III. MATERIALS AND METHODS

a. Derivation of self-targeting probability. We esti-
mate the probability of an alignment between a spacer +
PAM sequence of length [ and a host genome of length
L. We assume that both sequences are random and un-
correlated, with nucleotide usage frequencies of 1/4. In
a length-L genome, where L > [, there are L — 1+ 1~ L
starting positions for an alignment. The matching prob-
ability at each position, p,,, depends on the number and
nature of mismatches tolerated. In regimes where p,, is
small, the matching probabilities at the different posi-
tions may be treated independently. Thus, the probabil-
ity of having at least one alignment within the length-L
genome is

Dself = 1- (1 - pm)L_l+1
~ Lpp, since p,, < 1,1 < L. (6)

If no mismatches are tolerated, p,, = 4~! as in Eq. 1.
At each site where a mismatch is allowed, four alterna-
tive nucleotide choices are possible. This gives a number
« of unique complementary sequences matching a given
spacer, which we compute as a function of the number
and nature of mismatches. If up to kg, mismatches are
tolerated at fixed positions in the alignment, o = 4Ffix, If
instead up to kyar mismatches are tolerated anywhere in
the complementary region, naively a ~ (kvlm)éJ:kV'f“7 where
the binomial coefficient is the number of combinations of
sites where mismatches are allowed. This however over-
counts matching sequences, and the precise expression

is
Fvar /)

o= <> 3¢ (7)
=0 1
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where each term in the sum is the number of unique com-
plementary sequences having exactly ¢ mismatches. The
largest term dominates, giving a ~ ( kvlar)?)kvar. Thus,
combining kgy mismatches at fixed positions and up to
kvar mismatches at any of the remaining [ — kg, positions
gives

I — ks
b, e, 1) = 4k< ﬁ )3’“ ®)

var

To guide intuition we introduce an effective spacer length,
Lo, DY pm = 47k To leading order the binomial expres-
sion in Eq. 8 is approximated by (I — kg )*vr. This gives
loff = 1 — kfix — kvar logy 3(I — kgx) as in Eq. 3.

The probability that a repertoire of N spacers avoids
self-targeting, 1 — Pself, is one minus the probability that
at least one spacer targets self. This gives

Pself =1~ (1 _pself)N
~ Npseit, since Lp,, < 1. (9)

If CRISPR repertoires are selected to maximize reper-
toire size subject to the constraint Pser < P, we obtain
Eq. 4. Taylor expanding In N around [ = [y gives Eq. 5
to lowest order in .

b. Comparative analyses. To perform our compar-
ative analyses we used data from CRISPRCasdb [5], a
database of CRISPR arrays and cas loci identified in pub-
lic bacterial and archaeal whole-genome assemblies using
CRISPRCasFinder [36, 64]. Predicted CRISPR arrays
are assigned evidence levels 1-4, 4 being the highest confi-
dence [64]. We restricted our analyses to level 4 CRISPR
arrays only. Strains carrying both CRISPR arrays and
cas loci were used for the analyses producing Figs. 2a-d,
3a—c, and 4c. Strains carrying CRISPR arrays but no
cas loci were used for the analyses producing Figs. 2d-—
e. Before performing these analyses, we eliminated over-
sampling of certain species in the database by picking
one strain at random per species (2,730 species with cas,
and 369 species without cas). To further eliminate phy-
logenetic correlations between repertoires, some of which
contain many shared spacers (Fig. S2a), we performed
single-linkage clustering of these species based on shared
spacers, and picked one species from each cluster at ran-
dom, producing a non-redundant dataset of repertoires
sharing zero spacers between them for further analysis
(2,577 species with cas, and 344 species without cas).

To produce Fig. 3a—c, the randomly chosen species
were classified by annotated cas subtype, or into a
separate group if they carry multiple subtypes. The
12 subtypes that have > 10 species represented in
CRISPRCasdb are shown in Fig. 3. Among the 4 sub-
types having at least 2 species with > 50 sequenced
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strains in CRISPRCasdb (types I-E, I-F, I-C, and II-A),
we displayed the 2 most highly sampled species for each
subtype in Fig. 4c.

c. Statistical significance tests. In Figs. 2c,e signif-
icance of slope was assessed by shuffling repertoire size
values among strains and recomputing the slope. In Fig.
2d significance of slope was assessed by shuffling the as-
signment of cas or no cas at each spacer length and re-
computing the slope. In Figs. 3b—c significance of as-
sociation was assessed by shuffling repertoire size and
incidence ratio values, respectively, among subtypes and
recomputing Spearman’s r. In Fig. 4c significance of dif-
ference in mean was assessed by shuffling the assignment
of species to each repertoire size (for each pair of species
carrying the same CRISPR~Cas subtype) and recomput-
ing the means between the 2 resulting populations. In
all cases the p-value is the number of times shuffling pro-
duced a value (slope, Spearman’s r, or difference in mean)
greater than the one observed in 10° shuffles (i.e., one-
sided permutation test).

d. Synthetic data generation and analysis. A syn-
thetic dataset producing a scaling law was generated in
the following way: (1) A spacer of length 5 was drawn
from the length distribution of Fig. 2a, and (2) a reper-
toire size distribution with mean A/psr was created,
from which one strain was sampled and added to the
dataset. Parameter values of L = 5 x 10°, [, = 3,
kfix = 1s/6, kyar = 3, and A = 107°° were used. The
steady-state distributions are Poisson in Fig. 4a, and ge-
ometric with the same mean in Fig. 4b.
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Significance. CRISPR has become a major tool for
genome-editing in biotechnology and medicine. A serious
concern for this application is the prevalence of off-target
effects, where edits are made to unintended genes because
of cross-reactive targeting. Here we show that such ef-
fects are also a constraint in CRISPR’s natural role as an
adaptive immune system in prokaryotes. Our work high-
lights a fitness tradeoff between breadth of protection and
the risk of autoimmunity that generates a scaling law in
the organization of immunity across species.

[1] R. Barrangou, C. Fremaux, H. Deveau, M. Richards,
P. Boyaval, S. Moineau, D. A. Romero, and P. Horvath,

Science 315, 1709 (2007).


https://doi.org/10.1101/2021.01.04.425308
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.01.04.425308; this version posted August 4, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

[2] K. S. Makarova, Y. I. Wolf, J. Iranzo, S. A. Shmakov,
O. S. Alkhnbashi, S. J. J. Brouns, E. Charpentier,
D. Cheng, D. H. Haft, P. Horvath, S. Moineau, F. J. M.
Mojica, D. Scott, S. A. Shah, V. Siksnys, M. P. Terns,
C. Venclovas, M. F. White, A. F. Yakunin, W. Yan,
F. Zhang, R. A. Garrett, R. Backofen, J. van der Oost,
R. Barrangou, and E. V. Koonin, Nat. Rev. Microbiol.
18, 67 (2020).

[3] J. Wang, J. Li, H. Zhao, G. Sheng, M. Wang, M. Yin,
and Y. Wang, Cell 163, 840 (2015).

[4] J. K. Nunez, L. B. Harrington, P. J. Kranzusch, A. N.
Engelman, and J. A. Doudna, Nature 527, 535 (2015).

[5] C. Pourcel, M. Touchon, N. Villeriot, J. P. Vernadet,
D. Couvin, C. Toffano-Nioche, and G. Vergnaud, Nucleic
Acids Res. 48, D535 (2020).

[6] S. van Houte, A. K. E. Ekroth, J. M. Broniewski,
H. Chabas, B. Ashby, J. Bondy-Denomy, S. Gandon,
M. Boots, S. Paterson, A. Buckling, and E. R. Westra,
Nature 532, 385 (2016).

[7] P. F. Vale, G. Lafforgue, F. Gatchitch, R. Gardan,
S. Moineau, and S. Gandon, Proceedings of the Royal
Society B: Biological Sciences 282, 20151270 (2015).

[8] L. A. Marraffini and E. J. Sontheimer, Science 322, 1843
(2008).

[9] W. Jiang, I. Maniv, F. Arain, Y. Wang, B. R. Levin, and
L. A. Marraffini, PLoS Genetics 9, €1003844 (2013).

[10] A. Martynov, K. Severinov, and I. Ispolatov, PLoS
Comp. Bio. 13, 1 (2017).

[11] S. Bradde, A. Nourmohammad, S. Goyal, and V. Bal-
asubramanian, Proc. Natl. Acad. Sci. U.S.A. 117, 5144
(2020).

[12] A. Stern, L. Keren, O. Wurtzel, G. Amitai, and R. Sorek,
Trends Genet. 26, 335 (2010).

[13] R. B. Vercoe, J. T. Chang, R. L. Dy, C. Taylor, T. Grist-
wood, J. S. Clulow, C. Richter, R. Przybilski, A. R. Pit-
man, and P. C. Fineran, PLoS Genet. 9, €1003454 (2013).

[14] D. Paez-Espino, W. Morovic, C. L. Sun, B. C. Thomas,
K. Ueda, B. Stahl, R. Barrangou, and J. F. Banfield, Nat.
Commun. 4, 1430 (2013).

[15] Y. Wei, R. M. Terns, and M. P. Terns, Genes Dev. 29,
356 (2015).

[16] L. A. Marraffini, Nature 526, 55 (2015).

[17] R. Edgar and U. Qimron, J. Bacteriol. 192, 6291 (2010).

[18] G. W. Goldberg, E. A. McMillan, A. Varble, J. W. Mod-
ell, P. Samai, W. Jiang, and L. A. Marraffini, Nat. Com-
mun. 9, 61 (2018).

[19] C. Rollie, A. Chevallereau, B. N. J. Watson, T. Y. Chyou,
O. Fradet, I. McLeod, P. C. Fineran, C. M. Brown,
S. Gandon, and E. R. Westra, Nature 578, 149 (2020).

[20] H. Deveau, R. Barrangou, J. E. Garneau, J. Labonté,
C. Fremaux, P. Boyaval, D. A. Romero, P. Horvath, and
S. Moineau, J. Bacteriol. 190, 1390 (2008).

[21] E. Semenova, M. M. Jore, K. A. Datsenko, A. Semenova,
E. R. Westra, B. Wanner, J. van der Oost, S. J. Brouns,
and K. Severinov, Proc. Natl. Acad. Sci. U.S.A. 108,
10098 (2011).

[22] G. W. Goldberg, W. Jiang, D. Bikard, and L. A. Marraf-
fini, Nature 514, 633 (2014).

[23] A. Levy, M. G. Goren, 1. Yosef, O. Auster, M. Manor,
G. Amitai, R. Edgar, U. Qimron, and R. Sorek, Nature
520, 505 (2015).

[24] J. W. Modell, W. Jiang, and L. A. Marraffini, Nature
544, 101 (2017).

10

[25] Y. Fu, J. A. Foden, C. Khayter, M. L. Maeder, D. Reyon,
J. K. Joung, and J. D. Sander, Nat. Biotechnol. 31, 822
(2013).

[26] P. D. Hsu, D. A. Scott, J. A. Weinstein, F. A. Ran,
S. Konermann, V. Agarwala, Y. Li, E. J. Fine, X. Wu,
O. Shalem, T. J. Cradick, L. A. Marraffini, G. Bao, and
F. Zhang, Nat. Biotechnol. 31, 827 (2013).

[27] J. K. Percus, O. E. Percus, and A. S. Perelson, Proc.
Natl. Acad. Sci. U.S.A. 90, 1691 (1993).

[28] S. Karlin and S. F. Altschul, Proc. Natl. Acad. Sci. U.S.A.
87, 2264 (1990).

[29] A. Dembo, S. Karlin, and O. Zeitouni, The Annals of
Probability 22, 2022 (1994).

[30] P. C. Fineran, M. J. Gerritzen, M. Sudrez-Diez,
T. Kiinne, J. Boekhorst, S. A. van Hijum, R. H. Staals,
and S. J. Brouns, Proc. Natl. Acad. Sci. U.S.A. 111,
E1629 (2014).

[31] C. Jung, J. A. Hawkins, S. K. Jones, Y. Xiao, J. R. Ry-
barski, K. E. Dillard, J. Hussmann, F. A. Saifuddin, C. A.
Savran, A. D. Ellington, A. Ke, W. H. Press, and 1. J.
Finkelstein, Cell 170, 35 (2017).

[32] K. A. Datsenko, K. Pougach, A. Tikhonov, B. L. Wanner,
K. Severinov, and E. Semenova, Nat. Commun. 3, 945
(2012).

[33] R. H. Staals, S. A. Jackson, A. Biswas, S. J. Brouns,
C. M. Brown, and P. C. Fineran, Nat. Commun. 7, 12853
(2016).

[34] T. J. Nicholson, S. A. Jackson, B. I. Croft, R. H. Staals,
P. C. Fineran, and C. M. Brown, RNA Biology 16, 566
(2019).

[35] N. A. Ahlgren, J. Ren, Y. Y. Lu, J. A. Fuhrman, and
F. Sun, NAR 45, 39 (2017).

[36] Grissa, Ibtissem and Drevet, Christine and Couvin,
David, CRISPRCasdb (2021), [Online; accessed 21-Jan-
2021].

[37] K. E. Watters, C. Fellmann, H. B. Bai, S. M. Ren, and
J. A. Doudna, Science 239, 236 (2018).

[38] F. Hille, H. Richter, S. P. Wong, M. Bratovi¢, S. Ressel,
and E. Charpentier, Cell 172, 1239 (2018).

[39] E. Deltcheva, K. Chylinski, C. M. Sharma, K. Gonzales,
Y. Chao, Z. A. Pirzada, M. R. Eckert, J. Vogel, and
E. Charpentier, Nature 471, 602 (2011).

[40] J. He and M. W. Deem, Physical Review Letters 105,
128102 (2010).

[41] B. R. Levin, PLoS Genet. 6, €1001171 (2010).

[42] L. M. Childs, N. L. Held, M. J. Young, R. J. Whitaker,
and J. S. Weitz, Evolution 66, 2015 (2012).

[43] B. R. Levin, S. Moineau, M. Bushman, and R. Barran-
gou, PLoS Genet. 9, €1003312 (2013).

[44] J. Iranzo, A. E. Lobkovsky, Y. I. Wolf, and E. V. Koonin,
J. Bacteriol. 195, 3834 (2013).

[45] A. D. Weinberger, C. L. Sun, M. M. Pluciniski, V. J.
Denef, B. C. Thomas, P. Horvath, R. Barrangou, M. S.
Gilmore, W. M. Getz, and J. F. Banfield, PLoS Comp.
Biol. 8, €1002475 (2012).

[46] S. Bradde, M. Vucelja, T. Tesileanu, and V. Balasubra-
manian, PLoS Comp. Bio. 13, 1 (2017), 1510.06082.

[47] P. Han and M. W. Deem, Journal of the Royal Society
Interface 14 (2017).

[48] G. W. Tyson and J. F. Banfield, Environ. Microbiol. 10,
200 (2008).

[49] P. Horvath, D. A. Romero, A. C. Coité-Monvoisin,
M. Richards, H. Deveau, S. Moineau, P. Boyaval, C. Fre-
maux, and R. Barrangou, J. Bacteriol. 190, 1401 (2008).


https://doi.org/10.1038/nature17436
https://doi.org/10.1098/rspb.2015.1270
https://doi.org/10.1098/rspb.2015.1270
https://doi.org/10.1126/science.1165771
https://doi.org/10.1126/science.1165771
https://doi.org/10.1371/journal.pgen.1003844
https://doi.org/10.1371/journal.pcbi.1005891
https://doi.org/10.1371/journal.pcbi.1005891
https://doi.org/10.1080/15476286.2018.1509662
https://doi.org/10.1080/15476286.2018.1509662
https://crisprcas.i2bc.paris-saclay.fr/Home/Download
https://doi.org/10.1016/j.cell.2017.11.032
https://doi.org/10.1038/nature09886
https://doi.org/10.1371/journal.pgen.1001171
https://doi.org/10.1111/j.1558-5646.2012.01595.x
https://doi.org/10.1371/journal.pgen.1003312
https://doi.org/10.1128/JB.00412-13
https://doi.org/10.1371/journal.pcbi.1002475
https://doi.org/10.1371/journal.pcbi.1002475
https://doi.org/10.1371/journal.pcbi.1005486
https://arxiv.org/abs/1510.06082
https://doi.org/10.1101/2021.01.04.425308
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.01.04.425308; this version posted August 4, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license. 1

[50] A. G. Patterson, M. S. Yevstigneyeva, and P. C. Fineran,
Current Opinion in Microbiology 37, 1 (2017).

[61] F. L. Nobrega, H. Walinga, B. E. Dutilh, and S. J.
Brouns, Nucleic Acids Research 48, 12074 (2020).

[62] C. J. E. Metcalf, A. T. Tate, and A. L. Graham, Nature
Ecology & Evolution 1, 1766 (2017).

[63] Z. Sethna, Y. Elhanati, C. S. Dudgeon, C. G. Callan,
A. J. Levine, T. Mora, and A. M. Walczak, Proc. Natl.
Acad. Sci. U.S.A. 114, 201700241 (2017).

[64] R. Castro, S. Navelsaker, A. Krasnov, L. Du Pasquier,
and P. Boudinot, Developmental and comparative im-
munology 75, 28 (2017).

[55] R. Covacu, H. Philip, M. Jaronen, D. C. Douek, S. Efroni,
F. J. Quintana, R. Covacu, H. Philip, M. Jaronen,
J. Almeida, J. E. Kenison, and S. Darko, Cell Reports
14, 2733 (2016).

[56] R. Antia, V. V. Ganusov, and R. Ahmed, Nature Reviews
Immunology 5, 101 (2005).

[57] G. Lythe, R. E. Callard, R. L. Hoare, and C. Molina-
Paris, Journal of Theoretical Biology 389, 214 (2016).

[58] J. Desponds, A. Mayer, T. Mora, and A. M. Walczak,
arXiv preprint arXiv:1703.00226 (2017).

[59] M. Gaimann, M. Nguyen, J. Desponds, and A. Mayer,
eLife 9, €61639 (2020).

[60] R. A. Edwards and F. Rohwer, Nature Reviews Microbi-
ology 3, 504 (2005).

[61] A.Mayer, V. Balasubramanian, T. Mora, and A. M. Wal-
czak, Proc. Natl. Acad. Sci. U.S.A. 112, 5950 (2015).

[62] A.Mayer, T. Mora, O. Rivoire, and A. M. Walczak, Proc.
Natl. Acad. Sci. U.S.A. 113, 8630 (2016).

[63] A. Mayer, V. Balasubramanian, A. M. Walczak, and
T. Mora, Proc. Natl. Acad. Sci. U.S.A. 116, 8815 (2019).

[64] D. Couvin, A. Bernheim, C. Toffano-Nioche, M. Tou-
chon, J. Michalik, B. Neron, E. P. C. Rocha,
G. Vergnaud, D. Gautheret, and C. Pourcel, Nucleic
Acids Res. 46, W246 (2018).

[65] A.Mayer, T. Mora, O. Rivoire, and A. M. Walczak, Phys-
ical Review E 96, 032412 (2017).

[66] M. Steinegger and J. Soeding, Nature Biotechnology 35,
2 (2017).


https://doi.org/10.1016/j.mib.2017.02.004
https://doi.org/10.1101/2021.01.04.425308
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.01.04.425308; this version posted August 4, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

Appendix A: An explicit model for optimal
repertoire size

CRISPR repertoires evolve via spacer acquisition and
loss. New spacers that target viruses increase protection
of the host from threats, whereas self-targeting spacers
cause autoimmunity. Here we construct a simple model
of this tradeoff, and find the repertoire size N that max-
imizes long-term population growth rate given the com-
peting constraints of antiviral immunity and avoidance
of heterologous autoimmunity.

We consider a colony of bacteria or archaea that are
attacked episodically by a random virus from a diverse
global pool. Following each attack many individuals in
the colony will die, but so long as some survive the colony
will be replenished. In the regime of large viral diversity,
there is a low probability Pacs(N) that a given spacer in
a lineage is specific to a re-emerging threat, but larger
repertoires increase this probability. The precise depen-
dence of the probability of immune defense, Pyer(N), on
repertoire size involves detailed epidemiological charac-
teristics of host-phage co-evolution, but in general we
expect a sublinear dependence because of diminishing re-
turns [11]. Here, for simplicity we assume the general
functional form

Paet(N) = (N/B)7,

where 8 and v < 1 are fixed parameters.

A larger repertoire incurs a greater risk of autoimmu-
nity. Assuming autoimmunity is fatal, survival requires
that none of the N spacers are self-targeting. The prob-
ability 1 — Pauto(IN) of avoiding autoimmunity is thus

1-— Pauto(N) = (1 - pself)N ~ e_Npself' (A2)

(A1)

To find the optimal repertoire size, we need to deter-
mine how Pger and Pyyuto combine to impact population
fitness. To this end, we make use of a discrete-time model
of population growth in a randomly fluctuating environ-
ment in its large population size limit [65]. We assume
that viral epidemics occur at probability ¢ per genera-
tion. The expected number of offspring f; is reduced
from its maximal value effmes to

fr= eRmaIPéEetf(l — Pauto), (A3)

where x; = 1 in the presence of a viral epidemic and
z; = 0 otherwise. The succession of booms and busts
determines the population size at time T', Ny = No [ [, f+,
where Ny is the initial population size. The long-term
population growth rate, defined as

. 1. Np
A= fim 7 (44)

is the evolutionarily relevant measure of long-term suc-
cess of different strategies [65]. Applying the law of large
numbers, we obtain an expression for the long-term pop-
ulation growth rate for this model,

N
A~ Rmam + qy In— — Npself~ (A5)

B

12

To find the optimal repertoire size N, we differentiate
A with respect to N and set it to O:

M _ o
6N_N Dself =
-~ N = a7y
Pself
L

=InN =lglnd —In—,

v (46)

where we have used Eq. 3 for pgr. Substituting leg =
l —log, o we obtain

lnN:l1n4—1na—ln£,

ay (A7)

since log, aln4 = Ina. We thus recover Eq. 4 of the
main text, where ¢y plays the role of the parameter P.

Appendix B: Models of stochastic spacer acquisition
and loss

Consider a host population acquiring spacers of length
l. Let the number of individuals in the population that
have repertoire size n (n > 0) be X,,. Consider spacer
acquisition to occur at a rate b:

X, % Xoir. (B1)

Spacer acquisition is balanced by spacer loss leading to
a well-defined steady-state distribution of repertoire size.
Spacer loss occurs through double-stranded DNA breaks
followed by homologous recombination at a subsequent
repeat, which deletes chunks of the CRISPR array (see
e.g. [48, 49]). The precise rate and mechanism by which
this occurs is not well-understood. Here, we consider 3
solvable scenarios of this process:

X, S X, (B2)
2 X, ¥ X, (B3)

3 X, S X, (B4)

The first scenario represents spacer loss at the end(s) of
the CRISPR array, hence independent of n. The second
represents a constant per-spacer loss rate. For the third
scenario, all spacers are lost in a deletion event, which is
a solvable limit of several spacers being deleted at a time.

Scenario 1: X, i) Xn—1. The probabilities P, (n >
0) obey the following master equation:

dP,
F:_(bﬂ‘d)Pn‘Fanfl"_dPnJrlv ’I’LZ]. (B5)
dP,
T::_bPO+dP1- (BG)

The steady state fulfills the detailed balance condition,

dP, = bP,_,. (BT7)
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We can solve the recursion equation (Eq. B7) for the
steady-state distribution,

Py = (b/d)" (1 - b/d), (B8)

which is geometric with parameter 1 — b/d. Its mean is
b/(b—d), implying that a well-defined steady state is only
possible if d > b.

. d ..
Scenario 2: X,, — X,_1. The master equation is:

dpP,
v —(b+dn)P, +bP,_1+d(n+1)Ppt1, n>1

(B9)

dP,
—2 = _pPy +dP,. (B10)

dt

At steady state again detailed balance holds:

dnP, = bP,_1. (B11)

Eq. B11 implies that the steady-state distribution is Pois-
son with mean b/d:

P, = %(b/d)"e‘b/d. (B12)

. d L
Scenario 3: X, — Xo. Here, the master equation is:

dp,
dP
Tto = —bPy +d(1 — Py). (B14)

Here there is no detailed balance, but probability flux is
conserved:
(d+b)P, =bP,_1. (B15)

Eq. B15 implies that the steady-state distribution is ge-
ometric with parameter d/(b+ d):

(B16)

b1 _d
b+d| b+d

P |

The mean of this distribution is b/d.

Appendix C: Sequence correlations and the
probability of heterologous autoimmunity

In the main text, we assumed that phage-derived and
host-derived sequences are completely random in order
to derive order-of-magnitude estimates for coincidence
probabilities. These probabilities might change if we ac-
count for sequence correlations between prokaryotes and
the phage that prey on them. To test for this possibil-
ity, here we study three prokaryotes and their associated
phages to estimate how correlations change the probabil-
ity of matching sequences.

13
1071
— E. coli
8T S. enterica
0 — P. aeruginosa
T 97
<
E 41
Q
2 +
——
01— + + + + +
1 2 3 4 5 6

Length k (nt)

Figure 5. Probability of sequence matching between random
phage and host sequences of length | = 35 constructed from
kmers of increasing length (Eq. C1), relative to the random
expectation P, = 47!, Sequence correlations increase coinci-
dence probabilities, such that the risk of heterologous autoim-
munity is increased relative to the predictions of the random
model.

We downloaded the genomes of all phages as-
sociated with three host species having the great-
est number of known phages from public sequencing
databases via https://www.ncbi.nlm.nih.gov/labs/
virus/vssi/. The hosts are E. coli (taxon id 562), S. en-
terica (taxon id 287), and P. aeruginosa (taxon id 28901).
To reduce redundancy we clustered the phage dataset at
90% sequence identity using MMSeqs2 [66]. After this
clustering 726 (E. coli), 285 (S. enterica), and 380 (P.
aeruginosa) non-redundant phage genomes remained for
the three hosts, with a total of 6.6-107 nt (E. coli), 1.9-107
nt (S. enterica), and 3.1 - 107 nt (P. aeruginosa), respec-
tively. We divided each genome into all overlapping se-
quences of length k and tabulated each of the 4F kmer
frequencies. We then used these to calculate the proba-
bility of a match for sequences of length [, assuming the
full sequence is composed of independent kmers:

1k
P(k) = (me) .

Here the sum runs over all kmers, and p; and ¢; are em-
pirical kmer probabilities in the host and phage genomes,
respectively. By varying k we can assess how different se-
quence features (from nucleotide biases to higher order
correlations) influence coincidence probabilities. In all
cases the probability of heterologous autoimmunity in-
creases relative to the baseline expectation, in line with
the use of shared oligonucleotide biases for bioinformatic
viral-host prediction [35]. Deviations from the baseline
theory are modest as compared to the exponential de-
pendence on spacer length, as each additional nucleotide
in spacer length decreases P, by a factor of ~ 4.

(C1)


https://www.ncbi.nlm.nih.gov/labs/virus/vssi/
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Figure S1. A scaling law between CRISPR repertoire size and mean spacer length in species with cas. The blue points are
data from 2,577 species binned in increasing windows of repertoire size (50 species/bin) with error bars denoting the standard
error of the mean. The green points are all 2,577 individual datapoints, and the orange line is the linear fit to the individual
species as in Fig. 2c. Dense horizontal bands along mean spacer lengths 30 nt and 32 nt reflect many species acquiring spacers
of these lengths (see Fig. 2a).
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Figure S2. Phylogenetic considerations for a comparative analysis of CRISPR-Cas systems. a, High overlap of spacer repertoires
between strains carrying CRISPR and cas loci. Single-linkage clustering of spacer repertoires based on the number of shared
spacers was performed on all strains carrying CRISPR and cas loci, either without filtering (blue line) or after filtering by
species (orange line) or genus (green line). The dendrogram was cut at different thresholds of spacer overlap (x-axis), and the
number of redundant strains (i.e., those sharing that many spacers with a non-redundant strain) are plotted. Without filtering
of CRISPRCasdb, more than 60% of strains are redundant at zero spacer overlap (inset), and many strains share dozens or
hundreds of spacers with another. A large part of this arises from closely related strains and CRISPR-cas loci. Filtering
strains by species, most of this redundancy is removed (inset). The remaining redundancy might arise from shared ancestry
between closely related species or recent horizontal transfer of CRISPR-cas loci between species. In the main text, filtering
out redundant species was performed such that all spacer repertoires in the dataset used for analysis do not share any spacers.
Alternatively, filtering at the genus level (green line) removes essentially all overlaps. b, The scaling law is robust to different
levels of filtering. The blue points are data from 1,003 genera binned in increasing windows of repertoire size (50 genera/bin, 53
genera in the rightmost bin) with error bars denoting the standard error of the mean. The green points are all 1,003 individual
datapoints, and the orange line is the linear fit to the individual species. 4 datapoints with mean spacer length > 45 nt were
not displayed.
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Figure S3. Cross-reactivity parameters obtained by a fit to the empirical data lie in a plausible range. The blue points are
data from 2,577 species binned in increasing windows of repertoire size (50 species/bin), and the orange line is the linear fit to
all species as in Fig. 2c. The green line is the naive In4 scaling (see Eq. 5). The fitted slope is consistent with a broad range
of cross-reactivity parameters (yellow region). A best-fit to Eq. 4 was performed, in which [, was fixed at 3, and kex was set
to 1s/6, consistently with a 6-nt periodicity in mismatch tolerance in type I-E systems [30, 31] and approximately 5 allowed
mismatches in type II systems in which most spacer lengths are ~30 nt [25, 26]. We found best-fit values of kvar = 3.45 £ 0.02
and log,,(L/P) = 11.37 + 0.03, where the errors are 90% confidence intervals. The estimate of kva, is consistent with primed
acquisition tolerating many mismatches, up to 10 in some systems [30, 33|, and the estimate of L/P implies a maximum risk of
self-targeting P in the range of 10™* to 107°. We expect these cross-reactivity parameters to show significant variation around
these means in individual species and systems (see Fig. 4).
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Figure S4. No correlation between genome length and mean spacer length in species with cas. The blue points are data from
2,577 species binned in increasing windows of repertoire size (50 species/bin) with error bars denoting the standard error of
the mean. The green points are all 2,577 individual datapoints, and the orange line is the linear fit to the individual species.
Dense horizontal bands along mean spacer length = 30 nt and 32 nt reflect many species acquiring spacers of these lengths (see
Fig. 2a). Unlike Fig. 2c and Fig. S1, no significant correlation between genome length and mean spacer length was observed.
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Figure S5. No scaling law between CRISPR, repertoire size and mean spacer length in species without cas. The blue points are
data from 344 species binned in increasing windows of repertoire size (50 species/bin) with error bars denoting the standard

error of the mean. The green points are all 344 individual datapoints, and the orange line is the linear fit to the individual
species as in Fig. 2e.
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Figure S6. Variable usage of spacer lengths among species carrying multiple cas types. 843 species with multiple CRISPR-Cas
systems were divided into 3 groups of 281 species having small, medium, or large repertoire sizes, respectively. All spacers were
collated, and the total number of spacers in each repertoire size bin was normalized to 1, so that the bars indicate the fraction
of spacers in each bin with that length. The fractional usage of spacers of length < 32 nt decreases with repertoire size, while
usage of spacers of length > 35 nt increases with repertoire size among these species.
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Figure S7. Variable use of cas subtypes underlies a scaling law between CRISPR repertoire size and mean spacer length in
species with cas. The black points are data from 2,577 species binned in increasing windows of repertoire size (200 species/bin,
177 species in the rightmost bin) with error bars denoting the standard error of the mean. The black dotted line is the linear
fit to all 2,577 individual species as in Fig. 2c. The colored lines show the subtype incidence in these same bins. The order of
subtypes in the legend is given by the first quartile of spacer lengths for types II, I and III as in Fig 3a. The incidence of types
II-A and II-C clearly decreases, and the incidence of the four type I subtypes with the longest spacers and the three type III
subtypes clearly increases across repertoire size bins. The incidence of the three type I subtypes with the shortest spacers do
not show a clear trend and are not plotted for visibility of the other 9 subtypes. The incidence is normalized by each repertoire
size bin, so the numbers indicate the fraction of species in each bin carrying that subtype (which might be a single system or

one of several CRISPR-Cas systems).
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Figure S8. Spacer repertoire size is correlated with the number of CRISPR and cas loci. Data from 2,577 representative strains
belonging to different species are binned by repertoire size (50 species/bin, same bins as in Fig. 2¢). Error bars denote the

standard error of the mean in each bin.
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Figure S9. Repertoire size versus mean spacer length for species conditioned on one annotated gene copy of casl and cas2.
1,668 out of the 2,577 species contain one copy of both casl and cas2 genes. The orange line is a linear fit to the individual

species, shown alongside the data binned by repertoire size (50 species/bin). Error bars denote the standard error of the mean
in each bin.
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Figure S10. Species and system-specific stochasticity increases the variability of the sampled data, but a scaling law is recovered
by binning by repertoire size. A sampling procedure on synthetically generated data is replicated as in Fig. 4. Individuals were
drawn from steady-state distributions with mean proportional to 1/pseit, but each time the prefactor A was also drawn from a
wide (log-normal) distribution with the same mean as in Fig. 4a-b, and standard deviation chosen such that the coefficient of
variation is 1.2. A large variability in the data results, but binning recovers a clear relation between mean repertoire size and
spacer length. The green points show 100 individually sampled strains, the blue points means after binning by repertoire size
(50 species/bin, 2,750 species total), and the orange line is a fit.
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