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Abstract

We introduce rugged fitness landscapes called match landscapes for the co-
evolution of feature-based assortative interactions between P > 2 cognate
pairs of tRNAs and aminoacyl-tRNA synthetases (aaRSs) in aaRS-tRNA in-
teraction networks. Our genotype-phenotype-fitness maps assume additive
feature-matching energies, a macroscopic theory of aminoacylation kinetics
including proofreading, and selection for translational accuracy in multiple,
perfectly encoded site-types. We compute the stationary genotype distri-
butions of finite panmictic, asexual populations of haploid aaRs-tRNA in-
teraction networks evolving under mutation, genetic drift, and selection for
cognate matching and non-cognate mismatching of aaRS-tRNA pairs. We
compared expected genotype frequencies under different matching rules and
fitness functions, both with and without linked site-specific modifiers of inter-
action. Under selection for translational accuracy alone, our model predicts
no selection on modifiers to eliminate non-cognate interactions, so long as
they are compensated by tighter cognate interactions. Only under combined
selection for both translational accuracy and rate do modifiers adaptively
eliminate cross-matching in non-cognate aaRS/tRNA pairs. We theorize that
the encoding of macromolecular interaction networks is a genetic language
that symbolically maps identifying structural and dynamic features of genes
and gene-products to functions within cells. Our theory helps explain 1)
the remarkable divergence in how aaRSs bind tRNAs, 2) why interaction-
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informative features are phylogenetically informative, 3) why the Statistical
Tree of Life became more tree-like after the Darwinian Transition, and 4)
an approach towards computing the probability of the random origin of an
interaction network.

Keywords: Rugged Landscapes, Darwinian Transition, Reciprocal Sign
Epistasis, Modifier Model, Hamming Code, Karlin-Altschul Theory

1 1. Introduction

2 Carl Woese and his co-authors argue influentially that all Earth’s cells and
3 organelles descend not from one universal ancestor cell, but rather a com-
+ munally ancestral genetic code — the one operating in ribosomal protein
s synthesis [1-5]. Woese’s theory is that our ancestral genetic code evolved
s collectively in a community of cells that exchanged genes more frequently
7 and translated them more ambiguously than we imagine most living cells
s would tolerate today (although increasing the accuracy of protein synthe-
o sis can be costly, for example in bacteria competing to grow [6-9]). Our
10 ancestral genetic code evolved as an innovation-sharing protocol [4] in a
u “winner-takes-all” or big bang process [10] analogous to systems competi-
12 tion in economics [11]. That is, the ancestral community of cells converged
13 on one genetic code in parallel to exploit a convergently encoded pool of
1 genes that they shared. Once enough genes came to depend on this code,
15 and cellular fitness increasingly depended on interdependent coordination of
16 the action of many gene products, an evolutionary phase transition occurred
17 that “froze” the genetic code [12, 13]. In parallel, increasingly complex fitness
18 interactions among genes, called generally epistasis [14, 15], cooled the rate
19 of gene sharing, changing the evolution of cells from a genetically commu-
20 nal to a more vertical mode of inheritance in a Statistical Tree of Life [16],
a1 in what Woese called the Darwinian Transition. Broadly consistent with
» this theory, it was found that complexity of gene interactions (the number
2 of pairwise interactions a gene undertakes) constrains “informational” genes
2 from transferring horizontally between cells relative to condition-dependent
s “operational” genes [17, 18] and increasing pairwise protein-protein interac-
»% tions, as measured in yeast two-hybrid data, reduces substitution rates in
2 proteins [19].

28 In protein biosynthesis, the translation of sense codons depends directly
20 on the identity and distribution of amino acids attached or aminoacylated
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% to the 3" ends of tRNAs at their acceptor stems. Aminoacylation of amino
a1 acids to tRNA acceptor stems is catalyzed in an ATP-dependent two-step
» reaction [20] by amino-acid-specific catalytic core domains in tRNA-binding
13 proteins called aminoacyl-tRNA synthetases (aaRSs) [21-23]. The conserved
s and modular domain structure of aaRSs and the ability of some aaRSs to
55 specifically aminoacylate model acceptor stem hairpins led to the proposal
s that aaRS-tRNA interactions evolved through a primordial stage of an “oper-
5 ational RNA code” depending on a small number of base-pairs in the acceptor
1 stem [24, 25].

30 However, it is unclear how this theory fully accounts for diversity in
w0 tRNA-binding by aaRSs. As shown in Figure 1, aaRSs exhibit remarkable
s diversity in how they bind and interact with tRNAs. AaRSs come in two
2 conserved and ancient superfamilies called Class I and Class I, with distinct
i folds, distinct mechanistic details of catalysis and — critical for our argument
s — distinct modes of binding to tRNAs, through opposing major or minor
s grooves of tRNA acceptor stems [26]. The two superfamilies may further be
s divided each into three subclasses [27], which pre-date the divergence of bac-
w teria, archaea and eukarotes [23] as exemplified by the consistency with which
# aaRSs can be used to root the statistical Tree of Life [28]. Striking examples
s of aaRS pairs of different classes were found that could be docked simulta-
so neously on tRNAs [29], which led to the hypothesis that aaRSs may have
51 originally bound tRNAs in paired complexes to help protect tRNA acceptor
s stems, and subsequently diverged to single aaRS-binding with expansion of
3 the code [30].

54 Because all tRNAs conform to a universal structure, tRNAs must distin-
55 guish themselves to specific aaRSs through interaction-determining features
ss called tRNA identity elements, which vary over the major domains of life [34].
57 We say that the functional identity of a tRNA determines its assortative in-
ss teraction with proteins as mediated by mutually compatible structural and
so dynamical features. Earlier, we applied an information theoretical approach
o to predict tRNA identity elements [35]; we call the features we predict tRNA
o Class-Informative Features (CIFs) (they could perhaps more specifically be
2 called Interaction-Informative Features (IIFs)). Through comparative anal-
63 ysis of tRNA CIFs and also through our tRNA functional classifier [36], we
s« have shown that tRNA CIFs are variable and phylogenetically informative
65 within the major domains of life [37-39].

66 There is a widely perceived need for genetically explicit models to inves-
&7 tigate theories about the origin and evolution of the aaRS-tRNA interaction
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Figure 1: Diversity in tRNA-binding by Class I and Class IT aaRSs and within aaRS
subclasses. Panel A, reproduced from [31] without modification under License CC-By
4.0.: Shown in red are different species of tRNAs, all oriented identically. Aminoacyl-
tRNA synthetases are shown in purple and green. Class I aaRSs, such as IleRS, ValRS
and GInRS, and class IT aaRSs, such as PheRS and ThrRS, bind tRNAs on opposite faces
and catalyze aminoacylation on different carbons of the last tRNA base, A76 (in Sprinzl
standard coordinates [32]). Panel B: Gallery of aaRS structures co-complexed with tRNAs
when available, reprinted (adapted) with permission from [33]. Copyright (2008) American
Chemical Society. Subclasses a, b and ¢ of both Class I and Class 1T aaRS superfamilies
are indicated by orange, yellow and pink tRNA colors respectively. aaRSs are visualized
with their catalytic domains in the same orientation. (two-column figure)

¢ network. For example, Vetsigian et al. [4] showed that horizontal gene trans-
s fer of protein-coding genes across a structured population of evolving codes
70 improves the error-minimizing optimality of genetic codes, but they were
7 unable to model the effect of horizontal transfer of components of the trans-
22 lational apparatus itself. They write, “a fuller account of the evolution of
7z the genetic code requires modeling physical components of the translational
7 apparatus, including the dynamics of tRNAs and the aminoacyl-tRNA syn-
75 thetases.” Similarly, Koonin and Novozhilov [40] write, “A real understanding
76 of the code origin and evolution is likely to be attainable only in conjunction
77 with a credible scenario for the evolution of the coding principle itself and
7 the translation system.” Having code evolution models with explicit evolu-
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79 tionary dynamics for tRNA and aaRS genes would help test other hypotheses
g0 including the roles of duplication and divergence of tRNA and aaRS genes in
s codon assignments [41], and even the dynamics of antisense-encoded aaRSs
2 according to the Rodin-Ohno hypothesis [42-44].

83 In this work we introduce a theory for feature-based encoding of aaRS-
sa tRNA interactions that helps answer the following questions:

85 1. Why are interaction-informative features phylogenetically informative?
86 2. How do interaction-determining features evolve and diverge while still
87 strongly selected for function and fitness?

88 3. Why did more than one superfamily of aaRSs evolve with such different
89 modes of binding tRNAs? Why is there such diversity in aaRS-binding
% of tRNAs even within subclasses (Fig. 1)?

o1 4. What caused the Darwinian Transition to a more tree-like Statistical
P Tree of Life?

03 5. What is the probability of random origin of an aaRS-tRNA network of
o a given size?

% At the outset, we considered that divergence in tRNA-binding by aaRSs
% could provide increased robustness [45] in translational accuracy to muta-
o tions in tRNAs and aaRSs (i.e. “survival of the flattest” [46]), or potentially
e could have evolved to increase the evolvability of new aaRS-tRNA interac-
oo tions. Yet in the results we report here, we show that neither evolutionary
w0 robustness nor increased evolveability is necessary to positively select for di-
1 vergence in tRNA-binding by aaRSs. Furthermore, selection on translational
102 accuracy alone was insufficient to select for divergence in tRNA-binding. We
13 found that combined selection on both accuracy and rate was necessary and
s sufficient for aaRS genes to evolve to adaptively partition the tRNA interac-
05 tion interface. Our results depend on assumptions and modeling concepts as
ws briefly introduced in the remainder of this section.

w 1.1, Additivity of macromolecular interaction energies

108 We assume that tRNAs and aaRSs interact through sets of paired fea-
o tures that contribute additively to their overall binding energy as manifested
o through dissociation rate constants. This assumption has long featured in
m models of DNA-protein interactions in transcription factor binding sites and
u2  their evolution [47-52] as well as on the structure and evolution of protein-
us  protein interaction networks [53-55]. Such studies have also used the ab-
s straction of working with simplified binary genotypes as we do here.


https://doi.org/10.1101/312462
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/312462; this version posted May 5, 2018. 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-NC-ND 4.0 International license.

us 1.2. Kinetic proofreading

Hopfield [56] and Ninio [57] were the first to demonstrate the fundamen-
uz tal mechanism of kinetic proofreading now shown to underlie the accuracy of
us information transduction in biopolymerization reactions such as aminoacyl-
o tRNA selection by the ribosome [58], tRNA selection in aminoacylation [59],
120 and nucleotide selection in transcription [60], but also cellular signal trans-
121 duction [61] (but see e.g. [62]), including T-cell activation [63] and recently,
122 morphogenesis [64]. In kinetic prooreading, the dissipation of cellular free
123 energy coupled to internal, allosteric non-reactive state transitions amplifies
124 the kinetic discrimination of substrates at some combined expense of overall
s reaction rate, energy, and the stochastic discard of partially processed pre-
1 ferred substrates [65, 66]. The discovery of proofreading was motivated in
127 part by the observation that the amino acid selectivities of aaRSs are greater
s than can be explained by differences in free-energy of binding of different
120 amino acids [56]. Ehrenberg and Blomberg [67] first derived the thermo-
130 dynamic limits of kinetic proofreading in terms of the displacement from
131 thermodynamic equilibrium of high energy cofactors such as ATP or GTP,
12 as discussed by Kurland [68]. The kinetics of the two aaRSs classes is dif-
13 ferent; In class I aaRSs, product release is rate-limiting, while in Class II
13 aaRSs, aminoacyl transfer is rate-limiting [69]. However, a range of different
135 regimes of kinetic rates and allosteric state transition networks can exhibit
13 proofreading [65, 70]. In this work we use theoretical bounds for proofreading
17 over all possible schemes to derive bounds on aminoacylation rates.

1

=
o

s 1.3. Rugged landscapes, epistatic gene interactions, and modifier models

139 Fitness landscapes, introduced by Sewall Wright [71], map genotypes to
uo fitnesses either directly, or via phenotypes, as recently reviewed by Ahnert
1 [72]. Interactions between genes can cause double, triple, etc. mutants to
12 have greater or lesser fitness than expected from the isolated fitness effects
13 of their component mutations, a phenomenon known as epistasis. Epistasis
s can take place across the genotype-phenotype map at multiple scales of bio-
s logical organization simultaneously [73]. Reciprocal sign epistasis (in which
s recombinants of haplotypes have lower fitness than non-recombinants) is a
17 necessary (but not sufficient [74]) condition for fitness landscapes to become
us  rugged [75], exhibiting potentially many separated local fitness maxima. Ab-
e stract genotype-fitness and genotype-phenotype-fitness models, such as the
150 tunably rugged NK model [76, 77] or other regulatory or metabolic network
151 evolution models [78-80] typically lack a concrete, mechanistic interpretation

6
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12 for how epistasis actually manifests through the combined actions of genes
153 on the basis of sequences.

154 In this work, we allow the availability of sites for matching or mis-
155, matching between tRNA and aaRS gene products to evolve under direct
156 genetic control, making epistasis evolveable at site resolution. As such, our
157 work is related to population genetic models that study the genetic modi-
158 fication of evolutionary forces such as mutation, recombination or epistasis,
10 called modifier models. Modifier models encode evolutionary parameters at
1o neutral loci that co-evolve under uniform genetic dynamics as other major
11 loci that directly impact fitness. Original applications of modifier models
12 were aimed at studying the evolution of recombination [81, 82]. Under very
13 general conditions near an equilibrium under viability selection, modifier loci
16a - evolve to reduce rates of mutation, migration, or recombination [83]. With-
165 out recombination, near mutation-selection balance, modifiers that increase
166 positive or antagonistic epistasis will evolve, increasing the robustness of hap-
167 loid asexual populations to mutations [14, 15], this robustness is an intrinsic
16s property of the fitness landscape [84, 85]. An analysis of fitness valley cross-
160 ing in asexual haploid populations with reciprocal sign epistasis [86] points
o to the critical role of the high-dimensional structure of fitness landscapes in
i1 determining evolutionary outcomes [87].

w2 1.4. Origin-fization formalism for evolutionary genetics

173 We model evolutionary dynamics in finite, haploid asexual populations of
s aaRS-tRNA networks using the statistical mechanical or sequential fixation
s Markov chain [49, 88|, a variety of origin-fization model [89] that assumes a
e maximum of two genotypes segregating in a population at a given time. Thus,
177 it is assumed that the mutation rate is much smaller than the reciprocal of the
s square of the population size [89]. These assumptions yield an exact solution
o of the stationary distribution of fixed genotypes in finite populations of con-
150 stant size experiencing selection, mutation and genetic drift [88, 90]. Models
111 of this kind have been used to highlight the role of compensatory evolution
122 on the complex genotype-phenotype-fitness landscapes of transcription-factor
183 binding sites [50] and proteins [91]. In an appendix, Sella [90] shows results
18a  for the stationary genotype distribution of a population of haploid binary
155 genomes selected to maximize their weight (in the coding theory sense), that
186 1S, to become “all ones.” In the Discussion, we return to this model as a
1i7 natural modeling complement to the binary match landscape models that
188 we introduce here.
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Figure 2: Set-up for models comparing fitness landscapes with different aaRS-tRNA net-
works and network encodings. Except in section 2.7, there are always a fixed and equal
number P > 2 species of tRNA, P species of aaRS, P codons, P available amino acids,
and P site-types, the latter two of which are uniformly and maximally distributed within
a one-dimensional amino-acid/site-type space representing differential selection on amino
acid side chain properties such as hydrophobicity [92](labelled as ”coords”). To each site-
type corresponds a unique codon that encodes it perfectly and a unique amino acid that
fits it perfectly. To each codon corresponds a unique tRNA that reads it perfectly. To
each amino acid corresponds a unique aaRS that charges it perfectly. Panel A. The Bi-
nary Interaction Network Channel (P = 2) studied in subsection 2.3. Panel B. The P-ary
Interaction Network Channel studied in subsections 2.8 and 2.9. (one-column figure)

2. Match landscapes: Models and Results

2.1. General Assumptions of the Current Work
Unless otherwise noted, genotypes g € B” are haploid binary strings of
length L that undergo point mutation,&election and genetic drift in panmictic
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103 Moran [93] populations of constant size — but experiencing neither recombi-
e nation, duplication, deletion, insertion, inversion, conversion, nor drive (nor
s implicitly, horizontal transfer) of genes or genomes. We define here various
s match fitness landscapes that map genotypes g € B” to real-valued fitnesses
w7 w(g) with 0 < w(g) < 1. The fitness functions we define all have at their roots
s a matching function that maps genotypes to match matrices, which unam-
109 biguously predict the intensities at which pairs of tRNA and aaRS species
200 interact in a model cell or cytoplasmic volume. Except in subsection 2.7,
201 each genotype g € B" expresses an equal number P species of tRNA and P
202 species of aaRS.

203 Any species of tRNA can potentially match any species of aaRS through
204 an interaction interface shared by all. Each species of tRNA or aaRS contains
205 the same number of sites in this shared interaction interface. A correspon-
26 dence exists that partitions sites in the same way across all species, and
207 thereby limits the way in which matches of species can occur. We call the
208 union of single sites over all species that can potentially match or mismatch
200  within any possible aaRS-tRNA species pair a site-block. Matching occurs
210 exclusively within site-blocks, and matching is additive over site-blocks. We
an denote the number of site-blocks n and call it the width of the interaction
212 interface.

a3 2.2. Ouverview of Models and Results

214 A list of symbols and parameter values is given in Table 1. In sub-
25 section 2.3 we define a model we call the binary interaction channel with
216 one site-block and compute its average fitness, load and epistasis under two
a7 different matching rules. In section 2.4, we define the P-ary interaction chan-
218 nel with multiple site-blocks, while in section 2.5 we present a result about
210 its stationary genotype frequency distribution when fitness is multiplicative
20 over site-blocks. In section 2.6 we develop an additive interaction model
o1 for aaRSs and tRNAs. In section 2.7 we re-derive a macroscopic model of
22 aminoacylation kinetics in an interaction network with N tRNA species and
23 M aaRS species. In section 2.8 we present results on the dependency of
24 fitness maxima and fixed drift load on the number of cognate pairs encoded
25 in an aaRS-tRNA network. In section 2.9 we compare fitnesses and the sta-
26 tionary expected frequency of masking in networks selected for translational
27 accuracy alone versus networks selected for both accuracy and rate.
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s 2.3. The Binary Interaction Channel with an Interface of One Site-Block

229 Suppose that exactly one binary site in a gene for one tRNA species, t,
230 and another site in a gene for one aaRS species, ag, are selected to match each
2 other, so that genotypes 11 and 00 have equal and maximal viabilities greater
232 than those of genotypes 10 and 01, wyy = wy; > wy; = wyp. This landscape is
23 an example of “reciprocal sign epistasis.” [74, 86, 87]. In another landscape,
24 one genotype, say 11, has higher viability than the other three, with w; >
235 Wyp = Wy = Wyo. This landscape is an example of positive or antagonistic
23 epistasis [14], in which the fitness cost of the double mutant is less than either
237 the sum or product of the costs of single mutants. The evolution of two-locus,
238 two-allele models has been studied under very general settings, in haploid
230 and diploid populations with and without recombination and modifiers of
20 epistasis, most recently in the haploid setting by Liberman and Feldman [15].
2 The minimal setting for a binary feed-forward interaction channel, encoding
22 UP b0 two amino acids, is only slightly more complex than the two-locus, two-
23 allele model. It is a four-locus, two-allele model representing genes for two
24 tRNA species ty and £; and two aaRS species ag and a;, in which either tRNA
25 can potentially match either aaRS through a single site-block. Depending on
26 the matching rule and the specific genotype, either of the two tRNA species
27 may match zero, one or both aaRS species.

248 We define two different matching rules in our model through logical op-
29 erations on bits. The first we call the XNOR rule and indicate it in Table 2
0 and elsewhere with the & symbol. Using the XNOR rule, the match score

om0 of ¢ and a;, with i, j € {0, 1} is:

mf;NOR = tz = CLj, (1)
2 where (a © b) = (a ®b) = =(a @ D) is the logical XNOR of a and b.
253 The second we call the AND rule and indicate it in Table 2 and elsewhere

4 with the A symbol. Using the AND rule, the match score mﬁ ]N P of t; and a;,
s with 4,5 € 0,1 is:

mf]ND = tZ A G,j, (2)
6 where (a A b) is the logical AND of a and b.
257 According to the set-up in Panel A of Fig. 2, we suppose that all sources

s of ambiguity are collected into the network. The interaction of these four
0 species of gene products occurs through a single site for each of them. Both
w0 aaRS species have equal concentration and efficiency, both tRNA species

10
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1 have equal concentration and both amino acids have equal concentration.
%2 There are two equally frequent site-types s, and s; using the terminology
23 and assumptions of [37, 92], one at coordinate x4 = 0 and the other at
sa  coordinate x; = 1. Amino acids aay and aa, obtain maximal viability 1 in
x5 their respective site-types sy and s;. Amino acid aa, obtains viability ¢ in
w6 Site-type s, and wvice versa, while the viability of an unencoded amino acid
27 (corresponding to when an aaRS species has no tRNA species that matches
268 it) is 1, with 0 < ¢) < ¢ < 1. Only codons of type ¢q, which are exclusively and
w0 perfectly read by tRNA species £, exist in sites of type sy, while only codons
a0 of type ¢, which are exclusively and perfectly read by tRNA species ¢, exist
o in sites of type s;. Amino acid aay is charged exclusively and perfectly by
a2 aaRS ag and amino acid aa; is charged exclusively and perfectly by aaRS
a3 aq. If a tRNA matches both aaRSs, the codons it reads achieve a fitness
e 0 = (¢ + 1)/2, which is the arithmetic average of its translations. Thus,
;s ambiguity is more fit than pure missense, > ¢. The fitness of a genotype is
s the product of its fitness in the two site-types. With these assumptions, we
o7 write the fitnesses of the 16 possible genotypes under two different matching
27s rules in Table 2.

279 Table 2 gives all genotype viabilities for the binary interaction channel
20 with one site-block under the two different matching rules, XNOR and AND.
251 The channel achieves greater maximum fitness using the XNOR rule because
22 it can encode two interactions simultaneously with it, but only one with
23 the AND rule. Inspecting the fitnesses of genotypes in consideration of the
¢ assumed inequality 0 < ¢ < ¢ < 6 = (¢ +1)/2 < 1, one finds that the
265 fitness of every genotype with the XNOR rule is greater than or equal to
25 its fitness with the AND rule. From eq. 9 in [90], one may infer directly
27 that with these fitnesses under the stationary genotype distribution of the
28 “sequential fixations” origin-fixation process [88, 90], the binary interaction
20 channel has both a higher average fitness and a smaller fixed-drift load with
20 the XNOR rule than it does with the AND rule, for all values of population
201 size parameter S and for all 0 < ¢ < ¢ < 1.

202 Liberman and Feldman [15] define multiplicative epistasis for the two-
203 locus, two-allele model analogously to:

€22 = W11 Wop — W1pWo1 - <3>

24 A generalization of this expression to four loci and two alleles is:

11
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€4,2) = (wnoowoooo wwoowmoo)(wnnwoon - w1o11w0111)—

(w1110w0010 - w1010w0110)(w1101w0001 - w1001w0101)~ (4>

205 After substituting fitnesses from Table 2and simplification, we find that
206 the multiplicative epistasis 6@\;})3 of the AND rule is always positive:

AND

€z =(1-¢)/2>0, (5)

27 and that the multiplicative epistasis e(ii gy of the XNOR rule is also always
208 positive:

XNOR 3

€z =(0=0Y)(0+¢p) > 0. (6)
200 2.4. The P-ary Interaction Channel over an Interface of Multiple Site-Blocks
300 We now extend the model of section 2.3 by assuming that the interaction
;o0 intensities of P > 2 tRNA spec1es labeled t; with 1 <¢ < P, and P aaRS
2 species, labeled a; with 1 < j < P, depend directly on thelr match scores

303 mfj with matching rule R, Which are additive over an interaction interface
sa of width n > 1 site-blocks. To do so, we introduce two different combina-

w05 tions of genotype spaces and matching rules to be used in the sequel. We
w06 first define a genotype space GPPm) of dlmensmn 2Pn and explain how we
so7 - apply an XNOR matching function mf(]N to genotypes from that space to
w8 Obtain the results of section 2.8. We then define a second larger genotype
GPP™2) of dimension 4Pn and explain how we apply a more complex

AND-XNOR genotypes from that space to obtain the

309  Space
s0  matching function m; ;
su  results of section 2.9.
312 Assuming every species of tRNA or aaRS is produced by only one gene,
a3 we assign n state-bits to each of the 2P tRNA and aaRS genes and write
s them as follows: ¢; = t;1t;5.. .t .. . 1, and a; = a;q ... a;, ... a;, respectively,
s where multiplication in this case implies string concatenation, 1 <7,7 < P,

26 1 <7 <mn, and ¢,,a;, € B. We then order and concatenate genes into

a7 genotypes as follows: g = tia,tqa4 ... tpap. Denote by AP the set of all
s1s  possible binary genotypes with P tRNA genes and P aaRS genes of width n
a9 site-blocks and one site per-gene per-site-block, of total length L = 2Pn. For
320 any genotype g € G the match score m;, NOR of t; and a; in the XNOR
s matching function is defined as:

12
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Genotypes in G*P Y for matching under the XNOR rule, witht. , a.. € B:

ty1--- typ ... Ay, trr... toy ayq ... Ay, tor .- tpp apy ... @p,

Genotypes in GFP"2 for matching under the AND-XNOR rule, witht, ,a..,m,,, n, € B:

tigotyy | @17-m 84y | togee-toy | @nq--- @, e tps..- tp, | @py-..- @py, |Statebits
/
Mg Myp | Nygeea Ny | Mogeee My, | Noqen Ny, ses  |Mpy... Mp, | Npy... Np, | Mask bits
Site-blocks and matching under XNOR: Site-blocks and matching under AND-XNOR:

Figure 3: Genotype spaces, site-blocks and matching with the XNOR and AND-XNOR
matching rules. (one or two-column figure)

mf]NOR = thr And Qi (7>
r=1
12 where (a © b) = (a®b) = =(a®b) is the XNOR of a and b, true when (a & b),
223 the XOR of a and b, is false. The XNOR match score mij OR of t; and a; is
24 inversely related to their Hamming distance dg(t;, a;):

XNOR
m;

=n—dg(t;, a;). (8)
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325 We now introduce a third matching rule, which we call the AND-XNOR,
6 MASKED-XNOR, or MASKED-MATCH rule. Suppose that every macro-
527 molecular species adds one evolveable mask bit that switches on or off the ac-
»s  cessibility for matching of exactly one of its state bits (Fig. 3). Mask-bits are
no site-specific interaction modifiers. Now, with t;,, a;,, m;, n;, € B, 1 <4,5 < P
10 and 1 <7 < n, we assign n state-bits to each of the P tRNA genes as before,
s writing the state-bits of tRNA gene t; as t;;...t;. ...t;,, and in addition, we
;2 assign n mask-bits to each of the P tRNA genes, writing the mask-bits of
sz tRNA gene t; as m;; ... My, ... My, so that m;, is the mask-bit correspond-
s ing to state-bit ¢;.. Similarly, we assign n state-bits to aaRS gene and write
15 them as aj;...a, . ...aj,. In addition, we assign n mask-bits to each of the
s I aaRS genes, and write the mask-bits of aaRS gene a; as nj; ...nj,. ... nj,,
337 50 that nj, is the mask-bit corresponding to state-bit a;.. Finally, we order
13 and concatenate genes into genotypes as follows (without loss of generality):
139 g = t1a1tay . .. tpapminimon, ... mpnp. Denote by GPPm2) the set of all
s possible binary genotypes with P tRNA genes and P aaRS genes interact-
s ing over width n site-blocks, with 2 sites per-gene per-site-block, and a total

sz length L = 4Pn. For any genotype g € G\PP2) the match score mij D-XNOR
ws of t; and a; with AND-XNOR matching rule is defined:
AND-XNOR _
m; j = Z((mir Anj) At & ajr)), (9)
r=1

ss where (a A b) is the logical AND of a and b.

us 2.5, P-ary interaction channels with multiplicative fitness over site-blocks

346 Let fitness depend multiplicatively on the match scores of corresponding
s tRNA, aaRS species pairs (i.e. those that share the same index), and in-
us  versely on the match scores of non-corresponding tRNA, aaRS species pairs
10 (1.e. those with different indices). For example, if the fitness contributions of
0 a match between any cognate pair or of mismatch between any non-cognate

351 pair, one might define the viability fitness w(g) of genotype g € GIEPn) s

NOR

P P mi( o

_ Hi:l -l_l-(jzl)¢i¢ 7 _ ﬂil ¢dH(tz, i)
- - mXNOR P P 5
HPITT sy o™ T2, TTE s @t

2 where 0 < ¢ < 1is a selection intensity parameter. The viabilities of eq. 10 are
353 positive and less than or equal to 1, and increase both as tRNAs and aaRSs of

w(g) (10)
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3¢ the same index match while tRNAs and aaRSs of different indices mismatch.
55 In the appendix, we show that the function in eq. 10 is multiplicative over site-
36 blocks as previously defined, and that for all fitness functions multiplicative
»7 over site-blocks, the stationary distribution of fixed genotypes of [90] may
s readily be obtained as a product of the stationary frequencies of site-blocks.
30 This result should be compared to Result 2 in [15], which states that in a
w0 large two-locus, two-allele haploid population in mutation-selection balance,
31 a unique polymorphic equilibrium with full linkage equilibrium exists only in
2 the absence of multiplicative epistasis.

3 2.0. From additive interaction energies to kinetic rate constants

364 As simple and tractable as the fitness function in eq. 10 may be, it is more
365 realistic to suppose that the fitness of an aaRS-tRNA network is manifested
w6 through its translation of protein-coding genes. We therefore wish to create a
w7 decoding function that takes a match matrix as input and outputs a decoding
s matriz that specifies the conditional aminoacylation profile of every tRNA
69 Species.

370 We assume through the sequel that matches m, ; between tRNA species
s t; and aaRS species a; contribute additively to their binding energy in an
sz aaRS-tRNA complex (whether activated or not), and that only one kinetic
w3 rate constant depends on this energy and varies from complex to complex
s with all other kinetic rate constants set equal (see next section). Table 5
ws in Schimmel and S6ll [94] displays kinetic data for aaRS-tRNA complexes
w with data from [96, 97] of about 220s™" for cognate aaRS-tRNA complexes
s and about 1600s™ for near-cognate interactions. We assumed a cognate
s dissociation rate constant of kj = 220 s and a non-cognate dissociation rate
s constant of k& = 10000 s representing the background energy of interaction
10 between tRNAs and aaRSs, also comparable to data in [98].

381 Define k as the number of matches required to diminish dissociation rate
s from ky© to ky, with 1 < k < n. Following Johnson and Hummer [54], we
3 calculate non-cognate and cognate equilibrium constants as reciprocals of the
¢ non-cognate and cognate dissociation rates. The dissociation rate constant
ws K’ between tRNA ¢; and aaRS a; with m; ; matches, 0 < m;; < n then may
;6 be defined

ksj = ky" explum, ], (11)
w7 where ¢+ = (log k) — log k3)/ k.

15
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Figure 4: Application of kinetic proofreading schemes to compute decoding rates in a
macroscopic interaction network of M = 2 species of tRNAs and NV 2 2 species of aaRSs,
including kinetic proofreading of tRNAs by aaRSs but presently ignoring errors in amino
acid selection by aaRSs or tRNA selection on ribosomes. A. The single-molecule two-cycle,
two-state kinetic proofreading scheme of [61, fig. 1] for a receptor R that can preferentially
select ligands of type L' over ligands of type L, assuming ky = k|, k_g = k'3 and ky =
ks are all pseudo-first-order rate constants and the concentrations of ligand species are
equal, i.e. [L]=[L"]>>[R]. B. The scheme from panel A redrawn from the perspective
of a single tRNA species t, alternatively aminoacylated (and instantaneously deacylated)
by two aaRS species ag and a; of equal concentrations through catalytic steps with rate
kear << ks, thus [tg] >> [ag] = [a1] >> 1. C. Generalization of the scheme in B to M
species of tRNAs and N species of aaRSs. All corresponding rate constants are assumed
equal across all interactions except those indicated. (one- or two-column figure)

18 2.7. Decoding functions for macroscopic, well-mized proofreading aaRS-tRNA
389 networks

390 We now assume that matching feature-set-pairs contribute additively to
;1 interaction energies between species pairs and transform interaction energies
32 into kinetic rates of dissociation, or off-rates, of aaRS-tRNA species-pair
ws complexes (in this section, k7 is the same as k;’ in eq. 11). We elab-
54 orate on the reaction scheme shown in fig. 4A to compute the decoding
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15 rate/aminoacylation probability of one species of tRNA t; interacting in well-
36 mixed volume with two species of aaRSs a or a; at equal concentration as in
sor fig. 4B. We then generalize this to calculate the maximal decoding probability
8 Cmax(t; — a;) that a tRNA of species t;, with 1 < ¢ < M was last aminoacy-
1 lated by an aaRS of species a;, with 1 < j < N in an aaRS-tRNA network
w0 of M tRNA species and N aaRS species with variable dissociation rate con-
w1 stants k™ that vary between complexes of different aaRS-tRNA species pairs
w2 (fig. 4C). A comparable development was presented in [99], who were partic-
w3 ularly interested in the energy costs of proofreading.

404 Qian [61] re-cast the classic Hopfield kinetic proofreading model as the
ws five-state Markov Chain shown in fig. 4A, describing a cell signalling receptor
ws R with a two-step activation scheme that discriminates against ligand L
w7 in favor of ligand L' via off-rates (dissociation rates). The error rate per-
ws receptor f is the ratio of activated receptor affinities with ligands L and
wo L'. Qian [61] computed the minimum error rate per-receptor fpi, for any
a0 set of kinetic constants in terms of the dissociation-rate-constant ratio 6 =
m k. /k_; <1 and an exponential function of the steady-state free energy of the
ma celly = AGDT/RT) 5 1, associated with the (deliberately unbalanced) coupled
a3 reactions T'= D in fig. 4, namely [ = 6((1 +\/%)/(\/'_y+\/§))2 Qian [61] also
s re-derived the absolute lower thermodynamic limit over all possible kinetic-
a5 proofreading schemes [67], and the classical minimum per-receptor error-rate
a6 fmin 10 the two-state kinetic proofreading scheme shown in fig. 4A, with
w 07 < fmin < 0 [56, 57]. These two bounds correspond to perfect proofreading
ss  (with infinite ATP) on the left and thermodynamic equilibrium /recent death
a0 on the right.

420 These results apply equally well to enzymes as the rate of catalysis (k.q
a1 in figs. 4B and 4C) vanishes. This is one of three conditions on the kinetic
w2 rate constants that achieve the minimum error rate f;, [56, 61]. To achieve
w3 accuracy, enzymes and receptors add states from which they discard cognate
w20 substrates at appreciable rates so they can give non-cognate substrates more
w5 time to dissociate.

426 If the concentrations of aaRSs are large and equal to each other, the
w2 treatment of Qian [61] applies to Fig. 4B even though the roles of ligand and
w8 receptor are reversed. Let us define 6y, = (k?? / kgi) as the ratio of dissociation
w0 rate constants of tRNA ¢, with aaRS ay and aaRS a;, and similarly 6y;; =
w (kY1 /k% = 1). Then, at steady state, the relative rate of aminoacylation of
= tRNA t, by aaRS a; versus aaRS @y may be written fuwm = [toa1]/[toas],

17
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12 bounded by 9301 < fmin S 6po1, and the time-averaged maximal decoding
33 probability cpa(tg — a;) that tRNA ¢, was last aminoacylated by aaRS a,
43 1S:

Cmax(to — a1) = [toar1/([toao] + [toal]), (12)

45 with

H(9(2)017 9311)/2 < Cmax(tO — al) < H(9001> 9011)/27 (13)

w6 where H(a, 3) is the harmonic average of @ and 3. The maximal decoding
«7 probability is maximal over all kinetic schemes of aminoacylation; however,
a8 by the data processing inequality, it is also the maximal accuracy of transla-
130 tion over all error-rates in tRNA-selection by ribosomes.

440 More generally, let us define 8;;; as the ratio of dissociation rate constants
w1 of tRNA t with aaRS ak and aaRS a; respectively, i.e. 0, = = " 1/k
w2 with 1 <7 < M and 1 £ j,k < N. The maximal decoding probablhty
w3 Cax(t; — aj), that a tRNA of species t; was last aminoacylated by an aaRS
s of species a; in an aaRS-tRNA network of M species of tRNA and NN species
ws of aaRS, is

Conax(t; — ;) = [6:051/() [tiar]), (14)
k=1

446 Wlth

(Hli\ilezzkj)/N < Cpax(to — a1) < (Hlf:\ileikj)/Na (15)
w7 where H, ,ﬁleikj is the harmonic average over all 0;,;,1 <k < N.

ws  2.8. The Dependence of Load on Number of Encoded Amino Acids

449 Drawing on the terminology and concepts of earlier work [37, 92, 100, 101],
o we present a highly simplified translational system to compare fitnesses and
1 stationary genotype frequencies of different matching rules. With reference
2 to Fig. 2B, we continue to assume P pairs of aaRS and tRNA species, as well
53 as P species of codons, amino acids, and site-types, so that tRNA species
s t;,1 <1< P always reads codon ¢;, while aaRS a; always charges amino acid
w5 aa;, which has maximal fitness in sites of type s;. With these assumptions,
s the decoding probability c(aa,|c;) of decoding codon ¢; as amino acid aa; is
w7 equal to Cpax(t; — a;) of the last section, c(aa;|c;) = cpax(t;i — a;). The
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ss fitness w(aa,|s;) of amino acid aa; in site-type s;, with 1 < j,l < P is plmial,
wo where z; = (1—1)/(P—1). The fitness w; in site-type s; is the expected fitness
w0 of translations of codons occupying that site-type, here exclusively codon ¢;,
w6 Wy = Zf w(aa;|s;)claa;|c;). The fitness wy(g) of genotype g selected for
w2 translational accuracy alone is the product of its fitnesses over all site-types:

wa(g) = sz- (16>

463 We implemented this model in a Python 3 script called “atINFLAT” for
ws “aaRS-tRNA Interaction Network Fitness Landscape Topographer,” avail-
w5 able as supplementary data. It can compute the stationary genotype distri-
w6 butions of small networks and compute statistics such as fitnesses for indi-
w7 vidual genotypes from much larger networks.

468 It is easy to prove that binary codes with zero matches between any code-
w0 words have a maximum size of only two codewords [102, 103]. Thus, with the
s XNOR rule, in which tRNAs and aaRSs may potentially match or mismatch
an over their entire shared interface, the interactions of only two aaRS-tRNA
a2 pairs may be encoded perfectly without cross-matching. As predicted, when
a3 we used atINFLAT to compute maximum and average fitnesses on landscapes
s with and without proofreading, we found that both the maximum fitness de-
a5 creased and fixed-drift load increased when more than two cognate pairs were
a6 overloaded on the same interaction interface, reflecting an increasing cost of
a7 translational missense as more amino acids get encoded (Fig. 5).

as 2.9. Selection on both translational accuracy and rate is necessary to select
479 for masking to reduce cross-matching

480 The symmetric P-ary interaction channel as we have defined it, selects
a1 only for translational accuracy and not on rate or energy expenditure. One
w2 can see this clearly with the help of a well-defined example using the AND-
i3 XNOR rule, and comparing the fitnesses of two genotypes gy, g € G482,
s The first genotype, gy, consists of four codewords from the Hamming [n=8,d=4]
a5 code [95] repeated twice, followed by all maskbits set:

2,64

g = (10000111)°(01001011)*(00101101)*(00011110)°1 (17)

486 Since all maskbits are set in gg, all four tRNA species and all four aaRS
w7 species potentially match over their entire interfaces. The cognate match
sss score for all pairs t;,a; is m;; = 8 and the single non-cognate match score
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Figure 5: Decreasing average and maximal fitness of aaRS-tRNA networks as a function of
encoded interactions under the XNOR rule, with and without proofreading. Parameters
used here are n =2, k=2, ¢ = 0.9, and 8 = 100. The fixed-drift loads are the differences
between maximal and average fitnesses, which increase with the number of encoded inter-
actions. Notice the discontinuities between P = 4 and P = 5; this is the transition where
P > 2", the number of pairs exceeds available codewords. (one-column figure)

a0 is m; ; = 4 for all pairs ¢;,a; with ¢ # 7. No binary codes of size n = 8 can
w0 achieve a larger minimum Hamming distance than four [104, 105].
401 A second genotype g,; may be constructed from any two tetramers and
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a2 their complements in the left and right halves of the interface, and using
w03 masking to eliminate cross-matching. For example,

s = (116016)2(1404)2(0414)2’ (18)
s which achieves cognate matches (m;; = 4 for all pairs ¢;,a;) and zero cross-
w5 matching (m, ; = 0 for all pairs t;,a; with ¢ # j). With the standard fitness
w6 function that we have been using in which fitness depends only on accu-
w7 racy and not rate of translation and using k£ = 4, the fitnesses of these two
w8 genotypes are exactly equal:

200 # atinflat version 0.8

so0 # execution command:

s0 # atinflat.py --pairs 4 --width 8 --match 4 --mask --phi 0.9

s # -g hamming-8-4.txt

503 genotype:

s 1000011110000111010010110100101100101101001011010001111000011110
sos 11111111211142112141421441421441421214212142312142123141421114211111111
ss | fitness: 0.9996721776752496

sr | match: [[8 4 4 4], [4 84 4], [4 48 4], [4 4 4 8]]

s0s | proofread code: [[1. 0. 0. 0.], [0. 1. 0. 0.],

500 | (0. 0. 1. 0.1, [0. 0. 0. 1.]1]

510 genotype:

s 1111111111111111000000000000000011111111111111110000000000000000
52 1111000011110000111100001111000000001111000011110000111100001111
s3 | fitness: 0.9996721776752496

su | match: [[4 0 0 O], [0400], [0040], [000O0 4]]

si5 | proofread code: [[1. 0. 0. 0.], [0. 1. 0. 0.],

516 | (0. 0. 1. 0.1, [0. 0. 0. 1.]1]

517 The example illustrates a key property of our macroscopic kinetic match

si8  landscape model, which is that accuracy depends on relative dissociation
s rate constants and concentrations, a prediction borne out by experimental
s20 evidence [34, 94, 106]. We conjecture that these two genotypes have maximal
sa1 fitness because they both achieve the maximal possible distance of four be-
s22 tween all code words — and they are not alone; many others in their neutral
s23 network have the same fitness. Other genotypes with equal fitness to gy and
s ¢y include all those with the structure of g but substituting any four of the
s 16 Hamming [8,4] codewords in any order, in any one of 2 x 8! permutations
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26 of codeword columns and codeword symbols (implying a degeneracy of more
s than 3.522 x 10° Hamming code genotypes) as well as other non-linear per-
s2s fect binary codes [107] — all with every mask-bit set — and a much smaller
s20 number of those with the same structure as gp; and half of the mask-bits
s30  off, using one of only 255 combinations of two tetramer codewords and their
s complements besides those used in g;,.

532 Even though gy and g;; achieve identical accuracy and fitness in the
533 match landscape with wy(g), g € G(4’4’8’2), the rates of translation in cells
s with genotype gy would be vastly slower than in cells with genotype g,
s33  because the dissociation (discard) rate of cognate complexes is only between
55 15 and 2s ' in the former, while in the latter it is the typical cognate rate
s that we assumed, 220 s, In the classic kinetic proofreading schemes, this
s3s  discard rate must be much greater than the actual rate of product formation
50 kear [D6, 61] (but see [65, 66, 70]). For example, in tRNA-Ile of Salmonella
s0  typhimurium this rate is estimated to be 55 [108]. Furthermore, the overall
sa rate of protein synthesis, which factors directly into growth rate [109], can
s22 be limited by the slowest rate of aminoacylation [110, 111]. As a result, both
s the accuracy and rate of translation are expected to factor into fitness [112].
saa Because the fitnesses of gy and g;; are exactly equal without taking transla-
sss  tional rate into account, incorporating any rate-dependent fitness factor that
ss6  decreases with the cognate aminoacylation rate in our model will disadvan-
sa7  tage those genotypes that maximize matching between cognate complexes.
sis Selection for accuracy should then select for mask bits to turn off to reduce
s cross-matching and maintain the high non-cognate/cognate dissociation rate
ss0 ratios required for accuracy at intermediate levels of cognate matching.

551 To test this prediction, we introduce an empirically parametrized fitness
ss2  factor that crudely penalizes cognate aminoacylation rates when they are
53 slower than the assumed cognate rate of 220 s™'. In accordance with an
s observation of ke, = 5s ' [108] and a cognate dissociation/discard rate of
ss5 220 s_l, we define the average aminoacylation rate k.. (g) of genotype g as
ss6  proportional to the harmonic mean of cognate dissociation rates between
ss7 cognate tRNAs and aaRSs:

1 _n i
kcat(g) = ﬂHmkd . (19)

sss Controlled measurements with wild-type and mutant enzymes showed that
ss0  only k., correlated with growth rate and the following measurements of
560 (Keat, w) Were observed, where w is growth rate in Luria Broth, written rela-
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tive to wild-type [108, Table 3]: {(0.19,0.24), (0.6, 0.6), (5, 1)}.

Using GNUPLOT 5.2 to fit two exponential viability functions w; (keat) =
A+ B exp(Ckeat) and wo(kear) = 1—exp(Cakeyt) to these data and also through
the origin, we obtained the following fits:

w1 (Kear) = 1.00127 = 1.005 exp(—1.51245k.,. ) (20)
wQ(kcat) =1- eXp(_1'50576kca‘c)7 (21>

both with a root mean square residual of less than 1%.
We defined a new fitness function w4r(g) to select for both translational
accuracy and rate as the product of two fitness factors:

war(g) = walgwa(kear(g))- (22)

Using this new fitness function w4z(g) and k = 4, we obtained the follow-
ing results:

# atinflat version 0.8

# execution command:

# atinflat.py --pairs 4 --width 8 --match 4 --mask --phi 0.9

# --rate -g hamming-8-4.txt

#

genotype:
1000011110000111010010110100101100101101001011010001111000011110
1111111111111131111111111131313111111111131311111111131313131111111111111
| fitness: 0.0036361253612561006

| match: [[8 4 4 4], [4 8 4 4], [4 4 8 4], [4 4 4 8]]
| proofread code: [[1. 0. 0. 0.], [0. 1. 0. 0.],
| [0. 0. 1. 0.1, [0. 0. 0. 1.]1]

genotype:
1111111111111111000000000000000011111111111111110000000000000000
1111000011110000111100001111000000001111000011110000111100001111
| fitness: 0.9991349818561294

| match: [[4 0 0 0], [0 4 0 0], [0 04 0], [00 0 4]]
| proofread code: [[1. 0. 0. 0.], [0. 1. 0. 0.],
[0. 0. 1. 0.1, [0. 0. 0. 1.]1]

Even with k = 8, so the assumed cognate dissociation rate is only reached
with a full eight matches, the masked genotype still has higher fitness:
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s0. # atinflat version 0.8

s2 # execution command:

sos # atinflat.py --pairs 4 --width 8 --match 8 --mask --phi 0.9

soa  # --rate -g hamming-8-4.txt

595 #

506 genotype:

se7 1000011110000111010010110100101100101101001011010001111000011110
sos 11111111111111111111111111111111111111111111111111111113111111111
s0 | fitness: 0.9855421043520338

so | match: [[8 4 4 4], [4 8 4 4], [4 4 8 4], [4 4 4 8]]
sor | proofread code: [[0.94 0.02 0.02 0.02], [0.02 0.94 0.02 0.02],
602 [0.02 0.02 0.94 0.02], [0.02 0.02 0.02 0.94]]

603 genotype:

o4 1111111111111111000000000000000011111111111111110000000000000000
es 1111000011110000111100001111000000001111000011110000111100001111
o6 | fitness: 0.9860719918123261

or | match: [[4 0 0 0], [0 4 0 0], [0 0 4 0], [0 0 0 4]]

os | proofread code: [[0.94 0.02 0.02 0.02], [0.02 0.94 0.02 0.02],
600 | [0.02 0.02 0.94 0.02], [0.02 0.02 0.02 0.941]1]
610 Hamming codes are efficient with respect to codeword length [95]. In this

s work, codewords are transmitted in parallel, so selection on code-word length
s12 gy occurs through selection to avoid overly tight binding. Our results show
s13 that genetic match codes can be selected to sacrifice code-words to achieve
s1a  shorter codeword length without cross-matching.

615 Our results are general. In Fig. 6, we show the full stationary genotype
e16  distributions under two fitness functions wy(g) and w,p(g) on the smaller
617 genotype space G422 and k = 1, showing that masking is systematically
sis  favored over the entire match landscape and increasingly so with genotype
s10  fitness, under combined selection on translational accuracy and rate. Thus,
s20 selection on both the specificity of association and rate of dissociation can
21 partition macromolecular interaction interfaces to reduce cross-matching.
622 Natural selection increases and maintains information in genomes [113-
622 116]. A useful measure of this information is the reduction in entropy of the
s24 stationary distribution of genotypes with that selection, relative to without
s it. For example, the maximum entropy of genotypes in G422 oceurs on
s a perfectly flat fitness landscape in which all genotypes have equal fitness,
sz and its value is the genome length in bits, 32. For the data in Fig. 6 with
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Figure 6: Expected fractions of masked sites in the steady-state fitness equivalence classes
of 2% genotypes in G422 (points), expected fractions of masked sites (red lines) and
expected fitnesses (blue lines) as functions of the stationary cumulative densities of fitness
in match landscapes with perfect one-step kinetic proofreading, P = 4, n = 2, k = 1,
¢ =0.9, and § =100. A. Match landscape with selection for translational accuracy alone
(fitness function w4(g)) with expected fitness 0.9501304 and expected fraction of masked
sites 0.4428638. B. Match landscape with combined selection for translational accuracy
and rate (fitness function w4 g(g)), with expected fitness is 0.9498575 and expected fraction
of masked sites 0.4780706. Machine error in these data, as judged by the integration of
cumulative density functions, is less than 10™"". (two-column figure)

s perfect kinetic proofreading and § = 100, we found that the entropy of the
s20 stationary genotype distribution under selection for accuracy alone, through
e30 the fitness function w4(g), is about 7.82 bits for a maximum information gain
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e of about 24.18 bits. The entropy of the stationary genotype distribution
s2  under combined selection for both accuracy and rate, through the fitness
633 function wyp(g), is about 6.22 bits for a larger maximum information gain of
s3a about 25.78 bits. Thus, in a population of fixed size 101, about 1.6 more bits
35 of information are gained under combined selection for rate and accuracy
es3s than under selection for accuracy alone. Without proofreading, the results
37 are not very different: the maximum information gained under selection for
38 accuracy alone is close to 23.5 bits, while under combined selection for both
30 accuracy and rate, the maximum information gain is close to 25.26 bits.

s0 3. Discussion

641 We have shown that combined selection on translational accuracy and rate
sa2 18 sufficient to select for divergence in tRNA-interaction interfaces by aaRSs.
sas  Our results do not contradict other hypotheses about this phenomenon [30].
ss  We used mask bits as interaction modifiers to demonstrate our main re-
s sult. When they mask or diminish interactions, these modifier bits may be
sas interpreted as the presence of structural features such as identity antideter-
sar  minants that prevent or weaken interactions at specific locations, possibly by
ss guiding and orienting interactions away from other interaction-determining
sa0 features [34].

650 The notion of “matching” used in this work should not be taken literally.
51 The essential feature of the XNOR rule is its provision of two ways to match
2 (0/0 and 1/1), corresponding to the availability of alternative paired sets
53 of features in biomacromolecules that promote assortative interactions. As-
esa sortative interactions occur by means of both complementarity in the shapes
s and motions of cognate pairs of tRNA and aaRS species, and identifiability or
s distinctiveness in the shapes and motions of cognate and non-cognate pairs.
ss7  Because of the symmetry of mutation that we assumed in this work, we could
sss  have equivalently named our landscape a “complementarity landscape” and
9 obtained identical results using an XOR matching rule instead of the XNOR
so rule. It would then be simple, although vague and misleading, to interpret
ss1  matching features as complementarily charged amino acid side-chains or com-
2 plementary RNA nucleobases that interact directly. However, this would be
3 oversimplified on multiple levels: first, because identifying features in tRNAs
s can depend only indirectly on underlying bases and residues through the
e6s overall shape and motion in what is called indirect read-out [117]; second,
sc tRNAs are extensively post-transcriptionally modified, which also biochem-
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7 ically integrates information from multiple sites in ways crucial for tRNA
ees identity [118]; third, feature matching and mis-matching occurs in general
0 through different sequence alphabets in RNA and proteins; and fourth, aaRS
e0  proteins are autocatalytically synthesized through the aaRS-tRNA network
o1 1tself [1 19].

672 Thus, in the present work we analyzed only the simplest one of four
13 increasingly complex variations on the general problem of evolution of a self-
era encoded aaRS-tRNA network. We define four connected notions to make
ers our arguments: description, self-description, self-encoded description, and
o6 self-encoded self-description. By description we mean that when a mature,
ez folded gene product evolves to complement the shape and motion of a fixed
ss  and unevolving ligand like a metabolite in order to specifically bind it, it “de-
o scribes” that metabolite. This notion of “description” depends on the com-
ss0  plex genotype-phenotype maps of RNA and protein folding, and therefore can
1 attain complex and emergent evolutionary dynamics [91, 120]. Nonetheless,
2 by definition, descriptions are of evolutionarily fixed targets and therefore in-
se3 trinsically less rugged, with smaller neutral network size or degeneracy, than
ss« the match landscapes studied in the present work. We contend that evolving
sss a description of an unevolvable metabolite ligand corresponds to discovering
s what might be called an Faster egg in sequence space. Under the assump-
sz tion of symmetric mutation, the “all-ones” genotype studied in the Appendix
ess  of Sella [90] corresponds to selection to match any equivalent evolutionarily
sso  static Easter Egg in sequence space, of any arbitrary sequence neighborhood.
690 In the present work on the other hand, we analyzed the problem of self-
a1 description: specifically, we evolved co-inherited cognate tRNA-aaRS gene
s2 pairs to describe one another, so that their expressed products obtain com-
s3 plementary and identifying shapes and motions with one another. More
soa generally, the notion of self-description represents the information acquired
s in genes by natural selection about the shapes and motions of the prod-
s0s ucts (or regulatory regions) of other genes (which correspond to “self” with
sor Tespect to the cell they are co-inherited in). During the evolutionary collec-
s tivization of genes and gene products into genomes and cells hypothesized
s0o by Woese and co-authors, genes acquired information via natural selection
700 about the shapes and motions of other gene products, in order to interact
1 specifically and/or conditionally with them. This self-description (or equiv-
w2 alently self-information) is the epistatic “biological glue” that binds folded
703 macromolecules, cells and organisms together, enabling them to convert en-
74 ergy into work and execute complex emergent functions. Self-description
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705 applies equally well to epistatic interactions within genes and gene-products,
706 where it programs their folds, major modes of motion, and allosteric changes
77 in shape and motion in response to changes in cellular state. The reason
708 that these notions of self-description are all consistent is precisely because
700 the self-descriptions of biological entities at multiple scales become integrated
70 through major evolutionary transitions.

711 Bedian [119] also called what he modeled “self-description,” but he meant
72 something entirely different: the mutual self-compatible encoding of a set of
73 aaRS catalytic active sites capable of aminoacylating different amino acids
72 onto distinct tRNAs, so that the collection of self-encoded aaRSs active sites
715 can autocatalytically resynthesize themselves and each other. In our ter-
716 minological framework, this is self-encoded description, because tRNAs are
n7  treated as fixed and unevolving targets, like amino acids. Bedian’s model,
ns  and subsequent extensions by Wills and co-workers, consider that these dif-
70 ferent selectivities of different aaRSs depend on distinct sets of critical sitesin
720 each aaRS (where each critical site corresponds to one of our site-types). The
71 distinct sets of critical sites of aaRSs may be thought of as multiple distinct
722 Easter eggs in sequence space that all must be simultaneously discovered and
723 compatibly mutually encoded for the network of aaRS active sites to nucleate.
72¢  But aaRSs have both catalytic and tRNA-binding domains. Bedian, Wills
725 and co-workers have so far not considered the problem of tRNA recognition
726 by autocatalytically encoded aaRSs in their work, which generalizes what we
727 studied here in what might be called self-encoded self-description. Full treat-
728 ment of the problem, involving autocatalytically-encoded Easter eggs and
729  Match Landscapes, is reserved for future investigations. Progress will allow
720 a fuller investigation of even larger models to investigate the coevolution of
7 genetic code and metabolism [121, 122].

732 We conjecture that our present results will hold for these more com-
713 plex models. We offer an interpretation of “matching” for our present re-
724 sults which applies to all of these more complex biological settings; namely,
735 matching represents the self-information contained in self-descriptions, or the
736 information contained in genes about the identifying shapes and motions of
73 other co-inherited genes and gene products. Commensurately informative
728 self-descriptions are expected to be nearly neutral with one another in the
720 sense of [90] and references therein, and as shown for interaction interfaces
720 previously [123]. The nearly-neutral evolution of interaction-determining fea-
71 tures within a high-dimensional sequence space of equally fit solutions makes
722 compensatory mutations much more likely than reversals. This explains both
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723 why interaction-informative features can evolve and diverge even while under
s strong selection, and why interaction-determining features are phylogeneti-
25 cally informative.

746 Our theory that macromolecular interactions are encoded through sets
27 of complementary and identifying features extends the universal principle
78 of heredity clarified by Watson and Crick, through which all possible ge-
720 netic sequences may be replicated by virtue of complementarity [124]. The
750 relativity of the notions of complementarity and identity in the definition
751 of self-description implies that macromolecular interactions are governed by
72 symbolic representations, as discussed by Maynard Smith [115]. That is,
73 within the context of a specific cell, arbitrary molecular shapes and motions
74 are symbolically associated with specific functions. The notion of symbolic
75 association is defined not only by the absence of relationship between the
76 form and meaning of signals [115], but also by its cryptographic nature, in
77 that it requires coordinated information to decode signals correctly within a
s large space of equally unambiguously expressive alternatives.

750 The statistical Tree of Life became more tree-like after the Darwinian
70 Transition precisely because through this transition, cells evolved languages
71 of self-encoded descriptions and self-descriptions critical to their fitness as
72 cells. These genetic and cellular languages are symbolic, crytographic, open-
73 endedly expressive, and increasingly constrained from changing by the in-
764 creasingly complex corpus of descriptions and self-descriptions they encode.
765 Since languages evolve in a statistically tree-like manner [125, 126], so did
76 the advent of these cellular and genetic languages caused cells to evolve in a
767 statistically tree-like manner. Furthermore, the large degeneracy of equiva-
e lent self-descriptions implies that such a language may be surprisingly easy
70 to originate spontaneously, yet once originated, will be heavily constrained
70 to change only in ancestrally compatible ways [12].

m It is easy to imagine that macromolecular interaction codes, like lan-
772 guages, evolve to be both expressive and unambiguous, that is, to encode
773 more and more interactions in robust and error-tolerant (and ambiguity-
77a  reducing) ways. The coding theory analogy to the universality of replication
775 by complementarity lies in the notion of non-trivial perfect codes. Perfect
776 codes uniquely cover all of a finite sequence space with a maximum number
777 of code-words spaced a minimum distance apart, so that every single pos-
7s sible code-word can be received unambiguously and decoded correctly even
779 after one or more symbols in the code-word were altered. While we expect
70 biological codes to be generally far from perfect, the theory of perfect codes
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71 may be a useful reference point from which to relax assumptions, and seems
72 relevant to the stochastic setting of gene expression. In this context, it is
73 of interest to note that surprisingly few varieties of small non-trivial perfect
78 codes exist (where non-trivial means a code with more than one code word,
755 not using every possible sequence as a codeword, nor the P-ary repetition
75 code) [102]. For symbolic alphabets of prime power size, all non-trivial per-
w7 fect codes have codeword sizes, lengths, and minimum distance parameters
788 equal to those of either Hamming Codes or Golay Codes [102, 127]. However,
70 the Golay codes are too large to be relevant to the problem of perfect coding
790 of 20 or fewer aaRS-tRNA cognate interactions. The RNA alphabet is of
71 prime power size, namely four. The Hamming code J,(h) over an alphabet
792 of size r with positive integer index parameter h has M = " codewords of
w0 length n = (" = 1)/(r = 1) and minimum Hamming distance between code-
74 words of 3, allowing correction of single-symbol errors. It is of interest to
795 note that 3,(2) contains four codewords of size 5, H,(3) contains 16 code-
6 words of size 21, and H,(4) contains 64 codewords of size 85. The F4(3)
77 perfect codeword length of 21 is surprisingly close to the size of a postulated
79s primordial tRNA hairpin [24, 128, 129] with acceptor stem length of 7 and
790 anticodon loop of length 7, while the H,(4) perfect codeword length of 85 is
soo surprisingly close to the typical lengths of tRNAs today.

801 We can use our theory to roughly calculate the probability p(n, P,d, H)
sz that an aaRS-tRNA network will evolve P matching codewords of minimum
03 distance d over an interface of length n in a system with M mutually dissim-
soa ilar tRNA replicators and N mutually dissimilar aaRS ribozyme replicators
sos (with P < M, N), and aaRS-tRNA per-site background and target symbol-
sos  pair frequencies defined by the expected relative entropy H. Counting all
sor  possible pairs between tRNA and aaRS genes, and assuming that tRNAs
sos have evolveable anticodons, this probability is

M
P

N

p(n,P,d,H)= P

Ny(n, P, d)(1 — exp(—=FE(n, P))), (23)

soo  where Ny(n, P, d) is the number of binary codes of length n, size P and mini-
so mum Hamming distance d, E(n, P) = kM N n*27""" is the expected number
sn - of random sequences achieving normalized score nPH in a search space of
sz size nM x nN, from Karlin-Altschul theory (and in which & is a correction
a3 factor for edge effects) [130], and where the expected relative entropy per-site
siu H may be computed by enumerating over all pairs of RNA bases, assuming
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s1s & specific base composition common to all genes, and an expected target
s16  similarity corresponding to one or fewer errors per n symbols. Although
sz a unique finite number of codes Ny(n, P, d) exists over any finite sequence
13  space, no expression for its value is known [127]. However this number must
s be much larger than the number of ways to choose P codewords from any
s20 Hamming-code of length n and size Q = P, provided Hamming codes of
s21 that length and size exist, because of the existence of a potentially large, yet
g2 unknown number of non-linear codes with Hamming parameters [127]. The
23 number of distinct Hamming codes of length n over an alphabet of size ¢ is
g0 qn! [127]. Further investigation is needed, but we believe that p(n, P, d, H)
g5 may be surprisingly large.

826 The theory by which we computed stationary genotype distributions can
g7 incorporate up to three kinds of mutational asymmetry [88] such as GC-bias,
28  transition bias, or transcription- or strand-dependent mutation, all relevant
g0 to problems in the evolution of the genetic code. It should be expected
g0 that incorporating asymmetric mutation will break symmetries in the fit-
sa1 ness of genotypes and will change the expected composition of interaction-
sz determining features.

833 An importantly unrealistic assumption in the present work is that of large
s aaRS concentrations in our macroscopic model of aminoacylation. The sto-
s3s  chastic dynamics of cellular-scale aminoacylation coupled to the sink of trans-
g3 lating ribosomes is complex, exhibiting phenomena such as ultra-sensitivity [111].
s7 - We have implemented a mesoscopic version of aminoacylation kinetics using
g3 Gillespie’s direct method [131], results with which will be published else-
g0 where. Although our results do not depend on how translational rate is
a0 implemented, our model can fruitfully be integrated into a fully stochastic
s model of translation such as in Shah et al. [132]. In future work we will in-
sz corporate these and other extensions into new models for the coevolution of
sz genetically encoded descriptions and self-descriptions with codon meanings
sae  and metabolism in structured populations, to better understand evolution
a5 through the Darwinian Transition.

it
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s Appendix A. Decomposition of the steady state solution of fixed
856 genotypes with multiplicative fitness components

ss7  Remark 1. Define V to be the set of possible values in a site. V could be
s the set of nucleotides, the set of amino acids, etc. In this particular study,
oV = {0, 1}

@ Remark 2. Define G V"7) (M not necessarily unequal to V) to be the set
ssr  Of all possible genotypes of width n € N and pn sites per-gene, with p € N.
s If Vg € GNP have length L, then |G(M’N’n’p)| = |v|*.

% Remark 3. Consider a genotype, g € GM™™P) Tet T be the set of tRNA
see  genes in g with |T| = M, 2 < M < 0o and let A be the set of aaRS genes in
s g with [A] = N, 2 < N < 0o. The lengths of genes t € T and a € A are all
s equal to np Vt,a. Let p(M + N) = L. Define block b € v e {1,2,...,n}
g7 10 be the sequence of p ordered values starting at the jth site across all t and
s (1 genes in genotype g, with j = (¢ — 1)p. For a genotype ¢ € G(M’N’"’p), there
s will be n blocks b7, and each will be L, long, it is possible for b] = b? for

M7N717p) —_ VLb

s 1 <1 #j<mn,and Gl is the set of all possible types of blocks.

sn Theorem 1. Let w, be the viability of genotype g € G(M’N’l’p), N be the
s population size, and 3 = N =1 for the Moran process, § = 2(N = 1) for
sz the haploid Wright-Fisher process, and [ = 2N — 1 for the diploid Wright-
gra Flisher process. Given that the stationary frequency Pg* of genotype g is P; =
B
Wy

srs —— , and that the viability W, is multiplicative across blocks in a
XheG(J\/I,N,l,p)wf

M,N,n>1,p

s76  genotype K € Gl ) (i.e. W, = -|_|-wbr_c), then the stationary frequency

=1

s7 P. of genotype K is
P:=.|_|-Pb*r_€ (Al)
i=1
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ss PROOF (PROOF OF A.1 HPIJK
879 By deﬁnition,
B
w,
P = u (A.2)
deG(M,N,n,p)Wf
ss0 By the multiplicativity property this becomes
n B
. T Wy
P, = 5 T e (A.3)
£EG(M’N’7L’:D) j=1 b§
B B
T W n W
gs1 It needs to be shown that T = ]—[ 5 Essen-

£eGIM.N.n.p) ﬂj=1 U)b5 i=1 ZgEG(M,N,l,p) Wy

g2 tially, the proof breaks down to whether Z H W = ( 2 w’ )

ceGIMNnp) j=1 J geGM,N,1,p)

g3 Otart With,

n
B B B B
2 Hwa = 2 Wee We* oW (A.4)
£eGIMN, ' J ? "

N,n,p) j=1 geG(M,N,n,p) 1

s Since GMYP) ig the set of all possible blocks, bﬁ, and no combination of L,
sss length genotypes across blocks is impossible, there are B" possible sequences
s for genotypes € € GNP where B = |G| This is consistent with
MNnp) gince I = Lyn and thus B" = [V|* = |V|Lb" =

Since we are summing over all possible genotypes £ € G (M, Nm.p ),

ss7  the cardinality of G

888 |G (ML) | |

sso and since different genotypes in GMAmP) itk the same blocks but in differ-
soo ent orders will have the same viability, then every viability term will be of

g B NgyB nggB M,N,1,p) .
a1 the form ( " )wgl‘” w,,*" ... wy,"" where each g; € G! P s (pos-
NgysNggs-sTlgp

s sibly arbitrarily) ordered from 1 to B and n,, € W is the number of blocks
g3 of genotype & that are g;. Since every genotype is represented, (A.4) is a

g
geGIM,N,1,p)

sos and one of the viability coefficients was less than the expected multinomial

s« multinomial and can be rewritten 2 wﬁ . If this were not the case
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sos  coefficient, then that could only mean that at least one genotype was not
g7 being counted. If one had a coefficient larger than expected it would have to
ss  mean that at least one genotype was being counted more than once. There-
so0 fore to prove (A.1), plug this multinomial representation into (A.3),
e, wl n w)

i=1 Wyr b

n
*
w0 P. = = | | = | |Pn
® Byn B b;
(ZQE(;(M,N,l,p) wg) i=1 deg(M,N,l,p) Wy i=1

901 P: = .|_|- Pb*f; O
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Table 1: Symbols, parameter values and references for the present work.

Symbol Meaning Value (Reference)
P # of cognate tRNA-aaRS gene/species pairs

M # tRNA genes/species when M # N

N # aaRS$S genes/species when M # N

n width of interaction interface in site-blocks

ky* dissociation rate constant with 0 matches 10000s™"
ky dissociation rate constant with k& matches 220s™" [94]
k # matches to diminish from k) to kj, 1 <k <n

GIM-Amp) genotype space with p sites per-gene per-site-block

9 9u+ Gy genomes g € G

t; tRNA gene/species, 1 <i < P or i € {0, 1}

a; aaRS gene/species, 1 < j < P or j € {0,1}

Lir, Qjy state-bits of £; and a;, 1 <r <n

My, My mask-bits of ¢;, and a;,

L genome length, L € {2Pn,4Pn}

R matching rule, R € {XNOR, AND, AND-XNOR}

mi mfj number of matches between ¢; and a; with rule R

k:fi’j dissociation rate constant of ¢; and a;

Cmax(t; — @;)  maximal decoding probability

¢ codons, 1 <i< Porie€{0,1}

aa, amino acids, 1 < j < P or j € {0, 1}

s site-types, 1 <l < P or [ €{0,1}

claaj|c;) decoding probability

vy steady-state free energy of the cell [61]

L free energy of a match (viz. € in [47, 54))

0 dissociation rate constant ratio

o max. missense fitness cost per site-type [37]

Y nonsense fitness cost per site-type

) ambiguity fitness cost per site-type

w viability fitness factor or term

€ multiplicative epistasis per site-block [15]

Ié; size of a haploid Moran population minus 1 [90, 93]
dp (-, - Hamming distance [95]
H(-,-),H, harmonic average

47


https://doi.org/10.1101/312462
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/312462; this version posted May 5, 2018. 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-NC-ND 4.0 International license.

Table 2: Viabilities of the symmetric multiplica-
tive binary interaction channel with one site-
block under two different matching rules.

Genotype | XNOR® AND?| Viabilities”

(toagtiay) () (A) | we  w,
0000 X SIS
0001 N o
0010 % SR IR R
0011 I | 1 (0
0100 / o
0101 R
0110 x N0 o
0111 N N (I 1)
1000 N vs Y
1001 x R RSN
1010 : R IR
1011 / Y, b @
1100 I [ 1 Y
1101 v v (1)
1110 N N b
1111 X X | &5 4

Iconic representation of network phenotypes
expressed for each genotype with each rule.
Po<ip<p<i=(p+1)/2<1.

48


https://doi.org/10.1101/312462
http://creativecommons.org/licenses/by-nc-nd/4.0/

