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Abstract
Motivation Biological systems are made of entities organized at different scales (e.g.macro-organisms, symbionts, genes. . . ) which evolve in interaction. These interactionsrange from independence or conflict to cooperation and coevolution, which results inthem having a common history. The evolution of such systems is approached by phylo-genetic reconciliation, which describes the common patterns of diversification betweentwo different levels, e.g. genes and species, or hosts and symbionts for example. Thelimit to two levels hides the multi-level inter-dependencies that characterize complexsystems. Results We present a probabilistic model of evolution of three nested levelsof organization which can account for the codivergence of hosts, symbionts and theirgenes. This model allows gene transfer as well as host switch, gene duplication as wellas symbiont diversification inside a host, gene or symbiont loss. It handles the possibilityof ghost lineages as well as temporary free-living symbionts. Given three phylogenetictrees, we devise a Monte Carlo algorithm which samples evolutionary scenarios of sym-bionts and genes according to an approximation of their likelihood in the model. Weevaluate the capacity of our method on simulated data, notably its capacity to infer hor-izontal gene transfers, and its ability to detect hostsymbiont co-evolution by comparinghost/symbiont/gene and symbiont/gene models based on their estimated likelihoods.Then we show in a aphid enterobacter system that some reliable transfers detected byour method, are invisible to classic 2-level reconciliation. We finally evaluate differenthypotheses on human population histories in the light of their coevolving Helicobac-ter pylori symbionts, reconciled together with their genes. Availability Implementationis available on GitHub https://github.com/hmenet/TALE. Data are available on Zenodohttps://doi.org/10.5281/zenodo.7667342.
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1. Introduction
The toolbox of evolutionary biology largely relies on the assumption of statistical indepen-dence of biological objects at any level of organization: organisms from different species areisolated from a biological system based on their genomes, genomes are cut into independentgenes, and inside genes, nucleotides are evolving independently from each other (Felsenstein,2003).Yet the essence of living systems lies in dependence: constraint, cooperation or conflict (Sapp,1994). Symbiotic micro-organisms coevolve with animals or plants (JL Sonnenburg and ED Son-nenburg, 2019). The ensemble they form is gathered under the holobiont concept. It allows tosee genes as entities not only following their own interest, not only participating to the function-ing of the genome they are hosted by, but also participating to, and probably evolving with, alarger biological system.A powerful tool to study these inter-dependencies is phylogenetic reconciliation: an ensem-ble of models and methods explaining the differences and similarities between phylogenies oftwo entities diversifying concommitantly in evolution. Gene/species systems have been studiedby phylogenetic reconciliation, accounting for events of gene duplication, horizontal gene trans-fer and gene loss (DTL model) (Boussau and Scornavacca, 2020; Doyon et al., 2011; Menet etal., 2022; Nakhleh, 2013; Szöllősi et al., 2015b). The same model can be applied with little to nomodification to symbiont/host (Charleston and Libeskind-Hadas, 2014; Donati et al., 2015; San-tichaivekin et al., 2020), protein domain/gene cophylogeny (Rasmussen and Kellis, 2012; Stolzeret al., 2015), and biogeography has been imagined as one possible level (Martínez-Aquino, 2016;
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Ree and Smith, 2008; Ronquist, 1997). DTL models have also been used to reconstruct genomehistories (Duchemin et al., 2015), detect highways of lateral gene transfers in bacteria, archaeaor eukaryota (Bansal et al., 2011), assess the relative role of duplication and gene transfer inthe evolution of genomes (Sjöstrand et al., 2014), infer ancient symbiotic relationships (Bailly-Bechet et al., 2017), reconstruct histories of gene fusion and fission (Duchemin et al., 2017),model endosymbiotic gene transfer (Anselmetti et al., 2021).A limitation of reconciliation methods is their separate application on molecular studies onone side (gene/species cophylogeny), and ecological studies on the other (host/symbiont cophy-logeny). The striking methodological unity of the two (the same DTL model is applied on boththe molecular and ecological systems) and the growing interest for multi-level systems integrat-ing molecular and ecological inter-dependencies (e.g. the holobiont concept) calls for a uniquemodel for host, symbiont, gene cophylogeny. In support of this claim, a number of empirical stud-ies already rely on host symbiont histories when proposing horizontal gene transfers betweensymbionts (Manzano-Marín et al., 2019; Nakabachi et al., 2013; Nikoh et al., 2014; Penz et al.,2012), when often, only symbiont gene/species comparisons do not provide enough statisticalsupport for them (Ravenhall et al., 2015; Wijayawardena et al., 2013).Three level reconciliations have been introduced by Stolzer et al. (2015) and applied to pro-tein domain, gene and species. They describe two embedded DTL models and an inferencemethod by parsimony. The inference method first reconciles genes and species trees in a DTLmodel. Then, knowing which genes are present in which species, it reconciles the protein do-mains with the genes. This defines two kinds of horizontal protein domain transfers betweengenes, depending on whether the genes are in the same species (which we will call "intra" trans-fer) or not ("inter" transfer), with a different cost for those two events. Further efforts in thisdirection have been published by Li and Bansal (2019a) with a duplication/loss model betweengene and species and a DTL model, forbidding inter species transfers, between protein domainsand genes. They show NP-hardness of inferring the most parsimonious couple of nested rec-onciliations (Li and Bansal, 2019a) and propose different heuristics and problem variants (Li andBansal, 2018, 2019b). A probabilistic model without transfers has been proposed byMuhammadet al. (2018). It aims at inferring dated gene trees from protein domain alignments using MarkovChain Monte Carlo. These attempts prove that it is possible to jointly handle three nested levelsin a single computational model. However none of them can yet handle host/symbiont/genesystems in a statistical framework because of specific limitations of each of them: parsimonyframework, no transfer or no inter-host transfer, no joint inference between levels of organiza-tion, no explicit handling of absent lineages.We propose a probabilistic model that describes the evolution of three nested entities atthree different scales, adapted to a host/symbiont/gene system. In our model a symbiont tree isgenerated by a DTL model inside the host, with a possibility of evolving temporarily outside thehost phylogeny. A gene is generated by a DTL model inside the symbiont, where gene transferis more likely between symbionts that share a common host ("intra" transfer) than for those thatdo not ("inter" transfer).Based on this model we propose an inference method extending the two-level reconciliation"ALE" software (Szöllősi et al., 2015a, 2013). It takes three trees as input, constructs joint sce-narios and estimates event rates and likelihoods according to the model. Our implementationalso features the possibility to infer a symbiont species tree if only the host tree and severalsymbiont gene trees are given as input. In addition a comparison of the likelihood of two-leveland three-level reconciliations can be used as a test for multi-scale coevolution.We report a benchmark test of the inference method on simulated data, using an externalsimulator (Kundu and Bansal, 2019), showing that under the hypothesis that gene transfers aremore likely between symbionts of a same host, the three-level reconciliation represent a signifi-cant gain compared to the two-level one in terms of the capacity to retrieve the symbiont donorsand receivers of horizontal gene transfers.We use the inference method to identify horizontal gene transfers between Cinara aphidsymbionts that are detected by expertise (Manzano-Marín et al., 2019) but missed by two-levelreconciliations.
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Finally we show on genes of Helicobacter pylori from human populations how likelihood com-putations can be used to compare different hypotheses on the diversification of a host, giventhe genes of its symbionts, taking into account the evolutionary dependencies between all threescales.

2. 2-level reconciliation, definitions and preliminaries
Because we base our model on the two-level DTL reconciliation model implemented in "ALEundated" (Morel et al., 2020; Szöllősi et al., 2015a), together with the inference methods, thissection is devoted to their brief description.

2.1. Model and parameters
We denote by G , S respectively a set of gene trees and a species tree, and δSD , δ

T
S , δ

L
S is theset of rates at which a gene evolving in a branch of S undergo the D,T,L (speciation, duplication,transfer, loss) events. These rates are constant along the species tree and for all gene trees.

The model is generates a rooted phylogenetic tree G , given S and the rates, according to abirth and death like model. A gene tree can originate in any branch of the species tree with auniform prior. Speciation occurs at all nodes of S , while duplications, transfers and loss can occuralong the branches of S with the given rates.
When a transfer occurs, the receiver branch is chosen according to a uniform probability,avoiding ancestor branches of the donor. This avoids certain impossible transfers but is not suf-ficient to guarantee that the overall scenario is time feasible. Indeed, two transfers might beincompatible with respect to time (Davín et al., 2018).

2.2. Inference
The core of the inference method consists in computing the probability PθS (G |S) of generat-ing G given S and θS = (pSS , p

D
S , p

T
S , p

L
S), the probabilities of S,D,T,L events, proportional to therates and satisfying pS + pD + pT + pL = 1. That is, PθS (G |S) is the likelihood of G , S and θS . Sis assumed binary and rooted. G is binary but can be rooted or not. A mapping of the leaves of

G to the leaves of S is needed (the species in which each extant gene is found).
We call reconciliation scenario a list of events of kind D, T, L, or S associated to each internalgene tree node, that can be the result of the birth and death process. These lists transcribe into amapping of the nodes of G to the nodes of S . We note RG ,S the set of all possible reconciliationscenarios by which G can be produced from S . The likelihood of a scenario r ∈ RG ,S , PθS (r |S) isthe product of the probabilities of all events. Thus we have

PθS (G |S) =
∑

r∈RG ,S

PθS (r |S)

We do not need to fully enumerate all scenarios to compute this sum. Indeed, a dynamicprogramming scheme along S and G allows us to sum over scenarios individually on each branchof S and ensures tractability. The dynamic programming scheme consists first in a "forward step"traversing the nodes of G and S in post-order: a node is examined only if its children have beenexamined before.
If e, u are nodes of S and G , f and g are descendants of e, v and w are descendants of u (ifany of these do not exist the corresponding terms must be dropped), and Pe,u = PθS (e, u) is theprobability of generating the subtree of G rooted at u in the subtree of S rooted at e, then:
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Pe,u =pS (Pg ,vPf ,w + Pg ,wPf ,v + Ef Pg ,u + Pf ,uEg )

+pD (Pe,vPe,w + 2Pe,uEe)

+

(
1

|S |
∑

h

pTPh,w

)
Pe,v +

(
1

|S |
∑

h

pTPh,v

)
Pe,w

+

(
1

|S |
∑

h

pTEh

)
Pe,u +

(
1

|S |
∑

h

pTPu,h

)
Ee ,(1)

where Ee is the probability that a gene on branch e of S goes extinct:
Ee = pL + pSEf Eg + pDEeEe +

(
1

|S |
∑

h

pTEh

)
Ee .

The sum of probabilities at the root of G , for all node of S , gives PθS (G |S).A "backward step" then traverses the nodes in the reverse order. It allows one to samplethe scenarios based on their probability, or to select the scenario that maximises the marginallikelihood (Yang, 2006): this means, at each step of the backtracking procedure we select thescenario with maximum likelihood.Note that this is different from finding the most likely reconciliation scenario. It is possibleto find it by a similar procedure, storing the maximum probability in the forward step instead ofthe sum of the probabilities, and computing the scenario realizing this maximum in the backwardstep, as in a parsimony algorithm. We did not use this possibility, sticking to the ALE principle.
2.3. About time consistency

Simulated scenarios according to the model, and inferred reconciliations do not need to betime consistent: a set of transfers might indicate histories that are not feasible on a timeline. Thisis a known drawback of undated models (Davín et al., 2018). There have been attempts to inves-tigate this aspects in several directions. For example, Eucalypt (Donati et al., 2015) or Notung(Stolzer et al., 2015) propose to infer only time feasible scenarios, without any guarantee thatsuch a scenario exists or is can be found in reasonable computing time. Producing a time feasiblescenario is NP-complete. Moreover, inferring only time feasible scenarios for one gene family orone symbiont, depending on the biological context, does not guarantee that the combination ofscenarios from several gene families or several symbiont will be time consistent: a set of transfersfrom different genes might not be consistent.Producing time consistent scenarios with several gene families or symbiont goes back toproducing a dated tree (Chauve et al., 2017).On the other hand, measuring the degree of inconsistency canmake this hindsight a strength:for example, one can compare scenarios in relation to this consistency, with the assumption thatthe more consistent the scenario, the more realistic it is. We used this to compare 2-level and3-level scenarios in the evaluation of the method by simulations.
3. 3-level reconciliation, likelihood estimation and scenario inference

3.1. Elements of the probabilistic model
The 3-level model is based on two nested 2-level models based on the one presented in theprevious section, with the following extensions and restrictions.

3.1.1. Host/Symbiont. A host tree H is unique, given, rooted. Inside H , a symbiont tree S is gen-erated with the DTL 2-level model, with parameters δDH , δ
L
H , δ

T
H , adding the possibility for a sym-biont to live temporarily in an unknown host.Indeed, in the course of their evolutionary history, some symbionts may live outside a host,or within an unknown host. This is a general interesting feature, and is particularly important forus because we invoke unknown hosts in the inference process in the case of inter host horizontalgene transfers (section 3.3).
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The utility of this model addition is visible in the Cinara aphids example developed in theResults section (see Fig. 6).

3.1.2. Host/Symbiont/Gene. The evolution of a gene tree G inside H/S reconciliations also fol-lows an adaptation of the DTL model. G is generated in one or several symbiont trees withduplication, loss and intra horizontal transfer, with rates δDS , δ
L
S , δ

T
S . "Intra" means that horizontaltransfer is possible only between symbiont branches (from the same symbiont tree or not) thatare present in the same host branch (as the trees S are generated in H ).

Note that the gene tree G can refer to a family of genes found in symbionts as well as thehost. In the latter case, to remain generic, we simply assume that S can be a copy ofH , reconciledwith H with only speciations. That is, the host genes are contained in a specific compartmentand can transfer to a symbiont, and be transferred from a symbiont.
An illustration of the realization of such a model is given in Figure 1.
This model can be immediately used for simulations, but we chose to use an external simu-lator for our tests (Kundu and Bansal, 2019). Though this does not allow an identifiability study,which we postpone to a future work, it controls some of the effects of similarities in models andimplementation between simulation and inference, providing more difficult instances for testing.

3.2. Monte Carlo approximation of the likelihood
Like in the previous section, the inference consists in estimating the parameters (trees andevolutionary rates) and sampling reconciliation scenarios. We consider as input a single rootedbinary tree H , one or several rooted or unrooted binary symbiont trees S = {Si}, and one or sev-eral rooted or unrooted binary gene trees G = {Gi}. Both parameter estimation and samplingare accomplished through a calculation of the probability P(G |S ,H) that gene trees G have beengenerated by the model, given H , S , and given the DTL probabilities for the two reconciliationlevels θS = (pSS , p

D
S , p

T
S , p

L
S) and θH = (pSH , p

D
H , p

T
H , p

L
H) derived from the rates: the DTL probabil-ities are proportional to the rates and the sum of all three probabilities is 1.

Figure 1 – An example of a 3-Level reconciliation input (top left, with three trees andassociations between the leaves of two couples of trees) and a possible reconciliationscenario for this input. Events of the host/symbiont co-evolution are written in red, whileevents of the symbiont/gene reconciliation are written in green.
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The probability P(G |S ,H) can be decomposed by summing over all possible host/symbiontreconciliation scenarios rS ,H ∈ RS ,H :
(2) P(G |S ,H) =

∑

rS ,H∈RS ,H

P(G |S ,H, rS ,H)P(rS ,H |S ,H).

The number of reconciliations in this sum is at least exponential in the size of the input (even thenumber of scenarios maximizing P(rS ,H |S ,H) can be exponential (Donati et al., 2015)). The simi-lar computation in a parsimonious framework is NP-hard (Li and Bansal, 2019a), so it is probablynot possible to exactly and quickly compute P(G |S ,H).So we apply a Monte Carlo approximation technique. The goal is to sample a reasonablenumber N of symbiont/host reconciliations and approximate P(G |S ,H):

(3) P(G |S ,H) ≃ 1

N

N∑

n=1

P(G |S ,H, rn)

where rn is sampled in the set RS ,H of all reconciliations according to its likelihood P(rn|S ,H).In consequence the term in equation 3 approximates the term in equation 2 according to theMonte Carlo principle.
3.3. Reconciliation inference

The computation of P(G |S ,H), as well as sampling reconciliations in RS ,H , is done by suc-cessive steps of dynamic programming as shown in Algorithm 1. Steps 2 and 8 are the exactexecutions of the algorithm ALE (Szöllősi et al., 2013), with the additional possibility that a sym-biont is free living. Free living symbiont are handled by adding a copy of the symbiont tree as anadditional host tree. Indeed the reconciliation algorithm can accommodate multiple host treeson separate sets of leaves. Symbiont leaves with no host are matched to themselves instead ofa host. In that way, we hypothesize that transfer between free living is less likely than when acommon host is known.Given rn ∈ RS,H , the probability P(G |S ,H, rn) can be computed with an adaptation of thesame dynamic programming algorithm (step 15 of Algorithm 1). The only modification is thatduring the dynamic programming process, for all gene transfer possibilities, it is checked if thedonor and receiver symbiont share a host in rn. If they do, then it is an "intra" transfer and thetransfer has the probability defined by the transfer rate.
3.4. Inter species transfer through ghost species

Transfer between two symbionts in different hosts is possible through ghost species. Indeedit is always reasonable to assume that a major part of species are extinct or not sampled andgene transfers are often "from the dead" (Fournier et al., 2009; Szöllosi et al., 2013; Tricou et al.,2022; Zhaxybayeva and Gogarten, 2004).In consequence, a transfer can have occured from a donor that is now extinct. Figure 2 showshow an "inter" transfer between symbionts i and j (on the left) can occur, even if it is not explicitlymodeled, through a sister lineage to i , that switched host and transferred a gene to j (on the right).The sister lineage then goes extinct, which explains that the gene looks like it is transferred from
i to j .We denote by PT

S (i → j) the probability for a gene present in symbiont i to undergo ahorizontal transfer to symbiont j , and PT
H (e → h) the probability for a gene present in a symbiontassociated to host e to transfer to a symbiont associated to host h. Let Hi (Hj ) be the set of hostbranches that contain symbiont i (resp. j ). We go from PT

H to PT
S by summing over all possibleshosts h of the receiver symbiont j and all hosts e of the donor symbiont i :

(4) PT
S (i → j) =

∑

e∈Hi ,h∈Hj

PT
H (e → h)
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Algorithm 1 The Monte Carlo inference algorithm
Input. H is a rooted binary tree, θH the probabilities of symbiont events, S = {Si} is a set ofsymbiont trees, and θS the probabilities of gene events, G = {Gi} is a set of gene trees.(1) for all symbiont tree in Si do(2) Compute P(Si |H) with the "extended" 2-level DTL model.(3) (2-level dynamic programming allowing free living symbionts H, S forward)(4) end for(5) Repeat steps 1-4 (5 times, parameterizable) to optimize θH .(6) for n in [0 ...N] (N = 100, number of samples, parameterizable) do(7) for all Si do(8) Sample a reconciliation rn,i with probability proportional to PθH (rn,i |H,Si )(9) (2-level dynamic programming H,S backward)(10) end for(11) Construct rn = ∪i rn,i a reconciliation of the set S with H .(12) end for(13) for all rn do(14) for all gene tree Gi do(15) Compute P(Gi |S ,H, rn)(16) (3-level dynamic programming G |S ,H, rn forward)(17) Sample scenarios of reconciliation between Gi and S knowing rn.(18) (3-level dynamic programming G |S ,H, rn backward)(19) end for(20) Compute P(G |S ,H, rn) =

∏
P(Gi |S ,H, rn)(21) end for(22) Approximate P(G |S ,H) by 1

N

∑N
n=1 P(G |S ,H, rn)(23) Repeat steps 13-22 (5 times, parameterizable) to estimate θS

Figure 2 – A gene transfer between two symbiont lineages that are in different host lin-eages (inter transfer) is explained with intra-transfers and ghost lineages. Left part showsthe host phylogeny (blue pipes), the reconciled symbiont phylogeny (green lines) and agene transfer (in red) from lineage i to lineage j , while i is in host lineage e and j is inhost lineage h. This direct inter transfer is forbidden by the model. Right part shows amechanism allowed by themodel that has the exact same result, and theway to computethe associated probability. First the symbiont lineage i undergoes a speciation and a loss(S+L), and then a transfer and a loss (T+L) before the extinction of the symbiont (or itsabsence in the taxon sampling) inside j . Now the gene transfer (in red) is an intra transfer,as it is transfered between two symbionts inside h.

At fixed hwe rewritewithPe = PT (e → h). Recall pTS are the probability of horizontal transferin the symbiont/gene reconciliation, and pSH , p
D
H , p

T
H , p

L
H the probabilities of speciation, duplica-tion, transfer and loss in the host/symbiont reconciliation. Let Ee be the probability of extinction,that is, the probability that a gene is present in a branch e of the host tree and absent from allthe leaves. Let |Sh| be the number of symbiont branches matched to host h in the host/symbiontreconciliation scenario. The initial case in our inductive definition of Pe = PT (e → h) is the case
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where e = h, so when the donor symbiont is in one of the receiver symbiont host, in that case theprobability to transfer to that one symbiont of h, is uniform among the |Sh| symbionts present in h.Then, for the induction, we rewrite the undated reconciliation equations, to progress a symbiontin the host tree from any host e to host h of the receiver symbiont and such that the symbiontspecies we invoke then goes extinct. The notations are similar to those used in the undated ALEdescription in (Morel et al., 2020), Section 2 or figure 2: we denote by f , g the children of a host
e, and by |H| the number of nodes in |H|.
(5)





Pe = 1
|Sh|p

T
S if e = h

Pe = pSH(Pf Eg + PgEf ) + 2pDHPeEe +
∑
k∈H

pTH
|H|PkEe

Note that the last sum in the equation is limited to the k that are not ancestors of e, as in ALE.This equation has a self dependency due to the Transfer/Loss event, which is already accountedfor in reconciliation methods (Jacox et al., 2016; Szöllősi et al., 2013). We forbid successions ofseveral Transfer/Loss events to break this self dependency and solve this equation.
3.5. Sequential and 2-level estimation of the likelihood

Because the Monte Carlo approach can be computationally heavy, we devised an alternative"Sequential" heuristic. Instead of sampling scenarios randomly like in the Monte Carlo, we se-lect only one of them, maximizing the marginal likelihood (Yang, 2006). That is, at each step ofthe backtracking of the dynamic programming procedure we select the event maximizing theprobability in the sum of Equation (1). In other words, we decompose P(θS ,θH)(G |S ,H) into
(6) P(θS ,θH)(G |S ,H) ≃ PθS (G |S ,H, r̂S,H)PθH (r̂S ,H |S ,H),

where r̂S ,H is the reconciliation scenario maximizing the marginal likelihood. Note that is canbe different from taking the most likely scenario, which is also a possible strategy, consistingin changing the Equation (1) from a sum to a max, and backtracking in this alternative dynamicprogramming table. So this variant consists in removing the "for" loop of step 6 of Algorithm 1and replacing step 8 by a systematic choice of a maximum instead of choosing in the sum ofEquation 1 with probabilities proportional to the term values.This approach is similar to the one of Stolzer et al. (2015). The differences are, apart fromusing a probabilistic setting, that we use marginal likelihood, and that we compute the intertransfer probabilities from the host/symbiont and symbiont/gene DTL reconciliation parametersinstead of using an additional parameter (described in the previous sections).The faster Sequential heuristic may not be as robust as the Monte Carlo one. Li and Bansal(2019b) present an example where the sequential approach cannot propose a solution at all, ina parsimony model where inter horizontal gene transfer are forbidden. In figure 3 we presentanother illustration, with this time an emphasis on the "not continuous" aspect of the Sequentialheuristic in regard to the host and symbiont reconciliation events rates.A small change in the transfer rate of the host and symbiont makes a big difference for thegene and symbiont reconciliation with the Sequential heuristic, but a small one for the MonteCarlo one, see the results in table 1.
3.6. Time complexity and tractability

We denote h, s , g the number of nodes of the host, symbiont, and gene trees respectively.It has been demonstrated that 2-level parsimony DTL reconciliations can be computed inquadratic time (Bansal et al., 2012) if all transfers have the same probability.In our implementation sampling one host symbiont reconciliation scenario (line 8 in Algorithm1) is done in cubic time O(hs2) complexity because we parse the transfer sum from equation 1.Computing the gene transfer probabilities between all couples of symbiont nodes (section3.3) is donewith a dynamic programming similar to the one for reconciliation inO(hs), presentedin equation 5. A final sum (equation 4) over all hosts of the considered symbionts in O(h2s2), in
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Figure 3 – An example of input where the Sequential heuristic is less robust than theMonte Carlo one. We compare the support for two gene transfer scenarios, scenarioA and B. There are two main possible host/symbiont reconciliation scenarios, scenario1 and scenario 2. In scenario 1, gene transfer A is more likely, and in scenario 2, genetransfer B ismore likely (both gene transfers involve ghost species, whatever the scenario.The support for both gene transfers for the Sequential and Monte Carlo heuristics arepresented in table 1.

Table 1 – Comparison of the support for the two gene transfer scenarios in the examplepresented in figure 3. Column 1 contains the method: Monte Carlo (Section 3.2), Sequen-tial (Section 3.4) and 2-level (which consists in reconciling G with S without informationform H ). Then columns 2 and 3 contain the support of gene transfers, respectively A and
B (in reference to Figure 3), according to reconciliation scenario 1 or 2, obtained withdifferent transfer probabilities.

Heuristic Gene transfer A Gene transfer BHost Symbiont rates T 0.006 D 0.1 L 0.1Monte Carlo 0.43 0.27Sequential 0.90 < 0.052-level 0.18 0.21Host Symbiont rates T 0.005 D 0.1 L 0.1Monte Carlo 0.35 0.33Sequential < 0.05 0.492-level 0.19 0.23

the reasonable case where the number of symbiont nodes per host nodes (in the reconciliationscenario) is below a constant k, yields O(h2k2 + hs) for this part.
Finally the host aware gene/symbiont reconciliation (line 15) differswith classic 2-level recon-ciliation in that transfer rates depend on the donor-receiver couple. In consequence we cannotuse the efficient computation trick used for uniform rates (Bansal et al., 2012; Szöllősi et al.,2013), that enable to compute equation 1 without computing for each couple of gene and sym-biont subtrees the transfer sum. Here for each couple of gene and symbiont subtrees, we mustexplicitly consider transfers toward all symbiont nodes, yielding a cubic complexity ofO(s2g) forhost aware symbiont/gene reconciliation.
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This leads to a total complexity of O(N(hs + h2k2 + s2g)) where k is a bound on the numberof symbionts per host in the sampled reconciliations (s in the worst case), and N is the numberof samples in the Monte Carlo approach.The datasets presented give a good idea of the size of the data we can consider with thisnew method. We here give the computation time for the Sequential heuristic. Computation onthe Cinara aphid dataset, with a size of 25 leaves for the symbiont tree, 9 leaves for the host,and 13 gene families takes about 3 minutes on a single laptop core, including the rate estimationsteps. This is a dataset on which it would be possible to use the Monte Carlo approach. Thepylori dataset is larger, the symbiont has 119 leaves, the host 7 leaves, and there are 1034 genefamilies, of which 322 have 119 leaves. Reconciliation, with fixed rates (without rate estimation)took just under a day using 8 cores.
3.7. Symbiont tree inference

In case the symbiont tree is unknown, we devised an option to infer the symbiont tree byamalgamation (David and Alm, 2011; Szöllősi et al., 2013) of universal unicopy gene trees, guidedby the host tree.Clade prior probabilities are computed from universal unicopy gene trees, and dynamic pro-gramming is used to compute the likelihood. A symbiont tree is sampled in the backtrackingphase at the same time as the host/symbiont reconciliation scenario.This amalgamation is also implemented for the symbiont/gene part, to account for gene treebeing unrooted, and to be able to include uncertainty in gene tree topology, just like in 2-levelreconciliations(Jacox et al., 2016; Szöllősi et al., 2013).
3.8. Rates estimation and likelihood comparison

In our model, the data is the gene trees, and the free parameters are the three DTL prob-abilities of the symbiont/gene reconciliation. We consider the host/symbiont DTL parametersas fixed, i.e. estimated without knowing the data. This makes it possible to compare, based onthe likelihood, our approach and a 2-level one (symbiont/gene reconciliation, unaware of thehost), because they have the same free parameters, and because they both define a probabilitydistribution on the same space of gene trees associated to the symbiont tree.In practice we estimate the host/symbiont DTL parameters, as done in ALE (Szöllősi et al.,2015b), with an expectation maximization method, and then fix these parameters. Then we runthe Monte Carlo or sequential approach multiple times to estimate rates for the symbiont/genereconciliation with the same expectation maximisation method.
3.9. Output format and solution visualization

Our implementation can output a sample of full scenarios, both for symbiont/genes and thecorresponding host/symbiont reconciliations. The scenarios are given in RecPhyloXML, a com-mon standard for reconciliation output endorsed by a significant part of the gene/species rec-onciliation community (Duchemin et al., 2018). The scenarios can be visualised using Thirdkind
https://crates.io/crates/thirdkind (Penel et al., 2022), a reconciliation viewer that han-dles 3-level reconciliations. We also output event frequencies based on the reconciliation sce-nario sampling. Indeed we sample a number (100 by default) of symbiont/gene reconciliationsand observe the frequency of each event in these replicas, thus obtaining an estimate of theposterior probability of events. It is this result that we use to evaluate the ability of our methodto infer specific events, such as receptors and donors of horizontal symbiont transfers, which wecompare to simulated scenarios or previously proposed scenarios on aphids Cinara.

4. Experimental results
4.1. Simulated datasets
4.1.1. Description of the simulation process. Our probabilistic model can be used for simulation,however in order to test our method, we chose to use an exterior simulation framework. We
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used the available software Sagephy developed by Kundu and Bansal (2019). Sagephy gener-ates three embedded trees and allows replacing transfers on top of additive ones. We used theparameters proposed by the same team in another article (Kordi et al., 2019), as representativeof small (D 0.133, T 0.266, L 0.266), medium (D 0.3, T 0.6, L 0.6) and high (D 0.6, T 1.2, L 1.2)transfer rates, without replacing transfers. The software enables to specify an inter transfer rate,corresponding to the probability for a gene transfer to be between symbionts hosted by differ-ent hosts ("inter" transfer). When a horizontal transfer is chosen during generation of the genetree (inside a symbiont tree and knowing a host/symbiont reconciliation), the transfer is chosento be an inter host one with the inter transfer rate. So an inter transfer rate of 0 corresponds toour inference model of only intra transfer, and of 1 corresponds to a case where transfers areonly between symbionts in separate hosts.We constructed two simulated datasets, one with a combination of the different rates forthe DTL parameters, and one with only medium rates but with different inter transfer rates. Forthe first dataset, we used all 9 combinations of small, medium and high rates for the symbiontgeneration and the gene generation, with only intra host gene transfer (i.e. an inter transferrate of zero). For the second dataset, we used only medium rates for both symbiont and genesgeneration, but we used 6 inter transfer rates going from 0 to 1.For both datasets, and for each set of rates, we generated 50 instances consisting of 1 hosttree with 100 leaves, 1 symbiont tree and 5 gene trees, each generated in the pruned version ofthe other trees (branches that do not reach present are pruned before the generation of the nexttree). We then selected host leaves with a probability of 0.08 to simulate unexhaustive sampling,resulting in host trees with an average size of 8 leaves. We thus simulate extinct lineages, andeven with a simulation inter transfer rate of 0, some gene transfers will be inter. This endedup to 399 instances for the first dataset and 226 instances for the second one, and at least 29instances of 5 genes for each set of parameters.We compared the results from three approaches. (1) The "2-level" heuristic which is a 2-levelreconciliation between the gene and symbiont trees, ignorant of the host tree. (2) The "Sequen-tial" heuristic, which consists in computing the most likely host/symbiont DTL reconciliation anddoing the symbiont/gene reconciliation, given that host/symbiont reconciliation. (3) The full 3-level "Monte Carlo" method, summing the results of the gene reconciliations over 50 sampledhost/symbiont reconciliation scenarios. We let our approaches estimate evolutionary rates.Wemeasured first the capacity of the three methods to infer the correct symbiont donor andrecipient of gene transfers (with precision and recall), and second, the likelihood they attributeto symbiont/gene cophylogeny. Identifying the exact donor and recipient of simulated transfersis usually considered a hard task for reconciliation algorithms. Usually reconciliation studies arenot evaluated with this strong criterion (Mykowiecka et al., 2018), but with the inference ofancestral characters (Wieseke et al., 2015), the number of transfers (Szöllősi et al., 2012), theability to infer better trees (Bansal et al., 2015), or the ability to map the correct event type toeach gene node (Kordi et al., 2019). We chose to look at the capacity to infer specific transfersbecausewe feel that it is in this task that ourmodel has the capacity to show its utility. It can infermore precise gene transfers because transfers are constrained by additional elements comparedto other methods.Our probabilistic reconciliation approaches output estimates of the posterior probabilities ofevolutionary events, so we used these probabilities as weights for our precision and recall def-inition in Figure 4 for the detection of horizontal gene transfer donor and receiver symbionts.Denoting by Lt,sim the list of simulated transfers and Lt,obs the list of observed transfers, and
Pobs(T ) the estimation of our approach for the probability of transfer T .
(7) Precision =

∑
T∈Lt,sim

Pobs(T )
∑

T∈Lt,obs
Pobs(T )

and Recall =

∑
T∈Lt,sim

Pobs(T )
∑

T∈Lt,sim
1

4.1.2. The 3-level method infers more true transfers than the 2-level method. Overall the MonteCarlo and sequential approaches give similar results on these simulated datasets, and betterresults (in particular for recall and to a lesser extent for precision) than the 2-level approach
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(Figure 4). In most cases, the faster Sequential heuristic can advantageously replace the MonteCarlo one because they have the same recall and precision. In a few case, that might be the moreinteresting ones, the Monte Carlo has a slight advantage, and though it is more computationallycostly, it is also theoretically more robust.

Figure 4 – Distribution of differences of precision and recall on the inference of horizon-tal gene transfers for all combinations of two approaches: 2-level (2L), 3-level with theMonte Carlo heuristic (3LMC) and 3-level with the Sequential heuristic (3LSeq), centeredon 0, and for all 874 gene families of the 3-level simulation, with no inter host gene trans-fer, that undergo at least one transfer.
In addition we measured the time consistency of reconciliation scenarios in the 2-level and3-level inferences. Indeed, we have already remarked that we work in an undated framework,and in consequence transfers might be incompatible (Davín et al., 2018). For each simulationcondition we listed all inferred transfers and checked compatibility. For 2-level reconciliations,35% of the conditions lead to time incompatibilities, this same measure dropping to 15% if 3-level reconciliations were performed.

4.1.3. A host-symbiont co-evolution test. The reconciliation likelihood difference between 3-levelinference and 2-level inference is a marker of host-symbiont co-evolution. Indeed, Figure 5 (A)shows that when the simulation model is less dependent from the host phylogeny (inter transferrates of 0.6, 0.8 and 1.0), the likelihood difference between the 2-level and 3-level inferencemethods are mostly in favor of the 2-level. It happens for almost all instances in the simulationdataset with with no intra transfers (inter transfer rates of 1.0), the farthest one from the modelbehind our heuristic that privileges intra transfers. For all these instances a preference for 2-levelreconciliation (according to the likelihood) is more likely when few transfers are inferred (we sumover 1 to 5 gene families generated for each host and symbiont instance). This is a sign of theprecision of the method to not classify 2-level instances as 3-level ones.In a model with only intra transfers (inter transfer rate of 0), we have a very good recall forthe detection of the 3-level model, almost all only intra transfer instances are classified as 3-levelas they should be. A more detailed exam of this recall is presented in Figure 5 (B) with the firstsimulated dataset, with only intra transfer and varying DTL parameters.Figure 5 (B) shows the likelihood differencewhen only intra transfers occur in the simulations.We see that when the number of transfers is higher, the likelihood difference better reflects the
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mode of simulation. In practice a way to increase the number of transfers is to increase thenumber of gene families considered.

Figure 5 – A test of host symbiont co-evolution. Wemeasure the difference of likelihoodbetween the 3-level model and the 2-level model, using the estimation of these likeli-hoods provided by our "2-level" and "3-level Sequential" heuristics, in order to differenti-ate instances where gene trees are generated in a 3-level host/symbiont/gene model orin a 2-level symbiont/gene model. Each instance is composed of a host tree, a symbionttree, and 1 to 5 gene families. For one instance we sum the differences over all gene fami-lies. (A) Sensitivity of the likelihood difference to the value of the inter host gene transferprobability in Sagephy. As expected, the more an inter transfer rate is probable (indepen-dent from the host phylogeny), the less we detect host-symbiont co-evolution with thelikelihood difference measure. Colors indicate the number of inferred transfers. (B) Sen-sitivity of the likelihood difference to the number of inferred transfers (dataset with onlyintra transfers). Colors depict the number of gene families considered in the host andsymbiont instance. Because transfers carry the co-evolution signal, the sensitivity of themethod increases with the number of transfers, which are higher if we increase the num-ber of gene families.
4.2. Precise identification of a gene transfer in enterobacteria symbiotic of Cinara aphids

A recent study on Cinara aphids enterobacteria systems (Manzano-Marín et al., 2019) iden-tified one host switch and two horizontal gene transfers, one intra-host from Erwinina to Hamil-tonella and one inter-host from Sodalis to Erwinia. The genes transferred (thi) and some others(bioa,d,b) were first inherited through gene transfers, probably from Sodalis related symbionts.Moreover, those genes transferred are part of functions to complement the lack in the sap-feeding host nutrition. It seems that a new endosymbiont acquires the genes of another oneto sustain the host. This exemplifies a case where a symbiont gene can co-evolve with the sym-biont host, more than with the symbiont itself. We reproduced this scenario in Figure 6 (A), anda representative gene tree witnessing the transfers is reproduced in Figure 6 (B).Gene trees including Cinara endosymbionts and other enterobacteria species were availablefrom the supplementarymaterialmade available byManzano-Marín et al. (2019).Cinara and theirendosymbionts phylogenies show exact correspondences on the studied period. We kept all en-terobacteria associated to a Cinara aphid (of Erwinia and Hamiltonella genus), and chose a repre-sentative subset of the other enterobacteria present in the gene trees, notably containing Sodalisspecies, closest identified parent to one of the transferred genes, and other Erwinia and Hamil-tonella genus species. We used the phylogeny proposed in Annotree for these species (Mendleret al., 2019), to complement the Cinara aphids symbionts phylogeny proposed in (Manzano-Marín et al., 2019). We used our 3-level reconciliation on the host tree and symbiont tree, usingthe possibility of our method to take into account these "free living" bacteria. As the host andsymbiont (apart from the free living) are identical, we used the sequential heuristic.
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Figure 6 – The evolution of Cinara and their enterobacteria symbionts. (A) The evolution-ary scenario identified by Manzano-Marín et al. (2019). The reconciliation of the hosts(Cinara aphids) and symbionts (bacteria) are depicted along with the position of the hori-zontal gene transfers (in red). (B) Phylogenetic tree of one gene with the position of thetwo transfers. (C) Theoretical explanation of the difference between the results of the 2-level and 3-level reconciliation methods. The two top reconciliations are a bit more likelyin a 2-level framework, as they require a single transfer while the bottom ones requirea transfer and a loss, but one of the bottom one (with the dotted square) is better in a3-level model, as it allows an intra-host transfer. (D) Support (a posteriori probability ofthe transfer, computed from its observed frequency in the reconciliation sample) for theidentified HGTs, from Erwinia to Hamiltonella, and from Sodalis to Erwinia, for 3-level and2-level reconciliations.

We tested the capacity of the 3-level method compared to a 2-level one to detect the genetransfers identified by Manzano-Marín et al. (2019). The intra transfer from Erwinina to Hamil-tonella is retrieved in around 80 percent of the scenarios sampled by the 3-level method, andboth are better retrieved than in the method that does not take the host into account (Figure 6(D)). A theoretical explanation using a toy example is given in Figure 6 (C). An alternative transfer,in the other direction, from Hamiltonella to Erwinia is slightly more likely but the configuration ofthe host evolution supports the intra transfer.This exemplifies how multi-scale dependencies can only be captured by 3-level models.
4.3. Helicobacter pylori genes as documents for human migrations

Helicobacter pylori is a bacterial symbiont of a significant proportion of humans, which hasbeen supposed to be a marker of human migrations across the Earth (Achtman, 2016). Bacterialstrains have been divided in different populations corresponding to geographical areas (Africa1, Africa 2, Asia 2, East Asia, North East Africa, Europe) (Mégraud et al., 2016; Waskito andYamaoka, 2019).
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The supposed coevolving complex made by humans, bacterial symbiont and their genesmakes it an accessible system for the host/symbiont/gene reconciliation method. In particulargene transfers should be more probable between Helicobacter strains if they are hosted by asame human population.We collected available current strains of H. pylori from the NCBI which have a genetic popu-lation assigned by MLST allelic profile (Achtman et al., 1999; Jolley et al., 2018). A phylogenetictree was built based on the concatenation of universal-unicopy genes (322 gene families), and asample of 113 strains representing the diversity of H. pylori in the old world (excluding strainsfrom the Americas) was obtained using Treemmer (Menardo et al., 2018). Then, 6 non pyloristrains were added (H. hepaticus, H. acinonychis, H. canadensis, H felis, H. bizzozeronii, H. cetorum),as external groups.In this study we considered the 1034 gene families, including 322 universal unicopy families,that displayed strains from the external groups and from at least 3 continents.We then considered four different population trees (host trees) containing the geographicalareas as leaves, coherent with the scientific literature (Mégraud et al., 2016; Waskito and Ya-maoka, 2019). 322 universal unicopy gene trees were used, and the strain (symbiont) tree wasamalgamated from gene treeswith the population trees as a guide (see subsection 3.7). As strainswere muchmore numerous than populations, and subject to a more complex diversification thanDTL events, we allowed an additional event, named I, that consists in a duplication followed by aspeciation and loss of one of the copies, with a specific rate, inferior to the combination of thesethree events. This event allows a strain to be present in a population and one of its descendants,and is used as one of the default events in biogeography frameworks (Ree et al., 2005).We then applied our sequential approach and compared the likelihood of the gene/strainsaware of the host reconciliation to compare the population trees. The results are depicted inFigure 7 (A). The likelihood of the systems according to the population tree is reported, dividedinto two components: the likelihood of the population/strain comparison, and the likelihood ofthe gene/strain aware of the population comparison. The population tree on the left column isthe most likely given the model, the method and the used data. Assessing the robustness of theresult would require a sensibility study which is out of the scope of this contribution.Figure 7 (B) is an illustration of a reconciliation scenario for the maximum likelihood hosttree with Thirdkind (Penel et al., 2022). We see the host tree and the amalgamated strain treereconciled (I events are represented as transfers from a parent node to one of its child). On topof these two embedded trees red lines represent the aggregation of gene transfers dependingon the host of the donor and receiver strains. The opacity of the transfer lines are proportionalto the number of times a certain kind of transfer is observed across the 1034 gene families inone sampled scenario.
5. Discussion

In a review on horizontal gene transfer in host symbiont systems (Wijayawardena et al., 2013)the authors highlight the need of plurality of evidence to robustly assess the existence of trans-fers. Evidence can be of multiple types, gene trees, donor receiver ecology, or host symbiontassociation. We provide a framework were these multiple evidence can be gathered, and theproof of concept that it can work, on Cinara aphids and their enterobacteria.Our method uses a probabilistic framework that enables rate estimation, tree inference, treecomparison and model comparison. We also introduced a method to compute the inter transferrate from the intra transfer one and the modeling of ghost lineages in the host symbiont rec-onciliation. We introduced a Monte Carlo approach that enables to estimate event probabilitiesand likelihood, by sampling through multiple host symbiont scenarios in a double DTL model.Implementation is available on GitHub https://github.com/hmenet/TALE.While our intuition is that the Monte Carlo approach is more robust than the sequentialone, notably in cases where gene events happen around uncertain host symbiont reconciliationnodes, our evaluation on simulated data did not show a big difference in most cases. We thinkthat in biological data, we can expect more interaction between the events of the host symbiont
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Figure 7 – Co-evolution of human populations and Helicobacter pylori. (A) Log likelihoodof the different population trees. (B) The representation with ThirdKind (Penel et al.,2022) of one possible reconciliation scenario of Helicobacter pylori strain tree and thepopulation tree maximizing likelihood. Aggregated gene transfers are depicted on top ofthe DTL reconciliation, with the opacity corresponding to the number of times the trans-fers were seen across the 1034 gene families.
reconciliation and the ones of the gene symbiont one, which are independent in our simula-tion. Developing new simulation frameworks that can model such dependencies, for instanceby increasing the loss rates when multiple genes or symbionts are present, or using a functionalapproach to the evolution of genes, could be important to the understanding of thesemulti-levelmodels.The ability of our inference methods to be used for model comparison seems promising. Wesaw that with an increasing number of gene families we could increase our confidence in theanswer. However the different gene families must contain a part of independent information, asis the case in the simulation where all families dependence are completely in the host and sym-biont trees. For instance in the Cinara aphids dataset, the genes considered are mostly similar,and do not really make the number of independent transfers increase, and with only one intratransfer, that necessitates an additional loss to occur, the 2-level model displays a better likeli-hood than the 3-level. If more independent transfers were present, we can suppose that some ofthem might not necessitate such a loss and the test would favor a host symbiont co-evolution.All these features deserve further tests to know their domain of validity and to drawbiologicalconclusions. In particular, the inference of the symbiont tree, with the use of amalgamation,
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from an input distribution of universal unicopy gene tree would deserve to be tested againstother standardmethods as concatenate or species tree reconstructionwith 2-level reconciliationmodel as it is implemented in SpeciesRax (Morel et al., 2022).An interesting future direction in this line would be to construct, instead of a symbiont tree,compartment trees, which would depict the evolution of inter-dependent genes that are notnecessarily in the same species.A comparison of the inference method to similar ones (Li and Bansal, 2019a; Muhammadet al., 2018; Stolzer et al., 2015) could also be undertaken. However in an host/symbiont/geneframework, horizontal transfer in the host/symbiont reconciliation are crucial, and only themodelof Stolzer et al. (2015) takes these events into account. Moreover the sequential heuristic is sim-ply a rewriting of this model in a probabilistic framework.More generally, the model is not bound to host/symbiont/gene systems, but any set of threenested inter-dependent entities can be studied with it: species/gene/protein domain as it wasdone in previous studies (Li and Bansal, 2018; Muhammad et al., 2018; Stolzer et al., 2015), orgeography/species/gene, and so on. As the scales of biological observation are probably infinite,so are the combination of three nested scales.Examples presented in this article show the possibilities of the method, but still derive nobiologically significant breakthrough. However the necessity of such a method, detecting multi-level co-evolution, could arise with the more andmore numerous studied biological systems thatfit into this multi-scale cophylogeny framework, notably with an increasing interest for hologe-nomics (Alberdi et al., 2022).
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