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Abstract—The inference of disease transmission networks is an important problem in epidemiology. One popular approach for building

transmission networks is to reconstruct a phylogenetic tree using sequences from disease strains sampled from infected hosts and

infer transmissions based on this tree. However, most existing phylogenetic approaches for transmission network inference are highly

computationally intensive and cannot take within-host strain diversity into account. Here, we introduce a new phylogenetic approach for

inferring transmission networks, TNet, that addresses these limitations. TNet uses multiple strain sequences from each sampled host

to infer transmissions and is simpler and more accurate than existing approaches. Furthermore, TNet is highly scalable and able to

distinguish between ambiguous and unambiguous transmission inferences. We evaluated TNet on a large collection of 560 simulated

transmission networks of various sizes and diverse host, sequence, and transmission characteristics, as well as on 10 real transmission

datasets with known transmission histories. Our results show that TNet outperforms two other recently developed methods,

phyloscanner and SharpTNI, that also consider within-host strain diversity. We also applied TNet to a large collection of SARS-CoV-2

genomes sampled from infected individuals in many countries around the world, demonstrating how our inference framework can be

adapted to accurately infer geographical transmission networks. TNet is freely available from https://compbio.engr.uconn.edu/software/

TNet/.

Index Terms—Disease transmission networks, epidemiology, algorithms, HCV, COVID-19, geographical transmission networks
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1 INTRODUCTION

THE accurate inference of disease transmission networks is
fundamental to understanding and containing the spread

of infectious diseases [3], [16], [27]. A key challengewith infer-
ring transmission networks, particularly those of rapidly
evolving RNA and retroviruses [11], is that they exist in the
host as “clouds” of closely related sequences. These variants
are referred to as quasispecies [8], [9], [23], [24], [36], and the
resulting genetic diversity of the strains circulating within a
host has important implications for efficiency of transmission,
disease progression, drug/vaccine resistance, etc. [2], [10],
[14], [19], [26]. The availability of quasispecies, or sequences
from multiple strains per infected host, also has direct rele-
vance for inferring transmission networks and has the poten-
tial to make such inference easier and far more accurate [33],
[37]. Yet,while the advent of next-generation sequencing tech-
nologies has revolutionized the study of quasispecies, most
existing transmission network inference methods are unable
tomake use ofmultiple distinct strain sequences per host.

Existing methods for inferring transmission networks
can be classified into two categories: Those based on con-
structing and analyzing sequence similarity or relatedness
graphs, and those based on constructing and analyzing

phylogenetic trees for the infecting strains. Many methods
based on sequence similarity or relatedness graph analysis
exist and several recently developed methods in this cate-
gory are also able to take into account multiple distinct
strain sequences per host [15], [22], [32]. However, similar-
ity/relatedness based methods can suffer from a lack of res-
olution and are often unable to infer transmission directions
or complete transmission histories. Phylogeny-based meth-
ods [7], [18], [21], [27], [37] attempt to overcome these limita-
tions by constructing and analyzing phylogenies of the
infecting strains. We refer to these strain phylogenies as
transmission phylogenies. These phylogeny-based methods
infer transmission networks by computing a host assign-
ment for each node of the transmission phylogeny, where
this phylogeny is either first constructed independently or
is co-estimated along with the host assignment. Leaves of
the transmission phylogeny are labelled by the host from
which they are sampled, and an ancestral host assignment
is then inferred for each node/edge of the phylogeny. This
ancestral host assignment defines the transmission network,
where a transmission event is inferred along any edge con-
necting two nodes labeled with different hosts. If the phy-
logeny is rooted then the direction of transmission is also
easily inferred. This is illustrated in Fig. 1.

Several sophisticated phylogeny-based methods have
been developed over the last few years. These include
BEASTlier [18], SCOTTI [5], phybreak [21], TransPhylo [7],
phyloscanner [37], Nextstrain/Augur [17], and BadTrIP [4].
Among these, only SCOTTI [5], BadTrIP [4], and phyloscan-
ner [37] can explicitly consider multiple strain sequences
per host. BEASTlier [18] also allows for the presence of
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multiple sequences per host, but requires that all sequences
from the same host be clustered together on the phylogeny,
a precondition that is often violated in practice. Among the
methods that explicitly consider multiple strain sequences
per host, SCOTTI, BadTrIP, and BEASTlier are model-based
and highly computationally intensive, relying on the use of
Markov Chain Monte Carlo (MCMC) algorithms for infer-
ence. These methods also require several difficult-to-esti-
mate epidemiological parameters, such as infection times,
and make several strong assumptions about pathogen evo-
lution and the underlying transmission network. Thus, phy-
loscanner[37] is the only previous method that is able to
take advantage of multiple sequences per host and that is
also computationally efficient, easy to use, and scalable to
large datasets.

In this work, we introduce a new phylogenetic app-
roach, TNet, for inferring transmission networks. TNet
uses multiple strain sequences from each sampled host to
infer transmissions and is simpler and more accurate
than existing approaches. TNet uses an extended version
of the classical Sankoff algorithm [29] from the phyloge-
netics literature for ancestral host assignment, where the
extension makes it possible to efficiently compute support
values for individual transmission edges based on a sam-
pling of optimal host assignments where the number of
back-transmissions (or reinfections by descendant disease
strains) is minimized. TNet is parameter-free and highly
scalable and can be easily applied within seconds to data-
sets with hundreds of strain sequences and hosts. In
recent independent work, Sashittal et al. [30] developed a
new method called SharpTNI that is based on similar
ideas to TNet. SharpTNI is based on an NP-hard problem
formulation that seeks to find parsimonious ancestral
host assignments minimizing the number of co-transmis-
sions [30]. The authors provide an efficient heuristic for
this problem that is based on uniform sampling of parsi-
monious ancestral host assignments (not necessarily mini-
mizing co-transmissions) and subsequently filtering them
to only keep those assignments among the samples that
minimize co-transmissions [30]. Thus, both TNet and
SharpTNI are based on the idea of parsimonious ancestral
host assignments and on aggregating across the diversity
of possible solutions obtained through some kind of
sampling of optimal solutions. The primary distinction

between the two methods is the strategy employed for
sampling of the optimal solutions, with SharpTNI mini-
mizing co-transmissions and TNet minimizing back-
transmissions.

We evaluated TNet, SharpTNI, and phyloscanner on a
large collection of 560 simulated transmission networks of
various sizes and representing a wide range of host,
sequence, and transmission characteristics, as well as on 10
real transmission datasets with known transmission histo-
ries. We found that both TNet and SharpTNI significantly
outperformed phyloscanner under all tested conditions and
all datasets, yielding more accurate transmission networks
for both simulated and real datasets. Between TNet and
SharpTNI, we found that both methods performed similarly
on the real datasets but that TNet clearly showed better
accuracy on the simulated datasets. Furthermore, we show
how our transmission network inference framework can be
adapted to infer disease transmission across geographical
regions, with different countries or geographical regions
acting as “hosts”. To demonstrate the feasibility and evalu-
ate the performance of our framework in this setting, we
applied our method to a large collection of SARS-CoV-2
genomes sampled from infected individuals in many coun-
tries around the world and inferred the international
COVID-19 transmission network. Using available epidemio-
logical ground truth data, we found that the COVID-19
transmission network inferred using our framework was
significantly more accurate than the corresponding network
inferred by the popular Nextstrain tool [17]. SharpTNI
could not be applied to this large COVID-19 dataset due to
lack of scalability (manifested as runtime errors). TNet is
freely available open-source from https://compbio.engr.
uconn.edu/software/TNet/.

A preliminary version of this work appeared in the pro-
ceedings of ISBRA 2020 [6]. The current manuscript substan-
tially expands upon the preliminary version and includes
many additional technical and algorithmic details, several
additional figures/tables to better explain the algorithm and
results, and more detailed analysis of experimental results.
Importantly, we also newly demonstrate how our inference
framework can be adapted to infer disease transmission
across geographical regions, and apply our method to a large
collection of SARS-CoV-2 genomes sampled from infected
individuals in many countries around the world to infer the
global COVID-19 transmission network as well as a US state-
level transmission network (Section 6).

The remainder of this manuscript is organized as follows.
The next section provides basic definitions and preliminaries.
Section 3 describes our core algorithmic framework. Section 4
describes the simulated datasets, real HCV dataset, and
experimental methodology. Experimental results appear in
Section 5. Section 6 describes the application of our method to
large-scale COVID-19 data and includes the results of this
analysis. Section 7 gives concluding remarks.

2 BASIC DEFINITIONS AND PRELIMINARIES

Given a rooted tree T , we denote its node set, edge set, and
leaf set by V ðT Þ, EðT Þ, and LeðT Þ respectively. The root
node of T is denoted by rtðT Þ, the parent of a node v 2 V ðT Þ
by paT ðvÞ, its set of children by ChT ðvÞ, and the (maximal)

Fig. 1. Phylogeny-based transmission network inference. The figure
shows a simple example with three infected individuals A, B, and C, rep-
resented here by the three different colors, where A has three viral var-
iants while B and C have two each. The tree on the left depicts the
transmission phylogeny for the seven sampled strains, with each of
these strains colored by the host from which it was sampled. The tree in
the middle shows a hypothetical assignment of hosts to ancestral nodes
of the transmission phylogeny. This ancestral host assignment can then
be used to infer the transmission network shown on the right, with A
responsible for transmission to both B and C.
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subtree of T rooted at v by T ðvÞ. The set of internal nodes of T ,
denoted IðT Þ, is defined to be V ðT Þ n LeðT Þ. A rooted tree is
binary if all of its internal nodes have exactly two children. In
thiswork, the term tree refers to a rooted binary tree.

2.1 Problem Formulation

Let T denote the transmission phylogeny constructed from
the genetic sequences of the infecting strains (i.e., patho-
gens) sampled from the infected hosts under consideration.
Note that such trees can be easily constructed using stan-
dard phylogenetic methods such as RAxML [34]. These
trees can also be rooted relatively accurately using either
standard phylogenetic rooting techniques or by using a
related sequence from a previous outbreak of the same dis-
ease as an outgroup. Let H ¼ fh1; h2; . . . ; hng denote the set
of n hosts under consideration. We assume that each leaf of
T is labeled with the host from H from which the corre-
sponding strain sequence was obtained. Fig. 1 shows an
example of such a tree and its leaf labeling, where the label-
ing is depicted using the different colors.

Observe that each internal node of T represents an ances-
tral strain sequence that existed in some infected host. More-
over, each internal node (or bifurcation) represents either
intra-host diversification and evolution of that ancestral strain
or a transmission event where that ancestral strain is transmit-
ted from one host to another along one of the child edges.
Thus, eachnode of T is associatedwith an infectedhost. Given
t 2 V ðT Þ, we denote the host associated with node t by hðtÞ.
Note that internal nodesmay represent strains from hosts that
do not appear inH, i.e., strains from unsampled hosts, and so
there may be t 2 IðT Þ for which hðtÞ 62 H. Given an ancestral
host assignment for T , i.e., given hðtÞ for each t 2 IðT Þ, the
implied transmission network can be easily inferred as fol-
lows: A transmission edge is inferred from host x to host y if
there is an edge ðpaðtÞ; tÞ 2 EðT Þ, where hðpaðtÞÞ ¼ x and
hðtÞ ¼ y. Note that each transmission edge in the recon-
structed transmission network may represent either direct
transmission or indirect transmission through one or more
unsampled hosts. Thus, to reconstruct transmission networks
it suffices to compute hðtÞ for each t 2 IðT Þ.

TNet (along with SharpTNI) is based on finding ancestral
host assignments that minimize the number of inter-host
transmission events on T . The utility of such parsimonious
ancestral host assignment for transmission network infer-
ence when multiple strain sequences per host are available
was first systematically demonstrated by Romero-Severson
et al. [27] and later developed further by Wymant et al. [37]
in their phyloscanner method. The basic computational
problem under this formulation can be stated as follows:

Problem 1 (Optimal ancestral host assignment). Given a
transmission phylogeny T on strain sequences sampled from a
set H ¼ fh1; h2; . . . ; hng of n infected hosts, compute hðtÞ for
each t 2 IðT Þ such that the number of edges ðt0; t00Þ 2 E for
which hðt0Þ 6¼ hðt00Þ is minimized.

Problem 1 is equivalent to thewell-known small parsimony
problem in phylogenetics and can be solved efficiently using
the classical Fitch [13] and Sankoff [29] algorithms. In TNet,we
solve a modified version of the problem above that considers
all possible optimal ancestral host assignments and samples
greedily among them to minimize the number of back-

transmissions (or reinfections by descendant disease strains).
To accomplish this goal efficiently, TNet uses an extended ver-
sion of Sankoff’s algorithm. For completeness, a brief descrip-
tion of Sankoff’s algorithm appears below.We later show how
to extend that algorithm to perform our special sampling.

2.2 Computing an Optimal Ancestral Host
Assignment

Sankoff’s algorithm uses a simple bottom-up dynamic pro-
gramming approach. Given a node t 2 V ðT Þ and a host hi 2
H, we define the cost Cðt; hiÞ to be the minimum number of
inter-host transmission events required on subtree T ðtÞ
under the constraint that hðtÞ ¼ hi. Let CðtÞ denote the vec-
tor hCðt; hiÞ; Cðt; h2Þ; . . . ; Cðt; hnÞi. The Sankoff algorithm
performs a post-order traversal of T and computes CðtÞ at
each t 2 V ðT Þ using the following recurrence relations.

If t 2 LeðT Þ, then the dynamic programming table can be
initialised as follows:

Cðt; hiÞ ¼ 0; if hðtÞ ¼ hi;
1; otherwise:

�
(1)

If t 2 IðT Þ, and t0 and t00 denote the two children of t, then

Cðt; hiÞ ¼ min
j2f1;...;ng

Cðt0; hjÞ þ pðhi; hjÞ
� �

þ min
j2f1;...;ng

Cðt00; hjÞ þ pðhi; hjÞ
� �

;
(2)

where pðhi; hjÞ ¼ 0 if i ¼ j, and pðhi; hjÞ ¼ 1 if i 6¼ j.
This recurrence relation is guaranteed to compute each cost

Cðt; hiÞ correctly (follows from the correctness of Sankoff’s
algorithm). The minimum number of inter-host transmission
events required by any ancestral host assignment on T is
given by minifCðrtðT Þ; hiÞg, and an actual optimal ancestral
host assignment can be easily obtained by backtracking. We
point out that the greedy algorithm of Fitch [13] can also
be used to compute minimum number of inter-host trans-
mission events required by any ancestral host assignment
on T ; however, Fitch’s algorithm cannot be extended to
keep track of all possible optimal ancestral host assign-
ments. We therefore use (an extension of) Sankoff’s algo-
rithm as the basis for TNet.

It is easy to see that the time complexity of the above
algorithm is Oðmn2Þ, where m ¼ LeðT Þ, i.e., the total num-
ber of strain sequences sampled from all hosts, and n ¼ jHj,
i.e., the number of infected hosts in the analysis. In fact, by
exploiting the fact that pð�; �Þ is always either 2, 1 or 0, the
algorithm can be implemented to run in OðmnÞ time (details
are straightforward and therefore omitted.)

3 ALGORITHMIC DETAILS

A key methodological and algorithmic innovation responsi-
ble for the improved accuracy of TNet (and also of
SharpTNI) is the explicit and principled consideration of
variability in optimal ancestral host assignments. More pre-
cisely, TNet recognizes that there are often a very large
number of distinct optimal ancestral host assignments and
it samples the space of all optimal ancestral host assignments
in a manner that preferentially preserves optimal ancestral
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host assignments (described in detail below). TNet then
aggregates across these samples to compute a support value
for each edge in the final transmission network. This approach
is illustrated in Fig. 2. Thus, the core computational problem
solved by TNet can be formulated as follows:

Definition 3.1 (Back-Transmission). Given a transmission
phylogeny T on strain sequences sampled from a set H ¼
fh1; h2; . . . ; hng of n infected hosts and an ancestral host
assignment A for T , we say that a host hi has a back-transmis-
sion in A if and only if there exist nodes v and v0 in V ðT Þ such
that (i) v0 is a descendant of v in T , (ii) hðvÞ ¼ hðv0Þ under A,
and (iii) there exists node v00 along the v� v0 path for which
hðv00Þ 6¼ hðvÞ. The total number of back-transmissions implied
by A on T equals the number of hosts with back-transmissions.

Problem 2 (Minimum back-transmission sampling).
Given a transmission phylogeny T on strain sequences sampled
from a set H ¼ fh1; h2; . . . ; hng of n infected hosts, let O denote

the set containing all distinct optimal ancestral host assignments for
T . Further, let O0 denote the subset of O that implies the fewest
back-transmissions in the resulting transmission network. Compute
an optimal ancestral host assignment fromO0 such that each element
ofO0 has an equal probability of being computed.

Fig. 3 shows an example of minimum back-transmission
sampling. Observe that the actual number of optimal ancestral
host assignments (both O and O0) can grow exponentially in
the number of hosts n. Thus, by solving the sampling problem
above instead, TNet seeks to efficiently account for the diver-
sity within optimal ancestral host assignments with minimum
back-transmissions, without explicitly having to enumerate
them all.

Note that SharpTNI, developed independently and con-
temporaneously to TNet, performs a similar sampling
among all optimal ancestral host assignments, but employs
a different optimality objective. Specifically, SharpTNI seeks
to sample optimal ancestral host assignments that minimize
the number of co-transmissions, i.e., minimize the number of
inter-host edges in the transmission network.

3.1 Minimum Back-Transmission Sampling of
Optimal Host Assignments

TNet approximatesminimumback-transmission sampling by
combining uniform sampling of ancestral host assignments
with a greedy procedure to assign specific hosts to internal
nodes. This is accomplished by suitably extending and modi-
fying Sankoff’s algorithm. Note that Sankoff’s algorithm com-
putes, at each node t 2 V ðT Þ and for each host hi 2 H, the
minimum number of inter-host transmission events required
on subtree T ðtÞ under the constraint that hðtÞ ¼ hi, denoted
Cðt; hiÞ. To perform our minimum back-transmission sam-
pling, we must keep track of the number of optimal ancestral
host assignments associated with each subproblem Cðt; hiÞ
considered in the dynamic programming algorithm. We
therefore define the following: For any t 2 V ðT Þ and hi 2 H,
letNðt; hiÞ denote the number of distinct optimal host assign-
ments for the subtree T ðtÞ under the constraint that hðtÞ ¼ hi.
EachNð�; �Þ can be computed during the same post-order tra-
versal used to compute theCð�; �Þ values as shown below.

If t 2 LeðT Þ, then the dynamic programming table for
Nð�; �Þ can be initialised as follows:

Fig. 2. Accounting for multiple optima in transmission network inference. The tree on the left depicts the transmission phylogeny for the seven strains
sampled from three infected individuals A, B, and C, represented here by the three different colors. This tree admits two distinct optimal ancestral
host assignments as shown in the figure. These two optimal ancestral host assignments can then be together used to infer a transmission network,
as shown on the right, in which each edge has a support value. The support value of a transmission edge is defined to be the percentage of optimal
ancestral host assignments that imply that transmission edge.

Fig. 3.Minimizing back-transmissions in transmission network inference.
The tree on the left depicts the transmission phylogeny for six strains
sampled from two infected individuals A and B, represented by the two
different colors. Two possible optimal host assignments for this trans-
mission phylogeny are shown on the right. The optimal host assignment
shown on top invokes a back-transmission (transmission from B to A
and later back from A to B). The optimal host assignment shown at the
bottom does not invoke any back-transmissions and would be a mini-
mum back-transmission host assignment.
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Nðt; hiÞ ¼ 1; if hðtÞ ¼ hi;
0; otherwise:

�
(3)

If t 2 IðT Þ, and t0 and t00 denote the two children of t, then
Nðt; hiÞ can be computed based on optimal host assign-
ments at t0 and t00 and their corresponding Nð�; �Þ values. Let
X0 � H denote the host assignments for t0 that are optimal
given a host assignment of hi at t. Likewise, let X00 � H
denote the host assignments for t00 that are optimal given a
host assignment of hi at t. More precisely, X0 ¼ fhj 2 H j
Cðt0; hjÞ þ pðhi; hjÞ is minimizedg, and X00 ¼ fhj 2 H jCðt00;
hjÞ þ pðhi; hjÞ is minimizedg. Then,Nðt; hiÞ can be computed
as follows:

Nðt; hiÞ ¼
X
x2X0

Nðt0; xÞ
 !

�
X
x2X00

Nðt00; xÞ
 !

: (4)

Observe that the total number of distinct ancestral host
assignments for T is given by

P
x2X NðrtðtÞ; xÞ, where X ¼

argminy2HfCðrtðT Þ; yÞg.
This yields the following theorem.

Theorem 3.1. Given a transmission phylogeny T on m strain
sequences sampled from a set H ¼ fh1; h2; . . . ; hng of n
infected hosts, the number Nðt; hiÞ for each t 2 V ðGÞ and hi 2
H can be correctly computed in Oðmn2Þ time.

Proof. From the correctness of Sankoff’s algorithm (described
in Section 2), we already know that all costs Cð�; �Þ can be
correctly computed in Oðmn2Þ time. Once all costs Cð�; �Þ
have been computed, theNð�; �Þ numbers can be computed
by executing a post-order traversal of T and applying
Equations (3) and (4) at each node of T .

Correctness. It suffices to prove the correctness of
Equations (3) and (4). This is easy to see for (3), where
the number of optimal assignments at a leaf is either 1 or
0 depending on whether the specific host under consider-
ation is the true host or not. We therefore focus on estab-
lishing the correctness of Equation (4).

Let t be any node in IðT Þ and hi be some host from H.
Let t0 and t00 denote the two children of t. Using an induc-
tion hypothesis, let us assume that the numbers Nðt0; hjÞ
and Nðt00; hjÞ have been computed correctly for each hj 2
H. As in Equation (4), let X0 ¼ fhj 2 H jCðt0; hjÞ þ pðhi;
hjÞ is minimizedg, and X00 ¼ fhj 2 H jCðt00; hjÞ þ pðhi; hjÞ
isminimizedg. By definition, any host from X0 assigned
to t0 and from X00 assigned to t00 yields an optimal host
assignment for the subproblem associated with Nðt; hiÞ.
Observe that the total number of optimal host assign-
ments for the subtree T ðt0Þ, under the constraint that t is
assigned host hi, is given by

P
x2X0 Nðt0; xÞ. Likewise, the

total number of optimal host assignments for the subtree
T ðt00Þ, under the constraint that t is assigned host hi, is
given by

P
x2X00 Nðt00; xÞ. Since these optimal host assign-

ments for t0 and t00 are independent of each other (they
depend only on the host assignment at t), the number
Nðt; hiÞ must equal the product of the two sums. Thus,
Equation (4) correctly computes Nðt; hiÞ. Induction on
the nodes of T completes this proof.

Time Complexity. Observe that there are a total of
OðmnÞ Nð�; �Þ numbers to be computed. Each of these

numbers is computed by directly applying either Equa-
tions (3) or (4). Equation (3) can be applied in Oð1Þ time,
while Equation (4) can be applied in OðnÞ time. Thus,
computing all Nð�; �Þ requires a total of Oðmn2Þ time. tu
After all Nð�; �Þ numbers have been computed, we per-

form our greedy sampling procedure using probabilistic
backtracking. The basic idea is to perform a pre-order tra-
versal of T and make a final host assignment at the current
node based on the number of optimal ancestral host assign-
ments available for each optimal choice at that node, while
preferentially preserving the parent host assignment. This is
described in detail in Procedure GreedyProbabilisticBacktrack-
ing below. This procedure assumes that all costs Cð�; �Þ and
numbersNð�; �Þ have already been computed.

Procedure. GreedyProbabilisticBacktracking

1: Let a ¼ minifCðrtðT Þ; hiÞg.
2: for each t 2 IðT Þ in a pre-order traversal of T do
3: if t ¼ rtðT Þ then
4: LetX ¼ fhi 2 H jCðrtðT Þ; hiÞ ¼ ag.
5: For each hi 2 X, assign hðtÞ ¼ hi with probability

Nðt;hiÞP
hj2X Nðt;hjÞ

.

6: if t 6¼ rtðT Þ then
7: Let X ¼ fhi 2 H jCðt; hiÞ þ pðhðpaðtÞÞ; hiÞ is minimizedg.
8: if hðpaðtÞÞ 2 X then
9: Assign hðtÞ ¼ hðpaðtÞÞ.
10: if hðpaðtÞÞ 62 X then
11: For each hi 2 X, assign hðtÞ ¼ hi with probability

Nðt;hiÞP
hj2X Nðt;hjÞ

.

The procedure above preferentially assigns each internal
node the same host assignment as that node’s parent, if such
an assignment is optimal. This strategy is based on the follow-
ing straightforward observation: If the host assignment of an
internal node t could be the same as that of its parent (while
remaining optimal), i.e., hðtÞ ¼ hðpaðtÞÞ is optimal, then
assigning a different optimal mapping hðtÞ 6¼ hðpaðtÞÞ can
result in a transmission edge back to hðpaðtÞÞ, effectively
implying a reinfection of host hðpaðtÞÞ by a descendant dis-
ease strain. Thus, the goal of TNet’s sampling strategy is to
strike a balance between sampling the diversity of optimal
ancestral host assignments but avoiding sampling solutions
with unnecessary back-transmissions.

3.2 Aggregation Across Multiple Optima

As illustrated in Fig. 2, aggregating across the sampled opti-
mal ancestral host assignments can be used to improve
transmission network inference by distinguishing between
high-support and low-support transmission edges. Specifi-
cally, each directed edge in the transmission network can be
assigned a support value based on the percentage of sam-
pled optimal ancestral host assignments that imply that
transmission edge. For example, in Fig. 2, the first sampled
optimal host assignment (shown on the top) implies the two
transmission edges ðA ! BÞ and ðA ! CÞ, and the second
sampled optimal host assignment (shown at the bottom)
implies the two transmission edges ðA ! BÞ and ðC ! AÞ.
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By aggregating over these two transmission networks, an
edge-weighted transmission network can be inferred, as
shown on the right of the figure. This aggregated transmis-
sion network contains three directed edges, ðA ! BÞ, ðA !
CÞ, and ðC ! AÞ, where the weight of each edge captures
the percentage of sampled optimal ancestral host assign-
ments that support that edge. Since ðA ! BÞ is inferred by
both sampled ancestral host assignments, and ðA ! CÞ and
ðC ! AÞ are each inferred by one of the two sampled ances-
tral host assignments, there support values are 100, 50, and
50 percent, respectively. By executing TNet multiple times
on the same transmission phylogeny (100 times per tree in
our experimental study), these support values for edges can
be estimated very accurately.

3.3 Accounting for Phylogenetic Inference Error

In addition to capturing the uncertainty of minimum back-
transmission ancestral host assignments, which we show
how to handle above, a second key source of inference
uncertainty is phylogenetic error, i.e., errors in the inferred
transmission phylogeny. Phyloscanner [37] accounts for
such phylogenetic error by aggregating results across multi-
ple transmission phylogenies (e.g., derived from different
genomic regions of the samples strains, bootstrap replicates,
etc.). We employ the same approach with TNet, aggregating
the transmission network across multiple transmission phy-
logenies, in addition to the aggregation across multiple opti-
mal ancestral host assignments per transmission phylogeny.

4 DATASETS AND EVALUATION METHODOLOGY

Simulated Datasets. To evaluate the performance of TNet,
SharpTNI, and phyloscanner, we generated a number of
simulated viral transmission data sets across a variety of
parameters. These datasets were generated using FAVITES
[25], which can simultaneous simulate transmission net-
works, phylogenetic trees, and sequences. The simulated
contact networks consisted of 1000 individuals, with each
individual connected to other individuals through 100 out-
going edges preferentially attached to high-degree nodes
using the Barabasi-Albert model [1]. On these contact net-
works, we simulated datasets with (i) four types of trans-
mission networks using both Susceptible-Exposed-Infected-
Recovered (SEIR) and Susceptible-Infected-Recovered (SIR)
[20] models with two different infection rates for each, (ii)
number of viruses sampled per host (5, 10, and 20), (iii)
three different nucleotide sequence lengths (1000nt, 500nt,
and 250nt), and (iv) three different rates of with-in host
sequence evolution (normal, half, and double). This resulted
in 560 different transmission network datasets representing
28 different parameter combinations. Further details on the
construction and specific parameters used for these simu-
lated datasets appear in [33].

These 560 simulated datasets had between 35 and 1400
sequences (i.e., leaves in the corresponding transmission
phylogeny), with an average of 287.44 leaves. The maxi-
mum number of hosts per tree was 75, with an average of
26.72.

Data From Real HCV Outbreaks. We also evaluated the
accuracies of TNet, SharpTNI, and phyloscanner on real
datasets of HCV outbreaks made available by the CDC [32].

This collection consists 10 different datasets, each represent-
ing a separate HCV outbreak. Each of these outbreak data
sets contains between 2 and 19 infected hosts and a few
dozen to a few hundred strain sequences. The approximate
transmission network is known for each of these datasets
through CDC’s monitoring and epidemiological efforts. In
each of the 10 cases, this estimated transmission network
consists of a single known host infecting all the other hosts
in that network.

Evaluating Transmission Network Inference Accuracy. For all
simulated and real datasets, we constructed transmission
phylogenies using RAxML and used RAxML’s own bal-
anced rooting procedure to root them [34]. Note that TNet,
SharpTNI, and phyloscanner all require rooted transmission
phylogenies. To account for phylogenetic uncertainty and
error, we computed 100 bootstrap replicates for each simu-
lated and real dataset. For SharpTNI we used the efficient
heuristic implementation for evaluation (not the exponen-
tial-time exact solution). All TNet results were based on
aggregating across 100 sampled optimal host assignments
per transmission phylogeny, and all SharpTNI results were
aggregated across that subset of 100 samples that had mini-
mum co-transmission cost, per transmission phylogeny.
Results for all methods were aggregated across the different
bootstrap replicates to account for phylogenetic uncertainty
and yield edge-weighted transmission networks. To
convert such edge-weighted transmission networks into
unweighted transmission networks, we used the same 0.5
(or 50 percent) tree-support threshold used by phyloscanner
in [37]. Thus, all directed edges with an edge-weight of at
least 0.5 (or 50 percent) tree-support were retained in the
final inferred transmission network and other edges were
deleted. For a fair evaluation, none of the methods were
provided with any epidemiological information such as
sampling times or infection times. Finally, since both TNet
and SharpTNI build upon uniform sampling procedures for
optimal ancestral host assignments (minimizing the total
number of inter-host transmissions), we also report results
for uniform random sampling of optimal ancestral host
assignments, as implemented in TNet, as a baseline.

To evaluate the accuracies of these final inferred trans-
mission networks, we computed precision (i.e., the fraction
of inferred edges in the transmission network that are also
in the true network), recall (i.e., the fraction of true transmis-
sion network edges that are also in the inferred network),
and F1 scores (i.e., harmonic mean of precision and recall).

Fig. 4. Accuracy of methods using single samples. This figure plots pre-
cision, recall, and F1 scores for the different methods without any aggre-
gation of results across multiple samples or bootstrap replicates.
Results are averaged across the 560 simulated datasets.

DHAR ETAL.: TNET: TRANSMISSION NETWORK INFERENCE USINGWITHIN-HOST STRAIN DIVERSITYAND ITS APPLICATION TO... 235



5 EXPERIMENTAL RESULTS

5.1 Simulated Data Results

Accuracy of Single Samples. We first considered the impact
of inferring the transmission network using only a single
optimal solution, i.e., without any aggregation across sam-
ples or bootstrap replicates. Fig. 4 shows the results of this
analysis. As the figure shows, TNet has by far the best over-
all accuracy, with precision, recall, and F1 scores of 0.72,
0.75, and 0.73, respectively. Phyloscanner showed the great-
est precision at 0.828 but had significantly lower recall and
F1 at 0.522 and 0.626, respectively. SharpTNI performed
slightly better than a random optimal solution (uniform
sampling), with precision, recall, and F1 scores of 0.68, 0.71,
and 0.694, respectively, compared to 0.67, 0.71, and 0.687,
respectively, for a randomly sampled optimal solution.

Impact of SamplingMultiple Optimal Solutions. For improved
accuracy, both TNet and SharpTNI rely on aggregation across
multiple samples per transmission phylogeny. Note that,
when aggregating across multiple optimal ancestral host
assignments, the final transmission network is obtained by
applying a cutoff for the edge support values. For example, in
Fig. 2, at a cutoff threshold of 100 percent, only a single trans-
mission from ðA ! BÞwould be inferred, while with a cutoff
threshold of 50 percent, all three transmission edges shown in
the figure would be inferred. We studied the impact of multi-
ple sample aggregation by considering two natural sampling
cutoff thresholds: 50 and 100 percent. As Fig. 5 shows, results
improve as multiple optimal are considered. Specifically, for
the 50 percent sampling cutoff threshold, we found that the
overall accuracy of all methods improves as multiple samples
are considered. For TNet, precision, recall, and F1 score all
increase to 0.73, 0.75, and 0.74, respectively. For SharpTNI,
precision and F1 score increase significantly to 0.76 and 0.72,
respectively, while recall decreases slightly to 0.706. Surpris-
ingly, we found that uniform random sampling outperformed
SharpTNI,with precision, recall, and F1 score of 0.77, 0.70, and
0.73, respectively.

The figure also shows the clear tradeoff between precision
and recall as the sampling cutoff threshold is increased. Spe-
cifically, for the 100 percent sampling cutoff threshold, the
precision of all methods increases significantly, but overall F1
score falls to 0.65 and 0.64 for SharpTNI and random sam-
pling, respectively. Surprisingly, recall only decreases slightly
for TNet, and its overall F1 score remains 0.74 even for the 100
percent sampling cutoff threshold.

Accuracy on Multiple Bootstrapped Transmission Phylogenies.
To further improve inference accuracy, results can be aggre-
gated across the different bootstrap replicates to account for
phylogenetic uncertainty. We therefore ran phyloscanner,
TNet, and SharpTNI with 100 transmission phylogeny esti-
mates (bootstrap replicates) per dataset. (We tested for the
impact of using varying numbers of bootstrap replicates, try-
ing 25, 50, and 100, but found that results were roughly identi-
cal in each case. We therefore report results for only the 100
bootstrap analyses.) As Fig. 6 shows, for the 50 percent sam-
pling cutoff threshold, the accuracies of all methods improve
over the corresponding single-tree results, with particularly
notable improvements in precision. For the 100 percent sam-
pling cutoff threshold, the precision of all methods improves
further, but for phyloscanner and SharpTNI this comes at the
expense of large reductions in recall. TNet continues to be
best performing method overall for both sampling cutoff
thresholds, with precision, recall, and F1 score of 0.79, 0.73,
and 0.76, respectively, at the 50 percent sampling cutoff
threshold, and 0.82, 0.71, and 0.754, respectively at the 100 per-
cent sampling cutoff threshold.

Precision-Recall Characteristics of SharpTNI and TNet. The
results above shed light on the differences between the sam-
pling strategies (i.e, objective functions) used by SharpTNI
and TNet, revealing that SharpTNI tends to have higher
precision but much lower recall. Thus, depending on use
case, either SharpTNI or TNet may be the method of choice.
We also note that random sampling shows similar accuracy
and precision-recall characteristics as SharpTNI, suggesting
that SharpTNI may not offer much improvement over the
much simpler random sampling strategy.

Impact of Transmission Network Parameters. To study the
impact of transmission network simulation parameters on
relative inference accuracy, we separately partitioned the
560 datasets by transmission network model, mutation
rates, number of viruses sampled per host, and sequence
length. As expected, we found that the accuracies of all
methods increased as sequence length was increased, and
that the accuracies of all methods except phyloscanner
increased as the number of viruses sampled per host
increased. Overall, we found that the relative accuracies of
the methods were not significantly impacted by mutation
rates, number of viruses sampled per host, and sequence

Fig. 5. Accuracy of methods using multiple samples on a single trans-
mission phylogeny. This figure plots average precision, recall, and F1
scores for random sampling, sharpTNI, and TNet when 100 samples are
used on a single transmission phylogeny. Values reported are averaged
across all 560 simulated datasets, and results are shown for both 50 and
100 percent sampling cutoff thresholds.

Fig. 6. Transmission network inference accuracy when multiple trans-
mission phylogenies are used. This figure plots average precision, recall,
and F1 scores for phyloscanner, random sampling, sharpTNI, and TNet
when 100 bootstrap replicate transmission phylogenies are used for
transmission network inference. Values reported are averaged across all
560 simulated datasets, and results are shown for both 50 and 100 per-
cent sampling cutoff thresholds.
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length, i.e., while the accuracies of all methods increased or
decreased as these parameters were changed, the relative
accuracies of the four methods generally remained the same
(results not shown). However, we found that the transmis-
sion network model, i.e., SIR or SEIR, had an impact on the
relative accuracies of the methods. Specifically, as Table 1
shows, we found that (1) sharpTNI shows a slightly higher
F1 score than TNet on the SIR datasets when the 50 percent
sampling cutoff threshold is used, and (2) TNet performs
substantially better than all other methods under the SEIR
model, at both the 50 and 100 percent sampling cutoff
thresholds. Notably, TNet clearly remains the most accurate
method even for SIR datasets when the 100 percent sam-
pling cutoff threshold is used.

To understand why TNet shows substantially better accu-
racy than the other methods on SEIR datasets, we analyzed
the SIR and SEIR datasets further. We observed that the key
difference between them is that the basic reproduction num-
ber, which captures the average number of other individuals
infected by any infected individual, and referred to as R0,
averaged 1.71 for the SIR datasets but 3.58 for the SEIR data-
sets. This helps explain the substantially improved perfor-
mance of TNet on SEIR datasets, since transmission networks
with higherR0 maybenefit fromTNet’s host assignment strat-
egy, which preferentially propagates parent host assignments
to their children. This analysis suggests that TNet may be
especially effective at inferring transmission networks for dis-
eases that spread primarily through super-spreader events [35].

5.2 HCV Dataset Results

We applied TNet, SharpTNI, and phyloscanner to the 10
real HCV datasets using 100 bootstrap replicates per data-
set. We found that both TNet and SharpTNI performed
almost identically on these datasets, and that both dramati-
cally outperformed phyloscanner on the real datasets in
terms of both precision and recall (and, consequently, F1
scores). Fig. 7 shows these results averaged across the 10
real datasets. As the figure shows, both TNet and SharpTNI
have identical F1 scores for the 50 and 100 percent sampling
cutoff thresholds, with both methods showing F1 scores of
0.57 and 0.56, respectively. In contrast, phyloscanner shows
much lower precision and recall, with an F1 score of only
0.22. Random sampling had slightly worse performance
than TNet and SharpTNI at both the 50 and 100 percent
sampling cutoff thresholds. At the 100 percent sampling
cutoff threshold, we observe the same precision-recall char-
acteristics seen in the simulated datasets, with SharpTNI
showing higher precision but lower recall.

6 COVID-19 ANALYSIS

The ongoing COVID-19 pandemic has resulted in the avail-
ability of completely sequenced SARS-CoV-2 genomes from
thousands of infected individuals across dozens of countries;
see, e.g., the GISAID resource [12]. Among a multitude of
other uses, this rich dataset allows for the estimation of a
global transmission network of the spread of COVID-19. For
example, the popular Nextstrain tool (https://nextstrain.
org/) computes and provides a regularly updated SARS-
CoV-2 phylogeny and associated transmission network
between geographical regions [17]. To evaluate the ability of
TNet to infer such geographical spread/transmission net-
works, we applied TNet, along with the random sampling
algorithm implemented in TNet, to a large collection of SARS-
CoV-2 genomes. For this analysis, countries serve as hosts
and the sampled SARS-CoV-2 genomes (only one genome per
infected individual) from the infected individuals in each
country serve as the sampled strains for that country/host.
We also repeated the analysis at the state level for SARS-CoV-
2 strains from USA. We compared the resulting transmission
networks against those inferred by thewidely usedNextstrain
tool, evaluating inference accuracy using the available epide-
miological information about country of exposure for each
SARS-CoV-2 genome used in the analysis. SharpTNI could
not be used for this analysis since it was not able to scale to
this large dataset and resulted in runtime errors.

6.1 Description of the Dataset

We downloaded all complete, high-coverage SARS-CoV-2
genomes available through GISAID [12] on June 12, 2020.
Each of these sequences had between 29000 and 31000 base
pairs. We then removed sequences from all countries with

TABLE 1
Transmission Network Inference Accuracy Under SIR and SEIR Models

Phyloscanner Random sampling SharpTNI TNet

SIR model at 50% sampling threshold 0.642 0.715 0.727 0.713
SEIR model at 50% sampling threshold 0.684 0.76 0.772 0.806

SIR model at 100% sampling threshold 0.642 0.636 0.65 0.706
SEIR model at 100% sampling threshold 0.684 0.625 0.661 0.802

The table shows average F1 scores for phyloscanner, random sampling, sharpTNI, and TNet when 100 bootstrap replicate transmission phylogenies are used for
transmission network inference. Average F1 scores are reported separately for the 280 datasets smulated under the SIR model and the 280 datasets simulated
under the SEIR model. Results are shown for both 50 and 100 percent sampling cutoff thresholds.

Fig. 7. Transmission network inference accuracy across the 10 real HCV
datasets. This figure plots average precision, recall, and F1 scores for
phyloscanner, random sampling, sharpTNI, and TNet on the 10 real
HCV datasets with known transmission histories. Results are shown for
both 50 and 100 percent sampling cutoff thresholds.
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fewer than 10 sequences. We then removed duplicate sequen-
ces within each country, but keeping at least 10 sequences per
country (i.e., if removing duplicates for a country resulted in
fewer then 10 sequences for that country, then we allowed
some duplicates to remain). Since some countries had a very
large number of sequences in the dataset, we then down-sam-
pled sequences from such countries to create amore equitable
distribution of sequences per country. Specifically, if a country
hadmore than 100 sequences,we randomly chose 100 sequen-
ces for that country. This resulted in a dataset of 2123 SARS-
CoV-2 strain sequences from across 59 countries.

We aligned the 2123 sequences using Clustal Omega[31]
and reconstructed maximum likelihood phylogenies using
RAxML [34] under the GTRGAMMA model. In all, we con-
structed one maximum likelihood phylogeny along with 10
bootstrap replicates. The resulting 11 phylogenies were
rooted and dated using TreeTime [28], which is also used
by the Nextstrain pipeline.

This dataset of 2123 SARS-CoV-2 sequences, including
sequence alignment, metadata, and reconstructed phyloge-
netic trees, is freely available from: https://compbio.engr.
uconn.edu/global_covid-19_dataset/.

6.2 Geographical Transmission Network Inference

We applied TNet, random sampling, and the Nextstrain/
Augur tool to this dataset to infer international (country-
to-country) transmission networks. Observe that such
geographical transmission networks are distinct from usual dis-
ease transmission networks in that (i) most pairs of coun-
tries or geographical regions can be expected to be
connected through transmission edges, and (ii) transmis-
sions between pairs of counties likely occur in both direc-
tions. Thus, the information of interest in geographical
transmission networks is not merely the presence of edges
between pairs of countries/regions, but the magnitude and
time periods of transmission. Accordingly, in our inferred
transmission networks, each transmission edge between an
ordered pair of countries ðA;BÞ is labeled with the follow-
ing additional information:

1) The number of separate transmission events from A
to B.

2) The number of such separate transmissions occur-
ring during each month (December 2019 through
May 2020).

This information can be directly obtained from the opti-
mal host assignments computed by each method by assign-
ing a date to each internal node of the phylogenetic trees
used for the inference (which we obtained using TreeTime,
as described above) and then counting the number of edges
ðpaðxÞ; xÞ in the host-assigned phylogeny for which paðxÞ is
assigned host A and x is assigned host B.

For TNet and random sampling, we inferred the geo-
graphical transmission network by applying those methods
to the 10 bootstrap replicate phylogenies, computing 100
samples for each. This resulted in 1000 optimal host assign-
ments for each of these two methods. To compute a single
geographical transmission network from these 1000 host
assignments, we averaged the numbers of inferred trans-
mission events between ordered pair of countries for
each time period over all 1000 host assignments. Since

Nextstrain/augur is not based on sampling, we computed
the geographical transmission network for Nextstrain by
using the maximum likelihood phylogeny from RAxML.

6.3 Evaluation of Geographical Transmission
Networks

We performed two kinds of comparisons between the geo-
graphical transmission networks inferred by the three dif-
ferent methods. First, we used the available “ground-truth”
data available for each strain included in the analysis. Spe-
cifically, we used the known country/region of exposure,
likely inferred through contact tracing, available in the
metadata for each SARS-CoV-2 sequence. This allowed us
to use the host assignment for the parent of each leaf node
in the host-assigned phylogenies and infer the accuracy of
those assignments for each method by comparing to the
known country/region of exposure for that leaf. For TNet
and random sampling, which use multiple trees and sam-
ples, we used the most frequently assigned host for each
parent node as its final assignment. Note that for 17 of the
2123 sequences the country of exposure was a country that
was not included in our analysis.

Second, we performed a systematic comparison of the
geographical transmission networks inferred by the three
methods by identifying, for each method, the top five most
frequent spreader countries for each time period (month)
and the top five receiving countries for each time period.
We also repeated this comparative analysis with respect to
United States of America (USA) by identifying the top five
spreaders to USA and top five recipients from USA during
each time period.

6.4 Results

Overall Accuracies of the Methods Based on Ground-Truth. By
comparing the international transmission networks inferred
by the three methods against the known country of expo-
sure available for each SARS-CoV-2 sequence, we found
that TNet significantly outperformed Nextstrain and that
random sampling dramatically outperformed both Next-
strain and TNet. Specifically, Nextstrain, TNet, and random
sampling were able to correctly determine the country of
exposure correctly for 67, 71, and 85 percent of the sequen-
ces, respectively. These results are shown in Fig. 8.

It is worth noting that the superiority of random sam-
pling over TNet is not surprising for this application. This is
because, for geographical transmission networks, there is
no expectation that back-transmissions should be rare. In
fact, back-transmissions are expected to occur freely and
frequently. Thus, random sampling is expected to outper-
form TNet for geographical transmission network inference.
Surprisingly, TNet still outperforms Nextstrain in this anal-
ysis. These results suggest that our random sampling frame-
work may prove highly useful for estimating geographical
transmission networks as well as for estimating other trans-
mission networks in other settings where back-transmis-
sions can occur freely.

Comparison of Inferred International Transmission Networks.
To systematically compare the international transmission
networks inferred by the three methods, we computed, for
each method, the top five most frequent spreader countries
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for each time period (month) and the top five receiving
countries for each time period. Figs. 9 and 10 show the
results of this analysis. As the figures show, there is both
agreement and disagreement between the transmission net-
works inferred by the three methods. Considering spreader
countries (Fig. 9), we find that there is agreement among all
methods that China was the primary spreader during
December 2019 and January 2020, but that it ceases to be
among the top five spreaders February 2020 onward. On
the other hand, while Nextstrain infers that the majority of
spread from China occurred in January 2020, TNet and ran-
dom sampling both infer that the majority of the spread
from China occurred in December 2019. All methods also
agree that February 2020 was the most active month for the
spread of COVID-19, and that international spread was
essentially over by April 2020. For most months, there is
considerable variation in the top spreader countries identi-
fied by the three methods; for instance, for December 2019,
only one country is common among the top five inferred by
Nextrain and either of other two methods, and only two are
in common between TNet and random sampling. Notably,
both TNet and random sampling identity USA as an early
and important contributor to the spread of COVID-19, while
Nextstrain does not includeUSA in its top five list untilMarch
2020. Considering receiver countries (Fig. 10), we find that
there is generallymore agreement between the threemethods.
For instance, all methods agree that generally Asian countries
and Australia acted as major recipients during December

2019 and January 2020, and that European countries became
the major receivers during February and March 2020. The
methods also mostly agree that USA was a major recipient
during all months fromDecember 2019 toMarch 2020.

To further analyse the differences between these trans-
mission networks, we used USA as the “base” country and
identified the top five spreaders to USA and top five recipi-
ents from USA during each time period. These results are
shown in Supplementary Figs. S1 and S2, which can be
found on the Computer Society Digital Library at http://
doi.ieeecomputersociety.org/10.1109/TCBB.2021.3096455.
Considering spreader countries (Supplementary Fig. S1,
available online), we find that there is generally good agree-
ment between the top five lists of TNet and random sampling
for the months December 2019 through February 2020, but
that they have significant differences from the top five lists
inferred by Nextstrain for the same periods. However, all
methods agree that China was the primary spreader to USA
in December 2019 and January 2020 and that France was the
primary spreader in March 2020. Considering receiver coun-
tries (Supplementary Fig. S2, available online), we find con-
siderable agreement between between the top five lists of
TNet and random sampling for the months December 2019
through March 2020. However, as with spreader countries,
there are considerable differences between the top five coun-
tries for each period inferred byNextstrain and those inferred
by TNet or random sampling. However, all methods identify
Canada and France as major receivers of COVID-19 from
USA. Notably, TNet and random sampling also identity
China as a major recipient of infections from USA during
December 2919 and January 2020, and identify Taiwan as one
of the top receivers of infections fromUSA.

State-Level Analysis.We also repeated the above analysis to
infer the state-level transmission network within USA. We
downloaded available SARS-CoV-2 sequences from USA in
July 2020 using the same process as described above, and this
resulted in a dataset of 1801 SARS-CoV-2 sequences from 30
states, with each state represented by between 10 and 100
sequences.We applied the threemethods to this dataset, com-
puting a sequence alignment and phylogenetic trees using the
same methods described before, and obtained the geographi-
cal (state-to-state) transmission network implied by each

Fig. 8. Accuracy of Nextstrain, TNet, and random sampling on the
COVID-19 dataset based on the known country of exposure available
for each SARS-CoV-2 sequence.

Fig. 9. Top five spreader countries inferred by Nextstrain, TNet, and Random Sampling during each month from December 2019 through April 2020.
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method.We compared the transmission networks inferred by
the three methods against the known state of exposure avail-
able for each SARS-CoV-2 sequence. (Note that for 10 of the
1801 sequences the state of exposure was a country or state
that was not included in our analysis.) As before, we found
that TNet significantly outperformedNextstrain and that ran-
dom sampling dramatically outperformed both Nextstrain

and TNet. Specifically, Nextstrain, TNet, and random sam-
pling were able to correctly determine the state of exposure
correctly for 65, 73, and 86 percent of the sequences,
respectively.

As before, we also compared the state-level transmission
networks inferred by the three method by inferring the top
five most frequent spreader and receiver states for each time

Fig. 10. Top five receiver countries inferred by Nextstrain, TNet, and Random Sampling during each month from December 2019 through April 2020.

Fig. 11. Top five spreader states in USA inferred by Nextstrain, TNet, and Random Sampling during each month from Dec. 2019 through June 2020.

Fig. 12. Top five receiver states in USA inferred by Nextstrain, TNet, and Random Sampling during each month from Dec. 2019 through June 2020.
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period (month). These results are shown in Figs. 11 and 12.
As these figures show, TNet and random sampling gen-
erally agree in their lists of top spreaders and receivers,
but that those lists differ significantly from those inferred
by Nextstrain. For instance, Nextstrain infers Virginia and
Pennsylvania as the top two spreader states during February
2020, but these states do not feature in the top five spreader
lists for TNet and random sampling during any time period.
All methods agree that the months of February and March
2020 had, by far, the most spread of COVID-19, and that the
top spreader states inMarchwereNewYork andCalifornia.

Running Time and Scalability. A key strength of TNet (and
also the implementation of the random sampling method in
TNet) is that it is extremely fast and highly scalable. For
example, each run of TNet on the global COVID-19 dataset
with 2123 sequences required only 1.2 seconds using a sin-
gle core on a commodity desktop computer with a 3.00 GHz
6-core Intel i5-8500 CPU and 16 GB of RAM. Thus, the entire
TNet (and also random sampling) analysis consisting of
1000 runs (computing 100 sample host assignments for each
of the 10 bootstrap phylogenies) took less than 20 minutes.

7 DISCUSSION

In this paper, we introduced TNet, a newmethod for transmis-
sion network inference when multiple strain sequences are
sampled from the infected hosts. TNet has two distinguishing
features: First, it systematically accounts for variability among
different optimal solutions to efficiently compute support val-
ues for individual transmission edges and improve transmis-
sion inference accuracy, and second, its objective function
seeks to find those optimal host assignments thatminimize the
number of back-transmissions. TNet is based on a relatively
simple parsimony-based formulation and is parameter-free
and highly scalable. It can be easily applied within seconds to
datasets with many hundreds of strain sequences and hosts.
As our experimental results on both simulated and real data-
sets show, TNet is highly accurate and significantly outper-
forms phyloscanner. We find that TNet also outperforms
SharpTNI, a distinct but very similar method developed inde-
pendently and published recently. We also show how TNet as
well as the closely related random sampling method (also
implemented in TNet) can be used to infer geographical trans-
mission networks and our analysis using large-scale COVID-
19 data demonstrates how TNet and random sampling
both significantly outperform the popular Nextstrain/Augur
method.

Going forward, several aspects of TNet can be tested and
improved further. The simulated datasets used in our
experimental study assume that all infected hosts have been
sampled. It would be useful to test how accuracy decreases
as fewer and fewer infected hosts are sampled. Phyloscan-
ner employs a simple technique to estimate if an ancestral
host assignment may be to an unsampled host, and a similar
technique could be used in TNet. Currently, TNet does not
make use of branch lengths or of overall strain diversity
within hosts, and these could be used to further improve
the accuracy of ancestral host assignment and transmission
network inference. Likewise, it should be possible to easily
model contact-network information within the TNet frame-
work, simply by having different penalties (or costs) for

transmissions between connected hosts versus unconnected
hosts. Finally, the potential of random sampling for infer-
ring geographical transmission networks is worth investi-
gating and developing further.

ACKNOWLEDGMENTS

The authors would like to thank Dr. Pavel Skums, Georgia
State University, and the Centers for Disease Control for shar-
ing their HCV outbreak data, and all authors/organizations
who shared their COVID-19 data through GISAID (see sup-
plement for link to full list, available online). The authors
would also like to thank Samuel Sledzieski for sharing the
simulated transmission network datasets. Chengchen Zhang
contributed to thiswork.
Funding: This work was supported in part by U.S National
Science Foundation (NSF) Award CCF 1618347 to IM and
MSB.

REFERENCES

[1] R. Albert and A.-L. Barab�asi. Statistical Mechanics of Complex Net-
works. Notre Dame, IN, USA: Univ. Notre Dame, 2002.

[2] N. Beerenwinkel et al., “Computational methods for the design of
effective therapies against drug resistant HIV strains,” Bioinfor-
matics, vol. 21, pp. 3943–3950, 2005.

[3] D. Clutter et al., “Trends in the molecular epidemiology and
genetic mechanisms of transmitted human immunodeficiency
virus type 1 drug resistance in a large US clinic population,” Clin.
Infect. Dis., vol. 68, no. 2, pp. 213–221, 2018.

[4] N. De Maio, C. J. Worby, D. J. Wilson, and N. Stoesser,
“Bayesian reconstruction of transmission within outbreaks
using genomic variants,” PLoS Comput. Biol., vol. 14, no. 4, pp.
1–23, 2018.

[5] N. De Maio, C.-H. Wu, and D. J. Wilson, “SCOTTI: Efficient recon-
struction of transmission within outbreaks with the structured
coalescent,” PLoS Comput. Biol., vol. 12, no. 9, pp. 1–23, 2016.

[6] S. Dhar, C. Zhang, I. Mandoiu, and M. S. Bansal, “TNet: Phylog-
eny-based inference of disease transmission networks using
within-host strain diversity,” in Proc. Int. Symp. Bioinf. Res. Appl.,
2020, pp. 203–216.

[7] X. Didelot, C. Fraser, J. Gardy, C. Colijn, and H. Malik,
“Genomic infectious disease epidemiology in partially sam-
pled and ongoing outbreaks,” Mol. Biol. Evol., vol. 34, no. 4,
pp. 997–1007, 2017.

[8] E. Domingo et al., “The quasispecies (extremely heterogeneous)
nature of viral RNA genome populations: Biological relevance –
Review,” Gene, vol. 40, pp. 1–8, 1985.

[9] E. Domingo and J. Holland, “RNA virus mutations and fitness for
survival,” Annu. Rev. Microbiol., vol. 51, pp. 151–178, 1997.

[10] D. D. P. D. Kwong, and G. J. Nabel, “The rational design of an
AIDS vaccine,” Cell, vol. 124, pp. 677–681, 2006.

[11] J. W. Drake and J. J. Holland, “Mutation rates among RNA
viruses,” Proc. Nat. Acad. Sci. USA, vol. 96, no. 24, pp. 13910–
13913, 1999.

[12] S. Elbe and G. Buckland-Merrett, “Data, disease and diplomacy:
Gisaid’s innovative contribution to global health,” Glob. Chal-
lenges, vol. 1, no. 1, pp. 33–46, 2017.

[13] W. Fitch, “Towards defining the course of evolution: Minimum
change for a specified tree topology,” Syst. Zool., vol. 20, pp. 406–416,
1971.

[14] B. Gaschen et al., “Diversity considerations in HIV-1 vaccine
selection,” Science, vol. 296, pp. 2354–2360, 2002.

[15] O. Glebova et al., “Inference of genetic relatedness between viral
quasispecies from sequencing data,” BMC Genomic., vol. 18,
no. Suppl 10, 2017, Art. no. 918.

[16] A. Grulich et al., “A10 using the molecular epidemiology of HIV
transmission in New South Wales to inform public health
response: Assessing the representativeness of linked phylogenetic
data,” Virus Evol., vol. 4, no. suppl_1, 2018, Art. no. vey010.009.

[17] J. Hadfield et al., “Nextstrain: real-time tracking of pathogen
evolution,” Bioinformatics, vol. 34, no. 23, pp. 4121–4123, 2018.

DHAR ETAL.: TNET: TRANSMISSION NETWORK INFERENCE USINGWITHIN-HOST STRAIN DIVERSITYAND ITS APPLICATION TO... 241



[18] M. Hall, M. Woolhouse, and A. Rambaut, “Epidemic reconstruction
in a phylogenetics framework: Transmission trees as partitions of the
node set,” PLoS Comp. Biol., vol. 11, no. 12, 2015, Art. no. e1004613.

[19] J. Holland, J. de la Torre, and D. Steinhauer, “RNA virus popula-
tions as quasispecies,” Curr. Top. Microbiol. Immunol., vol. 176,
pp. 1–20, 1992.

[20] W. O. Kermack, A. G. McKendrick, and G. T. Walker, “A contribu-
tion to the mathematical theory of epidemics,” Proc. Roy. Soc. Lon-
don, vol. 115, no. 772, pp. 700–721, 1927.

[21] D. Klinkenberg, J. A. Backer, X. Didelot, C. Colijn, and J. Wall-
inga,“Simultaneous inference of phylogenetic and transmission
trees in infectious disease outbreaks,” PLoS Comput. Biol., vol. 13,
no. 5, 2017, Art. no. e1005495.

[22] S. L. Kosakovsky Pond, S. Weaver, A. J. Leigh Brown, and J. O.
Wertheim, “HIV-TRACE (transmission cluster engine): A tool for
large scale molecular epidemiology of HIV-1 and other rapidly
evolving pathogens,” Mol. Biol. Evol., vol. 35, no. 7, pp. 1812–1819,
2018.

[23] M. E. M. J. McCaskill, and P. Schuster, “The molecular quasi-spe-
cies,” Adv. Chem. Phys., vol. 75, pp. 149–263, 1989.

[24] M. Martell et al. “Hepatitis C virus (HCV) circulates as a popula-
tion of different but closely related genomes: Quasispecies nature
of HCV genome distribution,” J. Virol., vol. 66, pp. 3225–3229,
1992.

[25] N. Moshiri, J. O. Wertheim, M. Ragonnet-Cronin, and S. Mirarab,
“FAVITES: Simultaneous simulation of transmission networks,
phylogenetic trees and sequences,” Bioinformatics, vol. 35, no. 11,
pp. 1852–1861, 2018.

[26] S.-Y. Rhee, T. Liu, S. Holmes, and R. Shafer, “HIV-1 subtype B
protease and reverse transcriptase amino acid covariation,” PLOS
Comput. Biol., vol. 3, no. 5, 2007, Art. no. e87.

[27] E. O. Romero-Severson, I. Bulla, and T. Leitner, “Phylogenetically
resolving epidemiologic linkage,” Proc. Nat. Acad. Sci. USA, vol.
113, no. 10, pp. 2690–2695, 2016.

[28] P. Sagulenko, V. Puller, and R. A. Neher, “Treetime: Maximum-
likelihood phylodynamic analysis,” Virus Evol., vol. 4, no. 1, 2018,
Art. no. vex042.

[29] D. Sankoff, “Minimal mutation trees of sequences,” SIAM J. Appl.
Math., vol. 28, no. 1, pp. 35–42, 1975.

[30] P. Sashittal and M. El-Kebir, “SharpTNI: Counting and sampling
parsimonious transmission networks under a weak bottleneck,”
2019, bioRxiv 842237.

[31] F. Sievers and D. G. Higgins, “Clustal Omega,” Curr. Protocols Bio-
inf., vol. 48, no. 1, pp. 3.13.1–3.13.16, 2014.

[32] P. Skums et al., “QUENTIN: Reconstruction of disease transmis-
sions from viral quasispecies genomic data,” Bioinformatics, vol.
34, no. 1, pp. 163–170, 2018.

[33] S. Sledzieski, C. Zhang, I. Mandoiu, and M. S. Bansal, “TreeFix-
TP: Phylogenetic error-correction for infectious disease transmis-
sion network inference,” Biocomputing, vol. 26, pp. 119–130, 2021.

[34] A. Stamatakis, “RAxML version 8: A tool for phylogenetic analy-
sis and post-analysis of large phylogenies,” Bioinformatics, vol. 30,
no. 9, pp. 1312–1313, 2014.

[35] R. A. Stein, “Super-spreaders in infectious diseases,” Int. J. Infect.
Dis., vol. 15, no. 8, pp. e510–e513, 2011.

[36] D. Steinhauer and J. Holland, “Rapid evolution of RNA viruses,”
Annu. Rev. Microbiol., vol. 41, pp. 409–433, 1987.

[37] C. Wymant et al., “PHYLOSCANNER: Inferring transmission
from within- and between-host pathogen genetic diversity,” Mol.
Biol. Evol., vol. 35, no. 3, pp. 719–733, 2017.

Saurav Dhar received the BSc degree in computer science and engi-
neering from the Bangladesh University of Engineering and Technol-
ogy in 2017. He is currently working toward the master’s degree in
computer science and engineering with the University of Connecticut,
USA. His research interests include algorithm development, bioinfor-
matics, and machine learning.

Chengchen Zhang received the BS degree in computer science and
engineering and the BA degree in economics from the University of
Connecticut, USA, in 2018, and the MS degree in computer science
from the University of California at San Diego, USA, in 2020. He is cur-
rently a software engineer in San Diego, USA.

Ion I. M�andoiu received the MS degree in computer science from
Bucharest University in 1992 and the PhD degree in computer science
from the Georgia Institute of Technology in 2000. He is currently a pro-
fessor of computer science and engineering with the University of Con-
necticut. He has authored or coauthored more than 130 refereed
articles in journals and conference proceedings and 13 book chapters,
and has also co-edited 11 conference proceedings and two books
published in the Wiley Book Series on Bioinformatics. His research
interests include bioinformatics and computational genomics, with a
special focus on the development of computational methods for the
analysis of high-throughput sequencing data.

Mukul S. Bansal received the PhD degree in computer science from
Lowa State University in 2009. He is currently an associate professor
with the Department of Computer Science and Engineering, University
of Connecticut, USA. His research interests include computational
biology and bioinformatics, with an emphasis on computational molec-
ular evolution. He was an Edmond J. Safra postdoctoral fellow with the
School of Computer Science, Tel Aviv University till December 2010
and a postdoctoral associate with Computer Science and Artificial
Intelligence Laboratory, Massachusetts Institute of Technology till
August 2013.

" For more information on this or any other computing topic,
please visit our Digital Library at www.computer.org/csdl.

242 IEEE/ACM TRANSACTIONS ON COMPUTATIONAL BIOLOGYAND BIOINFORMATICS, VOL. 19, NO. 1, JANUARY/FEBRUARY 2022



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


