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Abstract. Abundant discordance among gene trees is widely documented,
but the causes of this heterogeneity are varied. Discordance among es-
timated gene trees can stem from real sources such as coalescent pro-
cesses, hybridization, and horizontal gene transfer (HGT). It can also
stem from errors in data, such as hidden paralogy, mistaken homology,
bad alignment, and contamination. While some of these processes cre-
ate stochastic and subtle changes in gene tree topologies (e.g., human
closer to gorilla than to chimp), others can produce unexpected pat-
terns (e.g., guinea pig sister to gorilla). Given a large number of gene
trees and a median species tree, one could attempt to automatically find
these outliers among gene trees. In this paper, we develop a method that
uses quartet-based subtree-prune-and-regraft (SPR) moves, paired with
gradient-boosted decision trees, to predict whether parts of a gene tree
disagree with species trees in unusual ways. We show that our method,
GBOD, is quite accurate in finding HGT events, but less so in other
scenarios. Nevertheless, this combination of machine learning and phy-
logenetic features provides a promising framework for outlier detection.

Keywords: Phylogenomics, machine learning, quartet-based methods,
SPR moves, outlier detection, horizontal gene transfer (HGT)

1 Introduction

Phylogenomic analyses that infer species trees and gene trees from large collec-
tions of loci sampled across the genome have become standard [38]. While much
attention has been paid to methods for inferring species trees and gene trees,
a key challenge for practitioners is that input data often do not fully conform
to the assumptions of these methods. On the one hand, large-scale datasets
are often riddled with errors [24], stemming from incorrect homology and or-
thology [29, [35], sequence contamination [0, 4], and alignment error [I5] [44].
Moreover, gene trees have their own added set of errors [34] due to the im-
pact of fragmentary data [12] B0], sequence model misspecification [13| 27], and
long branch attraction. Besides these errors, individual parts of the genomes can
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undergo unusual and unaccounted modes of evolution, such as recombination
suppression [21], horizontal gene transfer in unexpected places [41], further cre-
ating modeling deficiencies. Regardless of cause, abnormalities in data impact
gene trees and the species trees by extension [I8] 23].

In response to these difficulties, many phylogenomic analyses adopt a wide
range of filtering strategies, many operating on alignments [31), [37]. These meth-
ods tend to over-filter [25] [39] and lack the full evolutionary context to detect
which patterns of discordance are expected or unusual [44]. Others have noted
that errors and unmodelled processes often lead to unusual placements of taxa
on gene trees, beyond what is expected based on typical causes of gene tree dis-
cordance such as incomplete lineage sorting (ILS). For example, a large number
of unexpected topologies among mammalian gene trees (e.g., a guinea pig going
with gorilla) was used to cast doubt on the validity of some earlier datasets, or
even the whole notion of a gene tree [34].

In response to these observations, several methods have been developed to
look for outliers in the gene trees [e.g., [ [7, 16]. The guiding principle of these
methods is that while some forms of discordance are expected for each dataset,
some gene trees are so widely different that they can only be explained by errors
or unmodelled processes (e.g., HGT in eukaryotes). We refer to these as outliers,
remaining agnostic as to the exact cause. In this terminology, calling part of a
gene tree an outlier simply means that the discordance it creates is above and
beyond what is implied by the species tree or the distribution of gene trees. While
automatic outlier detection methods exist and have been adopted increasingly,
benchmarking shows that they all have room for improvement [4, [7]. Note that
these methods do not look for outlier gene trees (an easier task), but rather,
individual species or clades in individual gene trees that appear misplaced.

One way to formalize outliers in this context is to examine subtree prune and
regraft (SPR) moves that remove a clade and regraft it onto another branch.
Since SPRs are powerful, applying a few of them can create many forms of out-
liers. For outlier detection, we may expect that a highly erroneous clade would
have to move very far on the gene tree to agree with a reference tree, such as an es-
timated species tree. Luckily, using an algorithm we recently developed, for each
clade in a gene tree, one can determine the optimal SPR move that maximizes
the quartet agreement with a reference tree in O(nlog®(n)) time, amortized over
all clades [3]. Thus, we can compute a quartet-based SPR (QSPR) for each clade
of each gene tree in addition to several properties of the QSPR move (e.g., how
far, what improvement in quartet score, etc.) in a scalable fashion.

As we will see, while QSPR does have some signal regarding outliers, inter-
preting that signal is far from trivial. How far is far enough? What improvement
in quartet score is significant? The answers depend on the context in non-trivial
ways. To address this challenge, we resort to machine learning, aiming to train
a model that can determine whether a particular QSPR is outside the normal
range. However, machine learning poses its own challenges, including a lack of
access to labeled training data or knowledge of the underlying error mechanisms.
Moreover, QSPR statistics and their interpretation are likely dataset dependent,
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necessitating adjustments to the criteria per dataset. To address these challenges,
we design a method called Gradient Boosted Outlier Detection (GBOD) based on
cross-validation and data augmentation with positively labeled samples, trained
for a given dataset. We show that QSPR statistics, when interpreted through
this machine learning approach, have enough signal to detect outliers with levels
of accuracy that rival existing methods. Our machine learning approach can, in
the future, be combined with features beyond QSPR (e.g., those extracted using
existing methods) to further improve accuracy.

2 Material and Methods

2.1 Notations

Let T = (Vr, ET) be a rooted binary tree, where Vr and Er denote the sets of
vertices and edges of T, respectively. For an edge e € Er, we use l(e) to denote
the length of e. Let Ly C Vi be the leaf set of T. A quartet of T on four taxa
{a,b,c,d} C Ly is defined as the unrooted topology of T restricted to these four
taxa. For a tree T with n leaves, there are (Z) such quartets. We say that two
trees Ty and Ty share a quartet on {a, b, ¢, d} if the quartets of 71 and T3 on these
taxa have the same topology (among the three possible topologies). The quartet
score of Ty and T3 is defined as the number of quartets shared between them.
For each vertex v € Vp, we define Cp(v) as the subtree below v in T', and use
the simpler notation C'(v) when T is clear from context. With a slight abuse of
notation, we use Lcy. () to denote the set of leaves below v in T'. A subtree prune
and regraft (SPR) move of a subtree Cr(v) to an edge (u,u’) € Er is defined as
follows: we prune Cr(v) from T by removing the edge above v, and then regraft
Cr(v) onto the edge (u,u’) by introducing a new vertex w, removing (u,u’), and
adding the edges (u,w), (w,v'), and (w,v), resulting in a new tree T". We call
an SPR move of Cr(v) to an edge e € Er a quartet-based SPR (QSPR) with
respect to a tree Ty if, among all possible SPR moves of Cr(v), this move results
in the highest quartet score between T’ and T». When trees are unrooted, we
define two SPRs per edge, placing each side of its bipartition on the other side.

2.2 GBOD Overview

Motivation We observed that when outliers are introduced to a subtree in a
simulated dataset, the distance of the optimal QSPR moves on these subtrees
is generally higher than that of typical subtrees (Fig. ) However, these dis-
tributions also have much overlap. Thus, this signal alone cannot definitively
discriminate outliers from non-outliers. Moreover, the interpretation of the sig-
nal depends on the context. For example, even absent outliers, QSPR distances
correlate with average tree branch length (Fig. ) Thus, to make sense of QSPR
results, context needs to be considered. However, what information needs to be
added and how it should affect our classification is not obvious. Instead of math-
ematical modeling of QSPR, we turn to the tools that machine learning offers
to automatically learn meaningful relationships between the QSPR move and
other features of the tree, in order to determine which parts are anomalous.
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Fig. 1: (a) The distribution of how far a subtree moves with an optimal SPR move
(QSPR-Dist in Table [I]), for outlier and non-outlier subtrees in the simulated
S200-perturbed dataset (Section [3.I)). A subtree C(v) is considered an outlier
if all its leaves are outliers, and a non-outlier if all its leaves are non-outliers.
(b) The correlation between the average branch lengths for a gene tree and the
QSPR-Dist for outlier and non-outlier subtrees.

GBOD framework GBOD takes as input a set of gene trees and aims to
train models that can learn to identify outlier subtrees in the gene trees based
on QSPR statistics. The outliers are subtrees that have placements that are
highly unusual given the other gene trees. Since the errors are unknown, we
cannot train a supervised model on this data directly. To enable training, we use
augmentation (Fig. : We inject the gene trees with known anomalies via SPR
moves, train a model to identify these introduced outliers, and use the trained
model to infer the anomalous parts of the original gene trees.

Leave-out mechanism: The unknown anomalies in the original gene trees
we aim to detect persist in the augmented gene trees used as training data.
Therefore, a procedure that naively trains a model on an augmented gene tree
and uses the same model for inference on the original tree will be biased toward
classifying the unknown anomalies as typical, since it was labeled as such in
the training data. To remedy this, we adopt a procedure similar to k-fold cross-
validation: We partition our original gene trees into k folds. Errors are added in
k — 1 folds, and inference is done on the left-out fold (Fig. . Thus, inference
is done on gene trees not seen during training. For computational efficiency, we
reuse the augmented gene trees for training across different folds when possible.

The GBOD pipeline has four steps, which will be detailed in what follows: 1)
creating positively labeled samples for training the model, 2) measuring a set of
features for each tree or clade in a tree, 3) training a regression model for each
clade to compute the probability that a randomly selected leaf under that clade
is anomalous, and 4) using this model to infer outliers in the left out fold, with
automatic adjustments to decide what threshold should indicate outliers.
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Fig.2: An overview of the Gradient Boosted Outlier Detection pipeline. GBOD
begins by partitioning gene trees into k folds. Then, k — 1 folds have augmented
errors introduced via random SPR moves, creating the augmented dataset D .
We then use QSPR [3] with respect to the ASTRAL species tree to measure how
far each clade is from its optimal position. Results are used to assign a feature
vector to each clade of each gene tree (Fig. . We train our model on D, and
infer outliers on the original, unperturbed gene trees in the left-out fold, D,.
Finally, we automatically threshold these predictions to classify outliers.

2.3 Creating labeled positive samples for training

On a set of N rooted gene trees, G = {11, T5,...,Tn}, we begin by perturbing
the data to inject known, labeled errors, which will be used to train a model
applied downstream to detect errors in the original unperturbed data (from left-
out fold). This augmentation transforms the problem into a supervised learning
task well-suited for classical machine learning methods. In particular, for each
gene tree, T;, we augment it ¢ times to get a set of gene trees with known errors
G, = {1, 1) ( ) ..,Ti(t)}. Each Ti(j) is constructed by choosing a source e =
(u v) and a destlnation e/ = (v',v") on T; at random, weighted by their branch
lengths. Note that this selection is different from how HGT is often modeled
where probability of a branch becoming destination is inversely proportional to
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the path length between that branch and the source. We then perform an SPR

move, by pruning C(v) and regrafting on €, resulting in the new tree Ti(j ). This
placement divides e’ into two new edges e} = (v/,w) and e, = (w,v’), where
1(e}) + 1(ey) = I(e'). We choose I(e}) uniformly at random from [0, (e’)].

Let Ly = Lo, (v) be the set of all leaves in the subtree Cr,(v) that are
moved and thus labelled positive. For each node n € VT(j), we set, the label y,, =

|Lc(ny N Li|/|Leo(n| as the proportion of the leaves in C(n) that are outliers.
The machine learning model is trained to predict y,. After the augmentation
process, we will have the training set of gene trees G = GUG] U... UG}, where
|G| = N x (t+1). Note that we also include the original gene trees in G, and we
set y, = 0 for all vertices of T;.

2.4 Feature Generation

For each node, v in tree T', we define the feature vector x,. This feature vector
is composed of metrics describing both the subtree, C(v), and the full tree, T
A comprehensive list of features with brief descriptions is presented in Table

The main signal is provided by features generated from a QSPR move using
a dynamic programming algorithm [3], which identifies the optimal position for
each subtree relative to a reference tree. A natural choice for this reference tree
is an estimated species tree, S, which can be thought of as a summary of the
gene trees. For a subtree C'(v) of a gene tree T, and the species tree S, QSPR
identifies the optimal SPR move on C(v) such that the number of quartets shared
between the updated T and S is maximized. The primary subtree-specific signals
that our model may learn from is the distance, both topological and in terms of
path lengths (i.e., considering branch lengths), that C'(v) moved from its original
position on the gene tree to its new position, as well as many derived features.
An example of a few possible SPR moves, along with their associated features,
can be found in Figure [3| For each vertex v, we perform QSPR both for C(v)
and its complement (i.e., the clade below v if the tree is rerooted somewhere
inside C(v)). Therefore, we obtain two different feature vectors for each vertex
v, corresponding to the bipartition defined by the branch above v. All other
features, with the exception of clade size, are defined on the gene tree as a
whole. These provide context for the model about the tree in which this clade
was found, giving it more information to interpret the QSPR values.

2.5 Modeling and predicting

Let asl(] ) represent a feature vector for subtree j in the unperturbed gene trees
T; € G. Recall that we have no associated ground truth yz(] ) on these gene
trees, but hope to train a model that gives meaningful outputs when evaluated
on these feature vectors. To train these models from our perturbed data, we
adopt a procedure similar to k-fold cross-validation. Our unperturbed and ran-
domly ordered gene trees, G = {T1,T5,..., Ty} are partitioned into %k folds,

GW, ... ,G*). This induces a partition on the perturbed dataset, G’ where if
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Table 1: Features used by GBOD. The first set is outputs of QSPR [3], which
runs in O(kn?log®(n)) time for all features across all k gene trees, each with n
leaves. Others are calculated in O(kn) time.

name wt ¢t Description
QSPR-Nodes The number of nodes a clade moves by QSPR to S
QSPR-Nodes Norm. QSPR-nodes / Avg. Clade Height
QSPR-Dist The branch distance a clade moves by QSPR to S

QSPR-Dist Norm.
Root Dist Before
Root Dist After

Root Dist Change

Quartet Score Diff.

QSPR-Dist / Avg. Branch Height
Distance of clade to root before QSPR.
Distance of clade to root after QSPR.
Root Dist After — Root Dist Before
Change in gene tree quartet score vs. S after SPR.

The number of leaves in the clade.

Average topological height of each vertex in the gene tree.
Standard Deviation of topological heights of each vertex.
Average of heights of each vertex.

Standard Deviation of heights of each vertex.
Average length of all branches in tree.

Longest path between any two nodes
Sum of all branch lengths
Sum of internal branch lengths / Sum of all lengths
Proportion of leaves sister to another leaf.

Sum of difference in child clade sizes.

Sackin Index Sum of the depths ( edges from the root) of all leaves

Tree Height Maximum of the depths of all leaves

Clade Size
Avg. Node Height
Std. Node Height

Avg. Branch Height
Std. Branch Height
Avg. Branch Length
Tree Diamater
Branch Length Sum
Treeness
Cherry Proportion
Colless Index

HommeSEaSadoameaESaaDs
Gl oo ke Yo RoRoke

i: F: Branch lengths of gene trees are ignored; T: otherwise.
1: C: Defined per clade; T: defined per tree.
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Fig.3: Using QuartetSPR [3] to extract QSPR features. For each subtree C' in
the query (gene) tree, we find its optimal placement with respect to the reference
(species) tree. We then compute QSPR features of C, e.g., QSPR-Nodes, QSPR-
Dist, etc, based on the original and the optimal placement of C.
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Gl = {Thi, Thoiv1, -+ Thoignyi ) then G') = Uk-igjgk-iJrN/k G’;. Then for a
fold, 7, we have labeled training data: DSf) =U i G'Y9) | and original unper-
turbed data: DS = G(®. We train our model, (), on labeled pairs of data,
(xj,y;) ~ Dif), where z; is the feature vector for some subtree in an augmented
gene tree of Dgf), and y; is its associated label. We then apply the trained model
¢ on the unlabeled data, x; ~ D to get ; = ¢\ (x;). Thus, test gene trees
are absent from the training dataset, even as perturbed gene trees.

For ¢, we opt to use gradient boosted decision trees. These are ensemble
machine learning models that train by iteratively building weak decision trees
that correct the errors of the existing ensemble. Gradient boosted decision trees
are computationally efficient to train compared to other methods. Additionally,
they have been shown to often outperform deep models on tabular data [32].
While gene trees are not inherently tabular, the featurization and regression on
each subtree independently of each other tabularize our graph-structured data,
lending itself well to models optimized for working on this kind of data. The
model is trained via logistic regression with the standard cross-entropy loss.

2.6 Thresholding

For each original gene tree, we now have a prediction for each subtree on the
proportion of its leaves that are outliers. We need a threshold to use these pre-
dictions to determine which taxa are believed to be erroneous with sufficient
confidence. We designed an automatic thresholding strategy that analyzes the
proportion of leaves we remove at each threshold. Once a threshold is deter-
mined, a leaf is removed from the gene tree if it is contained in any subtree
whose confidence is above that threshold. The thresholding strategy analyzes
the predicted positive rate as a function of the decision threshold. Intuitively,
our scheme aims to numerically find a point with high derivative for this func-
tion, corresponding to a value at which we get a relatively large increase in the
number of filtered leaves. Formally, let the proportion of leaves removed at some
threshold ¢ be F(t) where F(0) = 1 and F'(1) = 0. For some small value, ¢, and
configurable parameter controlling how large the spike is, finax, we gradually
decrease t from 1 to 0 and look for when:

F(t—96)—F(t) > fmax -
We then opt to cut at the first threshold ¢ that satisfies this condition. By default,

we will decrease t in intervals of 0.01 at a time with 6 = 0.01 and fi,ax = 0.005.

3 Experiments

We evaluate GBOD on two simulated datasets and one biological dataset. The
simulated datasets, which will be discussed in detail below, each have known
outliers defined on the leaves of some of the gene trees. We use ASTRAL-IIT [43]
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for species tree inference from the original unperturbed gene trees to use as a
reference for computing QSPR features. GBOD is then trained and tested sepa-
rately for each dataset. When training the model in each fold, we use the left-out
augmented data for the testing fold to determine early-stopping (without knowl-
edge of true outliers). We evaluate our method on the simulated datasets both
by analyzing the F} score on each of the datasets, which takes into account our
automatic thresholding strategy, as well as the Receiver Operating Characteris-
tic (ROC) curves, which are agnostic to our thresholding strategy. In our setting,
a true positive is an outlier detected as such, and a false positive is a normal
sequence marked as an outlier. On the biological dataset, we evaluate the effect
that removal of the labeled outliers has on species tree inference.

We use k£ = 10 folds in the experiments. When computationally feasible,
we augment each gene tree, T;, 99 times, to get an augmented dataset size 100
times larger than the original. When this is too computationally demanding,
we augment each gene tree 9 times. When training our gradient boosted tree
models, we opt to use the XGBoost Python package [6]. In each fold during
model training, we use the augmented gene trees associated with the left-out
fold to perform early stopping to prevent overfitting.

3.1 Datasets

HGT Carnivora Simulated Dataset We simulated a dataset, following the
same exact procedure as the simulated Carnivora dataset used to test Phyl-
teR [7]. This dataset is simulated using Simphy [I7] and uses a 53-taxa Carnivora
tree [2] as a reference species tree. In each replicate, 500 gene trees were simu-
lated with the rate of HGT being le-8 and varying the levels of ILS. Each gene
tree in this simulation contains at most one HGT event, and all taxa affected by
such HGT events are considered outliers, and it is of interest if our procedure
is able to detect these HGT events. From the 500 simulated trees, the first 100
gene trees were retained due to runtime restrictions. We only analyzed the most
general case in which we do not limit the number of outliers per gene, so up to
53 can undergo an HGT event (on average: 1.25 outliers per gene tree).

S200-perturbed dataset We use a second dataset described in earlier work [4].
This dataset starts with a 201-taxon Simphy-simulated dataset [I7] with gene
trees that undergo ILS. Errors are then algorithmically introduced into the
sequence alignment by performing between one and four rounds of perturba-
tion to the sequence data (not gene trees). In a single round of perturbations,
k ~ Poisson(40) genes are modified uniformly at random, and in each of the
genes, a small proportion (¢ ~ Beta(10,90)) of the taxa are chosen to be mod-
ified. The taxa chosen to be modified are sampled according to a strategy that
leads them to be closer to each other on the trees than sampling taxa uniformly
at random would, but they are not monophyletic. Once the taxa for the round
are selected to be modified, the species tree is randomly rerooted, and the root of
the tree becomes the “source” taxa. Some portion of the alignment of the source
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taxa replaces the portions at the same sites in each of the taxa chosen to be
modified, leading to chimeric sequences between the chosen taxa and the source
taxa. This procedure introduced between 0 and 81 perturbations to each gene
(3.2 perturbations in expectation). All perturbed sequences in each gene tree are
marked as (unknown) outliers for that gene tree.

Once alignments are perturbed, gene trees are re-inferred with FastTree
IT [26] and these gene trees become the input to our method. We omit two
of the replicates due to extremely large polytomies in some of the original gene
trees. This dataset was too large to run with 99 augmentations on each gene
tree, so we opted to run it with 9 augmentations per gene tree instead.

Biological Data We study six real datasets. We use a mammalian dataset [33]
with 37 species and 424 genes that is known to have errors identified in previous
studies [11}, 20]. We use the gene trees inferred by RAXML [36] from a reanalysis
of this dataset [19]. There are two datasets studying Xenacoelomorpha, one
studied by Cannon et al., [5], which we call XenCannon, and one studied by
Rouse et al., [28], which we call XenRouse. XenCannon has 78 species and 213
genes, while XenRouse has 26 species and 393 genes. Our next dataset is on
frogs [8] and contains 164 species and 95 genes. We study a dataset focused on
plants and algae [42] containing 104 species and 852 genes. Lastly, we use the
trancriptomic insect dataset [22] containing 144 species and 1478 genes. Only the
insect and plant datasets were too large to run GBOD with 99 augmentations
of each gene tree, so we opted to run it with 9 instead.

3.2 Method Comparison

We compare GBOD to PhylteR [7] and TCMM [4]. PhylteR detects local outliers
in gene trees by representing each gene tree as a distance matrix on the leaves.
Then, using DISTATIS [I], a generalization of multidimensional scaling built
to compare distance matrices, PhylteR represents each taxa by a point in a
low-dimensional Euclidean space, called the compromise space. By doing this,
PhylteR can identify which leaves in which gene trees exhibit abnormally large
deviations from expectations in this compromise space and classify them as
outliers. TCMM provides a way to transform the branch lengths of the gene
trees according to some reference tree. It is parameterized by a parameter A,
which determines how much it changes branch lengths. TCMM’s output can
be used as input to PhylteR to control its ability to detect either topological
(with A = 0) or branch length outliers (with very large \), or some compromise
between the two. We run TCMM with its default A = 1 value, looking for both
topological and branch length outliers.

PhylteR and TCMM identify outliers using a modified Tukey method that
defines outliers as values above the third quartile, adjusted for distributional
skew. The aggressiveness of this method is controlled by the parameter k: lower
values of k result in more taxa being classified as outliers. We evaluate how true
and false positive rates change as we vary this k parameter, yielding ROC curves.
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Fig.4: (Carnivora Simulated Dataset) (a) Comparing GBOD to PhylteR and
TCMM on various levels of ILS using Fj-score. Mean and standard error are
shown on top of the box plots. (b) False Positive Rate (FPR) versus True Positive
Rate (TPR) for each method across various levels of ILS. (¢) ROC curve for each
method across all levels of ILS, showing FPR < 0.1. See Fig. [S1] for full figure
without restrictions and Table [S1|for area under curve (AUC).

GBOD differs in that it directly predicts a confidence score for each subtree. We
then make a determination of outliers by considering some threshold, ¢t. We clas-
sify a taxon as being an outlier if it is contained in any subtree whose confidence
is above this threshold. By default, this threshold is determined automatically.

4 Results

4.1 Simulated datasets

HGT detection on the Carnivora Dataset With default settings (automatic
thresholding for GBOD, k = 3 for PhylteR and TCMM, and A = 1 for TCMM),
the relative Fy accuracy heavily depends on the ILS level (Fig. [4h). In a setting
with almost no ILS (population size set to 10), our method outperforms both
TCMM and PhylteR. However, the F; score of GBOD consistently degrades with
the increase in ILS, exhibiting both a lower TPR and higher FPR as ILS increases
(Fig. [db). These together lead to a consistent decrease in Fy across ILS levels for
GBOD (Fig.|[4h). This contrasts the behavior of both TCMM and PhylteR, which
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Fig.5: (S200-perturbed Dataset) (a) ROC curve comparing all methods. Area
under curve (AUC) values are shown for each method. (b) Comparing GBOD
to PhylteR and TCMM using F}-score. Mean and standard error are shown on
top of the box plots. (c¢) False Positive Rate (FPR) versus True Positive Rate
(TPR) for each method. Mean and standard error are shown.

suffer from lower TPR but enjoy lower FPR as well with higher ILS(Fig. )
Thus, in their default mode, these methods simply find fewer outliers with high
ILS, and as a result, they can potentially maintain, or even slightly improve,
F score as ILS increases to the next two levels (Fig. ) Nevertheless, at the
highest ILS level, these methods find very few outliers, leading to GBOD having
a substantially higher F} than the alternatives, achieved through much better
recall. We note that our choice of threshold is not necessarily optimal in these
cases, as other thresholds with similar recall but better precision exist (Fig. .

When exploring various thresholds, several patterns emerge. Across ILS lev-
els, GBOD displays a lower Area Under the Curve (AUC) than either PhylteR or
TCMM (Table . Importantly, this drop in AUC comes from GBOD’s poorer
performance only at significantly high levels of FPR (Fig. . In the context of
outlier detection, outliers are assumed to be quite rare, so in practice, each of
these methods will choose thresholds corresponding to low false positive rates.
Thus, this AUC cannot be taken as the best comparison method. Focusing on
cases where FPR is below 10%, we see that GBOD is able to achieve lower FPR
rates, and for very low FPR (e.g., below 2%), is better than or competitive with
other methods (Fig. [4). In all conditions except for the low ILS case, our au-
tomatic choice of threshold flags too many outliers compared to the threshold
that maximizes F; (Fig. 7 leaving room for better threshold tuning.

Error detection in the S200 dataset We next turn to outliers caused by data
errors (chimera), as simulated in the S200-perturbed dataset. On this dataset,
none of the methods were particularly effective at finding outliers in the default
settings, detecting 7-10% of errors on average and resulting in low Fj scores
(Fig. [p). The FPR was also low, showing that the errors introduced were simply
missed in most cases in the background of real heterogeneity introduced by ILS.
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Among the methods, GBOD has the lowest F; score, followed closely by
PhylteR and then TCMM, with the slightly lower F} compared to PhylteR being
due to higher FPR, which offsets its slightly higher recall. When examining the
ROC curve, we observe that TCMM with better choices of threshold could find
close to 70% of errors with an acceptable FPR (7%). In contrast, GBOD and
PhylteR achieve only about 25% error detection if FPR is controlled at 10% or
lower. And between the two, GBOD performs slightly worse across all thresholds.
Therefore, the GBOD model does not appear to have been able to learn and
generalize from our augmented outliers to the signal in the underlying errors
introduced to the perturbed sequences on this dataset. The lower accuracy is
only mildly affected by the reduced number of perturbations we were forced to
perform; using 99 augmented trees on a subset of 10 replicate simulated datasets
improved accuracy ouly slightly (Fig. [S3).

4.2 Biological Data

Across the six biological datasets we studied, removal of taxa classified by GBOD
as outliers improves the gene trees’ similarity to the species tree in all cases
(Fig. |§|b and Fig. . In the Mammal and XenRouse datasets, while TCMM
and PhylteR do not identify many outlier taxa in each gene tree (Fig. @a), and
subsequently do not see a large change in RF distance, GBOD ’s clade-based
approach identifies an order of magnitude more taxa as outliers. We also observe
that it is in these two datasets that we see the largest normalized RF improve-
ment across all methods and datasets, followed by the plants dataset, where
TCMM and PhylteR lead to higher RF improvements than GBOD (Fig. @b)
For frogs, all methods achieve similar levels of improvement, though PhylteR re-
moves far more. On insects, PhylteR and GBOD achieve the best improvement,
both removing far more than TCMM.

In general, GBOD tends to find different outliers compared to both TCMM
and PhylteR (Fig. [6h). In each dataset except Frogs, only 0.5%-10% of the out-
liers GBOD identified were shared by either TCMM or PhylteR. For example, in
the insect dataset, PhylteR and GBOD remove almost disjoint sets of outliers,
yet they achieve an almost identical increase in normalized quartet score. On the
other hand, in the Frogs dataset, the majority (54%) of the outliers GBOD iden-
tified were also identified by PhylteR. While PhylteR removed many more taxa
than GBOD or TCMM, the increase in normalized quartet score was extremely
similar across all three methods.

5 Discussion and Future Work

We introduced a general machine learning framework with a novel scheme for
augmenting gene trees with positively labeled errors, which can be used to train
models to recognize subtrees with unusual placements. This task is more com-
putationally demanding than detecting outlier gene trees as a whole. The goal of
our GBOD model is to detect which exact subtrees of a gene tree are positioned
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Fig.6: (Biological Dataset) (a) Venn diagrams for the outliers marked by the
three methods for each dataset, and their intersection. The number of outliers is
shown on each partition. (b) The average number of outliers per gene tree versus
the improvement in normalized RF distance (nrf) between the gene trees and
the estimated species tree, defined as the difference between nrf after removing
detected outliers from the gene trees and the nrf of original unfiltered gene trees
with respect to the species tree. Above the dashed line shows improvement over
the original gene trees.

in anomalous positions with respect to a species tree. These questions would be
easy to answer using QSPR moves if gene trees were always extremely similar to
the species tree; any QSPR to a sufficiently distant place would be anomalous.
However, true gene tree discordance due to normal processes such as ILS makes
it harder to distinguish outliers from normal heterogeneity (Fig. . The goal of
the machine learning component is to distinguish the two.

Our simulations indicated that GBOD is successful in making such distinc-
tions when outliers are due to HGT, but less so for chimeric sequences. On bio-
logical data, GBOD detected outliers that were quite different from the existing
methods. In particular, it appeared that many of the issues with the known prob-
lematic mammals dataset were detected by GBOD. These data are extremely
unlikely to have HGT. High effectiveness of GBOD on these data likely indicates
that some forms of data errors can be detected by GBOD. Thus, the low recall
of GBOD on the S200-perturbed dataset may be specific to its particular form
of introducing errors by creating chimeric sequences. Since that mode of error
introduction is not necessarily the most realistic scenario, feature work should
further explore other methods of simulating errors in the data.

The underlying augmentation strategy we use here is implemented using
random SPR moves to change gene trees. SPR were chosen because they allow
general modifications to the tree topology and are easy to implement. Our re-
sults showed both the promise and limitations of this approach. On the dataset
with HGT outliers, which are similar though not identical to SPR moves [40)],
the results were strong. On the S200 perturbed dataset, where errors were not
similar to SPR, the results were far less strong. On this dataset, TCMM, which
accounts for branch lengths more explicitly than GBOD performed far better.
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Thus, our results demonstrate that training a model to recognize SPRs alone
has inductive biases that carry over to inference. Future work can expand on the
data augmentation mechanisms used. Our choice of SPR-based data augmenta-
tion methods was motivated by their ease of application. A simple extension is to
apply multiple rounds of SPR (one on top of another) to change gene trees more
dramatically. Other approaches to explore in the future could include p-Edge-
Contract-and-Refine moves [I0] and tree-bisection and reconnection. Finally, we
performed between 10 and 100 rounds of augmentation per gene tree; prelimi-
nary results show that the number of rounds does impact accuracy (Fig. .
However, augmenting further will increase the running time of feature extrac-
tion in our current implementation. With some preprocessing, we may be able
to perform QSPR moves on SPR-adjacent gene trees without recomputing all
the counters, saving much of the running time.

Beyond data augmentation, both the choice of model and features are easily
expanded upon. While our results showed that QSPR moves do have the signal to
detect at least some types of outliers, there is no reason that our machine learn-
ing framework could not incorporate other features, such as results of TCMM
and PhylteR, as extra features. Such combinations seem promising and should
be explored in the future. In particular, our current method is mostly focused
on topological outliers, but branch length outliers can be equally informative,
motivating adding such features.

Gradient boosted trees, while computationally efficient to train, work best on
tabular data. As such, in this framework, we tabularize the inherently tree-based
data by assigning each internal node a feature vector and performing regression
on each vector independently. A natural next step, then, is to directly incorporate
trees into the model. To this point, the augmented, positively labeled clades are
created in a dependent manner (e.g., all smaller subtrees of a moved clade are
labeled as outliers); however, due to our tabularization of the data, our current
framework ignores these dependencies and treats each subtree as an independent
training point. A modification to this framework that more naturally lends itself
to modeling the tree structure may significantly improve some results.
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Supplementary Material

Table S1: (Carnivora Simulated Dataset) Area under the curve (AUC) for all
methods. Best Performance for each ILS level is highlighted.
Pop Size (ILS)|GBOD|PhylteR[TCMM(X = 1)

10 0.820 |0.936 [0.931
1x10° 0.763 |0.886 |0.912
2 x 10° 0.782 ]0.855 |0.896

5 x 10° 0.671 ]0.795 [0.835
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Fig.S1: (Carnivora Simulated Dataset) ROC curve for each method across all
levels of ILS, showing the entire range.
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Fig. S2: (Carnivora Simulated Dataset) (a) Comparing GBOD’s default thresh-
old selection versus the optimal possible on various levels of ILS using Fj-score.
(b) False Positive Rate (FPR) versus True Positive Rate (TPR) for each method

across various levels of ILS.
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Fig. S3: (S200-perturbed Dataset - 10 Sampled Replicates) (a) ROC curve com-
paring our method with 99 augmentations per gene tree versus 9. Area under
curve (AUC) values are shown for each method. (b) Comparing differences in the
number of augmented gene trees in GBOD using Fj-score. Mean and standard
error are shown on top of the box plots. (¢) False Positive Rate (FPR) versus
True Positive Rate (TPR) for each method. Mean and standard error are shown.
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Fig. S4: (Biological Dataset) The average number of outliers per gene tree versus
the improvement in normalized quartet score (ngs) between the gene trees and
the estimated species tree, defined as the difference between ngs after removing
detected outliers from the gene trees and the ngs of original unfiltered gene trees
with respect to the species tree. Above the dashed line shows improvement over
the original gene trees.
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each gene tree is augmented to produce the training dataset.
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