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Abstract

We address an old but still controversial question of morphological phylogenetics: whether additive (or ordered) coding is beneficial
to properly extracting phylogenetic information from phenotypical variation. To empirically evaluate the value of the additive cod-
ing, we compared the impact of multistate additive, non-additive, and binary codings for 14 quantitative characters in a phylogenetic
analysis of a genus of phorid flies (Diptera). First, we compared which of these morphological codings were most effective for the
morphological matrix to approximate the results of a molecular data set. We then compared which morphological coding strategies
yielded the best Bayesian posterior probabilities when concatenated to molecular data. We also calculated consistency and retention
indices for each binary element of the additive characters and contrasted these results to a measure of phylogenetic signal. Overall,
these indices were lower for additive characters than for the others but still indicate reasonable accommodation in the tree. Additive
coding outperformed the multistate non-additive coding by recovering higher Bayesian posterior probabilities in the concatenated
dataset. Additive coding was also among the best coding strategies for the morphological matrix to approximate the phylogenetic
signal from an independent source of evidence—i.e., molecular results. Therefore, quantitative information coded as additive had
reasonable phylogenetic congruence with other data and improved the phylogenetic results of morphological data in most cases.
These results support the use of additive coding for phylogenetic analysis and encourage other similar empirical evaluations aiming
to explore the generality of the benefits of this coding method.
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1. Introduction

Morphology continues to occupy a very important place  (Wright 2019). Models and priors once created for mo-
in phylogenetic literature amidst the growing importance  lecular probabilistic analyses have recently been recon-
of phylogenomics to the interpretation of relationships  sidered in the light of particularities of morphological
among taxa (Giribet 2015). On the one hand, Bayesian  characters (Lewis 2001; Klopfstein et al. 2015; Wright et
analyses of morphological data are in a ‘new golden age’  al. 2016; Rosa et al. 2019, and others). On the other hand,
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studies have been questioning the fit of morphology to
the common mechanisms assumed by model-based prob-
abilistic analyses (Goloboff et al. 2018). This dispute was
extensively discussed using simulations that differed in
supporting parsimony (Goloboff et al. 2017) or Bayesian
analyses (Wright and Hillis 2014; O’Reilly et al. 2016;
Puttick et al. 2017) as the best optimality criteria for mor-
phological characters.

However, some other fundamental aspects of interpret-
ing morphological data and applying them have received
less attention. One of these aspects includes deciding how
to delimit homology hypotheses that will be incorporated
into the analysis through character coding. Morphologi-
cal characters and their states are not purely ‘observable
data,’ as often referred to, but hypotheses that aim to re-
cover the reality of continuity of information among mor-
phological conditions, i.e., homology. Frequently, for the
same set of morphological conditions, there are different
ways to delimit homology hypotheses and code them as
states and characters (e.g., Forey and Kitching 2000). The
choice of a particular ‘coding strategy’ for a specific char-
acter differs substantially from the treatment of molec-
ular data for which state delimitation is straightforward
and precedes character delimitation. The coding strategy
chosen with its homology hypotheses, states, and char-
acter delimitations can substantially affect the analytical
results (Brazeau 2011; Simdes et al. 2017), given that the
analysis is itself the search for the tree that best accom-
modates the homology hypotheses (Farris 1983).

One of the main still open questions regarding coding
strategies deals with the best way to delimit homology
hypotheses in a character with a quantitative nature. Ex-
amples include characters accounting for the number of
vertebrae in certain taxa, the proportionality of a given
structure (i.e., the width-to-length ratio), or relative size
of a structure, such as fins with different degrees of de-
velopment in relation to body size. In such quantitative
cases, three main coding schemes have been proposed:
binarization (i.e., split the morphological variation into
two states), multistate non-additive (or unordered), and
multistate additive codings (or ordered).

Additive coding, the focus of this paper, provides a sys-
tem of differential transition costs among states that sets a
higher transition cost between states scored with more dis-
crepant numbers, i.e., non-adjacent character states. This
system is generally applied in cases where the morpho-
logical information is interpreted to have a continuity of
information at the state level (used for state delimitation)
and additionally among two or more states. Additive cod-
ing has frequently been used in meristic characters (i.e.,
those with counts) or numerical values such as raw mea-
surements or proportions / ratios. Continuous (Goloboff et
al. 20006) and aligned landmark data (Goloboff and Cata-
lano 2011) can be considered types of additive characters
using the same logic but with adjustments that exempt
them from the need of information discretization.

In Bayesian inference, additive information may be
incorporated to the analysis by attributing to a character
an instantaneous rate matrix in which the only transitions
allowed are the ones between adjacent states. In a three-

state character, for example, only transitions between 0
and 1 and between 1 and 2 would be allowed, with the in-
stantaneous rate between states 0 and 2 set as 0. A lineage
with state 0 would reach state 2 only by passing through
the intermediary state 1 first (Ronquist et al. 2012).

In contrast, some authors argue that evolution through
intermediates is not a necessary assumption of the ad-
ditive characters in the context of parsimony and that
they could be alternatively seen as sets of contingent hy-
potheses of homology (Wilkinson 1992; Mickevich and
Lipscomb 1991). A transition between 0 and 2 would be
possible in an additive character, but it would require a
higher cost as it violates more ideas of homology. In this
view, additive coding could essentially not rely on extra
assumptions other than the central ideas of phylogenetic
inference, i.e., homology and how to accommodate it into
trees (Hennigian auxiliary principle—shared information
should be “always reason for suspecting kinship” and its
“origin by convergence should not be assumed a priori”,
Hennig 1966: p. 121).

The distinct aspects of the additive characters have
received different levels of attention in the literature.
Numerous studies have addressed the question of how to
discretize states (or not to) for quantitative morphologi-
cal features (e.g., Garcia-Cruz and Sosa 2006; Goloboff
et al. 2006). Some studies discussed the logical basis
and theoretical arguments in favor or against additive
coding (Pimentel and Riggins 1987; Hauser and Presch
1991; Mickevich and Lipscomb 1991; Wilkinson 1992;
Grant and Kluge 2003). Finally, that we know of, only
three studies evaluated the phylogenetic signal of addi-
tive characters (discretized or not) by comparing its in-
formation to other sources of phylogenetic evidence (to
molecular characters in Hendrixson and Bond 2009 and
Smith and Hendricks 2013 or other types of morphologi-
cal characters, Goloboff et al. 20006).

Across these studies, the merits of additive coding re-
main controversial. Among the 30 morphological phylo-
genetic analyses published in the journal Cladistics from
volume 33 (2017) to volume 37 (2021), only 23% (7)
coded at least one character as additive (while 17 did not
use this coding for any character and six did not specify
their coding strategies). Considering that these research-
ers probably have found at least a few characters with
a quantitative nature, we list two possible reasons for
their choice of not coding them as additive: they could
have considered that the additive characters bear unjus-
tified evolutionary assumptions (following some of the
previously cited studies that argument against this coding
strategy) or they doubted of the potential of this coding to
contain higher phylogenetic signal compared to the other
coding strategies.

Although we believe that the theoretical basis of addi-
tive coding still warrants discussion, a proper theoretical
evaluation would require a lengthy treatment beyond the
scope of the present paper. Instead, our focus here is on
the potential empirical value of this coding method. We
present the fourth study designed to evaluate in depth the
empirical information of the additive coding. We compare
this and other coding methods by analyzing their congru-
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ence with other morphological characters and molecular
data in an empirical phylogenetic analysis. Similarly to
these three other studies, our analyses also show that
quantitative information coded as additive characters has
higher levels of homoplasy compared to most other mor-
phological characters. However, our analyses also show
that the additive characters were important to the morpho-
logical data approximate the results of the molecular in-
formation. We also find that additive coding yields better
posterior probabilities compared to non-additive coding
in a concatenated morphological/molecular matrix.

2. Material and Methods

All analyses of this study use the data from the phyloge-
netic analysis of the phorid fly genus Coniceromyia Borg-
meier (Diptera: Phoridae) of Ament et al. (2021). The ma-
trix of this study combined 77 morphological characters
and gene fragments of nuclear and mitochondrial regions

(arginine kinase, cytochrome oxidase I, 16S rDNA, and
NADHI!1 dehydrogenase). The morphological characters
were scored for almost all 133 taxa in the matrix, while the
molecular information could be obtained for 84 of these
taxa. All morphological characters and DNA sequence
data used herein were obtained from Ament et al. (2021);
DCA was responsible for recoding morphological charac-
ters in the various approaches described below. The main
character matrices, genes sampled per species and trees
used in the analyses described ahead were deposited in
Zenodo as supplementary files (https://doi.org/10.5281/
zenodo.15632525; Appendix 1 [Data Resources]).

2.1. Characters selected for additive
coding and criteria for establishing
transition costs

The first 14 morphological characters of Ament et al.
(2021) deal with quantitative scenarios of four differ-
ent types: ratios of structure measurements (characters
1-5, illustrated in Fig. 1C-E, G), seta counts on a par-

Figure 1. Illustrations of the 14 morphological characters of Ament et al. (2021) dealing with quantitative scenarios. These char-
acters were evaluated using different coding strategies in this study. A Character 9, shape of the first flagellomere of the antenna,
including the states globular, conical, and conical elongated (respectively illustrated from left to right). B Different conditions of the
character 10, number of elongated setae on the foretibia (left to right, two, four and three, respectively). C Character 1, Width/length
of the foremetatarsus. D Character 2, Width/length of the foretarsomere 2. E Character 4, length of the costal vein in relation to wing
length, and Character 5, distance between CuA1 and M2/distance between M2 and M1. F Characters 7-8, 12—14, curvatures of the
wing veins M1, M2 and CuA1 measured through morphometric analyses. G Character 3, hind femur height/length ratio. H Charac-
ter 11, distribution of the basal group of strong setulae of the hind femur. Figure modified from Ament et al. (2021).
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ticular structure (character 10, Fig. 1B), geometric mor-
phometric characters describing the curvature of wing
veins (characters 7-8, 12—14, Fig. 1F), or characters
with other types of morphological continuity (characters
9, 11, Fig. 1H). These characters were included in the
analysis of Ament et al. (2021) due to their conspicuous-
ness, high interspecific variation in the genus, and the
apparent correspondence of their variation to taxonomic
groupings. Some conditions are particularly notable for
Coniceromyia taxonomists. For example, the drastically
elongated foremetatarsus of some species or the short-
ened costa or widened space between wing veins M,
and CuA, found in other taxa (characters 1, 4, and 5,
respectively). Furthermore, these characters exhibit con-
siderable intraspecific uniformity, which often allows
their information to be used in species diagnosis (e.g.,
diagnosis of C. inflata, C. crassivena, and C. litopoda in
Ament et al. 2020).

We considered the information of these characters ad-
equate for evaluating the additive coding by recognizing
their clear quantitative nature (characters 1-8, 10, 12—14)
or differential continuity of information among their
states (characters 9, 11). None of the other characters of
the analysis met these criteria. The transition costs among
states were established as inversely proportional to their
continuity of information, i.e. lower transition costs were
attributed between states with higher morphological af-
finities (Fig. 2C).

The morphometric characters describe the curvature of
three wing veins. We established 15 equally spaced land-
marks along each wing vein, and their geometric morpho-
metric distances were calculated through primary com-
ponent analysis (PCA) (Fig. 1F). The values of PC1 and
PC2 describing the curvature of wing veins were used as
the continuous values to be discretized and included in
the analyses as additive. We considered this an interest-
ing way to treat each wing vein as a whole and to get the
precise differences in curvature among the diverse wing
veins of Coniceromyia (Fig. 1F; figs 13—16 in Ament et
al. 2020).

Notably, principal components are understood to have
problematic interpretations in certain comparative anal-
yses (Uyeda et al. 2015). Some analyses are prone to be
misled by the PCA sampling of the multivariate pattern
and artefactually conclude that the principal components
evolved via ‘early bursts’ processes (Uyeda et al. 2015).
These problems with PCs are demonstrated to happen
when using this information directly in the analyses (as
PC values) and are especially relevant in analyses that
focus on character rates (Uyeda et al. 2015). Our use of
principal components differs from these problematic cas-
es as PCA is employed here as a shape descriptor prior to
the discretization of the information and in the context of
a phylogenetic analysis.

The five measurement ratios and six geometric mor-
phometric characters were discretized into six states of
equal range (Ronquist et al. 2012). We are aware of the
benefits of treating continuous characters as such (Golo-
boffetal. 2006) and that applying this method could have
different results for the parsimony analyses. However,

we considered our simplified approach sufficient for re-
trieving the general information of additiveness while
maintaining the comparability of the different analyses.

2.2. Approaches to deal with the infor-
mation of the selected characters

As detailed below, we compared six ways to deal with the
14 selected characters:

(1) removal from the analysis. This approach aimed to
interpret the phylogenetic signal of the remaining 63
morphological characters and how incorporating the
14 focal characters in the different analyses may en-
hance or decrease this signal.

(2) regular multistate additive coding (or ordered). The
characters were set in MrBayes by activating the
command ‘ctype ordered: character numbers,” and
in TNT by activating the additivity in the character
settings (Goloboff and Catalano 2016). In parsimo-
ny, this coding assigns lower transition costs to mor-
phological conditions with greater continuity of in-
formation (Fig. 2C). In Bayesian analyses, character
ordering restricts state transitions by allowing only
transitions between adjacent states (Fig. 2F).

(3) decomposed additive character. The decomposed ad-
ditive coding is the separation of the additive char-
acter information into binary characters following
the proposal by Farris et al. (1970) (Fig. 2D). The
binary characters originating from the decomposition
of a single additive character will be referred to as
sub-characters hereafter. The information of a three-
state additive character may be decomposed into two
binary sub-characters (Fig. 2D), while a six-state
additive character is decomposable into five bina-
ry sub-characters. This coding is expected to differ
from the regular additive coding in the analyses that
deal with characters according to different weights
(implied weights parsimony) or rates (Bayesian
analysis), given that the sub-characters of the same
additive character may be individually interpreted
differently by these analyses.

(4) regular multistate non-additive coding (unordered).
In parsimony, this coding allows transitions between
any states and attributes the same cost to all transi-
tions (Fig. 2B). In Bayesian inference, this coding
also allows all transitions between states and assumes
an equal transition rate for all of them (Fig. 2E).

(5) best binary coding. We examined the accommoda-
tion of the binary sub-characters of each decomposed
additive character in the tree resulting from the anal-
ysis that included only taxa with both morphological
and molecular information. Based on the retention
indices (RIs), we selected the most informative bina-
ry sub-character for this tree and used it as the only
representation of that additive character. The purpose
of this coding was to approximate the best possible
binary coding for the quantitative information.
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Figure 2. A Example of one of the 14 quantitative characters studied, and its morphological conditions coded as three distinct states.
B-F Most coding strategies used to incorporate this character information into the phylogenetic analyses.

(6) second-best binary coding. We followed the previous
procedure but selected the sub-character with the sec-
ond-best retention index.

2.3. Analytical parameters

Equal weights and implied weighing parsimony analyses
were run with TNT (Goloboff and Catalano 2016) using
the four new technologies in combination and under de-
fault options, stopping after reaching the best score 50
times. Implied weighting analyses used a K value of 3.
Bayesian analyses were run with MrBayes (Ronquist et
al. 2012) in Cipres (Miller et al. 2010). Each Bayesian
analysis simulated 70 million generations using the Mk
model (Lewis 2001) with the gamma distribution param-
eter for accommodating differences in character rates and
the ‘variable’ coding specification to correct for bias of
morphological character selection. The default MrBayes
priors were used, except that overall rates were allowed
to vary across partitions with “ratepr=variable”. Model
parameters statefreq, revmat, shape, pinvar, and tratio
were unlinked across partitions. All Bayesian runs were
checked to see if they reached a standard deviation of split
frequencies under 0.01, a potential scale reduction factor
(PSRF) close to 1, and an effective sample size above 100
for all parameters to ensure that they reached a reliable
exploration of the parameters. Stepping stones used 50

steps and the previous parameters. The input files with
the matrix and parameters can be found at Appendix 1.

2.4. Analysis 1

Comparison of morphological trees to the one
obtained from the molecular data (Fig. 3)

Morphological matrices with the six codings for the 14
quantitative characters and including all taxa were an-
alyzed under three optimality criteria: Bayesian, equal
weights parsimony, and implied weighting parsimo-
ny—and compared to the results of the molecular data
analyzed under the Bayesian approach. Three different
partitioning strategies were applied to the morphological
data in the Bayesian analyses: (1) unpartitioned, (2) one
partition for the quantitative characters and another for
the remaining characters, and (3) the homoplasy-based
partitioning (Rosa et al. 2019). These comparisons aimed
to investigate which morphological coding approach best
aligns with the result of the molecular data, assuming this
congruence as a proxy for phylogenetic accuracy.
Homoplasy-based partitioning (Rosa et al. 2019) is a
method for categorizing characters into partitions with
similar evolutionary rates. First, an implied weighting
parsimony analysis is performed to assess the homoplasy
levels of the characters. The range of homoplasy levels
observed is divided into equal intervals, and the charac-
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ters are clustered accordingly. In a subsequent Bayesian
analysis, each cluster is treated as a partition with its
own rate multiplier; however, tree topology and branch
lengths are linked across all of them. Herein, we divided
the characters into six partitions according to their homo-
plasy levels as described previously.

The tree obtained from the molecular data was used
as a benchmark for phylogenetic signal. Certainly, the re-
sult of the molecular analysis may change whenever more
genes are added to this dataset. However, the molecular
tree is a relevant comparison to the morphological one
as the molecular analysis had relevant taxon and gene
sampling and followed a detailed protocol for obtaining
and analyzing the data. This resulted in a tree with high
posterior probability values for most clades (Appen-
dix 1). Moreover, the molecular dataset is expected to
be independent of the morphological one and there are
no reasons to suspect that artefactual molecular results
would consistently favor a specific morphological coding

Original data (from Ament et al. 2021)

b

Tree A - obtained
from molecular and
morphological data

b

Tree B - obtained
from the molecular
data

Morphological matrix
(77 characters)

including 14
quantitative
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(AK, COIl, 16S, NADH1)

scheme. Therefore, the high congruence between mole-
cules and morphology we found in some of our analyses
is mainly understood as shared phylogenetic signal.

The resulting trees were summarized into one tree
through the command ‘allcompat’ in MrBayes, or as a
strict consensus in parsimony analyses in TNT. Although
the ‘allcompat’ summarization of trees generally is not the
way Bayesian analysis deals with uncertainties (Brown et
al. 2017), we understand that for the present purposes, the
complete representation of the trees sampled, including
clades present in less than 50% of the tree sample, allows
a better understanding of the impact each coding had on
the analysis.

The resultant tree had all taxa not present in the molec-
ular tree removed using the ‘drop. tip’ routine in R pack-
age Ape (Paradis and Schliep 2018). These two threes
were then compared through quartet similarity distances
calculated using the R package Quartet (Smith 2019).
Quartets were chosen for tree-topological comparisons,
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Figure 3. Schematic representation of the original data and the three analyses performed in this study. The original morphological
and molecular matrices, Tree A and Tree B are provided as supplementary data at https://doi.org/10.5281/zenodo.15632525.
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as this metric provides a complete description of the
similarities, dissimilarities, and the degree of resolution
differences between two trees (Day 1986; Estabrook et
al. 1985; Smith 2019). This similarity metric can account
for similarities in the relative position of taxa, even when
rogue taxa (i.e., those with highly variable phylogenet-
ic positions) are present, which can make comparisons
challenging. Notably, the quartet similarity metric does
not experience the issues that are known to adversely
impact Robinson-Foulds distances (Robinson & Foulds
1981)—i.e., high distances between trees that differ only
by one or a few taxa positioned in distant parts of these
trees (Goloboff et al. 2017).

2.5. Analysis 2

Comparison of posterior probabilities of the
concatenated datasets (Fig. 3)

The multistate non-additive and additive codings were
also compared through Bayesian posterior probabilities
(BPPs). The morphological datasets with these codings
were concatenated to the molecular dataset, and, for each
of these concatenated matrices, the posterior probability
was calculated through stepping stones sampling (Xie et
al. 2011). This comparison aimed to investigate which
morphological coding has the best accommodation with-
in itself, with the other 63 morphological characters, and
molecular data. By using the posterior probabilities, this
accommodation considers other elements besides the tree
topology, such as branch lengths, character rates, and
other parameters estimated by the analyses. The posteri-
or probabilities were compared using a Bayes Factor test
by first finding the K dividing the posterior probabilities
Pr(DM1)/Pr(DM2) (prior probabilities being the same).
The K value was interpreted following the table provided
by Kass and Raftery (1995).

2.6. Analysis 3

Accommodation of the additive information in
the tree (Fig. 3)

This analysis aims to explore how well the information
of additive characters is accommodated in one of our bet-
ter-supported trees, resulting from the analysis that in-
cludes only taxa for which we had both morphological
and molecular data (Appendix 1). To assess the accom-
modation, we chose simple consistency and retention
indices (CI and RI) which could be compared to those
of binary and multistate non-additive characters. As the
name suggests, the consistency index (CI) measures
the consistency of characters with a given tree, varying
from 1 to smaller values that approach O (the lower the
value, the higher the inferred homoplasy of the data or
discordance with the phylogenetic hypothesis). This in-
dex is calculated as follows: CI=m/s, where “m” is the
minimum number of steps of a character and “s” is the

observed number of steps of that character in the given
tree. Similarly, the retention index (RI) measures poten-
tial and realized synapomorphy of a character on a given
tree; it can be calculated using the formula RI=(g-s)/(g-
m), where “g” is the maximum number of steps possible
for a character. When the calculations are made jointly
for all characters in the dataset, the results are referred
to as the ensemble indices and are represented by capital
letters (i.e., CI and RI).

The traditional CI and RI, however, do not properly
measure the information of the additive characters. These
indices measure only the state-delimiting homology hy-
potheses and not the ideas of continuity among states par-
ticular to additive coding. Therefore, we propose a new
way to use these indices to measure the accommodation
of additive characters in a tree: to decompose each mul-
tistate additive character into binary sub-characters and
to calculate their consistency and retention indices. The
mean of these indices for each category of sub-character
was compared to the mean of the binary and multistate
non-additive characters.

Additionally, we measured and compared the phylo-
genetic signal of additive characters with those of oth-
ers using Blomberg’s K index (Blomberg et al., 2003).
This is a statistic that compares the character-observed
states in the tips of the reference tree with the states ex-
pected if the character evolved through Brownian motion
(Blomberg et al. 2003). If the resultant K value is high-
er than 1, closely related species are more similar than
expected under a Brownian motion model. We used the
package ‘Picante’ (Kembel et al. 2010) in RStudio (Posit
team 2025) to calculate Blomberg’s K.

3. Results

3.1. Which coding strategy of morpho-
logical data better approaches re-
sults achieved with molecular data
(Analysis 1)?

Considering all analyses performed, the Bayesian analy-
sis of the morphological matrix without the 14 characters
recovered a result of intermediate congruence with the
molecular data (Fig. 4A, white horizontal line). The anal-
yses that included the 14 characters varied with consider-
ably better or worse approximations of the molecular tree
(blue bars compared to the white line in Fig. 4A; Table 1).
In general, the Bayesian analyses without data partition-
ing and with partitioning based on homoplasy resulted in
a tree slightly less congruent with the molecular hypoth-
esis. The parsimony analyses varied between recovering
the tree most congruent with the molecular result (when
all 14 characters were coded as additive) to largely un-
resolved trees that hinder comparison to the molecular
results. Clearly, the coding strategy of the 14 quantitative
characters impacted the parsimony analyses considerably
more than the Bayesian analyses (Fig. 4A).
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Table 1. All treatments for morphological data, phylogenetic analyses, and the data and results exploration performed in analysis 1.

Columns 2—4 indicate the number of quartets shared between the tree resultant from the analysis of the morphological dataset and

the tree from the Bayesian analysis of the molecular data. Column 5 indicates the percentage of resolved quartets congruent to the

molecular results. — Abbreviations: BI, Bayesian Inference; part. Rosa et al. 2019, homoplasy-based partitioning suggested by

Rosa et al.
Analyses Quartets shared with | Quartets different | Unresolved quartets Percentage of
the molecular tree from the molecular correctly resolved
tree quartets
BI, 1 partition, without 14 chars 100880 77485 0 57
BI, 1 partition, addit. decomposed 102199 76166 0 57
BI, I partition, additive 97899 80466 0 55
BI, 1 partition, non-additive 98524 79841 0 55
BI, 1 partition, best binary 103286 75079 0 58
BI, 1 partition, second best binary 112082 66283 0 63
BI, 2 partitions, addit. decomposed 92478 85887 0 52
BI, 2 partitions, additive 107660 70705 0 60
BI, 2 partitions, non-additive 106462 71903 0 60
BI, 2 partitions, best binary 105067 73298 0 59
BI, 2 partitions, second best binary 106956 71409 0 60
BI, partit. Rosa et al. 2019, addit. decomposed 98627 79738 0 55
BI, partit. Rosa et al. 2019, additive 100595 77770 0 56
BI, partit. Rosa et al. 2019, non-additive 92806 85559 0 52
BI, partit. Rosa et al. 2019, best binary 106056 72309 0 59
BI, partit. Rosa et al. 2019, second best binary 96721 81644 0 54
Parsimony without 14 chars 33707 10423 134235 76
Parsimony additive 118917 59322 126 67
Parsimony non-additive 110243 62919 5203 64
Parsimony best binary 17848 6515 154002 73
Parsimony second best binary 16178 6982 155205 70
Without 14 chars, Impl Weigh 74963 51906 51496 59
Imp Weig additive decomposed 102085 73852 2428 58
Impl Weigh additive 102085 73852 2428 58
Impl Weigh non-additive 89229 89136 0 50
Impl Weigh best binary 111673 40734 25958 73
Impl Weigh second best binary 87783 63205 27377 58

Among the Bayesian analyses, the two-partition treat-
ments generally yielded the most congruent results with
the molecular ones. The decomposed additive characters
were not more congruent with the molecular information
than the results of the regular additive coding. The additive
coding generally had the second more congruent result
among the treatments behind one of the binary codings,
except in the parsimony equal weights analysis, where
the additive coding had the result more congruent with
the molecular data among all analyses. The best binary
coding yielded the most congruent results in some anal-
yses, such as the ones using partitioning based on homo-
plasy and implied weighting. However, the second-best
binary coding in these analyses had a considerably less
congruent result, even compared to the regression line of
all the analyses (Fig. 4B). The non-additive coding is the
treatment that distanced more from the molecular results,
except in the parsimony equal weights analysis (Fig. 4A).

Three parsimony equal-weights analyses resulted in
the trees with the lowest resolution with less than a quar-
ter of the total clades resolved but also a high percentage
of clades congruent with those found in the molecular re-

sults (Figs 4A, B). This severe compromise of resolution
for accuracy results in a tree with several polytomies that
would not be satisfactory for most researchers who want
to study the evolution of the genus. However, two other
parsimony analyses yielded a tree with high resolution
and a high percentage of clades resolved according to the
molecular tree—these are the equal-weights additive and
the implied weighting best binary coding.

3.2. Which morphological coding has
the best posterior probabilities
when concatenated with the mo-
lecular data (Analysis 2)?

When morphological and molecular datasets were con-
catenated and the morphological matrix was divided into
two partitions (one for quantitative and the other for the
remaining characters), stepping stones sampling recov-
ered the model assuming the quantitative characters as
ordered with higher posterior probability than the model
assuming them as unordered (In marginal likelihood of
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Figure 5. Consistency and retention indices (CI and RI) and phylogenetic signal (Blomberg’s K) of the different types of characters

in Tree A (i.e., tree resultant from the analysis of the combined morphological and molecular information). CI and RI were calcu-

lated for the additive characters as the mean of each of their sub-character indices; bars indicate standard errors. A Indices of the

main types of characters. B Indices of the different sub-character types in comparison to the other additive, binary, and multistate

characters in the matrix.

—-30365.03, in contrast to —30504.00). The Bayes factor
calculated for these differences indicated substantial evi-
dence favoring the additive coding as the best model for
treating the data (log,, K value of 0.995).

3.3. How well accommodated is the
additive information in a total-
evidence tree (Analysis 3)?

The among-state homologies (measured as sub-charac-
ters) of the 14 studied characters had reasonable accom-
modation in the reference tree as shown by consistency
and retention indices (Fig. 5A). Still, these indices are
considerably lower than the ones of the binary and mul-
tistate non-additive characters studied. In general, the
sub-characters of the measurement ratios and geometric
morphometric PC1 characters had similar mean values
for CI and RI, around 20 each (Fig. 5A). These two types
of characters, also similarly, had higher Cls and lower
RIs for more asymmetrical sub-characters (one state/five
state homologies) in comparison to more symmetrical
ones (three state/three state homologies) (Fig. 5B). The
additive characters with fewer states resulted in higher
retention index values (‘other additive’ in Fig. 5A), some-
times even comparable to the ones of binary and multi-
state non-additive characters.

Among all the sub-character categories, only the more
asymmetrical sub-characters (one sixth and five sixths of
the variation coded as distinct states) of the PC1 morpho-
metric data were poorly accommodated by the tree (mean
RI = 6.25; Fig. 5B). The other categories range from 13
to 62 of RI, indices that reflect reasonable accommoda-

tion and grouping information. Notably, the multistate
non-additive characters, which had the highest indices,
deal with a very different scenario than the focal charac-
ters of this study. These non-additive characters do not
meet the criteria we used to consider the application of
additive coding, i.e. quantitative information or continui-
ty between states, and therefore were not evaluated using
other coding strategies.

The phylogenetic signals measured through Blom-
berg’s K statistic had similar results to the consistency
and retention indices—measurement ratios and geomet-
ric morphometric characters had the lowest Ks (mean of
0.64 and 0.63, respectively) followed by other additive
(mean 0.77), binary (mean 0.95), and multistate non-ad-
ditive characters (mean 1.04) (Fig. 5A). All character
categories had high variance of K values, with additive
characters varying from 0.38 to 1.30, binary characters
from 0.16 to 4.11 and multistate non-additive from 0.35
to 3.05 (Appendix 1). Only one character of ‘other ad-
ditive,” seven ‘binary,” and five ‘non-additive’ characters
had K values higher than 1, implying that their observed
states are more similar among closely related species than
if these characters evolved under Brownian motion.

4. Discussion

Assessing phylogenetic accuracy or the quality of the
phylogenetic signal of a set of characters is challenging
because the optimal hypothesis for a given empirical data-
set may (often) be incongruous with available molecular
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benchmarks. In this context, congruence is often inter-
preted as indicating an approximation of a correct result
that emerges from a shared evolutionary history (Nixon
& Carpenter 1996). Overall, the morphological quanti-
tative characters of our dataset enabled the morpholo-
gy-based topologies to approximate the topology derived
from molecular data. We interpret this as quantitative
information of these characters to be capturing valuable
phylogenetic signal in the analysis. Quantitative informa-
tion should thus be considered in phylogenetic analysis,
especially considering that morphological matrices often
have a limited number of characters and could benefit
from including relevant data (Wright & Hillis 2014). The
results also showed the importance of the treatment of
these quantitative characters, with some coding strategies
yielding results that were much more congruent with the
molecular ones than others (Fig. 4).

The additive coding provided the best or second-best
approximation to the molecular results in all analyses
(sometimes tied with other coding methods, Fig. 4). The
“best” or “second-best” decomposed binary codings (bi-
nary divisions with highest retention indices) varied in
their approximation of the molecular tree, sometimes
with more congruent results than the additive coding,
other times with less congruent results (Fig. 4). Notably,
we used for the binary codings splits of the variation into
states designed a priori to maximize the synapomorphy
potential of these characters (with higher retention indi-
ces). Even with these “ideal” binary splits, either one or
both binary codings were outperformed by the additive
coding in approximating the molecular results in most
analyses. Two additional considerations are necessary to
interpret these binary codings results: (a) less-ideal splits
of the binary characters (with lower retention indices)
could possibly lead to results that are less congruent with
the molecular tree and (b) in most analyses there is no way
to know a priori which binary splits would contain more
synapomorphic (or phylogenetic) information. Based on
the varying results of our binary codings and on their in-
herent uncertainty during state delimitation, we interpret
that the additive coding is rather a more consistent way to
assure the incorporation of the phylogenetic information
from quantitative data into the analysis. Alluding to our
empirical results, the additive coding does not depend on
an ideal scenario to achieve a more congruent approxima-
tion to the molecular tree.

The high levels of homoplasy (low consistency indi-
ces—Cls, Fig. 5) we found for the additive characters
should have influenced how some analyses weighted
their information. The equal weights parsimony analy-
sis allows additive characters to have more power in se-
lecting the optimal trees because this analysis does not
downweight characters with high homoplasy levels (as
in implied weights parsimony) nor interprets characters
according to estimated transition rates (model-based
probabilistic analyses). Interestingly, the equal-weights
parsimony analysis produced a fully resolved tree most
congruent with the molecular data (Fig. 4). This indicates
that the additive characters information could not have
contributed to other analyses with as much power as in

the equal-weights approach possibly due to the differen-
tial weighting applied to the various characters. The addi-
tive coding was more congruent with the molecular data
than the non-additive in almost all analyses (Fig. 4), and
it also yielded better results than the non-additive as as-
sessed by Bayesian posterior probabilities.

The complete information of the additive characters
(measured as sub-characters) had more conflicting ac-
commodation than the information conveyed by other
characters, as shown by consistency and retention in-
dices (Fig. 5). Still, as suggested by CI and RI, almost
all categories of additive sub-characters had reasonable
accommodation in the tree and grouping information
(Fig. 5). The indices show that the additive characters
had homoplastic but potentially helpful information. Ad-
ditive characters also had the lowest mean of phyloge-
netic signals with K values ranging from 0.38 to 1.30
(Fig. 5A). Notably, other types of morphological charac-
ters also had low phylogenetic signals (K under 1, Fig.
5A). These low scores could be related to the possible
poor fit of morphological characters to branch lengths,
which are present in the Blomberg’s K estimation (dis-
cussed further below).

The limited number of studies investigating the phy-
logenetic information of additive characters hinders our
understanding of their general aspects and usefulness
for phylogenetic reconstruction. So far, only three other
studies have been designed to evaluate the phylogenetic
information conveyed by additive characters, comparing
it to other sources of evidence: Goloboff et al. (2006),
Hendrixson and Bond (2009), and Smith and Hendricks
(2013). Our results align with those of these three studies,
indicating four likely recurrent aspects of these characters
that merit further empirical investigations, as explored in
the topics below.

a) Additive characters may have, in general,
high indices of homoplasy

High levels of homoplasy in the additive characters are
demonstrated herein through low values of consistency
and retention indices. Similarly, the findings of Hendrix-
son and Bond (2009) suggest that homoplastic evolution
may account for the low phylogenetic signal observed in
these characters.

b) Additive characters may have significant
topological congruence with other morpho-
logical information and molecular data

Despite the high level of homoplasy of additive charac-
ters, the present study, along with Goloboff et al. (2006)
and Smith and Hendricks (2013), has demonstrated their
congruence with other data sources. Quantitative in-
formation in the form of additive characters have been
shown to enhance the congruence of phylogenetic in-
formation of morphological and molecular data in some
analyses of this study, as well as to increase clade support
when using exclusively morphological data (Goloboff et
al. 2006), and to recover relationships of certain taxa sim-
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ilar to those obtained from other sources of data (Smith
and Hendricks 2013). In our analyses, incorporating ad-
ditive characters into a dataset with other morphological
characters yielded similar or better (but never worse) re-
sults regarding similarity to the molecular tree. This con-
gruence with other data sources is evidence for a shared
phylogenetic signal.

In contrast, Hendrixson and Bond (2009) found that
continuous additive characters had low phylogenetic sig-
nal and low likelihood scores in a molecular reference
tree. Our analyses also showed relatively low phyloge-
netic signal for additive characters measured through
Blomberg’s K statistic (Fig. 5SA). In addition to other fac-
tors, both measures account for the fit of these characters
to branch lengths estimated from the molecular data. The
poor fit to branch lengths may significantly influence the
low scores of additive characters in these evaluations, as
elaborated in the following topic.

c) Additive characters may not fit well to
common mechanisms in the form of branch
lengths (as morphological characters in
general)

Goloboff et al. (2018) demonstrated that empirical sets
of morphological data poorly fit common mechanisms
represented by branch lengths. Although Goloboff et al.
(2018) did not specifically evaluate additive characters, it
is reasonable to expect that they may exhibit this pattern.
If this is the case, it is important to investigate the extent
to which poor fit to branch lengths affects the scores for
the additive characters in analyses that consider this (e.g.,
Hendrixson and Bond 2009) and other forms of optimiz-
ing and evaluating their information, such as parsimony
analysis.

d) Some additive characters may have more
phylogenetic information than others

Hendrixson and Bond (2009) demonstrated that some ad-
ditive characters might be significantly more congruent
with molecular data than others, highlighting the impor-
tance of character selection in the analysis. Goloboff et al.
(2006) also indicated that certain quantitative characters
could contain more useful phylogenetic information for
the analysis. Our results showed additive characters with
Blomberg’s K values ranging from 0.38 to 1.30 (Table 2),
also confirming that they may vary considerably in phylo-
genetic information. However, there is still no clear way
to a priori detect which quantitative data contain more
useful phylogenetic information and therefore could con-
tribute more to the analysis in the form of additive char-
acters.

In our analyses, we selected characters with a quanti-
tative nature that could be relevant to include in the anal-
ysis, following the criterion of including characters with
an apparent taxonomic relevance, as done by Smith and
Hendricks (2013). This criterion is hard to describe and
has likely been implemented in different ways by vari-
ous researchers. In our case, we first observed high lev-

el of interspecific variation in the information we would
eventually include as quantitative characters, much high-
er than most phenotypic variation in the genus (except
terminalia features and coloration). We also knew that
the variation of this quantitative information is, in many
cases, appropriate for species delimitation (e.g., frequent-
ly used in species diagnosis in Ament et al. 2020) and
that some of the modifications of these characters are ex-
clusive of some species of the genus (i.e. trait conditions
that do not occur in other species of the genus, nor in any
closely related genera). Finally, we observed that some
conditions of these characters are present in species that
share other characteristics, either morphological or simi-
lar geographical distributions.

5. Conclusions

Our study demonstrates that quantitative information
coded as additive characters has the empirical poten-
tial to improve the phylogenetic results, at least in some
scenarios and according to the measurements employed
here. Additive coding outperformed multistate non-ad-
ditive coding, as assessed by Bayesian statistics and the
congruence of phylogenetic signal from an independent
source of phylogenetic evidence. This coding strategy
should, therefore, be considered more often in phylo-
genetic analyses than it is today, especially when using
parsimony. The potential of this coding approach can
be readily evaluated in Bayesian inference by compar-
ing ordered and unordered models using Bayes factors.
Despite the evidence favoring additive coding, this ap-
proach has rarely been addressed in depth in the liter-
ature, and further empirical evaluations are necessary
to better understand the generality of its potential. Un-
til progress is made in these discussions, a reasonable
solution to explore the potential of additive characters
could be to investigate the impact of this coding method
in analyses using different optimality criteria, as done in
this study.
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Appendix 1

Data resources

Authors: Ament DC, Almeida EAB (2025)
Supplementary files deposited in Zenodo (https://doi.org/10.5281/zenodo.15632525).

Explanation notes

Molecular matrix.nex—Matrix of 2477 molecular characters for Coniceromyia species and outgroups from Ament et
al. (2021), genes Arginine Kinase, cytochrome oxidase I, 16S rDNA, and NADHI1 dehydrogenase, used to obtain
tree B. This matrix was used in ‘Analysis 1’ of this paper and concatenated to the morphological data in ‘Analysis 2.’

Morph matrix 1_quantitative chars with 6 states.ss—Matrix of 77 morphological characters for Coniceromyia
species and outgroups from Ament et al. (2021), quantitative characters discretized into six states. This matrix was
used in ‘Analysis 1’ of this paper and concatenated to the molecular data in ‘Analysis 2.’

Morph matrix 2_quantitative chars decomposed into binary characters.ss—Matrix of morphological characters
for Coniceromyia species and outgroups from Ament et al. (2021) with the quantitative characters decomposed into
binary characters. Matrix used in ‘Analysis 1’ and ‘Analysis 3’ of this paper.

Morph matrix 3_quantitative chars best binary opt.ss—Matrix of 77 morphological characters for Coniceromyia
species and outgroups from Ament et al. (2021) with the quantitative characters represented as their best binary
coding (as explained in methods). Matrix used in ‘Analysis 1’ of this paper.

Morph matrix 4_quantitative chars 2best binary opt.ss—Matrix of 77 morphological characters for Coniceromyia
species and outgroups from Ament et al. (2021) with the quantitative characters represented as their second best
binary coding (as explained in methods). Matrix used in ‘Analysis 1’ of this paper.

Tree A obtained with all data analyzed.tre—Tree resultant from the analysis including only taxa for which we had
both morphological and molecular data, used in ‘Analysis 3’ of this paper.

Tree A_All data.tif—Tree resultant from the analysis including only taxa for which we had both morphological and
molecular data, used in ‘Analysis 3’ of this paper.

Tree B obtained with only molecular data.tre—Tree resultant from the analysis of the molecular matrix used in
‘Analysis 1’ of this paper.

Tree B_Molecular data.tif—Tree resultant from the analysis of the molecular matrix used in ‘Analysis 1’ of this paper.

SSMolecMorph2PartCharsAdditiv.nex—File used for stepping stones calculation of the concatenated morphologi-
cal and molecular matrix with the quantitative characters treated as additive.

SSMolecMorph2PartCharsNonAdditiv.nex— File used for stepping stones calculation of the concatenated morpho-
logical and molecular matrix with the quantitative characters treated as nonadditive.

Phylogenetic signal Blomberg K.xlsx— Blomberg’s K index (Blomberg et al., 2003) calculated for the morphologi-
cal characters of this study in the Tree A.

Molecular data_genes sampled per species.xlsx— Molecular data used in the analyses of this paper, including genes
per species and Genbank accession numbers.

Copyright notice: This dataset is made available under the Open Database License (http://opendatacommons.org/
licenses/odbl/1.0). The Open Database License (ODbL) is a license agreement intended to allow users to freely share,
modify, and use this dataset while maintaining this same freedom for others, provided that the original source and
author(s) are credited.


https://doi.org/10.5281/zenodo.15632525
http://opendatacommons.org/%C2%ADlicenses/odbl/1.0
http://opendatacommons.org/%C2%ADlicenses/odbl/1.0
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