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A classic topic in ecology and evolution, phenotypic microevolution of quantitative
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database. We quantify the amount of change by standard mean difference and de-
velop a set of effect sizes to analyze such data. We show that applying meta-analysis
tools to a systematic literature review allows the extraction of a much larger volume
of information than directly calculating microevolutionary rates. We also propose de-
rived meta-analysis effect sizes (h, LG and LR) which are appropriate for the study of
evolutionary patterns, the first being similar to haldanes, the second and third allowing
the application of a preexisting analytical framework for the inference of evolutionary
mechanisms. This novel methodological development is applicable to the study of mi-
croevolution in any taxa. To pilot test it, we built an open-access database of 1,711
microevolutionary rates of 152 angiosperm species from 128 studies documenting
population changes in quantitative traits following an environmental novelty with a
known elapsed time (<260 years). The performance of the metrics proposed (h, LG and
LR) is similar to that of preexisting ones, and at the same time they bring the advan-
tages of lower estimation bias and higher number of usable observations typical of
meta-analysis.
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1 | INTRODUCTION evolution in ecological timescales, is now widely accepted (Shefferson

& Salguero-Gomez, 2015). Evolutionary change has been shown to
Rates of evolutionary change are important in understanding patterns feed back, both directly and indirectly, into demographic, commu-
of evolution and their underlying processes (Gingerich, 2009; Hunt, nity, and ecosystem processes (Bassar et al., 2010; Carroll, Hendry,

2006, 2012; Kinnison & Hendry, 2001). Contemporary evolution, i.e., Reznick, & Fox, 2007; Hairston, Ellner, Geber, Yoshida, & Fox, 2005;
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Hendry, 2016). In addition, there is a growing body of evidence show-
ing the importance of contemporary evolution in the conservation and
management of species, communities, ecosystems, and their societal
benefits in the face of accelerated environmental change (Alexander,
Vonlanthen, & Seehausen, 2016; Darimont etal., 2009; Merild &
Hendry, 2014).

Several authors have developed tools to measure the amounts
and rates of phenotypic change and interpret them (Gingerich, 1983,
1993; Haldane, 1949; Hendry & Kinnison, 1999; Hunt, 2006, 2012).
Haldane (1949) proposed the use of the standard deviation of a trait
as unit of change within or between populations. He also proposed the
use of generations as a natural unit of time, complementary to the use
of absolute timescales (years). Gingerich (1993) later used these sug-
gestions to formalize a metric of evolutionary rate (expressed in hal-
danes), which is the difference between populations as units of pooled
standard deviation divided by the number of generations of separation
between such populations (see equation 1). The haldanes numerator is
the total amount of change accumulated between populations in that
period. Another common way of expressing evolutionary rate is dar-
wins ((In(x2)-In(x1))/t = In(x2/x1)/t) (Haldane, 1949), which expresses
the change, in a elapsed time, relative to the initial value of such
trait. The response ratio (InRR), an effect size (ES) from meta-analysis
(Hedges, Gurevitch, & Curtis, 1999), could be used to construct an ES
analogous to darwins is. However, we do not use darwins in the pres-
ent work because in the construction of the database we used years
as unit of time, which makes our rate and darwins more similar and
arguably redundant; note that according to previous reports darwins
and haldanes are positively correlated (Bone & Farres, 2001; Hendry
& Kinnison, 1999). Moreover, because different traits from different
species are analyze together, haldanes is a more appropriate measure
because it expresses all changes in a scale-independent common unit,
the standard deviation of the variables (SD).

Gingerich (1983) also developed a graphical and statistical frame-
work of analysis (LRI) which allows inference of evolutionary processes
from the temporal pattern of evolutionary rates. Briefly, the LRI-
framework is the linear regression between the log,, of the absolute
values of all rates of change in a temporal series (or the rates of change
of a random population of independent, but identically distributed tra-
jectories) and the log,, of the elapsed time between samples used to
compute the rates of change. This analysis provides information about
the “intrinsic” rate of change (i.e., 10 exp {the intercept of the regres-
sion}) and the predominant mode of evolution (directional change, ran-
dom change, or stasis). The slope of the linear regression is expected
to be zero if change is predominantly directional, -0.5 if change is not
different from an unbiased random walk, and -1 if stasis predominates
(Gingerich, 1993, 2009).

The LRI-framework has received major criticism, focused on its
accuracy in estimating “intrinsic” rate of change (Hunt, 2012) and
also on the interpretation of the slope (Sheets & Mitchell, 2001).
Hunt (2006, 2012) shows that LRI estimates accurately the “intrin-
sic” rate of change only in case of directional change. Hunt (2006,
2012) provides some tools that complement the inference about
evolutionary mode made by LRI, which are applicable to our present

work. According to Hunt (2012), rate of evolution, like haldanes, is an
estimator of the parameter i, (mean of the generalized random walk,
which models directional change); haldane’s numerator is a divergence
measure, with similar properties as o (variance of his model of stasis).
In the Hunt's approach, it is expected that in a situation of directional
change, log,(i1,) has zero slope with log, |(time), whereas log,(w) has
positive slope; in a situation of unbiased random walk, it is expected
that log, (1) has negative slope with log,(time) and log, () has pos-
itive slope; in a stasis situation, it is expected that log, (i) has nega-
tive slope with log,4(time), whereas log,(w) has zero slope. According
to Hunt's method, the “intrinsic” rate of change should be estimated
using the model of evolution which best fits the data, whereas the LRI
model by definition assumes directional change.

In addition, Sheets and Mitchell (2001) argue that the LRI method
has lower sensitivity to detect stasis or directional change from ran-
dom walk than originally claimed, due to the large range of LRI rates
produced by random walks. However, we disagree with this last state-
ment because the expected value for the LRI slope in an unbiased ran-
dom walk (-0.5) is a theoretical value (Bookstein, 1987) not a random
variable, so that the test of hypothesis should be as be proposed by
Gingerich, 1993 and not by Sheets and Mitchell.

Despite the fact that the theoretical framework for the study of
microevolution in quantitative traits was organized by Hendry and
Kinnisson already in 1999, few empirical studies have used it, or taken
into account its methodology. As a consequence, most reviews of
microevolution of quantitative traits in plants have been constrained
by the scarcity of reports of evolutionary rates (or the information
needed to compute them, i.e., the raw data, or means, sample sizes
and SD, or coefficients of variation—CV). Bone and Farres (2001) con-
sidered only 78 observations from 26 species (of which three were
perennials) and mentioned the difficulty of drawing definitive conclu-
sions on the basis of such a small number of studies. A subsequent
review by Westley (2011) included a larger empirical database of taxa,
but for plants it only included the data published by Bone and Farres
(2001). Crispo et al. (2010) analyzed evolution of phenotypic plasticity
in response to anthropogenic disturbance, bringing together 212 out-
comes from 13 plant species. These authors take the reported evolu-
tionary rates or compute them from the information mentioned above.
However, as we show below, an important proportion of the relevant
literature does not allow these procedures. This scarcity of system-
atized data contrasts with the rapidly growing number of studies com-
paring changes in plant quantitative traits. Another issue in carrying
out evolutionary syntheses, highlighted by Crispo et al., 2010, is the
need to weight the outcomes according to the strength of their under-
lying sources of data and also to control pseudoreplication caused by
considering several outcomes from the same work and species. We
thus set out to devise a method that could take advantage of all these
insights and bodies of data.

The first goal of this article is the development of a set of ES
which give similar information as preexisting microevolutionary
metrics, but allow the extraction of much more information from a
systematic review of the literature. Our novel use of well-tested meta-
analysis methods (Gurevitch, Curtis, & Jones, 2001) has three major
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advantages. First, the meta-analytical ES standardized mean differ-
ence (SMD) is mathematically equivalent to the haldane’s numerator,
and, within certain limits, SMD is a close approximation to Gingerich’s
(1993) haldane’s formulation (with some specificities, see below), so
that the information provided is similar to preexisting microevolution-
ary metrics. At the same time, the interconversion between different
ES allows the extraction of information from data sources that are not
directly comparable (e.g., descriptive statistics such as mean, SD, sam-
ple size, F-statistic, Pearson moment), so that more information may
be incorporated than it was possible in previous reviews. Second, as in
any meta-analysis, it works with a standardized variable (the ES), and
to weighs each study by its precision, in the global analysis (1/vari-
ance, here variance is the square of the standard error of the ES, which
combines sample size and (un)balance of the sampling, but not the
variance of the variable). This makes it possible to compare different
studies in a quantitatively manner and use them together in a single
analysis, controlling for pseudoreplication (see “random” parameter
from “rma.mv” function of the “metafor” R-package), testing hypothe-
ses about categorical factors (moderators) and continuous explanatory
variables (metaregression), and leading to less biased estimates (with
associated confidence interval) than traditional analyses (Viechtbauer,
2010; www.metafor-project.org). Third, we derive specific size effects
in order to introduce the LRI-framework and some elements of the
Hunt’s (2006, 2012) methods into our synthesis.

Our second goal was to illustrate the potential of our meta-
analysis approach to the study of microevolution, by applying it to a
comprehensive literature survey. To this end, we produced the most
comprehensive dataset to date of microevolutionary rates in plant
quantitative traits.

1.1 | Haldanes and SMDs

The haldane rate was formalized by Gingerich (1993) from Haldane’s
(1949) original proposal. This rate is defined by Gingerich (2009) and
Hendry and Kinnison (1999) as:

Xp=X3

e s 1)
At

where H is the haldane rate, x is the original continuous variable,
X1, X, are the sample means of the variable at times 1 and 2, SD, is the
square root of the pooled variance of samples at times 1 and 2, and At
is the number of generations elapsed between times 1 and 2.

The simplest ES based on mean difference is Cohen'’s d defined as
the difference between sample means divided by the pooled sample
standard deviation (i.e., d=(x, —x;)/SD,). The equivalence between
the haldane’s numerator and the SMD (Cohen'’s d) is now evident:

Xp =Xy

Hx At = =d )

X
However, Cohen'’s d is a biased estimator of the actual mean
difference which bias increase with small samples (Hedges, 1981).
Therefore, it is better to use the SMD Hedges’ g (Hedges, 1981), which
is an unbiased estimator of the mean difference.
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=dxJ, ; J,=1-—
§= @+ m 4(m-2)-1 3)

where m is the total sample size. When m is large enough (e.g., m = 20),

the difference between g and d is negligible.

dxl(mzzo) =dx0.96
dr~g = g~HXAt )
When Gingerich (1993) introduced his haldane rate for first time,
he used In-transformed variables. This is because, as the means for
morphological traits (used in paleontology) get bigger, the variation
also increases; instead, In-transformed variables tend to be homoce-
dastic. This has been the most traditional use of the rate, even when
transformation is not always necessary. To distinguish the natural log-
transformed definition of haldane from the nontransformed one, we
use H for the latter and Hg for the log-transformed variable:

v = In(x)
Vo=vy
SD,
H, = -
ST At (5)
_ 2V
87 5D, x At

where v,,V, are the means of the natural logarithm (In) of the original
variable (x) in times 1 and 2 and SD, is the standard deviation of the In
of the original variable.

Vo-vy 1

Hg = AL X S—Dv (6)

However, ecological timescales (from O to 300 years or 1 to 10
generations) are very small in comparison with paleontological times-
cales (from 10% to 107 or more generations and from thousands to hun-
dred millions years; Gingerich, 1983, 2001). It is therefore reasonable

to assume that in ecological timescales At tends to zero:

Vo —V In(x,)—In(x
im, —VZM‘“ = lim In () ~in () Z)At ()
At— At—
7
1, dx v
Tx T dt
And in discrete time intervals:
x “dt T x At ®

It has been shown (Lewontin, 1966; Lynch, 1990; Wright, 1952)
that:

SD,~CV, ; CV, = ©9)

Therefore, the combination of equations 6-9, in ecological times-

cales, leads to:

Vo=V, 1 Ax 1 x

Hg= — Ao XX —

7 At TsD, At” X7 SD, (10)
Vo=Vy X=Xy

$7 5D, x At SD xAt
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H ~H= 227X (11)
3 SD, x At

Equations 5-11 show that the shorter the elapsed time, the
closer will be H and Hg. This may be the reason why Hendry and
Kinnison (1999) report that the analysis of rates with and without
In-transformed variables gives similar results. As showed above, H's
numerator is the same as the Cohen’s d; moreover, according to equa-
tion 11 we expect that Hg’s numerator (which is computed from the
In of the original variable) and the SMD to give similar results in the
elapsed times considered or under certain conditions of distribution of

the variable developed in “SMD and Hg’s numerator” section.

1.2 | Derived effects sizes

In order to incorporate meta-analysis in the study of microevolution-
ary rates, it is necessary to have suitable effects sizes, which may be
derived from the SMD as explained below. Each ES (as magnitude) is
a variable made up by all the outcomes obtained from the literature.
Each outcome (as measurement) is an estimation of a realized ES and
a measure of the precision of such estimation (its variance). In order to
perform a meta-analysis, we need both the estimators of the amount
(and rate) of change and the variances of such estimators.

Because in the study of contemporary evolution the absolute
value of the change is often more important than its direction, sev-
eral authors have analyzed the former (Bone & Farres, 2001; Hendry
& Kinnison, 1999; Kinnison & Hendry, 2001). However, SMD is dis-
tributed as a noncentral t-variate (Hedges, 1981). Then, the absolute
value of such distribution is a folded noncentral t-variate. But also,
Hedges (1981) explains that the distribution of the unbiased SMD
estimator can be approximated well by a normal distribution when the
number of observations or the number of studies (which is our case) is
large. As we show below, in our database the log transformation of the
unbiased SMD approximates well to a normal distribution. Therefore,
it is reasonable to assume that meta-analysis assumptions are being
met with use of the log,(|3]) (LG hereafter). Here we propose a new
ES, called “LG,” and its variance “V,,” calculated according to the prop-
agation errors theory (Bevington & Robinson, 2003):

_In(lg) 1

LG =1 =>1G = = x|
0g10(181) n(10) ~ n(10) n(|gl)
>0, = In*l(lo)xc—g
e g (12)
02
2 _ a2 8
>0, = In (1O)><g—2
VS
LG=logy,(I8l) ; Vig~0.1886x — (13)
g

We constructed an evolutionary rate which is the ratio between
Hedges' g and the time elapsed since the environmental novelty
appeared; time may be measured as years or generations. We call this
ES “h,” bearing in mind that if time is expressed in years, it must not
be interpreted as haldanes, except in the case of annual species. We

call its variance “V,” which may be calculated as the variance of the

product of a variable (g) by a constant (1/At) (if we use “years” as time;
Bevington & Robinson, 2003):

V,
_8 .y__'s
h=—= v,,_(M)2 (14)

If we use “generations” as time, and there is an associated uncer-
tainty which allows the estimation of the variance of “At,” then “V," is
(Bevington & Robinson, 2003):

V, \% 2xCov,
h=3 v o 2ot 2T TTeA) g (15)
g2 (At)2 XAt

Due to the relation between evolutionary rates and elapsed time,
already documented by other authors (Gingerich, 1993, 2009; Hendry
& Kinnison, 1999), there is a need for a new ES appropriate to the LRI
and Hunt framework (Gingerich, 1993, 2009). Here we propose a new
ES, called “LR,” and its variance “V|,,” calculated according to the prop-
agation errors theory (Bevington & Robinson, 2003):

In(lh 1
LR = logqo (lh])=>LR = n ((llcl)) = In(10) xIn(|h])
>0z =In"1(10) x % (16)
2 -2 o
>0l =In (10)><h—2
Vi
LR=logy (Jh]) ; VLRzO.1886><h—2 (17)

Here, the concern about the distribution of the proposed ES is also
valid. As in the case of the amount of change (g) and in the case of
rates of change (h) the absolute value is more important that the direc-
tion. Moreover in order to apply LRI and Hunt's approach, we need
to log transform such variables, which is only possible in the case of
positive values. As we show below, the distribution of LR is also close
to a normal distribution.

2 | MATERIALS AND METHODS

2.1 | Literature survey

To identify published studies that provide data of changes in quan-
titative traits of vascular plants in a known temporal framework, we
searched Scopus (www.scopus.com), on 22 December 2015, using
the following complementary search keys, which were applied to
all studies published between 1823 and 2015 (Scopus. Content
Guide,

Coverage https://www.elsevier.com/solutions/scopus/

content):

2.1.1 | Searchstring |

(TITLE-ABS-KEY(“rapid *evolution”) OR TITLE-ABS-KEY(“contem-
porary evolution”) OR TITLE-ABS-KEY(“rapid divergence”) OR TITLE-
ABS-KEY(“evolution on ecologica*’) AND TITLE-ABS-KEY(plant*)
AND NOT TITLE-ABS-KEY(gene)) AND SUBJAREA(mult OR agri OR
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bioc OR immu OR neur OR phar OR mult OR medi OR nurs OR vete
OR dent OR heal) AND (LIMIT-TO(SUBJAREA, “AGRI") OR LIMIT-
TO(SUBJAREA, “BIOC") OR LIMIT-TO(SUBJAREA, “ENVI") OR LIMIT-
TO(SUBJAREA, “MULT”) OR LIMIT-TO(SUBJAREA, “EART”) OR
LIMIT-TO(SUBJAREA, “PHAR?”)).

2.1.2 | Search stringll

(TITLE-ABS-KEY(*evolution) AND (ALL(darwins) OR ALL(haldanes))
AND TITLE-ABS-KEY(plant)) AND SUBJAREA(mult OR agri OR bioc
OR immu OR neur OR phar OR mult OR medi OR nurs OR vete
OR dent OR heal) AND (LIMIT-TO(SUBJAREA, “AGRI") OR LIMIT-
TO(SUBJAREA, “BIOC”") OR LIMIT-TO(SUBJAREA, “ENVI") OR LIMIT-
TO(SUBJAREA, “MULT”) OR LIMIT-TO(SUBJAREA, “EART”) OR
LIMIT-TO(SUBJAREA, “AGRI”") OR LIMIT-TO(SUBJAREA, “BIOC") OR
LIMIT-TO(SUBJAREA, “ENVI”") OR LIMIT-TO(SUBJAREA, “MULT")
OR LIMIT-TO(SUBJAREA, “EART")).

2.1.3 | Inclusion/exclusion criteria

The first survey retrieved 245 studies from 1972 to 2015, and the
second showed 22 studies from 2001 to 2011. We also reviewed
papers cited by the 267 studies above. We were interested in quan-
titative trait microevolution processes occurring in “ecological time-
scales”; therefore, we considered studies that measure intraspecific
change in a quantitative trait and report the time elapsed from the
onset of the environmental novelty or refer to a historical or bio-
logical event reported in other sources (e.g., a mine opening, a well-
documented biological invasion). We included studies which reported
situations where the elapsed time between the environmental change
and the sampling was no greater than 300 years. The included studies
followed a single population through time since a change in the envi-
ronment, or compared two or more populations, diverging from an
originally single population, of vascular plants by measuring a quanti-
tative trait across two situations, where one of them was a new condi-
tion of known age (i.e., allochronic and synchronic designs according
to Hendry & Kinnison, 1999). As we were interested in phenotypic
changes potentially related to environmental changes, we selected
studies with plants in natural or experimental conditions but in which
reproduction was not manipulated (artificial selection), and which did
not include interspecific hybridization, polyploidy, or other chromo-
somal mutations. All the studies satisfying the conditions above and
reporting information allowing the calculation of a standardized mean
difference were included in the database. A total of 128 studies were
retained for analysis. The environmental changes included expansions
of distributional range, exposure to soil or air pollution, herbicides,
changes in salinity, pH, climate, or the disturbance or irrigation regime,
as well as the addition or loss of species in the local community. All
data points were categorized according to moderators (independent
variables) detailed in Table 1. Figure 1 illustrates the literature survey
(following PRISMA guidelines; Liberati et al., 2009) as well as the com-
puting ES process.

2.2 | Calculating ES

When raw data were available (mostly from figures), we computed
SMD as in equations 2, 3, and 18; 196 ES (11% of the total) were com-
puted in this way. Also, from these data, we computed Hg's numerator
in 140 cases (some variables are not amenable to log transformation).
When available, we used means, standard deviations (or standard
error or variance), and sample size to compute the unbiased standard-
ized mean difference (Hedges' g), as detailed above, and its variance
(Vg) as follows (Nakagawa & Cuthill, 2007):

ny{+n d?
v, =V, =1t
nyxny = 2x(ng+ny—2)

(18)

Out of a total of 1,711 ES, 1,034 (60%) were computed in this way.
When these parameters were not available, we used the correlation
or determination coefficient (r or R% or bivariate raw data mostly from
figures) and sample size to compute Cohen’s d and its variance, as
shown below (DeCoster, 2004; Nakagawa & Cuthill, 2007). A total of
248 ES (14.5%) were computed in this way:

(n—1)x(1-R2)
fagj=\1-———————
n—-k-1 (19)
Tadj =/ Ry

where n is the sample size, R” is the determination coefficient of a

linear model, k is the number of parameters of the model (not including
the intercept, if it is the case of a simple regression k will be 1), and Rﬁdj
is the adjusted R%.

2
2Xrag 4-v, (1-rag®)
= ; V= 5 V=T (20)
\/ 1=rag? (1-rag?)

Studies reporting r-Pearson or R? in a linear regression measure the

change of a quantitative plant trait under a novel environmental condi-
tion that manifests itself as a gradient in space or time (a gradient of pol-
lution, precipitation, temperature, etc.). For example, from Antonovics
and Bradshaw (1970), we calculated the correlation between different
traits reported and the zinc soil concentration in a transect across a
mine boundary. From Kollmann and Bafuelos (2004), who studied the
evolution of an invasive plant in a new environment, we used the cor-
relation between traits and latitude, which summarize the divergence
experienced by the original population in the invasion of new habitats.

When these parameters were not available, we used F-statistic
or t-statistic. This included studies comparing two populations, or
a population before and after an environmental novelty; such envi-
ronmental novelty was always the main factor in the analysis and
included two levels. For example, Leger and Rice (2007) compared
some traits in native (California, USA) and introduced populations
(Chile) of Eschscholzia californica in a common garden experiment; the
main factor explaining the invasion process was country of origin. In
cases where F-statistic and sample sizes were available, we computed
Cohen’s d as follows (DeCoster, 2004):
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TABLE 1 Moderators used to categorize the data points considered in the meta-analysis

Moderator

Publication ID
(paperlID)

Specie ID (splID)
Data source type (dt)

Spacial scale (S)

Design (D)
Publication year (Y)

Elapsed time (t)

Environmental change
(ec)

Trait variation source

(vs)

Growth form (gF)

Life history 1 (1)

Life history 2 (12)

Trait type (Tr)

Categories

Factor levels: 1-128

Factor levels: 1-152
Raw data (0)

Descriptive statistics
(1)
Correlation data (2)

Inferential statistics
plus degree of
freedom (3)

Contingency table (4)

Inferential statistics
plus sample sizes (5)

Local (1)

Regional (r)
Continental (c)
Alochronic (a)
Synchronic (s)
None (quantitative)
None (quantitative)
Discrete (d)
Gradual (g)
Phenotypic (phe)

Genetic (g)

Nongraminoid herb
(herb nongram)

Graminoid herb (gram)

Woody

Annual (ann)
Perennial (per)
Intermediate (int)
Long-lived (IL)
Short-lived (sL)
Morphological (m)

Physiological (f)

Individual and
population growth
parameters (h)

Biotic relations (r)

Phenology (p)

Phenotypic plasticity
(pl)

Description (nonexhaustive)

Identifier to each publication. All outcomes from the same publication share the paperlD value

Identifier to each specie. All outcomes from the same specie share the spID value

Available values of the original variable from the two populations (or groups of populations) to be
compared

Mean, SD/CV/SE, sample sizes of the two populations (or groups of populations) to be compared

Correlation or determination coefficient, plus sample size, plus number of predictors of the model, or
bivariate raw data (mostly extracted from figures)

F- or t-statistic from a main factor of a linear model, where that factor account for the change
explained for the environmental novelty

Frequency of each category in a contingency table (2 x 2)

F-statistic from a main factor of a linear model, where that factor account for the change explained
for the environmental novelty and available sample sizes

Comparison between populations separated by less than 10 km

Comparison between populations separated by more than 10 km but occurring in the same continent
Comparison between populations in different continents

Longitudinal studies, i.e., following a population across time

Transversal studies, i.e., looking at the divergence between populations in time

Year of publication minus year of oldest publication in database (1970)

Time elapsed between the onset of the environmental novelty and the measurement

The environmental change occurs suddenly, and takes place all at once

The environmental change progresses slowly, by degrees

Study considers the variability present in the field with no possibility to dissect phenotypic plasticity
from heritable variability

Transgenerational estudies, i.e., common garden or reciprocal transplant

Herbaceous plants with no grasslike appearance, mostly nonmonocotiledoneus

Herbaceous plants in the Poaceae and other families with a grasslike appearance, all
monocotiledoneus

Trees, shrubs, woody vines

Natural lifespan up to one year

Natural lifespan longer than two years

Biennial plants and species described as annuals or short-living perennials depending on the context
Perennial (according to life history 1)

Annual and intermediate lifespan (according to life history 1)

Leaf area, specific leaf area (SLA), leaf length and width, leaf shape, leaf number of adult plant, height
of adult plant, number of shoots/stems, length of shoots, symmetry, root diameter, root:shoot ratio,
root arquitecture, trichome density, size of floral and fruit parts, petiole, and stipules

Photosynthetic and metabolic parameters, tolerance to pollution, salinity, drought, or biomass
removal, concentration of several substances in plant tissues

Different ways to express individual growth rate (increase in biomass, height, length, number of leaf
or tillers in a elapsed time), increase in number or size of seeds, flowers or fruits, age or size at
maturity, seed viability, survival, emergence time of seedlings, offspring dispersal, pollen quantity,
and viability

Any variable taken as response to a treatment that involves a direct realize biotic relation, such as
herbivory, interspecific or intraspecific competition, allelopathy, mycorrhizal or rhizobial coloniza-
tion, seed or seedlings predation, rhizobial colonization, parasitism

Flowering, fruiting, leafing time

Considered as a trait in itself, i.e., the change in plasticity independently of the nature of the plastic
trait
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FIGURE 1 Flow diagram of the literature survey and data extraction. On left side, the sequence of steps in the selection of studies. On the
right (grey) side, the type of data source found in papers and steps toward the ES and Hg‘s numerator calculation. Numbers in boxes indicate

number of outcomes and number of studies, respectively. Number of papers on the right side is not additive because each paper may have
different source types. On the arrows, numbers in brackets indicate the equation numbers used in the calculation; the numbers after the
brackets, when present, indicate the number of outcomes and studies, respectively

Fx (ny+n,)
nyxn,

d= (21)

A total of 22 ES (1.3%) were computed in this way. In the cases in
which sample size of each group was not available, but the degrees of
freedom were, we calculated r and its variance (DeCoster, 2004); 206
of the total ES were computed in this way (12%):

r= F_.y Ve
F+dfD '

T 2+4dD
where dfD are the degrees of freedom of the denominator in the cal-

(22)

culation of the statistic. Finally, when no other information was avail-
able, we used 2 x 2 tables of frequency to calculate Cohen’s d from
odds ratio (OdR) as follows:
Ny1XNgc 1 1 1 1
OdR=—=; V, S ST . ST
Not XNy In(OdR) Nyt " Not " Nic * Noc
(23)
d=in (0dR)x 2§ V= Vyromx 2
= x 0 4= Vin(odr) X 3

where In(OdR) is the natural logarithm of the odds ratio; n is the abso-
lute frequency specified in the subindex; “1T”: positives in the treat-
ment; “OT": negatives in the treatment; “1C": positives in the control;
“0C": negatives in the control. Five ES (0.3%) were computed in this.
The odds ratio appears in some studies where authors measured a
binomial variable (e.g., germination, presence of roots, survival) in
an experiment with plants coming from two sources; this generated

the 2 x 2 contingency table. For example, Wu and Bradshaw (1972)

measured tolerance to copper in plant populations near an industrial
source and populations from noncontaminated sites. Tillers from each
site were suspended in a copper or control solution; the response
variable was the subsequent development (yes/no) of roots. This pro-
vided a metric of the copper tolerance of each population.

From Cohen’s d, we computed Hedges' g (equation 3), and finally,
Hedges’ g was transformed to absolute value, because the direction of
change does not concern us, only its amount. Then, from the Hedges’
g, we calculated the derived ES LG, h, and LR (equations 13, 14, 17).
When necessary, data were extracted from figures using Engauge
Digitizer 4.1 software (Mitchell, 2002). In order to explore possible
bias introduced by these different sources of information, we analyzed
LG moderated by source type in a mixed model with random factor
paperlD (see Table 1 for moderator details).

Trim and fill procedure (Duval & Tweedie, 2000) for exploring the
publication bias of the database was not applicable. This is because
of the procedure assumes a symmetrical distribution. However the
expected distribution of a random collection of amounts and rates of
change is a normal distribution with mean equal to zero; therefore,
its absolute value is a folded normal distribution (Tsagris, Beneki, &
Hassani, 2014). As consequence, the log transformation of such folded

normal distribution is left-skewed (not symmetrical).

2.3 | SMD and Hg’s numerator

To determine whether SMD is a good estimator of the Hg numerator,

and under which conditions, we use empirical data from the literature
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survey and simulated data. With empirical data, we evaluated the
similarity of the two metrics (Hg‘s numerator and SMD). According to
Lynch (1990), Hg’s numerator can be estimated using the equation 24,

if the CVs are <0.3:
(in(xp)-05¢CVE, ) )~ (In(xs) -05CV,

CV,

X

) (24)

Hyx At=

where x; is mean of population 1, x, is mean of population 2, CVX2 is
the variation coefficient of population 2, CV,(1 is the variation coef-
ficient of population 1, and CV, is the variation coefficient of total
population calculated from pooled variance and global mean.

In this way, for the cases in which raw data were not available,
we computed Hg’s numerator, whenever possible, by using expres-
sion (24) and compared it, by correlation and linear regression, with
the SMDs (Cohen’s d and Hedges' g) computed from the same cases.

Itis not possible to know, from the analysis of these empirical data,
how some aspects of the distribution of the original variable affected
the correlation between Hg's numerator and SMD. These aspects
include the relation between mean and SD, specifically whether or
not the CV holds constant when mean and SD vary. We therefore
generated two sets of simulated data with different mean-SD rela-
tions. We compared random pairs of samples. For each comparison,
Hg‘s numerator and SMD were computed, and the correspondence
between them was analyzed by simple correlation (Figure 3). The sam-
ples to be compared had 10 elements each, from a random normal
distribution. In the first set of simulated data, the SD of each sample
was set to be proportional to the sample mean, so that the expected
CV is held constant. In the second set of simulations, the SD of each
sample was set to be independent from its mean and came from a
random normal distribution. In both sets of simulations, we covered
the range of maximum CV between 3 and 0.01. Each set of simulations
included 1,000 iterations. In each of these 1,000 iterations, 10,000
comparisons between samples were performed. Because the calcu-
lation of Hg‘s numerator requires a positive values variable, we set up
the simulations so that negative values were rare (no negative values
were found in the fist set of simulated data, and only 5.5% of the total
in the second one); when negative values did appear, we substituted
them by 0.001.

2.4 | LRI-framework, the Hunt approach, and ES

Gingerich (2009) showed the use of LRI by mean of a series of simu-
lations. To test the utility of the ES LR in analyzing microevolution-
ary rates according to the LRI-framework, we performed a simulation
developed by Gingerich (2009). The simulation reproduced here is a
random walk temporal series. In the simulation, we started with a sam-
ple of 30 elements with mean = 100 and variance = 1. In each genera-
tion (t), until t = 200, we sampled 30 elements from a mean equal to
mean in the previous time (t-1) plus a random deviation (from a nor-
mal distribution, mean = 0 and SD = 1.25) and variance = 1. We then
established all the possible comparisons from each series and com-
puted Hg and LR. Then we constructed a linear regression of Ioglo(Hg)

as a function of log, ,(time) and a metaregression of LR as a function of

log,o(time). To do this, we used the function “rma.uni” from the “meta-
for” R-package to perform a random effect model, method REML,
weighted by the inverse of variance. Due to limited computing capac-
ity, the metaregression was performed with a random subset of 5,000
comparisons (from a total of 20,100 comparisons). The simple linear
regression was performed with the same subset than the metaregres-
sion to compare the two methods. This procedure was performed to
show that metaregression is equivalent to the LRI if all samples have
similar weights (due to equal sample sizes). From data of the same
simulation, we computed LG, and from the same subset we performed
a metaregression of LG as a function of log,(time) to illustrate the
applicability of the LG ES in the graphical tool described by Hunt.

All simulations and statistical analyses were made in R (R Core

Team, 2015). Scripts are provided as supplementary material.

3 | RESULTS

3.1 | Summary of results of the literature survey

Through a systematic search and application of meta-analysis tech-
niques, we were able to obtain 1,711 ES, many more times than what
had been previously possible by calculating evolutionary rates (22 to
8 more outcomes, and 11 to 6 more species). These 1,711 ES corre-
spond to the change in populations of 152 species of plants, from 34
families, in an elapsed time of <260 year and covering a wide range of
traits, habits, and environmental situations. With previous metrics, we
could have only incorporated cases in which we could compute Hg’s
numerator, only 576 cases in the dataset, from 66 species, belonging
to 20 families. Although the number of publications on microevolu-
tion has grown sharply in the last 45 years (Figure S1), extremely few
of them use standardized metrics (e.g., only one paper in our dataset,
Crispo et al., 2010; reports in haldanes), rendering our approach par-
ticularly useful. Additionally, we show that different sources of infor-
mation do not introduce bias (Figure 2), only the ES computed from
contingency tables tends to be different, but there are only five out-
comes of this type; therefore, the sample error is expected to be high.

The overall pattern of amount (LG) and rates of change (LR) as a
function of the elapsed time is shown in Figures S4 and S5, respec-
tively. The distribution of LG and LR ES was close to normal (Figures S2
and S3), which respects the assumptions of meta-analysis. At the same
time, this suggests a publication bias toward high amounts and rates of
change. As pointed above, if the original distribution of amounts and
rates of change is a centered normal distribution, the log-transformed
of the absolute values of such distribution is left-skewed, so that the
observed symmetry may be due to a higher than expected frequency

of extreme values.

3.2 | SMD and Hg’s numerator

We had raw data for 196 cases, from which 140 allow to calculate
Hg's numerator. Additionally, we had enough information to apply
equation 24 to 1,034 cases (out of 1,711). Of these, only 436 met the
requirement (CV < 0.3) to apply such equation (Lynch, 1990; Hendry &
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FIGURE 2 Forest plot of the overall LG ES for each data source
type. Segments represent the 95% confidence interval of the overall
LG ES for each source type, and the central symbol in each segment
represents the mean. Symbol sizes are proportional to the number of
outcomes summarized by each source type. On the left, the name of
each source type according to Table 1

Kinisson 1999). All these 576 cases were used to test the correspond-
ence between Hg’s numerator and SMD with real data. This dataset
covers a CV range from 0.0147 to 1.79. The correlations between Hg's
numerator and SMDs showed values near 0.98 and were highly sig-
nificant in both cases (Hg*t vs. Hedges’ g: r = 0.9797, p < 0.0001; H't
vs. Cohen’s d: r = 0.9825, p < 0.0001). The linear regression showed
a tight fit between Hg's numerator and SMDs (Table 2). Hedges' g
slightly underestimated the amount of change, whereas Cohen'’s d
overestimated it (Table 2). We also found that the relative difference
between SMD and Hg's numerator (i.e., (Hg’s numerator - SMD)/Hg‘s
numerator) increases with the CV of the original variable (Figure
Sé6). Based on our data, we were unable to test the correspondence
between SMD, computed from other ES (such as OdsRatio or r), and
Hg's numerator, but we used equivalences previously tested in the lit-
erature (DeCoster, 2004).

Using a simulated dataset, we found that SMD was always signifi-
cantly and positively correlated with Hg’s numerator, the correlation
coefficient rising when CVs in both samples decrease. The Pearson’s
correlation coefficient is, on average, >0.8 through the whole range of
maximum CV (0.01-3; Figure 3).

3.3 | LRI-framework, Hunt approach, and ES

In order to compare LR with the LRI-framework and illustrate the
applicability of a tool derived from the Hunt's methods (Hunt, 2006,
2012), we used a random walk temporal series. Figure 4 shows the

results from a particular random series, which is close to the average

Fcology and Evolution o 5829
& WILEY- |22

TABLE 2 Correspondence between Hg's numerator and SMD in
real data

H,'s numerator = g, + §,*SMD + Er

SMD B, [C1 95%] B, [C1 95%] R®  p-value
Cohen'sd  0.02(-0.02;007) 0.97(0.95;0.98) 096 <0.0001
Hedges's -0.03(-0.08:0.02) 1.10(1.08;1.12) 0.96 <0.0001
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FIGURE 3 Pearson’s correlation coefficient between Hedges’
g and Hg’s numerator as a function of maximum CV of the sample.
Solid thick red line: median of Pearson’s correlation coefficient (r)
across 1,000 simulations; solid thin red line: 0.1 and 0.9 quantiles
of Pearson’s correlation coefficient (r) across 1,000 simulations;
dashed red line: 0.05 and 0.95 quantiles of Pearson’s correlation
coefficient (r) across 1,000 simulations; blue solid and dashed lines
indicate the median and 0.05-0.95 quantiles for the sample size
(N) at each level of maximum CV, respectively. Panel (a): simulation
series with expected CV constant; panel (b): simulation series with SD
independent of sample mean

expected for this kind of series according to Gingerich (2009; fractal
dimension D = 1.5), and in which we analyzed the linear regression
for the Iogio(Hg) and the metaregression for LR and LG ES. Similar (but
significantly different) slopes were estimated by LRI and the metar-
egression (LR), whereas the intercept of the LRI was lower (Table 3).
As predicted by Hunt, in an unbiased random walk, the slope of the
rate of change (LR) with elapsed time was negative, whereas the slope

of the amount of change (LG) with elapsed time was positive (Table 3).

4 | DISCUSSION

Patterns of phenotypic evolution in quantitative traits provide use-
ful insight into evolutionary processes. A proper estimation of these

patterns requires as much as possible empirical data, expressed in
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FIGURE 4 Simulated random walk and its representation in
the LRI-framework. Panel (a): change in the mean of the trait in the
random walk. Panel (b): all possible comparisons between points in
the random walk and adjusted regression line in pink color are the
LR points, whereas in light blue are Ioglo(Hg) points; the red and
blue straight lines show the adjusted metaregression and simple
linear regression of LR and Iogio(Hg) as a function of log, ,(time),
respectively. Grey points represent LG ES, and the black line shows
the metaregression of LG and log, ,(time). Symbol sizes in panel (b)
represent the relative weight in the analysis

a standardized way. Here we show how that meta-analysis tools
may be used to build a much broader database than it is possible by
means of previous techniques. We also provide an ES (h), with its
variance (V,), analog to the previous standard metrics used to ana-
lyze evolutionary rates (H and Hg). Finally, we provide suitable ES
(LG and LR) applicable to different analyses like Gingerich’s (2009)
the LRI-framework and (a reduced form of) the Hunt’s approach
(Hunt, 2006, 2012). In both cases, our two available measures (LG
and LR) do not discount the sample error but account for sampling
error by weighing the observation according to its precision. These
ES contain similar information to that of previous metrics, with the
added advantage of being able to use more diverse data (through the
application of meta-analysis), and taking into account methodologi-
cal concerns, pseudoreplication and “representativity” of the stud-
ies issues (Crispo et al., 2010) about this kind of synthesis. All these

TABLE 3 Application of the LRI-framework by standard linear
model or by metaregression with the dataset of the random path
shown in Figure 4a and metaregression of the LG EF

Y = By + B,*log, (time) + Er

Y [n] B, [95% Cl] B, [95% ClI]

log, o(H,) [5000] -0139[-0.191;  -0.654 [-0.683;
-0.088] -0.624]

LR [5000] 0.032 [-0.005; -0.708 [-0.729;
0.069] -0.686]

LG [5000] 0.032 [-0.005; 0.292[0.271;
0.069] 0.313]

features allow the application of preexisting conceptual frameworks
(Gingerich, 1983; Hendry & Kinnison, 1999; Hunt, 2006, 2012) to
the analysis of a much broader database.

As shown in Table 2 and Figure 3, SMDs can be compared with or
be used as estimator of Hg's numerator. Although H’s numerator and
Cohen’s d are equivalent (equation 2), it is advisable to use Hedges' g
(instead of Cohen’s d) to avoid possible bias introduced by studies with
small sample sizes. Usually, microevolution studies sample a large num-
ber of individuals, but as the scale of analysis broadens, the units of
observation are populations, and the sample size thus gets smaller. In
studies of range expansion, or “invasions,” authors often measure some
traits in a number of populations in the original and “invaded” ranges. In
these studies of continental or global resolution, the samples are pop-
ulations rather than individuals (and the available data tend to be trait
values of each population). Furthermore, the use of In-transformation as
suggested by Gingerich is not mandatory. It is recommended for some
traits, especially morphological ones, in which SD is expected to increase
with the mean (CV remains relative constant), in order to reduce het-
eroscedasticity (Hendry & Kinnison, 1999). Otherwise, the use of raw
variable is preferred. Only when CV remains constant, the use of SMDs
without transforming the data causes an underestimation of the amount
of change. This is because, if CV remains constant, the pooled variance
of the raw data is larger than the pooled variance of the In-transformed
variable, so that the amount of change relative to SD is smaller.

Considering that the analysis of the random walk temporal series
by the LR ES and LRI-framework showed consistent result (Table 3
and Figure 4b), these methods could be both considered valid alterna-
tives. However, metaregression has the advantage of weighting each
observation (for estimator variance or sample size) in order to obtain a
better parameter estimation. In the current simulation, all samples have
the same size, so all comparisons have similar weight in the metare-
gression and, as expected, the results are similar. This is because we
performed the simulation to show the similarity between the two
methods. However, in the analysis of real data there will be different
sample sizes and variances, and therefore, this weighting becomes rel-
evant for better estimation of parameters and more precise confidence
intervals. The possibility of incorporating other moderator variables
which can explain the heterogeneity of the data is also an advantage.

These strengths of the meta-analysis become especially relevant when
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observations from independent temporal series, with different sample
sizes, different variances, and the influence of other methodological or
biological factors, are all combined in a single analysis.

While performing similarly, meta-analysis tools present a number
of advantages over the conventional calculation of phenotypic and
evolutionary changes. Meta-analysis provides procedures to deal with
heterogeneous data sources, investigate the effect of several variables
(moderators), and avoid bias due to unrepresentative studies, by the
use of the correction factor in Hedges' g and weighting of each ES
according to its precision in the analysis. The resulting database and
proposed methodology could be useful in addressing relevant ques-
tions regarding ecology and evolution, with theoretical and practical
implications. Questions that could find more robust answers by their
implementation include, e.g., those about the relation between micro-
evolutionary change and elapsed time, the mode of evolution under-
ling observed patterns, the change that plants may experience in a
certain time window, and effects of the growth form, life history, and
trait type on the tempo and mode of plant microevolution. In sum-
mary, the meta-analysis technique is a powerful tool in addressing
guestions about microevolution that requires the synthesis of large

bodies of empirical data.
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