
checking BCI species selection estimates against
frequencies

preamble

This checks frequency independent selection estimates against changes in frequency estimated by linear
regression. Ben’s selection estimates are normalized for generation time. So we don’t want to use those to
predict changes in frequency estimated across census years. Instead, we will start with the betas which are
estimated in terms of census years and then calculate selection coeffiecients directly from them — but now
couched in terms of census years. They should predict the slopes of our linear regressions of frequency ~
census year.

libraries

data

these are the beta estimates. They are not normalized for generation, but are couched in terms of census
years
beta<-readRDS("beta_freqinde.rds")
beta<-as.data.frame(beta)
dim(beta)

## [1] 268 3

these are the selection estimates. They are normalized for generation.
sel<-readRDS("estimates_selection.rds")
sel<-as.data.frame(sel)
dim(sel)

## [1] 269 7

The immigration rates: estimated in terms of census years
d<-readRDS("immigration.rds")

get species names for the beta estimates. The last variant has to have beta=0 to allow the model to be
identifiable. We will assume that the selection list, which is alphabetical, is the right order
beta$species<-head(sel$species,-1)

Add the last species in. By definition its betas are zero
species<-tail(sel$species, 1)
last<-as.data.frame(species)
last$beta_freqinde_2.5<-0
last$beta_freqinde_50<-0
last$beta_freqinde_97.5<-0
last<-last%>%

select(beta_freqinde_2.5,beta_freqinde_50,beta_freqinde_97.5, species)
beta1<-rbind(beta,last)
dim(beta1)

## [1] 269 4
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Estimate absolute fitness, W using just the betas. We need an estimate of delta (or mu).We use the median
estimate of the frequency independent rate.
delta<-d[3,1]
delta

## [1] 0.0002521865

beta1$W=(1-delta)*(1+beta1$beta_freqinde_50)
beta1$w=beta1$W/median(beta1$W)
beta1$s=beta1$w-1

these selection coefficients should correlate with estimated changes in frequency.

Let’s get the frequency data from “reproductives_counts.rds”
f<-readRDS("reproductives_counts.rds")

get linear estimates of frequencies of Ben’s data and compare them to the selection coefficients. First check
how many species and census years we have
length(unique(f$species))

## [1] 269

length(unique(f$censusyear))

## [1] 8

looks like we have all the data in there. Ensure that census year and frequency are numeric
f$censusyear<-as.numeric(as.character(f$censusyear))
f$freq<-as.numeric(as.character(f$freq))

The selection coefficients, s predict the relative or % change in frequency. To estimate that, then, we apply
a log10 transform to the frequencies. Since some species have zero counts in some years this means that we
will lose some data.
Nobs<-f%>%
group_by(species)%>%
summarize(N_obs=length(species))%>%

arrange(N_obs)
dim(Nobs)

## [1] 269 2

Just as we expect we have 8 observations for each species. Now we remove zero counts so that we can do
linear regressions on logged data.
f1<-f%>%
filter(!count==0)
Nobs<-f1%>%
group_by(species)%>%
summarize(N_obs=length(species))%>%

arrange(N_obs)%>%
filter(N_obs<8)

dim(Nobs)

## [1] 38 2

So now there are 38 species with fewer than 8 observations. These are going to be mostly low-frequency
species that go extinct or go extinct and re-immigrate. We’ll remove them.
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remove<-Nobs$species
f1<-f1%>%
filter(!species %in% remove)

check how many species remain, and how many obs in each
Nobs<-f1%>%
group_by(species)%>%
summarize(N_obs=length(species))%>%

arrange(N_obs)
dim(Nobs)

## [1] 231 2

head(Nobs)

## # A tibble: 6 x 2
## species N_obs
## <chr> <int>
## 1 Abarema macradenia 8
## 2 Acalypha diversifolia 8
## 3 Acalypha macrostachya 8
## 4 Adelia triloba 8
## 5 Aegiphila panamensis 8
## 6 Alchornea costaricensis 8

I have 231/269 species left. log their frequencies.
f1$log10_freq<-log10(f1$freq)

run the linear model for all species and extract the linear coefficients
m<-f1%>%
group_by(species) %>%

do(model = lm(log10_freq ~ censusyear, data = .))
m1<-as.data.frame(tidy(m, model))
m2<-m1%>%filter(term=="censusyear")
dim(m2)

## [1] 231 6

predict models
pred<-augment(m, model)%>%
select(species, censusyear, .fitted, log10_freq)

order the species from postive to negative coefficients for nice plotting
ord<-m2%>%
select(species, estimate)%>%

arrange(desc(estimate))
ord$order<-1:nrow(ord)
ord$estimate<-NULL
pred<-merge(pred, ord, by="species")
pred$species<- reorder(pred$species,pred$order)
#levels(pred$species)

check that the fits are reasonable
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#ggplot()+
#geom_point(data=pred, aes(x=censusyear, y=log10_freq))+
#geom_line(data=pred, aes(x=censusyear, y=.fitted))+
#guides(colour=FALSE)+
#theme_classic()+
#theme(aspect.ratio = 1)+
# facet_wrap(~species, ncol=20, scales="free")+
#ggsave("BCI plot of frequencies with fits.pdf",device = "pdf", scale = 1, width = 100, height = 100, units = c("cm"),dpi = 1000)

That looks good. The linear regressions are doing their thing

Merge selection estimates these with the estimates of the linear model coefficients on log10(frequency).
m2<-m2%>%
select(species, estimate, p.value)
beta2<-merge(beta1, m2, by="species")
dim(beta2)

## [1] 231 9

code according to whether they have positive or negative freqency independent selection coefficients
beta2$selection_class<-ifelse(beta2$s>0, "positive", "negative")

plot estimates of regression coefficients v. selection coefficients
ggplot(data=beta2, aes(x=estimate, y=s, colour=as.factor(selection_class)))+
geom_point()+
theme(aspect.ratio = 1)+
geom_vline(xintercept=0, linetype="dotted")+
geom_hline(yintercept=0, linetype="dotted")+
theme_classic()
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So, linear regression on the relative change in frequency – or log10(frequency) – strongly predicts the s
coefficents scaled by census year. That’s just as it should be.

Look at the individual trajectories now colour coded according to whether they have positive or negative
selection coefficients. Merge with frequency data and linear model predictions
pred1<-merge(pred, beta2, by="species")

ggplot()+
geom_point(data=pred1, aes(x=censusyear, y=log10_freq, colour=as.factor(selection_class)))+
geom_line(data=pred1, aes(x=censusyear, y=.fitted, colour=as.factor(selection_class)))+
guides(colour=FALSE)+
theme_classic()+
theme(aspect.ratio = 1)+

facet_wrap(~species, ncol=5, scales="free")

5



Piper cordulatum

Piper aequale Chamaedorea tepejilote Piper colonense Piper perlasense Pterocarpus rohrii

Conostegia cinnamomeaErythrina costaricensis Inga ruiziana Cestrum megalophyllum Ficus tonduzii

Aegiphila panamensisPsychotria horizontalis Trichanthera gigantea Garcinia madruno Eugenia coloradoensis

Piper arboreum Trophis racemosa Casearia arborea Xylosma oligandra Bactris coloniata

Lindackeria laurina Cordia lasiocalyx Cupania rufescens Inga punctata Sapium glandulosum

Casearia sylvestris sylvestrisPsychotria deflexa Licania platypus Inga goldmanii Lonchocarpus heptaphyllus

Ficus costaricana Cinnamomum triplinerve Trophis caucana Symphonia globuliferaDendropanax arboreus

Annona spraguei Siparuna pauciflora Marila laxiflora Platypodium elegans Adelia triloba

Tachigali versicolor Zuelania guidoniaAstrocaryum standleyanumBactris major major Hasseltia floribunda

Trichilia tuberculata Spachea membranacea Vismia baccifera Lafoensia punicifoliaErythroxylum macrophyllum

Capparis frondosa Ormosia macrocalyx Guatteria dumetorumAphelandra sinclairianaCespedesia spathulata

Talisia croatii Malpighia romeroanaPentagonia macrophyllaHybanthus prunifolius Ceiba pentandra

Brosimum alicastrum bolivarenseLicania hypoleucaPlatymiscium pinnatum polystachyumTrattinnickia aspera Guettarda foliacea

Poulsenia armata Ficus yoponensis Andira inermis inermis Ficus trigonata Sloanea terniflora

Picramnia latifolia Casearia guianensis Psychotria grandis Acalypha diversifolia Solanum hayesii

Ficus maxima Socratea exorrhiza Tabebuia rosea Casearia aculeata Attalea butyracea

Pseudobombax septenatumMaquira guianensis costaricanaCalophyllum longifoliumHampea appendiculataStylogyne turbacensis

Ficus obtusifolia Thevetia ahouai Luehea seemannii Theobroma cacao Quassia amara

Ficus popenoeiCroton billbergianus billbergianusApeiba tibourbou Acalypha macrostachya Sorocea affinis

Desmopsis panamensis Neea amplifolia Pachira sessilis Coccoloba coronata Apeiba membranacea

Cecropia insignis Beilschmiedia pendulaHieronyma alchorneoidesTurpinia occidentalis Eugenia oerstediana

Chrysochlamys eclipes Tabebuia guayacan Piper reticulatum Miconia impetiolaris Quararibea asterolepis

Eugenia nesiotica Annona acuminata Alchornea costaricensis Gustavia superba Allophylus psilospermus

Hura crepitans Nectandra purpurea Inga spectabilis Randia armata Virola sebifera

Pouteria stipitata Spondias radlkoferi Anacardium excelsum Rinorea sylvatica Lacistema aggregatum

Simarouba amara Triplaris cumingiana Protium costaricense Pouteria fossicolaPsidium friedrichsthalianum

Ouratea lucens Ocotea cernua Virola surinamensis Herrania purpurea Tetragastris panamensis

Erythroxylum panamenseOenocarpus mapora Cordia alliodora Hamelia axillaris Maytenus schippii

Dipteryx oleifera Cavanillesia platanifoliaMacrocnemum roseum Guarea guidonia Protium tenuifolium

Terminalia oblonga Guapira standleyana Heisteria acuminata Ocotea whitei Amaioua corymbosa

Miconia nervosaChrysophyllum argenteum panamenseCoccoloba manzinellensisTabernaemontana arboreaChrysophyllum cainito

Unonopsis pittieri Zanthoxylum panamenseProtium panamenseSwartzia simplex grandiflora Talisia nervosa

Inga umbellifera Miconia affinis Swartzia simplex continentalisMiconia argentea Psychotria chagrensis

Psychotria marginataSenna dariensis dariensisEugenia galalonensisPsychotria cyanococcaSterculia apetala apetala

Mouriri myrtilloides parvifoliaGenipa americana Ardisia standleyana Heisteria concinna Alseis blackiana

Miconia hondurensis Vochysia ferruginea Nectandra lineata Astronium graveolens Laetia thamnia

Terminalia amazonia Tocoyena pittieri Posoqueria latifoliaJacaranda copaia spectabilisCoussarea curvigemmia

Casearia commersonianaFaramea occidentalis Cupania sylvatica Myrcia gatunensis Cordia bicolor

Prioria copaifera Alibertia edulis Trichilia pallida Virola multiflora Abarema macradenia

Ocotea oblonga Zanthoxylum ekmanii Mosannona garwoodii Psychotria acuminata Hirtella triandra

Aspidosperma spruceanumSpondias mombin Conostegia bracteataPouteria reticulata reticulataGuazuma ulmifolia

Inga sapindoides Anaxagorea panamensisCassipourea elliptica Pourouma bicolor Zanthoxylum acuminatum

Garcinia intermedia Diospyros artanthifoliaInga nobilis quaternataPalicourea guianensis Guarea grandifolia

Clidemia octona Inga marginata Drypetes standleyi Perebea xanthochyma Laetia procera

Ochroma pyramidale Inga acuminata Celtis schippii Xylopia macrantha Chamguava schippii

Cecropia obtusifolia Ocotea puberula Psychotria graciliflora Psychotria limonensisLacmellea panamensis
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#+ggsave("BCI plot of frequencies with fits and selection.pdf",device = "pdf", scale = 1, width = 50, height = 100, units = c("cm"),dpi = 1000)

There are a few mismatches — but these are species which have a small relative change in frequency

Let’s look at the species that are increasing and decreasing fastest at BCI. We’ll plot the original frequencies
rather than the log-transformed ones.
pred2<-pred1%>%
filter(s>quantile(s,0.95) | s<quantile(s,0.05))
ggplot()+
geom_point(data=pred2, aes(x=censusyear, y=10^(log10_freq), colour=as.factor(selection_class)))+
geom_line(data=pred2, aes(x=censusyear, y=10^(log10_freq), colour=as.factor(selection_class)))+
geom_line(data=pred2, aes(x=censusyear, y=10^(.fitted), colour=as.factor(selection_class)),linetype="dotted")+
guides(colour=FALSE)+
theme_classic()+
theme(aspect.ratio = 1)+
facet_wrap(~species, ncol=5, scales="free")+

theme(strip.text = element_text(size=3))

Pterocarpus rohrii Piper cordulatum

Ficus tonduzii Piper aequale Chamaedorea tepejilote Piper colonense Piper perlasense

Palicourea guianensis Symphonia globulifera Bactris coloniata Conostegia cinnamomea Cestrum megalophyllum

Celtis schippii Xylopia macrantha Chamguava schippii Drypetes standleyi Perebea xanthochyma

Cecropia obtusifolia Psychotria graciliflora Psychotria limonensis Lacmellea panamensis Inga acuminata
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#+ggsave("BCI plot of frequencies with fits and selection.pdf",device = "pdf", scale = 1, width = 50, height = 100, units = c("cm"),dpi = 1000)
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