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Abstract: Extinctions of undiscovered species (undetected extinctions) constitute a portion of biodiversity loss
that is often ignored. We compared the performance of 2 models of undetected extinctions – Tedesco and SEUX –
when estimating undetected extinctions with both simulated and real-world data. We generated simulated data by
considering a birth-death process in which less abundant species were more likely to go extinct. When detection
rates were higher for common species, the 2 models underestimated the true number of undetected extinctions by
up to 88.7%, and when detection rates were independent of abundance, the 2 models performed better; the SEUX
model had an average bias of +3.1% and the Tedesco model had an average bias of −62.3%. We applied the models
to 8 real-world data sets (e.g., Australian amphibians, Australian birds, North American bivalves) and found that
true extinctions may be from 15% to 180% higher than observed values. For 6 of the 8 data sets, the SEUX model
yielded absolute estimates that were 5.7–66.8% lower than those of the Tedesco model. We mainly attributed this
difference to the SEUX model’s assumption that there are no undetected extant species currently. We assessed the
accuracy of the models’ estimates with a logistic regression to test whether detection and extinction rates were
uncorrelated across species. Rates were correlated for 3 of the 8 data sets; species discovered later had a higher
probability of being extinct, suggesting that extinction numbers could be even higher for these groups. Despite
caveats associated with the models, the evidence from both show biodiversity loss in these groups may be more
severe than what has been documented.
Keywords: biodiversity loss, conservation, description curve, model comparison, simulations
Cuantificación del Desempeño Relativo de Dos Modelos de Extinción No Detectada

Resumen: Las extinciones no detectadas constituyen una porción de la pérdida de la biodiversidad que comúnmente pasa desapercibida. Comparamos el desempeño de dos modelos de extinciones no detectadas – Tedesco y
SEUX – durante su estimación de extinciones no detectadas tanto con datos simulados como reales. Generamos
datos simulados mediante la consideración de un proceso de nacimiento-muerte en el cual las especies menos
abundantes tenían una mayor probabilidad de extinguirse. Cuando las tasas de detección fueron mayores para las
especies comunes, los dos modelos subestimaron el número real de extinciones no detectadas hasta en un 88.7%;
cuando las detecciones fueron independientes a la abundancia, ambos modelos tuvieron un mejor desempeño. El
modelo SEUX tuvo un sesgo promedio de +3.1% y el modelo Tedesco uno de –62.3%. Aplicamos estos modelos
en ocho conjuntos de datos reales (p. ej.: anfibios australianos, aves australianas, bivalvos norteamericanos) y
descubrimos que las extinciones verdaderas podrían ser desde 15% a 180% más altas que los valores observados.
Para seis de los ocho conjuntos de datos, el modelo SEUX produjo estimaciones absolutas que fueron entre 5.7%
y 66.8% más bajas que las producidas por el modelo Tedesco. Esta diferencia la atribuimos principalmente a la
suposición del modelo SEUX de que actualmente no existen especies no detectadas. Evaluamos la certeza de las
estimaciones de cada modelo con una regresión logística para comprobar si las tasas de detección y extinción no
tenían correlación en todas las especies. Las tasas tuvieron correlación en tres de los ocho conjuntos de datos;
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las especies descubiertas más tarde tuvieron una probabilidad más alta de estar extintas, lo que sugiere que los
datos de extinción podrían ser mayores para estos grupos. A pesar de las salvedades asociadas a estos modelos, la
evidencia de ambos muestra que la pérdida de biodiversidad en estos grupos podría ser más severa de lo que se
ha documentado hasta ahora.

Palabras Clave: conservación, curva descriptiva, modelo de comparación, pérdida de la biodiversidad, simulaciones
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Introduction
Estimating the number of species in the world has been
one of biology’s driving questions. But increasingly, a
more pressing question is how many species have gone
extinct. Modern extinction rates are likely orders of magnitude higher than historical background rates (Pimm
et al. 2014; De Vos et al. 2015), and understanding biodiversity loss has never been more pertinent.
Since AD 1500, there have been 872 documented
species extinctions (IUCN 2018). But inaccuracies in
this number can arise from either incorrectly declaring
species as extant or extinct or failing to account for extinctions of species that have yet to be described—the
latter of which is becoming increasingly evident (Richling & Bouchet 2013). For example, within the wellstudied birds, dozens of species have likely gone extinct
before being described (Pimm et al. 2006). And, in a radiation of helicinid land snails from the Gambier Islands, 9
of 10 species went extinct before being described from
the fossil record almost two centuries later (Richling &
Bouchet 2013). Although these extinctions were eventually documented, it is reasonable to assume there are
others that have not been documented. Consequently,
numbers of documented extinctions may be lower than
actual extinctions.
To account for this, Tedesco et al. (2014) developed a
model that explicitly accounts for undetected extinctions
(i.e., extinctions of undocumented species). By assuming
that the probability of extinction is the same for both detected and undetected species, the authors fitted a parametric model to estimate undetected extinctions. On applying this model to real-world data sets, they found that
undetected extinctions over the past few centuries could
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be as low as 1 for world birds (excluding Australian and
island species) and as high as 143 for North American
freshwater fish (Tedesco et al. 2014). The model, however, is based on the assumption that species extinction
and detection probabilities are constant over time. Although this is convenient, and in some cases could approximate reality, it may not always be reasonable. For
instance, detection probabilities may fluctuate based on
the activity of taxonomists (Costello et al. 2013) or development of new taxonomic techniques, such as DNA
barcoding (Hebert & Gregory 2005). Further, extinction
probabilities can increase over time as threats to species
grow or decrease due to successful conservation action
(Butchart et al. 2006; Costello et al. 2013).
Relaxing the assumption of constant extinction and detection probabilities, Chisholm et al. (2016) developed
a nonparametric model in which species occur in four
different states: detected extant (S), detected extinct (E),
undetected extant (U ), undetected extinct (X ). Application of this so-called SEUX model to the time series of
Singapore birds over the last two centuries yielded an
estimate of 9 undetected extinctions (95% CI, 3.4–19.8),
implying an overall extinction rate of 33.0%, higher than
the observed rate of 29.7% (Chisholm et al. 2016). Although the percent estimate from this model is robust,
its absolute estimate of undetected extinctions assumes
there are no undetected extant species at the end of
the observation period—a condition not required by
the Tedesco model. Although this may be reasonable
for well-documented groups, such as Singapore’s birds,
it may not be reasonable in others. In these situations,
the SEUX model can only provide a reliable estimate of
the fraction of undetected extinctions, not the absolute
number.
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Although they differ in some of their assumptions, the
two models both act as alternative solutions to the problem of estimating hidden extinctions. So, when should
one be applied over the other? Previous tests have relied
only on simulations with static, species-intrinsic rates of
extinctions and detections, yielding little understanding
of their robustness to more realistic scenarios in which
these rates change over time. We compared the relative performance of the two models in such a scenario
by simulating species abundance dynamics and relating
probabilities of extinction and detection to a species’
abundance. Subsequently, we applied them to real-world
data sets and used the lessons learned from our simulations to assess the two models’ accuracy and their agreement with each other.

Methods
Tedesco Model
By definition, if a species is first detected (henceforth,
simply "detected") in year t, it must not have been detected or have gone extinct for the preceding t − 1 years.
Therefore, for given constant detection (ν) and extinction (μ) rates, the probability (P) of a species being detected in year t is
P (tdet = t ) = (1 − μ)t −1 (1 − ν)t −1 ν.

(1)

For N0 initially extant species, the expected number of
detected species (D) in year t is then
E[Dt ] = N0 (1 − μ)t −1 (1 − ν)t −1 ν.

(2)

Similarly, the expected number of undetected extinctions (X ) in year t is
E[Xt ] = N0 (1 − μ)t −1 (1 − ν)t −1 μ.

(3)

Evaluating the expected number of undetected extinctions from Eq. 3 requires 3 parameters to be estimated:
N0 , ν, and μ. The parameter μ can be estimated from
the number of known extinctions (Eobs ) and the time series of detections. For a species detected in some year τ ,
the probability it will be extinct by year t is 1 minus the
probability of persistence for all subsequent t − τ years:
t −τ

P (text t| τ ) = 1 − (1 − μ)

.

(4)

Therefore, the expected number of species that are
detected in year τ (Dτ ) that will go extinct by year t is
simply Eq. 4 multiplied by Dτ . The total expected number of known extinctions is then the sum of this number
across all years:
t −1



E[Eobs ] =
1 − (1 − μ)t −τ Dτ .

(5)

τ =1

Because Eobs and Dτ are known, μ can be estimated
from Eq. 5 by treating the realized number of extinc-

tions as the expected value. The values of N0 and ν
can then be estimated by fitting Eq. 2 to the time series of detections, which ultimately allows the number of undetected extinctions to be estimated using
Eq. 3.
SEUX model
Species in the SEUX model are classified into 4 categories: detected extant (S), detected extinct (E), undetected extant (U ), and undetected extinct (X ). The expected value for each of these categories at any time step
is related to its value in the previous time step:
St +1 = (1 − μt ) St + νt Ut ,

(6)

Et +1 = Et + μt St ,

(7)

Ut +1 = (1 − μt ) Ut − νt Ut ,

(8)

Xt +1 = Xt + μt Ut .

(9)

From Eq. 7, an estimate of the extinction probability
for year t is:
μt =

Et +1 − Et
.
St

(10)

Because species are discrete and there is a finite number of observed species, Eq. 10 can only provide an estimate of the true extinction probability. The fraction
of all species that have gone extinct (pt ) can be expressed as 1 minus the probability of persistence for all
years:

t
−1
t
−1 
(1 − μi ) = 1 −
1 − Et+1St−Et . (11)
pt = 1 −
i=0

i=0

To estimate the absolute number of extinct species at
any time step, one can express Et and Xt as the fraction
pt of all species:
Et + Xt = (ST + UT + ET + XT ) pt .

(12)

At t = T , where T is the final year of the time series,
Eq. 12 can be rearranged to find XT :
XT =

(ST + UT ) pT
− ET .
1 − pT

(13)

Finally, Eq. 13 can be substituted into Eq. 12 to obtain
an expression for the number of undetected extinctions
at each time step:
Xt =

ST pt
UT pt
− Et +
.
1 − pT
1 − pT

(14)

If UT (i.e., the number of undetected extant species
in the present day) is small, then the right-most term in
Eq. 14 will be approximately 0 and only ST and Et are
needed to estimate Xt . If this is not true, then—all else
being equal—the model will underestimate the number
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of undetected extinctions, although its estimate of proportional extinctions will still be reliable.

Simulations
To simulate real-world scenarios, we generated species
abundances from Fisher’s log series (Fisher et al. 1943),
which can give good fits to empirical species abundance
data (Volkov et al. 2003; Baldridge et al. 2016). To then relate these abundances to extinction and detection probabilities, we considered a generalized birth–death (BD)
process. The BD process can produce log-series species
abundance distributions (SAD) under neutral assumptions (Volkov et al. 2003) and may therefore approximate real-world abundance dynamics of communities
with similar distributions.
In the BD process, a species’ probability of going extinct within 1 time step is related to its abundance in the
time step before; more abundant species are less likely
to go extinct. For detection probabilities, we set a per
capita detection rate, ξ = 0.1, to link a species’ abundance to its probability of being discovered; more abundant species have a higher chance of being discovered.
We evaluated a species’ probability of extinction (μt )
and detection (νt ) at each time step, t, as a function of
its starting abundance (Kendall 1948). Extinction probabilities were obtained analytically, and an algorithm from
Bornemann (2011) was used to generate detection probabilities (Supporting Information). We ran the simulation for 50 time steps and for N ≈ 300 species; maximum species abundance was ni ≈ 100. Increasing the
maximum abundance was unlikely to change the overall result because μt and νt do not change significantly
if already high abundances are increased. To confirm
this, we ran simulations with maximum abundance ni ≈
200 and found qualitatively similar results (Supporting
Information).
Having obtained μt and νt for all species, we simulated
extinction and detection events with binomial trials to
produce a list of extinction and detection dates. We prioritized detections over extinctions (i.e., a species that
was detected and went extinct within the same time step
was considered to have been detected first). Such cases
introduced a slight positive bias in the models’ predictions of undetected extinctions and occurred in <5% of
all species on average over all simulations.
We then analyzed the simulated data with both models. For the Tedesco model, we used the optimize function in R (R Core Team 2018) with Eq. 5 to obtain parameter estimates for μ. Subsequent fitting of the data to
estimate N0 and ν with Eq. 2 was done by maximizing
likelihood using the nlminb function and assuming that
the expected number of descriptions followed a Poisson
distribution. We evaluated model performance by computing percent error of estimates for both absolute num-
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bers of undetected extinctions and proportional extinctions.
To explore the effect of different per capita detection
rates for species with different abundances, we used an
abundance-specific per capita detection rate, ξn = nξk ,
where k determines the rate at which per capita detection changes with abundance, n. When k = 0, then
ξn = ξ , recovering the original case (i.e., scenario 1 [Table 1]), where detection probability was higher for more
abundant species. However, when k > 0, per capita detection becomes higher for species with lower abundances. This scenario 2 (Table 1), where we tweaked k ∈
[0.05, 0.10, 0.15 . . . , 1.00], was intended to simulate a
situation where the reduction of habitat (an increasing reality for numerous ecosystems) reduces species
abundances and increases extinction probability and detectability through a proportional increase in survey effort of smaller areas.
Finally, in the third scenario (Table 1) detection probabilities were independent of species abundances. To
achieve this, extinction probabilities from scenarios 1
and 2 were retained, and detection probabilities were
randomized across species. This allowed us to test how
well the models performed when one of their key
assumptions—that detection and extinction rates do not
vary systematically across species—is satisfied.
Real-world data sets
Both models were applied to updated data sets from
Tedesco et al. (2014). Data sets were grouped according to geographic regions to account for different extinction processes. For instance, a large proportion of
mammal extinctions occurred in Australia (MacPhee &
Flemming 1999). The same is true for freshwater bivalves
in North America (Bogan, 1993, 1998). For birds and terrestrial mammals at the global scale, our analyses concerned only continental species because a large proportion of extinctions on oceanic islands occurred before
descriptions started (Harrison & Stiassny 1999; MacPhee
& Flemming 1999). A total of eight data sets were used:
for Australia amphibians, birds, and terrestrial mammals;
for North America freshwater fish and bivalves; and at
the global scale continental birds, mammals, and marine
mammals.
Because the SEUX model requires extinction years as
input (the Tedesco model only needs the number of observed extinctions), whereas some data sets provided approximate years or ranges, we modified the following
entries prior to running the model: for year ranges (e.g.,
1970–2000 or 1970s) , we took the mean year; where
multiple years were given, we took the earliest year; for
unbounded ranges (e.g., <1970), we set it to the closest
possible year (in the case of <1970 to 1969); and for the
two entries "early 1800s" and "early 1900s", we set the
years to 1825 and 1925, respectively. In some cases, a
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Table 1. Overview of simulation scenarios for generating species detection and extinctions events used to assess the relative performance of the SEUX and
Tedesco models.

Scenario
1
2
3

Description
probabilities generated from a
BD process
higher detection for less
abundant species
detection probability
independent of abundance

Scaling of per capita
detection rate with
abundance (k)
0.00
{0.05, 0.10, . . . 1.00}

species’ recorded extinction date was before its description date. Inputting the data as is would be inconsistent
with the SEUX model because species cannot transition
to detected extinct without first being detected extant.
As a workaround for these cases, we set the species’ detection date to 1 year before its extinction date for the
SEUX model.
For both models, we used the same start and end years
as in Tedesco et al. (2014), apart from the North American freshwater bivalves data set in which there were a
few earlier extinctions that warranted inclusion. Because
we were only interested in modern extinctions, we estimated μ for the Tedesco model only with data between
the first and last observed extinctions. To obtain fitted
parameters, we used the same method as with the simulated data sets. We generated 95% CIs for both models.
For the SEUX model, this involved considering a stochastic version of Eqs. 6–9, and for the Tedesco model, we
ran 1000 bootstrap resamples for each data set.
One possible reason for differences between the two
models’ absolute estimates may be the SEUX model’s assumption of no undetected extant species in the present
day. To explore the effect of this assumption, we considered a hybrid model in which we substituted the undetected extant species inferred by the Tedesco model with
UT in Eq. 11. Although the accuracy of the total species
estimate from the Tedesco model is uncertain, this at
least allowed us to quantify the extent to which the differences in the two models’ outputs were attributable to
the UT = 0 assumption in the SEUX model versus other
factors.
We additionally ran logistic regressions to assess
whether species discovered later were equally likely to
go extinct as ones discovered earlier. If species discovered later are more likely to be extinct, it would imply
that extinction and detection rates are negatively correlated and that the models may underestimate undetected
extinctions. Conversely, the models may produce overestimates if species discovered later are less likely to go
extinct. We ran logistic regressions with the glm function, with extinction as the binary response variable and
a species’ description year as the only predictor. We then
assessed the fit with a likelihood-ratio test with significance level α = 0.05.

Detection probability
higher for more abundant
species
dependent on k
scenario 1 and 2
probabilities randomized
across species

Extinction probability
lower for more abundant
species
lower for more abundant
species
lower for more abundant
species

All analyses were done in R 3.6.2. In The R code for
running the simulations and analysis is in Supporting Information.

Results
Simulations
In scenario 1, both models severely underestimated the
absolute number of undetected extinctions (at k = 0)
(Fig. 1). The SEUX model had an error of −88.7% (SD
= 3.4), and the Tedesco model had an error of −84.6%
(SD = 2.7). The result was qualitatively similar for proportional extinctions (k = 0) (Fig. 1b), albeit with a
smaller bias of −8.2% (SD = 1.4) for the SEUX model
and −7.7% (SD = 1.4) for the Tedesco model.
In scenario 2, as per capita detection became increasingly biased toward less abundant species (i.e., increasing k), the models’ absolute estimates became less negatively biased (Fig. 1a). The Tedesco model’s estimate of
absolute extinctions appeared little affected by changes
in k; mean error changed only from −84.6% (SD = 2.7)
to −64.4% (SD = 6.6) as k increased from 0 to 1. In
contrast, the SEUX model’s error changed from −88.7%
(SD = 3.4) to +3.2% (SD = 27.1). The models behaved
slightly differently when considering proportional estimates (Fig. 1b). The SEUX model’s error was more negative at smaller values of k and became more positive as k
increased. The Tedesco model’s error, however, became
increasingly negative as k increased.
In scenario 3, when detection probabilities were independent of species abundances, the SEUX model performed very well. There was only a slight positive error
(mean = +3.7%) across all values of k (Fig. 1c). The
Tedesco model, however, was always negatively biased.
The result was qualitatively similar for proportional extinctions (Fig. 1d): the SEUX model had a near zero bias,
whereas the Tedesco model became increasingly negatively biased.
Real-World Data Sets
Absolute estimates of undetected extinctions with realworld data ranged from <1 to 55 species (Fig. 2),
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Figure 1. Percent errors of
the SEUX and Tedesco
models’ (a) absolute
estimates and (b)
proportional estimates of
undetected extinctions for
simulation scenarios 1 (at
k = 0) and 2 (for k > 0)
and of (c) absolute
estimates and (d)
proportional estimates of
undetected extinctions for
simulation scenario 3,
where detection
probabilities were
independent of species
abundances (k, per capita
detection rate; solid lines,
mean; shaded regions,
middle 95th percentile of all
simulations).

Figure 2. Estimated number of (a) absolute extinctions and (b) proportional extinctions as estimated with 3
different models for 8 real-world data sets (white bars, number or proportion of observed extinctions; colored bars,
number or proportion of undetected extinctions estimated by the models; error bars, 95% CI). The hybrid model
was the SEUX model with total species richness estimated by the Tedesco model, and it is only relevant for absolute
numbers. The 95% CI for the Tedesco model’s proportional extinction estimates can go below the observed value in
cases where the model estimates large numbers of undetected extant species in the present day (thus increasing the
denominator).
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suggesting that true extinctions may be anywhere from
15% to 180% higher than observed values. That said, the
uncertainty of both models’ estimates were fairly large;
the CI included zero in many groups. When considering the fraction of total extinct species (both detected
and undetected), total extinctions were estimated to be
as low as 0.1% for world birds and as high as 13.4% for
North American freshwater bivalves (Fig. 2).
For all but two of our eight data sets (Australian birds
and World marine mammals), the SEUX model produced
a lower absolute estimate of undetected extinctions than
the Tedesco model. In most cases, differences between
the two models’ absolute estimates were small. But for
Australian mammals and North American freshwater fish,
the Tedesco model estimated much larger numbers of
undetected extinctions: 11.9 and 43.7 more extinctions,
respectively. Both models agreed in the qualitative trends
across data sets. The highest numbers of undetected
extinctions occurred in Australian mammals and North
American freshwater fish, whereas others, such as birds,
had fewer. The same trends were seen in proportional
extinctions, although the difference between the two
models here was generally smaller because the Tedesco
model always predicted some undetected extant species
remaining, therefore lowering the proportion of extinct
species.
Compared with the SEUX model, the hybrid model’s
estimates were much closer to the Tedesco model’s values; the difference was 1.7 extinctions on average (compared with 7.1 between the SEUX and Tedesco models).
In particular, estimates for the 2 data sets that showed the
largest differences between the two original models (i.e.,
Australian mammals and North American freshwater fish)
were considerably higher in the hybrid model than in the
SEUX model.
The likelihood ratio test showed that time detected
was statistically significant in predicting whether a
species would go extinct for three groups: Australian
birds, North American freshwater bivalves, and North
American freshwater fish (Table 2). For these groups, the
regression models showed that species discovered later
had higher odds of being extinct. For all other groups,
there was insufficient evidence to show that species discovered later faced different probabilities of extinction.

Discussion
Although there were some similarities in the two models’
results with the real-world data sets, there were also stark
differences. Our simulations, which used a BD process
with species abundances drawn from a log-series SAD,
allowed us to compare the two model’s performances
and gave some insight into their disagreements as well as
their relative accuracies when applied to the real-world
data.
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Table 2. Results of the logistic regression performed with extinction as
the response variable and a species’ description year as the only predictor.
Likelihood-ratio
b
test
Data set
Australian
amphibians
Australian birds
Australian
mammals
North American
freshwater
bivalves
North American
freshwater fish
World birds
World mammals
World marine
mammals

 log
a
odds

SE

deviance

p

0.02162 0.02017

1.988

0.159

0.02380 0.01000
−0.00300 0.00414

4.643
0.541

0.031∗
0.462

0.00927 0.00338

6.766

0.009∗

0.01264 0.00278

23.827

<0.001∗

−0.01150 0.00805
0.00212 0.00450
0.00339 0.00799

2.187
0.223
0.173

0.139
0.636
0.677

a

Change in log odds of extinction for a species discovered a year
later.
b
Deviance and p values are from the likelihood ratio test against a
null model.

Simulations
Our method of simulating the detection and extinction
process with species abundance dynamics in scenario 1
introduced two main differences relative to the simulations performed in Chisholm et al. (2016) and Tedesco
et al. (2014). First, it allowed extinction and description
probabilities to vary over time for each species due to
fluctuating abundances, which violates an assumption of
the Tedesco model but not the SEUX model. Second, it
introduced a correlation between species’ extinction and
description probabilities, which affects both models in
similar ways.
Because a key assumption behind both models, and
indeed the assumption that makes them tractable, is
that extinction and detection probabilities do not covary
systematically across species, we expected both models
would perform poorly in scenario 1, which violated this
assumption. Our results confirmed this but also showed
the extent to which their estimates may be affected.
That both models would give negative errors when percapita detection rates were equal across species (i.e.,
k = 0) is easily explained. If hard-to-detect species are
more likely to go extinct, then the extinction rate of detected species (on which model estimates are necessarily based) will be lower than that of undetected species
and therefore lower than the true overall extinction rate.
There are real examples where extinction risk has been
negatively correlated with detection probabilities, such
as in North American birds (Alpizar-Jara et al. 2004).
Giam et al. (2012) also found that more recently described amphibians and land mammals were more likely
to be listed as threatened on the International Union for
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Conservation of Nature Red List, suggesting the same. In
these situations, then, one can expect both models to
perform poorly.
In scenario 2, we found that when the relationship
between detection probability and abundance (and thus
extinction probability) was weaker, absolute estimates
from both models became less negatively biased. Interestingly, the negative bias decreased less in the Tedesco
model. This was likely due to the negative bias introduced from the time-varying probabilities also affecting
the Tedesco model. Our results from scenario 2 suggest
that the two models are likely to produce underestimates
of undetected extinctions in communities where rarer
are harder to detect.
In scenario 3, when detection probabilities were independent of extinction probabilities, both models’ biases were reduced, confirming that their estimates were
more reliable when this key assumption was not violated.
That said, the Tedesco model was still negatively biased,
which may be due to the effective extinction probability
decreasing over time because species with high extinction probability went extinct early in our simulations. Although the fluctuations in extinction and detection probabilities were due to changing abundances in our simulations, in practice any process that causes similarly changing rates could create issues for the Tedesco model. For
example, threats to Australian mammals likely changed
distinctly in different periods due to the introduction of
threats such as human settlement and invasive species
(Woinarski et al. 2015). In other cases, increasingly negative effects of climate change (Urban 2015; Davidson
et al. 2017) or habitat loss (Kerr & Currie 1995) may exacerbate extinction risk over time. If the resulting changes
in extinction and detection rates are large, then estimates
from the SEUX model may be more reliable than those
from the Tedesco model.
Real-World Extinctions
Estimates of undetected extinctions in the real-world
data sets varied greatly between different groups. For
some, estimates from both models suggested that true
extinction numbers could be several times larger than
observed (Fig. 2). The models’ values may be underestimates for at least three of the eight groups because
of violation of the key assumption of independence of
extinction and detection rates across species (Table 2).
Such conclusions are particularly worrying considering
that some of these groups are expected to continue to
face sharp declines. Of note are the Australian mammals.
Several Australian mammal extinctions have already occurred in past decades (Woinarski et al. 2015) and more
are expected in the near future (Geyle et al. 2018). By
contrast, groups that have historically been accorded
high taxonomic effort, such as world birds and mammals
(Troudet et al. 2017), are estimated to have much lower
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proportions of undetected extinctions. This is what one
would logically expect. If most of the species in a given
data set are detected early in the record, then there
should be fewer undetected extinctions.
When we plugged the Tedesco model’s estimate of
present-day undiscovered species into the SEUX model
(i.e. the hybrid estimate), we obtained values that were
closer to those of the Tedesco model, suggesting that differences between the estimates of the two original models are largely due to their different assumptions about
present-day undiscovered species (the SEUX model assumes no such species). We stress caution, however, in
using these hybrid estimates because there is a conceptual disjunction between the way UT is estimated (i.e.,
assuming constant extinction and detection probabilities
as in the Tedesco model) and the way undetected extinctions are subsequently estimated (i.e., assuming timevarying extinction and detection probabilities as in the
SEUX model). Estimates from the hybrid method may
only be as accurate as the Tedesco model’s estimate of
total species richness, so using richness estimates that
rely on methods that do not contradict the SEUX model’s
assumptions may give better results.
Given that many of the species lists here are unlikely
to be exhaustive, the SEUX model’s estimates can be considered a conservative underestimate of the true number
of undetected extinctions because including any presentday undetected species will only increase this value. Alternatively, if absolute numbers are not needed, then one
can rely on the SEUX method’s proportional estimate instead, which is insensitive to the remaining number of
undetected extant species.
Other Limitations and Recommendations
Aside from biases arising from violations of model assumptions, a limitation to estimating undetected extinctions comes from the lack of sufficient, accurate input
data. In these cases, one may wish to consider whether
a model can be used to analyze data that are less precise.
To make the SEUX model work, we modified some uncertain extinction dates to be a single year. Unlike the SEUX
model, however, a merit of the Tedesco model it does not
require extinction dates; it requires only the total number
of observed extinctions.
Uncertainties in extinction dates can arise in different
ways. Declaring an extinction could prematurely terminate efforts to conserve a species in need, so conservationists may put off doing so until there is greater certainty (Pimm et al. 2006; Collar 2008). If so, species
could be going extinct earlier than their declared extinction dates. Then again, the opposite may also be true, as
evidenced by the occasional rediscovery of species that
were previously declared extinct (Scheffers et al. 2011).
Some models can help pinpoint species extinction dates
(e.g., Solow 1993; Lee et al. 2014), but getting accurate
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estimates requires temporal information of species population dynamics and sampling effort that is not always
possible (Rivadeneira et al. 2009). Errors in the SEUX
model’s estimate may be insignificant if there is only a
small fractional change in the number of newly discovered species between the recorded extinction date and
the true extinction date of the species (Chisholm et al.
2016). However, within some of our data sets, there were
large uncertainties in extinction dates (e.g., extinction
date stated as just "1800s"). In such cases, estimates from
the Tedesco model may be favored. Future work could
involve testing the robustness of the SEUX model to such
uncertainties.
In addition to uncertainties in extinction dates, our
estimates were also influenced by our assumption that
a species’ description date is equivalent to its discovery
date, which is often not the case. Fontaine et al. (2012)
reported differences from 0 to 206 years between the
time a species is collected and subsequently described. A
closer look at our data revealed similar issues. For example, specimens of one of the extinct Australian birds—
the Kangaroo Island emu (Dromaius baudinianus)—
were collected in 1802, but the species was only formally
described over a century later in 1984 (Parker 1984).
Using dates of first collection may improve accuracy of
estimates and would be more in line with the detection
process outlined in both models, although that information is not always available for all species (Fontaine et al.
2012).
The effect of taxonomic splitting and lumping further
confounds issues because revisions to species lists can
alter current estimates of undetected extinctions. Some
groups, such as mammals, have had many recent discoveries through splitting of previously discovered species
(Burgin et al. 2018). Given that neither model specifies
a mechanism for how a species is discovered, whether
such changes artificially influence the models’ estimates
depends on how one views the detection process.
Although the estimates the two models provided were
not immediately verifiable, more evidence of undetected
extinctions—such as the case studies described at the
beginning of this article—can eventually provide empirical checks on their validity. In the meantime, our simulation results provide some insights into how well these
models perform under certain conditions and the potential biases when model assumptions are violated. These
results can be used as guidelines for judging the models’ performance on a given data set. Statistical tests of
independence between detection and extinction probabilities can help identify a possible source of bias. That
said, the logistic regression models used here only indicate an overall directional trend in the relationship of extinction probability to detection date, and cannot assess
non-monotonic relationships (e.g., if species detected at
intermediate dates were most extinction-prone). A more
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flexible test that accounts for such fluctuations may provide better insights in these situations.
Although we found some differences between the two
models’ estimates, the overall picture was consistent:
known extinctions in many species groups represented
only a fraction of biodiversity loss. More work should
be done to assess the status of undetected extinctions
in other taxonomic groups and regions across the world.
This is an urgent task because without an accurate assessment of lost biodiversity, society will be unable to fully
understand humanity’s impacts on the biosphere.
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