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Abstract
We modeled a foraminifera community collapse during Paleocene-Eocene Thermal Maximum with our
temperature- and density-dependent model. Besides assessing our model, we investigated the pre-
collapse pattern and the warning signals of the collapse with statistical indicators (relative species
abundance, hierarchical cluster analysis, principal component analysis, total abundance, species
richness, �rst-order autoregression, relative abundance of pre-collapse dominant species). We found that
our model is appropriate for analyzing temperature- and density-dependent data patterns. Our study
con�rms that the total abundance and the pre-collapse dominant species are consistent temperature- and
density-dependent indicators and give large-scale signals (trend changes) at the beginning of major
environmental events and at community thresholds, respectively. They are earlier than �rst-order
autoregression, which signals at the collapse zone boundaries. A great de�ciency of our temperature- and
density-dependent model is that it lacks strong small-scale signals (peaks and troughs). Small-scale
signals are important because they can precede the large-scale signals of approaching collapses.

Introduction
Climate change is leading to community collapses (shifts and extinctions) globally (Iknayan & Beissinger,
2018; Stenson et al., 2016; Meyer-Gutbrod et al., 2021; Panetta et al., 2018; Román-Palacios & Wiens,
2020). Literature suggests that we are approaching climatical and ecological tipping points (Boers &
Rypdal, 2021; Boers, 2021; Boulton et al., 2022; Feldmann & Levermann, 2015; Fewster et al., 2022;
Berdugo et al., 2020). The cascading effects of crossing tipping points accelerate collapses (Wunderling
et al., 2021; IPCC, 2021). We believe that the statistical analysis and paleo data modeling improve our
understanding of precollapses and collapse warning signals.

In light of climate change, the analysis of paleo-ecological collapses has become a popular research
topic in recent years (e.g., Sheets et al., 2016; Seersholm et al., 2020; Fordham et al., 2020; IPCC, 2021).
However, paleoecological records are still rarely applied to investigate the warning signals of collapses
(Dakos et al., 2008; Taranu et al., 2018). The advantage of paleo-ecological data in contrast with many
recent data series is that they provide insight into the whole pre-collapse period, so we can track data
pattern changes on a larger time scale.

Most authors prefer applying critical slowing down indicators (CSD) to detect the early warning signals of
collapses (Dakos et al., 2008; Lenton et al., 2008; Trefois et al., 2015; Gatfaoui & de Peretti, 2019).
However, sometimes, there is no critical slowing down during collapses (Vasilis Dakos, Carpenter, et al.,
2012; Vasilis Dakos, van Nes, et al., 2012), or it is di�cult to identify them during long and smooth range
shifts (Hughes et al., 2013). Biggs et al. (2009) also suggest that CSD indicators provide late signals as
they start to increase only at the onset of collapses (at the collapse zone boundaries) (Pálinkás &
Hufnagel, 2021).
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In this study, we modeled a Paleocene-Eocene foraminifera collapse during PETM. A Paleocene-Eocene
(PE) foraminifera data series (Takeda & Kaiho, 2007a; Takeda & Kaiho, 2007b) provided the basis for our
temperature- and density-dependent model. We investigated the pre-collapse patterns and the signals of
the collapse with statistical indicators (relative species abundance (%), hierarchical cluster analysis
(HCA), principal component analysis (PCA), total abundance, species richness, AR(1), relative abundance
of pre-collapse dominant species). We studied whether these pre-collapse patterns are temperature- and
density-dependent. Temperature- and density-based pre-collapse patterns and signals are consistent,
easy to model, and indicate collapse-triggering major environmental events and community thresholds in
time.

Materials And Methods
Materials

The pre-collapse community pattern modeling is based on a Paleocene-Eocene (PE) data series (Takeda
& Kaiho, 2007a, b) included in our latest publication (Pálinkás & Hufnagel, 2021). The open-access data
series is available on the PANGAEA—Data Publisher for Earth & Environmental Science
(https://pangaea.de/). It represents a major benthic foraminiferal extinction event during the Paleocene-
Eocene Thermal Maximum (PETM) (Takeda & Kaiho, 2007a). The data series includes the relative
abundance of 27 species and has 31 timesteps (Pálinkás & Hufnagel, 2021; Fig. 2).

In our previous study (Pálinkás & Hufnagel, 2021), we used the relative species abundance (%), HCA, and
PCA to locate the communities and the unusual environmental events of the PE data series. The clusters
of the dendrogram (HCA) and the convex hulls of the PCA scatterplot represent the communities. The
outlier at a depth of 79.955 m refers to a probable pulse environmental event (Pálinkás & Hufnagel,
2021). The relative species abundance (%), especially the dominant species (= the most abundant
species) of the pre-collapse community (Siphogenerinoides brevispinosa) (Takeda & Kaiho, 2007a), show
the unusual environmental events. S. brevispinosa drops sharply at the probable pulse event and shoots
up at the beginning of the warming event.

Methods

We modeled the PE foraminifera data series pattern using a simpli�ed and improved version of the TEGM
model that simulates community collapses (Drégelyi-Kiss & Hufnagel, 2009; Sipkay et al., 2010).

Nt = Nt−1 ∗ f(T) ∗ r 1−
N
K

, where

N = number of individuals in the population

t = time

( )
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f(T) = temperature-dependent GAUSS() function

r = reproduction/maximum growth rate

K = carrying capacity

f(T) =
1

σ√2π
∗ e−

1
2

T −μ
σ

2

, where

T = temperature (K)

σ = thermal tolerance

π = 3.14159

e = 2.71828

µ = optimum temperature

The model includes 4000 timesteps. Nt1=1, which represents the "spore." Between time steps 2000–4000,
Nt equals the equation above.

The model presents three competitive communities with 18 species under a warming climate. The
communities have different optimum temperatures (Table 1). The increasing temperature generates
sequential community collapses. The communities are composed of generalist species (G), species with
medium tolerance (M), and specialist species (S) based on their thermal tolerance values. The thermal
tolerance ranges of the generalized, medium, and specialized species: G ≥ 3; M = 2–2.9; S = 0–1.9.

We set the model parameters to get a similar community pattern and share of the species, as in the case
of the PE foraminifera data series (Table 1). Reproduction (r) = 2; carrying capacity (K) = 1E + 34.

( )
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Table 1
Optimum temperature and thermal tolerance of community 1

(G1a–b, M1a–b, S1a–b), community 2 (G2a–b, M2a–b, S2a–
b) and community 3 (G3a–b, M3a–b, S3a–b). G = 

generalized, M = medium, S = specialized.
Species Optimum temperature (K) Thermal tolerance

G1a 293 3.9

G1b 293 3.4

M1a 293 2.9

M1b 293 2.4

S1a 293 1.5

S1b 293.3 1

G2a 294.7 4.7

G2b 294.7 4

G2c 294.7 3.5

G2d 294.7 3

S2a 294.5 1.7

S2b 294.8 1.3

G3a 296 4

G3b 296 3.5

G3c 296 3

M3a 296 2.5

M3b 296 2

S3a 296 0.95

We adjusted the temperature change in the model so that the pattern of the model and that of the PE
foraminifera data series would be similar (Table 2, Fig. 1). Between steps 1–999, the temperature is
constant, T = 290 K. From step 1000, the temperature starts a linear increase. The beginning of the
warming leading to the PETM is at the time step 1950 in our model.
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Table 2
Temperature change by time steps in

the simulation model
Time steps Temperature change

0-999 0

1000–1825 + 0.0025

1826–1889 -0.004

1890–1949 -0.0002

1950–2079 + 0.0085

2080–2499 + 0.005

2500–2599 + 0.003

2600–4000 + 0.002

We analyzed the similarity between the model and the PE foraminifera data series with statistical
indicators applied in our previous study (Pálinkás & Hufnagel, 2021). We selected the indicators showing
consistent pre-collapse patterns and signals. These indicators are as follows: relative species abundance,
HCA, PCA, total abundance, species richness, AR(1), the relative abundance of pre-collapse dominant
species (Pálinkás & Hufnagel, 2021). We used the statistical indicators to detect the community
boundaries, the environmental events, and the large-scale and small-scale signals before collapses. We
introduced the large-scale signals (trend changes) and small-scale signals (peaks and troughs) in our
previous publication (Pálinkás & Hufnagel, 2021). We use them as warning signals of forthcoming
collapses.

We created our model using Microsoft Excel 2016 software. The HCA and PCA were executed with
PAleontological STatistics software (ver. 3.13) (Hammer et al., 2001). We identi�ed statistically
signi�cant warning signals of the collapses applying R software (ver. 3.2.3) (R Core Team, 2019). See our
previous publication's detailed description of our statistical analysis (Pálinkás & Hufnagel, 2021).

Results
Evaluating the temperature- and density-dependent model

We aimed to model a Paleocene-Eocene foraminifera extinction during the PETM with a temperature- and
density-dependent model. We used statistical indicators (relative species abundance, HCA, PCA, total
abundance, species richness, AR(1), the relative abundance of pre-collapse dominant species) to
approximate the PE foraminifera data series pattern as close as possible. We took account of the share
of the species, the minimum-maximum values, and the statistical indicators' trend changes (Fig. 2). We
designated the collapse zone boundaries based on the results of the HCA and PCA (Fig. 2).
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We managed to model the three communities of the PE foraminifera data series. The clusters of the
communities, the outlier of the environmental pulse event, and the before and after warming subclusters
are recognizable in the HCA plot (Fig. 2). The convex hulls of the pre-collapse and the recovery
communities show the direction of environmental changes (temperature change) (Fig. 2). The convex hull
of the collapse community is between the convex hulls of the pre-collapse and recovery communities.
However, the similarity between the model's pre-collapse and the collapse communities is slighter in the
model than in the case of the PE foraminifera data series.

The PCA shows that we succeeded in modeling the warming event. However, we failed to reproduce the
pulse event. Other statistical indicators also support this �nding. The total abundance has an absolute
maximum at the pulse event in the PE foraminifera data series, but it does not have a maximum value in
the model (Fig. 3). At the same time, the species richness has a drop in the PE foraminifera data series,
but in the model, it has a local maximum. The PCA plot of the PE data series shows that the probable
pulse event and the beginning of the warming are different. However, they are similar in the model.
(Fig. 3).

We failed to model the minimum and maximum values (Fig. 3). We found differences between the model
and the PE foraminifera data series, especially at the environmental events and the collapse point (the
intersection of the pre-collapse and the collapse dominant species). The maximum and the minimum
values of the total abundance lie in the same direction in the PE foraminifera data series and the model.
However, the model cannot grasp the signi�cant peak at the pulse event and the trough at the collapse
point (Fig. 3). The species richness moves in the opposite direction in the case of the model and the PE
foraminifera data series. The maximum and minimum values are smaller in the model.

In contrast to the minimum and maximum values, we managed to model the large-scale trends (blue
arrow, Fig. 3).

After setting the model, we studied the small-scale signals (peaks and troughs) and the large-scale
signals (trend changes) of the selected statistical indicators (total abundance, species richness, AR(1),
pre-collapse dominant species). We evaluated their performance (Fig. 4).

The small-scale signals of the total abundance and the pre-collapse dominant species lie in the same
direction in the case of the model and the PE foraminifera data series. However, the species richness
shows the small-scale signals in the opposite direction in the model compared with the data series.

The model clearly shows the large-scale signals, especially in the case of the total abundance and the
pre-collapse dominant species. (blue arrows, Fig. 4). The total abundance and the pre-collapse dominant
species shoot up at the beginning of the warming. They are the large-scale signals of the environmental
event. After reaching a maximum, they start a moderate decline. They are the large-scale warning signals
of the impending collapse. We note that based on the modeling results, we identi�ed the beginning of the
warming event at an earlier stage than in our previous publication (blue solid vertical line, Fig. 4)
(Pálinkás & Hufnagel, 2021). Another observation is that the total abundance decreases earlier in the
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model than in the PE foraminifera data series because we did not entirely succeed in modeling the
emerging collapse community and the phenomena in the �rst half of the collapse zone (e.g., the pre-
collapse dominant species and the collapse dominant species move in the same direction). We correct a
�nding on the large-scale signal of the species richness published previously (Pálinkás & Hufnagel,
2021). We believe that the sharp rise of the species richness at the warming event is a small-scale rather
than a large-scale signal. The species richness seems to have a consistent pattern before the collapse.
However, it is not a good indicator for the large-scale signals as it does have trend changes before the
collapse. We failed to model the pattern of the AR(1) indicator. AR(1) increases after the environmental
events and not speci�cally before the collapse in the model.

Summary. Modeling the PETM warming event, we concluded that our temperature- and density-
dependent model is suitable for studying community shifts due to temperature increases. The relative
species abundance, the HCA, and the PCA demonstrate the relationship between communities. The
modeling of the collapse community is not perfect, though. We did not fully succeed in modeling the
small-scale signals of the environmental events. However, we modeled the large-scale signals of the total
abundance and the pre-collapse dominant species both at the environmental event and before the
collapse. We failed to model the pattern of AR(1).

Discussion
We modeled a Paleocene-Eocene data series (Takeda & Kaiho, 2007b), including a foraminifera extinction
during the PETM warming event. Besides model assessment, we studied the collapse's temperature- and
density-dependent aspects. We focused on the signals of the collapse-triggering environmental events
(especially the warming event) and the warning signals of the collapse. This model is a continuation of a
previous work where we analyzed collapses with statistical indicators at different spatial and temporal
scales (Pálinkás & Hufnagel, 2021). We used a selected group of statistical indicators showing consistent
patterns during the warming to study the warning signals of the environmental event and the collapse,
respectively.

We set the optimum temperature of the communities, the thermal tolerances of the species, and the
shares of the species to create the pattern of the communities. We used the relative species abundance
(%) to make the HCA and the PCA plots to identify the boundaries of the pre-collapse, the collapse, and
the recovery communities.

The differences between the model and data series might be because of the de�ciencies of the model,
inaccurate model setting, and/or unrevealed processes not dependent on temperature and density. We
detected the most signi�cant discrepancy in the case of the collapse community (PCA Fig. 2) and the
pulse event (Figs. 2–4). We suggest that both of them have disaster aspects which we did not
incorporate into our model. Another reason is that we modeled a one-way temperature change
(temperature increase). However, the recovery community of the PE foraminifera data series emerged
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under a cooling climate (Takeda & Kaiho, 2007a). A weakness of our model is that it can show only one-
way temperature change along a timeline.

We studied the small-scale and the large-scale signals of pre-collapse environmental events and
collapses, respectively, in our model. Unfortunately, we failed to model the small-scale signals of the
environmental events fully. That suggests that purely temperature- and density-dependent models cannot
reproduce environmental events.

We managed to model the large-scale signals of the total abundance and the pre-collapse dominant
species. That implies that these statistical indicators are temperature- and density-dependent. The
patterns of these indicators are very similar because the pre-collapse dominant species shape the total
abundance to a large extent. This result is not surprising: both indicators are sensitive to environmental
changes. We clari�ed and corrected previous conclusions related to the total abundance (Pálinkás &
Hufnagel, 2021) during the modeling. The sharp increase of the total abundance indicates the start of the
warming (blue arrow, Fig. 4), while the subsequent moderate increasing segment before the collapse (red
arrow, Fig. 4) is not necessarily the product of a step event (a sudden, stepwise increase of the
temperature), rather a threshold crossing. In our model, this threshold is the optimum temperature of the
pre-collapse community. We consider this relatively long segment after the threshold a large-scale
warning signal of the approaching collapse.

Regarding the species richness, we concluded that despite its consistent increase before collapses, it is
not a good large-scale signal indicator because it does not show trend changes at the events and
boundaries. We failed to model the pattern of the AR(1), probably because the model does not include the
process of critical slowing down.

The most signi�cant de�ciency of the model is the lack of small-scale signals. Small-scale signals are
critical because they indicate the major environmental events and the boundaries. They are often earlier
than large-scale signals (Pálinkás & Hufnagel, 2021). The environmental indicators and the disaster
species likely cause the small-scale signals. Hence consideration should be given to them in the further
steps of modeling.

The model con�rmed our previous �nding that the total abundance and the pre-collapse dominant
species are good large-scale-signal indicators (Pálinkás & Hufnagel, 2021). They detect the beginning of
the collapse-triggering warming event and the threshold crossing which introduces a slow, pre-collapse
decline. They give an earlier signal than AR(1) that indicates the collapse zone boundary (Biggs et al.,
2009; Pálinkás & Hufnagel, 2021).

By tackling the gaps in our model, we can attain an improved version of the model in the future. Another
useful step would be to reveal the small-scale pattern of the collapsing community between the
community threshold and the collapse boundary using other statistical indicators.
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Figure 1

Simulated linear temperature change 
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Figure 2

The relative species abundance (%), HCA, and PCA plots of the PE foraminifera data series (1A–C) and
the model (2A–C). 1A and 2A The relative species abundance plots. Blue solid line = pre-collapse
dominant species. Red solid line = collapse dominant species. Grey solid line = recovery dominant
species. Black dashed vertical line = presumed environmental pulse event. Yellow solid vertical line = the
beginning of warming. Red solid vertical lines = collapse zone boundaries. 1B and 2B HCA plots and 1C
and 2C PCA plots. Blue = pre-collapse community, red = collapse community, grey = recovery community.
Source of PE foraminifera data: Takeda and Kaiho (2007b)
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Figure 3

The relative species abundance (%), the total abundance and the species richness of the PE foraminifera
data series, and the model with the min-max values and the large-scale trends. Blue solid line = pre-
collapse dominant species. Red solid line = collapse dominant species. Grey solid line = recovery
dominant species. Black dashed vertical line = presumed environmental pulse event. Blue solid vertical
line = the beginning of the warming. Red vertical lines = the boundaries of the collapse zone. Red solid
dots = maximum values. Blue solid dots = minimum values. Blue arrows = large-scale trends. Source of
PE foraminifera data: Takeda and Kaiho (2007b)
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Figure 4

Signals of (collapse-triggering) major environmental events and collapses. Black dashed vertical line = 
pulse event. Blue solid vertical line = the beginning of the warming event. Red solid vertical line = collapse
zone boundaries. Solid dots = small-scale signal (red = peak, blue = trough). Blue arrow = large-scale
signal. Red curve with blue dashed curves = 95% pointwise con�dence band
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