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The Methodological Choice Nobody Questions

When confirmed absences are unavailable, researchers generate pseudo-absences and fit logistic regression to
a binary outcome (Guisan and Zimmermann 2000; Elith and Leathwick 2009).

The ratio of pseudo-absences to presences (PA:P) is an analyst-controlled parameter that varies widely across
the published SDM literature — yet it is typically set by convention, not inferential justification.

What we know: What we don’t know:

e Barbet-Massin et al. (2012) recommended large PA e How does the PA:P ratio affect parameter bias?
counts for regression-based SDMs based on
predictive accuracy (True Skill Statistic)

e How does it affect credible interval calibration?

. e At what point do your intervals stop telling the truth?
e Northrup et al. (2022) warned that the available

distribution likely contains used habitat misclassified
as absences — a contamination problem that
worsens as PA count grows



Why This Matters Now

Cox, Schmutz, and Seals (2025) applied presence-pseudo-absence logistic regression to loggerhead nesting
data in the Florida Panhandle and cited Barbet-Massin et al. (2012) to justify a 1:1 PA:P ratio.

But that paper’s recommendation for regression techniques is specifically a large-PA design — not a 1:1
balance.

The inferential consequences of this choice are well-grounded in theory:

e Firth (1993) showed MLE for logistic regression has O(n™!) bias
e King and Zeng (2001) demonstrated systematic attenuation toward zero under low event prevalence

e Puhr et al. (2017) and Faghih et al. (2020) confirmed that 95% confidence intervals fail to achieve nominal
coverage under severe imbalance

e In Bayesian settings, Gelman et al. (2004) and Northrup and Gerber (2018) showed credible intervals require the
likelihood to dominate the prior — a condition that fails with small or rare-event samples

No prior study has quantified these effects across PA:P ratios in a Bayesian SDM.



Research Questions

RQ1: How does increasing the PA:P ratio affect the bias of parameter estimates
and the width of credible intervals?

RQ2: At what PA:P ratio does 95% credible interval coverage drop below the
nominal level?

RQ2a: At what PA:P ratio does parameter bias exceed a practically meaningful
threshold?

Hypothesis: Increasing the PA:P ratio artificially inflates effective sample
Size, attenuating parameter estimates toward the null and producing
misleadingly narrow credible intervals — a false sense of certainty driven by

sample size, not ecological signal.




Study Design

Data: 78 loggerhead nests + 78 false crawls from Santa Rosa Dataset composition

Island and Perdido Key, Escambia County, FL (Cox, Schmutz, PA:P Nests False Crawls TotalN Prop.
and Seals 2025) 1:1 78 78 156 50.0%
21 78 156 234  33.3%
51 78 390 468  16.7%
Five LiDAR-derived predictors: 10:1 78 780 858  9.1%
20:1 78 1,560 1,638  4.5%

e Nest elevation (m above NAVDS88)

Dune height (m) Model: Bayesian logistic regression via rstanarm

with weakly informative Normal(0, 1) priors

 Beach slope (degrees) (Johnson, Ott, and Dogucu 2022; Northrup and
e Foreshore slope (degrees) Gerber 2018)
e Nest distance from MHHW line (m) Simulation: 1,000 replicates per ratio. Metrics:

bias, RMSE, power, and 95% CI coverage (Nemes
et al. 2009; Puhr et al. 2017; Geroldinger et al.
2023).



The Data: Weak Univariate Signals

Correlation Matrix of Predictor Variables

Nest Elevation -0.44 0.24 0.15 0.75

Nest Distance . 0.18

0.21

correlation
10

05
-0.06 0.15

Foreshore Slope
0.0

0.24

Beach Slope -0.44

Pairwise correlations among beach predictors. Nest distance and nest elevation are strongly correlated (r = 0.75);
remaining predictors show weak associations (|r| < 0.30), confirming limited multicollinearity.

No single variable serves as a strong univariate discriminator — interquartile
ranges of all five predictors overlap substantially between nesting outcomes.



The Model Breaks Down as You Inflate
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Posterior predictive checks: at 1:1, simulated data matches observed. At higher ratios, the model generates data
concentrated near Y = 0 — confirming progressive misspecification driven by artificial class imbalance.

The model increasingly generates simulated data concentrated near Y = 0,
reflecting the artificial dominance of non-nesting observations.



What Inflation Does to Your Estimates

Attenuation: every predictor shifts toward the null

Nest Elevation A

e Dune height: OR 1.29 — 1.21

Nest Distance % e Nest elevation: OR 0.61 — 0.66
PA:P Ratio
== .

o 10:1

Predictor
m
%)
hel

False precision: intervals narrow without new

information
—% e Nest elevation Cl width: 21% reduction
" s rato @5% 0y e Dune height ClI width: 35% reduction

Odds ratios with 95% Cls across PA:P ratios. Estimates attenuate toward OR =
1 while intervals narrow.

WAIC confirms it (Geroldinger et al. 2023):

Ratio WAIC SE
1:1 219.59 6.69
10:1  521.82 38.47

Each step of inflation worsens out-of-sample fit.



Simulation Evidence: Bias Is Systematic

Parameter Bias by Pseudo-Absence Ratio
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Bias in parameter estimates increases monotonically with PA:P ratio across all five predictors. Attenuation toward
zero is consistent with King and Zeng (2001) and Firth (1993).

Nest elevation (true 8 = -0.490): mean estimates recovered only 44-54% of the
true effect across conditions.



Your Credible Intervals Are Lying

95% Credible Interval Coverage by PA:P Ratio
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95% CI coverage by PA:P ratio. The red dashed line marks the nominal 0.95 level. Coverage never reaches nominal at any ratio and deteriorates monotonically —
consistent with Northrup and Gerber (2018) and Pavlou et al. (2016).

e Coverage never achieved 95% — not even at baseline 1:1
e Beach slope at 20:1: the “95% CI” contained the truth only 50.8% of the time

e Primary predictors fell below 0.80 coverage by ratio 2:1
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The Power-Bias Trade-off

The Power-Bias Trade-off with Pseudo-Absence Inflation
Higher ratios detect effects more often — but the estimates are further from truth

Power
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Power rises with PA:P ratio while bias grows in parallel.

Higher PA:P ratios detect effects more often — but the detected effect is further from the truth (Faghih et al.
2020).

A high-power, high-bias model generates confident but incorrect conclusions. A low-power, low-bias model
generates uncertain but honest ones.

This dynamic could contribute to publication bias: journals favoring significant results combined with conventions
favoring higher PA:P ratios would produce a literature that systematically overstates certainty.



So What? The Real-World Cost

Biased parameter estimates produce biased management decisions.

e Dune height attenuated from OR 1.29 to 1.21 — a manager using the 10:1 model would underestimate the
importance of dune restoration

e Halls and Randall (2018) found beach nourishment positively associated with nest density, confirming that
geomorphic effect magnitudes are consequential for resource allocation

e The “near-significant” results in Cox, Schmutz, and Seals (2025) (dune height p = 0.066, beach slope p = 0.071)
may not reflect weak ecological effects — they may reflect inferential artifacts of the PA:P ratio choice

@ Important

More fabricated zeros are not better data. Treating resampled pseudo-absences as informative observations introduces inferential hazards that standard
model diagnostics do not detect.
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What Should Researchers Do?

For current practice:

1. Report simulation-based bias and coverage alongside
standard SDM results — standard diagnostics miss this
problem (Geroldinger et al. 2023)

2. Use the observed PA:P ratio as the more defensible
inferential baseline

3. Evaluate pseudo-absence plausibility — the
contamination problem means added points may represent
true presences (Northrup et al. 2022)

4. Separate predictive from inferential goals — a design
optimized for prediction may be the worst design for
inference (Barbet-Massin et al. 2012)

For future work:

e Hierarchical extensions to pool information
across multi-year datasets

e Spatially constrained PA strategies as
alternatives to random resampling

e Extend this simulation framework to other SDM
algorithms and ecological systems
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Key Takeaways

Finding Evidence

Bias is present at baseline 46-56% attenuation of true effect even at 1:1
Coverage never reaches 95% Below 0.80 for primary predictors by ratio 2:1
Intervals narrow falsely Up to 35% narrower — precision without accuracy
Power gains are misleading Higher power detects a more distorted signal
Model fit degrades WAIC: 219.59 — 521.82

Conservation impact is real Underestimates dune importance for nest protection

The pseudo-absence ratio is not a tuning parameter. It is an inferential assumption that demands
justification.
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