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Numerical simulations of probability distortion due
to a balanced sampling scheme

To demonstrate the effects of a balanced sampling scheme onto the probabilities and their
interpretation, we simulate a synthetic data set and run two separate Binary Logistic Regression models. The first one rigorously follows the statistical practices where probabilities
are fitted using the whole data set. The second model mimics one of the most common procedures in the geomorphologic community. From a dataset made of unbalanced number of
landslide presences and absences, a subset is extracted with an equal proportion of LandslideNoLandslide cases. Such procedure has implications on the susceptibility distributions which
are here discussed.
The effects of a balanced sampling scheme impacts the probabilities by limiting their
use only from a relative likelihood perspective. Conversely, by fitting a logistic regression
model using the whole datasets, probabilities can be interpreted in the common sense where,
for a given mapping unit, the probability value would express the likelihood of a landslide
occurring under analogous triggering conditions to those that caused the actual landslide
distribution.
This topic is not new, Guzzetti et al. [2006] refer to the susceptibility as the relative
spatial probability of landslide occurrence. More recently, Petschko et al. [2014] described
in details how to compensate for the balanced sample effects and convert the susceptibility
to true probabilities.
To gain broader insight into what a balanced sample produces over the susceptibility, we
run a simulation study using synthetic data. We initially generate a set of beta coefficients,
associated covariates and a number of cases. From this we create a reference probability
distribution and a consequent binomial distribution to emulate an unbalanced LandslideNoLandslide data set.
In a second step we fit a Binary Logistic Regression model using the whole dataset and
using a k-fold cross validation procedure on a balanced dataset.
To make a comparison we assess the beta coefficients from both models together with
their final probability estimates. In addition, we complement the comparison by correcting
the susceptibilities according to the procedure described by Petschko et al. [2014].
We parameterize the simulation as follows:
• number of cases or n equal to 1 · 106
• β 0 = −7.36
• β 1 = 0.1
• β 2 = 0.05
• β 3 = −2.12
• β 4 = 0.007
• β 5 = −1.6
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We then create five normally distributed predictors,
• e.g. x1 = rnorm(n, 0, 1)
use the combination to create a predictive function:
• predictiveF = β 0 + β 1 · x1 + β 2 · x2 + β 3 · x3 + β 4 · x4 + β 5 · x5
and a probability distribution
• probab = exp(predictiveF )/(1 + exp(predictiveF ))
from which we create a vector of zeros and ones to represent a theoretical landslide
distribution
• y = rbinom(n, prob = probab, size = 1)
It is worth noting that the combination of betas and intercept produces 11604 landslide
presences and 988396 absences. This is the data we predict using full and balanced data
sets. In particular, we select 75% of the landslide presences and extract the corresponding
8703 absences 500 times. Each time we fit a logistic model, store the intercept, beta values
and predict at all the locations.
With respect to the model built with the full dataset, we also store the intercept, beta
values and use the regressed parameters to predict every row in the matrix.
The parameters are then plotted together. Figure 1 summarizes reference against predicted parameters using balanced and full data.
To extend the comparison, we assess the average balanced probabilities or susceptibilities
and the reference probabilities obtained by regressing for the whole matrix. In addition to
this, we correct for the unbalanced proportion following the relations described by Petschko
et al. [2014]. For the specific case we correct the susceptibilities by going back to the
odds, multiplying for a constant that accounts for the unbalanced structure of the data and
ultimately re-convert back to probabilities:
• correct.odds = susceptibility/(1 − susceptibility) · (8689/988414)/(0.75)
This is done for each of the 500 susceptibility estimates from which we compute the
average corrected susceptibility values.
Figure 2 shows the relations between probabilities against classic and corrected susceptibilities.
Figure 1 shows how the effects of an unbalanced sampling scheme affect the estimation
of the intercept. The median cross-validated value for the intercept is -2.91 whilst the true
a priori value is -7.36. The intercept from the model using the full data is -7.36 and to find
differences one needs to address the third decimal place.
The odds reflect this shift in the intercept as shown in figure 2 where odds appear linearly
related although the balanced ones are in another scale. However, using the correction
described by Petschko et al. [2014] the corrected odds aligns to analogous values to those
coming from the full dataset. This effect is not trivial as the initial fit of the probabilities
includes the exponential making the linear effect shown in the odds scale a non linear effect
over the susceptibilities.
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Figure 1: Intercept and coefficients. Boxplotted values comes from 500 replicates whereas
red squares are the actual betas we imposed and green rhombi are fitted values using the
full data set.
Betas obtained from a balanced sampling scheme are not affected and well represent the
relationship between landslides and causative factors. This indicates that considerations on
covariate effects are valid even when based upon a balanced structure. However, the intercept
estimation gets distorted. This hinders the interpretation of subsequent susceptibilities from
a classic statistical perspective. Corrections for the unbalanced structure brings the odds to
the same scale to those odds that would have been computed using the full dataset. This
in turn will produce interpretable probabilities in a more rigorous statistical sense where a
value at a given pixel would indicate the probability of a landslide occurring under the same
triggering conditions.
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Figure 2: 1st row, odds computed using the full data set are plotted against odds coming
from a balanced one (left panel) and against corrected odds (right panel) whereas 2nd row
shows show the same plot but on the probability domain.
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