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This  study  investigated  the  impacts  of  random  negative  training  datasets  (NTDs)  on  the  uncertainty  of
machine  learning  models  for  geologic  hazard  susceptibility  assessment  of  the  Loess  Plateau,  northern
Shaanxi  Province,  China.  Based  on  randomly  generated  40  NTDs,  the  study  developed  models  for  the
geologic  hazard  susceptibility  assessment  using  the  random  forest  algorithm  and  evaluated  their
performances  using  the  area  under  the  receiver  operating  characteristic  curve  (AUC).  Specifically,  the
means and standard deviations of the AUC values from all models were then utilized to assess the overall
spatial  correlation  between  the  conditioning  factors  and  the  susceptibility  assessment,  as  well  as  the
uncertainty introduced by the NTDs. A risk and return methodology was thus employed to quantify and
mitigate the uncertainty, with log odds ratios used to characterize the susceptibility assessment levels. The
risk and return values were calculated based on the standard deviations and means of the log odds ratios of
various  locations.  After  the  mean  log  odds  ratios  were  converted  into  probability  values,  the  final
susceptibility map was plotted, which accounts for the uncertainty induced by random NTDs. The results
indicate that the AUC values of the models ranged from 0.810 to 0.963, with an average of 0.852 and a
standard deviation of 0.035, indicating encouraging prediction effects and certain uncertainty. The risk and
return analysis reveals that low- risk and high-return areas suggest lower standard deviations and higher
means  across  multiple  model-derived  assessments.  Overall,  this  study  introduces  a  new  framework  for
quantifying  the  uncertainty  of  multiple  training  and  evaluation  models,  aimed  at  improving  their
robustness and reliability. Additionally, by identifying low-risk and high-return areas, resource allocation
for  geologic  hazard  prevention  and  control  can  be  optimized,  thus  ensuring  that  limited  resources  are
directed toward the most effective prevention and control measures.
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1. Introduction

Geologic  hazard  susceptibility  assessment  is  critical  to
geologic  hazard  prevention  (Youssef  AM  et  al.,  2023).  The
assessment  efficiency  and  reliability  have  been  improved
significantly  with  the  advancement  in  remote  sensing  (RS)
and  geographic  information  systems  (GISs)  (Hu  Y  et  al.,
2022) since RS-derived data and GIS spatial analysis tools are

identified  as  fundamental  components  for  the  assessment
(Giordan  D  et  al.,  2022).  Empirical  knowledge-based  spatial
modelling methods have been extensively applied to geologic
hazard  susceptibility  assessment  (Liang  SY  et  al.,  2010),
including  Analytical  Hierarchy  Process  (AHP)  (Abuzied  SM
and Mansour BMH 2019), fuzzy logic (Tazik E et al., 2014),
frequency ratio (FR) (Alireza A et al., 2019), AHP combined
with  GIS-based  statistical  models  (Tazik  E  et  al.  2014),  and
information  value  models  (Liu  Y  et  al.,  2018).  Although
empirical knowledge methods are simple and convenient, they
rely heavily on the subjective judgment of experts. This might
lead  to  a  lack  of  objective  quantitative  assessment  and
increased  risks  of  subjective  errors,  thus  potentially
compromising the accuracy of assessment results (Li T et al.,
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2024).
In  recent  years,  machine  learning  has  been  increasingly

applied to geologic hazard susceptibility assessment (Yang Z
et  al.,  2024),  with  primary  algorithms  involved  including
boosted  regression  tree  (Alireza  A  et  al.  2019),  generalized
linear model (He Y and Zhang Y 2022), random forest (RF),
and  multivariate  discriminant  analysis  (MDA;  Liu  L  et  al.,
2021).  Machine  learning  models  driven  by  supervised  data
exhibit  higher  prediction  accuracy  than  those  based  on
empirical  knowledge  (Chang  Z  et  al.,  2020).  However,  with
the  increasingly  wide  application  of  machine  learning  to
geologic  hazard  susceptibility  assessment,  uncertainties
arising  from  different  combinations  of  data  types,  data
attributes,  and  machine  learning  models  considering
geological and environmental factors have become prominent.
Several  studies  have been conducted on this  topic. Kavzoglu
T et al. (2015) used a genetic algorithm for feature selection,
combined  with  logistic  regression  (LR),  to  determine  the
optimal  combination  of  landslide  conditioning  factors,
achieving decreased uncertainty and enhanced performance of
landslide  susceptibility  models.  Huang  F  et  al.  (2021)
employed the FR method, along with six different data-driven
models  (i.e.,  FR,  grey  relational  degree,  LR,  multilayer
perceptron,  C5.0  decision  tree,  and  RF),  to  investigate  the
effects  of  varying  attribute  intervals  and  different  models  on
the uncertainty of landslide susceptibility prediction under 36
conditions. Huang F et  al.  (2024) examined the relationships
between  landslides  and  environmental  factors,  which
introduce  uncertainty  to  landslide  susceptibility  prediction.
Zhao  Z  and  Chen  J  (2023)  proposed  a  robust  discretization
criterion  to  quantify  the  uncertainty  and  subjectivity
associated  with  different  discretization  methods  using  both
original  classification  datasets  and  optimized  datasets
generated  with  GeoDetector  software.  Quantifying  the
uncertainties of machine learning models and mitigating them
remain  a  major  challenge  in  developing  geologic  hazard
susceptibility assessment models.

Regarding  the  impacts  of  NTDs  on  model  uncertainty,
supervised  data-driven  geologic  hazard  susceptibility
assessment typically utilizes training datasets containing both
positive training datasets and NTDs. Positive training datasets
are usually derived from known geologic hazard points, while
NTDs are frequently randomly generated using software (Zuo
R  and  Wang  Z  2020).  The  selection  of  NTDs  can  greatly
affect  the  assessment  accuracy  of  models,  with  uncertainty
being  introduced  in  the  case  where  random  NTDs  are
employed  (Zuo  R  et  al.,  2015).  Some  studies  have  been
conducted  on  the  impacts  of  NTDs  on  model  uncertainty.
Chang  Z  et  al.  (2023)  constructed  a  model  for  landslide
susceptibility assessment by randomly selecting non-landslide
points from non-landslide areas repeatedly. Using this model,
they calculated landslide susceptibility indices to quantify the
model  uncertainty.  Their  findings  suggest  more  scientifically
accurate landslide susceptibility assessment. Nykanen V et al.
(2015) found that the AUC varied with the NTDs used. They
found  that  using  known  nickel-copper  deposits  as  positive

datasets  and  randomly  generated  NTDs  from  drilling  sites
with the absence of mineralization. Their results also indicate
that  using  other  known  deposit  types  as  NTDs  resulted  in
higher AUC values. Gao Y et al. (2016) assessed the impacts
of  NTDs  on  the  performance  of  a  copper  polymetallic
mineralization model,  discovering that  different  NTDs led to
varying  AUC  values  when  they  employed  five  sets  of
randomly  generated  points  as  NTDs  to  train  the  RF  model.
However,  none  of  these  studies  quantified  the  model
uncertainty  introduced  by  random  NTDs  or  proposed  any
theoretical framework to mitigate uncertainty.

This  study  innovatively  proposed  a  framework  to  reduce
the  impacts  of  random  NTDs  on  the  accuracy  and
performance of  the models  for  geologic hazard susceptibility
assessment.  Specifically,  the training dataset  was constructed
by  selecting  geologic  hazard  points  as  positive  training
datasets and an equal number of random non-geologic hazard
points  as  NTDs.  A  total  of  13  susceptibility  assessment
factors  were  determined:  Altitude,  curvature,  aspect,  slope,
lithology, distances from faults, rivers, roads, and settlements,
normalized  difference  vegetation  index  (NDVI),  land  use,
rainfall, and interferometric synthetic aperture radar (InSAR).
Using  the  RF  algorithm,  40  models  for  geologic  hazard
susceptibility  assessment  were  developed  based  on  different
NTDs.  Then,  the  mean  AUC values  and  standard  deviations
of  the  40  models  were  used  to  quantify  the  overall  spatial
correlations  of  these  models  with  the  uncertainty  introduced
by NTDs. Finally, statistical methods for risk and return were
employed  to  quantify  the  uncertainty  caused  by  random
NTDs, and the odds ratios were used to describe the high and
low geologic hazard probabilities of the assessment outcomes.
Risk  and  return  maps  were  plotted  using  the  means  and
standard deviations of the log odds ratios of various locations.
The average log odds ratios were then converted into average
probabilities,  which  represented  the  final  assessment  results
and accounted for uncertainty caused by random NTDs. This
study  mitigates  the  uncertainty  of  the  models  introduced  by
NTDs.  It  will  improve  the  efficiency  of  geologic  hazard
prevention  and  control,  especially  in  the  geologic  hazard-
prone Loess Plateau in northern Shaanxi, China. 

2. Materials and methods
 

2.1. Study area

The Loess Plateau in northern Shaanxi, recognized as the
most  representative  region  featuring  loess  deposits  and
landforms  in  China,  exhibits  a  fragmented  surface  with
numerous ravines, severe soil erosion, and high susceptibility
to geologic hazards (Gan Z et al., 2004). This plateau extends
from  34.30°N  to  39.60°N  and  from  106.30°E  to  111.50°E,
covering  a  total  area  of  79490  km²  (Fig.  1).  Its  western  and
southwestern  parts  are  dominated  by  mountains,  while  the
gully  and  valley  networks  are  widely  distributed  throughout
the region. The Loess Plateau exhibits altitudes ranging from
340 m to 2430 m, slopes from 0° to 80°, and curvatures from
−81 m to 70 m. Contemporarily, its gully density varies from
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approximately  4  km/km²  to  5  km/km²,  with  a  ratio  between
the  inter-gully  and  inter-ridge  areas  of  6∶4.  It  displays  a
surface  fracture  density  of  around  50%.  The  intersecting
gullies  lead  to  fragmented  terrain,  frequently  triggering
geologic  hazards  such  as  loess  collapses  and  landslides
(Matsunaga K and Gan Z 2007; Shi Q et al., 2007). 

2.2. Methodology

This study aims to quantify the uncertainty of models for
geologic  hazard  susceptibility  assessment  introduced  by
random  NTDs  and  proposes  a  framework  for  enhancing  the
model  accuracy  and  reliability  using  statistical  optimization.
First,  a  comprehensive  analysis  of  the  geological  conditions
and  topography  of  the  Loess  Plateau  was  conducted,
identifying  13  key  factors  influencing  geologic  hazards,
including  altitude,  slope,  and  lithology.  Then,  historical
geologic  hazard  data  and  environmental  characteristics  were
employed  to  construct  a  dataset  containing  both  positive
training  datasets  and  NTDs,  which  was  converted  into  the
input  variables  of  the  model.  The  RF  algorithm was  used  to
train  the  dataset,  allowing  the  model  to  learn  the  complex
relationships  between  input  variables  and  geologic  hazards.
The RF algorithm can effectively handle multivariate data and
capture  nonlinear  patterns,  thus  improving  the  model’s
prediction  accuracy.  The  AUC values  were  used  to  evaluate
the  generalization  ability  of  the  model.  To  quantify  the
uncertainty  introduced by random NTDs,  the risk  and return
analysis  was  employed,  with  the  log  odds  ratios  used  to
characterize the susceptibility assessment levels. The risk and

return  values  of  various  assessment  units  were  calculated.
Scatter  plots  were  used  to  illustrate  the  relationship  between
risk  and  return,  revealing  that  geological  hazard  points  are
concentrated in low-risk, high-return areas. This offers a new
perspective  for  the  risk  management  of  geological  hazards.
An  overview  of  the  methodology  and  modeling  process  is
illustrated  in  Fig.  2,  highlighting  the  systematic  study  and
design  of  a  model  for  geologic  hazard  susceptibility
assessment using a quantitative approach.

In  sum,  the  entire  research  process  can  be  divided  into
several  key  steps.  First,  data  were  collected  and  machine
learning  datasets  were  constructed  while  ensuring  the  high
representativeness  and  generalizability  of  datasets.  Next,  the
RF  algorithm  was  used  to  train  the  dataset,  producing  40
models  for  geologic  hazard  susceptibility  assessment.  To
ensure  reliable  model  predictions,  the  model  accuracy  was
tested  based  on  the  AUC  values.  Using  these  models,  the
probability values of the geologic hazards were calculated and
the  uncertainty  introduced  by  random  NTDs  was  qualified
using the risk and return analysis. This approach accounts for
the  geologic  hazard  susceptibility  in  the  predictions  while
enhancing their overall model performance and reliability. 

2.3. Data
 

2.3.1. Conditioning factors
Data on the historical geologic hazard events in the study

area were obtained from the Department of Natural Resources
of  Shaanxi  Province.  Specifically,  the  data  on 2850 geologic
hazard  events  were  collected,  consisting  of  1666  loess
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Fig. 1.   Location of the Loess Plateau in northwest China.
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collapses  and  1184  loess  landslides.  Geologic  hazards  in  the
Loess Plateau are dominated by loess collapses and landslides
due  to  its  unique  topography.  Given  their  similarities  in
mechanisms  and  occurrence  conditions,  loess  collapses  and
landslides were considered together under a unified ‘collapse-
landslide’ model (Xu C et al.,  2023). The occurrence of both
geologic  hazard  types  depends  on  the  local  geological
environment  of  slopes,  while  factors  such  as  terrain
stratigraphic  lithology  tend  to  stabilize  spatially.  Thus,  this
study  integrated  loess  collapses  and  landslides  into  a  unified
model  for  analysis  (Gao  R  et  al.,  2021).  Based  on  the
mechanisms  behind  both  geologic  hazard  types,  this  study
selected  13  conditioning  factors  to  create  a  feature  database
for  model  training:  altitude,  curvature,  aspect,  slope,
lithology, distances from faults, rivers, roads, and settlements,
NDVI,  land  use,  rainfall,  and  InSAR  (Meng  Z  et  al.,  2021;
Zhang H et al., 2022). These conditioning factors are detailed
in Table 1 and Fig. 3.

It  is  essential  to  ensure  that  there  is  no  significant  linear
relationship  between the  13 conditioning factors.  Hence,  this

study  calculated  the  Pearson  correlation  coefficients  of  all
conditioning  factors  by  dividing  the  covariance  between  two
variables by the product of their standard deviations, as shown
in Eq. 1. 

r =

n∑
i=1

(xi− x)(yi− y)√
n∑

i=1
(xi− x)2

√
n∑

i=1
(yi− y)2

(1)

n xi yi ith x
y x y xi yi

where   is the quantity of variables,   and   are the     and
 variables, respectively.   and  are the averages of   and  ,
respectively.

The resulting correlation coefficients range from −1 to 1.
A  higher  absolute  value  of  the  correlation  coefficient
corresponds  to  a  stronger  linear  correlation  between  the
variables, except for 0, which indicates no linear dependence
between the two variables (Yao J et al., 2020). 

2.3.2. Preparation of training and testing datasets
Geologic  hazard  points  were  used  as  positive  training

 

Conditioning factors

1. Altitude      2. Curvature

3. Aspect        4. Slope

5. Lithology   6. NDVI

7. Land use    8. Rainfall

9. InSAR

10. Distance from fault

11. Distance from river

12. Distance from settlement

13. Distance from road

Machine learning model

Random forest

(RF)

Evaluation of spatial correlation

Risk and return analysis

② Creating models for geologic hazard

susceptibility assessment that consider

the impacts of random NTDs

① Developing an innovative framework to

assess and mitigate the impacts of random

NTDs on model accuracy

 
Fig. 2.   Flow chart of the modelling process.

 

Table 1.   Geologic hazard conditioning factors.
Category Conditioning factor Source Data type Spatial resolution
Terrain and landforms Altitude DEM Continuous 90 × 90 m

Curvature
Aspect
Slope

Geotechnical conditions Lithology National map Categorical 1∶100000
Geological conditions Distance from faults National map Continuous 90 × 90 m
Hydrological conditions Distance from rivers National map Continuous 90 × 90 m
Environmental conditions NDVI Official organization Continuous 30 × 30 m

Land use
Human engineering activities Distance from settlements Official organization Continuous 90 × 90 m

Distance from roads
Climate conditions Rainfall Continuous 90 × 90 m
Surface deformation InSAR Sentinel-1 Continuous 20 × 20 m
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datasets,  while  non-geologic  hazard  points,  generated  using
the  ArcGIS  software,  constituted  NTDs  (Wang  Q  et  al.,
2013).  A  total  of  40  NTDs  were  randomly  created.  The
dataset  consisting  of  these  NTDs  and  positive  training

datasets  was  then  divided  into  training  datasets  (70%)  for
modelling  and  testing  datasets  (30%)  for  assessment.  Each
training  dataset  consisted  of  NTDs  and  the  positive  training
datasets,  with  the  number  of  NTDs  equal  to  that  of  the
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positive  training  datasets  (Yang  F  et  al.,  2023).  Fig.  4
illustrates  the  spatial  distribution  of  samples  in  four  training
datasets.  Both  datasets  were  converted  to  the  raster  format
with  a  pixel  size  of  90  m,  where  geologic  hazard  points  and
non-geologic  hazard  points  were  denoted  by  1  and  0,
respectively. Finally, the training dataset was overlaid with 13
conditioning factors to extract attribute values.
 

2.4. Evaluation of spatial correlation

RF,  an  ensemble  algorithm  based  on  decision  trees,
performs classification or regression by constructing multiple
decision trees and determining the final  result  using a voting
mechanism.  This  algorithm  has  been  widely  applied  to
geologic  hazard  assessment,  especially  the  assessment  of  the
susceptibility  to  collapses  and  landslides  (Merghadi  A et  al.,
2020). Using the RF algorithm, this study constructed models
for geologic hazard susceptibility assessment based on the 13
conditioning  factors.  The  receiver  operating  characteristic

(ROC)  curve  emerges  as  a  robust  method  for  assessing  the
performance of the assessment models (Chen C et al.,  2018).
The  ROC  curve,  representing  the  relationship  between
geologic  hazard  probability  and  the  false  positive  rate,  can
determine  the  model  performance  under  various  probability
thresholds using the true positive rate, false positive rates, and
AUC. Among them, AUC, referring to the area under a ROC
curve,  can  measure  the  degree  of  the  correlation  between  a
feature  factor  and  an  assessment  model,  along  with  the
impacts  of  different  NTDs  on  the  model  performance.  The
AUC  values  range  from  0  to  1,  with  those  close  to  1
indicating  superior  performance  and  those  approaching  0.5
suggesting  suboptimal  performance  (Wang  H  et  al.,  2021).
Finally, the means of the 40 groups of AUC values were used
to  measure  the  overall  spatial  correlations  between  the
conditioning factors and the assessment models. 

2.5. Risk and return analysis

This  study  employed  a risk  and return  analysis  model  to
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Fig. 3.   Geologic hazard conditioning factors: a‒Altitude; b‒aspect; c‒slope; d‒curvature; e‒lithology; f‒distance from faults; g‒distance from
rivers; h‒NDVI; i‒land use; j‒distance from settlements; k‒distance from roads; l‒rainfall; m‒InSAR.
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quantify  and  mitigate  the  uncertainty  of  the  geologic  hazard
susceptibility assessment models introduced by random NTDs
(Wang  Z  et  al.,  2020;  Yang  F  et  al.  2023).  In  statistical
analysis, risk generally refers to the degree of potential loss or
uncertainty,  while  return  represents  the  potential  gains  or
benefits from decision making (Aida T and Silvia D 2014). In
this  study,  risk  is  defined  as  the  instability  of  assessment
results or the potential deviation between predicted outcomes
and  actual  occurrences.  This  index  can  be  quantified  by
measuring  the  variability  in  the  predictions  induced  by
randomly  generated  NTDs.  The  return  is  defined  as  the
average  geologic  hazard  susceptibility  level  of  the  same
assessment unit across multiple models, indicating the overall
prediction  effect  of  the  models.  High  risk  represents
significant  variability  in  the  predictions  of  the  same

assessment  unit  across  different  models,  suggesting  low
prediction  reliability.  In  contrast,  high  return  suggests  the
consistently  high  susceptibility  to  geologic  hazards  of  the
same assessment unit across multiple models.

Previous studies revealed cases where a prediction model
yielded surprisingly  low susceptibility  for  certain  assessment
units,  which exhibited high geologic hazard rates in practice.
This  suggests  the  low  prediction  accuracy  for  some  regions.
To address this issue, this study measured the geologic hazard
susceptibility  of  various  assessment  units  using  the  log  odds
ratio (Camminatiello I et al., 2014; Zuo R and Wang Z 2020).
Acting  as  a  comprehensive  measure  for  geologic  hazard
susceptibility, the log odds ratio refers to the natural logarithm
of  the  ratio  between  the  probabilities  of  occurrence  and
nonoccurrence, as shown in Eq. 2: 
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Fig. 4.   Spatial distributions of positive and negative samples in randomly selected four training datasets.
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logO(p) = log
(

p
1− p

)
(2)

pwhere    represents  the  occurrence  probability  of  geologic
hazards of each assessment unit.

In this study, risk was calculated as the standard deviation
of the log odds ratio, as shown in Eq. 3. 

risk(X) =
1

L−1

L∑
l=1

(logO(p(X(l))) − logO)2 (3)

A  higher  standard  deviation  is  associated  with  greater
variability in the predictions, thereby reflecting increased risk.
By  analysing  the  risk,  this  study  can  more  accurately  assess
the  predictive  performance  of  the  models  and  identify  the
assessment units with a high actual hazard incidence but low
hazard  susceptibility.  This  will  assist  in  making  more
informed  decisions  regarding  geologic  hazard  risk
management in these units.

In contrast, return was measured using the mean of the log
odds ratio, as shown in Eq. 4: 

return(X) = logO =
1
L

L∑
l=1

logO(p(X(l))) (4)

L

p(X(l))
X

where    is  the  quantity  of  the  predictive  maps  of  geologic
hazard  susceptibility  assessment  (40  in  this  study),  and

is  the  probability  of  the  geologic  hazard  susceptibility
of assessment unit  .

Therefore,  return  reflects  the  overall  performance  and
reliability of model predictions. A higher mean suggests more
consistently  accurate  model  predictions.  This  study  aims  to
reveal  the  relationship  between  low  uncertainty  and  high
average  probability,  which  can  be  classified  as  'low risk  and
high  return'  in  statistics  (Yhip  T  M  and  Alagheband  BMD,
2020).

The log odds ratio is widely used in statistics, especially in
scenarios  involving  binomial  distributions  such  as  the
occurrence  or  non-occurrence  of  geologic  hazards.  Although
its  mean  provides  valuable  insights  into  the  likelihood  of  an
event,  the  log  odds  ratio  is  not  a  direct  probability.
Fortunately,  this  ratio  can  be  converted  into  a  probability
using Eq. 5, thus making the results more intuitive and easier
to interpret. 

P(x) =
1

[1+ (ereturn(x))]
(5)

This  equation is  commonly known as  a  logistic  function,
converting the log odds ratio into a probability between 0 and 1. 

3. Results
 

3.1. Selection of conditioning factors

The  correlation  matrix  of  the  13  conditioning  factors  is
shown  in  Fig.  5.  Previous  studies  have  demonstrated  that  a
correlation  coefficient  exceeding  0.7  (absolute  value)

indicates a  high degree of  collinearity between two variables
(Bui  D  T  et  al.,  2016).  In  this  study,  all  the  correlation
coefficients ranged from −0.00 to 0.54, suggesting that all the
conditioning  factors  passed  correlation  tests.  The  strongest
correlation  occurred  between  altitude  and  distance  from
faults,  with  a  correlation  coefficient  of  0.54,  also  below  the
threshold of 0.7. Therefore, the 13 conditioning factors can be
applied  to  models  for  geologic  hazard  susceptibility
assessment. It is essential to interpret the correlation matrix in
the  context  of  the  broader  geological  and  environmental
setting.  For  instance,  the  moderate  correlation  between
altitude  and  distance  from  faults  may  reflect  underlying
geological  processes  that  shape  landscapes  and  influence
geologic hazard distribution. Understanding these correlations
can  provide  valuable  insights  into  the  spatial  distribution  of
hazards  and  help  improve  the  accuracy  and  reliability  of  the
models. Overall, the correlation analysis serves as the crucial
preliminary  assessment  to  ensure  that  a  model  is  developed
based  on  independent  variables,  thus  laying  a  statistically
sound foundation. 

3.2. Assessment of spatial correlations

To  assess  the  spatial  correlations  between  the  13
conditioning  factors  and  geologic  hazards  in  the  Loess
Plateau,  northern  Shaanxi,  this  study  determined  40  AUC
values using 40 training datasets  consisting of various NTDs
and positive training datasets. Fig. 6 presents the ROC curves
of  models  constructed  using  the  four  training  datasets
illustrated  in  Fig.  4.  The  histogram  of  40  AUC  values  is
shown  in  Fig.  7,  indicating  that  models  constructed  using
various NTDs yielded different AUC values. The AUC values
ranged  from 0.810  to  0.963,  with  an  average  of  0.852  and  a
standard  deviation  of  0.035.  Since  all  AUC values  exceeded
0.5, there existed strong spatial correlations between the index
system  comprising  the  13  conditioning  factors  and  geologic
hazards  in  the  Loess  Plateau.  The  variations  in  the  AUC
values  indicate  that  the  randomly  selected  NTDs  influences
the  spatial  correlations  between  conditioning  factors  and
geologic hazards. The average AUC value of 0.852 represents
the average spatial correlation, while the standard deviation of
0.035  reflects  the  uncertainty  introduced  by  random  NTD
selection.  These  results  suggest  that  a  single  model  with  an
AUC  value  of  less  than  0.852  may  not  fully  capture  the
relationships  between  the  conditioning  factors  and  geologic
hazards. Therefore, to mitigate the random effects induced by
NTDs,  it  is  necessary  to  use  a  large  number  of  various
training datasets and calculate the AUC value of each model.
Additionally, the average AUC value serves as a more reliable
measure  of  the  overall  spatial  relationships  between  the
conditioning factors and geologic hazards. 

3.3. Risk and return analysis

Fig.  8  presents  the  geologic  hazard  susceptibility
assessment  maps  plotted  using  the  four  training  datasets
illustrated  in  Fig.  4.  For  each  assessment  unit,  the  variance
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(Fig.  9a)  and  mean  (Fig.  9b)  of  the  probabilities  across  40
assessment  maps  were  calculated,  representing  the  geologic
hazard probabilities (Wang Z et al. 2020). Fig. 8 indicates that
geologic hazard points are largely located in high-probability
areas,  exhibiting  high  average  probability  and  low  variance

(Fig. 9). Additionally, this study calculated the AUC values of
the  variances  and  means,  as  shown  in Fig.  10.  According  to
this figure, the AUC value of the means was 0.90, indicating a
strong spatial correlation between the average probability and
the  geologic  hazard  susceptibility  of  this  region.  In  contrast,
the AUC value of the variances was lower (0.65), reflecting a
weaker spatial  correlation of  the variance of  probability with
regional  geologic  hazard  susceptibility.  These  results
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Fig. 5.   Correlation matrix of conditioning factors.

 

0 0.2 0.4 0.6

False positive rate

0.8 1.0

1.0

0.8

0.6

0.4

0.2

0

T
ru

e 
p
o
si

ti
v
e 

ra
te

Label 4 (AUC=0.810)

Label 31 (AUC=0.853)

Label 40 (AUC=0.893)

Label 14 (AUC=0.943)

 
Fig. 6.   ROCs of models established using four training datasets.

 

0.80 0.84 0.88

AUC

0.92 0.96

14

12

10

8

6

4

2

0

F
re
q
u
en
cy

 
Fig.  7.    Histogram of  AUC values  calculated  based  on  40  training
datasets.
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demonstrate that integrating the geologic hazard probabilities
of  all  assessment  units  in  the  40  assessment  maps  can
effectively generate the assessment map shown in Fig. 9b.

Using  Eqs.  3  and  4,  this  study  determined  the  risk  and
return  values  of  the  assessment  units  covered  by  all  the  40
geologic hazard susceptibility assessment maps, as illustrated
in Figs. 11a and b. Among these assessment units, those with
lower risk and higher return values are expected to contribute
greater  accuracy  in  geologic  hazard  prediction.  These  units
account  for  both  the  uncertainty  introduced  by  the  randomly
selected  NTDs  and  the  high  geologic  hazard  probabilities,
thus  serving  as  a  valuable  reference  for  plotting  geologic
hazard  susceptibility  assessment  maps.  In  this  study,  the  log
odds  ratios  were  converted  into  more  intuitive  probabilities,
which  were  then  used  to  generate  a  raster  assessment  map

(Fig. 12).
 

4. Discussion

Compared to the geologic hazards resulting from complex
geological  structures,  active  plate  movements,  frequent
seismic  activity,  and  variable  climatic  conditions  in
southwestern China (Shu B et al., 2022), the geologic hazards
in  the  Loess  Plateau  are  primarily  governed  by  the  physical
and mechanical properties of loess soils and regional tectonic
stress. Notably, the unique characteristics of geologic hazards
in  the  Loess  Plateau  include  a  high  incidence  of  landslides
and  damage,  which  is  significantly  influenced  by  regional
tectonic  stress.  Additionally,  loess  is  highly  sensitive  to
moisture,  exhibiting  noticeable  infiltration  of  moving  water
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Fig. 8.   Geologic hazard susceptibility assessment maps plotted using four training datasets.
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(Peng J et al., 2020).
The  loess  collapses  and  landslides  in  the  Loess  Plateau

exhibit  a  zonal  distribution  primarily  due  to  the  impact  of
regional  tectonic  stress,  which  serves  as  the  main  driving
force  behind  both  geologic  hazard  types.  Loess  exhibits
elevated susceptibility  to hazards under the combined effects
of stress and moisture due to its sensitivity to water increases.
This  further  leads  to  the  occurrence  of  loess  landslides  and
collapses.  Additionally,  the  infiltration  of  surface  water  and
groundwater  is  identified  as  a  crucial  external  factor
triggering loess collapses and landslides.  Human engineering
activities  that  alter  the  stress  state  of  slopes  also  play  a
significant  role  in  inducing  geologic  hazards  (Sun  P  et  al.,
2022).  Therefore,  developing  high-precision,  machine
learning-based  geologic  hazard  susceptibility  assessment
models  tailored  to  these  unique  characteristics  of  the  Loess
Plateau  holds  great  practical  significance  for  hazard
prevention and mitigation in this region.

The  dataset  used  in  a  supervised  data-driven  model  for

geologic  hazard  susceptibility  assessment  comprises  both
positive  training  datasets  and  randomly  generated  NTDs,
along with various conditioning factors. However, the impacts
of  the  NTDs  on  the  model  performance  are  frequently
overlooked, leading to unstable model predictions (Wang Q et
al. 2013). This issue has not been thoroughly examined in the
context of geologic hazard susceptibility assessment (Su H et
al.,  2022;  Yang  K  et  al.,  2024).  To  mitigate  the  model
uncertainty arising from NTDs, this study employed software
to  randomly  generate  40  NTDs.  Accordingly,  40  sample
datasets  were  built.  Then,  the  RF  algorithm  was  utilized  to
generate and analyze 40 assessment models.

Unlike  previous  studies,  this  study  converted  the
probability value of each assessment unit into a log odds ratio
in the geologic hazard susceptibility assessment, deriving the
following  benefits:  (1)  The  log  odds  ratio  was  obtained  by
converting  a  probability  value  into  a  linear  scale  using  a
natural  logarithmic  function.  This  simplifies  the  relationship
between  probability  and  predictive  variables,  thus  greatly
facilitating  analysis  and  modelling;  (2)  probability  values
range  between  0  and  1,  which  can  lead  to  numerical
instability,  especially  when  probability  values  approach  0  or
1.  The  log  odds  ratio  mitigates  the  risk  of  underflow  or
overflow  in  numerical  calculations;  (3)  the  log  odds  ratio
provides a more effective expression of risk, as it accounts for
the probability of both the occurrence and non-occurrence of
hazards.  This  is  critical  to  geologic  hazard  susceptibility
assessment  since  it  offers  a  direct  measure  of  potential
outcomes.

This  study  employed  the  risk  and  return  analysis  in
statistics  to  quantify  and  mitigate  the  uncertainty  of  model
performance  introduced  by  NTDs,  with  the  risk  and  return
values  derived using Eqs.  3 and 4.  To visualize  the  geologic
hazard  susceptibility  assessment  maps  while  considering
uncertainty,  this  study  prepared  a  map  in  the  form  of
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Fig. 9.   Variances (a) and means (b) of 40 geologic hazard susceptibility assessment maps.
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Fig.  10.    ROCs  of  the  variances  (a)  and  means  (b)  of  40  geologic
hazard susceptibility assessment maps.

686 Cheng et al. / China Geology 8 (2025) 676−690

https://doi.org/10.31035/cg2024094
https://doi.org/10.31035/cg2024094
https://doi.org/10.31035/cg2024094
https://doi.org/10.31035/cg2024094
https://doi.org/10.31035/cg2024094
https://doi.org/10.31035/cg2024094
https://doi.org/10.31035/cg2024094
https://doi.org/10.31035/cg2024094
https://doi.org/10.31035/cg2024094


probability values derived from a logistic function. This map
indicates  that  areas  with  high  return  values  correspond  to
higher geologic hazard probability. To further investigate the
visualization  process  and  identify  the  most  susceptible  areas
characterized  by  low  risk  and  high  return,  the  authors
prepared a scatter plot consisting of the risk and return values,
as  shown in Fig.  13.  In  this  plot,  the y-  and x-axis  represent
the  risk  and  return  values,  respectively,  and  the  small  black
triangular spots denote hazard points. This plot can be divided
into four quadrants: low risk-low return, low risk-high return,
high risk-low return, and high risk-high return. The geologic
hazard  points  notably  cluster  in  the  fourth  quadrant,

corresponding to the low-risk and high-return areas. To more
intuitionally  present  the  spatial  distribution  characteristics  of
the  analytical  results,  the  authors  illustrated  this  grouping  of
four  quadrants  in  Fig.  14.  According  to  this  figure,  low-risk
and  high-return  areas  exhibit  a  high  geologic  hazard
susceptibility  and  low  uncertainty.  Preventive  measures  for
these  areas  should  be  given  priority.  This  information  will
assist  decision-makers  to  effectively  manage risks,  formulate
strategies  for  hazard  reduction,  and  establish  early  warning
systems. 

5. Conclusions

This  study  develops  an  innovative  framework  tailored  to
assess the potential  impacts of  randomly generated NTDs on
the  accuracy  of  models  for  geologic  hazard  susceptibility
assessment  and  to  effectively  quantify  the  uncertainty
introduced by the NTDs while providing a practical solution.
The integration of  the  RF algorithm with  the risk and return
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Fig. 11.   Maps showing the results of risk (a) and return (b) analysis.
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Fig. 13.   Risk – return scatter plot.
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Fig.  12.    Geologic  hazard  susceptibility  assessment  map  generated
using probabilities converted from Log odds ratios.
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analysis  represents  a  novel  combination  of  machine  learning
techniques and statistical methods, offering a new perspective
and  tool  for  geologic  hazard  susceptibility  assessment.
Additionally,  the  introduction  of  the  log  odds  ratio  and  its
conversion  into  a  probability  value  contribute  to  more
intuitive and comprehensible assessment results,  representing
a methodological contribution to the field of geologic hazard
susceptibility  assessment.  This  study  will  significantly
advance  the  research  on  geologic  hazard  susceptibility
assessment. The findings lead to the following conclusions:

(i)  This study represents the first  systematical assessment
of  the  impacts  of  various  NTDs  on  models  for  geologic
hazard susceptibility assessment.  A total  of  40 NTDs and 40
assessment models are used. The detailed analysis reveals that
these  models  exhibit  AUC  values  ranging  from  0.810  to
0.963,  with  an  average  of  0.852  and  a  standard  deviation  of
0.035.  These  results  indicate  encouraging  prediction  effects
overall and some uncertainty of these models.

(ii)  The  risk  and  return  method  is  applied  to  the
assessment, with the log odds ratio introduced as a probability
index  to  measure  the  assessment.  Log  odds  ratios  are
converted into intuitive probabilities using a logical function,
improving  the  explanatory  power  and  operability  of  the
assessment  results.  Furthermore,  such  conversion  allows  for
the  effective  assessment  and  mitigation  of  the  uncertainty
introduced  by  NTDs  by  calculating  the  standard  deviations
(risk)  and  means  (return)  of  the  log  odds  ratios  of  various
assessment units. The predictions of low-risk and high-return
areas  exhibit  low  standard  deviations  and  high  means,
indicating  that  the  geologic  hazard  susceptibility  assessment
predictions of these areas are consistent and reliable.

(iii) The methodological framework proposed in this study
has  great  potential  for  dissemination  and  application.  This

framework  is  suitable  for  geologic  hazard  susceptibility
assessment  across  various  regions  and  types,  laying  a  solid
scientific  foundation  for  geologic  hazard  prevention  and
management.  The  method  design,  which  accounts  for  the
impacts  of  random  NTDs,  significantly  enhances  the
generalization ability of the assessment model,  allowing it  to
operate  stably  under  varying  geological  and  environmental
conditions  and  contributing  to  more  informed  decisions
regarding  resource  allocation  and  hazard  management
strategies. 

Data availability statement

The  research  data  of  this  paper  can  be  obtained  through
URL https://search.asf.alaska.edu/#/ (Fig. 2a). By utilizing the
relevant  tools  within  the  ArcGIS  Pro  software,  additional
terrain-related data such as curvature, slope, and aspect can be
computed  (Figs.  2b‒d).  Lithology  (Fig.  2e)  was  provided  by
https://www.resdc.cn/. Data on faults (Fig. 2f) and rivers (Fig.
2g) were provided by the National Geomatics Center of China
(https://www.webmap.cn/store.do?method=store&storeId=2).
The  NDVI  values  were  first  amplified  by  10000  times  from
the  range  of  –0.2‒1  to  –2000‒10000  and  were  then
compressed to the range of 0‒255 (Liu J et al., 2005) (Fig. 2h).
Land use (Fig. 2i) was provided by https://www.resdc.cn/. In
the  calculation  of  the  distance  from  residential  areas,  the
coordinates  corresponding  to  these  locations  were  obtained
using  the  address  lookup  tool  of  mapping  service  software.
These  coordinates  were  then  corrected  using  coordinate
correction  tools  to  obtain  accurate  coordinate  information.
Distance from residential areas was calculated based on these
coordinates  (Fig.  2j;  http://www.stats.gov.cn).  Distance  from
roads  (Fig.  2k)  was  provided  by  https://www.resdc.cn/.
Annual  average  rainfall  data  were  obtained  from  the
Department  of  Natural  Resources  of  Shaanxi  Province
(https://zrzyt.shaanxi.gov.cn/; Fig.  2l).  InSAR data  (Fig.  2m)
were accessed on the website of the European Space Agency's
Sentinel  dataset  (https://scihub.copernicus.eu/).  Then,  these
data  were  processed  in  the  following  key  steps.  First,  image
registration  was  performed  to  ensure  the  accurate
correspondence of SAR images acquired at different times in
space.  Second,  the interferogram was generated to reveal  the
deformation information of the surface during the observation
period  by  comparing  two  or  more  SAR  images.  Finally,
atmospheric  correction  was  performed  to  eliminate  the
impacts  of  atmospheric  conditions  on  InSAR measurements,
aimed  at  obtaining  more  practical  surface  deformation  data
and  providing  a  solid  data  basis  for  the  geologic  hazard
susceptibility assessment. 
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