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OLIEHKA OITOJI3HEBOU OITACHOCTU
IIPU IIPEIBAPUTEJ/IbHOM PA3BEJIKE
MECTOPOXIEHUI HA CEBEPO-BOCTOKE KYBbI
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Annomauyus: B ceBepo-BocTOUHOM pervioHe Ky6bl OMOI3HM YacTO BCTPEUAIOTCS B pallOHax C
paspabaThiBa€MbIMU U TTEPCIIEKTUBHBIMY MECTOPOXKIEHMUSIMU TI0JIe3HBIX McKomaemMbix. O1ieHKa
OTIACHOCTM ONOJI3HEN MMeeT OOJIbIlIoe 3HaYeHye 1Jisl OyayIlero nporHo3upoBaHus 3aau reo-
JIOTMYeCKOV pasBefKky 1 obecrieueHst 6e30macHOCTH MPY JOObIUe TIOJIe3HbIX MCKOTTaeMbIX. [IJis
OIIeHKM OTMAaCHOCTM OIOJI3HEN Ha ceBepo-BocToke KyObl Gblia MpecTaBieHa CTaTUCTUYeCKast
MOJIeJib, UHTErPUPOBaHHAs C 6 peauKTOpaMiu. AHAIU3UPYEMbIMU IPEOUKTOPaMM ObLIN Cpel-
HEroJI0BOe KOJIMYECTBO OCAKOB, YTOJI HAKJIOHA, BBICOTA, TUII ITOUBbI, PACCTOSIHME IO Pa3/IOMOB
¥ TUII TOPHOI TIopofbl. Mopesb 6bTa paspaboTaHa C MCITOJb30BaHMEM METOHa MY/IbTUHOMM-
aJTbHOV JIOTMCTUYECKOI perpeccuin. [IJis IpOBEPKYU MOJIEU UCIIOIb30BaJICS KaaCcTpP OMOJI3HEN
B 9TOM paiioHe. Pe3ysbTaThl moKkasasy, uTo st Habopa AaHHbBIX, MCITOJIb30BAHHBIX JJIST CO3/1a-
HUSI MOZIEJIN, TIPEAVIKTOPHbIE TTepeMeHHble « CpelHeroqoBoe KOJMYeCTBO OCAIKOBY, « YTOJI Ha-
KJTOHa» 1 « TUIT TOPHOM MTOPObI» OKA3bIBAIOT CTATMCTUUECKY 3HAUMMOE BiIMsIHIE Ha M3MeHeHe
Kareropuy onacHocTi. CKOPPEKTUPOBAHHASI CTaTUCTUYECKast MOZIeJb TIOKa3asia, YTO OMOJ3HU
MMEIOT BBICOKYIO BEPOSITHOCTb BOSHMKHOBEHMSI B 30HaX «BBICOKOM» M «OU€Hb BBICOKOI» OIac-
HOCTHU, Ha ceBepo-BoCTOKe KyObl, B 9KCITyaTallMOHHBIX 30HAX U MEPCIIEKTUBHBIX paliOHax.
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Landslide hazard assessment in preliminary exploration
of mineral deposits in north-eastern Cuba
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Abstract: In the northeastern region of Cuba, the landslides are frequent in areas with mineral
deposits in exploitation and prospective areas of mineral deposits. The assessment of the threat
of landslides is of great importance for the future projection of geological exploration tasks
and for the safety in the extraction of mineral resources. A statistical model, integrated with
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6 predictors, was presented to estimate the threat of landslides in northeastern Cuba. The pre-
dictors analyzed were average annual rainfall, slope angle, elevation, soil type, distance to
faults, and rock type. The model was developed using the multinomial logistic regression meth-
od. To validate the model, an inventory of landslides in the area was used. The results showed
that, for the data set used to establish the model, the predictor variables "Average annual rain-
fall", "Slope angle" and "Rock type" have statistically significant effects on the change in the
hazard category. The adjusted statistical model showed that landslides have a high probability
of occurring in the “High” and “Very High” danger zones, in the northeast of Cuba and in its
exploitation zones and prospective areas.

Key words: multinomial logistic regression, landslides, landslide hazard, predictors, northeast-
ern Cuba, perspective areas, mineral deposits, statistical model, soil deformation, mining.
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Introduction

Mining activities require special re-
quirements for the operation of mineral
exploitation to ensure safe operation. By
considering information on hazardous ge-
ological events in mining areas, the accu-
racy of technical assessments of a mining
project can be improved [1, 2, 3]. In Cuba,
there are regulations that dictate the carry-
ing out of geological risk assessments be-
fore starting mining activities According to
the Cuban Ministry of Energy and Mines.
Landslide risk forecasting and zonation
prior to geological exploration of mineral
deposits is essential for future risk manage-
ment, strategic planning, environmental
sustainability and occupational safety [4].
Integrating this information into the plan-
ning of mining projects is essential for the
responsible and successful development
of the mining industry.

By detecting phenomena such as land-
slides or ground deformations early, pre-
ventive measures can be taken to reduce
the risks associated with mining explora-
tion [5, 6]. This not only helps avoid ac-
cidents, but can also prevent significant
financial losses by anticipating problems
and taking corrective action.

The landslides hazard in mining areas
is closely linked to the physical-mechani-
cal properties of the rock massif [7, 8], cli-
matic factors [9, 10], engineering-geologi-
cal [11], geomorphological [12, 13], and
topographical, influence the instability in
mining areas [14].

This is why it is important to use moni-
toring techniques that contribute to main-
taining a balance between the exploitation
of resources and the conservation of the
environment to mitigate the impacts of
these natural or induced phenomena, as a
result of the work to exploit the resources
minerals [15, 16, 17].

In recent years, Geographic Information
System (GIS) technologies and remote sen-
sing have been powerful tools for visuali-
zation, analysis and simulations that take
into account a large number of factors that
influence processes and objects [18, 19].

The use of probabilistic methods [20]
and logistic regression methods [21] and
logistic regression methods [22, 23, 24],
among others, with the help of GIS and
remote sensing for landslide hazard fore-
casting, are widely used in engineering-
geological evaluation and zoning of dif-
ferent phenomena [25].
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The objective of this study is to carry
outan analysis with 6 predictor variables to
determine models for predicting the land-
slide hazard in the northeastern part of the
Republic of Cuba, using the Multinomial
Logistic Regression Method (MNLR).

Study Area

The study area is the northeastern part
of Cuba, which includes 75% of the Guan-
tanamo province and the Moa municipal-
ity of the Holguin province. This territory
is part of the Nipe-Sagua-Baracoa range.
This massif is the easternmost mountain
massif in Cuba distributed between the
provinces of Guantanamo, Santiago de Cuba
and Holguin. The most significant feature
of this area is its geographical physical
complexity, which has conditioned a great
variety of natural landscapes with great
biological diversity and high floristic and
faunal endemism. Climate is one of the
most influential phenomena; Towards the
North and Northeast, the highest values
of rainfall in the country are reported with
more than 3600 mm/year. The relief is pre-
dominantly mountainous. The geological
structure is formed by a system of sunken
and emerged blocks developed during the

island's shelf period in which rocks of met-
amorphic and volcanic origin stand out.

Mining in northeastern Cuba

In the northeastern region of Cuba there
are many mineral deposits and prospective
mining areas (Fig. 1). The northeastern
region of Cuba contains numerous mine-
ral deposits and promising mining areas
(Fig. 1). The mining industry in northeast-
ern Cuba was most developed between
1975 and 1989 due to cooperation with the
former Soviet Union and Eastern European
countries, which contributed to the devel-
opment of the nickel industry, which ac-
counted for 6% of total mining exports
worth more than $317.4 million according
to the National Institute of Statistics and
Information, reaching an export volume of
5,145.1 Mt in 2021 according to the In-
ternational Energy Agency (IEA).

The region has high levels of reserves
and production of so-called critical mine-
rals [26] including nickel, cobalt, chromi-
um and manifestations of others such as
copper, which play a fundamental role in
the energy transition as key inputs for elec-
trification, electric mobility and digitaliza-
tion [27].
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Fig. 1. Geographic location of the study area [compiled by author]
Puc. 1. Meorpaguyeckoe nonoxeHune parioHa MCCien0BaHus [cOCTaBeHO aBTopoM]
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Taking into account the complexity of
the topographical, engineering-geological
and climatic characteristics, among others,
in the northeastern part of Cuba, danger-
ous geological processes are accelerated,
such as landslides, which may in the fu-
ture complicate the conditions for the pre-
liminary exploration of deposits. In Cuba,
foreseeing risk situations due to the oc-
currence of geological phenomena is con-
templated in Law No. 76, "Mining Law",
which establishes the general principles for
the prospection, exploration, exploitation,
processing and commercialization of mine-
ral resources in Cuba and Decree-Law
No. 226 "Mining Code" and the Mining
Law, which regulate the technical and le-
gal aspects of the mining activity, includ-
ing issues such as safety and risk assess-
ments of any nature in the exploration and
exploitation of mineral resources [28].

Materials and methods

The first step in analyzing the landslide
hazard in the northeastern part of Cuba
was the collection, preparation, processing
and analysis of existing information. The
flow diagram is shown in Fig. 2.

Landslide inventory

Landslide inventory maps are consid-
ered essential for studying the relationship
between landslides and the factors influ-
encing them. The main source of the in-
ventory information used in the study was
Sentinel 2A satellite imagery [29].

Landslide predictors factors

Information of topographic nature was
collected, prepared and analyzed: slope
angle and elevation; rock type, distance
to faults, soil texture and average annual
rainfall were also analyzed.

Different data sources were used for the
creation of the thematic layers. The analy-
sis included the geological map at a scale
of 1:100,000 from the Institute of Geology
and Palaeontology of Cuba and the soil
texture at a scale of 1:100,000 from the
Institute of Soils of Cuba.

In this study, all ranges were establi-
shed for the predictors involved, which are
shown in Table 1. In the analysis, each of
the thematic maps was validated with the
landslide inventory [29], and the analy-
ses were established using the example of
landslides occurring in mining areas.
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Fig. 2. Scheme of the research methodology [compiled by author]
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Table 1

Analyzed predictors and their description [compiled by authors]
AHanusupyembie NpeaMKTOPbl U X ONMCaHHe [cocTaB/IeHO aBTopaMu]

Predictor Predictor Class Rank | Importance
for instability
0—-14 1 low
o 14-22 2 medium
Slope angle (°) 27-3) 3 high
32—-69 4 very high
0-—150 1 low
Elevation (m) 150—-300 2 médium
300—500 3 high
> 500 4 very high
. > 500 1 low
Distance to fault (m) <500 5 high
other types of soil 1 low
Soil type loam 2 medium
clay-loam 3 high
clayey 4 very high
vitreous and zeolitized tuffs, massive limestones 1 low
marls, brecciated serpentines, hard shales 2 medium
Type of rocks conglomerates, breccias, sandstones 3 high
soft schists, weathering crust, highly deformed 4 very high
and cracked rocks
<400 1 low
Average annual 400—1000 2 medium
rainfall (mm) 1000 — 2000 3 high
> 2000 4 very high

Nominal logistic regression

Multinomial logistic regression (MNLR)
was used to forecast landslide hazard. This
is a variation of multiple regression that is
used to predict categorical variables con-
taining more than two categories based
on a set of multiple independent variables
[30, 31]. The independent variables that
make up the study can be continuous, dis-
crete, or both. Landslide hazard class is a
categorical response variable, so MNLR
may be suitable for estimating the increase
or decrease in landslide hazard from the
evaluation of climatic, topographic and en-
gineering-geological data. Unlike logistic
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regression, which has only one logit equa-
tion, MNLR can have multiple logit equa-
tions [32], where logit is a logarithmic
function that shows the ratio of the proba-
bility (P(Y = k)) that a given pixel belongs
to a specific category or class by the proba-
bility of the reference category (P(Y = K))
and is expressed as:

e[ PY=R)
logit, = ln(P(Y - K)] Bo +B X,

where [3 is a constant and the intercept of;
B, are the regression coefficients associ-
ated to the predictor variables with n = 1,
2, ...,n—1; X are the predictor variables.



Table 2

Response information in multinomial logistic regression analysis [compiled by authors]
Undopmaums 06 oTBeTax B MySbTMHOMUAIbHOM IOFMCTUYECKOM PerpecCMOHHOM aHaaM3e

[cocTaBneHo aBTOpamu]

Dependent variable Class Count
very high 204 (Reference event)
) high 213
Landslide hazard
medium 35
slow 218
Total 670

From this equation one can determine
the probability that in space a pixel may
belong to a specific class (k), by the fol-
lowing mathematical expression
B e(ﬁ0k+ﬁnkxn)

kK~ k
ze(ﬁoJanan)

1

where the expressic:m of the denominator

k
ze(ﬁo*'ﬁnixn)
=1

is the summation of the exponentials of
the equations obtained for each of the
categories. This formula ensures that the
probabilities sum to 1 for all possible ca-
tegories. The probability models of the
landslide hazard categories were entered
into the ArcGIS raster calculator to pro-
duce a map showing the probability of
landslide hazard existence at each pixel.

P

Results and discussion

The information was analysed to deter-
mine the relationship between the depend-
ent variables and their predictor variables,
using the multinomial logistic regression
model, taking into account an inventory of
670 landslides that occurred in the study
area [33—35]. Sixty-two percent of the
inventoried landslides are distributed in
the "High" and "Very high" hazard classes
(Table 2).

Table 3 shows three analyses, represen-
ting the odds ratio between landslide ha-

zard and the selected predictor variables,
and the corresponding equation for each
category. The hazard class "Very high" was
taken as the reference variable and com-
pared with the categories "High", "Medi-
um” and "Low". By analysing the "Z" and
"P" values we can infer that for the first
analysis the predictor variables "Average
annualrainfall”, "Slope angle”, "Elevation”
and "Rock type" have statistically signifi-
cant effects on the change of "High haz-
ard" category; the variables "Soil texture”
and "Distance to faults” have no signifi-
cant effects.

In the second analysis assessing the
probability of belonging to the "Medium
hazard" versus "Very high hazard" cate-
gory, the predictor variables "Average an-
nual rainfall”, "Slope angle”, "Soil type",
"Elevation”, and "Rock type" have statisti-
cally significant effects on the change of
hazard category, but tectonics does not.
The third one assesses the probability of
belonging to the "Low hazard" versus "Ve-
ry high hazard" category. The predictor
variables "Average annual rainfall”, "Slope
angle”, and "Rock type" have statistically
significant effects on the change of hazard
category [36].

According to the statistical significance
of each predictor in relation to the depend-
ent variable (Landslide Hazard) in the
model, average annual rainfall (R ), slope
(Slp) and rock type (L) are significant pre-
dictors in this model, while soil type (S,)
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Table 3

Multinomial logistic regression analysis [compiled by authors]
MynbTHOMMANBHBINM NTOrMCTUYECKMI perpecCMOHHbBIN aHan3 [cocTaB/IeHO aBTopaMu]

Ratio | IC de 95%
Predictor Coef SE Coef z P of odds lower | upper

Logit 1: (High/Very high)

Constant 10.6233 | 1.81652 | 5.85 | 0.000

Average annual rainfall (R ) -1.05933 | 0.307839 | -3.44 | 0.001 | 0.35 | 0.19 | 0.63
Slope angle (S) -0.432319 | 0.105602 | -4.09 | 0.000 | 0.65 | 0.53 | 0.80
Soil type (S, ) -0.245630 | 0.170851 | -1.44 | 0.151 | 0.78 | 0.56 | 1.09
Distance to faults (T ) -0.304796 | 0.191344 | -1.59 | 0.111 | 0.74 | 0.51 | 1.07
Elevation (H) -0.414268 | 0.131492 | -3.15 | 0.002 | 0.66 | 0.51 | 0.86
Rock type (L,) -1.04558 | 0.213210 | -4.90 | 0.000 | 0.35 | 0.23 | 0.53

Regression model equation 1

Hz =10.62 - 1.06R_ - 0.43S_-0.255 - 0.3T, - 0.41H - L,

Logit 2: (Medium/Very high)

Constant 18.2570 | 2.33449 | 7.82 | 0.000

Average annual rainfall (R ) -1.99715 | 0.453630 | -4.40 | 0.000 | 0.14 | 0.06 | 0.33
Slope angle (S,) -0.600278 | 0.223407 | -2.69 | 0.007 | 0.55 | 0.35 | 0.85
Soil type (S,) -1.12827 | 0.313024 | -3.60 | 0.000 | 0.32 | 0.18 | 0.60
Distance to faults (T ) 0.289712 | 0.399496 | 0.73 | 0.468 | 1.34 | 0.61 | 2.92
Elevation (H) -1.29827 | 0.271380 | -4.78 | 0.000 | 0.27 | 0.16 | 0.46
Rock type (L,) -1.96506 | 0.319059 | -6.16 | 0.000 | 0.14 | 0.07 | 0.26

Regression model equation 2

Hz=18.26 - 2R - 0.6S_-1.13S +0.29T_-13H- 2L,

Logit 3: (Low/Very high)

Constant 14.4414 | 1.92706 | 7.49 | 0.000

Average annual rainfall (R ) -1.63737 | 0.325635 | -5.03 | 0.000 | 0.19 | 0.10 | 0.37
Slope angle (S,) -0.344551 | 0.121244 | -2.84 | 0.004 | 0.71 | 0.56 | 0.90
Soil texture (S, ) -0.342471 | 0.188197 | -1.82 | 0.069 | 0.71 | 0.49 | 1.03
Distance to faults (T_ ) -1.96203 | 0.189296 | -10.3 | 0.000 | 0.14 | 0.10 | 0.20
Elevation (H) 0.0470632 | 0.147236 | 0.32 | 0.749 | 1.05 | 0.79 | 1.40
Rock type (L,) -1.30005 | 0.244392 | -5.32 | 0.000 | 0.27 | 0.17 | 0.44

Regression model equation 3

Hz=14.44 - 1.64R - 0.345_-0.34S -1.96T_+0.05H-1.3 L,

and tectonics (T_) and Elevation (H) have
a more limited relevance in the prediction
of landslide hazard in this specific context.

A log-likelihood value of =554 was ob-
tained which means that, given the fitted
statistical model, the landslides contribu-
ted from the inventory have a relatively
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high probability of occurring in the "High"
and "Very High" hazard zones. (Fig. 3, a).
Of the total number of landslides invento-
ried in the northeastern part of Cuba, 202
are distributed in "Very high" hazard and
215 in "High" hazard zones (Fig. 3, b). It
should be noted that 208 landslides are lo-
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Puc. 3. Onon3HeBas onacHOCTb Ha ceBepo-BocToke Kybbi: MpOCTpaHCTBEHHOE pacrpeseneHue oroa3Hes B paso-
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HocTwu (B) [cocTaBneHo aBTopoM]

cated in low hazard zones. When analyz-
ing the possible causes of the occurrence
of this number of landslides in these ar-
eas, we could see that the predictors of the
highest incidence were the average annual
rainfall and the type of rock (Fig. 3, ¢). In
the "Very high" hazard category, where the
accumulated rainfall exceeds 2000 mm per
year, 157 landslides (75%) are distributed,
generally in rocks consisting of conglom-
erates, sandstones and breccias.

When analyzing the relationship be-
tween landslide occurrence and predictors
in prospective areas and mineral deposits,
we found that out of a total inventory of
115 landslides, for the predictor "Height"
the highest distribution of landslides is in

the 300— 500 m class (Fig. 4, a). 71% of
landslides (82 landslides) are distributed in
areas of heavy rainfall, with accumulated
rainfall greater than 2000 mm (Fig. 4, b).
The predictor "slope inclination” has no
significant influence due to the wide dis-
tribution of landslides in all classes with
slopes greater than 10 degrees (Fig. 4, ¢);
the largest number of landslides (66) was
distributed on soils with a clayey matrix
for 57% (Fig. 4, d); while 34 landslides are
in the "High" rock type class correspond-
ing to rocks composed of conglomerates,
breccias and sandstones and 29 landslides
are distributed in the "Very high" class
composed of soft shales, weathering crust
and in highly deformed and cracked rocks
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(Fig. 4, e), which constitutes 64% of the
total number of landslides in prospective
areas and exploited mineral deposits. In
the analysis of the predictor "Distance to
faults”, 105 landslides (91%) are located
within 500 m of a fault (Fig. 4, f).

Fig. 5, a shows the spatial distribution
of the number of landslides in prospective
mining areas and mineral deposits, which

186

mostly coincide with “Very High" and "High"
hazard zones, with a total of 29 and 43
landslides respectively (Fig. 5, b).

Conclusions

The use of multinomial logistic regres-
sion ensured flexibility in adjusting the
landslide hazard model to the complexity
of the data and underlying relationships
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Puc. 5. OnonsHeBas onacHOCTb Ha MepPCreKTUBHbIX TEPPUTOPUSX U MECTOPOXKAEHUSIX MONE3HbBIX UCKOMAEMbIX:
MPOCTPaHCTBEHHOE pacrpeseneHne ornon3Hes (a); KoNM4ecTBo OMon3Hes o kaaccam onacHoctu (6) [cocTas-

J1eHo aBTopoMm]

by including multiple predictors, allowing
specific effects to be modelled for each gi-
ven category and their equations to be de-
rived.

Average annual rainfall, terrain slope
and rock type are statistically significant
predictors in all analyses, indicating their
importance in the prediction of landslide
hazard in the northeastern part of Cuba.
On the other hand, soil texture, distance
to fault and elevation show a more limited
relevance in this specific context.

The analysis of the relationship be-
tween landslide occurrence and predictors
in prospective areas and mineral deposits
reveals significant patterns that provide
valuable information for risk understand-
ing and management, as the highest distri-
bution of landslides is found in the 300-
500 m altitude class. 71% of landslides
occur in areas of high rainfall, with ac-
cumulated rainfall greater than 2000 mm,
57% of which is associated with a soil with
a clayey matrix. In rocks composed of con-
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glomerates, breccias, sandstones, soft sha-  the total number of landslides. Ninety-one
les, weathering crust, and highly deformed  per cent of the landslides are within 500 m
and cracked rocks, they constitute 64% of  of a fault.
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