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A brief introduction to Machine Learning
Step 1 : Species Projection

Step 2 : Land Use Land Cover Forecasting
Step 3 : Risk Assessment

Discussion with audience on Indicator Species and Risk Factors



e Herbert Alexander Simon:
“Learning is any process by which a system improves performance from

experience.”

e “Machine Learning is concerned with computer programs that automatically

improve their performance through experience.”

Herbert Simon
Turing Award 1975
Nobel Prize in Economics 1978




) Machine Learning

Traditional Programming:

Data
Result
Handcrafted Model
Machine Learning:
New Data
Data l
Model ey ReSULE
Output
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recognize Here are ten examples of how Al can be encouniered on a dally basis:

amazon L Smart Assistants: Devices like Amazon's Mless, Google Assistant, and Appie's Sl use Al to

endenitand and rospond 10 your voice commands. They can performs Lasis Bl selting alarma,
Orders  Account & Lists -\.—./ Ccart paying music. of provdng weathar updates.
Recommendation Systems: Stresming services like Netfix and Spotify e Al to analyre your
past behavice and preferencos 10 recommend movied, TV shows, or music yoo might Ske.
Email Fitering: Email services use Al 10 filter Ut spam aad phishing emads, protecting you from
wrwanted content and patentia) security threats
Online Customer Support: Many websites use chathots powered by Al Lo provide immediate
> CUROMmar SLUppont. Thess bots Can anmwer traquently asked guestions, help with navigaticn, of
escalate sSues Lo human repressnlatives,
igation and TraMic Analysis: Apps ke Googie Maps and Waze use Al to anadyze traffic
conditions in real-tiene, Offering the lastedt routes and aveiding traffic jams.
© Facial Recognition: Used i variius securty systems to grant access to bulldiegs or devices, snd
by social media phatforms tke Facebook to sugpest photo tags.
7 Senart Home Devices: Al is used in smart thermastals ke Nest and smart Iighting systerna to
Sarn your prelerences and schedule, adiusting your home envirotrmest sutomatically for
comiert and energy efficiency.

Departments

fire
< Now with Alexa
$4999

These exampies show how Al technologies are woven Into various aspects of our daily routines,

O\ . [ ® ) ernancing convenierce, oifcency. and perioralzation
Y e .

= Autonomous Vehicles: Seif-Sriving cars use Al 10 interpret sensor dats to identity obyects, make
Secisions, and navigate roads safely without human ntervention

1 Predictive Text and Asto-Correction: When you're Iyping 00 your smariphone or compates, A
heips predict the next woed you might type and corrects speling mistakes

| Heoalth and Fitness Trackers: Dovices Fke Fithit and apps oo your smartphone ute Al 1o monitor

Your physical activity, sheep Dattams, and Sometimes ever your heart rate, providing
parsonalicad health Insights and recommendations.



The Learning

Real
World

Process:

Data Source

Raw Data

Information
Sampling and
Selection

*Data gathering
*Correlation analysis

Pre-processing

Preprocessed Data

Data Cleaning

*Noise eradication
*Handling unclassified
data
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Transformation

Transformed Data
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Transformed Data

 Data normalization
*Dimensionality
reduction

Data Mining
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Model Learning

* Classification
Clustering
*Regression
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Evaluation &
Interpretation
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Type of algorithm in Machine Learning:
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Type of algorithm in Machine Learning:

A  Supervised learning
e  Prediction

e (lassification (discrete labels), Regression (real values)

Q Example
Labeled Data
OO Prediction P
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Model Training
Lables
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A  Unsupervised learning

e C(lustering

Q Example

INPUT RAW DATA
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Unlabeled data
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Data Sources Artificial Intelligence Forecasting Outcomes
(" ™
Environmental
Sensors Early Warning
\. J Systems
- N
Historical Data
& y,
r ~ Risk Assessment
Real-time Data
- y,
a ™)
Social Media Preventive Measures
Data
\. Y
A D \L 7 9

Figure 1: Process of Artificial Intelligence adoption in Forecasting Qutcomes
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Earthquake Aftershock

Zone Identification Cyclone Tracking

: Classification . S—
Clustering Drought Severity Classification

Id'entnfymg batem Flood Prediction
in Climate Data
Unsupervised Supervised
Association Learning Learning Regression
Storm intensity Forecasting
Reinforcement
Learning
Decision Process Optimization @ @ Adaptive Traffic Control
for Emergency Evacuation During Evacuation

Figure 2: Artificial Intelligence paradigms and their applications in extreme events ”
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Methodology

This process outlines the steps for identifying and scoring biodiversity-related risks by integrating region-specific data,
disturbances, open-source databases, and machine learning models to predict short- and long-term biodiversity risks. The goal is

to develop risk indices for future scenarios across various regions, supporting strategic decision-making for biodiversity finance.

BIODIVERSITY
REGION / GEO DISTURBANCES MODELLING / ML RISK SCORING

Climate extremes, natural disasters, land- | Research and analysis of available open-

use change, hydrological issues (flood, source databases, assessment of leaming

drought), ecosystem distribution,
environmental degredation

Categorization / grouping of ciimate zone
and geographical areas based upon
common factors e.g. temperature / weather

Solutions €.g. Prediction (short term), SRR .
Projection (long term), assessment of each ezmp‘gf";j';d:‘:%cﬁ?gn&m r
site data and availability of applicable data [| data sources applicability in the context of g

(example remote sensing) BIOFIN Project / BIODIVERSITY 10-20. 20+)

Figure 3 :Integrated Biodiversity Risk Assessment Framework for the BioFIN Project 13



Projection of species

Identify indicator species and
model their current and future
distributions using environmental
data and Species Distribution
Models (SDMs).

Methodology

Land Use and Land Cover Changes

—~ N

Analyze past land cover trends
and forecast future changes to
assess potential impacts on species
habitats and ecosystem dynamics.

- J

Risk Assessment

/_/\

Combine ecological risk factors
into a spatial index to identify
high-risk areas and support
biodiversity-positive investment

decisions.

~

J
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Step 1: Projection
of species




Q Objective:

Classify NBS into clear, actionable classes.

Projection Species

Identify sensitive species within each NBS that act as early-warning indicators for ecosystem health.

Q Why This Approach?

Enhance monitoring and management of NBS by leveraging biological signals.

Improve understanding of ecosystem resilience and risks.

Q Key Questions:

What are the main NBS classes?

Which species are most sensitive to changes in these systems?

How can we use these indicators as early-warning systems?

Classify NBS

*Define broad
categories of NBS
(wetlands, forests...)

Identify Indicators

Species

-Analyze ecosystems
within each NBS
class to identify
species sensitive to
environmental

changes

Evaluate Indicator

Sensitivity

-Correlate  species’
health or behavior
changes with
ecosystem conditions

Develop Monitoring

Framework

-Extract the data to do
the projection in the
future for these
species




What are Indicator Species?

Indicator species (IS) are used to monitor environmental changes, assess the efficacy of management, and provide warning signals for impending ecological shifts.
Though widely adopted in recent years by ecologists, conservation biologists, and environmental practitioners, the use of IS has been criticized for several reasons,
notably the lack of justification behind the choice of any given indicator. (Siddig, A. A., Ellison, A. M., Ochs, A., Villar-Leeman, C., & Lau, M. K. (2016). How do ecologists select and use

indicator species to monitor ecological change? Insights from 14 years of publication in Ecological Indicators. Ecological Indicators, 60, 223-230.)

How We Use Indicator Species in BIOFIN-EU

*Selection Criteria: Species are chosen based on sensitivity to habitat changes, ecological relevance, and availability of distribution data.
*Purpose in WP4: Serve as biological indicators to model ecosystem responses under land use and climate change scenarios.
eApplication: Integrated into Species Distribution Models (SDMs) to project future presence/absence and support risk assessment.

*Outcome: Help identify areas of high biodiversity vulnerability to guide nature-positive investments and inform policy tools.

17



Historical Bio
variables

(WorldClim)

Indicator
species
(GBIF)

JaA0D pueT/esn pueT

SDM

—>

Project

current/potential
occurence
species
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Identify Evaluate Develop
Indicators Indicator Monitoring
Species Sensitivity Framework

Podgori
Noaropui

Tir Legend
Barren Lands
Water Bodies
Urban Lands
Croplands
Vegetation
Wetlands
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variables.

BIO1 = Annual Mean Temperature

BIO2 = Mean Diurnal Range (Mean of monthly (max temp - min temp))

BIO3 = Isothermality (BIO2/BIO7) (x100)

BI04 = Temperature Seasonality (standard deviation x100)
BIOS5 = Max Temperature of Warmest Month

BIO6 = Min Temperature of Coldest Month

BIO7 = Temperature Annual Range (BIO5-BIO6)

BIOS8 = Mean Temperature of Wettest Quarter

BIO9 = Mean Temperature of Driest Quarter

% Bioclimatic variables (BIOs) are derived from the monthly temperature and rainfall values in order to generate more biologically meaningful

BIO10 = Mean Temperature of Warmest Quarter

BIO11 = Mean Temperature of Coldest Quarter

BIO12 = Annual Precipitation

BIO13 = Precipitation of Wettest Month

BIO14 = Precipitation of Driest Month

BIO15 = Precipitation Seasonality (Coefficient of Variation)
BIO16 = Precipitation of Wettest Quarter

BIO17 = Precipitation of Driest Quarter

BIO18 = Precipitation of Warmest Quarter

BIO19 = Precipitation of Coldest Quarter

20



Climate Variables

All the bands: ['TCC', 'aspect', 'bio01', 'bi002', 'bio03', 'bio04',
"bi005', 'bi006', 'bio07', 'bio08', 'bio09', 'biol0', 'bioll', 'biol2',
'biol3', 'biol4', 'biol5', 'biol6', 'biol7', 'biol8', 'biol9',

'elevation', 'hillshade’, 'slope’].

Selected Bands: ['TCC', 'aspect', 'bio06', 'bio08', 'bio14",
'bi019', 'slope']

Identify Evaluate Develop
Indicators Indicator Monitoring

Species Sensitivity Framework
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Projection of Bioclimatic Variables

Model:
Scenario:
Country:

Year:

Bioclimatic ...

ACCESS-CM2 v
ssp245 v
Italy v
2030 v

BIO1 (Annual Mean Temperatur v

Identify Evaluate
Indicators Indicator

Species Sensitivity
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Species Distribution Modeling

Species: | Vandenboschia speciosa v
Country: | Morocco v
Land Cover: | vegetation v
Model: | ACCESS-CM2 v
Scenario: | ssp245 v
Country: | Morocco vr
Year 1: | 2030 v
Year 2: | 2070 v e A s 0 02 04 06

£ g A Habitat suitability
« Run Projection < — -
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Step 2: Land Use
and Land Cover
Forecasting




LULC 2000

B Open evergreen broadleaved forest
B Closed evergreen broadleaved forest

Il Water body
Bl impervious surfaces

every year (2000-2022)

LULC 2010

Rainfed cropland
Herbaceous cover cropland
Tree or shrub cover (Orchard) cropland

Irrigated cropland

LULC 2022

LULC 2030 /2040
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Input data

LULC 2000

Model

Population 2000

Random Forest

4//

AN
N

Tree-1

Class-A

Dist. to roads (norm.)

Slope (norm.) Natura 2000 (norm.)

e ilr’ !Z A

N e
Predicted LULC - 2025
ds 4 ) e
Tree-2 Tree-n
Class-B Class-B

I Majority-Voting I

Final-Class) Output

= Urban /mperv.
=3 Cropland (=3 Grassland / Herb @ Bare
= Forest B Wetland B Water / Ice
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.' ; Natura 2000 Sites Over Communal Boundaries - Luxembourg

le6

3.01 A
3.00 A

Q Key questions : 2.99

2.98 A

= Analyse historical LULC changes (2000-2022) |

2.96 A

= Investigate urban cover and urban growth inside vs outside Natura 2000 Network
2.95 A

2.94 A

2.93

402 403 404 405 4.06 4.07
le6

Natura 2000 Network : network of protected areas covering Europe's most valuable and threatened species and habitats. It is

the largest coordinated network of protected areas in the world, extending across all 27 EU Member States, both on land and at

Sca.
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Table 1: Land use/cover Change Matrix from 2000 to 2022 (area in Ha)

Cropland Forest.  Shrubland  Grassland/Herb  Wetland  Urban/lmperv Bare  Water/lee
Cropland 107623.71 28RH.22 455.76 1073.25 5.76 3290.31 0.45 2.43
Forest, 435042 114086.52 175.68 181.35 8.64 605.70  0.90 33.657
Shrubland 539.37 170.46 1667.25 30.33 0.27 1431 0.00 0.00
Grassland /Herb 1519.20 244.98 46.44 482058 0.45 7434 0.00 0.09
Wetland 0.90 6.93 0.27 0.45 50.13 3.06 018 36.81
Urban/lmpery 960.48 J3.44 11.56 36.54 10,17 13982.49 1.26 2.07
Bare 0.63 0.45 0.00 0.00 0.27 1.62  10.26 2.16
Water /lee 1.35 6.12 0.63 0.45 20.61 2.16 063 564.84

Table 2: Gain/Loss Summary between 2000 and 2022 (area in Ha)

Land use/cover class Area in 2000 Area in 2022 Net change

Cropland 115336.89 114996.06 -340.83
Forest 119442.78 117735.12 -1707.66
Shrubland 2421.99 2357.19 -64.80
Grassland /Herb 6706.08 6142.95 -563.13
Wetland 98.73 96.30 -2.43
Urban/Imperv 15338.61 17973.99 2635.38
Bare 15.39 13.68 -1.71
Water/Ice 596.79 641.97 45.18

= Urban/Impervious surfaces experienced significant expansion

(+13,892.49 ha), primarily by converting large areas of

Cropland (3,290.31 ha)

= Forest (605.70 ha). Cropland also saw substantial gains,

mostly at the expense of Forest (4,350.42 ha) and

Grassland/Herbaceous areas (1,519.20 ha).

28



Table 5: Urban Cover (Inside vs. Outside) of the Natura 2000 Network per

Year
Year Inside (ha) Outside (ha) Prop Inside (%) Prop Outside (%)
2000 188.55 15150.06 0.27 3.37
2005 213.57 16483.32 0.31 3.67
2010 226.35 17052.57 0.32 3.79
2015 251.82 17561.44 0.36 3.90
2020 263.52 17938.35 0.38 3.99
2022 253.26 17720.73 0.36 3.94

Table 6: Urban Growth Rates (Inside vs. Outside) of the Natura 2000 Network

Time Interval

Inside Growth (%)

Outside Growth (%)

2000 2005
2005 2010
2010 2015
2015 2020
2020 2022

13.27
0.98
11.25
4.65
-3.89

8.80
3.45
2.93
2.20

-1.21

Urban cover inside Natura 2000 was 9-10 times lower than outside

(0.33% vs. 3.77%) in average, in Luxembourg

However, the rates of urban growth were higher inside than outside
Natura 2000 (6.252% vs. 3.234%), which indicates an incipient urban

sprawl inside the network

29



|| Step 3:Risk
Assessment




% Development Finance and Biodiversity Risks:

e China's Belt and Road Initiative: Large-scale infrastructure

development.

e Key Risks: Habitat destruction, species loss, and

Indigenous land encroachment.

% Original Study Obijective:

Quantify biodiversity risks posed by China's Development
Finance Institutions (DFIs).
Develop a spatially explicit risk assessment framework to

identify and mitigate risks.

namre

https://doi.org/10.1038/541559-021-01541-w CCOlOgy & CVOI UUOI]

') Check for updates

ARTICLES

Risks to global biodiversity and Indigenous lands
from China's overseas development finance

Hongbo Yang'?, B. Alexander Simmons ©'*, Rebecca Ray ™', Christoph Nolte ©2, Suchi Gopal?,
Yaxiong Ma?, Xinyue Ma' and Kevin P. Gallagher ©'

China has become one of the world's largest lenders in overseas development finance. Development projects, such as roads,
railways and power plants, often drive biodiversity loss and infringe on Indigenous lands, yet the risks implicit in China's over-
seas development finance are poorly understood. Here we examine the extent to which projects financed by China's policy banks
between 2008 and 2019 occur within and adjacent to areas where large-scale investment can present considerable risks to bio-
diversity and Indigenous peoples. Further, we compare these risks with those posed by similar projects financed by the World
Bank, previously the world's largest source of development finance. We found that 63% of China-financed projects overlap with
critical habitats, protected areas or Indigenous lands, with up to 24% of the world's threatened birds, mammals, reptiles and
amphibians potentially impacted by the projects. Hotspots of the risks are primarily distributed in northern sub-Saharan Africa,
Southeast Asia and parts of South America. Overall, China's development projects pose greater risks than those of the World
Bank, particularly within the energy sector. These results provide an important global outlook of socio-ecological risks that can
guide strategies for greening China's development finance around the world.
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Key Goals:

Align methodology with Europe's ecological and policy context.
Integrate additional components such as landscape fragmentation and climate

resilience.

Components of the New Formula:

Critical Habitats (CH)
Protected Areas (PA)

Species Richness Index (SRI)
Landscape Fragmentation (LF)

Climate Vulnerability (CV)



% The Biodiversity Risk Formula:

wi . CH4+wy PA+wa SI+wy LF+wz CV .
R, = 2 3 4 . (with: w; + wo,wy +wy +we = 1)
wltw2,.w3itwytws

e Weights example: w, =0.3; w, =0.2; wy = 0.3; wy=0.1; wg = 0.1

e Critical Habitats (CH): Prioritize habitats in Natura 2000 based on conservation value (high, medium, low).

e Protected Areas (PA): Score based on overlap with Natura 2000 and national parks.

e Species Richness Index (SRI): Use EU Red List data weighted by human footprint:  SI; = SRI; + HFI;

e Landscape Fragmentation (LF): Connectivity metrics using Effective Mesh Size or equivalent.

e Climate Vulnerability (CV): Proportion of project buffer zones identified as climate-sensitive.

33



Classify NBS

*Define broad
categories of NBS
(wetlands, forests...)

Identify Indicators

Species

-Analyze ecosystems
within each NBS
class to identify
species sensitive to
environmental

changes

Evaluate Indicator

Sensitivity

-Correlate  species’
health or behavior
changes with
ecosystem conditions

How to identify the Indicator Species

Develop Monitoring

Framework

-Extract the data to do
the projection in the
future for these
species




L Step 1: Projections to assess ecosystem health and guide Nature-Based Solutions.
e Indicator Species

Q Step 2: Assessing and Forecasting Land Use and Land Cover Changes
e Habitat Types / Ecosystem Classes

0 Step 3: Risk Assessment

e Risk Factors






Thank You!
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