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Abstract. Earth System Models (ESM) , have struggled to reproduce the historical decline
:::::
ESMs)

::::::
capture

:::::::::
long-term

::::::::
historical

:::::
trends

:
in burnt area, with discrepancies largely attributed to the under-representation of

::
but

::::
they

::::::::
struggle

::
to

:::::::::
reproduce

:::
the

:::::::::
pronounced

:::::::
decline

:::::::
observed

::::
over

:::
the

:::
past

::::
two

:::::::
decades,

::::::
largely

:::::::
because anthropogenic fire suppression

:::
and

:::::
related

:::::::::::::
socio-economic

::::::::
influences

:::
are

::::
not

:::::::::
adequately

::::::::::
represented. Key factors such as agricultural expansion, land-use changes, fire management

policies, and landscape fragmentation have all contributed to reduced fire activity, especially in tropical savannas, but these are5

not adequately captured in the fire model formulation that underpins
::::::::::
formulations

::::
that

:::::::
underpin

:
most ESMs.

This study investigates whether the observed downward trend in global burnt area
:::::
during

:::
the

::::::
period

::::::::::
1998–2016 can be

better represented in the JULES-INFERNO fire model by incorporating a simplified representation of direct human impacts

on fire. Specifically, we focus on the Human Development Index (HDI), which reflects socio-economic development and, in

turn, influences fire suppression efforts. By incorporating
:::::::::::
implementing

:::::::
globally

:::::::
uniform

::::::::::
assumption

:::
that

::::::::::::
anthropogenic

::::
fire10

:::::::
ignitions

:::
and

::::::::::
suppression

:::::::
decline

::::::
linearly

::::
with

:
HDI into INFERNO, we aim to improve the representation of fire ignition and

suppression dynamics. Results show that including HDI-driven

::::::::
Including

:::::::::
HDI-based socio-economic factors reduces

::::::::::
substantially

:::::::
reduces

:::::::
regional biases in annual burnt area, particularly

in
::::::
burned

::::
area.

::
In

:
Temperate North America,

::
for

::::::::
example,

:::::
model

::::
bias

::::::::
decreases

:::::
from

:::::::
+735.57

::
%

::
to

::::::
+44.46

:::
%,

::::
with

::::::::
similarly

::::
large

:::::::::
reductions

::
in

:
Central America, and Europe. While including HDI corrects regional biases, it also introduces a global15

negative bias as compensating errors at the regional level are addressed. Overall, this approach
:::::::
Southern

::::::::::
Hemisphere

::::::
South

:::::::
America,

:::::::
Europe,

::::
and

:::
the

::::::
Middle

:::::
East.

::::
HDI

::::
also

:
improves the representation of burnt

:::::
burned

:
area trends in eight out of

::
of

::
the

:
14 regions, including Southern Hemisphere South America and Northern Hemisphere Africa, where observations show

negative trends. Despite mixed results in other fire regions, this study demonstrates that incorporating a
:::::::
GFED4s

::::::
regions

::::
that

::::::
exhibit

::::::::
significant

::::::::
negative

:::::
trends

::
in
::::::::::::

observations.
::::::::
However,

:::::::::
correcting

::::
large

:::::::
positive

:::::::
regional

::::::
biases

:::::::
removes

::::::::::::
compensating20
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:::::
errors

::
in

:::
the

:::::::
original

::::::::::::
configuration,

:::::::
resulting

:::
in

:
a
:::::::
stronger

::::::
global

:::::::
negative

:::::
bias,

:::::::
shifting

::::
from

::::::
-34.35

::::
Mha

:::
to

::::::::::::
approximately

::::
-111

::::
Mha.

:

:::::
While

::::
HDI

::::::::
enhances

::::::
regional

:::::::::::
performance

:::
and

:::::
better

:::::::
captures

:::::
recent

:::::::::
downward

:::::
trends

::
in
:::::
some

:::::
areas,

:
it
:::::::::
introduces

:::::::::
trade-offs,

::::::::
including

::::::::
dampened

::::::::::
interannual

:::::::::
variability

:::
and

::::::::::::::
underestimation

::
of

::::::::
medium

::
to

::::
large

::::
fire

::::::
events.

:::::::
Overall,

::::::::::::
incorporating

::::
HDI

:::::
offers

:
a
::::::::::::::
computationally

:::::::
efficient

::::
way

::
to

::::::::
represent

:
socio-economic dimension in INFERNO through HDI provides a simple25

and effective way to improve fire model performance. It also enhances the ability of ESMs to capture human-environment

interactions and offering valuable insights for future climate modelling and fire management strategies
::::::::
influences

:::::
within

::::::::::
INFERNO.

:::::::::::
Nevertheless,

:::
the

:::::
linear

:::
and

:::::::
spatially

:::::::
uniform

:::::::::::::
implementation

:::::::
remains

:
a
:::::::::
first-order

::::::::::::
approximation

:::
and

::::::
cannot

::::
fully

:::::::
capture

:::
the

:::::::
complex

:::::::
regional,

:::::::
cultural,

::::
and

:::::::::::
policy-driven

::::::::
dynamics

:::::::
shaping

::::::::::
human–fire

:::::::::
interactions.

1 Introduction30

Globally, burnt area trends are influenced by complex interactions between climate change, human activities, and natural

ecosystem processes, resulting in large
::::::
climate

::::::
change

::::
and variability over the past few decades. However, the long-term trend

(e.g., 1997 - 2016) has shown an overall decline in global burnt area, especially driven by changes in burnt area of African

savannas and grasslands (decline of 1.27 % per year
:::::::::::::::::
(Andela et al., 2017)). The trend, shown in Figure 1 b), is attributed to

changes in land use, particularly agricultural expansion and intensification in savanna and grassland regions, which reduces the35

availability of fuel for fires (Riley et al., 2019; Andela et al., 2017).

::
In

:::::::
addition,

:::
fire

::
is

::::
also

::::::
actively

::::
used

:::
as

:
a
::::
land

::::::::::
management

::::
tool,

:::
for

:::::::
example

::
to

:::::
clear

::::
land

::
for

::::::::::
agriculture,

:::::::
manage

:::::::::
vegetation,

:::
and

:::::::
maintain

:::::::
pasture

:::::::
systems,

::::::::::
particularly

::
in

::::::
tropical

::::
and

:::::::::
subtropical

::::::::::
landscapes.

:::::
Figure

::
1

::::::::
illustrates

:::
the

:::::::::
broad-scale

::::::
spatial

::::::
patterns

::::
and

::::::::
long-term

:::::
trends

::
of

:::::
burnt

::::
area,

:::
fire

:::::::
weather,

::::
and

::
the

:::::::
Human

:::::::::::
Development

:::::
Index

:::::
(HDI).

:
40

Climate is a key factor that also influences fire activity(Archibald et al., 2010; Andela et al., 2017; Jones et al., 2022; Kelley et al., 2019)

. Rising temperatures are leading to longer fire seasons, particularly in temperate and boreal regions (Sullivan et al., 2022;

Jones et al., 2024). Additionally, reduced rainfall during the critical phase of fire seasons increases the likelihood of large-scale

fires, while increased rainfall during certain times of the year can promote vegetation growth, providing more fuel for future

fires. However, while climate strongly influences inter-annual variability and is increasingly important for long-term trends,45

particularly in temperate and boreal regions, human activity—such as land use change, agricultural expansion, and active

fire suppression—has been the dominant driver of long-term declines in global burnt area, especially in tropical savannas

(Riley et al., 2019; Andela et al., 2017)
::::::::::::::::::::::::::::::::::::::::::::::::
(Riley et al., 2019; Andela et al., 2017; Marlon et al., 2008).

Furthermore, human population density and prosperity can significantly impact burnt areas. (Andela et al., 2017) show that

due to population growth, socioeconomic development, and the increased demand for agricultural products in regional and50

global markets, there has been a shift towards more capital-intensive agriculture, resulting in fewer and smaller fires. These

factors have a predictable impact on the use of fire, with a strong inverse correlation between the area burned and economic

development.
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Figure 1. Global distribution of a) Burnt area fraction -
:::
from

:::
the

::::::
Global

:::
Fire

:::::::
Emission

::::::::
Database

:::::
version

::
4
:
(GFED4s- )

:
(%) total annual

average (1997 - 2016) and b) respective trend (% year�1); c) Fire Weather Index average (
::::
FWI)

::::::
average

:::::
across

:
1997 - 2016 ) and d)

respective trend (year�1); e) Human Development Index average (
::::
HDI)

::::::
average

:::::
across 1997 - 2016 ) and f) respective trend (year�1).

:::
The

::::
FWI

::::
maps

:::::::
represent

::::::::
long-term

:::::::::::
climatological

:::::::
averages

::::::
intended

::
to
:::::::

illustrate
:::::::::
broad-scale

:::::
spatial

:::::::
patterns

:::
and

:::::
trends

::
in

:::::::::::
fire-conducive

::::::::
conditions.
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::
In

:::::::
Coupled

:::::
Model

::::::::::::::
Intercomparison

::::::
Project

::::::::::
frameworks,

:::
fire

::::::::
processes

:::
are

::::::::
generally

::::::::::
represented

::::::
through

:::::::::
simplified,

::::::::::
global-scale

:::::::
schemes

::::
that

:::
link

:::::::
burned

::::
area

::
to

::::::::::
vegetation,

::::
fuel

::::::::::
availability,

::::
and

::::::
climate

::::::::::
conditions.

:::::
Most

::::::
models

:::::::
include

:::::::
ignition

:::::
from55

:::::::
lightning

:::
and

::::::
human

:::::::
sources,

::::
with

:::
fire

::::::
spread

::::
and,

:::::::::::
flammability,

:::
and

:::
fuel

:::::::::
continuity.

:::::
These

:::::::
schemes

:::::::
capture

:::::
broad

:::::::::::::
spatio-temporal

::::::
patterns

:::
of

:::
fire

:::
but

::::
tend

::
to

:::
not

:::::::
resolve

::::::::
fine-scale

::::::::
processes

::::
such

:::
as

::::
local

:::::::::::
suppression,

::::::::::
management

:::::::::
practices,

::
or

:::::::
sub-grid

::::
fuel

:::::::::::
heterogeneity

:::::::::::::::::::::::::::::
(Yue et al., 2014; Rabin et al., 2017)

:
.

The study by Li et al. (2024) shows that the Earth System Models (ESMs) used to provide state-of-the-art climate projections

for Phase 6 of the Coupled Model intercomparison
:::::::::::::
Intercomparison

:
Project (CMIP6; Eyring et al. (2016)) fail to reproduce60

the
::
do

:::
not

::::::::
reproduce

:::
the

::::::::
observed

:
decline in global burned area and fire carbon emissions observed over the past two decades.

Tey
::::
They identify the primary reason for

:::::
cause

::
of this discrepancy as an underestimation of anthropogenic fire suppression

in fire models . Key
:::::::::
fire-enabled

:::::::
models

::::::::::::
(mathematical

::::::::::::
representation

:::
of

:
a
:::::::::

real-world
::::::::

system).
::::
This

:::::::
finding

::
is

:::::::::
consistent

::::
with

:::
the

:::::::::
data-driven

:::::::
analysis

::
of

::::::::::::::::
Forkel et al. (2019)

:
,
::::
who

:::::::::::
quantitatively

:::::::::::
disentangled

:::
the

:::::::
relative

:::::::::::
contributions

::
of

::::::
climate

::::
and

:::::
human

::::::
drivers

:::
of

:::
fire

::::::
activity

::::
and

:::::::::::
demonstrated

:::::
there

::
is

:
a
::::::
strong

::::::::
sensitivity

:::
to

::::::
climate

::::::::
variables,

:::::::::
vegetation

:::::::::
properties,

::::
and

::
to65

:::::::::::::
socio-economic

::::::::
variables.

::::::::
Moreover,

::::
key human-driven factors-

::
—such as agricultural expansion, land-use changes

::::::
change, fire management policies,

and landscape fragmentation- have significantly
:
,
::::
have

:::::::::::
substantially

:
reduced fire activity, particularly in tropical savannas

(Andela et al., 2017)
:::::::::::::::::::::::::::::::::
(Andela et al., 2017; Forkel et al., 2019). However, most CMIP6 models do not adequately account for

:::::::
represent

:
these suppression mechanisms, resulting in

::::::
leading

::
to an overestimation of burned area and

:::::
trends

::::
and

:::::::::
associated70

fire-related carbon emissions.

Most global fire models, such as JULES-INFERNO (Mangeon et al., 2016; Burton et al., 2019), apply simplistic representations

of human ignitions, generally specified as a function of population density, increasing up to a threshold value after which there

are no additional ignitions with an increasing population (Rabin et al., 2017; Teckentrup et al., 2019; Ford et al., 2021). This

approach does not account for the impacts of socio-economic factors on anthropogenic fire ignitions or suppression. It also75

does not capture how humans influence regional variation in contemporary burning practices.

This misrepresentation has important implications for climate projections and carbon cycle modelling, and emphasizes the

need for better integration of dynamic human influences on fire regimes, such as incorporating evolving socio-economic factors

(e.g., population growth, infrastructure expansion, and fire suppression strategies) into fire models (Li et al., 2024).

The Human Development Index (HDI )
:
In

:::::::
current

:::::
global

:::
fire

:::::::
models,

:::::::
changes

::
in

:::
fire

::::::
activity

:::
are

::::::::
typically

::::::::
quantified

:::::::
through80

:
a
:::::::::
separation

::
of

::::::::::::
climate-driven

::::::::::::
controls—such

:::
as

:::
fire

:::::::
weather,

::::
fuel

::::::::
moisture,

:::
and

:::::::::
vegetation

::::::::::::::::
productivity—from

::::::::::::
anthropogenic

:::::::::
influences,

:::::
which

:::
are

:::::::::
commonly

:::::::::
represented

:::::
using

:::::::::
simplified

::::::
proxies

::::
such

::
as

:::::::::
population

::::::
density

:::
or

:::::::
land-use

::::::
change.

:::
As

::::::
shown

::
by

:::::::::::::::::
(Burton et al., 2024),

::::
this

::::::::
structural

:::::::::
separation

:::::::
strongly

::::::
shapes

::::
how

:::::::
models

:::::::
attribute

::::::::
historical

::::
and

:::::
future

:::::::
changes

::
in
::::

fire

::::::
activity

::
to

::::::
climate

::::::
versus

::::::
human

::::::
drivers,

:::
and

::::
can

:::
lead

::
to

:::::::::
substantial

::::::::::
differences

::
in

::::::::
simulated

:::
fire

::::::::
responses

:::::
when

::::::::::::
anthropogenic

::::::::
processes

:::
are

:::::::::::::::
under-represented.

:
85

:::::::::
Accurately

:::::::::
simulating

:::
fire

::
is

:::
also

::::::::
essential

:::
for

::::::
reliable

:::::::
climate

::::::::::
projections,

::
as

:::
fire

:::
and

:::::::
climate

:::
are

:::::::
coupled

::::::
through

::::::::
two-way

::::::::
feedbacks.

::::
Fire

:::::::
activity

::::::::
influences

::::::::::
atmospheric

:::::::::::
composition,

::::::
surface

:::::::
albedo,

:::
and

::::::::::
land–carbon

:::::::::
exchanges,

:::::
while

:::::::
climate

::::::
change

::::
alters

:::
fire

::::::::
weather,

:::
fuel

::::::::::
availability,

:::
and

:::::::
ignition

:::::::::
conditions.

::::::
Recent

:::::
work

::
by

::::::::::::::::::
(Verjans et al., 2025)

::::::::
highlights

:::
the

::::::::::
importance

::
of

4



::::
these

::::::::::
�re–climate

:::::::::
feedbacks,

::::::::
showing

:::
that

::::::::
improved

:::
�re

:::::::::::::
representations

:::
can

:::::::::::
substantially

:::::
affect

::::::::
simulated

:::::::
climate

:::::::::
responses.

::::
This

:::::
further

:::::::::::
underscores

::
the

:::::
need

:::
for

::::::
realistic

::::
�re

::::::::
modelling

::::::
within

::::::
ESMs.90

::::
HDI is a composite measure that combines four key metrics: life expectancy at birth, expected years of schooling, average

years of schooling, and Gross National Income (GNI) per capita (Bhanojirao, 1991). These metrics are normalized by their

respective maximum values, and the HDI is calculated as the geometric mean of life expectancy, education, and GNI per capita.

The HDI has been used in various studies to better understandthesocio-economicimpacts
:::::::::
in�uences on the Earth System(ES)

(Türe, 2013; Hickel, 2020; Roy et al., 2023)
:
,

::::::::
including

::::
links

::::::::
between

:::::::::::
development

:::
and

::::::::::::
environmental

:::::::
pressure

:::::::::::
(Türe, 2013)

:
,95

::
the

::::::::::
decoupling

:::::::
between

::::::
human

:::::::::::
development

::::
and

:::::::
resource

::::
use

::
or

:::::::::
emissions

::::::::::::
(Hickel, 2020)

:
,

:::
and

:::
the

::::
role

::
of

::::::::::::::
socio-economic

::::::::::
development

::::::::
pathways

::
in

:::::::
shaping

:::::::::::
sustainability

::::::::
outcomes

::
at

:::::::
regional

::::
and

:::::
global

::::::
scales

::::::::::::::
(Roy et al., 2023).

::::::::::::::::::
Chuvieco et al. (2021)

:::::::::::
demonstrates

::::
that

:::
the HDI is strongly correlated with

:::
the inter-annual variabilityin

::
of

:
burned area.

Chuvieco et al. (2021)showsthathigherHDI is associatedwith lower �re activity, drivenby reduceddependenceon �re for

agriculturalpurposesdueto
:::::::
Regions

::::
with

::::::
higher

::::
HDI

:::::
show

:::::
lower

:::::::::
variability,

:::::::
largely

:::::::
because increased mechanization and100

a shift away from agrarian livelihoods. In contrast,regions
::::::
reduce

:::
the

::::
need

:::
for

::::
�re

::
in

::::::::::
agricultural

:::::::::
practices.

::::::::::
Conversely,

::::
areas

:
with lower HDI exhibit moreconsistent�re activity

:::::
greater

:::::::::
variability, re�ecting continued reliance on �re as a land

management tool.Thestudyalsodemonstratedthat incorporating
:::::::::::
Incorporating socio-economic indicatorslike

:::
such

:::
as HDI

into �re models signi�cantlyimproves
::::::::
enhances their ability to reproduce observed patterns of�re variability.

::::
More

::::::::
recently,

:::::::::::::::::
Perkins et al. (2024)

::::::::
introduced

::::::::
WHAM!

:::
(the

:::::::
Wild�re

:::::::
Human

::::::
Agency

:::::::
Model),

:
a

:::::
global

:::::::::::
behavioural,

::::::::
geospatial105

:::::
model

::::::::
designed

::
to

::::::::
represent

::::::
human

::::
�re

:::
use

::::
and

:::::::::::
management

::
in

::
a

::::
form

::::
that

:::
can

:::
be

:::::::
coupled

::
to

::::::::
dynamic

::::::
global

:::::::::
vegetation

::::::
models,

:::::::::::
demonstrated

:::
via

::::::::
coupling

::::
with

::::::::::::::::
JULES-INFERNO.

:::::::
WHAM!

::
is

:::::::::
empirically

::::::::
grounded

::
in

::
a

:::::
global

::::::::
synthesis

::
of

:::::::::::
anthropogenic

:::
�re

::::::
impacts

::::
and

:::::
seeks

::
to

:::::
move

::::::
beyond

:::::::::::
single-proxy

:::::::::::::
parametrisations

:::
by

::::::::::
representing

:::::::::
underlying

::::::::::
behavioural

::::
and

::::::::::
land-system

:::::
drivers

::::
that

:::::
shape

::::
how

:::::
people

::::::
ignite,

:::::::
manage,

:::
and

:::::::
suppress

::::
�res

::::::
across

::::::
regions.

:::
As

::::
such,

::::::::
WHAM!

:::::::::
constitutes

:
a
:::::
more

:::::::::::
sophisticated,

:::::::::::::
process-oriented

:::::::
attempt

::
to

:::::::::
incorporate

::::::::::::
anthropogenic

::::::
drivers

::
in

::::
�re

:::::::::
modelling.

::
In

:::::::
contrast,

:::
the

::::::::::
HDI-based

:::::::::::::
implementation

::
in110

:::
this

::::
work

::
is

:::::::::::
intentionally

::::::::
simpli�ed

::
to

:::::::
remain

:::::::
tractable

:::
for

::::
ESM

:::::::::::
applications.

:

Additionally, Li et al. (2013) and Zou et al. (2019) investigated the use of Gross Domestic Product (GDP) to parametrise

human in�uences on�res. However,their approachwaslimited to agricultural�res anddid not accountfor broaderhuman

factorsin �re management
::
�re

:::::::
activity.

::::::
While

:::::
these

:::::::::
approaches

:::::::
capture

:::::
broad

:::::::::::
relationships

:::::::
between

:::::::::
economic

:::::::::::
development

:::
and

:::
�re

::::::::::
occurrence,

::::
they

:::::
offer

:
a

::::::
limited

::::::::::::
representation

:::
of

:::
the

:::::::::
underlying

:::::::::::::
socio-economic

:::::::::
processes

:::
that

:::::::
govern

:::
�re

:::::::
ignition115

:::
and

::::::::::
suppression.

Human in�uences on �re activity have becomemore
:::::::::
increasingly

:
pronounced since the late 18th century,re�ecting the

effectsof
:::::
driven

::
by

:
industrialization, climate change, land clearance, population growth, thereplacement

::::::
decline of traditional

�re management practices, and thedevelopment
::::::::
emergence

:
of large-scale �re�ghting and fuel management in the 20th century

(Bowman et al., 2020).This demonstrated
:::::
These

:::::
trends

::::::::
highlight

:
the need for improved data collection tobetter

::::::::
accurately120

quantify and model�re activity andhumanpopulations, includingtheir
:::
the

::::::::::
relationships

:::::::
between

::::::
human

::::::::::
populations

::::
and

:::
�re

::::::
activity,

:::::::::
including

::::::
factors

::::
such

::
as

:
socio-economic statusand

:
,
:
historical, cultural, and political legacies.As vegetation�res'

::::::::::::
Understanding

::::
these

::::::::::
interactions

::
is

::::::::::
particularly

::::::::
important

::
as

:::
the economic and environmental impactsarelikely to worsendue

5



to
::
of

:::::::::
vegetation

::::
�res

:::
are

::::::::
expected

::
to

:::::::
intensify

:::::
under

:
anthropogenic climate change (Sullivan et al., 2022; Jones et al., 2024;

Haas et al., 2024), this is increasingly urgent. Additionally, Nikolakis and Roberts (2022) examined how policy learning occurs125

in wild�re governance, focusing on how wild�re policies in British Columbia have evolved. Their case study shows that policy

transfer from similar contexts, particularly Indigenous peoples and their governments, can reshape perceptions of wild�re risk

and solutions as we adapt to an uncertain future. Similarly, Pandey et al. (2023) explored the complexity of socio-economic

factors on �re and the varied �re management policies worldwide, demonstrating that despite differences, these policies have

led to a gradual reduction in �re occurrences and burned area over time.130

Several studieshaveshownthat
::::::
indicate

::::
that,

:
in developed regions,landand�re managementpoliciesplayamoresigni�cant

rolein controlling�re ignitionsthanotherhumanbehaviours(Nikolakis and Roberts, 2022; Jacobson et al., 2022; Ford et al., 2021; Curt and Frejaville, 2018; Carreiras et al., 2014; Mourão and Martinho, 2014)

.
:::
�re

::::::::::
occurrence

:::
and

:::::::
impacts

::::
are

:::::::
strongly

::::::
shaped

:::
by

::::::::::
governance

::::
and

::::::
policy,

::::::
rather

::::
than

:::::::::
individual

::::::::
behaviour

::::::
alone.

::::
For

:::::::
example,

:::::::
changes

::
in

::::::
policy

:::
and

::::::::::
governance

::::
have

::::
been

::::::
shown

::
to

::::::::
in�uence

:::
�re

:::::::::
outcomes

::::::::::::::::::::::::
(Nikolakis and Roberts, 2022)

:
,

:::::
while

:::
risk

:::::::
framing

:::
and

:::::::::::
coordination

:::::
efforts

::::
also

::::
play

::
an

:::::::::
important

:::
role

:::::::::::::::::::
(Jacobson et al., 2022).

:::::::::
Modelling

:::::::::
approaches

::::
that

:::::::::
emphasise135

::::::::::
management

::::::::::
institutions

:::::
further

::::::::
highlight

:::
the

::::::::::
signi�cance

::
of

::::::::::
governance

:
in

:::::::
shaping

:::
�re

::::::::
dynamics

:::::::::::::::
(Ford et al., 2021)

:
.

::::::::
Observed

::::::::
reductions

:::
in

:::
�re

::::::::
numbers

::
or

::::
size

::::::::
following

::::::::::
prevention

:::
and

::::::::::
suppression

::::::
policy

:::::
shifts

:::::::
provide

:::::::::
additional

::::::::
empirical

:::::::
support

:::::::::::::::::::::
(Curt and Frejaville, 2018)

:
,
:::
and

::::::
studies

:::::::::::
demonstrate

:::
that

::::::
policy

:::::
design

::::
and

::
its

::::::::::
dependence

::
on

:::::
local

::::::::::
stakeholder

:::
and

:::::::::
contextual

:::::
factors

::::
can

::::::::
determine

:::::::::::
effectiveness

::::::::::::::::::
(Carreiras et al., 2014)

:
.

::::::
Finally,

::::::::::
institutional

:::::::
capacity

:::
and

::::::::
spending

::::
have

::::
been

:::::
linked

:::::::
directly

::
to

:::
�re

::::::::
outcomes,

:::::::::::
underscoring

:::
the

::::::::::
importance

::
of

::::::::
resources

:::
and

:::::::::::
coordination

::::::::::::::::::::::::
(Mourão and Martinho, 2014)

:
.140

Notably, Curt and Frejaville (2018) found that wild�re policies in Mediterranean France have led to a nearly linear decrease

in the number of �res since 1975, though the burnt area has �uctuated more abruptly. Therefore, representing land and �re

management policies in global �re models is crucial to building con�dence in the modelling frameworks which are used to

understand future climate regimes. This, in turn, can underpin decision-making by policy-makers in regards to �re policy in

the future.145

Nonetheless, how socio-economic factors impact on �res is complex and dependent on many factors that are dif�cult to

represent in an ESM context. These factors depend on policies implemented at government level, as well as cultural behaviour

which varies widely across the world. As a result, the formulation of Climate andES models
:::::
ESMs does not allow for

representing these details.

Rather than attempting to capture the full complexity of socio-economic in�uences on �re, this study explores a simpli�ed,150

emergent relationship—
:
, using HDI as a proxy—,

:
that is better suited for large-scale applications.

::::
Here,

:::
�re

::::::::::
suppression

::
is

::::
used

::::::
broadly

::
to

::::::::
represent

::::::
human

::::::
actions

::::
that

::::
limit

:::
�re

::::::
spread,

::::::::
including

::::::
active

::::::::::
containment

:::
and

::::
land

:::::::::::
management

::::::::
practices,

::::::
whose

:::::::::::::
implementation

:::
and

:::::::::::
effectiveness

::::
vary

:::::::::
regionally

::::
with

::::::::
resources

::::
and

:::::::::::
infrastructure.

:::::::::
Processes

::::
such

::
as

:::::::::
�ne-scale

::::::::::
suppression

::::::
tactics,

:::::::
planned

:::::
burns,

::::
fuel

:::::::::::
management,

::::
and

::::::::::::
weather-driven

::::
�re

::::::::
extinction

::::
are

:::
not

::::::::
explicitly

::::::::::
represented.

:
We use observed

datasets of HDI, burnt area, and�re weatherindex
:::
Fire

::::::::
Weather

:::::
Index

:::::
(FWI)

:
to derive a relationship between HDI and burnt155

area, andandmodel data todevisean approchto implementthese
::::::::
implement

::::
this

::::::::
approach in the INFERNO �re model.A

detaileddescriptionof theobserveddatasetsis providedin theAppendix,section2.1.
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In Section 2, we explore the relation between HDI and burnt area and describe the INFERNO �re model, the coupling

of INFERNO to the latest representation of the land surface model (JULES-ES) as used in the UK's Earth System Model

(UKESM1), and how we include HDI into INFERNO's ignition scheme. In Section 3, we evaluate the impact of considering160

HDI on burnt area, burnt area trends, as well as the impact of external model drivers of burnt area trends. Discussion and

conclusions from this work are presented in Section 4
:
, where we focus on novel model results, placing the link between

socio-economic factors and �res in context with existing literature. Model limitations and known issues are also highlighted.

2 Methods

2.1
::::::::
Observed

:::::::
Datasets165

2.1.1
:::
The

:::::::
Human

::::::::::::
Development

:::::
Index

:::::::
dataset

::::
HDI

::::::::
originated

::::
from

:::
the

::::::
annual

::::::
Human

:::::::::::
Development

:::::::
Reports

::::::
created

::
by

:::
the

::::::
United

:::::::
Nations

:::::::::::
Development

::::::::::
Programme

:::::::
(UNDP)

::::::
Human

:::::::::::
Development

::::::
Report

::::::
Of�ce.

::::::
These

::::::
reports

::::
had

:::
the

::::::
explicit

:::::::
purpose

:::
of

::::::
shifting

:::
the

:::::
focus

:::
of

:::::::::::
development

:::::::::
economics

::::
from

:::::::
national

::::::
income

::::::::::
accounting

::
to

:::::::::::::
people-centred

:::::::
policies.

::::
The

:::
aim

::::
was

::
to

:::::::
provide

:
a
::::::
simple

:::::::::
composite

:::::::
measure

:::
of

::::::
human

::::::::::
development

:::
to

::::::::
convince

:::
the

::::::
public,

::::::::::
academics,

::::
and

:::::::::
politicians

::
to

:::::::
evaluate

:::::::::::
development

::::
not

::::
only

:::
by

:::::::::
economic

::::::::
advances170

:::
but

:::
also

::::::::::::
improvements

:::
in

::::::
human

:::::::::
well-being.

:::::
HDI

:::::
serves

::
as

::
a

::::::
crucial

::::::
metric

:::
for

::::::::
assessing

:::
the

:::::::::::
development

:::::
status

::
of

:::::::
regions

:::::::
globally,

:::
and

::
it

::::
has

::::
been

::::
used

::
in

:::::::
several

::::::
studies

::
to

:::::
better

::::::::::
understand

:::
the

::::::::::::::
socio-economics

:::::::
impacts

::
in

:::
the

:::::
Earth

::::::
System

:::::
(ES)

:::::::::::::::::::::::::::::::::::
(Türe, 2013; Hickel, 2020; Roy et al., 2023)

:
.

::::
HDI

:
is

::
a

::::::::
composite

:::::
index

:::::::
(raging

::::
from

::::
zero

::
to

::::
one)

:::::::::
measuring

::::
four

:::
key

:::::::
metrics

:::::::::::::::
(Bhanojirao, 1991)

:
:

–
:::
life

:::::::::
expectancy

::
at

::::
birth

:
175

–
:::::::
expected

:::::
years

::
of

::::::::
schooling

:

–
::::::
average

:::::
years

::
of

::::::::
schooling

:

–
::::
gross

:::::::
national

:::::::
income

:::::
(GNI)

:::
per

:::::
capita

:

:::::
These

::::::
metrics

:::
are

::::
then

::::::::::
normalised

::
by

::::
their

:::::::::
respective

::::::::
maximum

::::::
value,

:::
and

::::
HDI

::
is

:::::::::
calculated

::
as

:::
the

::::::::
geometric

:::::
mean

:::
of

:::
life

:::::::::
expectancy,

:::::::::
education,

:::
and

:::::
GNI

:::
per

:::::
capita,

:::
as

:::::
shown

::
in

:::
Eq.

::
1.

:
180

HDI = (H N � EN � I N )
1
3

::::::::::::::::::::
(1)

:::::
where

::::
HN :

is
:::
the

::::::::::
normalised

:::
life

::::::::::
expectancy,

:::
EN::

is
:::
the

::::::::::
normalised

::::::::
arithmetic

:::::
mean

::
of

:::
the

::::
two

::::::::
education

::::::
indices

::::
and

:::
I N ::

is

::
the

::::::::::
normalised

::::
GNI.

:

:::
The

:::::
work

:::::::::
conducted

:::
by

:::::::::::::::::
Kummu et al. (2018)

:::::::::
introduces

:::::::
gridded

:::::
global

:::::::
datasets

:::
for

::::::
Gross

::::::::
Domestic

:::::::
Product

::::::
(GDP)

::::
and

::::::
Human

:::::::::::
Development

:::::
Index

::::::
(HDI),

:::::::
covering

::
a

::::::
25-year

::::::
period

::::
from

::::
1990

::
to

:::::
2015

::::
with

::::::
annual

::::::::
frequency

:::
and

::
a

:::::
spatial

:::::::::
resolution185
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::
of

:
5

:::::::::::
arc-minutes.

::::
This

:::::::
temporal

::::::::
coverage

:::
and

:::::::::::::
high-resolution

::::::
global

:::::
scope

:::::
enable

:::::::::::::
comprehensive

:::::::
analyses

::
of

::::::
trends,

::::::::
patterns,

:::
and

:::::::
changes

::
in

::::
HDI

:::::
across

:::::::
diverse

::::::
regions

:::
and

::::::::::
timescales.

::
To

:::::::
produce

::::
these

::::::::
datasets,

:::::::::::::::::
Kummu et al. (2018)s

:::::::::
employed

:
a

::::::::::::
comprehensive

:::::::::
approach.

:::
For

::::
GDP,

::::
they

:::::::
utilized

::::
both

::::::::::
sub-national

:::
and

::::::::::::
national-level

::::
data

:::::::
sources.

:::::::::::
Sub-national

::::
GDP

:::::
data

:::
was

:::::::
derived

:::::
from

:::::::
previous

::::::::
research,

:::::
while

::::::::::::
national-level

::::
data

::::
was

::::::
sourced

:::::
from

::::::::
reputable

:::::::::
institutions

:::::
such

::
as

:::
the

::::::
World

:::::
Bank

:::
and

:::
the

:::::::
Central

::::::::::
Intelligence

:::::::
Agency

:::::
World

:::::::::
Factbook.

::::
The

::::
HDI190

::::::
dataset

:::
was

::::::::
compiled

::
by

:::::::
initially

:::::::::::
constructing

:
a

:::
full

:::::::
national

::::
HDI

::::::
dataset

:::::
based

::
on

::::
data

:::::
from

:::
the

::::::
Human

:::::::::::
Development

:::::::
Reports

::
by

::::::
UNDP.

:::
For

::::::::
countries

:::
not

:::::::
included

::
in

:::
the

::::::
UNDP

:::::::
reports,

::::::::::
independent

::::
data

::::::
sources

:::::
were

::::::
utilized,

::::
and

:::
for

::::::
missing

::
or

::::::::
outdated

::::
data,

:
a

:::::::::::
methodology

::::::::
involving

::::::
scaled

:::::::
regional

::::
data

:::
was

::::::::
adopted.

2.1.2
:::::
Burnt

:::::
Area

::::::::::
observation

:::::
Global

::::
Fire

::::::::
Emission

::::::::
Database

::::::
version

::
4

:::::::::
(GFED4s)

:
is

::
a

:::::::::::
long-running,

:::::::::::
operationally

:::::::
updated

::::::
dataset

::::
used

:::::::
globally

:::
for

:::
�re

::::
and195

::::::::
emissions

::::::::
research.

:::::
While

:::
the

::::
core

:::::::::::::
methodological

::::::::
reference

:::::::::::::::::
(Giglio et al., 2013)

::::::::
describes

:::
the

:::::::::::
development

::
of

:::
the

::::::::
GFED4s

:::::::::
framework,

:::
the

:::::::
dataset

:::::
itself

:::
has

:::::
been

:::::::::::
continuously

:::::::
updated

:::
to

::::::
include

::::
�re

::::::::
emissions

:::
up

:::
to

:::::
recent

:::::
years

:::::
(e.g.,

:::::::::
including

::::::::::
1997–2016).

:

:::
We

:::
use

::::
data

:::::
from

:::
the

::::::::
GFED4s

::
to

::::::::::
understand

:::
the

:::::::
relation

:::::::
between

::::
HDI

::::
and

:::::
bunrt

:::::
area,

::
as

::::
well

:::
as

::
to

::::::
assess

:::
the

::::::
model

::::::::::
performance

::
in

:::::::::
simulating

:::::
burnt

::::
area.

::::
This

:::::::
dataset

:
is

::::::::
provided

::
as

::
a

::::::
gridded

:::::::
product

::
at

::
a

:::::
0:25�

:::::::::
resolution.

:
It

::
is

:::::::
derived

::::
from

::
a200

::::::::::
multi-sensor

:::::::
satellite

::::::
dataset,

::::::::
including

:::::::
satellite

::::
data

:::::
based

::
on

:::::
active

:::
�re

::::::::
detection,

::::
and

::::::::
including

::::
small

::::
�res

:::::
based

:::
on

::::::::
statistical

:::::::::
modelling,

::
as

:::::::
detailed

::
in

:::::::::::::::::::
(Randerson et al., 2012)

:
.

:::
We

:::::
apply

::::::
regions

::::::
de�ned

::
in

:::
the

::::::::
GFED4s

::::::
dataset

::
to

:::
the

::::::::
modelled

:::
data

::
to

::::::::
evaluate

::
the

::::::
results

::
at

:
a
:::::::
regional

:::::
level

::::::
(Figure

::::
A1).

:

2.1.3
::::
Fire

:::::::
Weather

::::::
Index

:::
The

::::::::
Canadian

:::::
FWI

:
is

::
a

:::::::::
component

:::
of

:::
the

::::::::
Canadian

::::::
Forest

:::
Fire

:::::::
Danger

::::::
Rating

::::::
System

::::::::::
(CFFDRS)

:::
and

::::::::
provides

:
a

:::::::::
numerical205

:::::
rating

::
of

::::
�re

:::::::
intensity

:::::
based

::::::
solely

:::
on

:::::::
weather

:::::::::
conditions

:::::::::::
(temperature,

:::::::
relative

::::::::
humidity,

:::::
wind

::::::
speed,

::::
and

::::::::::::
precipitation).

::::::::
Although

:
it

::::
was

::::::::
originally

::::::::
developed

:::
for

::::::::
Canadian

::::::
boreal

:::::
forest

:::::::::
conditions,

:::
the

::::
FWI

::::::
system

::
is

:::
not

::::::::::::
region-speci�c

:::
and

::::
has

::::
been

::::::::::
successfully

::::::
applied

::
in

::::::
diverse

::::::::::
ecosystems

::::::::::
worldwide,

::::::::
including

::
in

::::::
Europe,

::::::
South

:::::::
America,

:::::::::
Australia,

:::
and

:::::
parts

::
of

:::::
Africa

::::
and

::::
Asia.

:::
Its

:::::
broad

:::::::
adoption

:::::
stems

:::::
from

::
its

:::::::::
simplicity,

::::::::::::
weather-based

::::::::::
formulation,

::::
and

::::::::
scalability

::::::::::::::::
(Field et al., 2015).

:

:::
The

:::::
work

::::::::
developed

:::
by

::::::::::::::::
Vitolo et al. (2020)

:::::::
provides

::
an

:::::::::::
ERA5-based

:::::
global

:::::::::::::
meteorological

::::::
wild�re

::::::
danger

::::::
dataset

:::::
based

:::
on210

::
the

::::::
Global

::::::::
ECMWF

::::
Fire

:::::::
Forecast

:::::::
(GEFF)

:::::
model

::::
and

:::
the

:::::
ERA5

:::::::::
reanalysis.

:

::
In

:::
this

::::::
dataset

:::
the

::::
FWI

::
is

:::::::::
calculated

:::::
using

:::::::::::::
meteorological

:::::::
variables

:::::
(e.g.,

::::
such

::
as

:::::::::::
temperature,

::::::::
humidity,

:::::::::::
precipitation,

::::
and

::::
wind

::::::
speed)

:::::
driven

:::
by

:::
the

:::::
ERA5

:::::::::
reanalysis

::::::
dataset.

:::
To

::::::::
accurately

::::::::
represent

:::::::
wild�re

:::::::::
conditions

::
at

::::
local

:::::
noon,

:::::
when

:::
�re

::::::
danger

:
is

::::::::
typically

:::::::
highest,

::::::::::
atmospheric

:::::
�elds

:::::
from

:::::
ERA5

::::::::
undergo

::::::::::::
preprocessing,

:::::::
stitching

:::::::
together

::::::
hourly

:::::::::
forecasts,

:::::::
ensuring

::::
that

::::::::::::
meteorological

:::::::::
conditions

:::
are

:::::::::::
representative

:::
of

:::::
12:00

::::
noon

:::::
local

::::
time

::::::
around

:::
the

:::::
world.

:
215

:::
The

::::::
GEFF

::::::
model,

::::::::
calculates

:::
the

::::
FWI

:::
by

::::::::
modelling

::::
fuel

::::::::
moisture

:::::::
response

::
to

::::::::::
atmospheric

::::::
forces

::
at

:::::::
different

:::::::
depths.

:::::
Three

:::
fuel

::::::::
moisture

:::::
levels

::::
are

:::::
used,

::::::::::
representing

:::::::
surface

:::::
fuels,

::::::
deeper

:::::::
organic

::::::::
material,

:::
and

::::::::
compact

:::::
fuels,

:::::
each

:::::::::
responding

:::
at
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:::::::
different

::::
rates

:::
to

:::::::
changes

::
in

:::::::
weather.

::::::
These

::::::::
moisture

:::::
codes

:::
are

::::
then

:::::::::
combined

::
to

::::::::
estimate

:::
�re

:::::::::
behaviour,

::::
such

:::
as

:::
the

::::
rate

::
of

:::::
spread

::::
and

:::
�re

::::::::
intensity,

::::::::
providing

:
a
:::::::::::::
comprehensive

:::
�re

::::::
danger

:::::
index.

:

:::
The

:::::::::::
GEFF-ERA5

:::::
FWI

::::::::
reanalysis

:::::::
dataset,

::::::::
available

::::
from

:::::
1979

:::::::
onwards

::
at

::
a

::::::
spatial

::::::::
resolution

:::
of

::
28

::::
km,

::::
was

::::
used

::
in

::::
this220

::::
study

::::
with

::::::::
monthly

:::::::
averaged

::::::
values.

:

:::::
When

:::::::::
comparing

:::::::
datasets

::::::::
(modelled

::
or

:::::::::
observed)

::
at

:::::::
different

::::
grid

::::::::::
resolutions,

:::
the

::::::::::::::
higher-resolution

::::::
dataset

::
is

:::::::::
re-gridded

::
to

::
the

:::::::::::::::
lowest-resolution

::::
grid

::::
using

::
a

::::::::
�rst-order

:::::::::::
conservative

::::::::::::
area-weighted

:::::::::
re-gridding

:::::::
method.

:

2.2 Relation between HDI and Burnt Area

As climate is a dominant factor in�uencing �re activity, it is essential to �rst account for and remove climate change's in�uence225

before exploring the effects of socio-economic factors on burnt area. For this, and considering that theFireWeatherIndex(FWI

)
::::
FWI depends solely on the weather variables that drive �re activity, weapplya linearregressionmodelto theFWI data,and

thepredictedslopefrom this linearregressionmodelis then
:::::::
perform

:
a
:::::::::::
deweathering

:::::::::
procedure

::
at

::::
each

:::::::::
individual

:::
grid

::::
cell.

:

:::
For

::::
each

::::
grid

:::
cell

:::::
(i; j),

:::
we

:::::::
consider

:::
the

:::::::
monthly

::::
time

::::::
series

::
(t)

::
of

::::::::::
normalised

:::::
FWI,

:::::::::
FWI i;j (t),

:::
and

::::::::::
normalised

::::
burnt

:::::
area,

::::::::
BA i;j (t),

::::
over

:::
the

::::
study

:::::::
period.

::
A

:::::
linear

::::::::
regression

:::
of

:::
the

::::
FWI

::::
time

:::::
series

::
is

:::::
�tted

::
to

:::::::
estimate

:::
the

::::
local

:::::::::::::
climate-driven

:::::
trend,230

:::::
� FWI

i;j ,
:::::
while

::::::::::::
independently

:
a
:::::
linear

:::::::::
regression

::
of

:::
the

:::::
burnt

::::
area

::::
time

:::::
series

::
is

::::
used

::
to

:::::::
estimate

::
its

::::::::
intercept,

:::::
� BA

i;j .

:::
The

::::::::::::
climate-driven

::::::::::
component

::
of

::::
burnt

::::
area

::
is

::::
then

::::::::
estimated

::
as

:

dBA i;j (t) = � FWI
i;j t + � BA

i;j
::::::::::::::::::::

(2)

::::::
Finally,

:::
the

::::::::::::
climate-driven

::::::::::
component

:
is

:
removed from the normalisedvaluesof burntarea. A

::::
burnt

::::
area

::::
time

:::::
series

:::::
while

::::::::
preserving

:::
the

:::::::
original

:::::
mean:

:
235

BA �
i;j (t) = BA i;j (t) � dBA i;j (t) + dBA i;j ;

:::::::::::::::::::::::::::::::::
(3)

:::::
where

::::::::::::::::::::::
dBA i;j = 1

T

P T
t=1

dBA i;j (t)
:
is

:::
the

::::::::
temporal

:::::
mean

::
of

:::
the

::::::::
estimated

::::::::::::
climate-driven

::::::::::
component

::
at

::::
each

:::
grid

::::
cell.

:

::::
This

::::::
results

::
in

::
a

:
normalised burnt area datasetis producedwith

:::::
where

:
the in�uence of climate removed

::::::::::
�re-weather

::::::::
variability

::::
has

::::
been

:::::::::
minimized

:
(deweathered),and

:::::
which

::
is

::::
then

:
used to analyse how socio-economic factors, through the

useof HDI, impact �re activity.240

::
In

:::
this

::::::::
analysis,

:::
we

::::
make

:::
the

::::::::::
simplifying

::::::::::
assumption

::::
that,

::::
once

:::
the

::::::::
in�uence

::
of

:::::::
weather

::
is

::::::::
removed,

:::::::
residual

::::::::
variations

:::
or

:::::
trends

::
in

::::
burnt

::::
area

:::
can

:::
be

::::::::
primarily

::::::::
attributed

::
to

::::::::::::
socioeconomic

:::::::
factors.

:::
We

::::
note,

::::::::
however,

:::
that

::::
fuel

:::::::::
availability

:::
and

:::::::::
continuity

:::
can

:::
also

:::
be

::::::::
important

:::::::::::
determinants

::
of

:::
�re

:::::::
activity

:::
and

::::
may

::::::::
in�uence

:::::
burnt

:::
area

::::::
trends

::::
even

::::
after

::::::::::::
deweathering.

::
To

::::::
ensure

::::::::::
consistency

:::::
across

:::
our

:::::
burnt

::::
area

::::::
results,

:::
we

:::::
de�ne

:::
the

:::::
burnt

::::
area

:::::::
fraction

::
as

:::
the

:::::::::
proportion

::
of

::::
each

::::
grid

:::
cell

::::
that

::::
burns

::
in

::
a

:::::
given

::::
year,

:::::::::
calculated

::
as

:::
the

::::::
burned

::::
area

::::::
divided

:::
by

:::
the

::::
total

:::
cell

::::
area

::::::::::::::::
(Giglio et al., 2013)

:
.245

Figure 2 shows the spatial correlation coef�cient
:
. between FWI and deweathered burnt area (panel a) and between HDI

and deweathered burnt area (panel b).Although the spatialcorrelationcoef�cient betweenFWI, HDI, andthe
:::::
While

:::::
these

:::::::::
correlations

:::
are

::::::::
spatially

:::::::
variable,

::::
over

::::
most

:::
of

:::
the

:::::
globe

::
the

::::::::::
correlation

:::::::
between deweathered burnt areaarespatiallyvaried-
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Figure 2. Pearson correlation(%)
:::::::
coef�cient

:
between the monthly mean (1997-

:
–

:
2016) a) FWI and the deweathered Burnt Area

(GFED4s), and b) HDI and the deweathered Burnt Area (GFED4s). Stipplingis shown for
::::::
indicates

::::
grid

:
points where the Pearson

correlation is statistically signi�cantwith a 95
:
at

:::
the

::
5

:
% con�dence level

:::
after

:::::::::
controlling

:::
for

:::
the

::::
false

::::::::
discovery

::::
rate

:::::
using

:::
the

:::::::::::::::::::::::
Benjamini and Yekutieli (2001)

:::::::
procedure.

Figure2 - thereis
:::
and

::::
HDI

::
is

:::
not

::::::::::
statistically

:::::::::
signi�cant.

::
In

:::
the

::::::
regions

::::::
where

:::
the

:::::::::
correlation

::
is

:::::::::
signi�cant,

:::::
there

::
is

::::::::
generally

a stronger negative correlation between HDI andthedeweathered burnt areafor mostof theglobe,relativeto what is found250

for FWI, exceptfor
::::::::
compared

::
to

:::::
FWI,

::::
with

::::::
notable

:::::::::
exceptions

:::
in the Indian subcontinent and Eastern China,which shows

:::::
where a positive correlation. TherelationbetweenHDI andthedeweatheredburntareais especially

:
is

::::::::
observed.

::::
The

:::::::
negative

:::::::::
relationship

::
is

::::::::::
particularly

:
evident over Eurasia,continentalNorth America,centralAsia,Southern Africa, andAustralia.For

theseregions,despitethe
::::::
Eastern

:::
and

:::::::
Western

:::::::::
Australia,

:::::
where

:
increases in FWI, burntareahasshowna varietyof negative

regionaltrendshighly
::::::
coexist

::::
with

:::::::
regional

::::::::
decreases

::
in

::::
burnt

::::
area

::::
that

:::
are

::::::::::
signi�cantly correlated with HDI (Figure

::::::
Figures

:
1255

and 2). Nonetheless, the deweathered burnt area shows a strong positive correlation
::::
with

::::
FWI over the boreal regions of North

America and Siberia, as well as the Cerrado ecoregion of South America.

Multiple techniques are used to further investigate the relationship between HDI and burnt area. The scatter plot of the

deweathered burnt area against HDI inlog-transformed
::::::
natural space is presented in Figure 3. Due to the inherent stochasticity

of burnt area, the results show a wide range of values, spanning small to large relative burnt area fractions for any given HDI.260

To account for this variability, and isolate the effects of HDI on burnt area, we applied a Bayesian Linear Regression method

(Klauenberg et al., 2015) to the log-transformed burnt area fraction, denoted bylog(BA�)
::::::::
log(BA � ):

loglog
::

(BA� � ) � BA 0 + �BA � HDI (4)

where BA0 is the burnt areaintersect
::::::::
represents

:::
the

::::::::
expected

:::::::::
log-burnt

::::
area

:
at HDI = 0

:
, and �BA is the change,

or slope,
::::::::
represents

:::
the

:::::::
change

:
in burnt areawith HDI . We optimiseusing a No U-Turn

::::::::
log-burnt

::::
area

::::
with

:::::
HDI.

::::
We265

:::::::
assumed

::::
that

:::::::::
log(BA � )

::
is

::::::::
normally

:::::::::
distributed

:::::::
centred

::
on

::::
the

:::::
linear

::::::::
predictor,

:::::
with

:::::::
residual

:::::::
standard

:::::::::
deviation

::
�

::::::
treated

::
as

::
an

::::::::
additional

:::::::::
parameter

::::
with

:
a

::::::::::
half-normal

:::::
prior.

:::::
Priors

:::
for

:::
the

::::::::
regression

::::::::::
coef�cients

::::
were

::::::
chosen

::
to

::
be

::::::
weakly

:::::::::::
informative:
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