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Abstract

Urban economies and their associated CO, emissions depend on a specific urban structure and
change dynamically. However, few studies have captured the co-evolution of carbon and broader
urban development, or identified the governance-related factors associated with such change
across different types of cities. This study addresses this gap by analysing data from 232 Chinese
cities between 1999 and 2019. As a key contribution, we investigate urban types as dynamic states
by applying K-Means++ clustering to pooled city-year observations and identify six archetypes of
urban carbon evolution, together with three typical transition pathways. We further apply a low
carbon city indicator framework and develop a pooled CatBoost model selected from five can-
didate algorithms, using SHAP values to interpret archetype-stratified feature contributions to
carbon emission predictions. Our identified pathways indicate that carbon control can be com-
patible with rapid economic development. Cities with similar per capita emissions can neverthe-
less differ in transition maturity, highlighting distinct capacities and priorities for further decar-
bonization. SHAP analysis shows that, in earlier industry-led phases, predicted emissions are

most strongly associated with industrial-activity and energy-mix indicators; the broader predic-
tor profiles in more mature phases suggest a shift in decarbonization priorities from sector-specific
improvements towards systemic action within and across sectors. In particular, Archetype 5 low-
carbon leading transition cooling-intensive megacities account for 45% of total emissions in 2019,
suggesting that cross-system coordination and the translation of innovation inputs into energy-
efficiency improvements and low-carbon infrastructure warrant further assessment as potential
mitigation directions. This study develops an integrated framework linking dynamic urban carbon
archetypes, development-stage-specific transition pathways, and differentiated policy priorities,
providing a diagnostic basis for understanding heterogeneous urban decarbonization transitions.

1. Introduction

As climate change accelerates, cities, which are major
centers of energy use and carbon emissions, pro-
duce about 62%-72% of global CO, [1], mak-
ing them pivotal to carbon neutrality. Yet cities
vary widely in development stages, industrial struc-
tures, and energy systems, leading to different emis-
sion pathways and decarbonization potentials [2—4].
High-carbon industrial cities, for instance, rely on
heavy industry and carbon-intensive energy mixes

© 2026 The Author(s). Published by IOP Publishing Ltd

[5]. As they transition, transport, building efficiency,
and innovation capacity gain importance [6-8].
Capturing these shifting drivers is crucial for targeted
policies and efficient resource allocation, requiring a
move beyond static typologies towards an evolution-
ary view of where cities are heading.

Research on urban carbon-emission trajectories
and their drivers has two main strands. The first is
classification. Because urban evolution involves shifts
between types, classification underpins the identifi-
cation of dynamic patterns. Studies commonly group
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Table 1. Indicators for archetype identification.
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Standard

Indicator Mean deviation Unit References
Carbon emissions per capita 14.3 18.0 tCO,/cap [23, 26, 40-42]
GDP per capita 5.5 4.0 kUSD? [23, 26, 40-44]
Urbanisation rate 51.0% 16.8% percentage [23, 40]
Secondary industry GDP ratio 38.5% 9.2% percentage [23, 42, 44]
Natural gas consumption proportion 6.0% 6.9% percentage [23, 25, 45]
New energy consumption proportion” 6.1% 5.5% percentage [23, 25, 45]

 The exchange rate for May 23rd 2025 of USD to RMB is approximately 1 USD = 7.2 RMB.
 New energy: hydropower, nuclear power, solar power, and wind power.

cities by emission levels and growth trends [9, 10]
or by administrative and geographic boundaries [11,
12] to reveal developmental and regional dispari-
ties. Others apply tree regression or classify cities by
GHG emission drivers at national scales (India [13];
UK [14]) or globally [15]. However, most work is
static—based on a single year or short period—so it
rarely tracks whether and how cities change cate-
gories over time. This limits its policy value, leaving
unanswered which cities are likely to transition next
and which successful transitions offer transferable
lessons.

The second strand examines multidimensional
drivers. Using factor decomposition, econometric
models, or machine learning, it analyses variables
such as energy structure, industrial composition,
and spatial layout [12, 16-19]. While this work has
expanded understanding of urban carbon systems,
indicator choices often reflect data availability rather
than governance objectives or policy levers, limiting
policy relevance and practical use.

Studies show that city and regional carbon-
emission trajectories follow recurring long-term pat-
terns that can be grouped into distinct types [20-
22]. Some identify trajectory stages using milestones
such as emission peaks and sustained declines [23,
24], while others use decoupling analysis to assess
how emissions change relative to economic growth
across space and time [25, 26]. Although drivers
such as population, industrial structure, energy
systems, and other socioeconomic conditions are
well recognized [24, 25], most work still focuses
on trajectories or turning points. The long-term
co-evolution of emissions with multidimensional
urban-development states remains underexplored. A
dynamic co-evolution analysis is needed to identify
intermediate states and multi-stage transition path-
ways and to align emission-reduction priorities with
cities” development stages.

To address these challenges, we treat urban
typologies as dynamic and identify year-by-year
urban carbon archetypes and their trajectories, rather
than using static classifications. Using dynamic clus-
tering, a governance-oriented low-carbon city (LCC)
indicator system, and explainable Al (XAI), we

analyze emission trajectories and key features using
a city-year dataset for 232 Chinese cities (1999—
2019). This work advances methods for understand-
ing urban carbon transitions and offers a diagnostic
framework applicable to city-level data elsewhere to
identify local archetypes and transition patterns.

2. Methods

2.1. Data collection and feature selection

This study compiles panel data for 232 Chinese
cities (1999-2019), combining CEADs carbon emis-
sions with 57 LCC planning indicators from statisti-
cal yearbooks, municipal records, and official policy
documents. Nine control variables capturing demo-
graphic, economic, energy, and climatic factors are
included. Data were cleaned through imputation,
outliers removal, and normalisation. A fully balanced
panel is not possible due to regional gaps: eastern
coastal cities often have complete 20 year records,
while many western or remote cities have shorter
series. To maintain coverage of policy-relevant, less
developed areas, cities are required to have at least
5 valid years; the average city contributes 13.8 years,
with shorter series mostly spanning 2009-2018.
While early emissions patterns may be missing for
some less developed cities, results for these cities
remain relevant for current policy.

A three-step feature selection process improved
interpretability and reduced redundancy. Indicators
with low variance (variance < 0.01) or high multi-
collinearity (Pearson’sR > 0.7) were removed [27],
and only those that were significantly correlated
with carbon emissions (p < 0.05) were retained. The
final LCC planning framework includes 46 indicators
across five domains: socioeconomic, energy, trans-
port, environment, and buildings; and innovation
and policy (supplementary information A). These
indicators are used for archetype-specific SHAP anal-
ysis of emission drivers. Archetypes are identified
separately using six structural indicators (table 1).
Methods for reconstructing missing indicators and
the sensitivity analysis are in supplementary informa-
tion B.
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Table 2. Basic characteristics and statistics of 6 archetypes.
Archetype 1: Archetype 2: Archetype 3: Archetype 4: Archetype 5: Archetype 6:

High-Carbon

Medium-Carbon

Medium-Carbon

Low-Carbon

Low-Carbon

Low-Carbon

Energy-Intensive ~ Coal-Dependent ~ Middle-Income  Natural-Gas- Leading Transition New-Energy-
Industrial Large ~ Growing Small Regional Core Advantaged Cooling-Intensive ~ Advantaged
Archetype Cities Cities Cities Cities Megacities Coastal Cities
Main Energy-based Low development Regional cores; ~ Low emissions;  Leading transition ~Lowest
characteristics  heavy industry; baseline, fast middle to high highest natural ~ megacities; highest per-capita
highest per capita growth; development; gas development stage; emissions;
emissions; high coal-dependent  fossil-oriented consumption;  highest highest
HDD energy mix; high  energy mix small and electrification; new-energy
carbon lock-in medium cities  strong cooling share;
risk demand; highest incomplete
oil consumption  end-use
substitution
Spatial Northern and Geographically Central and Geographically ~ Southeast coastal ~ Southern
characteristics  central China widespread northern China  widespread China coastal China
Temporal Persistent across ~ Largely before Mainly after Mainly after Mainly after 2012~ Mainly 2005 to
characteristics 1999 to 2019 2014, with some 2010, with some 2005 2017
cases persisting cases persisting
thereafter thereafter
Typical Chonggqing Shanwei Zhengzhou Suining Beijing Zhanjiang
city-year (2003-2018); (2000-2019); (2000-2015); (2016-2019); (2005-2019); (2001-2019);
Ordos Zhoushan Jinan Beihai Shanghai Quanzhou
(2006-2019); (2000-2019); (1999-2014); (2010-2017); (2007-2019); (2005-2014);
Taiyuan Handan Foshan Mianyang Hangzhou Jiangmen

(2015-2019) (2000-2014)

(2001-2006)

(2018-2019) (2000-2019) (2000-2016)

2.2. Identification of carbon emission archetypes
To capture structural heterogeneity across Chinese
cities, we clustered six indicators on carbon emis-
sions, economic development, industrial struc-
ture, and energy use (table 1), following carbon-
emission archetype studies. After Z-score normalisa-
tion, we applied K-Means-++ (Euclidean distance) to
3201 pooled city-year observations. City-years were
clustered independently, allowing city archetypes
to change over time. We also tested robustness to
indicator selection. The optimal number of clus-
ters (K = 6) was chosen using WSS [28], DBI [29],
and NMI [30], benchmarked against prior litera-
ture and validated with ANOVA and Tukey’s HSD
tests [31, 32]. See supplementary information C for
details.

We computed centroid boundary margins and
bootstrap assignment consistency for each city-year
to assess boundary uncertainty and stability under
changes in the city sample. Boundary cases were
flagged when distances to the nearest and second-
nearest centroids were similar. The authors jointly
reviewed these cases using six clustering indica-
tors and each city’s development context to assign
final labels, revising 11.9% of labels. Re-identifying
pathways with the original labels preserved all four
main transition directions, indicating results were not
driven by expert adjustments (supplementary infor-
mation L).

We tracked archetype transitions (1999-2019)
to identify typical decarbonisation pathways
and grouped cities by shared archetype-change
trajectories. Common longitudinal clustering meth-
ods (trajectory clustering, group-based trajectory
modeling, latent class growth analysis, longitudi-
nal K-means) classify outcome profiles and are not
directly suited to sequences of predefined nominal
archetypes without extensions [33-36]. Sequence
and transition models better fit categorical sequences
but require choices about state similarity, duration,
alignment, or transition structure [37-39]. Given
the clear structure of our data, we used a rule-based
method: we ordered each city’s annual archetypes;
recorded a transition at the first occurrence of a new
archetype only if it persisted for at least two consecu-
tive years; collapsed consecutive repeats of confirmed
archetypes into one state; then grouped cities with
identical simplified sequences and computed path-
way frequencies.

Because the main analysis of cities’ absolute devel-
opment states may capture national time trends, we
ran robustness checks. We demeaned each clustering
indicator by its annual sample median and repeated
the analysis with the same six-cluster K-Means++
and pathway procedure, then compared archetype
characteristics, city-year assignments, and start-to-
end transitions (supplementary information I). To
test sensitivity to sample composition, we performed
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300 city-level bootstrap resample and reran the clus-
tering to assess the stability of archetypes and path-
ways (supplementary information K). We also esti-
mated annual archetype persistence and transition
probabilities with a Markov model to validate the
pathway results (supplementary information M).

2.3. Analysis of indicator predictive contributions
Compared with data-driven, correlation-based, or
simple meta-aggregation approaches, LCC indicator
systems are grounded in clearer governance logic
and policy orientation. Built on understanding low-
carbon transition pathways and governance mech-
anisms, they better capture strategic priorities and
multi-level actions, improving interpretability and
policy relevance [46, 47]. LCC indicator details are in
supplementary information D.

Using the selected indicators, five algorithms
(Elastic Net, Random Forest, XGBoost, LightGBM,
CatBoost) were compared on 2794 city-year observa-
tions from 201 cities (2002-2019), with total city-level
carbon emissions as the outcome and 46 LCC indi-
cators as predictors. This sample is smaller than the
3201 observations used for clustering because cases
with insufficient indicator coverage were excluded.
Most predictors were lagged one year; sunshine
duration, wind speed, CDD, and HDD were con-
temporaneous. CatBoost was chosen as the final
pooled model, and predictive performance and SHAP
(SHapley Additive exPlanations) results were evalu-
ated by archetype. Model selection and evaluation
used nested city-grouped cross-validation. In each of
the five outer folds, all observations from the same
city were retained in either the training or test sub-
set, with no city appearing in both. Four-fold city-
grouped cross-validation within the outer training
data was used for preprocessing and hyperparameter
selection. Further details are in supplementary infor-
mation E.

SHAP values [48] were computed for held-
out observations in each outer fold of the pooled
CatBoost model and grouped by archetype to eval-
uate the magnitude and direction of each indica-
tor’s contribution to carbon-emission predictions.
Indicators were ranked by mean absolute SHAP value;
the top 15 per archetype were retained. Because the
six variables used to define archetypes overlap with
the SHAP outcome/explanatory set (carbon emis-
sions is the SHAP outcome; the other five also appear
as predictors), results could partly reflect clustering
structure: clustering captures between-archetype dif-
ferences across all city-years, whereas SHAP explains
within-archetype variation. To test this, we reran
the six-cluster K-Means++ and pathway identifica-
tion excluding per-capita carbon emissions, then refit
models without the overlapping predictors and com-
pared performance and SHAP-rank stability (supple-
mentary information J).

T Chen et al

3. Results

3.1. Carbon emission evolutionary archetypes
characteristics in Chinese cities

We identified six carbon-emission archetypes across
232 Chinese cities (1999-2019), each representing
a distinct emission profile, development stage, and
spatiotemporal pattern. Table 2 summarizes each
archetype’s key characteristics and indicator statistics.
Figures 1(a) and (b) compare the typological vari-
ables, additional descriptive indicators, and spatial
distribution. Typological features: emissions, devel-
opment stage, industrial structure, and energy use,
capture structural, long-term drivers of urban car-
bon profiles. Additional descriptive indicators, while
not used for typology, provide complementary con-
text for interpretation. Further details are illustrated
in supplementary information E

Figure 1(b) shows a gradual shift from coal-
dependent industrial growth to more diversified,
lower-carbon development across Chinese cities.
In 2000, medium-carbon coal-dependent growing
small cities (Archetype 2) dominated, with only a
few Low-Carbon New-Energy-Advantaged Coastal
Cities (Archetype 6) along the southeastern coast.
By 2010, Archetype 2 was still prevalent in cen-
tral China, while Archetype 6 expanded southward
and Medium-Carbon Middle-Income Regional Core
Cities (Archetype 3) and Low-Carbon Natural-Gas-
Advantaged Cities (Archetype 4) became more dis-
persed. By 2019, Low-Carbon Leading Transition
Cooling-Intensive Megacities (Archetype 5) clustered
along the southeastern coast; Archetype 2 declined
markedly, and Archetype 3 remained relatively stable.

Archetype 1 High-Carbon Energy-Intensive
Industrial Large Cities are northern and central China
cities with heavy, energy-intensive industry and high-
temperature processes. They have the highest per
capita emissions (58.5 tCO;/cap). The energy mix is
improving as coal and oil shares fall; coal still dom-
inates but declines, while natural gas and electrifi-
cation rise. They are heating-dominated with high
HDD.

Archetype 2 Medium-Carbon Coal-Dependent
Growing Small Cities are rapidly growing, low-
baseline third- and fourth-tier cities and early-stage
large cities. They have the second-highest per capita
emissions (14.9 tCO,/cap). Their pathway is the most
coal-dependent, with the highest coal share and the
lowest natural gas, new energy, and electrification
rates, indicating high carbon lock-in risk.

Archetype 3 medium-carbon, middle-income
regional core cities, provincial capitals and regional
hubs that became more common after 2010, are
at a mid-to-high development stage, with sec-
ondary and tertiary industry shares both ranking
second. However, their transition lags: the energy
mix remains fossil-based, and the shares of natural
gas and new energy consumption both rank fifth. Per
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capita emissions rank third, and heating demand is
relatively high, with HDD ranking second.

Archetype 4  Low-Carbon  Natural-Gas-
Advantaged Cities are mostly small and medium-
sized cities with relatively low emissions and the
highest natural-gas share (17.7%). Their per-capita
emissions rank fifth, but deeper transition is limited:
new energy ranks fourth and electrification fifth.

Archetype 5 Low-Carbon Leading Transition
Cooling-Intensive Megacities are national front run-
ners along the southeast coast. Despite slowing
growth, they show the strongest end-use transition,
with the highest electrification and relatively high
natural gas and new energy shares. They also have the
highest oil share, likely reflecting high road-transport
activity and vehicle stocks. Cooling demand is highest
(highest CDD, second-lowest HDD).

Archetype 6  Low-Carbon  New-Energy-
Advantaged Coastal Cities are small and medium
coastal cities, often on the edge of southern urban
agglomerations. They have the lowest per-capita
emissions (8.7 tCO,/cap) and the highest new-energy
share (11.9%). End-use substitution is incomplete,
with the highest LPG share and electrification ranking
fourth. Oil ranks second, and cooling demand is
strong (CDD second, HDD lowest).

Opverall, the six archetypes differ systematically in
development, industrial structure, and decarbonisa-
tion conditions. Higher-emission cities (Archetypes
1-3) are shaped by heavy industry and limited clean
energy, while lower-carbon cities (Archetypes 4-6)
follow varied pathways via gas substitution, high-tech
leadership, or renewable-resource alignment. City
lists are in supplementary data 1.

3.2. Temporal evolution of archetypes and three
main transition pathways

Figure 2(a) shows how cities’ archetypes changed over
two decades. Archetype 2 declined over time, while
Archetypes 3 and 5 grew to become most preva-
lent. We identified three main transition pathways
based on cities” archetype membership over time
(figure 2(d)).

First, many Medium-Carbon Coal-Dependent
Growing Small Cities (Archetype 2) transitioned
to Archetype 3 Medium-Carbon Middle-Income
Regional Core Cities (19.8%, n = 46) or Archetype
4 Low-Carbon Natural-Gas-Advantaged Cities
(10.8%, n =25), indicating two main expansion-
stage pathways. Along the Archetype 2-to-3 pathway,
per-capita carbon emissions fell 40.9%, while GDP
per capita rose 100.7% and urbanization increased
by 14.1 percentage points. The coal share declined
by 8.7 percentage points, while natural-gas and
new-energy shares rose by 2.2 and 2.6 percent-
age points (supplementary information F), indi-
cating industrial consolidation with partial energy

T Chen et al

decarbonisation (e.g. Zhangjiakou, Dezhou). In
contrast, the Archetype 2-to-4 pathway featured a
larger coal-share drop (—13.0 percentage points) and
a sharp rise in natural-gas share (48.9 percentage
points). Despite continued GDP and urbanisation
growth, per-capita emissions fell 34.5%, reflecting
faster coal phase-down driven by increased natural-
gas use (e.g. Yan’an, Chuzhou).

Second, 12 Medium-Carbon Middle-Income
Regional Core Cities (Archetype 3) transitioned to
Low-Carbon Leading Transition Cooling-Intensive
Megacities (Archetype 5) (5.2%, n = 12). GDP per
capita rose 148.1%. In all 12 cities, per-capita science
and technology and education spending increased;
city-weighted pathway averages rose 577.7% and
256.2%. Green patent authorizations per 10 000 peo-
ple increased 1312.1%. Coal’s share fell 11.5 per-
centage points, new energy rose 3.3 points, and
electrification rose 5.8 points, while per-capita car-
bon emissions were broadly stable. Overall, the shift
to Archetype 5 reflects cleaner, more innovation-
intensive development alongside a substantial indus-
trial base; several cities were also covered by low-
carbon pilot policies (e.g. Beijing, Shanghai, Tianjin,
Nanjing).

Third, some Low-Carbon  New-Energy-
Advantaged Coastal Cities (Archetype 6) shifted to
Archetype 5 after 2010/2015 (6.0%, n = 14). Per-
capita emissions fell 34.0%, while GDP per capita
rose 289.4% and urbanization increased by 17.0 per-
centage points. Electrification and the new-energy
share rose by 24.9 and 6.4 percentage points, with the
new-energy share averaging 17.0% in the final stage.
Overall, this pathway reflects stronger new-energy
advantages, higher end-use electrification, growing
urban/industrial activity, and a sharper drop in per-
capita emissions (e.g. Quanzhou).

We find 8.2% of cities (n=19) moved from
Archetype 2 to Archetype 5 (figure 2(d)), show-
ing a pathway of economic growth with lower per-
capita emissions. Of these, 16 used Archetype 3 as
an intermediate and 4 used Archetype 6; Three cities
passed through both intermediate archetypes and
were therefore counted in both categories. These
counts represent unique cities rather than city-year
transitions, reflecting multiple routes to Archetype
5. Across these cities, GDP per capita increased by
280.4% and urbanization rose by 23.7 percentage
points, while carbon emissions per capita decreased
by 20.1%. The coal consumption share declined by
5.9 percentage points, the new-energy consump-
tion share increased by 5.7 percentage points, and
per-capita scientific and technological expenditure
and per-capita education expenditure increased in
every city. The different intermediate states reveal
two complementary profiles: Archetype 3 primarily
provides stronger industrial, urban, and innovation
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Figure 1. (a), Heatmap of properties of cities used for typological (red) and additional descriptive characterization (blue), with
values normalized to facilitate inter-group comparison. (b), Spatial distribution of archetypes in 2000, 2010, and 2019.

capacities, whereas Archetype 6 provides a stronger
new-energy foundation. Their eventual convergence
towards Archetype 5 shows that cities with different
intermediate advantages can reach the same, more
mature transition state. By contrast, 4.7% of cities
stayed in Archetype 2 and 9.1% stayed in Archetype
4 over two decades, suggesting lock-in to coal depen-
dence or a natural-gas transition. City lists are in sup-
plementary data 2, with further details in supplemen-
tary information H.

After removing annual medians, the Archetype
3 — 5 transition remained, and the Archetype
2 — 4 pathway persisted at a lower frequency.
Archetype 2 — 3 and 6 — 5 were more affected, sug-
gesting they partly reflected national development
trends. Despite differing robustness, the adjusted
analysis preserved a similar six-group structure
and key transition directions, underscoring city-
specific structural change in archetype differentia-
tion and transition (supplementary information I).
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Figure 2. (a), Temporal transitions among archetypes. Column heights indicate the share of cities in each archetype at five
benchmark years. Curved ribbons trace city-level trajectories; line color is fixed by the origin archetype. (b), Distribution of
transition counts per city. (c), Composition of cities with no archetype change. (d), Origin—destination matrix of archetypes
derived from simplified paths. Values denote the fraction of all cities whose start archetype (first archetype in the simplified
path) and end archetype (last archetype in the simplified path) correspond to the row and column, respectively. (e), Changes in
selected indicators along the four major transition pathways. Values compare city-weighted means during each city’s initial and
final continuous archetype periods. The symbol % denotes relative change in level variables, whereas pp denotes the arithmetic
percentage-point change in rates and shares. GDP pc denotes GDP per capita; S&T exp. pc denotes scientific and technological
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Bootstrap results showed mean ARI = 0.604 and
mean assignment agreement = 80.0%. All four path-
way proportions lay within their 95% bootstrap inter-
vals, indicating generally stable transition directions
(supplementary information K). A Markov-model
robustness test also supported these principal direc-
tions (supplementary information M).

3.3. Predictive performance and LCC indicator
associations across six archetypes

This study uses the LCC indicator system [46,
47] to identify indicators most associated with
carbon-emission predictions across archetypes.
Table 3 reports sample composition and archetype-
stratified performance under five-fold city-grouped
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out-of-fold evaluation. Performance is compara-
ble to recent studies using socioeconomic, energy,
built-environment, and remote-sensing predictors,
which reported R? ~ 0.77-0.88 under city-grouped
cross-validation or hold-out evaluation [49-51].
Archetype 1 showed lower out-of-fold stability due
to limited sample size. Across all six archetypes, coal
consumption, natural gas consumption, new energy
consumption, man-made coal gas supply, and HDD
consistently ranked among the top 15 indicators
(figure 3).

For Archetype 1 (High-Carbon, Energy-Intensive
Industrial Large Cities), industrial enterprise count
had the highest mean absolute SHAP value and
was positively linked to emissions. Coal consump-
tion proportion and HDD ranked 2nd and 3rd and
also increased emissions. Man-made coal gas sup-
ply, road area, vehicle ownership, and industrial elec-
tricity consumption showed similar positive effects.
In contrast, new energy and natural gas consump-
tion proportions (12th and 13th) were associated with
lower emissions, underscoring the need to shift the
energy mix while managing industrial growth.

For Archetype 2 (Medium-Carbon, Coal-
Dependent Growing Small Cities), coal consumption
proportion was the top SHAP indicator and increased
emissions, followed by HDD and man-made coal gas
supply. New energy and natural gas consumption
proportions ranked 5th and 6th and reduced emis-
sions. Road area, construction land, population, GDP,
roads-and-bridges investment, and new fixed assets
were generally linked to higher emissions, reflecting
carbon pressures from rapid urban expansion.

In Archetype 3 (Medium-Carbon Middle-Income
Regional Core Cities), man-made coal gas supply
had the highest mean absolute SHAP value and
was positively linked to emissions, followed by pop-
ulation, coal consumption proportion, and GDP.
Natural gas and new energy consumption propor-
tions (5th and 7th) were linked to lower emissions.
HDD, vehicle ownership, road area, and annual new
fixed assets were linked to higher emissions, imply-
ing that cleaner energy substitution must accom-
pany ongoing economic, transport, and infrastruc-
ture growth (see figure 4).

In Archetype 4 (Low-Carbon Natural-Gas-
Advantaged Cities), natural gas consumption pro-
portion had the highest SHAP value and was linked to
lower emissions, while coal consumption proportion
and man-made coal gas supply (2nd and 3rd) were
linked to higher emissions. Population, road area,
HDD, industrial electricity intensity, and the number
of industrial enterprises were also positively linked to
emissions, whereas new energy consumption propor-
tion reduced emissions. This suggests reinforcing the
natural-gas advantage through further substitution
and managing demand from expansion.

In Archetype 5 (Low-Carbon Leading Transition
Cooling-Intensive Megacities), coal consumption
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proportion remained the strongest positive driver.
Green patent authorizations and education expendi-
ture also ranked highly, reflecting their association
with these cities” large economic scale and transi-
tion activity. New energy consumption proportion
(3rd) was linked to lower emissions; total electricity
consumption and natural gas consumption propor-
tion were also negatively associated. Road area, GDP,
tertiary-industry activity, and industrial electricity
intensity were positively linked to emissions, indi-
cating more broadly distributed drivers across urban
systems (see figure 4).

In Archetype 6 Low-Carbon New-Energy-
Advantaged Coastal Cities, man-made coal gas supply
had the highest mean absolute SHAP value and was
positively associated with emissions. New energy con-
sumption proportion ranked second and was linked
to lower emissions; coal consumption proportion
and HDD ranked third and fourth and increased
emissions. Natural gas, oil, LPG supply, and total
electricity consumption were linked to lower emis-
sions, while population, GDP, and industrial elec-
tricity intensity increased emissions. This under-
scores the need to preserve the new-energy advan-
tage while reducing reliance on carbon-intensive
industrial and gas-supply systems. See supplementary
information E.

Sensitivity analysis indicated that excluding car-
bon emissions per capita still produced classifi-
cations broadly consistent with the baseline (ARI
= 0.775) and preserved key transitions (A2 — A3,
A2 — A4, A6 — A5). Removing predictors overlap-
ping with clustering indicators led to only a small
performance drop (AR?* = —0.025), while archetype-
specific SHAP rankings stayed stable, retaining 12—
13 of the top 15 predictors (supplementary informa-
tion J).

4, Discussion

This study identifies dynamic evolutionary pathways
of urban carbon-emission archetypes and the fac-
tors linked to more sustainable transitions. Using
data for 232 Chinese cities (1999-2019), we iden-
tify six archetypes and three representative trajecto-
ries and apply the low carbon cities (LCCs) indicator
framework and XAI to highlight the indicators most
strongly associated with predicted outcomes.

A key contribution is the six-archetype typology,
showing that decarbonisation trajectories depend
more on transition maturity than on emission lev-
els alone. Existing classifications typically group
cities by development stage and production—energy
systems, with density, urban form, climate, and
transport explaining additional variation [13-15,
44]. However, because they usually rely on cross-
sectional emissions and structural features, they
rarely distinguish transition maturity among cities
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Table 3. Sample sizes and out-of-fold predictive performance of the

pooled CatBoost model.

Scope Observations R? RMSE MAE
Overall 2794 0.824 17.67 10.46
Archetype 1 133 0.650 53.79 35.15
Archetype 2 888 0.846 10.60 7.56
Archetype 3 749 0.817 15.79 11.02
Archetype 4 301 0.725 14.59 9.54
Archetype 5 363 0.863 18.75 14.58
Archetype 6 360 0.821 5.07 3.92

Observations refer to city-year observations. All rows evaluate the same

pooled CatBoost model using predictions for cities excluded from the
corresponding outer-fold training data. RMSE and MAE are expressed

in MtCO;.

with similar emissions or track long-term change
within a consistent framework. Our results show that
similar emission levels can reflect different transi-
tion foundations and capacities. For Archetypes 4—
6, comparable low per-capita emissions imply dif-
ferent next steps, from moving beyond gas substitu-
tion to extending end-use electrification and coor-
dinating changes across urban systems. Pooling city-
year observations also yields temporally comparable
archetypes that enable tracking long-term evolution-
ary pathways.

Another contribution is identifying dynamic
pathways, as illustrated in figure 4. Unlike single-
year or period-average classifications, this approach
shows both a city’s archetype at a given time and the
roles of intermediate states. The three pathways illus-
trate how rapidly urbanizing Chinese cities balance
emissions control and economic growth.

Pathway 1 is a shift from Archetype 2 to 3 or
4, likely reflecting natural-gas infrastructure expan-
sion, coal-to-gas programs, industrial upgrading,
and regional coordination [52-55]. Research on
Zhangjiakou also suggests that combining renewable
energy substitution with industrial restructuring can
cut energy use and greenhouse-gas emissions [56].

Pathway 2 describes the shift from Archetype 3 to
Archetype 5, linked to low-carbon pilot programs and
the integration of finance and technology into urban
economies [57, 58]. Beijing, Shanghai, and Tianjin
are examples of low-carbon pilot cities on this path-
way. Quasi-experimental evidence shows the policy
reduced emissions more strongly in municipalities
and boosted low-carbon innovation by improving the
innovation environment and resource allocation [59,
60]. Pathway 3 links Archetype 6 and Archetype 5,
marked by a new-energy advantage, growing end-use
electrification, and lower emissions. Studies also find
that renewable expansion must be coordinated with
transmission, storage, demand response, and load
flexibility [61, 62].

Additionally, 8.2% of cities fully transitioned
from Archetype 2, via Archetype 3, 4, or 6, to

Archetype 5 (figure 4). These sequences reflect his-
torical patterns, not required steps for future decar-
bonization. Future Archetype 2 cities may not need
a natural-gas phase: dynamic least-cost analysis sug-
gests that premature investment in long-lived gas
infrastructure can delay photovoltaics and electrifica-
tion in some regions, so pathways may shift with tech-
nology costs, infrastructure, and policy conditions
[63]. A direct coal-to-renewable-and-grid transition
is therefore a policy option, subject to local resource
and grid-capacity assessment. These pathways are
especially relevant for the 11 cities still in Archetype
2 and the 21 that remained in Archetype 4 over the
two-decade study. The study links static city types
into an ordered transition process: cities can build
industrial and innovation capacity or use new-energy
advantages to reach intermediate stages before con-
verging on a low-carbon leading state.

These pathways and archetype-specific SHAP
results suggest that decarbonisation policy should
begin with sectoral shifts, especially in industry, and
become more systemic, requiring cross-sector mea-
sures and stronger linkages. In 2019, Archetype 5
(Low-Carbon Leading Transition Cooling-Intensive
Megacities) produced 45% of total city emissions
(3.1 Gt CO,), far more than any other archetype,
largely because it includes many large cities. SHAP
results show predictive contributions for this
archetype across the widest range of urban systems,
suggesting—together with the literature—that clean
electrification is a promising option. High research,
innovation, and education inputs currently appear
to reflect urban scale more than mitigation bene-
fits, implying a need to better translate innovation
into energy-efficiency and low-carbon infrastructure
gains [60, 64].

Archetypes 1 and 3 form the next tier, account-
ing for 24% (1.6 Gt CO,) and 19% (1.3 Gt CO,)
of archetype emissions in 2019. In both, coal and
manufactured gas contribute positively to pre-
dicted emissions, while new energy contributes neg-
atively, underscoring clean electrification as a key



I0OP Publishing

Environ. Res. Lett. 21 (2026) 204001

T Chen et al

Archetype 1

industrial enterprise count

coal consumption share

HDD

manufactured gas supply share
road area

vehicle ownership count
industrial electricity consumption
annual new fixed assets
annual sunshine hours

LPG supply share

industrial electricity intensity
new energy consumption share
natural gas consumption share
secondary-industry GDP share

total population

Archetype 3

manufactured gas supply share
total population

coal consumption share

total GDP

natural gas consumption share
HDD

new energy consumption share
vehicle ownership count

road area

total electricity consumption
LPG supply share
secondary-industry GDP share
annual new fixed assets

oil consumption share

annual sunshine hours

=3 =2 -1 o 1 2 3

Archetype 5

coal consumption share

green patent authorisation count
new energy consumption share
total education expenditure
road area

HDD

total GDP

tertiary-industry GDP

total electricity consumption
manufactured gas supply share
industrial electricity intensity
natural gas consumption share
science and technelegy expenditure
built-up area green coverage

oil consumption share

system [46, 47].

B Socioeconomic WM Energy B Urban mobility [0 Environment and buildings WM Innovation and pelicy

Figure 3. Archetype-stratified out-of-fold SHAP results from the pooled CatBoost model. The top 15 indicators within each
archetype are ranked by their mean absolute SHAP values. Indicators are selected based on the Low-Carbon City indicator
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option. Archetype 1 may prioritize electrifying high-
temperature industrial processes alongside power-
sector decarbonisation and process needs [65], but
its limited observations warrant caution in interpret-
ing indicator rankings. Archetype 3 may phase out

coal-fired heating and industrial boilers by shifting
to new energy and using low-carbon pilot policies to
support a transition towards Archetype 5 [59, 66].
Archetypes 4, 6, and 2 contribute smaller shares—
8% (0.57 Gt CO,), 3% (0.18 Gt CO;), and 2%
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Figure 4. Potential policy directions by archetype. For the most likely transition pathways, thicker lines indicate a greater likeli-
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hood of occurrence, which is based on the statistics from figure 2(d).

(0.15 Gt CO,), respectively. Across them, manufac-
tured gas, coal, and urban-expansion variables are key
predictors. Along with pathway evidence, this points
to avoiding new high-carbon lock-in during rapid
construction. Archetype-specific priorities include
enabling renewables to replace natural gas after the
transition in Archetype 4, turning the new-energy
advantage into end-use electrification in Archetype
6, and setting higher energy and carbon standards
before new industries and infrastructure take hold in
Archetype 2 (figure 4).

These findings suggest three policy implications
for Chinese cities. First, frameworks should move
beyond geographic categories to archetypes reflect-
ing emission trajectories and development stages,

enabling experience-sharing and policy diffusion
among peer cities. Second, fiscal allocation should
include archetype-specific incentives targeting prior-
ity areas [67]. Third, low-carbon pilot policies should
be chosen and implemented in phases aligned with
identified transition pathways; the 2-3/4/6-5’ trajec-
tory highlights the value of pilot-based approaches.
The framework could also serve as a compara-
tive and diagnostic tool in other countries with
similar longitudinal city-level data, with indicators
adapted to local resources, development patterns,
and institutions. By combining pooled city-year clus-
tering, longitudinal tracking of archetype member-
ship, and pooled predictive modeling with archetype-
stratified interpretation, it offers a consistent method
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to identify locally grounded urban types and transi-
tion patterns.

This study has limitations. City coverage is
incomplete, especially in western China, pos-
sibly under-representing less-developed regions
and their transition patterns. The analysis omits
hard-to-measure factors (behaviour, enforcement,
international influences). Associating archetypes
with policy contexts does not pinpoint the drivers of
turning points, and observational machine-learning
models cannot infer causality. Future work should
broaden data coverage, add variables via surveys,
proxies, or text analysis, and use event-study and
causal-inference methods.

Nonetheless, this study advances urban decarbon-
isation research by converting urban types into tem-
porally comparable states and linking them through
observable transition sequences. Decarbonization
trajectories depend on a city’s transition maturity, not
just its emission level. Although Archetypes 4—6 have
similar per capita emissions, they differ in capac-
ity and options for further decarbonisation. Results
suggest transitions begin with sectoral shifts, espe-
cially in industry, and become more systemic as cities
mature. For Archetype 5, further progress requires
cross-sector measures and stronger sectoral linkages.
The framework helps diagnose the transition stage,
learn from comparable cities, and identify locally
appropriate pathways.

Future work should expand geographic coverage
and add behavioural, institutional, and international
indicators for a fuller view of urban transitions. Event
studies and causal-inference approaches could test
mechanisms behind the observed associations.
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