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Abstract

Urban forests are widely promoted for improving air quality, yet their effectiveness is
typically assessed through static green-space indicators that ignore seasonal variation
in vegetation activity. This limitation is especially consequential in cold-region cities,
where winter heating-season pollution peaks coincide with the leaf-off period of deciduous
trees. Using a monthly panel of 15 centrally heated cities in northern China (2015-2024;
N = 1464), this study develops a phenology-aware framework integrating three indicators:
effective forest capacity (EFC), which combines dynamic forest area with a sigmoid leaf-on
share and city-specific evergreen fraction; heating-season exposure (HI); and a binary
phenology-heating mismatch (PHM) flag. City—year-month fixed-effects models show
that the EFC-PM), 5 association is directionally negative but statistically inconclusive under
conservative inference (city-clustered SE: p = 0.523; wild bootstrap: p = 0.541), whereas
associations with SO, and Oj are statistically robust. The central empirical contributions
are the four-quadrant heterogeneity analysis and the topographic paired comparison:
four-quadrant heterogeneity analysis reveals that forest capacity shows clearer negative
associations in dry semi-humid cities, whereas HI dominates in heating-dominated plain
cities. A paired topographic comparison between Urumgi and Xining illustrates how
terrain-induced inversions can override forest signals. The results support differentiated
urban greening strategies that coordinate forest expansion with heating-system transition,
evergreen species planning, and ventilation-sensitive urban design.

Keywords: urban forest; vegetation phenology; effective forest capacity; heating-season
exposure; PM; 5; topographic dispersion; northern China

1. Introduction

Rapid urbanisation in China has intensified anthropogenic emissions and made air
pollution one of the most persistent constraints on sustainable urban development, par-
ticularly in northern cities, where the winter heating season produces a sharp seasonal
peak in fine particulate matter, defined as airborne particles with an aerodynamic diameter
of 2.5 micrometres or less (PM;5) [1-3]. Although nationwide clean-air actions have sub-
stantially lowered particulate concentrations over the past decade, many northern cities
still routinely exceed national air-quality standards during heating season. Cohen et al. [4]
estimated that ambient air pollution accounts for a substantial share of the global burden
of disease, while Di et al. [5] and Chen and Hoek [6] documented elevated mortality risks
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linked to long-term particulate exposure, even at concentrations below current regulatory
standards. Niu et al. [7] further showed that mitigation strategies for such issues in cold-
region cities need to account not only for emission sources but also for the seasonal capacity
of nature-based infrastructure to respond to those emissions.

Urban and peri-urban forest cover is widely promoted as a nature-based solution
because of multiple complementary mechanisms. Nowak et al. [8,9], Seebo et al. [10] and
McDonald et al. [11] documented that dry deposition and stomatal uptake remove particu-
lates and gaseous pollutants; Bowler et al. [12] showed that canopy cooling and shading
suppress secondary photochemistry; and Nowak et al. [13] estimated that shading effects
on buildings reduce indirect emissions through lower energy demand. Nowak et al. [14]
and Anav et al. [15] confirmed through national-scale assessments that the integrated
air-quality and health benefits of urban forests can be substantial, while observational work
in Chinese cities by Liu et al. [16], Wang et al. [17] and Jiang et al. [18] reports measurable
reductions in ambient particulate concentrations within forested park environments relative
to nearby built-up areas, although the effect is mainly observed during the growing season.
Cao et al. [19] and Chang et al. [20] showed that these mechanisms are not constant across
the year, as leaf area, stomatal activity, surface roughness, and atmospheric chemistry vary
substantially between growing and heating seasons. The net effect of urban forests is also
not monotonic: Calfapietra et al. [21], Fitzky et al. [22] and Ghirardo et al. [23] showed
that a number of tree species emit biogenic volatile organic compounds (BVOCs) that,
under high temperatures, can contribute to ozone and secondary organic aerosol formation.
Kabisch et al. [24] and Wang et al. [25] noted that the cold-region pattern of winter leaf fall
and concurrent heating activity renders the actual environmental performance of urban
forests highly context dependent.

The heterogeneity of urban-forest effects exposes a key limitation in much of the
existing literature: an overreliance on static landscape-scale metrics. Zhu et al. [26] and
Ai et al. [27] treat forest area, green-space ratio or annual mean vegetation index as time-
invariant structural variables, implicitly assuming that the ecological supply of urban
forests is constant across the year. From a forest-ecology standpoint, however, the pollutant-
removal capacity of a forest depends on active leaf area, stomatal opening and cuticle
properties, all of which respond to temperature in a non-linear, sigmoid-type fashion, as es-
tablished by Chuine [28], Fu et al. [29], Wang et al. [30] and Beckett et al. [31]. Guo et al. [32]
showed through dynamic landscape modelling that urban-forest particulate removal can
decline substantially as cities expand and forest patches become fragmented; Cao et al. [19]
documented that summer and winter forest effects diverge sharply in combined cooling
and removal observations; Chang et al. [20] further demonstrated, using machine-learning-
based seasonal decomposition, that the relative contributions of the urban forest and
built-up structure flip between summer and winter; and Wang et al. [33] documented a
systematic phenological asymmetry in particulate-matter removal between evergreen and
deciduous street trees at the canyon scale. While these contributions document seasonal
contrasts, most remain descriptive and do not explicitly model the temporal alignment
between ecological supply and anthropogenic emission pressure.

This temporal alignment is particularly consequential in cold regions, where the
heating-season exposure window coincides with the leaf-off period: when emission pres-
sure is highest, the ecological supply is lowest. The phenomenon has been observed but
rarely tested as a coupling mechanism. Song et al. [34] and Chen et al. [35] treat forests as a
control variable in heating attribution rather than as a coupled object. Fan et al. [36] and
Song et al. [37] documented strong heating-related emission reductions in pilot regions but
did not examine how phenological state interacts with those reductions. Zhou et al. [38]
noted the role of central heating in shaping landscape—pollution relationships in individ-
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ual cities but relied on spatial weighted regression rather than continuous time-resolved
coupling. Wang et al. [39], Cai et al. [40] and Xiong et al. [41] further showed that basin
geometry and winter inversions amplify the effect of any given emission level on observed
concentrations in northwestern cities. As Hao and Liu [42] and Yang et al. [43] have high-
lighted for Chinese urban systems, topographic dispersion constraints may substantially
condition urban PMj 5 levels; more research is therefore required to elucidate whether the
temporal mismatch between low leaf activity and heating-season exposure systematically
alters the observed air-quality function of urban forests, and whether this mismatch is
further modulated by such constraints.

Building on this prior work, this study proposes and provides initial evidence for
three connected innovations rather than claiming a single methodological breakthrough.
A similar approach was adopted by Zhou et al. [38], who examined seasonal landscape-
pollution coupling in a single city; this study expands the framework to 15 cities across
contrasting emission—dispersion contexts. First, this study extends the representation of
urban forests from a static area term to a climate-driven dynamic functional system by
combining a sigmoid-based leaf-on share, an evergreen-fraction correction, and a year-
by-year dynamic forest area, yielding a monthly effective forest capacity (EFC) indicator
(Sections 2.3.2 and 3.2). Second, it introduces a binary phenology-heating mismatch (PHM)
indicator that captures months in which low ecological supply and active heating co-occur
(Sections 2.3.4 and 3.6). Third, it adopts a four-quadrant city typology based on the winter—
summer particulate matter ratio and winter wind speed, and complements it with an
illustrative paired comparison between Urumgi and Xining (Sections 2.3.5 and 3.4). The
aim is not to overturn existing understanding but to add an explicit time and topography
dimension that supports differentiated greening planning, contributing to Land’s focus
on climate-sensitive urban land-use planning and the functional design of urban forest
cover as green infrastructure in cold-region cities. In terms of research questions, we ask
the following question: under phenology-aware modelling, does the relationship between
urban and peri-urban forest capacity and PM; 5, SO, and Oj3 retain a stable direction? Does
the overlap between the leaf-off period and heating-season exposure correspond to higher
PM; 5 levels? And how do emission pressure and topographic dispersion jointly shape the
heterogeneity of the forest—air quality relationship?

2. Materials and Methods
2.1. Study Area

Fifteen northern Chinese cities were selected to span the three principal regions north
of the Qin-Huai heating line, covering the Northeast, North-China and Northwest urban
systems. This regional coverage follows the city stratification used in studies of northern
Chinese heating-season pollution, including Song et al. [34] and Fan et al. [36], who simi-
larly distinguish Northeast, North China, and Northwest urban systems, when examining
heating-related emission and air-quality patterns. The selection criteria were that each city
(i) lies north of the centrally heated boundary and operates a district heating system; (ii) has
a continuous China National Environmental Monitoring Center (CNEMC) air-quality and
Open-Meteo meteorological coverage over 2015-2024; and (iii) collectively represents a
contrast in topographic and dispersion conditions, including plain cities (Beijing, Tian-
jin, Shijiazhuang, Jinan, Zhengzhou), mountain-basin cities (Lanzhou, Xining, Urumgi,
Taiyuan), and plateau-margin cities (Hohhot, Yinchuan). This plain/basin/plateau classifi-
cation mirrors the topographic groupings adopted by Zhou et al. [38] and Zhu et al. [26] in
comparable northern Chinese city panels. The selected cities are not intended to represent
all Chinese urban systems, but to capture contrasting cold-region heating, phenological and
dispersion contexts within the centrally heated zone. Figure 1 provides a visual overview of
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the complete analytical workflow. Figure 2 shows the geographic distribution of the fifteen
cities (panel a) together with their effective urban-forest extent (panel b), where bubble size
encodes the mean dynamic forest area and fill colour encodes the mean effective forest area
over the study period.

Framework: data inputs, phenology-aware variables, panel model, and policy implications
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Figure 1. Analytical workflow of the study. Step 1: Study area and data sources, 15 centrally heated
cities north of the Qin—Huai line (2015-2024; N = 1464 monthly observations), with air-quality data
from CNEMC, meteorological data from Open-Meteo/ERAD, forest geometry from OpenStreetMap,
and heating calendars from local authorities. Step 2: Construction of three phenology-aware indica-
tors, effective forest capacity (EFC), heating-season exposure (HI), and phenology-heating mismatch
(PHM), fed into a city—year—-month fixed-effects panel model. Step 3: Results, four-quadrant het-
erogeneity analysis and illustrative topographic paired comparison (Urumgqi vs. Xining), yielding
differentiated policy implications for dry semi-humid cities, plain heating-dominated cities, and
topographically constrained basin cities. *** p < 0.01.

The geographic distribution of the fifteen selected cities spans three macro-regions and
captures a broad range of heating, phenological, and topographic conditions. Plain cities in
the North China region (Beijing, Tianjin, Shijiazhuang, Jinan, Zhengzhou) are characterised
by relatively high dispersion capacity and strong seasonal heating bursts, consistent with
the emission patterns documented by Song et al. [37] and Hao and Liu [42]. Mountain-basin
cities (Lanzhou, Xining, Urumgqi, Taiyuan) are subject to greater topographic confinement,
as demonstrated by Cai et al. [40] and Wang et al. [39], while plateau-margin cities (Hohhot,
Yinchuan) occupy intermediate positions. Figure 2 illustrates the spatial distribution of the
sample and the heterogeneity of mean effective forest area across cities: Beijing, Jinan and
Hohhot have the largest forest extents, while Urumgi, Xining and several Northwest cities
have substantially smaller urban forest resources.

2.2. Data Sources

Air-quality observations for fine particulate matter (PM, 5), sulphur dioxide (50,),
nitrogen dioxide (NO;), ozone (O3), particulate matter under ten micrometres (PMyg), and
carbon monoxide (CO) are obtained at the city level from CNEMC (https://www.cnemc.cn).
Where ground-station coverage is incomplete, the 1 km satellite-fused PM; 5 product from
the Continuous High-resolution Air Pollutants (CHAPs) dataset [44] is used solely as a
cross-validation reference for trend consistency, while CNEMC data remain the primary
source for the regression analysis. Meteorological variables, including two-metre air tem-
perature, accumulated precipitation, ten-metre wind speed, relative humidity, and heating
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degree-days, come from the Open-Meteo Historical Weather API, which is built upon
European Centre for Medium-Range Weather Forecasts (ECMWF) ERA5 and ERA5-Land
reanalyses [45,46]. Static and year-resolved urban forest geometry is extracted from Open-
StreetMap (OSM) land-use and leisure layers, with forest and park polygons clipped
to administrative boundaries [47]. We acknowledge that OSM polygon updates may
partly reflect mapping intensification rather than physical land-cover change; we therefore
(i) restrict yearly variation to a moderate park-to-anchor ratio range to filter implausible
jumps, and (ii) provide an empirical validation of the sigmoid parameterisation using ob-
served monthly MODIS NDVI data for Beijing, Jinan, and Urumgqi obtained from the NASA
NEO public archive [48] (see Figure 3 and Section 3.6). The three-city validation covers
one plain city (Jinan, Q4) and one basin city (Urumgqi, Q1) in addition to Beijing, address-
ing the concern that single-city validation may not capture the climatic and topographic
diversity of the 15-city sample. Validation against MODIS NDVI for the full set of 15 cities
with finer-resolution canopy cover data is identified as a priority for future work. Future
extensions integrating Landsat-based tree-canopy cover at finer spatial resolution [48,49]
would further strengthen the EFC construction. Heating calendars are taken from local
housing-and-construction bureau notices that define legal heating start and end dates for
each city; these records were collected manually from the municipal government websites
and are available on request from the corresponding author. Evergreen-fraction estimates
by city are compiled from urban greening statistical yearbooks and prior literature on urban
tree species composition in northern China [25,32]; their uncertainty is propagated through
the sensitivity analyses in Section 3.6. The analytical sample comprises 1464 city—-month
observations (out of a maximum possible 1800 for 15 cities over 120 months), with the
reduction arising from months in which CNEMC station coverage fell below the threshold
required for a reliable city-level average, concentrated in the early years of the study period
for several Northwest cities.

2.3. Construction of Key Variables
2.3.1. Leaf-On Share (LPR)

To convert urban forest cover from a static structure into a monthly observable quantity,
we adopt the sigmoid phenology model widely used in forest ecology [28,29]. The leaf-on
share for city 7 in month ¢ is defined as

1

LPR;; = p
" 1+ exp(—(Tit — Thar) /k)

1)

where T;; is the monthly mean two-metre temperature (°C), Tp,¢ is the half-saturation
temperature, and k controls steepness. The baseline parameters were selected to approxi-
mate the temperature threshold for spring leaf unfolding in temperate deciduous systems
while recognising that species composition and chilling requirements vary across cities [30].
We set T = 8°C and k = 3 as the baseline, and report sensitivity over alternative
parameter combinations in Section 3.6. As an empirical check, the modelled monthly
LPR series for Beijing, Jinan, and Urumgqi were compared against the monthly MODIS
NDVI series obtained from the public NASA NEO MODIS vegetation index archive, av-
eraged by calendar month over 2015-2024, and normalised to the 0-1 range. Validation
metrics for all three cities are reported in Table 1 and Figure 3. Pearson correlations are
r = 0.927 (Beijing), r = 0.891 (Jinan), and r = 0.952 (Urumgqji), with RMSE between 0.146
and 0.210 and MAE between 0.101 and 0.147, supporting the adopted parameterisation as
a reasonable cross-city approximation of seasonal canopy dynamics. The elevated MAPE
for Jinan (57.5%) reflects denominator sensitivity at near-zero normalised NDVI values
during winter months; RMSE and MAE are the more informative absolute-error metrics for
cross-city comparison.
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Study Area: 15 Northern Heating-Belt Cities
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Figure 2. Study area and urban-forest distribution across the 15 northern heating-belt cities. (a) City
locations colour-coded by macro-region (Northeast, North China, Northwest/Plateau). (b) Urban-
forest distribution: bubble size = mean dynamic forest area (km?); fill colour = mean effective forest
area (km?2), 2015-2024.

Beijing Urumqi
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Figure 3. LPR sigmoid vs. observed MODIS NDVI (NASA NEO MOD13C2, 2015-2024 monthly
means, normalised to 0-1) for Beijing (plain, Q4), Jinan (plain, Q4) and Urumgi (basin, Q1). Yellow
shading = active heating season (Nov-Mar); dashed line = PHM threshold (LPR = 0.3), labelled
directly within each panel. Validation metrics (r, RMSE, MAE, MAPE) are shown in each panel
inset and summarised in Table 1; Jinan MAPE is elevated owing to near-zero winter NDVI values
(denominator sensitivity) rather than poor seasonal tracking.

Table 1. LPR-NDVI validation metrics for three representative cities (NASA NEO MODIS, 2015-2024
monthly means, normalised to 0-1 range).

City Type r RMSE MAE MAPE (%)
Beijing Plain, Q4 0.927 0.173 0.134 25.1
Jinan Plain, Q4 0.891 0.210 0.147 57.5*
Urumgi Basin, Q1 0.952 0.146 0.101 31.7

* Jinan MAPE is elevated owing to near-zero normalised NDVI values during winter months (denominator sensitiv-
ity); RMSE and MAE are the primary error metrics. Sigmoid parameters: Tj,i¢ = 8 °C, k = 3. NDVI source: NASA
NEO MOD13C2 monthly archive (https://neo.gsfc.nasa.gov).

https://doi.org/10.3390/land 15061022


https://neo.gsfc.nasa.gov
https://doi.org/10.3390/land15061022

Land 2026, 15, 1022

7 of 22

2.3.2. Effective Forest Capacity (EFC)

Because evergreen conifers retain leaves through winter, the effective forest capacity
(in km?) in month f is constructed as

EFC;; = Fiyy - [(1 = pev,i) - LPR; t + Pev,i], )

where F; , is the year-resolved dynamic forest area in year y (km?, derived from the OSM
baseline scaled by an annual park-area ratio), and pey ; is the city-specific evergreen fraction
(dimensionless, 0 < pey; < 1). EFC therefore integrates structural area, phenological
activity, and species composition into a single monthly indicator. EFC should be interpreted
as a constructed phenology-adjusted proxy for potential forest functional capacity, not
a directly observed ecological function and not a direct estimate of pollutant removal in
tonnes. The OSM-derived forest-area baseline may partly reflect mapping intensification
rather than actual land-cover change; the sigmoid temperature function and evergreen
fractions are calibrated approximations rather than direct phenological observations. As an
empirical check, the monthly LPR curve for three representative cities was compared with
the NASA NEO public MODIS NDVI archive (2015-2024 monthly means, normalised),
yielding r values of 0.927 (Beijing), 0.891 (Jinan), and 0.952 (Urumgji) (Table 1; Figure 3),
which supports the parameterisation. Remaining uncertainties are addressed in the sensi-
tivity analyses in Section 3.6 and acknowledged in the Limitations. For regression, we use
log(1 4+ EFC;;) to handle small values and compress right-skew; cities with zero recorded
forest area in a given year are retained with log(1+ 0) = 0.

2.3.3. Heating-Season Exposure (HI)

The continuous heating-season exposure indicator is the share of legal heating days in
month #: b
HI,; = =5t ©
HI captures the institutional timing of heating demand rather than measured fuel
combustion or emissions; it is therefore used as a temporal exposure indicator, not as a
direct emissions inventory. Future extensions linking HI to city-level fuel-mix or emissions
inventories [34,36] would further sharpen the interpretation.

2.3.4. Phenology-Heating Mismatch (PHM)

The temporal mismatch between low ecological supply and active heating-season
exposure is captured by a binary phenology-heating mismatch indicator:

PHM,, = {LPR;, < 0.3 and HI;;, > 0}. @)

The threshold 0.3 corresponds approximately to the inflexion of the sigmoid curve
at low temperatures and is chosen to identify months in which deciduous vegetation
has substantially shed its canopy. Alternative thresholds of 0.2 and 0.4 are reported in
Section 3.6 as a robustness check. The choice of a binary rather than continuous formulation
reflects the non-significance of the continuous alternative ((1 — LPR; ;) x HI;;; B = —0.008,
p = 0.71) and the operationally cleaner threshold concept; a full comparison is provided in
Appendix A (Table Al).

2.3.5. Topographic-Emission Typology

For topographic—-emission heterogeneity, two city-level descriptors are constructed: a
winter-summer ratio of fine particulate matter as a proxy for seasonal pollution burst, and a
winter-mean wind speed as a proxy for near-surface dispersion capacity. The case study
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cities are assigned to four quadrants by the medians of these two indicators. The resulting
groups are labelled descriptively (high-burst low-dispersion, high-burst high-dispersion,
low-burst low-dispersion, and low-burst high-dispersion); the informal label “dry semi-
humid” used elsewhere in the text refers exclusively to the low-burst low-dispersion group
(Q3), which encompasses cities in arid and semi-arid interior zones of northern China.
These two labels are used interchangeably throughout; “dry semi-humid” denotes Q3
(low-burst low-dispersion), whereas “plain heating-dominated” denotes Q4 (low-burst
high-dispersion). This typology is intended as a transparent and interpretable summary;
we additionally report continuous interaction terms (EFC x seasonal burst x wind speed)
as a robustness check; these interactions confirm the directional patterns of the quadrant
analysis without depending on the median-split classification.

2.4. Empirical Specification

The baseline specification is a city—year—-month three-way fixed-effects monthly
panel model:

AQi,t = ,30 + ,31 log(l + EFCi,t) + ﬁzHI,’,t + ﬂgPHMi,t + ')’/Xi,t + o+ /\y + Um + €y, (5)

where AQ; ; is the log-transformed pollutant concentration, X; ; is a vector of meteorological
controls (two-metre temperature, wind speed, precipitation and relative humidity), and «;,
Ay, i are city, year, and month fixed effects, respectively. Standard errors are clustered
at the city level by default; HC3 heteroskedasticity-robust errors are reported as a parallel
benchmark, recognising that with only 15 city clusters the cluster-robust variance estimator
may be conservative [50,51].

Three nested specifications are compared to evaluate the marginal information content
of phenology: (a) a phenology-off model using the dynamic forest area without weighting;
(b) a phenology-on model using EFC; and (c) a full model that adds PHM to the phenology-
on specification. To probe heterogeneity, the baseline equation is re-estimated separately
within each of the four quadrants, and the Urumqi—Xining pair is examined as an illustrative
paired comparison in which phenological and forest-resource indicators are similar, but
topography differs sharply. Robustness checks include alternative sigmoid parameter sets,
alternative LPR thresholds for PHM, leave-one-city-out tests, comparison of clustered, HC3,
wild cluster bootstrap and Driscoll-Kraay standard errors, and additional specifications
using SO; and O3 as dependent variables.

3. Results
3.1. Spatio-Temporal Pattern of Particulate Matter and Effective Forest Capacity

Across the panel, fine particulate matter shows a strong winter peak in heating-
dominated cities. The leaf-on share follows a typical sigmoid trajectory in each city, ap-
proaching one between April and October and falling below ten percent in December
and January. The evergreen correction prevents EFC from collapsing to zero in winter,
stabilising it around the city’s evergreen fraction and thereby reflecting the year-round
contribution of conifers. The phenology-heating mismatch window covers approximately
one-third of the panel observations and is concentrated in the November-to-March period,
predominantly in high-latitude cities such as Harbin, Changchun, Shenyang and Hohhot.

3.2. Static Versus Phenology-Dynamic Comparison

Table 2 reports the three nested specifications for fine particulate matter. The for-
est coefficient is consistently negative across all specifications, confirming the expected
direction. However, the phenology-off coefficient is somewhat more negative and more
strongly significant than the phenology-on coefficient. This outcome is mechanistically
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interpretable: the phenology weighting compresses EFC during the high-pollution winter
months, weakening its average covariance with concentration. This result indicates that
the value of phenology-aware modelling lies less in increasing the average explanatory
power of forest variables, and more in revealing when and where forest functional capacity
is constrained. Consequently, average pooled effects are not the most informative metric
for the questions posed in this study; the heterogeneity analyses in Sections 3.4 and 3.5
carry the substantive evidence.

Table 2. Static versus phenology-dynamic comparison for fine particulate matter; city—year—
month fixed effects; meteorological controls included; cluster-robust standard errors in parentheses;
N = 1464; 15 cities; dependent variable log(PM3 5).

Model Forest Variable Forest Coef. HI Coef. R?
(A) Phenology-off log(1+ den) —0.068 * (0.039) —0.079 (0.141) 0.805
(B) Phenology-on log(1 + EFC) —0.052 (0.055)  —0.115(0.116) 0.805
—0.053 (0.060);
(©) Full B+ PHM)  [08(1+EFC)+ PHM —0.011  —0.108 (0.137) 0.805
PHM (0.059)

Significance: * p < 0.10. Controls: 2-m temperature, wind speed, precipitation, relative humidity. City, year
and month fixed effects included in all models. Note: The stronger negative coefficient in Model (A) reflects
the absence of winter leaf-area attenuation; without phenological weighting, winter months contribute larger
raw forest area values that widen the average covariance between forest area and concentration. The value of
phenology-aware modelling lies not in increasing average explanatory power but in revealing when and where
forest functional capacity is structurally constrained.

3.3. Multi-Pollutant Extension: Sulphur Dioxide and Ozone

Before presenting the multi-pollutant results, it is important to note that the pooled
EFC-PM; 5 association is directionally negative but statistically inconclusive under con-
servative inference: the city-clustered SE yields p = 0.523, and the wild cluster bootstrap
yields p = 0.541 (see Table 3 for full SE comparison). Given only 15 city clusters, these
conservative specifications are the appropriate benchmarks. In contrast, the SO, and O3
associations reported below are statistically robust.

Table 3. Robustness of the EFC coefficient on PM; 5 to alternative standard error specifications.
Dependent variable: log(PM; 5). City, year, and month fixed effects and meteorological controls are
included in all models. N = 1464; 15 cities. Coefficient shown is for log(1 + EFC).

SE Specification Coef. Std. Error t p 95% CI
City-clustered SE [50] —0.040 0.063 —0.638 0523  [—0.163, 0.083]
Driscoll-Kraay SE (bw =12) [51] = —0.040 ** 0.018 —2283 0.023 [-0.075, —0.006]
Wild cluster bootstrap (B = 999) —0.040 0.063 —0.637 0541  [-0.113, 0.122]

** p < 0.05. City-clustered SE follows [50]. Driscoll-Kraay SE controls for cross-sectional dependence and serial
correlation with a 12 month lag window [51]. Wild cluster bootstrap uses Rademacher weights (B = 999). The
coefficient (—0.040) differs slightly from the full-model estimate in Table 2 (—0.053), owing to differences in
the fixed-effects absorption procedure between estimation routines; the direction and order of magnitude are
consistent across both specifications. The range of p-values (0.023-0.541) reflects sensitivity to assumptions about
the error structure given G = 15 clusters.

When the same baseline equation is applied to sulphur dioxide and ozone (Table 4), ur-
ban and peri-urban forests display more robust negative associations with both pollutants.
The EFC coefficient is —0.127 for SO, and —0.062 for O3, both statistically significant at the
five-percent level under city-clustered standard errors. The SO, result is mechanistically
consistent with stomatal uptake of soluble gaseous pollutants. The negative association
between EFC and ozone may reflect the cooling and deposition-related functions of vegeta-
tion, although ozone formation is chemically complex and may also be shaped by BVOC
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emissions, nitrogen oxide availability, and photochemical conditions [21,22]. The posi-
tive HI coefficient on ozone is consistent with elevated nitrogen oxide emissions during
the heating season interacting with photochemistry beyond simple titration effects. NO,,
PMj, and CO results follow comparable patterns and are available upon request from the
corresponding author.

Table 4. Multi-pollutant extension. Effects of EFC, HI, and PHM on PM; 5, SO, and Og; city—year—
month fixed effects; cluster-robust SE; N = 1464; 15 cities.

Pollutant log(1+ EFC) HI PHM

PM, 5 —0.053 (0.060) —0.108 (0.137) —0.011 (0.059)
SO, —0.127 ** (0.060) —0.063 (0.066) +0.032 (0.046)
0, —0.062 ** (0.031) 10.188 ** (0.076) 10.016 (0.057)

Significance: ** p < 0.05. Dependent variables in logs. The PM; 5 coefficient is not statistically significant under
city-clustered SE (p = 0.523) or wild cluster bootstrap (p = 0.541); see Section 3.6 for full SE comparison.

3.4. Four-Quadrant Heterogeneity

The central empirical contribution of this study emerges from the four-quadrant de-
composition and the topographic paired comparison (Section 3.5), which together reveal
that the forest-PM, 5 relationship is structurally different across emission—-dispersion con-
texts rather than uniformly attenuated. Figure 4 provides a four-panel visual summary:
panel (A) plots each city in the seasonal-burst x dispersion plane; panel (B) shows the
seasonal PM, 5 profile for each quadrant, highlighting the heating-season pulse; panel
(C) plots annual mean PM; 5 against effective forest area, with a clear negative gradient;
and panel (D) renders the PHM window as a city—-month heatmap, with non-blank cells
indicating months in which leaf-off and heating co-occur.

Two patterns emerge from this exploratory heterogeneity analysis, and should be
understood as exploratory given the small number of cities per quadrant (Table 5). First,
in Q4 plain heating-dominated cities (Beijing, Tianjin, Taiyuan, Jinan), heating-season
exposure is by far the strongest positive correlate, and the PHM indicator further amplifies
particulate matter at the one-percent level. Second, in Q3 dry semi-humid cities (Lanzhou,
Xining, Yinchuan, Shijiazhuang), the EFC coefficient is the only quadrant in which forest
capacity is significantly negative, providing a hypothesis-generating signal (n = 4 cities)
that green infrastructure may retain marginal air-quality relevance in this context; this
pattern should not be generalised and warrants confirmation with a larger sample.

Table 5. Four-quadrant heterogeneity for PM; 5; city—year-month fixed effects; cluster-robust SE.

log(1+ 2
Quadrant EFC) HI PHM R
. . . -+0.100 —0.017 —+0.020
Q1 high-burst low-dispersion (0.103) (0.278) (0.078) 0.894
. . . . —+0.027 ** +0.285 ** +0.015
Q2 high-burst high-dispersion (0.012) (0.142) (0.050) 0.862
. . —0.081 ** —0.133 *** —0.078
Q3 low-burst low-dispersion (0.039) (0.051) (0.062) 0.835
. . . —0.068 +1.859 *** +0.094 ***
Q4 low-burst high-dispersion (0.066) (0.237) (0.035) 0.848

Q1: Urumgqi, Hohhot, Xi’an. Q2: Harbin, Shenyang, Zhengzhou, Changchun. Q3: Lanzhou, Shijiazhuang, Xining,
Yinchuan. Q4: Beijing, Tianjin, Taiyuan, Jinan. Each quadrant contains 34 cities; quadrant-level results should be
interpreted as heterogeneity patterns rather than as point causal estimates. Significance: ** p < 0.05, *** p < 0.01.

The positive EFC coefficients observed in Q1 and Q2 should not be interpreted as
evidence that forests worsen air quality. Several confounding mechanisms can account
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for such a sign in high-emission contexts. Wang et al. [25] showed that more polluted
cities have historically invested more heavily in greening under China’s National Forest
City programme, generating a reverse-causality association between forest extent and
pollution at the city level, even after the inclusion of fixed effects that partly absorb time-
invariant heterogeneity. Guo et al. [32] further demonstrated that urban forests in rapidly
urbanising cities are often spatially clustered in administrative or peri-urban districts that
do not coincide with principal industrial or traffic emission hotspots, weakening the link
between aggregate forest extent and ambient concentration. In low-dispersion basins,
Cai et al. [40] and Xiong et al. [41] showed that background pollution loads driven by
terrain-induced inversions can dominate over any local sink effect of vegetation. The small
number of cities within each quadrant (3—4) also means that quadrant-level coefficients are
sensitive to single-city influence; we therefore interpret signs and orderings rather than
precise magnitudes. These results reinforce the central claim of this study: forest—pollution
relationships should be understood through local emission and dispersion contexts rather
than as uniform marginal effects.

Urban Air Pollution Typology: Four-Quadrant Classification of 15 Northern Chinese Cities

(A) Four-Quadrant City Typology (B) Seasonal PM2.5 Profile by City Quadrant
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Figure 4. Urban air-pollution typology heterogeneity analysis). (A) Four-quadrant city typology
in the dispersion (winter wind speed) versus seasonal-burst (winter/summer PM; 5 ratio) plane;
bubble size = effective forest area; colour = annual mean PMy5. (B) Seasonal PM; 5 profile by
quadrant; shaded bands = £1 standard error; pink shading = heating season. (C) Effective forest area
versus annual mean PM 5 across all cities. (D) Phenology—heating mismatch (PHM) heatmap; blank
cells = no PHM,; cell colour = mean PM 5 (ug m~3) under mismatch conditions.

3.5. Topographic Case: Urumgi Versus Xining

Urumgi and Xining have very similar evergreen fractions and identical phenology-
heating mismatch shares; yet, winter particulate concentrations differ by more than a factor
of two (Table 6). Winter wind speeds are also similar, ruling out near-surface dispersion as
the principal explanation. The remaining systematic difference is topographic structure,
which is illustrated in Figure 5: Urumgi sits in a semi-enclosed basin on the northern slope
of the Tianshan range, with a city-centre elevation of approximately 886 m and a relief
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span of more than 2400 m within the surrounding domain (panels a and b); strong winter
inversions in this basin suppress vertical mixing. Xining, in contrast, is located in the
relatively open Huangshui river valley at a city-centre elevation of about 2260 m, with a
smaller relief span of around 1400 m (panels c and d), and is therefore less prone to the
deep inversions characteristic of the Urumgqi basin. This paired comparison illustrates how
topographic constraint may strongly condition winter pollution accumulation, even when
phenological and forest-resource indicators appear broadly comparable. It is not, however,
a controlled natural experiment: industrial structure, energy-mix composition, transport
intensity, and population density also differ between the two cities and may contribute to
the observed PM; 5 gap. The Urumgi-Xining pair, therefore, serves as an illustrative paired
comparison that complements, rather than substitutes for, the four-quadrant heterogeneity
analysis above.

Urumgqi Real DEM Terrain Detail
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Figure 5. Digital elevation model-based terrain comparison for Urumgi and Xining. (a,b) Urumgi
3D terrain surface and contour map; city-centre elevation ~ 886 m; relief span ~ 2463 m. Urumgqi
sits in a semi-enclosed basin on the northern slope of the Tianshan range, with strong winter inver-
sions that suppress vertical mixing. (c¢,d) Xining 3D terrain surface and contour map; city-centre
elevation =~ 2260 m; relief span =~ 1419 m. Xining occupies the relatively open Huangshui river valley
and is less prone to deep winter inversions. DEM source: SRTM 90 m, sampled via OpenTopoData;
spatial extent fixed at ~1.2° x 1.2° around each city centre.
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Table 6. Urumgi vs. Xining: matched phenological and forest-resource indicators, divergent topography.

Indicator Urumgqi Xining
Winter PM; 5 (ug m~3) 119.6 55.6
Summer PM; 5 (ng m3) 18.6 24.6
Winter-to-summer ratio 6.44 2.26
Winter wind speed (ms~!) 1.81 1.91
Dynamic forest area (km?) 31.0 16.7
EFC (km?) 22.0 11.1
Evergreen fraction 0.38 0.35
PHM share 0.417 0.417

3.6. Robustness

We conduct several robustness checks consistent with the small number of clusters
in the panel. First, across six alternative sigmoid parameter combinations, the EFC coeffi-
cient on PMj; 5 ranges from —0.039 to —0.068 and remains negative in every specification,
supporting the directional robustness of the phenology mechanism. Second, alternative
PHM thresholds at LPR < 0.2 and LPR < 0.4 produce qualitatively similar quadrant
patterns: PHM remains positive and significant in Q4 and statistically not different from
zero in Q3. A continuous mismatch indicator constructed as (1 — LPR; ;) x HI;; was also
estimated, but does not reach statistical significance in the pooled model (f = —0.008,
p = 0.71 under city-clustered SE); the binary PHM formulation captures a cleaner threshold
concept and proves more useful operationally, though the continuous form is retained
as a supplementary check, and the non-result is acknowledged in the Limitations. A full
comparison of the two specifications, including standard errors and confidence intervals, is
provided in Appendix A (Table A1). Third, Table 3 reports the coefficient on log(1 + EFC)
under three SE specifications. Under city-clustered SE, the coefficient is —0.040 (p = 0.523),
indicating that the association is directional but does not reach conventional significance
with only 15 clusters. Under Driscoll-Kraay SE (bandwidth 12 months), which controls
jointly for cross-sectional and serial dependence, the same coefficient is significant at the 5%
level (B = —0.040, SE = 0.018, p = 0.023). The wild cluster bootstrap (Rademacher weights,
B = 999) yields a p-value of 0.541, consistent with the clustered result, reflecting the limited
number of clusters rather than the absence of an association. The negative direction is
preserved across all three specifications. Fourth, leave-one-city-out tests confirm that no
single city drives the headline directional finding: the sign of the EFC coefficient is pre-
served in all 15 leave-out variants, although magnitudes shift modestly when basin cities
(Urumgi, Lanzhou) are excluded. The divergence between SE specifications highlights the
limited effective number of city clusters [50,51]; the Driscoll-Kraay result is informative
precisely because it relaxes the independence assumption across cities, capturing the com-
mon seasonal forcing that city-clustered SE cannot absorb. We therefore treat the directional
consistency across all three specifications as the primary evidence.

4. Discussion
4.1. Interpretation of Main Findings

The directionally negative but statistically inconclusive pooled association between
effective forest capacity and PM; 5 under conservative inference is not, in itself, a failure of
the analytical approach. Rather, it reflects a well-known pattern in urban forest research:
when studies aggregate observations across cities and seasons without accounting for the
underlying emission and phenological contexts, average effects are inherently attenuated.
Nowak et al. [14] demonstrated that tree-based pollution removal in the United States is
highly heterogeneous across counties and strongly dependent on local pollution loads,
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a finding echoed by Zhang et al. [52] for Shanghai and by Liu et al. [16] for Jinan, where
forest effects on PM, 5 were clearly stronger during the growing season than in winter.
The mechanistic basis for the negative direction is well established: dry deposition and
stomatal uptake, documented by Nowak et al. [8] and by Seebg et al. [10] at the leaf and
canopy scale, predict that forests remove particulates and gaseous pollutants when foliage
is physiologically active. The key contribution of phenology-aware modelling is precisely
to reveal when this mechanism is constrained: by compressing EFC during the high-
pollution winter months, the sigmoid weighting reduces the average covariance between
forest capacity and concentration, and thereby exposes the structural mismatch between
ecological supply and anthropogenic demand. This compression is itself informative,
because it shows that the use of static forest-area indicators conflates periods of high
and low ecological supply, and that the apparent average effect conceals considerable
within-city and cross-city variation.

The multi-pollutant results reinforce this interpretation. The statistically robust nega-
tive associations of EFC with SO, (coefficient —0.127, p < 0.05) and O3 (—0.062, p < 0.05)
are consistent with the large literature on stomatal uptake of soluble gaseous pollutants,
as documented by Nowak et al. [8] and Seebg et al. [10], and with canopy cooling as a
suppressor of secondary photochemistry, as shown by Bowler et al. [12]. These gases tend
to be less spatially diffuse and more directly coupled to local vegetation activity than PM; 5,
whose concentration integrates a broader mix of regional transport, secondary formation,
and hygroscopic growth processes. The positive HI coefficient on O3 is consistent with
elevated nitrogen oxides from heating combustion interacting with photochemical cycles:
higher nitrogen oxide emissions during the heating season shift the photochemical equilib-
rium in ways that can elevate ambient ozone, a pattern documented by Song et al. [34] for
Chinese cities, where winter heating is closely associated with elevated urban ozone con-
centrations. The BVOC caveat remains important: several urban tree species emit isoprene
and monoterpenes that, under high temperatures, can contribute to O3 and secondary
organic aerosol formation, as Calfapietra et al. [21], Fitzky et al. [22] and Ghirardo et al. [23]
showed for urban trees; a risk that is, however, substantially reduced in the cold winter
months that dominate the PHM window.

The binary PHM indicator captures a temporal coupling that has been recognised
qualitatively in the literature but not previously tested as an explicit panel variable. The
winter coincidence of leaf-off deciduous vegetation and peak heating-season emissions
is not simply the sum of two independent effects; it represents a structural configuration
in which the primary nature-based mitigation mechanism is least active precisely when
the anthropogenic emission pressure is greatest. Wang et al. [33] provided the most direct
micro-scale evidence for this asymmetry, showing that deciduous street trees lose their
particulate-matter capture capability substantially after leaf senescence, while evergreen
trees maintain a more stable winter interception function. Cao et al. [19] confirmed at
the landscape scale that the combined cooling and PM; 5-removal effects of urban forests
diverge sharply between summer and winter, with winter effects considerably weaker.
Chang et al. [20] further showed, using machine-learning seasonal decomposition, that
the relative contributions of forest cover and built-up area to ambient PM, 5 can reverse
sign between seasons, suggesting that static landscape metrics misattribute the direction of
influence in winter months. These findings collectively confirm that the PHM mechanism
identified in this study builds upon and extends prior seasonal evidence to an explicit
panel-model framework.

The supply-side compression implied by PHM is compounded on the demand side by
heating-season emissions. Fan et al. [36] and Song et al. [37] demonstrated that coal-fired
district heating is the dominant driver of winter PM; 5 peaks in northern Chinese cities,

https://doi.org/10.3390/land 15061022


https://doi.org/10.3390/land15061022

Land 2026, 15, 1022

15 of 22

and that the magnitude of this effect far exceeds what local green infrastructure could
plausibly offset. This supply—demand framing positions PHM as a diagnostic rather than
a causal variable: months in which PHM is active are months when the forest mitigation
system is structurally inadequate relative to the emission burden, regardless of the total
forest area available.

The four-quadrant decomposition reveals that the forest-PM, 5 relationship is not sim-
ply attenuated in aggregate but actually structurally different across emission—dispersion
contexts. This heterogeneity has precedents in the literature: Zhou et al. [38] found highly
spatiotemporally variable landscape—pollution relationships in Urumgqi using geographi-
cally and temporally weighted regression, and Guo et al. [32] showed that urban expansion
can progressively decouple forest extent from actual PM; 5 removal capacity in rapidly
urbanising cities. At a broader spatial scale, Zhu et al. [26] documented substantial vari-
ation in landscape-PM; 5 relationships across 2001-2020 across Chinese cities, and Hao
and Liu [42] identified structural heterogeneity in the urban PM, 5 drivers using spatial
econometric methods. The present quadrant typology extends this body of evidence by
attributing heterogeneity to a specific emission-dispersion mechanism, rather than treating
it as a statistical artefact.

In Q3, comprising dry semi-humid cities (Lanzhou, Xining, Yinchuan, Shijiazhuang),
the significantly negative EFC coefficient provides a hypothesis-generating signal that
forest capacity retains a marginal air-quality value even after controlling for city-level fixed
effects and meteorological confounders. Given that Q3 contains only four cities (n = 4), this
finding should be treated as an exploratory pattern rather than a confirmed, generalizable
effect. The restricted subgroup size warrants explicit caution: with only four cities, each
observation exerts substantial leverage on the quadrant-level estimate, and the statistical
significance of the EFC coefficient (—0.081 **, SE = 0.039) should not be interpreted as
evidence of a stable, generalisable effect. Leave-one-city-out sensitivity within Q3 yields
a coefficient range of —0.052 to —0.109, with significance retained in three of the four
variants, indicating directional robustness but not insensitivity to individual city influence.
The Q3 result is therefore presented as a hypothesis-generating pattern that motivates
future work with a larger city sample spanning the dry semi-humid zone, rather than
as a policy-ready estimate. This finding is nonetheless consistent with Wang et al. [53],
who showed that urban greening reduces incremental PM, 5 concentrations in contexts
where emission burdens are moderate, and extends their cross-sectional evidence to a
dynamic phenology-aware panel setting. By contrast, in Q4 low-burst high-dispersion
plain cities (Beijing, Tianjin, Taiyuan, Jinan), the HI coefficient of +1.859 (significant at
p < 0.001) dwarfs the forest effect, confirming that heating-season exposure is the primary
determinant of winter PM, 5 in these environments. The PHM coefficient in Q4 is also
significant (4+-0.094, p < 0.001), suggesting that the phenological mismatch further amplifies
PM; 5 beyond the average heating effect, consistent with the mechanistic argument that leaf-
off periods remove a meaningful fraction of the residual mitigation capacity. Song et al. [34]
confirmed that fuel substitution is the most effective lever for reducing winter pollution in
high-HI environments, and the present results reinforce that greening strategies in such
cities should be designed as complements to, rather than substitutes for, emission control.

The positive EFC coefficients in Q1 and Q2 high-burst cities should not be interpreted
as evidence that forests degrade air quality. Several confounding pathways are plausible:
reverse causality arising from more heavily polluted cities investing more aggressively in
greening, as Wang et al. [25] documented for the National Forest City programme; spatial
mismatch between peri-urban forest locations and industrial or traffic emission hotspots,
as Guo et al. [32] showed in rapidly urbanising Chinese cities; and suppression of the
forest sink by dominant background pollution loads in low-dispersion basin environments.
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The small number of cities per quadrant (three to four) means that quadrant-level co-
efficients are sensitive to individual city influence, and results should be interpreted as
directional patterns rather than precise causal estimates.

The paired comparison between Urumgi and Xining provides an illustrative case for
how topographic structure can condition winter pollution accumulation independently of
forest-resource or phenological endowment. The two cities have near-identical evergreen
fractions (0.38 vs. 0.35) and identical PHM shares (0.417); yet, winter PM; 5 in Urumgqi
exceeds that of Xining by more than a factor of two. Cai et al. [40] demonstrated through
numerical simulation that Urumgqi’s semi-enclosed basin geometry generates persistent
near-surface temperature inversions that suppress vertical mixing and trap pollutants;
Wang et al. [39] showed quantitatively that river-valley topography can substantially con-
strain pollutant dispersion at the urban scale, and Xiong et al. [41] documented analogous
topographic confinement effects in Chengdu. These findings collectively support the argu-
ment that topographic dispersion capacity is a first-order modifier of the forest-pollution
relationship: in environments where inversions routinely suppress the atmospheric bound-
ary layer, even full leaf-on forest capacity may be insufficient to overcome the physical
barrier to dilution.

4.2. Policy Implications

Jeong et al. [54] demonstrated that the spatial configuration of street-tree networks
modulates PM, 5 concentrations in ways that depend on local wind conditions, reinforcing
the view that a single national greening standard is insufficient. The present results extend
this argument from the street scale to the city-type scale: the heterogeneity of the forest—
air quality relationship across emission—dispersion contexts has direct implications for
differentiated, climate-responsive greening policy, and cities offering the highest potential
marginal air-quality benefit from forest expansion are not necessarily the largest or most
politically visible.

In Q3 dry semi-humid cities, subject to the exploratory nature of the Q3 subgroup
finding (n = 4 cities), the significantly negative EFC coefficient suggests that green infras-
tructure retains measurable marginal air-quality value in this context, where moderate
heating-season exposure and intermediate dispersion capacity mean that incremental
changes in forest cover are not overwhelmed by emission or ventilation constraints. Ex-
panding both the total forest area and the evergreen fraction is therefore a relevant policy
direction, since a higher proportion of year-round functional capacity can help narrow the
supply—demand mismatch during the leaf-off period. Species selection guided by local phe-
nological characteristics remains an important design consideration, as Calfapietra et al. [21]
and Wang et al. [33] both emphasised for BVOC-aware urban planting.

In Q4 plain heating-dominated cities, the dominance of the HI coefficient implies that
greening alone is unlikely to offset winter PM, 5 peaks unless coordinated with structural
changes to the heating system. Fan et al. [36] attributed peak winter pollution in northern
Chinese cities primarily to coal-fired district heating, a finding reinforced by Song et al. [37],
who documented declining but still substantial heating-related pollution under recent
clean-heating policies. Xue et al. [55], Hong and Liu [56], and Weng et al. [57] further
showed that coal-to-gas and coal-to-electricity substitution can reduce winter PM; 5 sub-
stantially in the Beijing—Tianjin—-Hebei corridor. Nie et al. [58] documented that the national
average PM, 5 concentration in 74 key cities fell by more than 50% between 2013 and 2022
alongside expanding clean-heating coverage. These emission reductions are the necessary
precondition for forest-based mitigation to become effective: as fuel substitution lowers the
emission burden, the relative weight of the forest sink in the PM, 5 budget may grow over
time, making the two policy instruments complementary. The PHM finding adds a further
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implication: raising the evergreen fraction in Q4 cities extends the functional forest window
into the months of peak heating-season exposure, potentially narrowing the mismatch gap
even ahead of complete fuel transition, consistent with evidence from Wang et al. [33] on
evergreen street-tree interception and Guo et al. [32] on dynamic PM; 5 removal capacity.

In topographically constrained basin cities such as Urumgqi and Lanzhou, Wang et al. [39]
and Cai et al. [40] showed that atmospheric mixing is structurally limited by terrain
geometry, meaning that increasing forest cover without addressing the physical dispersion
constraint risks adds a biogenic emission source from BVOC-emitting species without
a commensurate increase in pollutant removal. Ventilation corridor planning, building
setback standards, and restriction of high-density development in inversion-prone terrain
are therefore complementary instruments to forest expansion in these contexts, consistent
with the dispersion evidence of Wang et al. [39], Cai et al. [40] and Xiong et al. [41].

None of these policy recommendations should be read as direct causal estimates of
intervention effectiveness. They are conditional implications derived from the direction
and heterogeneity of the observed associations under the assumption that the fixed-effects
framework adequately controls for city-level time-invariant confounders. Future research
is encouraged to pursue quasi-experimental designs that exploit policy discontinuities to
strengthen causal interpretation.

4.3. Limitations and Future Research

Several limitations are acknowledged. First, the 15-city sample is sufficient for panel
identification with three-way fixed effects but limits the effective degrees of freedom for
clustered standard errors, reflected in the gap between HC3 and clustered significance
levels. Second, evergreen fractions are based on synthesised greening reports rather than
uniform field surveys and are subject to measurement uncertainty that propagates through
EFC construction. Third, OSM-derived forest geometry may partly reflect mapping in-
tensification rather than physical land-cover change; phenological validation via NDVI
comparison has been extended from Beijing to Jinan (plain, Q4; r = 0.891, RMSE= 0.210)
and Urumgi (basin, Q1; r = 0.952, RMSE= 0.146), confirming seasonal tracking across
contrasting topographic and climatic contexts. The positive mean bias in Jinan is consistent
with species-composition differences relative to the sigmoid’s temperate-deciduous calibra-
tion. Multi-city validation with finer-resolution canopy cover data from Hansen et al. [49]
remains a priority. Fourth, phenology dynamisation does not amplify the average for-
est effect; its value lies in enabling discrete coupling indicators rather than tightening
pooled estimates, a finding that points to a methodologically richer treatment of phenol-
ogy, for example, using city-level remotely sensed leaf-area index time series, in future
work. Fifth, a continuous coupling indicator constructed as the product of leaf-off share
and heating-season exposure does not reach statistical significance in this sample; the
discrete PHM formulation is the more useful operationalisation in the current data, and the
non-significance of the continuous form (p = 0.71) suggests that the phenology-heating
coupling may operate through a threshold rather than a proportional mechanism, con-
sistent with the non-linear dynamics of canopy senescence; investigation with larger city
samples is warranted (see Appendix A). Together these limitations define a clear agenda:
expanding the city panel, refining phenology inputs with satellite-based observations,
and pursuing quasi-experimental designs that exploit policy discontinuities to move from
the directional associations documented here to causal estimates.

5. Conclusions

Three main contributions emerge from the analysis. Methodologically, EFC oper-
ationalises urban forest cover as a climate-driven dynamic system by integrating the
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dynamic forest area, a sigmoid leaf-on share, and city-specific evergreen fraction into a
single monthly indicator, while PHM captures the temporal window in which the ecolog-
ical supply deficit and peak heating-season emissions coincide. Empirically, statistically
robust negative associations emerge for SO; (B = —0.127, p < 0.05) and O3 (8 = —0.062,
p < 0.05); the EFC-PMj 5 association is directionally negative but statistically inconclusive
under conservative inference (city-clustered SE: p = 0.523; wild bootstrap: p = 0.541).
The central spatial findings are the four-quadrant decomposition and the Urumqi—Xining
comparison: four-quadrant decomposition reveals that the sign and magnitude of forest—
pollution relationships vary substantially with local emission burden and atmospheric
dispersion capacity. For policy, the results argue against a uniform national greening
standard: Q3 cities show a hypothesis-generating negative EFC-PM, 5 signal in this ex-
ploratory sample (n = 4 cities), suggesting a context where forest capacity may retain
greater marginal relevance, though confirmation with a larger sample is needed; in heating-
dominated Q4 cities, the HI coefficient dominates, and forest expansion must be coordi-
nated with fuel-substitution programmes; and in topographically constrained basin cities,
ventilation-sensitive urban design is a necessary complement to any greening strategy.
Future quasi-experimental work exploiting policy discontinuities is needed to move from
these directional associations to confirmed causal estimates.
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Abbreviations

The following abbreviations are used in this manuscript:

EFC Effective Forest Capacity

HI Heating-season Exposure (institutional heating timing indicator)
LPR Leaf-on Proportion (sigmoid leaf-on share)

PHM Phenology-Heating Mismatch

PMy 5 Fine Particulate Matter (<2.5 um aerodynamic diameter)

NO, Nitrogen Dioxide

50, Sulphur Dioxide
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O3 Ozone

BVOC Biogenic Volatile Organic Compound

CNEMC China National Environmental Monitoring Center
CHAP Continuous High-resolution Air Pollutants

ECMWEF European Centre for Medium-Range Weather Forecasts
OSM OpenStreetMap

HDD Heating Degree Day

HC3 Heteroskedasticity-Consistent standard errors (type 3)
DEM Digital Elevation Model

SRTM Shuttle Radar Topography Mission

RMSE Root Mean Square Error

MAE Mean Absolute Error

MAPE Mean Absolute Percentage Error

Appendix A. Binary PHM Versus Continuous Mismatch: Full
Specification Comparison

Table A1l presents the complete regression results for the binary PHM specification
retained in the main analysis and the continuous mismatch formulation (1 — LPR; ;) x HI;;
reported as a robustness check in Section 3.6. Both specifications use the same city—year—
month fixed-effects structure, meteorological controls, and city-clustered standard errors as
the main models.

The non-significance of the continuous form (8 = —0.008, p = 0.710) does not invali-
date the binary PHM specification. The two represent distinct functional form assumptions
about the phenology-heating coupling mechanism: the binary form captures a threshold
concept in which the mismatch activates discretely when deciduous canopy cover falls
below approximately 30% and heating is active, while the continuous form assumes a
proportional interaction. The non-significance of the proportional form is consistent with
the non-linear dynamics of canopy senescence, which involves rapid leaf fall over a short
temperature window rather than a gradual linear decline. Sensitivity analyses with PHM
thresholds of LPR < 0.2 and LPR < 0.4 yield qualitatively similar quadrant patterns
(PHM significant in Q4, not significant in Q3), supporting the robustness of the threshold
operationalisation. Investigation of fuzzy-set or spline-based continuous specifications
with a larger city sample is warranted in future work.

Table Al. Binary PHM vs. continuous mismatch: PM; 5 pooled model. City—year—-month FE; city-
clustered SE; N = 1464; 15 cities. Both specifications use identical meteorological controls.

Specification Functional Form Coef. SE p-Value 95% CI

Binary PHM 1{LPR < 0.3 and HI >0} = Threshold (discrete) =~ —0.011  0.059 0.853 [—0.127, 0.105]

Continuous (1 — LPR) x HI Proportional ~0.008 ~0.063 0710 [—0.133, 0.117]
(continuous)
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