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Abstract 

As digital platforms reshape cities, urban spaces now host both routine functions and at-
tention-driven experiential activities. However, traditional studies often conflate these 
distinct modes into aggregate activity intensity or urban vitality metrics. This study oper-
ationalizes spatial engagement through two proxy dimensions—routine use (RU) and 
digitally expressed experiential attention (EA)—and applies Ordinary Least Squares 
(OLS) and Random Forest SHapley Additive exPlanations (Random Forest SHAP) to 
multi-source behavioral and built-environment data from Shanghai to evaluate their spa-
tial misalignment and built-environment associations. The results show that RU and EA 
are only moderately aligned and exhibit distinct spatial patterns. RU follows a more con-
tinuous center-to-periphery distribution, whereas EA is more selectively concentrated 
around landmarks and commercial destinations. Their built-environment associations 
also differ: RU is more strongly related to building density (β = 0.159) and functional mix 
(β = 0.226), while EA is more closely associated with service accessibility (β = 0.262) and 
syntactic integration (β = 0.210). In addition, under the random-split evaluation, RU is 
more readily predicted from the included built-environment variables, whereas the spa-
tial block results indicate limited geographic transferability for EA and UAG. These find-
ings provide a differentiated framework for moving beyond monolithic metrics and for 
interpreting relative contrasts between recurrent functional use and digitally expressed 
attention. 

Keywords: urban vitality; routine use; experiential attention; spatial misalignment; built 
environment; interpretable machine learning 
 

1. Introduction 
Urban space is increasingly expected to serve not only everyday functional needs but 

also experience-oriented and attention-seeking forms of engagement. The widespread 
adoption of digital platforms and the rise of the attention economy have generated new 
forms of demand for urban space [1,2]. While cities must continue to support essential 
everyday functions such as commuting, shopping, and local service provision [3,4], peo-
ple are increasingly seeking places that offer memorable experiences and opportunities so 
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that they can record and share them through digital media [5,6]. Against this background, 
some places are increasingly designed and managed to attract experiential engagement 
and public attention [1,2], whereas others continue to primarily support the routines of 
everyday urban life [7]. Rather than being mutually exclusive, these functions are com-
plementary and together satisfy different dimensions of human needs [4,8]. Understand-
ing how spaces serving different functional orientations coexist, overlap, or diverge is 
therefore essential for developing a more comprehensive understanding of urban systems 
[9,10]. Such knowledge provides an important basis for planners to identify the dominant 
functions of different places and to formulate planning and design strategies that are 
aligned with diverse urban development objectives [3,11]. 

Despite the multifunctional nature of urban space, its value is still commonly evalu-
ated through aggregate measures of activity intensity that do not distinguish why people 
use different places. Existing studies have largely adopted a single-dimensional perspec-
tive to assess the importance of urban space, focusing on indicators such as usage fre-
quency or urban vitality, while overlooking the purposes for which spaces are used 
[9,12,13]. Such a perspective oversimplifies our understanding of why residents use urban 
spaces, as well as the actual functions and meanings these spaces embody. Recent reviews 
confirm that the large majority of vitality studies employ a single measure of activity in-
tensity without distinguishing the behavioral purposes that generate these signals [12,14]. 
Even when researchers construct multi-dimensional indices or apply advanced predictive 
and subjective approaches, the resulting output remains a single aggregate variable that 
does not differentiate the behavioral purposes composing overall intensity [15–17]. Multi-
source studies have observed that different activity proxies yield spatially inconsistent 
patterns [18–20], yet such divergence has generally been attributed to measurement dif-
ferences and not examined as a substantive spatial phenomenon. By merging different 
forms of spatial behavior into unified intensity measures, they overlook the possibility 
that each form is associated with distinct environmental conditions. Such a unified per-
spective oversimplifies the multifunctionality of urban space and limits our understand-
ing of the roles that different spaces play in urban life. 

The Use–Attention framework connects two strands of scholarship. Urban vitality 
research commonly evaluates the intensity of human activity but often aggregates activi-
ties with different purposes into a single measure [12,14]. Digital urban research shows 
that platform visibility is selectively produced through geotagging, recording, and shar-
ing practices and may therefore diverge from ordinary functional use [1,5,7,21,22]. Con-
ceptually, the framework asks whether recurrent functional engagement and digitally ex-
pressed experiential attention are spatially aligned. The framework is potentially applica-
ble beyond a single city or data source, whereas any numerical UAG indicator is an oper-
ationalization whose values depend on the selected proxies, spatial unit, study period, 
and urban context [9,21,23]. 

Although previous studies have extensively examined the associations between 
physical features and overall spatial use intensity, the specific factors associated with the 
divergence between routine use and experiential attention remain largely unclear. A 
broad body of empirical work has established consistent associations between built-envi-
ronment characteristics and aggregate human activity. Density, land-use diversity, and 
the remaining “5D” indicators are among the most replicated predictors of pedestrian vol-
ume and overall urban vitality [13,24,25]. Structural accessibility measured through space 
syntax has been linked to movement flows [26,27], and street-level visual attributes quan-
tified from panoramic imagery, such as greenery, enclosure, and sky openness, correlate 
positively with perceived vibrancy [28,29]. These findings span multiple cities and scales, 
yet they rest on a common analytical premise: human activity is modeled as an undiffer-
entiated aggregate. Recent work has disaggregated vitality along functional, modal, and 
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temporal dimensions. The associations between built-environment factors and vitality 
have been found to vary across urban functional types [30], between pedestrian and cy-
cling mobility modes [31], and between daytime and nighttime periods [23,32]. Existing 
studies nonetheless examine each activity dimension in isolation. Whether the same set of 
built-environment characteristics is associated with routine use and experiential attention 
in the same direction and magnitude, or asymmetrically linked to distinct functional ori-
entations of urban space, remains largely unexplored. 

Shanghai offers a valuable case for exploring the coexistence and spatial divergence 
of routine use and experiential attention within a dense, heterogeneous, and attention-
intensive megacity. As a globally connected megacity, its exceptionally dense and hetero-
geneous built environment produces sharp internal contrasts in both everyday use and 
experiential attention [20,33]. Shanghai also exemplifies the intense spatialization of the 
attention economy [1]. The city is deeply embedded in digital attention flows, where 
highly aestheticized, so-called “internet-famous” destinations attract substantial social 
media visibility and disproportionately benefit from urban regeneration and place-mak-
ing investments [6]. Conversely, extensive everyday districts that sustain intensive rou-
tine use often remain relatively underrepresented in digital platforms and receive less vis-
ibility in planning and investment discourse [7]. In such an attention-saturated environ-
ment, there is a heightened risk of attention bias in urban regeneration processes, whereby 
planning resources may be disproportionately directed toward curating and enhancing 
experiential destinations, while the functional conditions of everyday neighborhoods re-
ceive comparatively less attention. Therefore, applying our diagnostic framework to 
Shanghai is not intended to suggest that highly visible cultural districts are superior to 
quiet residential areas; rather, it provides an empirical basis for identifying relative con-
figurations of recurrent functional use and digitally expressed attention. This diagnostic 
perspective is particularly relevant for Shanghai’s ongoing “15-min community life circle” 
initiative. By moving beyond uniform evaluation criteria, planners can develop more con-
text-sensitive spatial strategies that better align with the differentiated roles of urban 
spaces, ensuring that both everyday functional needs and experiential demands are ap-
propriately supported within an integrated and sustainable urban system. 

To bridge this gap, this study introduces the Use–Attention framework to examine 
the spatial relationship between recurrent functional use and digitally expressed experi-
ential attention. The broader framework is potentially applicable across urban contexts, 
whereas the numerical UAG examined here is a case-specific operational indicator con-
structed for central Shanghai. The analysis integrates population estimates, nighttime-
light imagery, geotagged Weibo posts, built-environment inventories, street-level percep-
tual indicators, and space-syntax metrics at a 500 m grid scale across 2615 analytical units 
within the Outer Ring Expressway. Three questions guide the analysis: (i) Do the RU and 
EA proxy indicators exhibit similar spatial patterns, or do they diverge systematically 
across urban space? (ii) Which built-environment characteristics are associated with RU 
and EA, and how do these associations differ between the two proxy dimensions? (iii) Do 
these relationships follow nonlinear patterns, and how do the fitted response profiles 
change across the observed predictor ranges? By addressing these questions, this study 
makes three main contributions. It distinguishes recurrent functional engagement from 
digitally expressed experiential attention rather than treating urban importance as a single 
intensity-based measure. It shows that the two proxy dimensions follow different spatial 
patterns and are associated with different built-environment conditions. It also provides 
an interpretable framework for diagnosing relative use–attention contrasts while recog-
nizing that the Shanghai UAG values are case- and data-dependent. 
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2. Materials and Methods 
2.1. Analytical Framework 

Conceptually, the Use–Attention framework distinguishes recurrent functional en-
gagement from digitally expressed experiential attention. This conceptual distinction may 
be applied in other urban contexts, but the numerical UAG analyzed here is a case-specific 
operationalization based on WorldPop, VIIRS, and Weibo data at 500 m resolution in cen-
tral Shanghai; it is not a universally fixed metric. The analysis proceeds in five steps (Fig-
ure 1). First, two grid-level proxy indicators are constructed: RU combines gridded pop-
ulation and nighttime-light intensity to approximate recurrent functional occupation 
[34,35], whereas EA is derived from geotagged Weibo posts to approximate where place-
based experiences are deliberately made visible through digital posting [5,7,21]. Second, 
both proxies are z-standardized and the case-specific UAG indicator is computed as EA − 
RU. Third, global and bivariate Moran’s I, grid-level Pearson correlation, median-split 
quadrant classification, and LISA assess whether the proxy dimensions and their relative 
contrast are spatially aligned or systematically divergent. Fourth, UAG is modeled against 
socio-demographic characteristics, 5D indicators, space-syntax configuration measures, 
and streetscape perception indicators through standalone, hierarchical, and full Ordinary 
Least Squares (OLS) specifications; the same full model is estimated with RU and EA as 
dependent variables to identify which proxy dimension underlies each UAG association. 
Finally, Random Forest and XGBoost models, implemented using scikit-learn (version 
1.5.1) and the xgboost package (version 3.2.0), respectively, are combined with SHAP and 
ALE to examine exploratory nonlinear predictive patterns across RU, EA, and UAG. 

 

Figure 1. Research framework. 
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2.2. Study Area and Analytical Unit 

The study area covers the region within the Outer Ring Expressway in central Shang-
hai, approximately 620 km2 (Figure 2). It encompasses core Puxi districts (Huangpu, 
Jing’an, Xuhui, Changning, Hongkou, and Yangpu) and the inner-ring portion of Pudong 
New Area. The area contains the highest population density and the greatest functional 
diversity in the Shanghai metropolitan region [20,33]. The study area includes historic 
lane-house neighborhoods, waterfront promenades, large residential estates, commercial 
corridors, and inner-suburban activity nodes. 

We adopt a 500 m × 500 m regular grid as the analytical unit, following neighborhood 
vitality studies at the same resolution [19,29]. This cell size approximates a short walking 
catchment and provides a common neighborhood-scale unit for aggregating geotagged 
Weibo posts and Point of Interest (POI) data. After excluding cells that lack valid 
streetscape perception scores or space-syntax configuration measures, 2615 of the initial 
2769 grids remain. Figure 2 shows the study area and analytical grid alongside the distri-
bution of geotagged Weibo posts. 

   
(a) (b) (c) 

Figure 2. Study area, 500 m analytical grid, and spatial distribution of geotagged Weibo posts. (a) 
Study area within Shanghai Municipality. (b) The 500 m × 500 m analytical grid used for aggrega-
tion. (c) Geotagged Weibo posts distribution within the study area. 

2.3. Construction of Routine Use, Experiential Attention, and the Use–Attention Gap 

Because recurrent functional use and digitally expressed experiential attention are 
latent dimensions that cannot be exhaustively observed through a single dataset [9,10], 
RU and EA are operationalized as theoretically informed proxy indicators derived from 
distinct observable manifestations of spatial engagement. RU approximates recurrent hu-
man presence and infrastructure-supported urban functioning, whereas EA approximates 
the deliberate, platform-mediated visibility of place-based experiences. The case-specific 
UAG indicator is then calculated as the difference between these standardized proxy 
measures. 

Routine-use intensity (RU) combines WorldPop 2024 gridded population (≈100 m 
raster, zonal sum) and VIIRS 2024 nighttime-light intensity (≈500 m raster, NOAA, zonal 
mean). WorldPop provides fine-scale, spatially explicit estimates of resident population, 
including validated high-resolution population distributions for the Chinese context 
[36,37]. In this study, it represents the relatively stable resident base from which repeated 
household activities, daily departures and returns, and recurring demand for neighbor-
hood services are generated. VIIRS directly observes artificial low-light emissions, and 



Buildings 2026, 16, 3002 6 of 25 
 

https://doi.org/10.3390/buildings16153002 

prior studies show that nighttime radiance is systematically associated with human set-
tlements and with local demographic, socioeconomic, and infrastructure conditions 
[38,39]. Residential lighting, office operations, retail and service provision, transport facil-
ities, and evening leisure activities all contribute to this electricity-dependent signal [38]. 
Nighttime light is therefore interpreted as an aggregate indication of sustained electrified 
urban operation rather than as a direct count of people, trips, or visits. Combining the 
resident population base with nighttime radiance broadens the observable content of RU 
beyond either source alone. Nevertheless, the composite may also capture general urban 
intensity and does not directly observe commuting purposes, transient daytime popula-
tions, pedestrian movement, or all forms of everyday use [37–39]. RU is consequently in-
terpreted as an indicative proxy for recurrent functional occupation rather than as a com-
plete measure of routine behavior or mobility. Both inputs are log1p-transformed and z-
standardized before being averaged with equal weights: RU෪୧ = ൣz൫log1p ሺpop_sum୧ሻ൯ + z൫log1p ሺntl_mean୧ሻ൯൧/ 2 (1) 

The intermediate composite is z-standardized to give the final RU score: 𝑅𝑈௜ = 𝑧൫𝑅𝑈෪௜൯ (2) 

Equal weights are used because population and nighttime light represent comple-
mentary manifestations of recurrent functional occupation: the stable resident base that 
repeatedly generates activity demand and the sustained electricity-dependent operation 
of urban functions. Results are robust to weights ranging from 0.3/0.7 to 0.7/0.3 (Table S1). 

Digitally expressed experiential-attention intensity (EA) is constructed from ge-
otagged Weibo posts. Previous urban studies have used geotagged social-media data to 
characterize one dimension of urban vibrancy and dynamics, reveal mobility and prefer-
ence patterns, and approximate the popularity of places [7,9,22,40]. The relevance of these 
records to EA lies in their data-generating process: a user actively associates a public post 
with a geographic location, thereby converting a place-based experience into a digitally 
visible and communicable trace [21,22]. Aggregated records therefore indicate where 
places are more frequently selected for public digital expression. They do not measure 
total visitation, the full range of experiential attention, or the preferences of the entire pop-
ulation. 

EA is calculated from public Sina Weibo posts with user-attached geographic coor-
dinates rather than venue transactions linked to specific establishments [9,40]. The records 
span the full year 2024 and were collected from the Sina Weibo open platform 
(https://open.weibo.com). Wi denotes the raw geotagged-post count within grid i; because 
the dataset does not include user-level identifiers, Wi is an aggregate intensity measure 
and does not represent a unique-visitor count. The geographic coordinates were used 
solely to assign the posts to 500 m grid cells, and no user-level identifiers were retained in 
the analytical dataset. Records lacking valid coordinates or falling outside the study-area 
boundary are removed before spatial joining to the 500 m grid; 885,039 records fall within 
the 2615 valid grids (2255 grids with at least one record, 360 with none). Zero-count grids 
are retained because the absence of a recorded post is a meaningful value of the EA proxy 
rather than missing data. A 0.5 offset keeps these grids on a finite scale after log-transfor-
mation, and EA is defined as: 𝐸𝐴ᵢ = 𝑧ሾ𝑙𝑜𝑔ሺ𝑊ᵢ + 0.5ሻሿ (3) 

The distinction between RU and EA is grounded in the different mechanisms through 
which the observable traces are generated. RU-related signals arise from persistent resi-
dential concentration and repeated urban operation regardless of whether activities are 
publicly recorded. EA-related signals become observable when users deliberately associ-
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ate public digital content with places. The former therefore approximates recurrent func-
tional occupation, whereas the latter approximates digitally expressed place salience. Nei-
ther proxy exhaustively measures its corresponding construct, but each records a theoret-
ically relevant manifestation of a different mode of spatial engagement. 

Because RU and EA are each z-standardized, the case-specific UAG indicator is cal-
culated as their direct difference: 𝑈𝐴𝐺ᵢ = 𝐸𝐴ᵢ − 𝑅𝑈ᵢ (4) 

Positive UAG values indicate that the standardized EA proxy is higher than the 
standardized RU proxy within the study sample, whereas negative values indicate that 
the RU proxy is relatively higher. Values near zero indicate similar standardized proxy 
scores. These contrasts do not establish absolute experiential dominance, inadequate pub-
lic or planning attention, or equality between the underlying behaviors; they describe only 
the relative position of two case-specific proxies. 

UAG is not z-standardized again after subtraction. Retaining the direct difference 
preserves its interpretation in the common standardized units of the two proxy indicators. 
Its numerical values are sample-relative and conditional on the selected data sources, 
transformations, 500 m spatial unit, study period, and Shanghai context. 

As a scaling sensitivity check, RU and EA are also transformed using empirical-rank 
inverse-normal scores. Tied values, including zero-post-count grids, receive the same av-
erage rank. The alternative gap is defined as UAG_rank = EA_rank − RU_rank. This spec-
ification reduces sensitivity to the zero offset and extreme values while preserving the 
ordinal geography of both indicators (Table S9). 

2.4. Spatial Diagnosis of Use–Attention Gap 

We calculated global Moran’s I separately for RU, EA, and UAG to assess the degree 
of spatial clustering in each measure [41]. All spatial statistics in this section use a row-
standardized eight-nearest-neighbor weights matrix (999 random permutations). 

Pearson’s r across the 2615 grids quantifies the grid-level correspondence between 
RU and EA. Bivariate Moran’s I extends the comparison to neighboring grids by measur-
ing the spatial correlation between one indicator at a given grid and the other at adjacent 
grids [42,43]. The local indicator is calculated as: 𝐼௜௞௟ = 𝑧௜,௞෍𝑤௜௝௝ 𝑧௝,௟ (5) 

where 𝑧௜,௞ and 𝑧௝,௟ are the standardized values of RU at grid i and EA at neighboring 
grid j, and 𝑤௜௝ is the spatial weight. An RU–EA scatter plot colored by UAG visualizes 
departures from the 45-degree line. 

Following Xu et al. [20], we cross-classified grids by the medians of RU and EA, yield-
ing four types: High RU–High EA, High RU–Low EA, Low RU–High EA, and Low RU–
Low EA. A grid classified as Low RU–High EA, for example, has routine-use intensity 
below the median and experiential attention intensity above it. The continuous UAG value 
is retained alongside the typology as the gap intensity entered into subsequent models. 

We calculated Local Moran’s I for UAG to identify grids where positive or negative 
gap values concentrate spatially. This statistic detects whether a grid and its neighbors 
share similarly high or low UAG values and locates contiguous gap clusters. In the LISA 
results, high–high and low–low clusters denote local associations in UAG values, not the 
four RU–EA types defined above. UAG high–high clusters indicate neighboring grids 
with relatively higher standardized EA proxy scores than RU proxy scores, whereas low–
low clusters indicate the reverse. We cross-tabulated the LISA-classified grids with the 
four RU–EA types to examine whether gap concentrations coincide with particular com-
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binations of RU and EA. All global and bivariate Moran’s I values are re-estimated under 
k = 4 and k = 6 nearest-neighbor weights; results are directionally consistent across the 
three specifications (Table S2). 

2.5. Explanatory Variables and Data Alignment 

The explanatory variables are organized into four groups: 5D indicators, space-syn-
tax configuration measures, streetscape perception indicators, and socio-demographic 
characteristics (Table 1). 

Table 1. Explanatory variables and theoretical roles. 

Group Variable Definition Data Source (Year) 

5D indicators 

Building density  Building footprint area ratio within grid Baidu Footprints (2024) 

POI functional mix  
Shannon entropy over POI major categories 

within grid (Diversity—functional mix). 
Amap (Gaode) POI (2024) 

Intersection density  log(1 + number of intersections) within grid. OSM (2024) 
Road density  Road-length density within grid (Design). OSM (2024) 

Road connectivity  Road network connectivity within grid. OSM (2024) 

Service accessibility  
Min-max normalized count of service POIs 

within 500 m buffer; log(1 + x),  
z-standardized. 

Amap (Gaode) POI (2024) 

Distance to center  Distance from grid centroid to nearest metro-
politan center (km). 

Amap (2024) 

Distance to metro  
log(1 + distance to nearest metro station) (Dis-

tance to transit). Amap (2024) 

Bus-stop density  log(1 + bus-stop density) within grid (Dis-
tance to transit). 

Amap (2024) 

Space-syntax con-
figuration 
measures 

Syntactic integration  Syntactic integration of road segments aggre-
gated to grid (DepthMapX). 

OSM + DepthMapX (2024) 

Space-syntax connectiv-
ity  

Space-syntax connectivity of road segments 
aggregated to grid. 

OSM + DepthMapX (2024) 

Streetscape per-
ception indicators 

Streetscape PC1  

First principal component of six MIT-style 
perception scores; a general positive-percep-
tion component (higher safety, beauty, liveli-
ness, and wealth; lower boredom and depres-

sion). 

Baidu Street View imagery; 
MIT Place Pulse-style per-
ception scoring pipeline 

Streetscape PC2  

Second principal component of the same six 
perception scores; an aesthetic–quiet compo-

nent contrasting visually pleasant, calmer 
streetscapes with more lively ones. 

Baidu Street View imagery; 
MIT Place Pulse-style per-
ception scoring pipeline 

Socio-demo-
graphic character-

istics 

Working-age population Share of population aged 15–59; area-
weighted to grid. 

7th Census (2020) 

Education percentile 
rank 

Zonal mean of the 2020 education percentile 
rank GeoTIFF. 

Zhang et al. (2026), commu-
nity-level education per-

centile rank GeoTIFF, 2020. 
Note: 𝑝𝑜𝑝_𝑠𝑢𝑚  and 𝑛𝑡𝑙_𝑚𝑒𝑎𝑛   are used to construct 𝑅𝑈෪௜ , which is standardized again as 𝑅𝑈௜ ; 𝑤𝑏_𝑐𝑜𝑢𝑛𝑡  is used to construct 𝐸𝐴ᵢ. UAG is defined as 𝐸𝐴ᵢ − 𝑅𝑈௜. The remaining variables are pre-
dictors in the UAG models. 

The 5D indicators and socio-demographic characteristics are defined in Table 1. POIs 
are obtained from the Amap data and reclassified from the Amap first-level category into 
six functional classes: commercial retail, dining, business and office, public services, rec-
reation and leisure, and transport facilities. Functional mix is calculated as Shannon en-
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tropy across these six classes within each grid, with the mapping from Amap first-level 
categories to the six functional classes reported in Table S3. Educational composition is 
measured as the grid-level zonal mean of the 2020 mean education percentile rank raster 
developed by Zhang et al. [44]. Working-age population share is derived from the Seventh 
National Population Census (2020) [45] and matched to the 500 m grid through area-
weighted allocation; it and distance to metro enter the models as controls to absorb demo-
graphic and transit-proximity effects. 

Because accessibility and network position shape how people encounter and move 
through urban space, this study incorporates space-syntax measures to capture the con-
figurational advantages of different locations. Space-syntax configuration measures de-
scribe the movement potential that the street network affords to each location [46,47]. Syn-
tactic integration indexes how easily a road segment can be reached from the rest of the 
network, and space-syntax connectivity records how many segments directly connect to 
it. Both are computed from the OSM road network at global radius (Rn) using angular 
segment analysis in DepthMapX (version 0.8.0) and aggregated to each 500 m grid as seg-
ment-length-weighted means; because the network is clipped at the study-area boundary, 
integration values in edge grids may be attenuated. 

Beyond structural accessibility, the visual qualities of streets also shape how urban 
spaces are experienced and attended to, so this study includes streetscape perception in-
dicators to represent the human-scale environment. Streetscape perception indicators cap-
ture the human-scale visual environment from street-view imagery [48,49]. Baidu Street 
View images acquired in 2024 are sampled at 50 m intervals along road centerlines, yield-
ing 72,552 valid sample points. Each image is scored on six perceptual dimensions (safety, 
liveliness, beauty, wealth, boredom, and depression) using a multi-task DenseNet-121 
model pretrained on the Place Pulse 2.0 dataset [49,50]. The use of this model in Shanghai 
is intended as a transfer-learning application rather than a claim of direct cultural equiv-
alence between the original training context and the present study area. Its use is sup-
ported by two considerations. First, the six perception dimensions are broad visual judg-
ments that have been widely used in comparative streetscape research. Second, closely 
related Place Pulse–style models have been applied in prior studies using Chinese street-
view imagery, suggesting that the learned visual features retain practical descriptive 
value in this context [29,50]. At the same time, the scores should be interpreted as model-
based proxies of relative visual perception rather than direct measurements of how all 
local residents evaluate streetscapes in Shanghai. This limitation is revisited in Section 4.5. 
Point-level scores are averaged within each 500 m grid; grids without valid sample points 
are excluded from the analysis. The six grid-level scores are reduced to two principal com-
ponents before modeling. PC1 loads positively on safety, beauty, liveliness, and wealth 
and negatively on boredom and depression, and is therefore interpreted as a general pos-
itive-perception component. PC2 captures a contrast between aesthetically pleasant, qui-
eter streetscapes and more animated ones: in substantive terms, it distinguishes visually 
appealing but relatively calm environments from streetscapes more strongly associated 
with liveliness. For ease of interpretation, PC2 is labeled the aesthetic–quiet component. 
Loadings and explained-variance ratios for both components are reported in Supplemen-
tary Table S4. 

Before entering the models, skewed non-negative predictors are log1p-transformed 
as indicated in Table 1. The initial predictor pool contains 16 variables. Collinearity among 
the predictor set is screened with variance inflation factors: POI density is removed be-
cause of collinearity with service accessibility, and the 15 retained predictors all have VIF 
values below 3. Descriptive statistics and VIF values for RU, EA, UAG, and the 15 predic-
tors are reported in Table S5. 
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2.6. Spatial Regression Models (OLS and Spatial Error Model) 

All continuous predictors are z-standardized before entry. UAG itself is not re-stand-
ardized after subtraction. We fitted socio-demographic characteristics, 5D indicators, 
space-syntax configuration measures, and streetscape perception indicators to UAG cu-
mulatively in the order listed (Table S6); the full model enters all groups simultaneously: UAGᵢ =  β଴ +  Xୢୣ୫୭, ᵢ βୢୣ୫୭ + Xହୈ, ᵢ βହୈ +  X_syntax, ᵢ β_syntax +  X_street, ᵢ β_street +  εᵢ. (6)

Significance tests for all OLS coefficients use HC3 heteroscedasticity-consistent 
standard errors. The same specification is estimated with RU and EA as dependent varia-
bles, so that each predictor’s association with the gap can be traced to routine use, experi-
ential attention, or both. To account for spatial dependence, we compute residual Moran’s 
I and robust Lagrange Multiplier diagnostics on the row-standardized eight-nearest-
neighbor weight matrix and estimate a spatial error model alongside OLS: UAGᵢ =  Xᵢβ +  uᵢ,   uᵢ =  λ Σⱼ wᵢⱼ uⱼ +  εᵢ. (7) 

where Xᵢ is the full predictor vector, wᵢⱼ the spatial weights, and λ the spatial autocorrela-
tion coefficient. Associations whose direction and significance remain stable across the 
two specifications are considered robust to residual spatial dependence. The spatial error 
model is re-estimated under k = 4 and k = 6 weights; λ remains significant and most coef-
ficient signs are unchanged, with exceptions noted in Table S7. 

2.7. Tree-Based Models and Interpretation (Random Forest, XGBoost, SHAP, and ALE) 

The linear assumption underlying OLS cannot capture the nonlinear associations that 
are likely to shape RU, EA, and UAG. Building upon the full OLS specification, the anal-
ysis therefore advances into machine-learning algorithms. Random Forest and XGBoost 
are fitted to all three outcomes using the same predictor set, as both algorithms are adept 
at modeling nonlinear and interaction effects while offering clear interpretation in urban 
research. Both models are tuned via grid search with five-fold cross-validation. The opti-
mal Random Forest configuration uses 300 trees, a minimum leaf size of 5, and 80% feature 
sampling per split. The optimal XGBoost configuration uses 350 trees with a maximum 
depth of 3, a learning rate of 0.04, row and column subsampling of 85%, and an L2 penalty 
(reg_lambda) of 5.0. ALE profiles are computed over a maximum of 20 quantile-based 
bins. The 2615 grids are partitioned into training (70%), validation (15%), and test (15%) 
sets with the same split applied to all three outcomes, and the best-performing model 
family on the validation set is carried forward to reveal the nonlinear structure of UAG. 
A buffered spatial block cross-validation (5 km blocks, adjacent blocks excluded from 
training) is conducted to check for spatial leakage in the random partition [51] (Table S8). 

The fitted models are interpreted with TreeSHAP [52] for variable importance and 
ALE plots [53] for response shapes. ALE is preferred to partial dependence because it is 
less sensitive to correlated predictors, a relevant consideration given the collinearity 
among built-environment variables in these data. SHAP values are aggregated within the 
four predictor groups to reveal which dimensions of the built environment weigh more 
heavily on the gap than on either indicator alone. ALE curves trace how predicted UAG 
changes across the range of each predictor, identifying the built-environment conditions 
under which the gap shifts direction or intensifies. Tree-based models are used explora-
torily to characterize within-sample nonlinear structure in the observed Shanghai sample. 
Because spatially buffered validation provides a more conservative test of geographic 
transferability, SHAP importance and ALE profiles are interpreted as descriptions of the 
fitted models rather than as causal effects, transferable prediction rules, or planning 
thresholds. 
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3. Results 
3.1. Spatial Distribution of RU, EA, and UAG 

Figure 3 maps the spatial distributions of routine use (a) and experiential attention 
(b), which differ in degree of spatial autocorrelation and in spatial pattern. Routine use 
exhibits strong positive spatial autocorrelation (Moran’s I = 0.752, p < 0.001, Table 2) and 
grades from a continuous high-value core in central Puxi (Nanjing East Road–Bund, Nan-
jing West Road–Jing’an, Huaihai Road–Xintiandi) through the Lujiazui–Century Avenue 
corridor to low values at the Baoshan and outer-Pudong industrial–logistics fringe (Figure 
3a). Spatial autocorrelation is weaker but significant for experiential attention (Moran’s I 
= 0.635, p < 0.001; Figure 3b). High experiential-attention values align with commercial 
corridors and heritage areas, concentrated along the central Puxi commercial spine (Nan-
jing East Road–Bund, Huaihai Road–Xintiandi) and the Hengfu/Wukang historical dis-
trict in Xuhui, with a secondary concentration at Lujiazui–Tangqiao in Pudong. The resi-
dential interior and the industrial–logistics fringe remain low for both measures. 

   
(a) (b) (c) 

Figure 3. Spatial distribution of RU (a), EA (b) and UAG (c) across the 2615 grids within Shang-
hai’s Outer Ring. 

Table 2. Descriptive statistics and global Moran’s I of RU, EA, and UAG. 

Variable Moran’s I Moran z p 
RU 0.752 77.819 <0.001 
EA 0.635 65.731 <0.001 

UAG 0.417 43.204 <0.001 

At the grid level, RU and EA are only moderately correlated (Pearson r = 0.490; Figure 
S1): less than a quarter of the variance in either indicator is shared with the other. 

UAG shows moderate positive spatial autocorrelation (Moran’s I = 0.417, p < 0.001; 
Figure 3c). Positive-UAG grids, where the standardized EA proxy is relatively higher than 
the RU proxy, form continuous bands along waterfront and heritage corridors, concen-
trated around the Hengfu/Wukang historic quarter, the Expo–Qiantan waterfront, and 
several consumption subcenters in Pudong. Negative-UAG grids, where the standardized 
RU proxy is relatively higher, spread across the northern and eastern industrial margins 
of Pudong and the Yangpu–Baoshan belt. These patterns describe spatial contrasts be-
tween proxies rather than absolute experiential or routine-use dominance. 

The median-split cross-classification of RU and EA yields four quadrant types (Fig-
ure 4b). High RU–High EA (n = 903, 34.5%) and Low RU–Low EA (n = 900, 34.4%) together 
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account for nearly 70% of all grids. High RU–High EA forms a continuous zone extending 
across the Puxi inner city into the Lujiazui–Century Avenue corridor. Low RU–Low EA 
occupies a broad peripheral belt spanning northern and eastern Pudong and the Baoshan–
Yangpu margin, with extensions into selected southern corridors. High RU–Low EA grids 
(n = 405, 15.5%) appear as pockets along the northern industrial fringe and in eastern Pu-
dong. Low RU–High EA grids (n = 407, 15.6%) concentrate at commercial and waterfront 
nodes, including Beicai–Zhangjiang and the Expo waterfront–Shanggang corridor, with 
additional occurrences near the Pengpu–Miaohang interface. 

   
(a) (b) (c) 

Figure 4. (a) Local Moran’s I cluster map of UAG; (b) median-split RU–EA quadrant map; (c) rep-
resentative street views for the four RU–EA quadrant types. Street-view images were obtained from 
Baidu Street View; the composite panel was assembled by the authors. 

3.2. Spatial Clustering of UAG 

Local Moran’s I identifies 319 high-UAG and 372 low-UAG cluster grids, together 
covering 26.4% of all grids (Table 3; Figure 4a). High-UAG clusters fall predominantly in 
Low RU–Low EA and Low RU–High EA grids, and low-UAG clusters in High RU–Low 
EA and Low RU–Low EA grids. Within the Low RU–Low EA belt, High-UAG clusters 
scatter across northern Baoshan and the Shanggang–Qiantan waterfront fringe. Along the 
industrial and port margins of eastern Pudong and the northern Yangpu–Baoshan fringe, 
Low-UAG clusters predominate. The High RU–High EA core also contains both cluster 
types: 59 of the 319 High-UAG cluster grids (18.5%) and 75 of the 372 Low-UAG cluster 
grids (20.2%) fall within this zone (Table 3). Spatial outliers are few (72 grids, 2.8%), and 
the gap pattern consists mainly of contiguous clusters. 

Table 3. UAG LISA categories by RU–EA quadrant type. 

LISA Cluster 
High RU– 
High EA 

High RU– 
Low EA 

Low RU– 
High EA 

Low RU– 
Low EA Total n Share of All Grids 

High-UAG 
cluster 59 (18.5%) 0 (0.0%) 124 (38.9%) 136 (42.6%) 319 12.2% 

Spatial outlier 27 (37.5%) 0 (0.0%) 15 (20.8%) 30 (41.7%) 72 2.8% 
Low-UAG clus-

ter 
75 (20.2%) 154 (41.4%) 0 (0.0%) 143 (38.4%) 372 14.2% 

Not significant 742 (40.1%) 251 (13.6%) 268 (14.5%) 591 (31.9%) 1852 70.8% 
Total 903 (34.5%) 405 (15.5%) 407 (15.6%) 900 (34.4%) 2615 100.0% 

Note: Each cell shows n (row %). Columns follow the median-split RU–EA typology and rows fol-
low local Moran’s I on UAG; outliers are grids whose UAG differs significantly from that of their 
neighbors. High-UAG clusters contain neighboring grids with relatively higher standardized EA 
proxy scores than RU proxy scores, whereas low-UAG clusters contain neighboring grids with rel-
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atively higher RU proxy scores. These labels describe relative proxy contrasts and should not be 
interpreted as absolute behavioral dominance. 

3.3. Regression Analysis of the Use–Attention Gap 

Section 3.2 established that UAG is spatially clustered. Table 4 therefore reports the 
full UAG OLS model together with the main k = 8 spatial error specification, while the 
separate RU and EA OLS models identify which side of the gap underlies each association. 
The hierarchical block results remain in Table S6 and the k = 4, 6, and 8 SEM comparison 
in Table S7. Because the spatial-error coefficient is large and significant (λ = 0.786, p < 
0.001), the interpretation below prioritizes associations that remain stable after spatial cor-
rection. 

The three OLS columns in Table 4 should be read jointly. Because UAG is the direct 
difference between the standardized EA and RU proxies, each UAG coefficient represents 
the net balance of the corresponding EA and RU coefficients rather than an independent 
third association. Positive values indicate that the corresponding EA coefficient is more 
positive, or less negative, than the RU coefficient, whereas negative values indicate the 
reverse. The separate RU and EA columns are therefore used to identify whether the ob-
served UAG association primarily reflects the RU coefficient, the EA coefficient, or both. 

Table 4. OLS and spatial error model coefficients for RU, EA, and UAG. 

Group Variable RU OLS β EA OLS β UAG OLS b 
UAG SEM b 

(k = 8) 
5D Building density +0.159 *** −0.015 −0.174 *** −0.166 *** 
5D POI functional mix +0.226 *** +0.105 *** −0.121 *** −0.093 *** 
5D Road connectivity −0.004 −0.087 *** −0.083 *** −0.050 * 
5D Distance to metro (log) −0.101 *** −0.001 +0.100 *** +0.045 * 
5D Service accessibility (log) +0.183 *** +0.262 *** +0.079 ** −0.099 ** 
Demographic Working-age pop. share −0.037 ** −0.174 *** −0.138 *** −0.030 
Spatial syntax Syntactic integration +0.124 *** +0.210 *** +0.086 *** +0.061 
Streetscape Streetscape PC2 −0.108 *** −0.012 +0.096 *** +0.048 * 
5D Intersection density (log) +0.131 *** +0.118 *** −0.013 −0.026 
5D Road density +0.072 *** +0.084 *** 0.012 −0.021 
5D Distance to center −0.080 *** −0.064 *** 0.016 −0.002 
5D Bus-stop density (log) −0.007 −0.023 −0.016 −0.021 
Demographic Educational attainment +0.065 *** +0.091 *** 0.026 −0.003 
Spatial syntax Space-syntax connectivity 0.024 −0.014 −0.037 −0.003 
Streetscape Streetscape PC1 +0.064 *** +0.039 * −0.025 −0.060 ** 
Spatial diagnostic Spatial-error coefficient λ — — — +0.786 *** 
Spatial diagnostic Residual Moran’s I — — 0.396 *** −0.007 

Note: RU and EA columns report HC3-robust OLS estimates. The UAG OLS column also uses HC3-
robust standard errors; the UAG SEM column reports the maximum-likelihood spatial error model 
based on row-standardized k = 8 nearest-neighbor weights. β denotes RU/EA coefficients; UAG co-
efficients are reported as b. Significance levels are *** p < 0.001, ** p < 0.01, and * p < 0.05. Robust 
UAG associations retain their direction and significance in both UAG specifications. Residual Mo-
ran’s I decreased from 0.396 (p < 0.001) in OLS to −0.007 after spatial-error correction. The three OLS 
columns in Table 4 should be read jointly. Because UAG is the direct difference between EA and 
RU, each UAG coefficient represents the net balance of the corresponding EA and RU coefficients 
rather than an independent third association. Positive UAG coefficients indicate that higher predic-
tor values are associated with a more positive EA–RU proxy contrast, whereas negative coefficients 
indicate a more negative contrast. The separate RU and EA columns are used to identify which side 
of the contrast underlies each association. 
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Five UAG associations retain both direction and statistical significance across OLS 
and SEM. Building density remains negatively associated with UAG (OLS b = −0.174; SEM 
b = −0.166), as do POI functional mix (−0.121; −0.093) and road connectivity (−0.083; −0.050), 
indicating a more negative EA–RU proxy contrast at higher values of these variables. Dis-
tance to the nearest metro station remains positively associated with UAG (+0.100; +0.045), 
indicating a more positive EA–RU proxy contrast farther from metro stations. Streetscape 
PC2 also retains a positive association (+0.096; +0.048). These five variables are treated as 
robust to residual spatial dependence, but the coefficients remain associations with a rel-
ative proxy contrast rather than evidence of behavioral dominance. 

Several OLS findings are model-sensitive. Syntactic integration is positive and signif-
icant in OLS (b = +0.086, p < 0.001) but is no longer significant in the SEM (b = +0.061, p = 
0.333). Service accessibility changes from a positive OLS association (b = +0.079, p = 0.003) 
to a negative SEM association (b = −0.099, p = 0.002). Working-age population share loses 
significance after spatial correction (−0.138 to −0.030), whereas Streetscape PC1 becomes 
significant only in the SEM (−0.025 to −0.060). These variables are therefore not interpreted 
as stable mechanisms of UAG. 

The separate RU and EA OLS models remain useful for describing the composition 
of the two proxy dimensions. For example, service accessibility and syntactic integration 
are positively associated with the EA proxy in those models. However, these descriptive 
EA associations do not establish robust positive effects on UAG once residual spatial de-
pendence is addressed. The most defensible UAG interpretation is therefore narrower: 
higher building density, functional mix, and road connectivity are consistently associated 
with a more negative EA–RU proxy contrast, whereas greater distance from the nearest 
metro station and higher values of the aesthetic–quiet streetscape component are associ-
ated with a more positive contrast. 

This distinction prevents coefficients that are sensitive to spatial specification from 
being presented as stable planning mechanisms. In particular, service accessibility and 
syntactic integration may characterize places with higher EA under the OLS decomposi-
tion, but their relationship with the gap is contingent on how spatial dependence is mod-
eled. 

3.4. Predictability of RU, EA, and UAG Under Tree-Based Models 

For UAG, Random Forest is the best-performing model under the random split (test 
R2 = 0.304 vs. 0.131 for OLS; Table 5), indicating within-sample nonlinear or interaction-
related structure not captured by the linear model; the SHAP and ALE results below are 
therefore based on it. 

Table 5. Predictive performance of OLS, Random Forest, and XGBoost for RU, EA, and UAG. 

Outcome Model Validation R2 Test R2 Test RMSE Test MAE 

RU 
OLS 0.636 0.575 0.630 0.474 

Random Forest 0.723 0.695 0.534 0.394 
XGBoost 0.726 0.687 0.541 0.405 

EA 
OLS 0.400 0.351 0.790 0.618 

Random Forest 0.463 0.492 0.698 0.547 
XGBoost 0.417 0.464 0.718 0.569 

UAG 
OLS 0.095 0.131 0.975 0.744 

Random Forest 0.197 0.304 0.873 0.679 
XGBoost 0.165 0.282 0.887 0.692 

Under buffered spatial block validation, Random Forest R2 is 0.321 ± 0.171 for RU, 
−0.117 ± 0.220 for EA, and −0.152 ± 0.151 for UAG (Table S8). The contrast with the random-
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split results suggests that the random partition partly benefits from local spatial similarity 
between nearby training and test observations. The negative R2 values for EA and UAG 
indicate performance below a mean-only baseline when predicting spatially separated ar-
eas. The tree-based results are therefore interpreted as sample-specific diagnostics of fitted 
nonlinear patterns rather than as evidence of out-of-area predictive generalization. 

3.5. Group-Level Importance 

At the group level, the Random Forest SHAP ranking for UAG broadly aligns with 
the UAG OLS |b|-share ranking, with both placing 5D indicators first (Table 6). The im-
portance structure shifts across the three outcomes. 5D indicators account for 74.7% of 
mean |SHAP| for RU but only 48.8% for EA, where socio-demographic characteristics 
rise from 10.1% to 30.7%. RU appears more closely tied to urban form, and EA more 
closely tied to population composition. UAG falls between the two (5D 64.3%, socio-de-
mographic 14.6%). Space-syntax and streetscape groups are comparatively stable across 
all three outcomes. 

Table 6. Group-level SHAP importance across RU, EA, and UAG. 

Predictor Group RU Share EA Share UAG OLS |b| Share UAG Share 
5D indicators 74.70% 48.80% 60.10% 64.30% 

Socio-demographic characteristics 10.10% 30.70% 16.00% 14.60% 
Space-syntax configuration 

measures 
10.60% 16.50% 12.00% 13.70% 

Streetscape perception indicators 4.60% 4.00% 11.80% 7.50% 

3.6. Variable Importance and Nonlinear Response Shapes 

Figure 5 and Table 7 report the variable-level Random Forest SHAP results for UAG. 
Building density is the most important predictor by a clear margin. Syntactic integration, 
road connectivity, service accessibility, working-age population share, and distance to 
metro form a second tier of moderate importance, and the remaining nine predictors each 
contribute little. 

Table 7. SHAP-based importance of fifteen predictors for UAG, with group composition. 

Factor Group Mean |SHAP| Rel. Importance Direction High–Low SHAP 
Building density 5D 0.158 20.6% - −0.407 

Syntactic integration syntax 0.083 10.7% + 0.188 
Road connectivity 5D 0.080 10.4% - −0.180 

Service accessibility (log) 5D 0.079 10.3% - −0.207 
Working-age population share demo 0.073 9.5% - −0.206 

Distance to metro (log) 5D 0.066 8.6% + 0.177 
Educational attainment demo 0.039 5.0% + 0.029 

Distance to center 5D 0.036 4.7% + 0.061 
Streetscape PC1 street 0.035 4.5% + 0.053 

POI functional mix 5D 0.032 4.2% + 0.051 
Syntax connectivity syntax 0.023 3.0% - −0.051 

Streetscape PC2 street 0.023 2.9% + 0.039 
Road density 5D 0.021 2.8% - −0.040 

Intersection density (log) 5D 0.017 2.2% - −0.037 
Bus-stop density (log) 5D 0.004 0.6% - −0.007 

Note: Group composition for UAG: G_5D = 64.3% (9 factors; sum mean |SHAP| = 0.495), G_demo 
= 14.6% (2 factors; 0.112), G_syntax = 13.7% (2 factors; 0.105), and G_streetscape = 7.5% (2 factors; 
0.057); total = 0.770. Direction indicates the average SHAP direction for high values of each factor. 
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Figure 5. SHAP-based importance and individual-grid contributions of fifteen predictors for UAG. 

Within the fitted Random Forest model, Figure 6 presents the ALE profiles for all 
fifteen predictors of UAG and reveals that the relative contrast between the EA and RU 
proxies is most strongly related to a limited set of variables showing exploratory nonlinear 
patterns. The strongest pattern is observed for building density, which accounts for 20.6% 
of mean |SHAP|. Its ALE contribution is highest at very low levels of footprint coverage, 
then declines sharply once density exceeds approximately 7%, after which the effect re-
mains slightly negative and does not recover. This indicates that higher UAG is most 
strongly associated with relatively open or weakly built environments rather than with 
dense residential or mixed-use fabrics. In the study area, such low-density grids are con-
centrated in waterfront redevelopment zones, open spaces, and areas near major land-
marks (Figure 4a), where the standardized EA proxy may be high relative to the RU proxy. 

A second set of influential predictors captures the role of street-network structure 
and locational accessibility. Syntactic integration (10.7%) shows a pronounced transition 
in the fitted ALE profile: the ALE curve remains nearly flat below a normalized value of 
about 0.112, rises rapidly within a narrow interval, and stabilizes at a positive plateau 
between 0.125 and 0.132. The pattern suggests that higher UAG is more commonly asso-
ciated with places whose network integration exceeds this range. By contrast, distance to 
metro (8.6%) and distance to center (4.7%) show spatially differentiated and non-mono-
tonic relationships. The contribution of distance to metro shifts from negative near sta-
tions to positive beyond roughly 666 m. Because the variable measures distance, this pat-
tern indicates a more positive fitted UAG contribution farther from metro stations, rather 
than an effect of better metro accessibility. Distance to center becomes positive after about 
5 km, peaks near 7.8 km, and declines sharply beyond 9.2 km. Together, these curves in-
dicate that the relative EA–RU proxy contrast is not limited to either central or transit-
adjacent areas, but emerges across multiple urban locational contexts. 
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Figure 6. Accumulated local effects of fifteen factors on UAG with empirical ALE turning points 
marked. 

Several other high-ranking variables show a consistent declining pattern, indicating 
that UAG becomes weaker as conditions associated with everyday urban functioning in-
tensify. Road connectivity (10.4%) decreases gradually and then more sharply beyond ap-
proximately 0.682. Service accessibility (10.3%) has its highest ALE contribution at very 
low values and levels off as accessibility increases. Working-age population share (9.5%) 
also becomes negative above about 0.688. Although these variables represent different di-
mensions of the built and social environment, their response shapes point in the same 
direction: places characterized by stronger routine mobility, service provision, and resi-
dent-based daily activity tend to show lower UAG. This indicates that, within the fitted 
model, the EA proxy is lower relative to the RU proxy in such settings; it does not establish 
absolute experiential or routine-use dominance. 
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The remaining predictors each contribute less than 5% of mean |SHAP|, and their 
effects are comparatively weak. Within this group, POI functional mix shows a mild pos-
itive shift above approximately 1.64, whereas syntax connectivity declines after about 3.03. 
The other variables do not exhibit clear turning points or stable nonlinear patterns. Overall, 
the ALE results suggest that UAG is more strongly related to a small number of dominant 
predictors with turning-point or non-monotonic fitted response shapes. The dashed lines 
in Figure 6 indicate empirical turning points or transition regions in the fitted ALE profiles. 
They do not constitute causal thresholds, universal planning standards, or recommended 
intervention values. 

4. Discussion 
4.1. Rethinking Urban Space Through Divergent Modes of Spatial Engagement 

Multiple findings in this study show that RU (approximated through population 
grids and nighttime lights) and EA (approximated through geotagged Weibo posts) are 
not interchangeable indicators of general human activity. Rather, they are theoretically 
distinct proxy dimensions generated through different observable processes. At the grid 
level, the two proxies exhibit only a moderate correlation, sharing less than 25% of their 
variance, and follow different spatial patterns: RU displays a more continuous center-to-
periphery gradient, whereas EA is more selectively concentrated around landmarks and 
commercial corridors. The UAG contrast is itself significantly clustered, indicating a sys-
tematic spatial pattern in the relative positions of the two proxies rather than random dis-
agreement between data sources. This evidence supports the conceptual distinction, but 
it does not convert the proxy scores into complete measurements of the underlying be-
haviors. 

These findings prompt a reconsideration of the prevailing analytical framework 
through which urban space has traditionally been interpreted [14,54]. While previous 
multi-source vitality studies have frequently observed “partial overlaps” or mismatches 
among different data sources, they have traditionally attributed these inconsistencies to 
inherent data limitations or sampling biases [9,55]. The present analysis interprets such 
spatial discrepancies as possible manifestations of differing patterns of data generation 
associated with distinct human motivations. 

Consequently, this suggests potential limitations of conventional data-fusion frame-
works. Employing homogenizing approaches, such as aggregating these distinct traces of 
human engagement into a single composite score, may mischaracterize important dimen-
sions of contemporary urban dynamics. Such approaches may distort the interpretation 
of a series of critical urban indicators, including human activity intensity, urban perfor-
mance, spatial importance, and overall livability [21,25]. 

At the same time, the comparison across model families requires a clear distinction 
between their analytical purposes. OLS summarizes average linear associations, whereas 
the spatial error model evaluates whether these associations remain stable after residual 
spatial dependence is accounted for. Random Forest is used to explore nonlinear predic-
tive structure and interactions within the observed sample. Differences in coefficient di-
rection and significance between OLS and the spatial error model, and differences in pre-
dictive importance or fitted response shape under Random Forest, therefore represent dif-
ferent forms of evidence and should not be compared as equivalent statistics. Associations 
that remain stable across OLS and the spatial error model are treated as relatively robust 
to residual spatial dependence, whereas SHAP rankings and ALE profiles are interpreted 
as exploratory descriptions of within-sample predictive structure. A high Random Forest 
importance does not override a loss of significance or sign reversal in the spatial regres-
sion results. 
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4.2. The Spatial Anatomy of Misalignment Between RU and EA 

We conceptualize the broader Use–Attention framework as a relational diagnostic 
lens and the Shanghai UAG as a case-specific support indicator, rather than as a validated 
decision-making tool or normative evaluative measure. The indicator identifies locations 
where the two standardized proxy scores differ relatively and may therefore support fur-
ther investigation of issues such as uneven digital visibility. It does not by itself demon-
strate attention bias, planning neglect, experiential dominance, or a need for intervention. 

Spatial clustering results indicate a clear geographical differentiation in UAG pat-
terns. Negative-UAG areas, where the RU proxy is relatively higher than the EA proxy, 
concentrate in Pudong’s industrial zones and the Yangpu–Baoshan corridor. Xu et al. [20] 
documented that industrial parks and mono-functional residential zones in Shanghai’s 
suburbs lacked basic public facilities, reducing opportunities for social, economic, and 
cultural activities. The areas identified here are similarly located, and comparable func-
tional constraints may warrant investigation. Tu et al. [19] further noted that strict func-
tional zoning and large block scales in the Pudong New Area failed to translate spatial 
investment into positive perceptual outcomes. These comparisons provide contextual hy-
potheses only: a negative UAG value does not itself establish inadequate services, weak 
public engagement, or under-attention. 

Positive-UAG areas, where the EA proxy is relatively higher than the RU proxy, clus-
ter in the Hengfu historical conservation district and along waterfront zones. Tu et al. [19] 
documented that historically evolved fine-grained street networks and high visual diver-
sity in Puxi were associated with positive perceptual outcomes. The morphological fea-
tures of the Hengfu district and waterfront zones may similarly be related to greater dig-
itally expressed place salience relative to the recurrent-use proxy. The prominence of such 
locations on social-media platforms may also be related to the stronger online engagement 
often associated with visually distinctive environments [1]. However, a positive UAG 
value does not demonstrate that experiential activity objectively dominates these places. 

Importantly, UAG should not be interpreted through a normative lens of better or 
worse urban space. For negative-UAG areas, the indicator shows only that the standard-
ized RU proxy is relatively higher than the EA proxy. It does not establish that such places 
are socially or institutionally under-attended. Where low digital visibility raises a plan-
ning question, any response should rely on additional on-site assessment, service audits, 
investment data, and local consultation rather than on the UAG metric alone [56,57]. 

For positive-UAG areas, the indicator similarly shows a relative proxy contrast rather 
than direct evidence of experiential dominance or excessive tourism pressure. It may serve 
as a signal for closer examination of whether high digital visibility coexists with commer-
cialization, tourism-oriented restructuring, or pressures on residential functions [58,59]. 
Such interpretations require independent evidence concerning visitation, land-use 
change, living costs, noise, and local perceptions. UAG alone does not demonstrate that 
intervention is necessary. 

Overall, the Use–Attention framework offers a relational lens for examining whether 
recurrent functional engagement and digitally expressed attention are spatially aligned. 
The Shanghai UAG indicator is one case-specific implementation of that framework and 
should be used as a screening contrast between proxies, not as a direct classification of the 
underlying urban condition. 

4.3. Built-Environment Associations with Routine Use and Experiential Attention 

The associations of built-environment characteristics with routine use and experien-
tial attention are not homogeneous. The same feature exhibits varying strengths of asso-
ciation across the two dimensions, with directions that are sometimes consistent and 
sometimes opposing, thereby revealing an asymmetric pattern of association. 
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By comparing the OLS coefficients, the separate RU and EA models, and the Ran-
dom-Forest SHAP results, this study identifies several recurring associations across the 
non-spatial analyses. Building density (positive association with RU; β = +0.159, 20.6%) 
and syntactic integration (positive association with EA; β = +0.210, 10.7%) respectively 
emerge as leading predictors of the two proxy dimensions. However, their implications 
for UAG are not equally robust after spatial dependence is considered. Building density 
retains a significant negative association with UAG in both the OLS and spatial error mod-
els, whereas the positive OLS association of syntactic integration with UAG becomes non-
significant in the spatial error model. Syntactic integration should therefore be interpreted 
as a factor associated with the EA proxy in the separate outcome model, rather than as a 
stable correlate of a higher EA-to-RU contrast. POI functional mix and road connectivity 
retain negative UAG associations after spatial correction, whereas distance to the nearest 
metro station and Streetscape PC2 retain positive associations. For metro distance, this 
positive association mainly reflects lower RU farther from stations rather than higher EA. 
These findings distinguish relative associations with the two proxy dimensions without 
implying absolute behavioral dominance. 

These findings further suggest that density, functional diversity, and street-network 
connectivity are more consistently associated with the recurrent functional-use proxy. The 
evidence for conditions associated with relatively higher EA proxy values is more selec-
tive and model-dependent. Although syntactic integration and service accessibility are 
positively associated with UAG in OLS, syntactic integration loses significance and service 
accessibility reverses sign after spatial correction. By contrast, Streetscape PC2 remains 
positively associated with UAG across both specifications, suggesting that the aesthetic–
quiet streetscape dimension is more consistently related to a higher EA proxy relative to 
RU. Accordingly, the built environment is associated with differentiated proxy patterns, 
but the results should not be interpreted as demonstrating that particular factors create 
attention-dominant or routine-use-dominant spaces. 

In addition, the set of built-environment indicators employed in this study engages 
with the classic Jane Jacobs framework [3] and the traditional “5Ds” paradigm [24,60]. 
Conventional urban theory often assumes that continuously increasing density and land-
use mix are sufficient to automatically generate comprehensive spatial vibrancy. Our re-
sults show corresponding positive associations with the RU proxy. They also indicate that, 
in the context of the digital and attention economy, this foundational relationship requires 
further qualification: the mere accumulation of physical form is associated with a baseline 
level of functional urban operation; however, it is not necessarily accompanied by a pro-
portional level of the digitally expressed EA proxy. The spatial-error results do not sup-
port treating network integration or service accessibility as stable correlates of a more pos-
itive EA–RU proxy contrast. Instead, the more defensible conclusion is that the relation-
ship between the built environment and experiential attention is spatially contingent, with 
the aesthetic–quiet streetscape dimension providing the most consistent association with 
a higher EA-to-RU proxy contrast in the present analysis. 

4.4. Exploratory Predictability and Nonlinear Patterns in Interpretable Models 

This study employs complementary modeling approaches to examine average linear 
associations, residual spatial dependence, and exploratory nonlinear predictive patterns 
across RU, EA, and UAG. 

Under the random-split evaluation, RU is more predictable from the included built-
environment characteristics than EA. However, the substantially lower performance un-
der spatial block validation indicates that this predictive structure partly depends on local 
spatial similarity. The negative spatial block-validation R2 values for EA and UAG show 
that the fitted models do not generalize reliably to spatially separated areas. The lower 
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within-sample predictability of EA may reflect its stronger association with unobserved 
socio-cultural dynamics, platform practices, and algorithmic trends beyond the included 
physical–geographic variables [7]. 

The ALE profiles provide exploratory descriptions of how fitted predictions vary 
across the observed predictor ranges. Their turning points may serve as context-specific 
reference points for interpreting changes in modeled associations within central Shanghai, 
but they should not be treated as causal breakpoints, universally stable planning thresh-
olds, or fixed intervention targets. Further spatial and external validation would be re-
quired before these sample-specific patterns could inform quantitative planning stand-
ards [61,62]. 

4.5. Limitations 

Several limitations qualify these findings and indicate directions for further research. 
First, both RU and EA are proxy-based measures. RU combines residential popula-

tion and nighttime-light radiance to indicate recurrent human presence and infrastruc-
ture-supported urban functioning, but the composite may also reflect broader urban in-
tensity and does not directly capture all commuting, daytime population redistribution, 
pedestrian movement, or service use. WorldPop represents a modeled resident popula-
tion base, while VIIRS radiance may include industrial, road, security, and decorative 
lighting that is not proportional to contemporaneous human activity [21,38,39]. EA is op-
erationalized through geotagged Weibo posts and therefore captures platform-mediated 
visibility and digitally expressed place salience rather than experiential attention as a 
whole [21,22]. Posting behavior is selective with respect to age, platform participation, 
activity type, and individual propensity to share [21,56]. UAG should consequently be 
interpreted as a sample-relative contrast between two standardized proxy dimensions, 
not as the literal difference between all routine use and all experiential behavior or as di-
rect evidence of dominance or neglect. Future research drawing on mobility, pedestrian, 
survey, investment, or multi-platform data could provide additional triangulation when 
comparable citywide datasets become available [9,10]. 

All analyses are conducted at the 500 m grid scale, so UAG represents an aggregated 
spatial contrast rather than parcel-level or street-segment-level conditions. This aggrega-
tion may obscure substantial within-grid variation, especially in mixed-use or morpho-
logically heterogeneous areas. Accordingly, the indicator should not be interpreted as a 
fine-grained representation of local urban experience. 

Second, the study is cross-sectional and therefore identifies associations rather than 
causal relationships. The built-environment characteristics examined are correlates of the 
Use–Attention Gap, not established causal determinants of it. The relationship between 
the physical environment and human behavior is likely reciprocal, with human activity 
also contributing to changes in the built environment through market forces and policy 
feedback loops. Longitudinal designs and quasi-experimental approaches would be 
needed to clarify the direction and stability of these relationships. 

Finally, although the conceptual distinction between RU and EA may be applicable 
beyond Shanghai, the predictive relationships estimated in this study are context-depend-
ent. Urban morphology, functional structure, social-media practices, tourism intensity, 
and digital participation may alter predictor importance and nonlinear response shapes. 
The negative spatial block-validation R2 values for EA and UAG indicate that the fitted 
models do not generalize reliably to spatially separated areas within the current study 
region. Comparative studies across cities and scales are therefore required before the 
SHAP rankings and ALE patterns can be interpreted as broadly transferable. 
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5. Conclusions 
By integrating multi-source urban data with interpretable machine learning, this 

study distinguishes recurrent functional use and digitally expressed experiential attention 
as two theoretically distinct proxy dimensions of urban spatial engagement in central 
Shanghai. The two proxies are each spatially clustered but follow different geographic 
patterns and share less than a quarter of their variance at the grid level. Their relative 
difference forms contiguous spatial clusters, suggesting a systematic spatial pattern in the 
proxy contrast rather than random variation. The built-environment factors associated 
with each proxy dimension differ, and the spatial error model identifies which UAG as-
sociations remain stable across the selected spatial specifications. Under the random-split 
evaluation, RU is more predictable than EA, although spatial block validation indicates 
limited geographic transferability, particularly for EA and UAG. The highest-ranked pre-
dictors in the fitted UAG model exhibit exploratory nonlinear response shapes and sam-
ple-specific ALE turning points. The broader Use–Attention framework may be adapted 
to other contexts, but the numerical UAG examined here is a case-specific, sample-relative 
indicator whose interpretation depends on the selected data sources, transformations, 
spatial unit, period, and city. It can describe relative contrasts between recurrent func-
tional engagement and digital visibility, but it should not be used to infer absolute expe-
riential dominance, under-attention, or a need for intervention without supplementary 
evidence. 
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