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ABSTRACT

Transferring congestion mitigation strategies across cities remains challenging due to two compounding issues: road network
features affect congestion differently in different cities, and their influence may vary across spatial scales. We propose a multiscale
framework to identify “actionable” road network features, defined as those maintaining a consistent directional association with
traffic congestion across varying spatial resolutions. Through systematic investigation of seven highly congested cities worldwide,
our findings reveal strong city-specific signatures in feature importance, indicating supply-side planning must be tailored individually.
However, the most consistently exacerbating features for demand-side consideration show notable similarities across cities. We
emphasise that the directional associations identified reflect patterns in the training data and should not be interpreted as causal
effects; the identified features are policy-relevant candidates subject to validation through counterfactual modelling. Feature
attribution is model-dependent: results are derived from RF-based TreeSHAP and should be interpreted accordingly. In the short
term, our results directly inform ongoing measures like congestion pricing and personalised route choice applications, making
them more robust and publicly acceptable. Long-term, our insights encourage re-evaluating scepticism toward infrastructure
planning and highlight opportunities for designing congestion-resistant future cities. Given the diverse city selection, common
observations identified can likely be extrapolated to new cities when detailed analysis is constrained by data limitations. We
provide key recommendations for researchers. First, data-driven congestion studies must explicitly interrogate microscopic spatial
scales, because coarse-scale models can conceal scale-dependent reversals in feature influence that directly undermine policy
robustness. Second, simulation-based counterfactual approaches should test road network features beyond known value ranges.

The relationship between road networks and urban traffic congestion is complex and dynamic, influenced by scale-
dependence!, socioeconomic factors': 2, and is not fully understood®. Moreover, cities worldwide vary significantly
in driving behaviour, infrastructure constraints, and the degree of heterogeneity in traffic streams?, resulting in
significant variations in the road-network-congestion-relationship®. The complexity of the relationship and its
variation across cities presents transportation authorities and urban planners worldwide with difficult choices in
policymaking with respect to urban road networks. Policy transfer, though often considered an extremely efficient
approach to policymaking® 7, has limited effectiveness for urban congestion mitigation policies and designing
policies tailored to individual cities is required®. The explicit focus of this paper on seven highly congested cities”
across several continents aims to determine the cross-city similarities and differences in the road-network-congestion
relationships.

Congestion arises in the short term when road network capacity fails to meet travel demands. Over the long term,
these networks shape regional demand by influencing the development of Points of Interest (POIs) within accessibility
constraints'?. Efforts to enhance road infrastructure are often seen as minimally effective in reducing congestion due
to the high costs and the induced demand, whereby capacity increases ironically lead to more traffic> 4 1. While
polycentric urban models, like the 15-minute city concept, which aims to reduce travel times, are being researched,
these research directions also face challenges such as the risk of spatial segregation and amenity quality disparities'?.
As visualised in Figure 1, here we take a fundamentally different approach and argue that since less congested
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areas exist even within highly congested cities, a thorough city-specific, multiscale investigation that considers both
recurrent congestion (RC) and non-recurrent congestion (NRC) can provide insights that are based on road-network
features and have the potential to resonate well with policymakers and at the same time increase trust in existing
solutions.
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Figure 1. Illustration of our approach to extract the key actionable road network features for each city. (a) shows
the several factors that influence the traffic in a city and result in the formation of peak hour recurrent congestion
(RC) and crash-induced non-recurrent congestion (NRC). (b) shows a single urban tile from which the road network
features are extracted. These features are used to predict the RC and NRC for each city using Random Forests
(RF). The city-specific models account for the contextual differences. A SHAP-based feature importance analysis is
performed, resulting in (c) where features are identified as associatively linked to higher or lower congestion levels.
These features are candidate targets for further policy investigation. (d) illustrates the multiscale filtering process:
features are assessed for sign consistency across all evaluated spatial resolutions (500 m to 4000 m) and both
congestion types, and only those that are scale-consistent and congestion-type-consistent are retained as actionable.
Image sources: The figure was created by the first author on an iPad using Freeform drawing app and includes
only built-in or hand-sketched icons. The basemaps used in the three scales (panel (d)) were sourced from ©
OpenStreetMap contributors and plotted using contextily.

A multiscale problem warrants a multiscale solution
While spatio-temporal insights from geographical perspectives, including human geography, have been long known
to be scale-dependent!'3 14, the scale-dependencies in the urban network spaces are particularly pronounced!®17.
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For instance, a traffic jam can almost always be tracked from being sourced at the microscopic scale (often a single
event) to spreading to nearby locations and finally manifesting at macroscopic scales*. This multiscale nature of
traffic jams calls for multi-resolution modelling techniques'® 9. Tt has resulted in the spatiotemporal dynamics of
congestion propagation being modelled as epidemic spreading??, percolation?!, and diffusion?? processes and in the
development of highly capable models that leverage the spatial dependencies at various scales to improve the model
performances® 23. From a policymaking perspective, the spatial scale of the analyses has profound implications for
congestion-mitigation. On the one hand, if a road network feature is associated with high traffic congestion across
various scales, it is the most likely candidate for targeted congestion alleviation. On the other hand, if a feature’s
direction of influence (on traffic congestion) varies at different scales, the choice becomes complex, and trade-offs are
involved.

Targeting peak hour and incident-induced congestion simultaneously

RC typically occurs during peak hours due to increased demand and NRC forms due to reduced supply capacity,
which might be caused by various unusual events such as inclement weather?% 2%, planned events and roadworks?%,
with accidents being the most significant contributor?”. Since RC and NRC have different formation mechanisms, the
congestion mitigation approaches are also different. For instance, reducing RC might involve redirecting traffic, while
reducing NRC might involve imposing lower speed limits. This paper identifies city-specific road network features
that are robustly associated with both RC and NRC across all spatial scales, representing candidate targets for
further policy investigation. The findings are intended to support data-driven discussions on supply-side strategies
for urban traffic congestion management and to provide a transparent, reproducible evidence base that policymakers
can draw upon alongside other considerations.

Key contributions and definitions
Actionable features and their implications: We define an ‘actionable feature’ as a road network feature that
exhibits the same directional relationship (positive or negative) with both types of congestion (RC and NRC) across
all spatial scales. We refrain from referring to these features as scale-invariant because even when the directional
relationship is the same, the varying strength of influence across scales implies these features are not scale-invariant
in the true sense. Among the actionable features, the top thiree are called ‘highly actionable’. Features marked as
‘highly actionable’ imply that these features represent robust predictive associations and strong candidate features
for congestion-mitigating consideration through supply or demand measures. Different actionable features present
distinct opportunities for interventions while being subject to various constraints related to space and funding
allocation. For example, exploring interventions such as reducing the number of lanes can be strategically achieved
by reallocating lanes for bicycles, thereby addressing multiple urban mobility goals at once®®. Similarly, modifying
intersection typologies (e.g., tratfic lights) represents a relatively low-cost intervention consideration, whereas altering
road curvature (circuity) is nearly impossible once construction is complete. Our findings are also important for
rapidly expanding suburbs like those around Mumbai that could benefit from supply-side planning by incorporating
robust indicators from this study into early phases?®. When modifying features through supply-side interventions is
not feasible, demand-side measures can be considered. For instance, congestion tolling, currently under discussion
in several cities studied here, can be tailored based on actionable features to efficiently manage traffic flow into
specific urban areas. The identification of actionable features enables policy recommendations to be conveyed to
policymakers in straightforward terms. For example, a simple statement such as “reducing the number of traffic
lights is strongly associated with lower congestion in City B” can be derived based on our results.

Feature names: Throughout the manuscript, we use the shorthand # to represent the number and avg to
represent the average. The feature names are summarised in Table 1.

Results

Highly congested cities show scale-dependent congestion complexity
Across 10 spatial scales and 7 cities, a total of 140 Random Forest (RF) models were trained—70 for RC and 70 for
NRC. The goodness of fit (GoF) of our models, as measured by R? , varied across cities and showed a systematic
drop at finer spatial scales and for NRC.

First, Figure 2c shows that the GoF varies significantly across cities and two types of congestion, thereby
suggesting inherent differences in the complexities of road-network-congestion relationships. These variations strongly
support city-specific models or an ensemble of models for multicity studies targeting congestion prediction to ensure

effective dataset utilisation®0.



Table 1. 14 chosen road network features representing five feature groups

Feature Category

Details

Classic Graph Features

Intersection-Count-
Related

Intersection-Type-
Related

Network
Structure-Related

Demand Attraction
Related

Number of nodes (#nodes), Number of edges
(#edges)

Total crossings (#total crossings), Traffic lights
(#traffic lights), Free turns (#free turns)

Average streets per node (SPN-avg), SPN-n refers to
the number of intersections with n streets. Possible
values are #SPN-2, #SPN-3, #SPN—4, and
#SPN-5

Circuity (circuity), Average number of lanes (#avg
lanes)

Average degree (average degree). Local centrality
(local centrality)

Table 2. Goodness-of-Fit (GoF) for Recurrent Congestion (RC) and Non-Recurrent Congestion (NRC) across cities.

City GoF (Rz) RC GoF (Rz) NRC
Auckland 0.434+0.07 0.514+0.05
Bogota 0.384+0.05 0.5040.06
Capetown 0.39£0.08 0.124+0.05
Istanbul 0.32+0.07 0.32+£0.06
Mexico City 0.49+0.06 0.28 +0.05
Mumbai 0.034+0.16 0.06 +0.30
New York City 0.5240.07 0.33+0.04
Mean across all cities 0.36 £0.17 0.30+0.20
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Second, Figure 2c shows that the overall GoF for RC is better than that of NRC, thereby suggesting that
RC is more amenable to road-network-based interventions. This observation can be attributed to the inherent
unpredictable nature of non-recurrent congestion. Specifically, traffic accidents, which are the cause behind most
instances of non-recurrent congestion, are often due to the human factor and, hence, inherently difficult to model.
City-specific values show a similar trend, with some cities experiencing a significant drop in R? between RC and
NRC. Specifically, for Cape Town, Mexico City, and New York City, the mean R? across all scales drops to almost
half of that for RC. Cities that exhibit a significant drop in R? between RC and NRC are less likely to be amenable
to road-network-based interventions to reduce NRC, and policymaking should be targeted at reducing RC instead.
Several data-driven studies have shown that when RC is reduced to the levels of maximum traffic flow, it also reduces
the rate of accidents, and hence NRC*.

Third, Figure 2c and Table 2 show that the GoF decreases for finer scales for both types of congestion, implying
an increase in the complexity of the road-network-congestion relationship at these finer scales. Such a drop in model
fitness at finer scales suggests that extreme care is needed when inferring congestion-related insights from machine
learning models at these finer spatial scales, especially below 1km?. This trend has considerable implications for
urban studies due to the widespread adoption of the 1km?scale in urban studies, which can be primarily attributed to
the resolution of geospatial data available through satellite imagery®!~33. However, this popularity of the 1km?scale
presents a significant challenge to understanding the mechanisms of urban traffic congestion at microscopic levels.
Hence, enhancing the policymakers’ confidence in actionable insights arising from congestion-predicting models
necessitates more research in understanding congestion mechanisms at these microscopic spatial scales.

City-specific policymaking is the key to effective congestion mitigation

Highly congested cities exhibit unique feature importance (FI) signatures, transcending typical socioeconomic
groupings such as the Global North and South. Feature importances are computed with SHAP values (cf. Methods
Figure ). The fingerprint-like city-specific FI value distribution in Figure 2a and b raise concerns about the
conventional approach where contextual similarities within SES groups have been leveraged to recommend similar
policy interventions®* and indicates that policy transfer between cities is more complex than previously understood.
The FI values visualised in Figure 2a and b shed light on the underlying mechanisms of congestion formation in
these highly congested cities.

First, we observe significant differences in FI values for RC and NRC. For RC (Figure 2a), the features with the
top three total FI across all scales and cities are: the number of traffic lights (#traffic lights), the total number of
intersections (#total crossings), and the number of nodes with four streets (#SPN-/4, where SPN stands for Streets
Per Node). The high FI of these features corroborates the recognised role of intersections, especially traffic lights,
as sources of bottlenecks in recurrent congestion (RC)'7. The findings underscore the importance of continued
research into traffic control strategies aimed at reducing stop-time at intersections through adaptive Traffic Signal
Controls (TSC). Additionally, some cities show a bimodal grouping of FI values, with high FI values found for
intersection-related features and less FI for others. The cities which exhibit a bimodal distribution of FI, such
as Mexico City, New York City, Bogota, and Mumbai, might show increased amenability to interventions on
intersection-related features. For NRC (Figure 2b), while #total crossings remains significant in some cities, the FI
for #traffic lights and #SPN-4 diminishes, shifting the importance to features such as avg lanes, local centrality, and
avg degree. The heightened FI for centrality-related and degree-related features, alongside avg lanes, underscores the
dominance of travel demand factors over the supply constraints typical of recurrent congestion (RC). Specifically,
since avg degree and centrality, known to be typically associated with higher attractions for travel demand, suggest
that increased demand leads to unexpectedly high traffic volumes in certain areas, thereby increasing the probability
of potential conflicts. This implies that mitigation measures should prioritise demand-side solutions for NRC.
Similarly, the high FI of avg lanes in cities such as Bogota, Istanbul, and New York City suggest that effective lane
reduction measures, such as allocating lanes to other modes®® could effectively mitigate NRC for these cities.

Second, Figure 2 shows that the overall FI values are higher for RC than NRC, as is evident by the different
ranges of values in the colour bars of Figure 2a and Figure 2b; maximum FT of 0.314 for RC versus 0.038 for NRC.
The high FI values of RC compared to NRC suggest a stronger predictive association between the road network and
RC. Specifically, since the intersection-related features (e.g. #total crossings, #traffic lights, and #SPN-4) have
high FI values across most cities and scales, these robustly identify supply configurations as primary candidate
features for recurrent congestion policies. While the high penetration of suggestive route choice applications is
extremely effective, these findings suggest that by incorporating the intersection counts into their route choice sets,
such applications can reduce the overall congestion in the city. Moreover, these findings lend support to the ongoing
research in traffic signal control (T'SC), wherein the goal is to search for intelligent ways to make the traffic light
adaptive to the congestion levels and, thus, manage the traffic flow.
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Figure 2. Heatmap showing the feature importance (FI) for each of the 14 features across 7 cities and 10 spatial
scales for (a) RC and (b) NRC. Each column of this Heatmap is the FI value using one RF model. (c) GoF across
all scales and cities. The low GoF for Mumbai is due to the small number of tiles. (d) The scales defined using tile
areas as varying from fine (0.25km?) to coarse (6.25km?). (e) Urban tiles corresponding to three scales that fit
perfectly- 4km?, 1km?, and 0.25km?provide a computationally cheap way to evaluate a multiscale feature vector for
any part of the city. (The basemaps used in the three scales (panel (e)) were sourced from © OpenStreetMap
contributors and plotted using contextily).

A domain-specific application of the robust FI map, depicted in Figure 2a and b, is its use in enhancing congestion
prediction models by integrating, as an additional layer, the multiscale city-specific road network features weighted
by the corresponding FI values. Particularly for scale combinations such as 4 km2, 1 km2, and 0.25 km?—formed
by subdividing urban tiles into equal-sized sub-tiles—our approach facilitates the efficient integration of multiscale
features without the computational overhead typically associated with tile matching, as shown in Figure 2d.

City-specific highly actionable features

While the FI values help determine the features that best explain the intra-city variations in congestion levels, from
a policymaking perspective, the direction of influence of these features is crucial for designing targeted interventions.
Typically, the direction of influence is captured using beeswarm plots as shown in Figure 3c and d. However, while
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feature values and produces a single scalar that summarises the aggregated influence of the feature (cf. Methods
Equation 1). Features with a positive SR value are referred to as ‘exacerbating features’ since the increase in feature
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necessarily require changing the road infrastructure since a similar effect is possible by nudging traffic through (or
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Figure 3. (a) and (b) visualise the direction of influence for RC and NRC, respectively. The features with a
positive direction of influence are exacerbating and are marked with a soft green colour. These features, if increased,
result in higher SHAP values and, hence, higher congestion. The soft red features are congestion-alleviating features.
(c) and (d) visualise the beeswarm plots for selected models to demonstrate how the colour captures the direction of
influence. (e) and (f) visualise the physical location of tiles with low and high feature values for a single feature.
(The basemaps used in the panels (e) and (f) were sourced from © OpenStreetMap contributors and plotted using
contextily).

Figure 3a shows some features exhibiting a consistent sign for SR across all scales. These features are excellent
candidates for targeting policy interventions. On the contrary, we find some features that had high FI values in the
preceding analysis exhibit a switching of the sign of SR between scales (e.g.#avg lanes for Bogota NRC). These
features pose a challenge to policy interventions despite their high FI values since any mitigation of congestion

obtained through an intervention on these features will likely offset the exacerbation caused at a different scale.

Along similar lines, we find some features to be changing the SR sign at a specific scale but remain consistent after
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that. These features are still helpful in mitigating congestion, depending on the problem at hand. For instance,
for New York, if the goal is to mitigate RC in larger parts of the city (at scales greater than lkmz), reducing the
lanes #local centrality is likely to be effective in reducing RC, albeit at the cost of small congested pockets within
otherwise less-congested areas.

The literature on congestion mitigation has argued that from a policy perspective, the most effective interventions
for congestion target both RC and NRC together?. Hence, when considering a single city, the most effective
congestion mitigation insights should be based on features with the same sign across both RC and NRC. For each
city, we filtered the features with the same sign across all scales, sorted them in decreasing order of magnitude of SR,
selected the top 3, filtered the features that have the same sign for both RC and NRC and marked these features as
the highly actionable features for each city as shown in Figure 4a. (cf. SI ?? for the unfiltered table of features).
Intra-city heterogeneity profiling confirmed substantial cross-city distributional variation in the independent variables
(SI ?7?). The directional stability of the actionable features reported in Figure 4a was evaluated against this
background of heterogeneity; its persistence within all GoF-passing model configurations supports the interpretation
that these features reflect robust structural associations and are not distributional artefacts.

Another interesting observation from Figure 3 is that among the actionable features, some features show a
reversal of signs between cities. For instance, for RC, Figure 3a shows that avg circuity is an alleviating feature for
all cities except Mumbai. Similarly, for NRC, Figure 3b shows that the avg lanes is an exacerbating feature for
Istanbul but an alleviating feature for Auckland. Such reversals might be attributed to the interplay between the
alternate hypotheses regarding travel demand attractions and incident rates. Let us consider the case of avg degree
for RC. On the one hand, parts of the city with a higher avg degree typically have higher levels of economic activities
and hence more travel demand to them, thus resulting in higher RC. On the other hand, higher avg degree is also
associated with providing more access and egress points to the traffic, thus resulting in lower RC. Similarly, let us
consider avg lanes for NRC. On the one hand, since roads with more lanes are typically associated with higher shock
absorption as described in the Highway Capacity Manual®® by a lower percentage of traffic flow drop compared to
the percentage of lanes blocked, the #avg lanes is likely to reduce NRC. On the other hand, since the #avg lanes
is associated with higher speed limits, it is likely to result in a4 higher number and severity of accidents?, thereby
increasing NRC. Which of the two sets of forces emerges as the winner for any city might be moderated by some
other city-dependent contextual factors—thereby suggestitig the need to enrich the feature variables by quantifying
such contextual factors.

Finally, Figure 3 shows that #total crossings and #traffic lights are two features which are exacerbating features
across all scales, cities, and both congestion types. To assess the sensitivity of the actionable feature identification to
methodological choices, we stress-tested the SR cutoff (SR € {0,107%,1073,1072}) and the directional consistency
criterion (strict: all scales; majority: >75% of scales). The top-3 actionable feature sets remained fully stable
across all combinations in all GoF-passing city groups, confirming that our reported results are not an artefact
of the specific threshold or consistency rule employed. Hence, in the absence of detailed analyses for a new city,
these features are likely to be actionable features, specifically because the studied cities varied in socioeconomic
groupings, precisely, the Global North and Global South, had differing population sizes, densities, and levels of
public transportation reliance (cf. SI ?77?).

Figure 4a identifies city-specific actionable road network features. Features marked with an asterisk (*) represent
those with the largest influence, indicating they are likely to be the most effective at reducing congestion. Such
features are ideal for supply-side interventions, primarily infrastructural investments at any urban tile and for
directing route-suggestion-based strategies, such as preferred routing, to mitigate congestion. However, solutions that
involve directing traffic towards areas with alleviating features—or away from areas with exacerbating features—such
as congestion pricing often favour contiguous regions. Thus, we specifically show features that demonstrate strong
spatial clustering within the features marked as highly actionable for these cities in Figure 4b. Coincidentally, all
of these features exacerbate congestion, suggesting that traffic redirection away from these areas will be effective.
More importantly, these features are amenable to demand-side interventions and are remarkably similar across cities,
suggesting the high transferability of area-based, demand-side solutions such as congestion pricing. (cf. ST Fig. 13-19
for the spatial distribution of all 14 features to choose alternate actionable features if the most actionable suffers
additional challenges in selected cities).

Discussion

We systematically analysed the relationship between road network features and urban traffic congestion across seven
of the world’s most congested cities”. The multiscale analysis employed SHAP values to assess feature importance. A
novel metric called the Sensitivity Ratio (SR) was proposed to quantify the direction and strength of each feature’s
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Figure 4. (a) City-specific highly actionable features for targeting our congestion-mitigation efforts. (b) Features
preferred for demand-side interventions due to strong spatial autocorrelation. Each pixel in b represents

1km? urban tile. We note that Mumbai failed the R2 > 0.20 GoF threshold across all spatial configurations. Its
entries are retained here for completeness but should not be interpreted as validated actionable features; they
represent an open modelling challenge for future research. (The basemaps used in the subfigures in panel (b)) were
sourced from © OpenStreetMap contributors and plotted using contextily).

influence on congestion (cf. Equation 1). The features with the same influence direction across all spatial scales were
called actionable features. Based on findings from similar efforts to establish the link between road network features
and traffic congestion?, we expected to observe commonalities in FI across these highly congested cities. However, to
our surprise, we found minimal similarities, with each city demonstrating a unique pattern of feature importance,
underscoring the necessity for tailored, city-specific policymaking.

We emphasise that the directional associations identified in this study reflect patterns observed within the training
data and should not be interpreted as causal effects. The identified actionable features represent robust associative
signals that warrant consideration as policy-relevant candidates, subject to validation through counterfactual
simulation and demand-response modelling prior to implementation.

When a feature is identified as alleviating in Figure 4a, it implies a structural association where higher feature
values correlate with lower expected congestion. Alternatively, manipulating the travel demand to direct more traffic
through areas with higher values of alleviating features could also mitigate congestion levels. The choice between
supply and demand measures for any given city depends on various factors, including political, economic, and social
considerations.

Supply side implications

On the supply side, our findings challenge the prevalent scepticism about the effectiveness of supply-side interven-
tions—often due to concerns about induced demand. City-specific road network features influencing congestion
across various spatial scales prove that congestion mitigation is possible, provided robust scale-invariance and
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context-specificity are acknowledged. Another aspect of supply-side interventions, mainly when physical upgrades
are impractical, involves Traffic Signal Control (TSC). TSC can regulate traffic flow into specific urban tiles located
within road segments controlled by traffic signals. This control alters the supply-to-demand ratio and effectively alters
the road network features experienced by the passing traffic. Furthermore, consistent with the widely established
spatial autocorrelation of urban spaces, as demonstrated in Figure 4b, similar values of selected road network
features are found in nearby tiles. This autocorrelation suggests that supply-side interventions like TSC can be
strategically targeted at specific zones within a city based on the features shown in Figure 4b, thereby reducing the
complexity of implementing such measures.

We present two strategic recommendations in light of the substantial costs to the exchequer while modifying the
road networks. First, for established, densely populated cities where constructing new infrastructure such as flyovers
or overpasses is challenging, our findings are particularly insightful for developing new urban areas or satellite cities
often developed near highly congested cities. Such areas are likely to share the contextual factors, thus making the
actionable features identified in our study relevant and potentially effective for these new developments. Second,
we advocate for changes to road network features such that the new values are within the existing range of values
associated with parts of the city that have lower congestion. A thorough evaluation is needed if changes are to
extend beyond current parameter ranges. Being a purely data-driven approach, our paper did not explore expansions
beyond observed values. Future counterfactual studies using simulation-based approaches could provide valuable
insights into the impact of changing the feature values beyond the city-specific ranges of existing feature values.

Demand side implications
On the demand side, our research has profound implications for congestion pricing, which has been demonstrated
to reduce travel demand while improving air quality effectively, minimising road wear, a source of revenue, and
decreasing accident rates®®. Innovations such as GPS-based tolling have dramatically reduced operational costs
compared to older number plate recognition systems3®. The successful implementation and public acceptance of
congestion pricing depend on effective communication. The cities in this study are at various stages of discussing or
implementing congestion pricing. It has been previously implemented in Mumbai3”, Bogot43®, and Mexico City3?.
Discussions are ongoing in Istanbul??, New York City*!, and Auckland*?. In some cities, substantial deviations
from expected revenues have been reported, alongside significant confusion in driving behaviour®?> 43, The road
network features identified in our research as explaining the congestion levels present an opportunity to enhance
public understanding and support for these measures. Interestingly, most features that were found to be actionable
across different cities have alternate names that can resonate with the members of the public, such as road curvature
in place of avg circuity, 4-way intersections in place of #SPN-/, and the number of crossings in place of # total
crossings. Hence, using these road network features to explain why certain areas are tolled can help demystify the
pricing structures and align public perception with the overarching goals of congestion management strategies.
Moreover, when complex pricing schemes are inevitable, navigation aids help simplify route-choice decision-making
in dynamically priced environments®®. The insights from our study can help enhance public trust in such route-choice
suggestions by explaining the rationale behind suggested routes using road network features. Once drivers believe
their actions are for the common good, there is an increased likelihood of compliance**. The increase of trust is
particularly crucial as profit-driven entities operate the most popular route choice applications, and their net impact
on urban congestion remains uncertain*. Along similar lines, another use case for our findings is during disaster
scenarios where real-time information might be unavailable due to disasters or IT infrastructure malfunctions. In
such a scenario, a shortest-path algorithm based on road network features could be a reliable fallback option for
route-choice algorithms. Specifically, two approaches are possible: one could utilise the most significant actionable
feature (indicated with an asterisk in the Figure 4) for each city to design disaster-scenario route choices, or multiple
actionable features could be employed in a weighted manner based on their FI values.

Limitations and future research
Despite the multiscale-multicity nature of our study, several key limitations bound the application of this framework
and highlight avenues for future research.

First, our static analytical window is limited to a one-month temporal period (September 2022). While this
captured a stable baseline of recurrent congestion, it cannot fully account for long-term seasonal variations, school
calendar effects, or the full range of weather conditions influencing non-recurrent congestion. A temporal ablation
across AM peak (07:00-09:00) and PM peak (17:00-19:00) windows confirmed GoF stability within the observation
period (cf. SI ?77?); however, the generalisability of the findings across seasons and years remains an avenue for future
research.
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Second, the current framework identifies predictive associations but lacks dynamic feedback loops; it does not
model the phenomenon of ‘induced demand,” where increased supply capacity dynamically generates new travel
demand over time. While our framework incorporates demand-attraction network features (average degree and
local centrality) as structural representations of spatial demand distribution, it does not dynamically control for
exogenous demand volume variance across cities. Supply-side candidate features identified as alleviating should
therefore be validated through simulation-based counterfactual studies. Consistent with our earlier recommendation
that such studies should test feature values beyond observed ranges, we additionally argue that they should model
day-to-day demand response scenarios to assess the potential for induced demand to erode projected service gains.

Third, our API-constrained sampling strategy prioritised global geographic and socioeconomic variance by
selecting the single most congested city per country based on the TomTom Congestion Index. While this maximises
cross-continental coverage, it necessarily limits the representation of distinct congested hubs within the same nation,
such as the morphologically distinct cases of New York City and Los Angeles within the United States (e.g., a
transit-oriented dense grid versus a largely auto-dependent polycentric metropolis).

Fourth, our use of fixed square bounding boxes rather than Functional Urban Area (FUA) boundaries was a
design choice motivated primarily by our focus on the dense urban road network structures. Migrating to official
FUA geometries (as defined by the OECD Functional Urban Areas database and regional metropolitan authorities),
could have introduced a fundamental ‘dilution effect’ that conflicted with the research focus of this paper. The
official FUAs for the studied cities extend deep into rural and low-density commuter hinterlands: for example,
moving to true functional boundaries would expand our study areas substantially (e.g. to ~ 11,000 km?for New
York City (OECD FUA database?®)). Flooding the dataset with such a large number of low-density, uncongested
peripheral tiles would have mathematically obscured the structural bottleneck signals we seek to isolate in highly
congested urban cores. The bounding box design was therefore a deliberate choice to protect signal concentration.
The distributional variation within those boxes was characterised through intra-city heterogeneity profiling (cf.
ST ?7), and the persistence of directional SR stability within GoF-passing models provides strong evidence that
the main conclusions are not artefacts of the specific bounding box placement. As a partial sensitivity check, we
additionally tested the stability of actionable features under -10% and +10% bounding-box extent variants for
Istanbul and New York City. We found that the sign consistency of overlapping features was found to be perfect
across all GoF-passing comparisons (cf. ??). However, evaluating whether these conclusions hold under consistently
defined FUA boundaries remains an interesting direction for future research.

Fifth, our reliance on the Goodness-of-Fit gating mechanism explicitly defines the boundaries of the framework.
As demonstrated by the consistently poor model fit for Mumbai, not all complex urban topologies yield predictable
congestion outcomes based solely on these specific road network features. The framework structurally limits
interpretation to highly predictable regimes, meaning these insights cannot be universally applied to cities that fail
to meet minimum predictive thresholds. To confirm the stability of GoF-based exclusion decisions across random
initialisations, the core setup was re-run with five independent random seeds for both RC and NRC; GoF pass
rates were found to be fully consistent with single-seed results across all cities (cf. SI ?7?). Finally, due to the small
number of cities in this study, the selection of features that show spatial clustering was performed manually. An
automated spatial autocorrelation index, such as Moran$ 146, is recommended for studies considering a large number
of cities to ensure scalability.

Methods

Choice of cities

The total number of cities included in this study (7 cities) was limited by the API quota of the HERE traffic API.
The chosen 7 cities comprise a list of highly congested cities worldwide in 2021. The cities are Auckland, Bogota,
Capetown, Istanbul, New York City, Mexico City, and Mumbai. First, we created a list of the most congested cities
according to the Tom-Tom congestion index from 20219. From this list, we removed the cities for which either the
traffic data (speed reduction index) from the HERE API or the OSM API was unavailable during the period of data
collection. To ensure a reasonable sample across different parts of the world, for countries that had multiple cities in
the top congested cities, only the most congested were chosen. Similarly, in the case of a tie where two cities had
similar scores according to the Tom-Tom index, cities that belonged to different continents were given preference
over a continent that was already represented by another city. We queried the traffic speed data every 10 minutes
over a period of 1 month (September 2022).
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Choice of features

Each city is segmented into uniform square-shaped urban tiles of varying sizes and the road network corresponding
to each tile is represented by a tile-subgraph g. Table 3 visualises the extracted urban tiles corresponding to the
maximum and the minimum value of each feature for scale 1km?for Auckland. The extracted subgraphs from each
of those tiles are also visualised. Our choice of features is targeted at selecting features that have known predictive
associations with both types of traffic congestion, sometimes affecting both types of congestion simultaneously.
Road network features that attract or repel traffic demand are more likely to show a relationship with recurrent
congestion. In contrast, those that provide avenues for conflict between traffic streams are more likely to cause
non-recurrent congestion. However, often, the pathways are mixed due to the human factor involved- drivers often
use their experience to deviate from the computed most optimal routes in order to avoid congestion and traffic
lights*”. To account for the discrepancies in the representation of road network as a graph (particularly, nodes
versus intersections, edges versus streets, and average degree versus streets per node (SPN)), the chosen features
are a mix of classic graph features and those that capture the structure of the road network. The graph-based
features are particularly interesting for the data-driven traffic prediction community, whereas the streets-based
features are interesting to the policymakers. Five feature group features are identified, each supported by the current
understanding of congestion mechanisms in the transportation literature (cf. Table 1).

Finally, to ensure that our framework is transferable to other cities, we removed the features with more than 10%
of missing data in the OSM. For instance, the #SPN-1 (which counts the number of dead ends) and average speed
were removed due to a high percentage of missing data. While the classic graph features have universal definitions,
the intersection-related, network structure-related and demand-attraction-related are explained below to avoid any
ambiguity.

Urban tiles at various scales
In a multi-city analysis like the one presented in this paper, defining city boundaries poses a significant challenge due
to cities’ diverse spatial extents and orientations. To address this challenge, we used large square bounding boxes
for each city to ensure that most of the city’s area is contained within the box. The selected bounding box was
centred approximately at the city centre for each city. The total size of the square area was 75x 75km>for Istanbul
and 50x50km?for other cities. The various spatial scales are defined by dividing the square into uniformly sized
n x n urban tiles, where n € {20, 25, 30, 40, 50, 60, 70, 80, 90, 100} for all cities except Istanbul and {30, 37, 45, 60,
75, 90, 105, 120, 135, 150} for Istanbul. The study areas are shown in Figure 5 using the scale corresponding to
1km? of tile areas.

For all cities except Istanbul, the scales defined with n=25, n=50, and n=100 correspond to 4 km?, 1km?, and
0.25km?. For Istanbul, the scales deiined with n=37, n=75, and n =150 correspond to 4.1km2, 1krr127 and 0.25km?.

Independent and target variables

For each scale under consideration, the independent variable (X) is a vector of selected road network features, and
the dependent variable (Y) is a scalar quantity that quantifies the mean value of congestion in the tile for the entire
month.

Independent variable

Each city was then divided into square tiles of varying sizes. For the majority of this study, we consider three
sizes of tiles, corresponding to coarse (tile area 4km?), medium (1km?), and fine (0.25km?) scales. For any given
scale, the road network graph corresponding to each tile is extracted from OSM, and the 14 features are extracted
using ‘osmnx’*®. The selected features have been widely studied in the literature and have established structural
associations with urban traffic congestion. To extract the tile subgraph, first, we compute the tile boundaries
represented by a smaller bounding box. Corresponding to the smaller bounding box, we filter out the nodes from
the entire city graph that lie inside the tile boundaries. Additionally, to avoid missing out on edges that are not
fully contained within the tile boundaries, the edges that intersect with the tile bounding box are cut into two parts
by the bounding box. Hence, the tile subgraph includes all the edges due to nodes that are neighbours of the filtered
nodes.

Dependent variables (RCI and NRCI)

The data on urban traffic congestion was collected using a commercially available API from HERE technologies
This dataset quantifies traffic congestion using a variable called Jam Factor. As per the API documentation®!, the
Jam Factor (JF) is computed as the ratio of the current space mean speed to the free-flow speed. The free flow
speed corresponds to the speed when very few vehicles are on the road so that the movement of one vehicle is not

49, 50
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Table 3. Visualization of subgraphs for urban tiles of 1 km? for Auckland corresponding to the tiles that had the
maximum and minimum values for each feature. # represents the count for any feature and |z| represents the
cardinality of set x. Che; refers to betweenness centrality. (Image basemap source: ©@OpenStreetMap contributors;
plotted using contextily)
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Figure 5. Study areas with square tiles of area ~ 4 km?. The tiles at this scale are formed by dividing the chosen
50%50 km2study area into 25x25 = 625 tiles and then filtering the tiles for which OSM had street network and
traffic data was collected from HERE API. For Istanbul, the tiles are &~ 4.1 km?2since the chosen study area was
75x 75 km?and the same was divided into 37x37 = 1369 tiles. (Image basemap sources: © OpenStreetMap
contributors; plotted using contextily)
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affected by the other. It is generally lower than the speed limit due to poor weather or road conditions. Conceptually,
JF is the same as the Speed reduction index, SRI, which is an extensively studied variable of interest for traffic
congestion research? °2. Proposed in Lomax et al. (1997) °3, the SRI varies continuously from 0 to 10, with 0
implying the speed corresponding to very few vehicles on the road and 10 implying a complete traffic jam when
vehicles barely move. Since SRI is normalised by the free flow of each road segment, it ensures that the variation
in speed limits and flow capacities of different roads does not affect the congestion metrics. Typically, SRI values
below 4 are not perceptible to drivers®?, nevertheless useful for transportation researchers. For our dataset, a JF of
0 indicates free-flow traffic conditions. JF values up to 3 suggest light congestion, values between 3 and 7 indicate
moderate congestion, values from 7 to 9 imply severe congestion, and finally, values from 9 to 10 signify that the
road is completely blocked, indicating a complete traffic jam. The SRI was collected every 10 minutes for each road
segment, and the data was collected for one month.

The SRI, being a spatiotemporally varying variable, must be aggregated temporally and spatially to assign a
congestion value to each urban tile. Several temporal and spatial aggregations have been commonly used in the
transportation literature to formulate unified indices to assign a single value to a temporal bin (hour, day, or month)
and spatial bins (urban tile, administrative regions, special economic zones and so on)>*. We approach the temporal
and spatial aggregations sequentially. First, the temporal aggregations are used to assign a single value of congestion
level to each road segment, followed by spatial aggregations that assign a single value of congestion level to each
urban tile (cf. ST Section 2 for details of the two aggregations).

After pre-processing the independent and dependent variables, we used Random Forest models to predict the
RCI and NRCT congestion indices for each urban tile. (cf. SI Section 3 for details on model selection, hyperparameter
tuning, spatial cross validation, and spatial perturbation tests).

Model Validation and Goodness-of-Fit Gating

To ensure interpretability is derived exclusively from mathematically robust models, we instituted a strict Goodness-
of-Fit (GoF) gating mechanism. Prior to SHAP value and Sensitivity Ratio (SR) extraction, each city-scale-time
slice was evaluated for predictive quality. A minimum cross-validated threshold of R? > 0.2 was required. Models
failing to meet this threshold (as consistently observed in the highly complex topologies such as Mumbai) were
systematically excluded from the interpretability pipeline. The full GoF summary under this gating rule is reported
in SI ??. A temporal ablation stratifying the data into AM peak (07:00-09:00) and PM peak (17:00-19:00) windows
confirmed that the GoF pass/fail structure is stable across both temporal strata: 12 of 14 city—window combinations
passed the threshold, with Mumbai remaining the only consistent outlier in both windows (cf. ST 77?).

Multiscale Spatial and Heterogeneity Profiiing

Spatial perturbation tests were expanded beyond the baseline 1 km? scale to include representative fine (0.25km2),
medium (1km2), and coarse (4km“) spatial resolutions. Temporal parameters were held strictly fixed during spatial
iterations to isolate scale-dependent variance. Furthermore, intra-city heterogeneity was quantified by calculating the
spatial variance and skewness of all independent variables across the constituent urban tiles for each city, establishing
the distributional diversity underlying the extracted SHAP values. The full per-city heterogeneity profile is reported
in SI 77.

Feature importance through SHAP values

In recent years, applying SHAP (Shapley Additive exPlanations) values has significantly advanced the investigation
into model explainability, contributing to the development of explainable AI®®. SHAP values address the attribution
problem in machine learning, which aims to assign a feature importance value to each raw data feature®®. Originally
conceptualized in®”, the relevance of SHAP values in explainable machine learning was first demonstrated in°®,
which also introduced certain approximations for efficient computation. Additionally, these values align well with
human intuition regarding feature importance. Subsequently, exact methods for computing SHAP values for
tree-based models (such as RFs) were developed®® and released as an open-sourced software, forming the basis of
the SHAP-based analyses presented in this paper.

Recently, SHapley Additive exPlanations (shortened to SHAP) have been shown to explain the performance of
black box models. Specifically, the SHAP values can be computed efficiently for tree-based models such as Random
Forests due to Lundberg et al.>®. A single SHAP value is assigned to each feature for each data point (urban tile) in
the model. For any data point, a large positive SHAP value for a feature j indicates that the feature j contributes
positively to the model output for that data point and vice versa. The target variables in this paper (RCI and NRCI,
both derived from the Speed Reduction Index) increase for higher congestion levels, so a higher SHAP value for a
feature j implies that more congestion can be attributed to the feature j. Aggregating SHAP values is necessary
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to ensure inferences are based on easily interpretable plots. Here, we are interested in determining the feature
importance (FI), so we compute the mean FI using the mean of absolute SHAP values across all data points, as
recommended in Lundberg et al. (2020) ®°. The heatmaps in Figure 2 show the variation of FI across scales and
cities.

SHAP values assign a single value to each raw feature for each model prediction. A large positive SHAP value
indicates that an increase in the feature value will significantly shift the prediction away from the mean across all
data points. However, visualizing SHAP values can be challenging, as they are computed for each feature and data
point. Therefore, aggregation is necessary to ensure inferences are based on easily interpretable plots. In this study,
we compute the mean feature importance using the average of the absolute SHAP values across all data points, as
recommended in®”. As a result, the feature importance reported in this study is always > 0. Hence, further analysis
of the SHAP value distribution is needed to ascertain the direction of the relationship between a feature and its
SHAP values.

Given a set of SHAP values {SHAP;;} for feature j across all data points i, we can divide the data points into
two subsets: pos; representing all data points which have positive SHAP and pos; as all data points having negative
SHAP. Formally,

pos; ={i| SHAP;; >0}

neg; = {i| SHAP;; <0}

Let MeanSHAPposj and MeanSHAPnegj represent the mean SHAP value for feature j calculated over the subset
pos; and neg; respectively. Formally,

1
MeanSHAPpos, = 12 > SHAP;
1EpPOs;
1
MeanSHAP,,¢q, = —— SHAP;;
ean gj Ineg,| i€%g~ J
J

Similarly, let MeanXps; and MeanX,cy; represent the average value of feature j, but as per the data subset
pos; and neg; respectively. Formally,

1
MeanX,os, = — E Tij
7 osj
J 1€0S;

1 -
Meaanegj =— L Tij

|negj | 1€neg;

where z;; is the value of feature j at data point <.
Finally, we define the Sensitivity Ratio (SR) value for feature j as:

MeanSHAP o5, — MeanSHAP ¢,

MeanXposj — Meaanegj

Sensitivity Ratio; =

(1)

The ratio provides a dimensionless, standardized measure of how the model’s output is sensitive to changes in
feature j. The absolute value of SR indicates the strength of influence, while the sign of SR shows the direction of
this influence (positive or negative); positive implies an increase in feature increases the SHAP value, implying more
congestion. For linear models, the SR approximates the model coefficients while for non-linear models, which is the
focus of this study, the SR recovers the overall impact of the features on the SHAP values (cf. SI Fig. 8 for the
demonstration of the usefulness of SR values using simulated data).

As a model-agnostic sensitivity check, RF-based TreeSHAP attribution was compared against an equivalent
XGBoost model at the 1 km? baseline scale; results and theoretical justification are reported in SI Section 4 and ?7?.
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Spatial Splitting method | Recurrent (1km?) Non-Recurrent @ (1km?)

Vertical-Spatial New York City, Mexico | New York City, Mexico
City, City,
Bogota, Cape Town, Istan- | Cape Town Bogota, Istan-
bul bul

Horizontal-Spatial Auckland, New York City, | Auckland, Cape Town
Capetown, Istanbul

Grid-Spatial New York City, Istanbul, | (No cities passed)
Capetown

Table 4. Summary of cities passing the Spatial Cross-Validation test for Recurrent and Non-Recurrent cases at a
tile size of 1 km?.
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0.01 o1
Feature Importance (FI) Feature Importance (FI)

Figure 6. Spatial perturbations by 2/3 km to the (a) North and (b) East for Auckland at 1 km? tiles. The Feature
importance plots in (¢) and (d) show comparable values for both RC and NRC, thereby validating our results.
(Image basemap source: ©OpenStreetMap contributors; plotted using contextily)
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