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Abstract

Streets around schools are where children meet motor traffic, and making them
safe is central to Sustainable Development Goal 11 on safe, inclusive and sus-
tainable cities. Yet communities rarely have tools to measure whether drivers
actually slow down when pedestrians are present. We propose a Spatial Justice
Index that uses low-cost citizen-science traffic sensors to estimate how the prob-
ability of cautious driving changes with the number of pedestrians on a street.
The index combines a filter that excludes congested periods, a low percentile of
the speed distribution as a measure of driver caution, and a statistical model
that links pedestrian counts to speed while accounting for the discrete nature of
counts. Applied to two Italian school streets monitored during 2025, the index
rose from 0.47 to 0.88 across the observed range of pedestrian activity in Andria,
with most of the change occurring between empty and lightly used periods rather
than at high crowd densities. In Milan, pedestrian activity was too sparse for any
association to be detected. The index offers communities a scalable way to mon-
itor how street space is shared, and it signals explicitly when the available data
cannot answer the question.

Keywords: Spatial justice, Road safety, Pedestrian-vehicle interaction, Copula
models, Citizen science, Sustainable Development Goal 11.
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Introduction

Road traffic crashes involve about 1.19 million people each year, and road traffic injury
is the leading cause of death for children and young people aged 5-29 years [1]. The
2030 Agenda addresses this burden directly in Sustainable Development Goal (SDG)
11: target 11.2 calls for safe and sustainable transport systems that improve road safety
“with special attention to the needs of those in vulnerable situations, women, children,
persons with disabilities and older persons”, and target 11.7 calls for universal access
to safe, inclusive and accessible public spaces, in particular for children [2]. The streets
around schools are where these two targets meet. They are public spaces used daily
by children on foot, and they are also links in the road network, where the physical
space of the city is contested between competing mobility needs [3]. Whether such
streets are safe depends, to a large extent, on how drivers behave when pedestrians
are present - and that is precisely what local communities and administrations usually
cannot measure.

In traffic engineering, the presence of pedestrians, cyclists and curbside activity is
conventionally treated as “side friction”: an impedance that reduces link capacity and
vehicle speed, to be minimised in the interest of throughput [4-6]. Urban scholarship
on spatial justice proposes a different reading [7, 8]. From this perspective, the same
slowdown is evidence of spatial negotiation: by occupying the street edge, vulnerable
road users project a “visual wall” that induces drivers to moderate their speed, in
the same way that street-edge activity and enclosure are known to reduce driving
speeds [9, 10]. Under this reading, side friction is not an operational nuisance but a
measurable indicator of how fairly street space is shared - and a quantity that SDG-
oriented street design seeks to make independent of whether pedestrians are numerous
enough to command it.

Turning this idea into a community-level measurement faces three methodologi-
cal obstacles. (1) The first concerns the scale of observation and the choice of metric.
Microscopic studies of pedestrian - vehicle interaction reconstruct individual trajecto-
ries and crossing decisions with high fidelity [11-13], but require data that are costly
and rarely available beyond a few sites. Macroscopic studies use the aggregated counts
and speeds that fixed sensors routinely provide [14, 15], but typically summarize speed
by its mean or median[16], which smooths out the localized decelerations through
which caution is expressed; aggregation makes such approaches comparatively insen-
sitive to behavioral perturbations produced by active mobility [17-19]. (2) The second
obstacle is confounding by congestion. When pedestrian activity and vehicular density
peak together, as they do at school entry and exit times, a speed reduction may reflect
interaction between vehicles rather than with pedestrians, and the effect of roadside
activity is known to vary with traffic volume [5, 6]. (3) The third obstacle is statistical.
Most studies link pedestrian activity to speed through linear regression or symmetric
dependence measures [5, 6], which cannot represent a mechanism that might be negligi-
ble at low pedestrian levels and binding above a threshold - a pattern that field studies
of side friction have reported [5]. Copula models, which separate the marginal behav-
ior of each variable from their dependence, have proved valuable across transport and
safety applications for exactly this reason [19-34], including settings where congestion,
road-user mixing and behavioral adaptation overlap [18, 35, 36]. However, transport



data often combine discrete counts with continuous indicators [22, 23, 37], and with
discrete margins the copula is not uniquely identified, and rank-based methods are
affected by ties [21, 38, 39].

At the same time, the data needed for community-level monitoring are becoming
widely available. Low-cost sensors installed by residents in their own windows now
record multimodal traffic counts and speed distributions on thousands of streets, as
part of citizen-science programs that place the production of mobility evidence in the
hands of the communities concerned [40]. These data are aggregated and coarse, but
they are continuous in time, spatially widespread and cheap - the properties that SDG
monitoring at the neighborhood scale requires.

This paper proposes a probabilistic framework that turns such data into a Spa-
tial Justice Index (SJI). The framework adopts a regime filter that retains intervals
with vehicles present but without congestion, so that speed reductions are less likely
to reflect interaction between vehicles. The 15th percentile of the interval speed dis-
tribution, reconstructed from binned sensor data, serves as a “cautionary speed” that
targets the slowest part of the traffic stream, where caution is expected to appear.
Finally, a copula model links pedestrian counts, made continuous by jittering [41, 42],
to cautionary speed. In this model, a rotated Clayton copula that places dependence
in the joint high-pedestrian/low-speed corner - the signature of a threshold-type visual
wall - is tested against a symmetric Gaussian benchmark rather than assumed. The
SJI is then defined as the conditional probability that cautionary speed falls below the
street’s own median, as a function of pedestrian count, together with its gradient. We
apply the framework to two Italian school streets monitored by citizen-science sensors
during 2025. The results show that the index is informative where pedestrian expo-
sure varies, that the dependence it captures is located at low pedestrian counts rather
than in a high-density tail, and that the framework identifies explicitly the streets on
which the question cannot be answered with the available data.

Results

Two school streets with contrasting speed regimes

The two monitoring sites are Via XX Settembre in Andria, a medium-sized city in
Apulia, and Via Gentilino in Milan; both are streets adjacent to schools (see Methods).
The raw data describe two structurally different streets (Table 1). Via XX Settembre
operates as an urban traffic corridor, with an average of 73.8 vehicles and 10.3 pedes-
trians per 15-minute interval and an average 85th percentile operating speed (Vgs) of
43.6 km/h. Via Gentilino behaves as a strongly traffic-calmed street, with 13.2 vehicles
and 0.7 pedestrians per interval on average and an average Vg5 of 14.4 km/h (Supple-
mentary Fig. S1). At Via Gentilino, 45% of raw intervals record no vehicles and most
record no pedestrians, whereas Via XX Settembre has a substantially longer right tail
of pedestrian activity (Supplementary Fig. S2). The Andria data also contain a small
number of implausible Vg5 values above 100 km/h, which we attribute to detection
errors in low-volume intervals.

The regime filter affects the two streets in opposite directions. At Via Gentilino, the
free-flow mean volume (21.4) exceeds the raw mean (13.2) because the filter removes
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Table 1 Descriptive statistics of the two study streets, before (raw) and after (free-flow)
regime filtering. Values are means per 15-minute interval unless stated otherwise; n,
number of intervals; SD, standard deviation; Vgs, 85th percentile operating speed; Vis,
cautionary speed (15th percentile of the interval speed distribution). The free-flow regime
retains intervals with 0 < Q¢ < 50 vehicles.

Andria (Via XX Settembre)  Milan (Via Gentilino)

Raw data

Intervals, n 4,845 27,964
Monitoring days 53 297
Vehicles 73.8 13.2
Pedestrians 10.3 0.7
Vis (km/h) 43.6 14.4
Free-flow regime

Intervals, n (% of raw) 1,756 (36%) 14,199 (51%)
Vehicles 10.9 21.4
Pedestrians (maximum) 2.05 (46) 1.23 (73)
Intervals with no pedestrians (%) 52.7 57.7
Vis (km/h), mean (SD) 26.94 (16.71) 2.62 (2.25)

the many zero-volume intervals; at Via XX Settembre, the free-flow mean (10.9) is far
below the raw mean (73.8) because the filter removes the many high-volume intervals
that characterise the corridor. The Andria free-flow sample is therefore drawn from
the low-traffic periods of the day and week, a feature that matters for interpretation
(Discussion).

Within the free-flow regime, cautionary speed differs sharply between the streets
(Fig. 1). At Andria, Vi5 has a mean of 26.94 km/h and is widely dispersed. At Milan,
97% of free-flow intervals place Vi in the lowest (0-10 km/h) speed bin, with a
strong concentration near 1.5 km/h, the value returned by the reconstruction when
all detected cars fall in that bin (Methods). The low Milan values therefore reflect a
structurally slow street, measured on a scale whose effective resolution is very coarse.

Cautionary speed declines with the first pedestrians at Andria

At Andria, cautionary speed decreases as pedestrian activity increases (Fig. 2a). The
locally weighted regression (LOESS) [43] curve falls from about 30 km/h in intervals
without pedestrians to a minimum of about 12 km/h at 15-20 pedestrians; the apparent
rebound beyond about 25 pedestrians rests on very few intervals and lies within a
wide confidence band. The tie-corrected Kendall’s rank correlation between pedestrian
count and cautionary speed is 7, = —0.203 (n = 1,756; two-sided test, P < 10729). At
Milan, cautionary speed is compressed near the bottom of its range at all pedestrian
levels (Fig. 2b), and the association is not distinguishable from zero (7, = —0.003,
n = 14,199, P = 0.63). These P values assume independent intervals and are therefore
optimistic (Methods); at Andria, however, the association is strong enough that serial
dependence is unlikely to account for it.
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Fig. 1 Cautionary speed under free-flow conditions. Distribution of the cautionary speed
Vis (15th percentile of the car speed distribution in each 15-minute interval) at Andria (n = 1,756
intervals) and Milan (n = 14,199 intervals). Violins show kernel density estimates; internal boxplots
show the median and the interquartile range.
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Fig. 2 Cautionary speed against pedestrian count under free-flow conditions. a, Andria
(n = 1,756 intervals). b, Milan (n = 14,199 intervals). Each point is a 15-minute interval. Dashed
lines show LOESS fits and grey bands their 95% confidence intervals. Horizontal bands of points (for
example at 41.5, 51.5 and 61.5 km/h) correspond to intervals in which all detected cars fall in a single
10 km/h speed bin.
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The dependence is not concentrated in the high-density tail

The copula model was fitted separately at each street (Table 2). Jittering the pedes-
trian counts behaved as expected. At Andria, the jittered Kendall’s 7 averaged —0.168
(SD 0.006 over m = 50 replications), smaller in absolute value than the raw 7, by a fac-
tor of 0.83. This attenuation is predicted by the tie structure of the counts: with 52.7%
of intervals recording no pedestrians, the factor cannot exceed v/1 — 0.5272 ~ 0.85
(equation (4) in Methods). The small standard deviation shows that the result does
not depend on a particular jitter draw.

Table 2 Model selection and validation metrics. Kendall’s 7 is reported for the
raw (tie-corrected 7,) and jittered data (mean £+ SD over m = 50 replications). The
dependence parameter 6 of the rotated Clayton copula is reported with a 95%
percentile bootstrap interval (B = 150 resamples). The implied Kendall’s tau is
—0/(A +2) and the tail dependence coefficient is 271/¢. The Vuong statistic Z
compares the rotated Clayton with the Gaussian copula fitted to the same data;
negative values favour the Gaussian. P values are two-sided.

Milan Andria
Ty, raw (P) —0.003 (0.63) —0.203 (< 10729)
T, jittered (mean 4+ SD) —0.002 + 0.003 —0.168 £ 0.006
Margin for Vi5 (AIC) Lognormal (41,676.8) Weibull (14,499.6)
Margin for jittered pedestrian count Gamma Gamma
Rotated Clayton 6 (95% interval) 0.0001 (boundary) 0.137 (0.104-0.191)
Implied Kendall’s tau ~ 0.000 —0.064
Tail dependence A ~0 0.006
AIC, rotated Clayton / Gaussian 2.15 /1.94 —35.74 / —101.34
Cramér-von Mises distance Sy, 64.9 1.9
Vuong Z (P) —0.40 (0.69) —6.40 (1.6 x 10~10)

At Via Gentilino, the estimated dependence collapsed to independence: the jit-
tered 7 is indistinguishable from zero, the bootstrap distribution of 0 sits at the lower
boundary of the parameter space, and the comparison with the Gaussian copula is
uninformative (Vuong Z = —0.40, P = 0.69). The large Cramér-von Mises distance at
this site does not indicate a missed dependence. It most plausibly reflects the discrete-
ness of the Milan speed data: with Vi5 concentrated at a few values, no continuous
parametric margin can reproduce the point masses, and the empirical copula departs
from any continuous model.

At Via XX Settembre, the rotated Clayton parameter is estimated away from
independence (é = 0.137, bootstrap interval 0.104-0.191), and its density is highest in
the intended high-pedestrian/low-speed corner (Fig. 3b). However, three diagnostics
indicate that the dependence is not located where the threshold hypothesis places it.
First, the symmetric Gaussian copula fits markedly better: its AIC is lower by 65.6
units, and the Vuong test favours it (Z = —6.40, P = 1.6 x 1071°). Second, the
Kendall’s tau implied by the fitted rotated Clayton (—0.064) accounts for less than
40% of the observed jittered concordance (—0.168). Third, the implied tail dependence

(A = 0.006) is negligible. A one-parameter family that can only place dependence



in the high-pedestrian tail therefore cannot reproduce the dependence in these data,
which is spread over the body of the distribution or located at low pedestrian counts.
This agrees with the raw data, in which most of the decline in cautionary speed occurs
between zero and a few pedestrians (Fig. 2a).
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Fig. 3 Fitted rotated Clayton copula densities. a, Milan (0 ~ 0). b, Andria (§ = 0.137).
The horizontal axis (u) is the probability integral transform of the jittered pedestrian count and the
vertical axis (v) that of the cautionary speed. In b the density is highest in the lower-right corner
(many pedestrians, low speed), as intended by the construction; in a it is flat to within 10-3 (note
the colour scale, centred on 1).

The Spatial Justice Index

Figure 4 shows the SJI and its gradient at both streets. The SJI is the probability that
cautionary speed falls below the street’s own median, so it equals 0.5 when pedestrian
presence is uninformative. At Via Gentilino, where no dependence is estimated, the
curve is flat at 0.5 by construction. This is the signature of an inconclusive case study,
not of a street where safety is guaranteed regardless of pedestrian presence. That
stronger claim may well be true of Via Gentilino, given its generally low speeds, but
it cannot be tested there, because pedestrian activity hardly varies.

At Via XX Settembre, the SJI rises from about 0.47 with no pedestrians to about
0.88 at the largest observed count (46 pedestrians per 15 minutes): the probability of
cautious driving increases materially with pedestrian activity. The curve is concave,
and its gradient is largest near zero and declines thereafter (Fig. 4b). This shape
must be read with care. On the pedestrian-count scale, the gradient is the product
of a dependence factor and the density of pedestrian counts, which is strongly right-
skewed and decreasing (equation (9) in Methods). The concavity is therefore partly
inherited from the distribution of counts and does not, on its own, distinguish between
mechanisms. The direct evidence on mechanism comes from the copula diagnostics
and the raw data, which together indicate that driver caution at Andria is associated
mainly with the difference between empty and non-empty intervals, with little evidence
of an additional effect that switches on above a high pedestrian threshold. The upper
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end of the curve rests on few intervals and is determined largely by the fitted models,
so it should not be read as a precisely estimated asymptote.

a ) , . b )
SJI level (site-relative threshold: median Vis) SJI gradient d SJl,/dp
0.0200 1 ~— Andria - Via XX Settembre
—— Milan - Via Gentilino
084 0.0175 A
0.0150 4
0.6 o 0:0125
hs)
= 3
@& 5 0.0100 +
041 0.0075
0.0050 +
0.24
0.0025 4
—— Andria - Via XX Settembre
—— Milan - Via Gentilino 0.0000
0.0 T T T T T T T T T T T T T T T T
0 10 20 30 40 50 60 70 0 10 20 30 40 50 60 70
Pedestrian count p (15 min) Pedestrian count p (15 min)

Fig. 4 Spatial Justice Index. a, Probability that the cautionary speed falls below the street’s
median value, as a function of the number of pedestrians per 15-minute interval (SJI), based on the
rotated Clayton copula. b, Gradient of the SJI with respect to pedestrian count. Orange, Andria;
green, Milan. The Milan curve is flat at 0.5 because no dependence is estimated at that street. The
shape of the Andria gradient near zero reflects the distribution of pedestrian counts (Methods).

Finally, low cautionary speeds occur both in intervals whose operating speed Vgs
exceeds 30 km/h and in those below it (Supplementary Fig. S3). The SJI and Vg5
therefore describe different aspects of street performance.

Discussion

The two school streets studied here tell different stories, and the contrast between
them is informative for both the SDG agenda and the design of the index. At Via XX
Settembre, drivers are markedly more likely to drive cautiously when pedestrians are
present, and most of this change occurs between empty and lightly used intervals. This
finding carries a specific implication for SDG targets 11.2 and 11.7. Where speed mod-
eration depends on pedestrian presence, safe conditions are least available precisely
when pedestrians are few - for example, when a single child walks to school early or
leaves late. A street of this kind offers protection that is contingent on the protected
party being present to command it, and it is the street’s baseline speed regime, not
the crowd, that governs risk during the low-exposure periods that make up most of the
day. The evidence does not support the stronger, threshold-type form of the visual-
wall hypothesis, in which caution switches on only when pedestrians are numerous:
the copula that encodes that mechanism is outperformed by a symmetric benchmark
and reproduces less than half of the observed concordance. If there is a visual wall at
Andria, it appears to be raised by the first pedestrians rather than by a crowd.

An alternative explanation must be weighed. Because the regime filter retains only
intervals with fewer than 50 vehicles, the Andria free-flow sample is drawn from low-
traffic periods, when the absence of pedestrians and higher speeds may share common
causes such as time of day, lighting and the school timetable. Filtering on vehicle



volume does not remove this form of confounding, and part of the association between
empty intervals and faster cautionary speeds may reflect it. The associations reported
here are conditional associations within a controlled volume regime, not causal effects.
Separating a pedestrian-presence effect from its temporal correlates requires analyses
stratified by hour and day type, which the framework accommodates directly and
which are the most important extension of this work.

At Via Gentilino, the framework returns no identifiable dependence, and we have
distinguished this throughout from a finding of structural safety. A flat index is what
one would observe both on a street whose design enforces low speeds regardless of who
is present and on a street where pedestrian exposure is too sparse for an effect to be
estimated. Via Gentilino is plausibly the former, but with 57.7% of free-flow intervals
recording no pedestrians and a monitoring period that includes school holidays, the
data cannot tell the two apart. This has a methodological corollary that we regard as a
contribution in its own right: indices of this family are identifiable only where the con-
ditioning variable varies. Defining the threshold relative to each street’s own median
makes this failure visible. Under a common absolute threshold, the Milan index would
have been close to one everywhere and would have invited exactly the reassuring inter-
pretation that the data do not support. Communities and administrations applying
the SJI should therefore report pedestrian-exposure diagnostics alongside the index
and treat a flat curve on a low-exposure street as a null result.

From the perspective of sustainable communities, the framework’s main value lies
in what it asks of the data and of the people who produce them. It requires only binned
speeds and modal counts from sensors that residents install in their own windows [40],
so the evidence on whether a school street is shared fairly can be generated, inspected
and contested by the community that uses it. This supports the kind of community-
level measurement and citizen participation that local SDG monitoring needs, and
it complements conventional indicators. The operating speed Vg5 describes how fast
traffic moves; the SJI describes whether that speed responds to the people who share
the street. A street may perform acceptably on Vg5 while showing a steep SJI gradient,
which indicates that its safety depends on pedestrian presence rather than on design.
This reading is consistent with Vision Zero and traffic-calming principles, which hold
that safety should be built into street geometry rather than left to negotiation between
the parties at risk [9, 10].

Several limitations qualify these findings. Cautionary speed is reconstructed from
10 km/h bins of car speeds rather than observed for individual vehicles, so its res-
olution is coarse where speeds are concentrated in a single bin, as at Via Gentilino,
and in intervals with few cars it is determined by one or two detections; sensitivity
analyses excluding intervals below a minimum number of cars, and validation against
vehicle-level speed data, would strengthen the construct. Camera-based detection is
sensitive to lighting, occlusion and calibration, as the implausible operating speeds at
Andria illustrate; restricting the analysis to daylight, high-uptime intervals is a nat-
ural robustness check, as is documenting the stability of the results over alternative
values of the free-flow threshold Q,ax. The Andria data cover 53 days in two windows
(February-March and November-December 2025), so seasonal variation is unobserved;
conversely, restricting the Milan data to school days would sharpen the comparison
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between the streets. Consecutive 15-minute intervals are serially dependent, so the
reported P values and the interval-level bootstrap understate uncertainty; resampling
whole days would give more reliable intervals [44]. The Gamma margin for pedes-
trian counts is applied to a variable with more than half of its mass at zero, and it
governs the upper end of the index; rank-based estimation [45] or the exact margin
implied by the jittered empirical counts would avoid this assumption. Finally, the fam-
ily comparison was restricted to the hypothesis-driven rotated Clayton and a Gaussian
benchmark. A complete comparison should include copulas that place dependence in
the low-pedestrian/high-speed corner and should use calibrated goodness-of-fit tests
[46], and model-based curves should be compared with nonparametric estimates of
the SJI within classes of pedestrian count and reported also on the probability scale,
where their shape depends only on the copula. Two school streets in two Italian cities
cannot support general claims about street typologies. The framework, however, is
portable to any street monitored by comparable sensors.

In summary, the Spatial Justice Index turns citizen-collected traffic data into a
transparent measure of whether drivers yield space to pedestrians. At the street where
pedestrian exposure varies, it reveals a clear association between pedestrian presence
and cautious driving, concentrated at low pedestrian counts; at the street where expo-
sure is sparse, it declines to give an answer rather than giving a reassuring one. Both
outcomes are useful for communities working towards safe and inclusive streets under
SDG 11.

Methods

Study sites and data

The first site is Via Gentilino in Milan, at the entrance of the Istituto Comprensivo
“P. Thouar e L. Gonzaga”. The street lies in a dense urban area with a compact
street network, where local traffic interacts with public transport, pedestrian flows
and metropolitan mobility. The school entrance opens directly onto the street, mak-
ing it a sensitive node where pedestrian flows, cycling and local vehicular circulation
converge at school arrival and departure times. Nearby parks and green areas may
further encourage active mobility, and the area has been involved in initiatives pro-
moting safer school streets and traffic calming. The second site is Via XX Settembre
in Andria (Apulia), near the Primo Circolo Didattico “Guglielmo Oberdan”. Andria
has a compact urban core surrounded by a wider peri-urban and rural municipal ter-
ritory. Via XX Settembre is an urban street in a central and well-connected part of
the local network, close to more heavily trafficked roads and main circulation axes,
which may contribute to higher vehicular volumes; pedestrian flows and local traffic
converge there during school hours.

At both sites, data were collected by Telraam sensors, low-cost devices installed
inside a window with an unobstructed view of the street [40]. The sensor detects road
users in its field of view, tracks them across frames, classifies them by mode and
converts detections into anonymous counts, aggregated at 15-minute resolution for
pedestrians, cyclists, cars and heavy vehicles. Pedestrian counts refer to all pedestrians
detected in the field of view, on either side of the street. The sensor does not report

10



individual speeds. For each interval, it reports the share of detected cars in eight
10 km/h speed bins (0-10, 10-20, ..., 704+ km/h) and the 85th percentile operating
speed Vgs. The Milan dataset contains 27,964 records collected between January and
12 December 2025 on 297 distinct days (about 6,991 hours). The Andria dataset
contains 4,845 records collected between 19 February and 22 December 2025 on 53
days (about 1,211 hours), concentrated in two windows (19 February-19 March and
28 November-22 December), with no observations from April to October. The study
used only aggregated, anonymous counts; no personal data were collected.

Cautionary speed

Let 7 = {1,..., N} index the 15-minute intervals at a site, let f; , be the share of
cars in speed bin k = 1,...,8 during interval ¢, with bin boundaries by = 0 < b; =
10 < -+ < bg = 80 km/h (bg is a nominal upper bound for the open 70+ bin), and let
For=> i<k ft; with Fy o = 0. Interpolating linearly within bins gives a piecewise-
linear approximation B v, to the distribution function of car speeds in interval ¢. The
cautionary speed is its 15th percentile,

0.15 — Fype 1
fep=

where £* is the first bin with F} ;« > 0.15. We use the 15th percentile rather than
the mean because it targets the slowest part of the traffic stream, where cautionary
slowdowns are expected, and it is insensitive to speeding vehicles. Equation (1) implies
that Vis, carries a discretization error bounded by the bin width, and that Vi5; =
br—1 + 1.5 km/h whenever all detected cars fall in the same bin k, which is frequent
when an interval contains few cars. The cautionary speed therefore has point masses
at a small set of values.

The pedestrian variable P; € {0,1,2,...} is the number of pedestrians detected
during interval t.

Vise =inf{v >0: Fy,(v) > 0.15} = bge_1 + (e —bre—1), (1)

Regime filtering

To reduce confounding by interaction between vehicles, we retained only intervals in a
free-flow regime. With @Q; the total motorized vehicle count in interval ¢t and Qax = 50
vehicles per 15 minutes,

Rt{l, 0<Qt.< QmaX7 T*:{tET:Rt:].}, n:|,7->,<| (2)
0, otherwise,

The upper bound (200 vehicles per hour) is a conservative value for a single urban
street, below which interactions between successive vehicles are expected to be infre-
quent. The lower bound excludes intervals with no recorded vehicles, which comprise
both genuinely empty periods and periods of reduced detection, and for which the
speed distribution is undefined. Filtering on a volume band reduces, but does not elim-
inate, confounding: it does not control for time of day or the school timetable, and it
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is a form of selection on an endogenous variable. All analyses below use the free-flow
subset 7.

Continuization of counts by jittering

By Sklar’s theorem [47, 48], any bivariate distribution H with margins Fp and Fy
can be written as H(p,v) = C{Fp(p), Fv(v)} for a copula C, which is unique only
when both margins are continuous. Because P; is discrete, its copula with Vi5; is not
identified [38]. We therefore used the continuous extension (jittering) [41, 42]

Pt* =P+ U, UtNu(071)7 (3)

with Uy independent of (P, Vi5,) and across intervals. The event {P, = p} coincides
with {P; € [p,p+ 1)}, and (P*,V35) has a unique copula.

Jittering fixes the estimand rather than removing the effect of ties. Pairs tied in
P are broken at random by independent noise and contribute no net concordance, so
the population Kendall’s tau of the jittered pair, defined as the difference between the
probabilities of concordance and discordance, satisfies

7(P*,Vis) = (P, ‘/15)\/(1 -, 77,3) (1 -3 wf), (4)

where 73, is the tie-corrected coefficient [49], 7, = Pr(P = k), and w; are the prob-
abilities of the atoms of Vi5 (a derivation is given in Supplementary Note 1). If the
tie-corrected version is also used for the jittered pair, the second factor cancels. The
jittered tau is therefore attenuated relative to 7, by a factor that depends only on the
ties. Because a single jitter draw is random, we repeated the procedure over m = 50
independent replications and report the mean and standard deviation of the resulting
Kendall’s tau.

Marginal distributions and copula model

For V15 we compared Weibull and Lognormal distributions and retained the one with
the lower Akaike information criterion (AIC = 2k — 2In L, with k parameters and
maximized likelihood L) separately at each site. For P* we used a Gamma distribu-
tion. Estimation followed the two-stage inference-functions-for-margins approach [50]:
marginal parameters were estimated by maximum likelihood, and the copula param-
eter by maximum likelihood on the probability integral transforms u; = Fp-(P;*) and
vy = Fy(Vise).

The side-friction hypothesis implies that high pedestrian counts (u — 1) coincide
with low cautionary speeds (v — 0). A threshold-type mechanism, in which pedestrian
presence becomes binding only above a critical level, would concentrate dependence
in that corner of the unit square. To represent it, we used a rotated Clayton copula
obtained by fitting the Clayton copula Cci(v/,v;0) = (v'~% +v=¢ —1)=1/¢ 6 > 0, to
the reflected pair (v/,v) = (1 — u,v):

C(u,v;0) =v— Cai(1l —u,v;6). (5)
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This copula describes negative dependence, with Kendall’s tau —6/(6 + 2) and tail
dependence coefficient A = 27/% in the (u — 1,v — 0) corner; it reduces to inde-
pendence as 8 — 0. Because the same rotation label (for example 90° or 270°) may
denote different corners in different treatments and software implementations [50, 51],
we defined the construction explicitly and verified numerically that the fitted density
is highest in the intended corner (Fig. 3b). The conditional distribution function of V'
given U = u is

0C (u,v;0)

o — (- a—w o 1] (6)

h(v [ u;0) =
As a symmetric benchmark we fitted the Gaussian copula C,(u,v) =
®o{® 1 (u),® 1 (v); p} to the same data, where @, is the bivariate standard normal
distribution function with correlation p; it implies no tail dependence.

Spatial Justice Index

Because the two streets differ greatly in their speed regimes, a common absolute
threshold would lie outside the support of one street’s cautionary speeds and make
the index uninformative. We therefore defined the threshold relative to each street, as
Verit = Fy, ' (g) with ¢ = 0.5 (the street’s fitted median cautionary speed). The SJI is
the conditional probability

SJI, = Pr(Vis < verir | P* = p) = h{q | Fp-(p);0}. (7)

Under the rotated Clayton copula, SJI, — ¢ for all p as § — 0, and SJI, increases
monotonically from ¢'*% at 4 = 0 towards 1 as © — 1 for any § > 0. The upper end of
the curve is therefore determined jointly by the copula family and by the upper tail of
Fp+. The curves in Fig. 4 evaluate equation (7) at P* = p. The conditional probability
of the discrete event {P = p} is the average of h over the corresponding interval of u,

Pr(Vis < ven | P = p) = SALe Pt 1).ah = C{Fp-(p). g}, .

Fp-(p+ 1)~ Fp-(p)

which differs most from equation (7) at p = 0. Under jittering, the distribution function
of P* is also available exactly from the empirical count distribution, Fp«(x) = Pr(P <
|z] — 1)+ (z — |z]) Pr(P = |z]), which offers a model-free alternative to the Gamma
margin. We complement the level with its gradient,

fo- () 2L E0) , Q

u=Fp«(p)

dsJI,
dp o

which measures the local sensitivity of cautious driving to an additional pedestrian
and is comparable across streets with different speed regimes. Equation (9) shows that
the gradient on the count scale is the product of a dependence factor and the marginal
density fp«. For a right-skewed count distribution, whose density decreases in p, a
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declining gradient can therefore arise even when the dependence factor is constant or
increasing.

Validation and model comparison

The validation had four components. (i) We computed the Cramér-von Mises distance
between the fitted copula C; and the empirical copula C,,

n

Sp = Z{Cn(ui7vi) = Cy(ug, v5)}?, Cn(u,v) = %Z Huj <u, vy < v}, (10)

j=1

as a descriptive measure[46]; a calibrated test would require a parametric bootstrap.
(ii) We obtained a 95% percentile interval for § from a nonparametric bootstrap with
B = 150 resamples of intervals, re-executing the full pipeline (jittering, marginal
fitting, probability integral transform, copula estimation) on each resample. (iii) We
compared the Kendall’s tau implied by the fitted copula with the empirical jittered tau;
for a correctly specified one-parameter family both estimate the same quantity, so a
large discrepancy indicates that the family cannot reproduce the observed dependence.
(iv) We compared the rotated Clayton and Gaussian copulas by AIC and by Vuong’s
test for non-nested models[52],

Z = -, él = lncé(ui,vi) — lnc‘;(ui,vi), (11)

where c; and c; are the fitted copula densities and ¢ and sy are the mean and standard
deviation of ¢;. Z is asymptotically standard normal when the two models are equally
close to the true distribution; positive values favour the rotated Clayton, and no
degrees-of-freedom correction is needed because both models have one parameter. The
rotated Clayton was retained as the hypothesis-driven specification, and diagnostics
(iii) and (iv) were used to judge whether the data support the threshold mechanism
it encodes, not to select the family.

Statistical reporting

Associations between pedestrian count and cautionary speed were tested with
Kendall’s 73, (two-sided test of 7, = 0 based on its asymptotic normal distribution),
and the copula families were compared with the two-sided Vuong test, at a significance
level of 0.05. All P values assume independent 15-minute intervals. Because consecu-
tive intervals are serially dependent, these P values and the interval-level bootstrap
intervals should be regarded as lower bounds on the true uncertainty. The sample sizes
are n = 1,756 (Andria) and n = 14,199 (Milan) free-flow intervals. Descriptive statis-
tics are reported as means with standard deviations unless stated otherwise. Analyses
were performed in R.
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