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Abstract. The Modifiable Areal Unit Problem or MAUP
is frequently alluded to but rarely addressed directly. The
MAUP posits that statistical distributions, relationships
and trends can exhibit very different properties when the
same data are aggregated or combined over different re-
porting units or scales. This paper explores a number
of approaches for determining appropriate scales of spa-
tial aggregation. It examines a travel survey, undertaken
in Ha Noi, Vietnam, that captures attitudes towards a
potential ban of motorised transport in the city centre.
The data are rich, capturing travel destinations, purposes,
modes and frequencies, as well as respondent demograph-
ics (age, occupation, housing etc) including home loca-
tions. The dataset is highly dimensional, with a large n
(26339 records) and a large m (142 fields). When the raw
individual level data are used to analyse the factors asso-
ciated with travel ban attitudes, the resultant models are
weak and inconclusive - the data are too noisy. Aggregat-
ing the data can overcome this, but this raises the ques-
tion of appropriate aggregation scales. This paper demon-
strates how aggregation scales can be evaluated using a
range of different metrics related to spatial and non-spatial
variances. In so doing it demonstrates how the MAUP can
be directly addressed in analyses of spatial data.
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1 Introduction

The city of Ha Noi in Vietnam, has increasing levels of
air pollution and congestion as the city expands, placing
pressure on existing transport infrastructures. Ongoing re-
search has undertaken a survey of travel behaviours in Ha
Noi (Bratkova et al., 2022; Malleson et al., 2022; Wanjau
et al., 2022). The survey captured answers to 142 ques-
tions and had 26339 respondents, whose home locations
are shown in Figure 1. One of the aims of the survey
was to understand public perceptions of a potential ban
on motorbikes from parts of the city centre, asking re-
spondents whether agreed or disagreed with the proposed
ban.However, attempts to construct binomial models of the
respondent attitudes to the proposed travel ban resulted
only in very weak models, despite extensive experimen-
tation, data manipulation and transformation.

One option to overcome this is to spatially aggregate the
data, but this introduces the Modifiable Areal Unit Prob-
lem or MAUP (Openshaw, 1984b, a; Dungan et al., 2002)
and raises the question of determining appropriate scales
of aggregation. The MAUP, in brief, is the variation in
statistical distributions, relationships and trends when the
same raw data are aggregated over spatial units at different
spatial scales. Essentially the MAUP describes a process
of distortion. It results in different model outcomes, such
as coefficient estimates (Brunsdon and Comber, 2021),
and importantly different process understandings. It is
common to find research papers saying things like "the
MAUP should always be tested for" (Hint: this is an easy
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point to make if you are ever reviewing a spatial anal-
ysis paper: "Did you examine the MAUP?"). But rarely
is a full examination of the effects of the MAUP under-
taken. In a recent paper Comber and Harris (2022) rec-
ommended that sensitivity to the MAUP can be investi-
gated by identifying the aggregation scales at which the
processes under investigation are considered to be stable,
where stability is in respect to "variances, covariances and
higher moments, in context of the subsequent data analy-
ses" (p15), as well as measures indicators of spatial associ-
ation (Anselin, 1995; Hui, 2009) and local spatial covari-
ances (variograms) (Harris et al., 2010).
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Figure 1. The spatial extent and home locations of the Ha Noi
travel survey respondents, with a transparency term and an OSM
backdrop (copyright OpenStreetMap contributors).

This paper explores the impact of different spatial of ag-
gregation using the home locations indicated in the travel
survey described above. It undertakes an evaluation of the
impacts of the MAUP using 6 exploratory measures and
then uses these to determine an appropriate aggregation
scale before undertaking an analysis of the factors associ-
ated with respondent attitudes to the proposed travel ban
in Ha Noi.

2 Methods

The survey data were aggregated over spatial aggregation
units at different scales and a number of metrics were cal-
culated before a final analysis of behaviours was under-
taken at a selected scale.

2.1 Data

A survey of travel behaviours and attitudes has been un-
dertaken as part of the Urban Transport Modelling for Sus-

tainable Well-Being in Ha Noi project1 in order to support
evidence-based policy making around the Ha Noi trans-
port system. The survey asks respondents for basic demo-
graphic information as well as details about their travel
behaviour (e.g. their common journeys) and their trans-
port related aspirations (e.g. ownership of different types
of vehicle). It also asks questions specifically related to a
possible ban on motorbikes from the city centre. The aim
of this analysis is to examine the response to this ques-
tion with respect to a mixture of demographic and travel
related variables. Specifically the analysis sought to un-
derstand how variations in age, gender, occupation, type
of residence, typical trip purpose, mode and distance were
related to whether the respondent agreed with the ban or
not. Aside from distance, all of the variables were cate-
gorical (see below). In the aggregations the explanatory
variables were converted to counts of each response for
each spatial unit, and then rates were calculated based on
the number of observations in each unit. For each group of
compositional data listed below, one of the categories was
dropped as is the usual practical for compositional data in
regression:

• Age: less_18, 18_25, 26_35, 36_55, 56_75, more_75;
dropped more_75;

• Gender: female, male; dropped male;

• Occupation: retired, student, private, fdi, state;
dropped retired;

• Home type: high_rise, private_house, old_building,
social_house, private_new, resettlement; dropped
old_building;

• Home ownership: owner, rent, parent_house, mor-
gate; dropped parent_house;

• Trip purpose: visit, education, work, shopping, car-
ing, leisure; dropped work;

• Trip mode: taxi, moto, walk, bus, ebike, bike, car,
tram; dropped tram;

• Opinion on the proposal ban: agree, disagree, neutral,
strongdisagree, strongagree.

The mean travel distance for the main journey made by
each respondent was calculated for the respondents in each
cell. The response variable (Opinion on the proposal ban)
was collapsed such into a binary variable of the proportion
of respondents in each cell that agreed with the proposed
ban of motorised transport in the city centre in some way –
i.e. composed of agree and strongagree – to create
a ban agreement response variable.

1https://urban-analytics.github.io/UTM-Hanoi/
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2.2 Scales

A series of different sized hexagonal grid cells were con-
structed over which the observations in Figure 1 were ag-
gregated. These ranged from an approximate 10 × 10 cov-
erage of the area containing 102 grid cells, each with an
area of 503 km2, to 100 × 100 grid cells with 7305 grid
cells with an area of 5 km2, as sample of which are shown
in Figure 2.

2.3 Metrics

labelmetrics

The survey data were combined over the cells in the ag-
gregation layer in the manner described above and a series
of metrics were used to explore the effect of aggregation
scale. These were:

• Variance of the target variable, ban agreement pro-
portion;

• Filtered Variance of the target variable, with the data
filtered for cells with more than 5 respondents;

• The residual variogram’s Nugget effect arising from
a linear regression model fitted with a spatially auto-
correlated error term, where the variogram is speci-
fied using an exponential function decaying with re-
spect to the Euclidean distance separating the cells,
and all parameters are estimated using restricted max-
imum likelihood (REML) (Lark et al., 2006). The
Nugget ranges from 0 to 1, where it is the proportion
of small-scale random variation to the total variation
(both random and structural);

• The residual variogram’s correlation Range from the
REML estimation above, noting that this should al-
ways be evaluated relative to scale of aggregation. To
achieve this the logged Range is divided by the cell
parameter value;

• The number of PCA Components that explain 80%
of variation in the aggregated data;

• Moran’s I of the arising from the residuals of the
REML model.

The idea was to use these metrics to identify the aggrega-
tion scales at which the aggregation process stabilises - i.e.
levels out in some way.

3 Results

The results of using different scales of aggregation are
shown in in Figure 3. The Variance, Filtered Variance, and
PCA Components all provide measures of (a-spatial) vari-
ability in the data and the the Nugget, Range and Moran’s
I , all provide measures of spatial variability.

Low values for the variogram’s Range indicate weak resid-
ual spatial autocorrelation, while high variogram Nugget
values similarly indicate weak residual spatial autocorrela-
tion. The weakest residual spatial autocorrelation is when
both occur in tandem, and vice versa for the strongest
residual spatial autocorrelation. Theoretically, as data are
aggregated to coarser scales then the Nugget will ap-
proach 1 and Range will approach 0. Unlike the variogram,
Moran’s I only provides a single metric of residual spatial
autocorrelation and as such, provides a less detailed sum-
mary.

Examining Figure 3, some trends are evident. The Nugget,
Variance, Filtered Variance and PCA Components sta-
bilise around the same range - between 50 and 70. They
have plateaus in their trend (before continuing to increase).
For the Range, if the elbow is considered, it stabilises be-
tween 40 and 70 before continuing to decrease. The spatial
autocorrelation in Moran’s I is moderately positive across
scales and to a degrees shows some levelling off at this
range also. Together these metrics, although calculated in
different ways and capturing different but related process,
suggest that an aggregation scale in the range of 50 × 50
to 70 × 70 grid cells may be appropriate.

The final stage of the analysis was to fit a model, using
a sampling grid constructed with approximately 50 × 50
grid cells as shown Figure 4. The approach was as follows:
aggregate the data as before, filter the data for cells with
more than 5 observations (resulting in 173 grid cells), fit an
initial model and then undertake model selection through a
stepwise AIC evaluation to determine a final parsimonious
model. The coefficient estimates and their significance are
shown in Figure 4.

The coefficient estimates in Figure 4 show a number of
things:

• the effect of average (mean) trip distance (in kilome-
tres) has only a marginal effect on the proportion of
people who agree with the proposed ban;

• in terms of demographics, the proportion of females
and people aged 26 to 75 are negatively associated
with the proportion agreeing with the ban, and the
proportion of people living in resettlement accommo-
dation highly so;

• the proportions of people employed by the state in
some way or Foreign Direct Investment (fdi) were
positively associated with agreement with the pro-
posed ban, as were those living in their own homes;

• in terms of the nature and mode of the main jour-
ney or trip, the proportion of people going shopping
for their main was negatively associated with the ban
and unsurprisingly the proportion of people using a
motorbike for that trip was also negatively associated
with agreement to the proposed ban.

To emphasis the importance of this, a comparative analysis
was undertaken with 25 × 25 grid cells (514 cells) and the
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Figure 2. Example scales of aggregation: left 10 by 10 cells centre 25 by 25, right 50 by 50.
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Figure 3. The metric scores under different scales of aggregation
(grid cell number), with a 3rd order polynomial trend line fitted.

results are shown in Figure 5. There are number of things
to note:

1. The AIC selected parsimonious model has a different
composition. If the the names of the covariates are ex-
amined, this spatially coarser model has retained dif-
ferent age, occupation, ownership, trip purpose and
vehicle variables.

2. The strength of the relationship between the co-
variates and target variable (ban agreement per-
centage) has changed in some cases (own_owner,
purp_shopping, vehic_moto).

3. The nature of the relationship between the covariates
and the target variable has changed. The signs are re-
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Figure 4. The grid cells from a 50 by 50 model, with the filtered
grid cells (shaded) used in the final analysis, and the summary of
the coefficient estimates, standard errors and significance, from
the final fitted model.

versed for the age covariates, indicating a different
relationship with the outcome.

Together these suggest a very different understanding of
the processes and factors relating to the degree of ban
agreement.

4 Discussion

This paper presents work from a project where the aim
is inform policy makers of the travel patterns and nature
of the journeys people make as part of their every day
routines in Ha Noi. Data collection was delayed due to
COVID-19 and has only just been completed (Spring of
2022). The dataset is extremely rich both in terms of the
number and geographical spread of observations but also
in its thematic content. It also incredibly noisy. In this con-
text, spatial aggregation provides a method to summarise
the data into a more manageable format from which un-
derstandings and trends can be extracted, in order to iden-
tify potential strategies to mitigate the effects on pollu-
tion and congestion in the city, which are increasing with
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Figure 5. The grid cells from a 25 by 25 model, with the filtered
grid cells (shaded) used in the final analysis, and the summary of
the coefficient estimates, standard errors and significance from
the model.

rapid urbanisation. However, spatial aggregation intro-
duces well-known and well-recognised distortions through
the MAUP. As yet there is no toolkit to mitigate or under-
stand the effects of the MUAP. This paper provides an ini-
tial investigation and demonstrates a set of approaches for
doing this, through a simplified case study. It this method-
ological suggestion which the main contribution of this re-
search, rather than the coefficient estimates as presented in
Figure 4 and interpreted above. Future work will examine
the relationships with the many other factors captured by
the survey that are of interest, and alternative regression
models, especially non-linear spatial ones such a spatial
GAM splines, to develop more detailed analyses.
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