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Abstract

Spatio-temporal networks are a useful tool for examining systems such as transport
networks. However, it is relatively difficult to examine continuous temporal change in the
properties of network connections. Spatially correlated time series analysis often uses only
distance to estimate correlations between time series, which is not necessarily applicable
to a network system.

Longitudinal data analysis methods that are common in epidemiology and psychology may
be combined with spatio-temporal network data to capture complex temporal patterns at
the level of individual observation-units, for example individual network objects. These
can be used to distil complex temporal information into specific easily interpretable
variables that represent a specific part, or feature, of a temporal pattern, such as the timing
of maxima.

This paper illustrates how these methods could be combined with geographical methods to
generate meaningful and interpretable results describing spatial variation in temporal
patterns of temperature in a rail network. Longitudinal methods considered were: multilevel
modelling and functional data analysis.

Results show differences across the longitudinal methods used that are likely down to
necessary differences in model specification. The appropriate parameterisation of each
method is one of several factors that will affect the utility of these methods to accurately
capture temporal pattern features in a meaningful way. There is considerable scope for
further investigation of the utility of these methods through simulation.

Keywords: Spatio-temporal data, modelling, transport networks.

1. Introduction

Spatio-temporal networks can be represented as series of networks at discrete time intervals
(Williams and Musolesi, 2016). This allows temporal variation in the properties of objects in the
network (nodes) and connections between them (edges). However, this does not represent
continuous temporal variation, which may be of interest to researchers, and assumes all edge and
node properties are measured simultaneously.



Spatially correlated time-series may be used to examine patterns in spatio-temporal data with more
dense information in the time axis (Kyriakidis and Journel, 1999). Spatio-temporal models are useful
in a wide range of situations, but often use the distance between objects to estimate spatial
correlations (Kyriakidis and Journel, 1999, Min et al., 2009, Fotheringham et al., 2015). This restricts
their use to temporal patterns associated with point locations and may not be suitable for properties
of network connections as discussed above.

Several longitudinal data analysis methods used in disciplines such as epidemiology and psychology
are capable of capturing complex temporal patterns at the level of individual observation-units, for
example network connections or point locations (Bollen and Curran, 2005, Goldstein, 2011, Ramsay
and Silverman, 1997). Different longitudinal methods have different advantages and disadvantages
that affect their ability to accurately capture temporal patterns in different situations (table 1).

Method Example application Advantages Disadvantages
Multilevel Modelling patterns of Can capture Patterns must be parametric
models recovery in patients with bone  complex random
fractures involving joints structures Error structures must be
(Kwok et al., 2008) parametric
Frequent problems with
convergence
Latent Modelling non-linear patterns ~ Non-parametric Error structures must be
growth curve of height in childhood patterns can be parametric
models (Grimm et al., 2011) captured )
Non-parametric forms do not
Can capture allow interpolation, limiting
complex random the ways patterns can be
variation represented
Functional Investigating the effect of Easy estimation Patterns must be parametric

tele-interpersonal
psychotherapy on depression
(Woldu et al., 2019)

data analysis

SITAR Investigating growth patterns Interpretable
method in teenagers (Cole et al., summary of
2010) patterns

Does not capture complex
random error variation

Inflexible representation of
pattern — always as three set
growth curve properties

Table 1: Summary of some advantages and disadvantages of three longitudinal data analysis methods
examined in this paper. Example papers were selected to contain some discussion of the method
involved as well as an example application. Other information from Blozis et al. (2007), Bollen and
Curran (2005), Goldstein (2011), Ramsay and Silverman (1997), Sterba (2014), Cole et al. (2010).

Multilevel models (MLMs) and latent growth curve models (LGCMs) are capable of incorporating
complex correlation structures into the model, such as those implied by the structure of a spatial
network, whereas methods like functional data analysis (FDA) do not necessarily account for this
(Bollen and Curran, 2005, Goldstein, 2011, Ramsay and Silverman, 1997). Information from these
models could be combined with network analysis or other geographical methods to examine how



temporal patterns vary spatially. Modelling temporal patterns with or without respect to the
structure of a spatial network will likely affect the results.

Information representing the whole of each temporal pattern can be difficult to interpret, meaning
spatial variation in the patterns is hard to understand. Therefore, it may be useful to identify specific
parts of the pattern that are of interest (hereto referred to as pattern features). For example, the
timing of the maximum point in the pattern (Aris et al., 2017). Information like this can often be
recorded as a single numeric variable. Variables representing pattern features could more easily be
combined information from geographical or network methods to visualise or model spatial variation
in temporal patterns.

This paper illustrates the potential for combining longitudinal methods and network analysis to data
describing daily patterns of temperature for journeys in a simulated rail network and discusses
differences in results using two longitudinal methods: MLMs, which can account for complex
random variation, and FDA, which does not.

2. Methods

2.1 Data simulation

A simulated scenario with a simple data structure was used for illustrating methods without the
complications associated with real data. The known scenario gives some idea of accuracy, but this
initial study does not involve simulations appropriate for fully assessing the accuracy and precision of
methods. The outcome of interest was temperature — while this is perhaps not a common outcome,
it is normally distributed and continuous, which allows for an uncomplicated illustration.
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Figure 1: Map of the simulated rail network used to generate daily temperature data.

The scenario involves a small simulated underground rail network with four lines (figure 1). Like
some real underground rail networks, high carriage temperatures often occur in summer, which can
cause issues such as fainting for passengers. In this example, the network operators are interested in



identifying where and when the highest temperatures occur to best target their resources to lower
temperatures. For one summer day, they ask volunteers to carry digital thermometers with them
and record the maximum carriage temperature they experience during their daily rail travel.

Longitudinal data were simulated using R to represent the maximum temperatures that volunteers
recorded for each origin-destination pair (110 total) at various times of the day. The data had a
hierarchical structure reflecting the rail lines travelled on (Gadd, 2019). Line 3 was simulated to
reach a higher temperature than others, slightly earlier in the day.

2.2 Data analysis

In this example, analyses aimed to find the daily maximum temperature and when this occurred for
each origin-destination pair. These data were combined with information from network analysis to
identify if these varied according to which rail lines were used.

Non-parametric LGCMs and the SITAR method are not capable of identifying maxima in temporal
patterns, so MLMs and FDA were used to model temporal patterns of temperature for each journey
on each day. B-splines were used as a basis for both models, with three internal knots in the MLM
and four in FDA (Pinheiro et al., 2019, Ramsay et al., 2018, Wang and Yan, 2018). The number was
lower in the MLM to aid convergence. Model derivatives were used to record the maximum
temperature reached for each journey-day combination and the time at which this occurred.

The R igraph package was used to identify which edges in the network were used to complete each
journey in the data (Csardi and Nepusz, 2006). For each edge in the network, the mean maximum
temperature and mean time of this maximum for all origin-destination paths that travelled through
it was calculated. This information was visualised in network maps.

Using the path information, the rail lines that each journey used were identified. Maximum
temperature and time of maximum were modelled with the inclusion of each rail line as explanatory
variables.

3. Results

Figures 2 and 3 show average maximum temperatures and times of maximums for journeys using
each edge in the network, respectively. For both MLMs and FDA, edges on line 3 reach higher
maximum temperatures than other lines and the overall pattern of line temperatures is similar.
However, temperature estimates from FDA tend to be higher. A difference in the time of maximum
temperature on different lines is less apparent. The difference in estimates of time of maximum
between the two models is quite large for some segments, generally towards the ends of the lines
on segments used in fewer origin-destination paths.

Tables 2 and 3 show results from models investigating the relationship between rail lines used in
each origin-destination path and their maximum temperature or time of maximum for each
longitudinal method. For models of MLM- and FDA-estimated maximum temperature, the
coefficients for Line 3 are very similar and larger than other lines, suggesting routes using line 3 have
higher temperatures. The coefficients for other lines are more varied. The line 3 coefficient in both
models for time of maximum temperature is the most negative, suggesting that the average time of



maximum is earliest for journeys using line 3. However, the line 3 coefficients are more varied
between models using MLM- and FDA- estimated time of maximum temperature than of maximum

temperature.
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Figure 2: Maps with labels showing the average maximum temperature for journeys through each rail
network edge, as estimated by multilevel modelling (MLM) and functional data analysis (FDA).
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Figure 3: Maps with labels showing the average time of maximum temperature for journeys through
each edge on the rail network, as estimated by multilevel modelling (MLM) and functional data
analysis (FDA).



Covariate Coefficient (95%Cl)
Outcome: Maximum temperature Outcome: Time of maximum

Intercept 22.93 (22.8,23.06) 14.71 (14.51,14.91)
Linel -0.37 (-0.49,-0.25) 0.85 (0.66,1.03)
Line2 0(-0.11,0.12) 0.25 (0.07,0.43)
Line3 5.83 (5.71,5.94) -0.52 (-0.7,-0.34)
Line4 0.13 (0.01,0.24) 1.18 (1.01,1.36)

Table 2: Results from models investigating the relationship between lines used in journeys and the
maximum temperature experienced or the time of this maximum, as estimated by MLMs.

Covariate Coefficient (95%CI)
Outcome: Maximum temperature Outcome: Maximum temperature
Intercept 22.57 (21.69,23.46) 15.6 (14.22,16.97)
Linel 0.21 (-0.61,1.02) 0.39 (-0.87,1.65)
Line2 0.28 (-0.51,1.07) -0.34 (-1.57,0.89)
Line3 5.81 (4.99,6.62) -1.19 (-2.45,0.07)
Line4 0.68 (-0.12,1.47) 1.41 (0.18,2.64)

Table 3: Results from models investigating the relationship between lines used in journeys and the
maximum temperature experienced or the time of this maximum, as estimated by FDA.

4. Discussion

This paper provides an example application of longitudinal data analysis methods to examine spatio-
temporal variation in network data. Information from the longitudinal methods was combined with
information from network analysis to visualise and model variation in temporal patterns of
temperature on train journeys according to network properties. The results were meaningful and
easily interpretable suggesting the methods could provide a useful option for examining spatio-
temporal variation. This example application focuses one method of combining longitudinal and
geographical methods: combining information from network analysis (rail lines used for each
journey) with information from longitudinal data analysis (maximum temperature) in models or
visualisations. However, a wide range of other pattern features, types of network, network analysis
methods and ways of combining them could be used.

Results from analyses using two different longitudinal methods (MLMs and FDA) found some similar
patterns, but did not entirely agree. MLMs were specified with fewer splines than FDA to aid
convergence. This could have altered their ability to accurately recover maximum temperatures and
their timing, resulting in different estimates. The accuracy of the methods used here rely on the
ability of longitudinal data analysis methods to recover pattern features such as maximum
temperature. Their ability to do this accurately is likely to be affected by several factors including
model specification, data structure and the complexity of the temporal pattern of interest. It is
important to identify how different factors affect the accuracy of different longitudinal methods to
make recommendations about when each method will provide optimal accuracy.

When examining temporal variation, MLMs accounted for the error structure in the data and FDA
did not. This is unlikely to affect point estimates of pattern features, but will mean that MLMs
estimate error variation more accurately than FDA (Goldstein, 2011). However, combining the



longitudinal and network methods is a two-step process. In using point estimates of maximum
temperature and time-of maximum in models or visualisation, we discard the uncertainty in these
estimates, resulting in overly narrow confidence intervals for the results shown in tables 2 and 3
(Sayers et al., 2017). Further work is therefore needed to investigate the best way of accounting for
this uncertainty and how important it is to capture the random structure in the longitudinal model.

5. Conclusion

This research presents new ideas for the combination of longitudinal data analysis with geographical
methods to investigate spatio-temporal variation. The methods provided meaningful, easily
interpretable results, but there were some differences between the two longitudinal methods
considered. Future simulations should be considered to investigate which longitudinal methods
extract pattern features most accurately for a range of different situations.
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