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Abstract: This paper demonstrates an approach to the application of generalized additive
models (GAMs) with space-time smooths to model coefficient processes that vary over
space and time. The approach is to create and evaluate multiple GAMs, each with the
predictor variables specified in different ways. It emphasizes the need to determine the na-
ture of the space-time dependencies present in the data relationships rather than to assume
them, based on the perceived data generating process, especially if this is unknown. The
approach is explored using simulated coefficient data with known space-time dependen-
cies. The GAMs are compared with multiscale geographically and temporally weighted
regression (MGTWR) models and are shown to have marginally weaker predictive per-
formance and to be marginally better at coefficient recovery. The inferential costs of mis-
specifying the target-to-predictor variable relationships in the GAMs is quantified both for
individual variable main effects and interacting misspecifications. The approach is then
applied to an empirical case study of NDVI (as a proxy for forest productivity) informed
by precipitation and temperature in the Chaco dry rainforest of South America. The best
GAM is determined and its space-time varying coefficient estimates are investigated. The
methods and results are discussed and several areas of further work and enhancements to
the stgam R package used to undertake this analysis are identified.
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1 Introduction

Geographical analyses are frequently concerned with understanding spatial, and increas-
ingly space-time, processes. This can be done through regression analyses, the outputs of
which can be used to support process inference (understanding) as well as prediction in-
ference (confidence). In terms of the former, a number of methodological refinements have
been developed to enhance the ability to capture main spatial and/or temporal trends in
data relationships, which are reviewed below. However, a key issue concerns the embed-
ded assumptions of process spatial, temporal, or space-time heterogeneity in many of these
methods, and the way that regressions are parameterized, either with model terms or the
data that are passed to them.

This paper outlines an approach for undertaking space-time regression analysis using
generalized additive models (GAMSs) [26,27] for the specific case when the GAM smooths
(or splines—the terms are used interchangeably) are parameterized with observation loca-
tion and/or time so they capture variation in the relationships between target and predictor
variables. A typical workflow would specify the most complex model that the user be-
lieved to be valid for the system being investigated, relying on their understanding of the
data generating process, with investigation of the effects of different model components
and iterative model refinement. In a GAM context this might involve specifying different
smooth types and forms for each predictor variable. However, it is common for the final
models to be misspecified—i.e., they provide good predictive accuracy but do not take ac-
count of potential important interactions between GAM smooths and thus fail to capture
process understanding (an example of this is in [10]).

Central to the approach suggested in this paper is the explicit investigation of the space-
time interactions between target and predictor variables with the aim of specifying the most
appropriate model. Multiple GAMs are created with each predictor variable specified in
different ways and each model is evaluated through its AIC. Searching through this “model
space” to find the “best” model avoids making assumptions about the existence and nature
of the space-time dependencies present in the data relationships. The proposed approach
identifies the model with the lowest AIC (i.e., one that minimizes prediction error but at the
same time penalizes for model complexity). This approach explicitly seeks to unpick the
space-time data relationships, and potentially thereby support deeper understanding about
the space-time process being considered—a key objective in much geographic analysis. It
enables each data relationship to be characterized in a different form—ranging from a full
interactive space-time form to one that is invariant to any space-time effects (i.e., station-
ary and global). The analysis draws from the functionality of the stgam R package [11],
which provides space-time wrapper functions to the mgcv R package [43] for construct-
ing GAMs. For context, the GAM-based approach is demonstrated and compared with a
multiscale geographically and temporally weighted regression (MGTWR) approach [45,49]
using simulated space-time data with known data relationships. The resultant GAM forms
are unpicked before the GAM approach is applied empirically to Chaco dry rainforest data
of South America for the space-time investigation of drivers (precipitation and tempera-
ture) of forest productivity using remotely sensed normalized difference vegetation index
(NDVI). All code and data are provided.
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2 Background

Over the years, a number of refinements to classic linear regression have been proposed
to support deeper inference about the spatial properties of the process under investigation
and any spatial dependencies in the data, the model error and /or data relationships. These
can be grouped into a number of broad families whose methods are similar and which are
described below (of course there are other ways that this grouping could be organized, for
example see [24]).

Firstly, spatial lag and/or spatial error models incorporate some measure of proximity.
Such models include spatial lags of the dependent variable or the spatial dependence of the
error term, spatial lags of predictors, or combined lag and error specifications for when both
observation spatial autocorrelation and spatial spillover effects are present [1, 32, 39, 40].
These approaches include spatial autoregressive models, spatial lag models, and spatial
error models and are often used in spatial econometric applications. These have been ex-
tended to the temporal domain to include repeated observations over time (panel data)
and may control for period-specific shocks by incorporating fixed time effects, spatially
varying fixed time effects (i.e., unit fixed effects), or temporal lags to complement spatial
lags or space-time autoregressive models [4, 14,37, 48]. This group of models all assume
fixed relationships and thus only estimate fixed spatially invariant coefficients.

For models that estimate spatially varying coefficients (SVC), moving window or
kernel-based approaches are possible, the best known of which is the geographically
weighted regression (GWR) family of models [2,17]. These models construct and com-
bine a series of local models, from distance weighted data falling under the kernel, and
several refinements and extensions have been proposed (see [5,21]). Key to GWR is finding
the optimal size of the moving window or kernel bandwidth and its multiscale extension
(MGWR) optimally determines a bandwidth for each predictor variable [19,46]. MGWR
is now regarded as the default GWR form [5]. GWR has been extended to include time in
geographically and temporally weighted regression (GTWR) via a temporal kernel [18,30]
and this in turn has been extended to the multiscale case, MGTWR [45,49].

The second main group of SVC models are those based on eigenvector spatial filtering
(ESF). These models add the eigenvectors from a spatial weights matrix as predictor vari-
ables in the regression where in fixed coefficient form they account for residual spatial au-
tocorrelation and spatial structure, but can be extended to an SVC form [23,35,36]. Space—
time varying coefficient eigenvector filtering has used distributions of variable space-time
autocorrelation, Moran’s eigenvectors, and space-time connectivity matrices to remove au-
tocorrelation in both dimensions [3,25, 38].

The third main group of models that estimate SVCs are those based on GAMs [26,27].
In attribute space, GAMs use splines (smooths) to model non-linear relationships between
target and predictor variables. Splines can have different forms [27] and if they are pa-
rameterized with location, then the target-to-predictor relationships are modelled over
space [7,9,15]. Here [31] propose a spline-based SVC method, using approximate bivariate
smooths defined over a spatial triangulation to accommodate irregular study areas. [12,13]
describe a GAM SVC framework built on Gaussian processes (GPs), incorporating penal-
ized maximum likelihood estimation for variable selection. [7,9] similarly specify GAMs
with GP smooths where they are defined over spatial coordinates (longitude and latitude),
specifying them as spatial basis functions for each predictor. The GP approach enables
SVCs to be captured through the direct modeling of spatial covariance structures.
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For the space-time varying coefficient case, [41] incorporated delayed (lagged) effects
within a GAM, combining thin-plate regression splines (TPRS) for spatial surfaces, cubic
regression (CR) smooths for environmental predictors, and smooth lag structures to rep-
resent delayed influences. By explicitly modeling spatial autocorrelation alongside lagged
effects, their approach improved predictive performance in species distribution modeling.
A critical development for any form of space-time GAM was the introduction of tensor
product (TP) smooths [44] and recent TP smooth refinements allow purely smooth surfaces
over space and time to be modeled without random effects [43]. For example, [16] present a
space-time varying coefficient GAM for mortality risk in which local socio-economic vari-
ables were used to construct a spatial smoother, with temporal changes in spatial patterns
assessed through a space-time TP. In their specification, TPRS were used to represent spa-
tial location, CR smooths used to capture temporal trends, and TP smooths to model non-
separable space-time dynamics, thereby capturing the evolving spatial pattern of drivers
of mortality over time.

For estimating space-time varying coefficients, TP smooths enable anisotropic variables
(i.e., those measured over different scales) such as spatial coordinates and time, to be com-
bined within a single smooth term. Different smooth penalties are applied across each
smooth dimension, making it possible to analyse complex interactions such as space-time
dependencies in data relationships. The space-time varying coefficient GAM of this study
is parameterized with observation location (spatial coordinates) and observation time us-
ing TP smooths, but unlike previous studies, the emphasis is on model misspecification.
Specifically, misspecification in terms of the wrong type of smooth for a given predictor
and in terms of focusing on GAM predictive accuracy (model fit) rather than coefficient
accuracy (as required for process understanding).

3 Methods

3.1 Simulation experiment

Simulated coefficients were created in a similar way to the spatial-only study of [7] but
now extended to have space-time dependencies. These were used to create 100 simulated
datasets and for each of these, multiple varying coefficient space-time GAMs were eval-
uated and the best of these (via AIC) compared with MGTWR where an optimal set of
bandwidths was found using AIC also.

Simulated data with specific space-time dependencies were created to provide 4 true,
known coefficient surfaces 8y, 51, 82 and 3, over a 15 x 15 regular square grid (u, v), over 15
time periods (t). These dimensions were chosen to accommodate the high computational
overheads of running the space-time GAM selection (described below) and the back-fitting
estimation method for MGTWR.

The simulated true coefficient surfaces were defined as follows:

Bo(u,v,t) =3 (1)
where u and v are observation spatial coordinates, and ¢ is observation time, and:
Bi(u,v,8) =1+ (U + V) -sin (27rT n %) )
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where (U + V) is a spatial term, a diagonal gradient across space, sin(277" + 7/4) is a
temporal modulation that controls amplitude, and:

Ba(u, v, t) = 1+3% [36— (2— ;)1 [36— (2— ;‘)Q] +0.8 sin <2: +72T> 3)

Bs(u,v,t) =1+ 0.5-sin(27T) - cos(wU) - cos(wV) 4)

where cos(nU) - cos(nV) determines a smooth bowl-like shape spatial pattern and
sin(27T") determines time-modulated amplitude. Each of the true coefficient surfaces were
re-scaled in the range 0 to 2.

Note that the true coefficient surfaces have the following properties:

* [y is a constant intercept term.

* (3 is a spatial gradient modulated by time, with simple space-time interaction.

B2 has one distinct spatial peak and time oscillates smoothly in a sinusoidal fashion,

with no space-time interaction.

* [ is a space-time wave pattern (oscillating surface) with moderate space-time inter-
action.

The simulated true regression coefficient surfaces for 1, 52 and 3 are shown in Figures
1, 2 and 3. Simulated values for predictor variables x;, x2 and 23 were generated from a
random normal distribution N (0, 1) and € generated from a similar distribution multiplied
by 0.25. The 100 datasets were finalized with the value of the target variable y which was
calculated directly from the simulated true coefficients, the simulated predictor variables
and the simulated error term as follows:

Yi = Bo + B1(ws, vi, ti)xin + Bo(us, v, ti)xio + B (Ui, vy ti) iz + €5 5)

where y; is the target variable observed at spatial location (u;, v;) and time ¢;; z;1, 2, i3
are the simulated predictor variables; By, £1(u, v,t), B2(u,v,t), and Bs(u, v,t) are the true
intercept and true coefficients for the predictor x; 3 varying over space and time; and
e; ~ N(0,0?) is the error term.

3.2 Space-time GAMs with varying coefficients

The simulated data were created with simple space-time interactions for 5;, no space-time
interactions for 8, and with moderate space-time interactions for 53. This suggests a priori
that the best space-time GAM would have the following specification:

y; = Bo - Intercept, +
Ji(ui, vi,ti) - w1+
Ja(ui, vi) - T2 + f3(ti) - wio+
Ja(ui,visti) - i3 + €

(6)

where y, is the target variable, 3, is the global, fixed intercept coefficient estimate,
fi(u,v,t) is a TP smooth of spatial and temporal coordinates, modulated by =1, fa(u,v)
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Figure 1: The simulated true regression coefficients over 15 time periods: /31, with simple
space-time interaction.

and f3(t) are the spatial and temporal smooths modulated by xs, fa(u,v,t) is the TP space-
time smooth modulated by x3, with u, v the location coordinates, ¢ the time variable, and «;
the residual error term.

A common failing of much space-time modeling is to simply fit the most complex model
that the analyst thinks is valid and assume the presence of specific space-time dependencies
in data relationships (e.g., as done in MGTWR and related models). Here an important
consideration was to explicitly investigate these, and to specify the most appropriate GAM.
For space-time varying coefficient GAMs, each predictor can be specified in 6 different
ways:

i) Omitted.
ii) Included as a parametric term.
iii) Included in parametric form and in a spatial smooth.
iv) Included in parametric form and in a temporal smooth.
v) Included in parametric form and in separate spatial and temporal smooths.
vi) Included in parametric form and in a combined space-time smooth.

Note that the parametric form is also specified to provide an offset term and a multi-
plicative constant. The intercept can be treated similarly but without being omitted. Thus,

. .
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Figure 2: The simulated true regression coefficients over 15 time periods: 3, with no space-
time interaction.

for space-time GAMs with k predictor variables there are 5 x 6* potential models to evalu-
ate. For the simulated datasets described above, and with k& = 3 variables (x1, x2, and x3),
there are 1080 models to evaluate for each simulation. For model estimation, each GAM
was specified with a restricted maximum likelihood (REML) approach which tends to re-
duce overfitting by providing more stable estimates of the smoothing parameters. Each
GAM was evaluated through its AIC score with the “best” GAM having the lowest AIC.
The intercept was specified as an addressable term in each GAM to allow it to vary over
space and time.

The single GAM smooths (options iii), iv), and v) in the list above) were specified with
TPRS and the combined space-time TP smooths (option vi) above) were constructed spec-
ifying TPRS to model location (u,v), and low-rank CR splines to model time, t. This
approach allows for interactions between space and time margins, with location in a 2-
dimensional smooth basis and time in a 1-dimensional one. These are combined via the
TPs. The reason for the specification of different bases within the TP smooths in this way
is that standard smooths (such as TPRS) are isotropic. They use a single basis under the
assumption that all the variables specified in the smooth are on the same scale. The TP
smooths are anisotropic (i.e., they relax this assumption) and can combine variables on dif-
ferent scales, like space and time, using separate basis functions, which are then combined.

JOSIS, Number 32 (2026), pp. 37-66
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Figure 3: The simulated true regression coefficients over 15 time periods: 83, with moderate
space-time interaction.

Thus, a TP can be specified to investigate space-time effects in the target variable y for
observation i.

Yy, :f(uiaviati)+5i, E; NN(O,O'Q) (7)
Ks K

Flu,0,t) =33 B, 6 (w,0), 07 (1) ®)
k=1 ¢=1

K, K¢
where gb,(f)(u, v),_, are the spatial basis functions (e.g., TPRS), qﬁy)(t) ,—; are the temporal
basis functions (e.g., low-rank CR splines). S, are the TP coefficients and K, and K, are
the numbers of spatial and temporal basis functions respectively.

3.3 MGTWR

A key advance in GWR models has been the extension from a single bandwidth to
predictor-specific bandwidths, in which an individual bandwidth is estimated for each
target-to-predictor variable relationship and the intercept. This “flexible bandwidth” or
“multiscale” approach in GWR, which is implicit in GAM smooths, has been extended

. .
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from spatial (MGWR) to space-time analysis [45, 47] with MGTWR. The approach taken
here to construct such MGTWR models was to compute a space-time distance matrix be-
tween each observation’s location in time and space, and then to apply a standard MGWR
(specified with a Gaussian kernel). It is possible to specify a scaling factor (\) in the space-
time distance matrix to control the influence of time relative to space. Here this was simply
set to 1 as a modeling choice because the data are simulated over hypothetical locations and
hypothetical time periods, rather than implying the absence of anisotropy between space
and time. In real-world applications, where spatial and temporal coordinates are physi-
cal units with dependence structures, the choice of X is important and should be justified
by properties of the study process or inferred from the data. In this simulation framework,
however, A was fixed to avoid introducing additional tuning parameters that are not central
to the approach being proposed by this study. The resulting MGTWR bandwidths arising
describe the space-time distance if they are fixed, or the number of nearest neighbors if they
are adaptive, in a 3-dimensional space-time distance array, within which observations are
selected for inclusion in each local regression. Here, fixed space-time kernel bandwidths
were optimized for each MGTWR model across the 100 simulated datasets. For context
in the resultant bandwidths found for MGTWR, the distances in the space-time distance
matrix of the simulated data (a 3-dimensional array of 15 x 15 x 15) are summarized in
Table 1.

Min. 1stQu. Median Mean 3rd Qu. Max.
0 7.14 9.95 9.9 12.65 24.25

Table 1: Summary of the distances in the space-time distance matrix used by MGTWR.

3.4 Analysis and evaluation

The analysis was undertaken as follows: for each of the 100 simulated datasets containing
v, x1, x2,and x3, 1080 GAMs were constructed, each with the predictor variables specified
in different ways. From these, the best GAM was selected (i.e., the one with the lowest AIC
score). In theory, they should all have had the form specified as in Equation 6. For compar-
ison with each of the 100 selected GAMs, a corresponding MGTWR was constructed from
the same simulated data, using the space-time distance matrix. The space-time varying
coefficient estimates were extracted from the GAM and GWR-based models and evaluated
against the simulated (true) coefficients using standard measures of accuracy and fit: MAE,
RMSE, and R?. These measures were similarly used to compare y with §. The two model
forms were also compared by their AIC values.

A second section of analysis probed the GAMs in more detail, in order to understand the
effects of parameter misspecification. Here the results of each of the 1080 models for each
of the 100 simulated datasets are evaluated in terms of the predictive performance of the
different smooths and the cost of the misspecification of individual predictor variables in
any model. This was done through structured model comparisons using model AIC values
and treating the 1080 specifications x 100 datasets as a factorial grid and undertaking an
ANOVA.

JOSIS, Number 32 (2026), pp. 37-66
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4 Simulated study results

4.1 Comparisons of chosen GAM with MGTWR

In terms of AIC, the chosen GAM provided the lowest AIC in comparison to MGTWR
on only 9 out of the 100 occasions—suggesting the MGTWR tended to provide the most
parsimonious model. The other model performance measures are summarized in Figure
4 for the 100 GAMs and 100 MGTWR models. Examining each row in Figure 4, there
are some clear trends, although the performance differences between the two models are
marginal:

* MGTWR models are more accurate in predicting the target variable (j) (with lower
MAE and RMSE, higher R? values).

* GAMs are only slightly more accurate at estimating the true intercept, 5y (with lower
MAE and RMSE values).

* GAMs are more accurate at estimating the true coefficients, 51, 52, and 3 (with lower
MAE and RMSE, higher R? values).

Overall, the two modeling approaches yield only marginal differences in standard fit
measures. However, a clearer distinction emerges if coefficient recovery is separated from
predictive performance. The GAMs more accurately recover the true coefficients (31, B2,
B3), whereas the MGTWR models provide more accurate predictions of y and lower AIC.
These are not contradictory findings but reflect two different statistical objectives. Accu-
rate parameter recovery refers to how closely the estimated coefficients (Bl, s, Bg) approx-
imate the true data-generating parameters. This concerns estimation properties such as
bias, variance, and the standard errors of the coefficients. Predictive performance, by con-
trast, concerns how closely predicted values § match observed outcomes y. The intercept
estimates [ are also interesting, where MGTWR can produce relatively high inaccura-
cies, while the GAM’s intercept estimation errors appear more stable. As emphasized in
statistical literature, explanation (recovering true effects) and prediction (forecasting out-
comes) are related but fundamentally distinct goals [42]. The difference observed here
can be understood through the bias—variance decomposition of expected prediction error,
which equals bias® + variance + noise [20]. A model may exhibit low bias in coefficient
estimation yet generate predictions with higher variance. In such cases, small increases
in prediction variance can inflate RMSE, MAE, and related fit statistics for predictions of
y, even when the underlying coefficients are well estimated. Because prediction error also
contains irreducible stochastic noise, minimizing coefficient error does not necessarily min-
imize predictive loss [28].

Thus, the superior recovery of the true coefficient surfaces by the GAMs suggests
stronger structural identification of the data-generating process, while the superior predic-
tive accuracy of the MGTWR models not only reflects improved in-sample performance
(as demonstrated here) but intuitively, out-of-sample forecasting performance also (not
demonstrated). These results are consistent—particularly in finite samples—and illustrate
the broader methodological distinction between process explanation and process predic-
tion. These results may also reflect calibration of regression parameters at each location
in MGTWR and its ability to capture sharp space-time heterogeneities and local variations
in coefficient estimates, but also a greater risk of overfitting and instability. Whereas the
GAMs estimate a single globally penalized smooth space-time surface, with smoothing
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Figure 4: Distributions of model diagnostics (MAE, RMSE and R2) for predicting the true
response y and estimating the true coefficients (5o, 51, 52 and B3 ) for the 100 chosen GAMs
and 100 MGTWR models.
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parameters selected to balance fit and complexity. Differences between the two modeling
approaches may reflect these contrasting levels of local flexibility rather than fundamental
differences in the representation of space-time structure.

It is instructive to consider the many space-time GAM forms. Recall that for each of
the 100 simulated datasets, 1080 potential model forms were evaluated, each specifying
each predictor variable in a different way, and the best GAM, by AIC, was chosen for the
comparative analysis with the MGTWR model. Table 2 summarizes the model forms that
were selected, and shows that each of the 100 models reflected the nature of the true co-
efficient surfaces, with 5y mostly specified as a constant term, 5, and 83 with space-time
interactions, and f, with no space-time interactions. This confirms that the space-time
GAM should be specified as in Equation 6: with a fixed parametric intercept to estimate
Bo (see Equation 1), combined space-time smooths for x1 and =3 to estimate 5; and [3
(Equations 2 and 4), and a separate space-time smooth for x2 to estimate 55 (Equation 3).

Bo B B2 Bs

Omitted 0 0 0 0

Parametric form 51 0 0 0

Spatial smooth 17 0 0 0

Temporal smooth 17 0 0 0

Separate space-time smooths 7 0 100 0
Combined space-time smooth 8 100 0 100

Table 2: The different forms of each predictor variable in the best space-time GAM selected
for each of the 100 simulated datasets.

In a similar way the MGTWR space-time kernel bandwidths can be investigated for
the degree of space-time heterogeneity they capture in the target-to-predictor variable re-
lationships in the simulated data. Recall that the MGTWR analyses optimized fixed space-
time kernel bandwidths, and the space-time distance matrix between each observation was
specified with a scaling factor (A = 1) to control influence of time relative to space. The
bandwidths are summarized in Table 3 and indicate a median space-time distance around
24 for 5y with a large number of bandwidths lower than that, and bandwidths typically
around 2.8, 2.9, and 2.7 for (i, 2, and [33 respectively, with similar spreads around the
median (interquartile ranges around 0.1). Comparing these with the distribution of space-
time distances in Table 1 suggests that the space-time bandwidths for the intercept are
typically global (i.e., nearly all observations are used in each local model, for most of the
100 MGTWR models), which is expected as this was simulated to be invariant to space-time
effects, while the bandwidths for each of the predictor variables (x1, x2, and x3) are highly
local, with a median of around 70 observations typically used in each local model.

4.2 Quantifying the impact of GAM smooth mis-specification

It is possible to unpick the predictive performance of the different GAM smooths. Figure
5 shows the distribution of the model AIC values when each predictor variable and the
intercept are specified in different ways in the GAM. As might be expected given the nature
of the space-time interactions present in the true coefficient surfaces, the models with the
lowest AIC values specified x1 and x3 in combined space-time TP smooths and x2 in
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Bo B1 B2 B3

Min. 513 263 267 255
1stQ 1189 276 284 264
Median 23.89 281 290 2.69
Mean 1849 281 290 270
3rdQ 2425 286 298 275
Max. 2425 305 312 292

Table 3: Summary of the MGTWR bandwidths for the GAMs selected for each of the 100

simulated datasets.
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Figure 5: Distributions of the GAM AIC values, when each predictor variable is included
in different forms, with the median values printed.

separate space and time smooths. It did not really matter how the intercept was specified.
This potentially explains the distribution of forms for the intercept in Table 2.

It is also possible to systematically quantify the effect of smooth misspecification,
through model AIC values. In this case there is a full factorial grid (1080 specifications
x 100 datasets) from the comparison of GAM and MGTWR models, above. This was used
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to undertake a structured model comparison, rather than, for example, treating the 1080
GAMs as unrelated.

Specifically, by retaining the way each predictor variable and the intercept were spec-
ified in the model and the model AIC, this factorial grid can be used to undertake an
ANOVA. The basic approach was to, for each group i of the 100 datasets, compute the
difference between the AIC of each GAM and the AIC of best GAM for that group, AAIC.
This removes dataset-specific scale differences and the resulting values indicate how much
worse each specification is when compared to the final (best) GAM chosen. Then a main
effects ANOVA decomposition of AAIC was specified as follows:

5 6 6 6
Yi=Boty BT = )+ Y B = k)Y BR1(Xas = m)+y BP1(Xsi = n)+es,
k=2 m=2

j=2
©)

where Y; = AAIC;, I; € {1,2,3,4, 5} is the level of the intercept factor for observation 1,
X1; € {1,2,3,4,5,6} is the level of factor x1, Xo; € {1,2,3,4,5,6} is the level of factor x2,
X3; € {1,2,3,4,5,6} is the level of factor x3, and ¢; ~ N(0,0?). For x1, x2, and x3 levels
1 to 6 indicate that the predictor variable was omitted, included as a parametric term, a
spatial smooth (s (S) ), a temporal smooth (s (t) ), a separate space-time smooth (s (S) +
s (T) ), or as combined space-time smooths (te (st) ), respectively. For the intercept, factor
levels 1 to 5 relate to the last 5 of these.

A summary of this regression model is shown in Table 4. This indicates which GAM
specification choices matter most and the relative magnitude of their contribution. The
reference level specified a fixed, parametric intercept and the omission of x1, x2, and %3
where the expected AAIC is 18,277 4. This is the baseline “worst” specification. The coeffi-
cient estimates indicate how much that specification reduces AAIC relative to the baseline
specification. So for example x1_te (ST) lowers AAIC by about 4841 compared to if x1 is
omitted. This is a large systematic improvement in GAM predictive power.

Examining each predictor variable in turn:

n=2

e All intercept coefficients are small and non-significant. This means that the intercept
specification has no systematic effect on GAM fit: it doesn’t matter how it is parame-
terized.

* For x1 there are large effects. If x1 is specified in parametric form or in a spatial
smooth (s (S) ) it results in ~3400 decrease in AAIC, in a temporal smooth (s (T)) or
separate space-time smooths (s (S) + s (T))itlowers AAIC by ~4606, and if it is in
a combined space-time smooth (te (st)) AAIC is lowered by ~4841. This indicates
that the GAM is very sensitive to how x1 is specified.

* For x2 there are even stronger effects. The best result is when =2 is specified in sepa-
rate space-time smooths (s (S) + s(T)) (—5461 in AAIC). It has almost the same
effect when specified in a combined space-time smooth (te (st)), which reduces
AAIC by 5439. This indicates that the specification of x2 matters even more than
x1.

* The specification of x3 has a large effect, with the greatest effect if it is specified in
a combined space-time smooth, reducing AAIC by 5104, with other forms reducing
it by ~3768. This indicates that only one form is clearly optimal for this predictor
variable.
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The regression model R? is high (0.905) due to the construction of a full factorial design
and suggests that AIC differences are largely systematic across different GAM specifica-
tions. The residual standard error was 961. The ANOVA decomposition of AAIC, via an
additive (main-effects only) regression model, indicated that specification of x2 has the
largest systematic impact on GAM fit, followed by x1 and =3, while the intercept specifi-
cation has a negligible influence.

Estimate  Std. Error t-value p-value

(Intercept)  18277.433 13.077  1397.643 0.000
Intercept_s(S) 0.754 9.247 0.082 0.935
Intercept_s(S) + s(T) 1.364 9.247 0.148 0.883
Intercept_s(T) 0.614 9.247 0.066 0.947
Intercept_te(ST) 2.004 9.247 0.217 0.828
x1_Parametric  -3396.500 10.130  -335.303 0.000
x1_s(S) -3397.763 10.130  -335.427 0.000

x1_s(S) +s(T) -4606.123 10.130  -454.717 0.000
x1_s(T) -4606.201 10.130  -454.725 0.000
x1_te(ST)  -4841.045 10.130  -477.908 0.000
x2_Parametric  -3575.259 10.130  -352.950 0.000
x2_s(S)  -4981.511 10.130  -491.775 0.000

x2_s(S) +s(T) -5461.215 10.130  -539.132 0.000
x2_s(T) -3832.361 10.130  -378.331 0.000
x2_te(ST)  -5439.679 10.130  -537.006 0.000
x3_Parametric  -3767.097 10.130  -371.888 0.000
x3_s(S) -3769.890 10.130 -372.164 0.000

x3_s(S) +s(T)  -3770.383 10.130  -372.213 0.000
x3_s(T) -3767.527 10.130  -371.931 0.000
x3_te(ST) -5104.894 10.130  -503.956 0.000

Table 4: A summary of the regression model of the effect each term has on mean changes
in AIC when specified in different ways (R? = 0.905), where ‘_Parametric’ indicates that a
parametric form was specified, ‘_s(S)” a spatial smooth, ’_s(T)" a temporal smooth, ‘_s(S)
+ _s(T)" separate space-time smooths, and ‘_te(ST)" a combined space-time smooth in the
GAM.

However, this is an additive model: it assumes that, for example, the penalty for mis-
specifying x1 does not depend on how x2 is specified. This might not be true as interaction
between smooths is very plausible in GAMs. To expand this analysis a bit further a second-
order factorial model was constructed. It is a three-factor fixed-effects ANOVA including
all two-way interactions (but no three-way interactions), to allow the effect of one factor to
depend on the level of another.

Let Y; = AAIC;, Xy;, X9;, X3; = factor levels for x1, z2, x5, with baseline (reference)
level for each factor equal to 1, then:

Yije = p+ o + B +
+ (aB)ij + (ay)ik + (BY)jk + €ijks
where p is the grand mean, «; is the main effect of x1 (level ¢), 5, is the main effect of x2

(level j), and ~ is the main effect of x3 (level k). It includes all two-way interaction terms
(aB);j etc. and g5, ~ N(0,0?%). This revised model estimates how AAIC (distance from

(10)
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the best GAM specification) varies across all two-factor combinations of how the predictor
variables are included in the GAMs.

The full summary of the resultant regression model is included in Table Al in the Ap-
pendix. It has a very high R? (0.9927) indicating that almost all variation in AAIC is sys-
tematic and explained by the combination of x1, x2, and x3 specification choices. This is
not surprising due to the low effect of the intercept specification as described earlier. The
residual standard error has reduced from ~961 in the additive model earlier to ~266, which
is a very large improvement and strongly suggests that the additive model was severely
misspecified.

The regression model summary (Table Al) indicates the magnitude of both individual
and interacting effects when compared to the reference level, which again has a fixed, para-
metric intercept plus the omission of x1, x2, and x3 with a AAIC of 12,118.4. Here some
relatively large main (individual) effects are present with, for example, the specification
of x1 in a combined space-time smooth (te (ST)) associated with a decrease in AAIC of
~1,090, if x2 and x3 stay at their reference levels (i.e., are omitted). The point being that
because of the inclusion of interactions, the main effects are conditional on other factors
being at reference levels, rather than overall effects as with the additive model, above.

Instead, the largest effects are seen in the interactions. Specifically, x2_s(S) +
s (T) :x3_te (ST) is associated with a 5,271 decrease in AAIC, x1_te (ST) :x3_te (ST)
with a 4,865 decrease in AAIC, and x1_te (ST) : x2_s(S) + s (T) with a 4,691 decrease
in AAIC. Interestingly, the individual forms of the variables in these interactions reflect the
true coefficient surfaces. The interaction effects are much larger than the main effects and
clearly indicate that the effect of one GAM choice depends very strongly on the other GAM
choices, and that the performance impact of how x1 is specified depends heavily on how
x2 and x3 are specified. This is clearly non-additivity and indicates that certain combi-
nations of GAM smooths interact synergistically to improve model fit or antagonistically
to worsen it. This reinforces the importance of searching through the model space, rather
than assuming model form.

5 Empirical case study using Chaco dry rainforest data

5.1 Data

A remote sensing dataset for the Chaco dry rainforest in South America (Figure 6) is used
to illustrate the approach to GAM specification. It has 271,188 observations covering an
approximately 200 km by 200 km area and records NDVI, which is coupled with climate
temperature and precipitation data, with monthly observations from January 1982 to June
2022. The NDVI and climate data were extracted from Google Earth Engine [22]. The
NDVI data is sourced from the PKU GIMMS NDVI v1.2 dataset, with observations at
1/12° spatial resolution [33]. The climate variables, maximum temperature (tmax) in de-
grees C and precipitation (pr) in millimeters, were extracted from the TerraClimate dataset
(IDAHO_EPSCOR/TERRACLIMATE) and their monthly means were calculated. The data
were projected to the SIRGAS 2000 / Brazil Mercator projection (EPSG: 5641).

The data covers the western Chaco region, which is drier than the eastern part with
stronger seasonality. The western region has larger NDVI changes over the year and
sharper green-up and senescence in the spring and autumn. The annual pattern is that
NDVlis typically low in late dry season (August-September), followed by a rapid green-up
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Figure 6: The Chaco dataset locations, with a small transparency term and an
OpenStreetMap backdrop (map data © OpenStreetMap contributors, https://www.
openstreetmap.org/copyright, available under the Open Data Commons Open Database
License (ODbL)).

after the rains (October-November), with peak NDVI in the mid-late wet season (January-
February), and then a gradual decline as soils dry (March-May). This suggests that al-
though there may be an east-west gradient, the spatial pattern of NDVI within the case
study area would not be expected to change over time (i.e., the annual pattern of changes
in NDVI would not change over time). Thus, in this case any space-time effects would be
expected to be independent of each other, indicating that a GAM incorporating separate
space-time smooths of the following form would be appropriate:

ndvi; = fy - Intercept, + f1(us, vs,t;) - Intercept, +
fa(ug, vs) - tmax; + f3(t;) - tmax;+ (11)
Ja(ui,vi) -pr, + f5(t:) - pr, + €

where ndvi; is the target variable, f is the global, fixed intercept coefficient estimate,
fi(u,v,t) is the TP space-time smooth of spatial and temporal coordinates, modulated by
Intercept, fa(u,v), fa(u,v) are the spatial smooths modulated by tmax (maximum tem-
perature) and pr (precipitation) respectively, f3(t), f5(t) are the temporal smooths mod-
ulated by tmax and pr, with u, v the location coordinates, ¢ the time variable (month of
observation, from 1 to 486), and ¢; is the residual error term.
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5.2 Model specification

The process of model selection for the space-time varying coefficient GAM was under-
taken in the same way as with the simulated data, above. Here 180 GAMs were created
and evaluated. Each of these had the intercept and the predictor variables specified in dif-
ferent ways. The 5 best space-time GAMs (i.e., with the lowest AIC) are shown in Table 5.
Interestingly the top-ranked model is specified with separate space-time smooths for the
intercept and combined space-time smooths for the predictor variables—a different model
specification from that in Equation 11—with the next ranked model specifying a separate
space-time smooth for precipitation (pr). All of the top 5 ranked models contain combina-
tions of combined (te (ST) ) and separate (s (S) + s (T)) space-time smooths.

Rank  Intercept tmax pr AIC
1 s(S)+s(T) te(ST) te(ST) 3202012
2 s(5)+s(T) te(ST)  s(S) +s(T) 3202090
3 te(ST) s(S)+s(T) s(S)+s(T) 3202225
4 te(ST)  s(S) +s(T) te(ST) 3202441
5 te(ST) te(ST) s(S) +s(T) 3202865

Table 5: The 5 best ranked space-time varying coefficient GAMs for the Chaco dry rainforest
case study, showing how each predictor variable (tmax and pr) and the intercept were
specified within each model, where ‘s(S) + s(T)" indicates separate space-time smooths,
and ‘te(ST)" a combined space-time tensor product smooth.

The effects of misspecifying the GAM terms can be quantified as before, by calculating
the difference between the AIC of each GAM and the AIC of the best GAM, AAIC, and
undertaking a two-factor factorial ANOVA with interaction of the 180 GAMs. This models
how model fit varies depending on how the predictor variables are specified. Here, the
target variable is again the difference from the best AIC and the predictor variables are
how maximum temperature (tmax) and precipitation (pr) are specified in the GAM. The
results of doing this are shown in Table 6.

The baseline GAM only specifies an intercept (i.e., tmax and pr are omitted). In
this case the GAM performs ~105,281 AIC units worse than the best GAM. The main
effects (i.e., when only one predictor variable is changed) show that if pr is omitted
(tmax_te (ST) = -12336)thenspecifying tmax as a TP smooth reduces AIC by ~12,336.
However, most tmax main effects are not statistically significant, which indicates that
changing only tmax (while pr is omitted) does not dramatically improve GAM fit. The
effect of changing pr is much greater, with all pr terms indicating a AAIC in the range
~48,000 to ~50,000 and highly significant (e.g., pr_te (ST) = -58851). This indicates
that the specification of pr is more important than the specification of tmax. The inter-
action terms are more important than the main effects. All of the interaction terms are
large (~30,000) and highly significant (e.g., tmax_te (ST) :pr_te (ST) = -32005). This
indicates that there is strong interaction between how tmax and pr are specified and that
GAM performance depends on their joint specification. In this case it is evident that the
specification of pr in the GAM is driving most of the differences in model AIC, with tmax
having weaker independent effects. It is the combination of how the predictor variables
are specified that is most important, and spatial and/or temporal smooths (especially TP
smooths) tend to reduce AIC substantially. This again indicates that the choice of GAM
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Rank Term Estimate Std. Error t-value p-value
36 (Intercept)  105281.0 2888.9 36.4 0.000
35 tmax_Parametric -245.1 4085.6 -0.1 0.952
34 tmax_s(S) -4846.3 4085.6 -1.2 0.237
32 tmax_s(S) +s(T) -11115.8 4085.6 -2.7 0.007
33 tmax_s(T) -6410.0 4085.6 -1.6 0.119
31 tmax_te(ST)  -12336.5 4085.6 -3.0 0.003

5 pr_Parametric  -48725.2 4085.6 -11.9 0.000

3 pr_s(S) -55528.8 4085.6 -13.6 0.000

2 pr_s(S) +s(T)  -58135.9 4085.6 -14.2 0.000

4 pr_s(T) -51271.7 4085.6 -12.5 0.000

1 pr_te(ST)  -58851.2 4085.6 -14.4 0.000
23  tmax_Parametric:pr_Parametric =~ -31098.5 57779 -54 0.000

8 tmax_s(S):pr_Parametric =~ -34511.1 5777.9 -6.0 0.000
25  tmax_s(S) + s(T):pr_Parametric = -30977.6 5777.9 -5.4 0.000
30 tmax_s(T):pr_Parametric =~ -27622.7 5777.9 -4.8 0.000
10 tmax_te(ST):pr_Parametric ~ -33710.0 5777.9 -5.8 0.000
13 tmax_Parametric:pr_s(S)  -33313.0 5777.9 -5.8 0.000
20 tmax_s(S):pr_s(S)  -32002.0 5777.9 -5.5 0.000
29 tmax_s(S) + s(T):pr_s(S)  -28497.4 5777.9 -4.9 0.000
28 tmax_s(T):pr_s(S)  -29870.5 5777.9 -5.2 0.000
26 tmax_te(ST):pr_s(S)  -30730.2 5777.9 -5.3 0.000
12 tmax_Parametric:pr_s(S) + s(T)  -33348.0 5777.9 -5.8 0.000
18 tmax_s(S):pr_s(S) + s(T)  -32085.5 5777.9 -5.6 0.000
22 tmax_s(S) + s(T):pr_s(S) + s(T)  -31130.8 5777.9 -5.4 0.000
17 tmax_s(T):pr_s(S) + s(T) -32384.4 5777.9 -5.6 0.000
14 tmax_te(ST):pr_s(S) + s(T)  -33227.7 5777.9 -5.8 0.000
24 tmax_Parametric:pr_s(T)  -31081.8 5777.9 -5.4 0.000

7 tmax_s(S):pr_s(T)  -34595.7 5777.9 -6.0 0.000
11 tmax_s(S) + s(T):pr_s(T)  -33609.2 5777.9 -5.8 0.000
27 tmax_s(T):pr_s(T)  -30006.2 5777.9 -5.2 0.000

6 tmax_te(ST):pr_s(T)  -36110.6 5777.9 -6.2 0.000

9 tmax_Parametric:pr_te(ST)  -33905.8 5777.9 -5.9 0.000
16 tmax_s(S):pr_te(ST)  -32825.8 5777.9 -5.7 0.000
21 tmax_s(S) + s(T):pr_te(ST)  -31926.7 5777.9 -5.5 0.000
15 tmax_s(T):pr_te(ST)  -32974.3 5777.9 -5.7 0.000
19 tmax_te(ST):pr_te(ST)  -32004.7 5777.9 -5.5 0.000

Table 6: A summary of the second-order factorial (regression) model (R? = 0.971) of the
effect each term and each two-factor term has on mean changes in AIC when predictor

variables are specified in different ways in the case study GAM.

smooth materially affects model performance and the interaction between predictor vari-

ables (and their specification) is crucial.

5.3 Varying relationships for the chosen GAM

Using the GAM with the lowest AIC in Table 5 its varying coefficient estimates were ex-
tracted and explored. The temporal variations of the intercept (8y) and the 2 coefficient es-
timates (Btmqr and () are summarized in Figure 7. These indicate that the relationships of
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Figure 7: The temporal variation of the coefficient estimates (5o, Stmaz and Spr).

maximum temperature (tmax) and precipitation (pr) with NDVI change over time. Maxi-
mum temperature shows a steady and increasingly negative relationship with NDVI from
1980 to 2011 and an increase since then. By contrast the relationship of precipitation with
NDVlIincreased from 1980 to 2016 (with a minor dip 1990 to 1996), leveled out to 2017, and
decreased to 2022. The overall (i.e., all time periods) spatial variations of the 3 coefficient
estimates are summarized in Figure 8. In some places these have clear spatial patterns that
are potentially related (e.g., the northwestern corner) and worthy of further investigation.
It is also possible to examine the spatial patterns over discrete time slices. Figure 9 shows a
changing mixed relationship of the precipitation with the NDVI target variable over time,
for which a combined space-time smooth was fitted.

6 Discussion

GAMs are increasingly being applied to spatial problems to create varying coefficient mod-
els [7,9,15] because of their theoretical and operational advantages over other commonly
used approaches. GAMs are incredibly flexible. They use smooths to fit non-linear relation-
ships between target and predictor variables. If these are parameterized with observation
location, time, or location and time, then they can model target-to-predictor relationships
that vary over space and/or time—i.e., moving from non-linear relationships in attribute
space to non-stationary relationships over space and/or time. In this way, GAMs by de-
fault fit multiscale models. GAMs can handle different kinds of target variables (continu-
ous, count, etc.), they have options for penalized terms to handle collinearity, can provide
robust treatments of outliers, and allow for autocorrelated error terms. They also have a
richer and more comprehensive theoretical background than GWR-based approaches (the
current spatially varying coefficient model brand leader [7]).

This paper describes the extension of GAM-based approaches for spatially varying coef-
ficient modeling into space-time. It proposes an approach that explicitly seeks to determine
the nature of the space-time dependencies present in data relationships and to thereby in-
form model specification. Simply plugging and playing—making assumptions about the

WWwWWw.josis.org


http://www.josis.org

SPACE-TIME GAMS 57

T b b N

800 840 880 920 -1.1 09 -0.7 1.001.251.501.752.002.25

Figure 8: The spatial variation of the coefficient estimates (8o, Btmae and S,,) over a gridded
surface.

1988 1991 1994

1997 2000 2003 2006 2009

Figure 9: The spatial variation of significant precipitation coefficient estimates over time.
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space-time dependencies arising from the data-generating process and constructing the
most complex space-time model—risks model misspecification (as illustrated in [10]) and
has a cost in terms of model predictive power and inference (as illustrated in Section 4.2
and Section 5.2). Understanding the nature of the space-time data relationships is impor-
tant as data are increasingly second- or third-hand, with the user increasingly knowing
less about the data recording process or the features or sensors generating the data, and
therefore unsure about appropriate model structure and specification. The critical issue is
how best to specify each predictor variable in the varying coefficient GAM. They can be
omitted, included as a parametric term, included in a spatial smooth, included in a tempo-
ral smooth, included in separate space-time smooths, or in a combined space-time smooth
(6 options). Inappropriate specification may result in incorrect inference about the target-
to-predictor variable relationship. If the target-to-predictor relationships vary or interact
over space and time simultaneously (i.e., the relationships have space-time dependencies),
then a TP smooth should be specified as a combined space-time smooth rather than say a
TPRS. Smooths such as TPRS are isotropic and assume that all of the variables included in
the smooth are on the same scale, whereas TP smooths are anisotropic and can combine
variables such as space and time that are measured over different scales. In essence, TP
smooths allow for the unknown space-time distance metric to be captured in some manner,
where early work on this problem failed to address this [6, 8].

To illustrate the importance of determining appropriate model specification, coefficient
surfaces with known space-time dependencies were created, from which 100 simulated
datasets containing simulated predictor and target variables were generated. These were
then used to compare GAMs and MGTWR models and to quantify the impacts of misspec-
ification. The GAM and MGTWR comparison (Figure 4) indicated that MGTWR models
had better (in-sample) predictive performance while GAMs are better at coefficient recov-
ery, supporting stronger understanding about the process being examined. Out-of-sample
(forecasting) prediction performance was not assessed, where it is not clear if multiscale
GWR forms, such as MGTWR, can do this given their back-fitting method of estimation,
while the corresponding (single bandwidth) GTWR form can (e.g., [34]).

Through an analysis of predictor variable misspecification, the impacts on GAM fit of
misspecifying individual variables was quantified (Table 4). This indicated that greatest
improvements in model fit were when x1 and x3 were each specified in a combined space-
time TP smooth (te (ST)) and when x2 was specified in separate space-time smooths
(s(S) + s(T)). It also showed that the cost of misspecifying x2 was greater than for
x1 or x3: that is, which specification choices matter most. The analysis also examined the
interacting misspecification costs to the GAM fit (Table Al) when predictor variables are
specified in different ways. The best interactions (decreases in AIC) were seen in the inter-
actions of x1, x2, and x3 when they were correctly specified. Thus, although determining
the most appropriate space-time GAM form adds a computational overhead to the analysis
(here 1080 potential model forms were evaluated), it provides greater insight into the na-
ture of the process being examined than MGTWR. Each of the chosen GAMs applied to the
100 simulated datasets identified the true nature of the space-time dependencies present
in the data. In contrast, MGTWR models support process inference through the optimized
space-time bandwidths for each predictor variable. In this case, these failed to describe the
true space-time interactions in the data, generating highly localized bandwidths for each of
the predictor variables (see Table 3), with little discernible difference for predictor variables
with known joint and separable space-time dependencies.
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Analysis of NDVI (as a proxy for forest productivity) in the South American Chaco dry
rainforest case study identified the best space-time GAM to be one that included separate
space-time smooths for maximum temperature (tmax) and precipitation (pr), as well as a
combined space-time TP smooth for the intercept. This suggests that i) the effects of each
predictor variable on NDVI are independent of each other, ii) that observations are sub-
ject to broadly the same environmental drivers at any given moment in time, and iii) that
variations in the spatial distributions of those drivers do not change over time and do not
interact over space and time simultaneously. However, an alternative potential explanation
for this is that the case study examined a dataset that covered a relatively small geographi-
cal area (50,000 square kilometers) relative to the extent of the wider dry rainforest system
(8.8 million square kilometers). A study of the full (eco-)system, where different pressures
might be expected to have different effects in different regions, at different times, and across
different scales, may indicate that space-time effects interact more strongly.

Reflecting on the methods and approach taken in this study, geographical and spatial
analyses are frequently concerned with process understanding. The approach presented in
this paper is that proposed and supported by the stgam R package [11]. It seeks to deter-
mine how each predictor variable should be included within the space-time varying coef-
ficient GAM. This has computational overheads requiring for k predictor variables 5 x 6"
models to be evaluated. For the simulation experiment with its 3 predictor variables, this
required 1080 potential models to be evaluated for each of the 100 simulated datasets with 3
predictor variables, while for the empirical rainforest study with 2 predictor variables, 180
potential models were evaluated. However, determining the most appropriate space-time
GAM and how each predictor variable should be treated is an important step. For varying
coefficient modeling, it avoids the misspecification costs to model predictive accuracy that
arise when assumptions are made about the nature of space-time dependencies in data re-
lationships. Many space-time varying coefficient models assume these to be simultaneous
and simply fit the most complex model believed to be valid. This study’s approach to deter-
mining the GAM (smooth) form was able to determine the appropriate GAM for each of the
study’s simulated and empirical datasets. In GWR-based approaches, the analogous speci-
fication is effectively determined by optimally found kernel bandwidth(s), as these control
how much data is used in each localized weighted regression. For MGTWR, its predictor-
specific bandwidths should enable inferences to be made about the spatial and temporal
dependencies present in the data relationships. However, the bandwidths arising from the
MGTWR fits of this study’s simulated data did not capture the different space-time inter-
actions present in the true coefficients of the simulated data: all of the bandwidths were
similar for each predictor variable, for each of the 100 models (see Table 3), suggesting
the same kind of space-time dependencies in each of the predictor variables. In fact, the
simulated (> and derived x2 were set up to have different space-time dependencies than
[ and (B3 and x1 and x3.

Future work will continue to refine the approach to develop and extend the space-time
varying coefficient GAM-based approach described here and to update the functionality of
the stgam R package. One immediate potential direction is to develop a method to esti-
mate the scales of the target-to-predictor variable relationships. Initial work suggests that
it may be possible to approximate these through measures of how quickly GAM smooth
functions change over space or time, for example by determining the distance at which
the smooth value changes by a threshold. This would provide an indication of the space-
time dependency scale for each relationship, similar to kernel bandwidths in MGWR and
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MGTWR approaches. It may also be possible to generate similar measures using the var-
iogram range from an automatic fit of a suitable variogram model to the empirical vari-
ogram [29].

Finally, the obvious drawback of the approach presented here for determining GAM
specification is the increase in the number of models to evaluate as the number of predictor
variables increases. While search heuristics could be adapted to undertake this optimiza-
tion, it may be more practical to undertake explorative investigations of the data, a priori,
to inform on a simpler initial GAM specification rather than undertake the full search of
all possible models as done here. Parallelization approaches can also help in this regard.
However, we note that this is a dynamic field of research. As a result, it is likely that not all
of the potential developments described above will be implemented. For example, some of
the “future work” described in our early papers has been overtaken by developments here
and by others. This is due to the ongoing development of our understanding of applying
GAMs to space-time varying coefficient problems, coupled with ongoing developments in
GAM functionality in general, principally in the mgcv R package [43].

7 Conclusions

This paper introduces a space-time extension of multiscale varying coefficient modeling,
using GAMs with smooths to capture spatial and temporal interactions. Building on re-
cent work on spatially varying coefficients [7], it investigates for both the presence and
form of space-time data relationships by comparing alternative model specifications for
each predictor variable. Different GAMs were evaluated using AIC. Simulated data with
known space-time dependencies in data relationships were used to compare the GAM-
based approach with MGTWR. The results were broadly similar, with MGTWR models
having marginally better model fits, and the GAMs marginally better at estimating the true
coefficients, supporting stronger inference about the process being examined. The GAM-
based approach was then applied to a remote sensing and climate data case study for the
Chaco dry rainforest in South America and distinct patterns of data relationship hetero-
geneity were identified with effects varying independently across space and time rather
than jointly. The reasons for this are discussed and some directions for further method-
ological and software development in the st gam package [11] are described.
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Rank Term Estimate Std. Error t-value p-value
88 (Intercept) 12118.4 7.7  1570.7 0.000
75 x1_Parametric 311.1 9.3 33.5 0.000
76 x1_s(S) 314.5 9.3 33.8 0.000
85 x1_s(S) + s(T) 929.7 9.3 100.1 0.000
84 x1_s(T) 927.3 9.3 99.8 0.000
86 x1_te(ST) 1089.8 9.3 117.3 0.000
73 x2_Parametric -83.4 9.3 9.0 0.000
77 x2_s(S) 518.6 9.3 55.8 0.000
83 x2_s(S) + s(T) 805.6 9.3 86.7 0.000
74 x2_s(T) 4.0 9.3 0.4 0.663
82 x2_te(ST) 803.1 9.3 86.4 0.000
78 x3_Parametric 622.3 9.3 67.0 0.000
80 x3_s(S) 627.6 9.3 67.5 0.000
81 x3_s(S) + s(T) 627.8 9.3 67.6 0.000
79 x3_s(T) 622.5 9.3 67.0 0.000
87 x3_te(ST) 1481.5 9.3 159.4 0.000
72  x1_Parametric:x2_Parametric -1717.6 9.7 -177.0 0.000
71 x1_s(S):x2_Parametric -1719.6 9.7 -177.2 0.000
54  x1_s(S) + s(T):x2_Parametric -2349.6 9.7 -242.1 0.000
55 x1_s(T):x2_Parametric -2348.7 9.7 2420 0.000
53 x1_te(ST):x2_Parametric -2464.5 9.7 -253.9 0.000
52 x1_Parametric:x2_s(S) -2547.0 9.7 -262.4 0.000
51 x1_s(S):x2_s(S) -2549.6 9.7  -262.7 0.000
14 x1_s(S) + s(T):x2_s(S) -3777.0 9.7  -389.2 0.000
15 x1_s(T):x2_s(S) -3775.8 9.7  -389.0 0.000
13 x1_te(ST):x2_s(S) -4035.4 9.7  -415.8 0.000
42 x1_Parametric:x2_s(S) + s(T) -2809.0 9.7  -2894 0.000
41 x1_s(S):x2_s(S) + s(T) -2812.3 9.7  -289.8 0.000

9 x1_s(S) + s(T):x2_s(S) + s(T) -4335.2 9.7  -446.7 0.000
10 x1_s(T):x2_s(S) + s(T) -4333.5 9.7  -446.5 0.000

4 x1_te(ST):x2_s(S) + s(T) -4690.5 9.7  -4833 0.000
70 x1_Parametric:x2_s(T) -1866.2 9.7  -192.3 0.000
69 x1_s(S):x2_s(T) -1868.4 9.7  -192.5 0.000
49 x1_s(S) + s(T):x2_s(T) -2587.0 9.7  -266.5 0.000
50 x1_s(T):x2_s(T) -2586.0 9.7  -266.4 0.000
45 x1_te(ST):x2_s(T) -2720.4 9.7  -280.3 0.000
44 x1_Parametric:x2_te(ST) -2796.7 9.7 -288.2 0.000
43 x1_s(S):x2_te(ST) -2800.1 9.7  -288.5 0.000
11 x1_s(S) + s(T):x2_te(ST) -4316.4 9.7 4447 0.000
12 x1_s(T):x2_te(ST) -4314.6 9.7  -4445 0.000

5 x1_te(ST):x2_te(ST) -4668.7 9.7  -481.0 0.000
66  x1_Parametric:x3_Parametric -1953.8 9.7 -201.3 0.000
64 x1_s(S):x3_Parametric -1956.3 9.7 -201.6 0.000
38  x1_s(S) + s(T):x3_Parametric -2854.7 9.7 2941 0.000
40 x1_s(T):x3_Parametric -2853.3 9.7 -294.0 0.000
27 x1_te(ST):x3_Parametric -3031.9 9.7 -312.4 0.000
63 x1_Parametric:x3_s(S) -1956.4 9.7  -201.6 0.000
60 x1_s(S):x3_s(S) -1958.9 9.7  -201.8 0.000
34 x1_s(S) + s(T):x3_s(S) -2860.5 9.7  -2947 0.000
36 x1_s(T):x3_s(S) -2858.9 9.7  -294.6 0.000
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Rank Term Estimate Std. Error t-value p-value
25 x1_te(ST):x3_s(S) -3038.1 9.7  -313.0 0.000
61  x1_Parametric:x3_s(S) + s(T) -1956.8 9.7 -201.6 0.000
59 x1_s(5):x3_s(S) + s(T) -1959.3 9.7  -2019 0.000
33 x1_s(S) + s(T):x3_s(S) + s(T) -2861.0 9.7  -2948 0.000
35 x1_s(T):x3_s(S) + s(T) -2859.5 9.7  -294.6 0.000
24 x1_te(ST):x3_s(S) + s(T) -3038.6 9.7  -313.1 0.000
65 x1_Parametric:x3_s(T) -1954.1 9.7  -201.3 0.000
62 x1_s(S):x3_s(T) -1956.7 9.7  -201.6 0.000
37 x1_s(S) + s(T):x3_s(T) -2855.2 9.7 2942 0.000
39 x1_s(T):x3_s(T) -2853.8 9.7  -294.0 0.000
26 x1_te(ST):x3_s(T) -3032.4 9.7  -3124 0.000
47 x1_Parametric:x3_te(ST) -2688.2 9.7  -277.0 0.000
46 x1_s(S):x3_te(ST) -2692.1 9.7 2774 0.000

7 x1_s(S) + s(T):x3_te(ST) -4418.6 9.7  -4553 0.000

8 x1_s(T):x3_te(ST) -4416.9 9.7  -455.1 0.000

3 x1_te(ST):x3_te(ST) -4864.7 9.7  -501.2 0.000
68 x2_Parametric:x3_Parametric -1936.0 9.7  -199.5 0.000
31 x2_s(S):x3_Parametric -2971.1 9.7  -306.1 0.000
19  x2_s(S) + s(T):x3_Parametric -3333.9 9.7 -343.5 0.000
57 x2_s(T):x3_Parametric -2122.7 9.7 -218.7 0.000
23 x2_te(ST):x3_Parametric -3322.7 9.7  -3423 0.000
67 x2_Parametric:x3_s(S) -1939.4 9.7 -199.8 0.000
29 x2_s(S):x3_s(S) -2976.5 9.7  -306.7 0.000
17 x2_s(S) + s(T):x3_s(S) -3340.4 9.7  -3442 0.000
56 x2_s(T):x3_s(S) -2126.3 9.7  -219.1 0.000
21 x2_te(ST):x3_s(S) -3329.5 9.7  -343.0 0.000
67  x2_Parametric:x3_s(S) + s(T) -1939.4 9.7  -199.8 0.000
28 x2_s(S):x3_s(S) + s(T) -2976.9 9.7  -306.7 0.000
16 x2_s(S) + s(T):x3_s(S) + s(T) -3341.1 9.7  -3442 0.000
56 x2_s(T):x3_s(S) + s(T) -2126.3 9.7  -219.1 0.000
20 x2_te(ST):x3_s(S) + s(T) -3330.2 9.7  -3431 0.000
68 x2_Parametric:x3_s(T) -1936.0 9.7  -199.5 0.000
30 x2_s(S):x3_s(T) -2971.5 9.7  -306.2 0.000
18 x2_s(S) + s(T):x3_s(T) -3334.4 9.7  -343.6 0.000
58 x2_s(T):x3_s(T) -2122.6 9.7  -218.7 0.000
22 x2_te(ST):x3_s(T) -3323.3 9.7 3424 0.000
48 x2_Parametric:x3_te(ST) -2600.4 9.7 -267.9 0.000

6 x2_s(S):x3_te(ST) -4420.0 9.7  -4554 0.000

1 x2_s(S) + s(T):x3_te(ST) -5270.5 9.7  -543.0 0.000
32 x2_s(T):x3_te(ST) -2892.6 9.7  -298.0 0.000

2 x2_te(ST):x3_te(ST) -5254.3 9.7 5414 0.000

Table Al: A summary of the second-order factorial model of the effect each term and each
two-factor term has on mean changes in AIC when predictor variables are specified in
different ways (R? = 0.993), where ‘_Parametric’ indicates that a parametric form was spec-
ified, “_s(S)” a spatial smooth, ‘_s(T)" a temporal smooth, ‘_s(S) + _s(T)" separate space-time
smooths, and ‘_te(ST)” a combined space-time smooth.
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