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W

In spatial econometricV refers to the matrix that weights the value of spatially
lagged variable of other units. As unimportant tasiay appeanv specifies, or at
least ought to specify, why and how other unitsanélysis affect the unit under
observation. We show that theory must inform fimecal specification choices taken
by researchers. Specifically, the connectivity ableé employed i'W must capture
the causal mechanism of spatial dependence. Theifispgon of W further
determines the relative relevance of source umisnfwhich spatial dependence
emanates and whether receiving units are assumedtiadlly or differentially
exposed to spatial stimulus. Multiple dimensions sphtial dependence can be
modelled as independent, substitutive or conditibnks. Finally, spatial effects need
not go exclusively in one direction, but can bedibectional instead, with recipients
simultaneously experiencing positive spatial depecd from some sources and
negative dependence from others. The importandé/ aftands in stark contrast to
applied researchers typically employing crude pregayiables for true connectivity
such as geographical proximity and adopting stahdaodelling convention for
specifying W rather than substantive theory. We demonstrateelwhssumptions
convention imposes on specification choices anduarthat theories of spatial

dependence will often conflict with them.



1. Introduction

What's in a letter likeWw? A huge deal, it turns out, when it comes to mlougl

spatial dependencdV, the connectivity matrixthat links observations with each
other, by definition determines which and to whaigiee observations spatially
depend on each other. This matrix is often spetifiecording to convenience and
spatial econometric modelling convention ratherntreccording to expectations

derived from theory.

In this article we show that for reliable causdemences about spatial dependence,
five aspects of the specification ofV are crucial and ought to be theoretically
justified> First, the choice of connectivity variable entgriw needs to capture the
causal mechanisrthrough which spatial dependence works. Sectvdjetermines
whether totalexposureto spatial dependence is specified as homogeneous
heterogeneous. Third, the specificationVéfneeds to capture thelative relevance
of each of the sender subjects from whom spatigedgence emanates. In other
words,W should specify how important each sender of ai@pstimulus is for each
recipient. This may include the distinction betweelevant and irrelevant potential

senders. Fourth, iMV researchers specify tligmensionalityof spatial dependence:

Spatial econometricians refer\ as ‘the weighting matrix’. Yet, this label seemashe part

of the problemW does not represent weights in the classical s#raemust always sum to
one. We thus prefer the term connectivity matritgran that clarifies thatV ‘measures’ or at
least ought to measure the connections betweegesand recipients of spatial stimulus.

A sixth crucial specification choice is whethé&r any given level of exposure to spatial
stimulus, responsiveness of recipients to the dtimis assumed to be homogenous or
heterogeneous (Neumayer and Plumper 2012). Howewer,do not deal with this
specification choice here since it cannot be meddhW itself.

This stands in clear contrast to LeSage and P2@#¥1: 17) who assert that the view that
inferences on spatial dependence are sensitivpecification choices of W represents “the

biggest myth in spatial econometrics”.



whether there is a unique causal channel or melyles and, if the latter, whether
these are independent of each other, substitutesrf@onditional on each other.
Lastly, the modelling oV determines thdirectionality of the spatial effect. Subjects
can experience a spatial stimulus from sendersagleatclusively positive, exclusively

negative or that is positive from some sendersnbgative from others.

All theories of spatial dependence need to addteese five aspects oWV
specification. Yet, common practice uncriticallfidavs modelling convention instead
of basing specification choices on theoretical aerations. First, applied researchers
often use mere proxies for connectivity such agyggghical proximity or contiguity.
However, spatial effects amausedby transactions, contact or interactions between
sources and recipients of spatial stimulus. Thusoggaphical proximity and
contiguity serve as memgroxiesfor the true causal mechanism. As with all proxies
proximity and contiguity may be useful shortcutghé true connectivity variable is
difficult or impossible to measure and if the troennectivity variable is highly
correlated with proximity. However, since in margses the true interactions can be

observed, there is no reason to use proxies.

Second, row-standardiziny imposes the assumption of homogenous total exposur
to spatial stimulus, flatly contradicting most thes of spatial dependence
(Neumayer and Plumper 2012). It achieves this lyosing the restriction that if one
subject has fewer ties to other subjects, then sBaeh assumed to be more important,
which again may run counter to theoretical prediti Therefore, outside the case
where it is theoretically justifiedyw should not be row-standardized. There exist
alternatives that offer similarly convenient stiatisl properties without imposing the
assumption of homogenous total exposure and wittloariging the relative relevance

of senders across recipients (see section 3.2).



Third, the scaling of the connectivity variablettleaters intoN does not necessarily
match the relative relevance of senders of spstiiaulus for recipients. It cannot be
taken for granted that the measurement scale afemivity variables approximates
well the scaling of true connectivity between seadmd recipients of spatial effeéts.
Scholars typically either employ connectivity vées in their original measurement
scale or transform the scale in a rather arbitvaay, for example in the form of
taking the logarithm, whereas they should consiclefully which connectivity
variable transformation, if any, is needed to cepthe relative relevance of sources

of spatial effects.

Fourth, applied researchers also often neglect dimensionality of spatial
dependence by either assuming a unique causal msghar insufficiently grasping
the challenges posed by multi-dimensionality. Theuaption of uni-dimensionality
may be appropriate in fields such as epidemioladere a spatial effect may depend
on a unique type of contact as causal mechanismeler, other fields including
theories of spatiapolicy dependence are usually not characterized by sjnuplie

dimensional connectivities.

Fifth, applied researchers practically always assuimat spatial effects are uni-
directional. Subjects are either assumed to folbdaers — as in the international tax
competition literature where countries are assutoedwer their own corporate tax
rates in response to others lowering theirs (Pliimepal. 2009) — or, less commonly,
to be negatively influenced by others, as for eXxanmip Franzese and Hays’ (2006)

analysis of spending on active labour market pedian which higher spending by

To give an example: assume persaneets persoa 15 minutes per day and persbr80
minutes per day. While it may be true that perbda more likely to communicate valuable
information or to transfer a diseaseitdhan persorg, the information content or risk of

infection emanating from persdindoes not need to be twice as large as the oneefsona.



contiguous neighbours results in lower spendingthmy recipients of this spatial
stimulus. However, neither of these types of swidiéws a positive spatial stimulus
from some senders and a negative stimulus fromr cteéeders. In many fields of
research, this specification is a conceptual mest&or example, governments can be
eager to adopt policies of other governments withilar political orientation, but
actively avoid policies of other governments wigsposite political orientation. Thus,
spatial dependence can be positive for some soofcgsatial stimulus, but negative

for others.

This article explains howV should be specified.We start by demonstrating the
restrictive specification choices imposed by tlandard modelling convention fay.
We then discuss each of the five crucial aspeatshi® modelling ofW in detail.
Specification choices should follow theory rathéart convention. Theory also
trumps data mining, which is why we find attemptejppealing which estimatd/
based on the data (see, for example, Aldstadt aetis @006; Beenstock and
Felsenstein 2012; Lam and Souza 2013). At the samee however, we appreciate
that theories will typically be under-specified,opiding some but insufficiently
detailed guidance. Theoretically derived speciftcat dominates modelling
convention, but when theories are under-specifiesearchers can adopt the flexible
specifications we propose here and test the robsstof their inferences to equally

plausible model specification choices.

2. Modelling Conventionsfor the Specification of W

In this section, we show how the standard modeltimgvention for the specification
of W imposes certain assumptions on four of the fivueciat specification choices
impacting on inferences in the analysis of spati@pendence. The use of

geographical proximity as connectivity variable dtianing as a proxy for the causal



mechanism of spatial dependence is not part ofdatdnmodelling convention as

such, but nevertheless fairly widespread practice.

Anselin et al. (2008: 627) define spatial dependeas being present “whenever
correlation across cross-sectional units is noonszand the pattern of non-zero
correlations follows a certain spat@aidering’. Yet, such a spatially ordered pattern
does not imply spatial dependence in a strict selisean also emerge when the
similarity of units follows a spatially ordered pan. Thus, spatial dependence should
be distinguished from spatial clustering — for ba@bonometric and theoretical

reasons.

If we make this distinction, then the analysis pdit&al dependence proper is confined
to spatial lag and spatial-x models, while spatiabr models may be used to correct
for spatial clustering. Spatial lag or spatial aetpessive models model spatial
dependence in the dependent variable, spatial-xelfead one or more explanatory

variables and spatial error models in the erramtefor expositional simplicity, we

will focus on spatial lag models, the most commardel of spatial dependence, but
all our arguments apply to the other types of modé¢lspatial dependence as well as

combinations of these.

Using a scalar notation, the standard modellingvention for specifyingW in a
spatial lag model based on a mon&dimss-sectional time-series or pdrddtaset is

as follows:

Given our focus oV, we say nothing on which estimator (spatial-OLgtsl instrumental
variables or spatial maximum likelihood) shouldadpplied to estimate such models (see, for
example, Franzese and Hays 2007, 2008; Ward ardit§ille 2008; LeSage and Pace 2009).
The analysis of spatial dependence is more flexibt also more complicated in dyadic data —

see Neumayer and Pliumper (2010a) for an analysadl pbssible forms of modeling spatial
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is a row-standardized spatial lag variabd, is a vector of unit specific variables

influencing y, , and ¢, is an identically and independently distributeddi) error

proces$

The spatial autoregression parametemrepresents the estimated degree of spatial
dependence. The spatial effect variable (2) cangitthe product of two elements.
The first element is theN[N[T block-diagonal row-standardized spatial weighting
matrix W, which measures the relative connectivity betwiderumber of units, call
them recipients of spatial stimulus, aNdnumber of unitsk, call them senders of

spatial stimulus, i number of time periods in the off-diagonal celighee matrix as

dependence in such datasets. Everything we salisnatticle applies to the modeling of
spatial dependence in dyadic data as well.

Spatial dependence in panel data gives rise toescomplex dependence structures and
estimation problems (Anselin et al. 2008; Debarsy Ertur 2010; Ellhorst 2009; Lee and Yu
2010).

If the residuals are not white noise, researcimeay want to add the temporally lagged
dependent variable as well as period and unit fixiéelcts. More generally, identifying a true
causal spatial effect is challenging given confangdpatially correlated structure in the data
that has nothing to do with spatial dependencet@al889; Manski 1993). Stringent model
specification can often overcome the challengen®kr and Neumayer 2010; Neumayer and
Plumper 2010b).



represented by the connectivity variabjg,, which takes on strictly non-negative

values only (Anselin 2002: 258).

This standard modelling convention implicitly imgssassumptions about four of the

five aspects of the specification ¥f that, we argue, need to be derived from theory

instead of convention. By row-standardizMf— eachwy, is divided bwaIkt , the
k

row sum of connectivities — the assumptiorhofmogeneous tot&xposureo spatial
stimulus is imposed across all recipient subjeti® relative relevancef senders of
spatial stimulus is represented by different valoésy,, for different dyads of
recipienti and sendek. Yet, the relative relevance of senders acrospissts is
transformed by row-standardizing/ in ill understood and often theoretically
unappealing ways. Also, transformations of the eatimity variables severely impact

the relative relevance of senders for each redifjgse section 3.2).

At least implicitly, equation (1) assumes that spatependence isni-dimensionallf
researchers deviate from the assumptions underiypagification (1) and employ
several connectivity variables these are typicahlyployed in separate spatial effect
variables with no theoretical justification for teasuing implicit assumption that the
multiple dimensions are independent of each otregher than substitutes for or

conditional onto each other.

Finally, by requiring w;, to take on strictly non-negative values only angd b
estimating one coefficient for one single spatig Variable, specification (1) assumes
that spatial dependence isni-directional The implicit assumption of uni-
directionality seems strongly embedded in spatiebnemetric applications in

political science. In fact, outside the field ofagpl dependence in arms races and



military expenditures, we know of only one analythat allows for bi-directional

spatial effects (Brooks and Kurtz 20£2).
3. Specification Choicesfrom a Generalized Theory of Spatial Dependence

Having shown which assumptions standard modellingvention imposes onto
specification choices o¥V, we now discuss in detail each of the five modglli

aspects that any theory of spatial dependence reeattkiress. As will become clear,
modelling convention often conflicts with appropeaspecification choices derived

from theories of spatial dependence.
3.1 The Causal Mechanism of Spatial Dependence

Theories of spatial dependence require a causahanesn by which outcomes of
sender subjects— behaviour, policies, events, or whatever elspatially dependent
— impact on recipient subjects This causal mechanism must be captured by the

connectivity variabley,, and its specification ikV.

Traditionally, spatial analysts, including those palitical science, have employed
measures of geographical proximity as connectivayiable. A search of articles
published in political science journals over thestldour years suggests many
applications still do (e.g., De Francesco 2012;efFand Gerritse 2012; Flores 2011;
Leeson and Dean 2009), even if some applicationg explicitly include non-

geographical connectivity variables thought to uoeptthe causal mechanism of

spatial dependence among jurisdictions (e.g. Baarid Dur 2012; Cao and Prakash

This neglect is mirrored by the strong differende attention social scientists pay to

convergence processes as opposed to divergenaespescand the almost complete neglect of
the possibility that both processes happen simedtasly. While convergence attracted lots of
attention in political science (Dolowitz and Mar2f00, Bennett 1991), divergence analyses

are confined to regional growth processes. Foxaamion, see Kitschelt et al. (1999).



2010; Linos 2011). Beck et al. (2006: 42) traces ttilominance to the geographic
heritage of spatial econometric models: “their p@iyn application has been to
incorporate physical notions of space (distancefp ipolitical models, and,
particularly, to argue that geographically nearbytsu are linked together (...).”
Despite the call by Beck et al. (2006), ourselvdsumayer and Plimper 2012) and
others (e.g., Zhukov and Stewart forthcoming) tglewy connectivity variables that
directly capture the causal mechanism of spatigbeddence, contiguity and
geographical proximity are still widely used. Sphconometricians have also been
slow in accepting non-geographical connectivityialales in spatial models. Some
explicitly favour geographical connectivity variablon the grounds that they are not
subject to being endogenous to the variable beipgtialy lagged whereas
substantive connectivity variables can be (e.gSdge and Pace 2011: 18). Whilst we
recognize the need for further research into imfeae threats caused by potentially
endogenous connectivity variables, we disagree thet suggests geographical
proximity as a good connectivity variable. A missified connectivity variable is still

misspecified even if it is “exogenous”.

The reason why employing geographical proximity idgfly results in
misspecification is that geographical proximity nst the causal mechanism that
causes spatial dependence. Rather, contact (oadtitm) is. Space is not only “more
than geography” (Beck et al. 2006), spatial depeoées clearly not caused by
geography, proximity and contiguity itself. Rathsepatial dependence is caused by
contact, connections, transactions, interactiond,ralations. Employing geographical
proximity is thus nothing more than based on thecfionalistic assumption that
proximity is correlated with contact intensity antact frequency. Thus, a-theoretical

connectivity variables such as geographical prayimypically cannot provide
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insights into the true causal mechanism of spdeglendence and are therefore often

ineligible for the purpose of testing theories pét$al dependence.

The use of geographical proximity as connectiviyiable threatens the reliability of
inferences in spatial models in two major waysstiir the functionalistic logic of
using geographical proximity as a substitute foasuees of contact is vaguely based
on Tobler’s first law of geography according to whi“everything is related to
everything else, but near things are more related tdistant things” (Tobler 1970:
236). The functional equivalence between proxinaty the one hand and relation,
contact or interaction on the other hand may waldhin many applications.
However, there will be other applications in whitley are truly independent from
proximity. More importantly, there will be many neorapplications in which
proximity is only weakly correlated with connectii Yet, unless proximity is
sufficiently highly correlated with relation, cowitaor interaction a spatial analysis
employing proximity as connectivity variable isdilg to result in wrong inferences
not merely about the estimated degree of spatj@midence but even with regards to

inferences on the very existence of spatial depaele

Secondly, unless geographical proximity is suffithe highly correlated with
connectivity, its use as connectivity variable @ose particular risk to reliable
inferences because geographical proximity of twigjestis is likely to be correlated
with similarity. Thus, as a caveat to Tobler’s ffilmwv and very much in his language,
we suggest the following second law of geografwerything resembles everything
else, but near things are more similar than distdmhgs. If our second law of
geography holds, then geographical proximity betweebjects is likely to be
correlated with any misspecification of the econtiinenodel (Quah 1993). Consider

the example of an omitted variable: if the omittediable is spatially correlated (if

11



close things are more similar), a spatial lag thats geographic proximity as
connectivity variable is likely to be correlatedthvthe omitted variable, in which case
the estimation of the effect of the spatial lag ldobe biased and inferences

potentially wrong.

For most theories of spatial dependence, geograpproximity is a poor proxy for
connectivity. Three broad causal mechanisms cadisiewguished (Neumayer and
Plumper 2012: 822-827): learning, which is indigtirshable from emulation;
externalities, which include competition; and caamc Closer units are likely, but not
certain, to interact more with each other and thbhke to learn from each other.
Subjects can be physically very close and not I&m each other at all. Learning
occurs through observation, interaction, and comoation (Hall 1993; Dolowitz and
March 1996; Gilardi 2010). And it is measures afsh ties that one would like to see

directly employed as connectivity variables.

The same holds for externality-based theories addtisp dependence. Direct
externalities require the exchange of goods, sesyicapital, persons, or pollutants
between senders and recipients, which transmiexternality from the former to the
latter. Closer units may be more likely to imposgemalities onto other units or
impose larger externalities. However, there is nargntee that proximity is strongly
correlated with externalities. This becomes everargdr when we consider indirect
externalities transmitted through economic comjpeti{Elkins et al. 2006; Cao and
Prakash 2010). Japan and Germany are in many tespese competitors though the

countries are geographically very distant.

Coercion as a causal mechanism of spatial depead#epends on the leverage that
senders have over recipients. Geographical proximilikely to be uncorrelated or at

best weakly correlated with such leverage. Form@ortal masters might have

12



substantial leverage over their ex-colonies that loa located in distant places, for
example. Developed country aid donors might havestsutial leverage over aid
recipients in the developing world, but their exterf leverage is unlikely to be

closely mapped onto geographical proximity.
3.2. Exposure

Spatial econometricians find it convenient to ‘retandardize’ the weighting matrix.
It is a convention that is ‘typically’ (Anselin 200257), ‘commonly’ (Franzese &
Hays 2006: 174), ‘generally’ (Darmofal 2006: 8),‘osually’ (Beck et al. 2006: 28)
followed. As we have shown in section 2, row-stadation is a mathematical
transformation that divides the observed connect@tween the subject under

observation and other subjectsby the sum of connections of each

While econometrically convenient, the convention rofv-standardization often
clashes with theories of spatial dependence and ghedictions on heterogeneity in
the total exposure of subjects to spatial stim(iNesumayer and Plimper 2012). Row-
standardization takes out all level effects frore ttonnectivity matrix — for each
recipienti the sum of connectivities to all sourdegquals 1. Row-standardization
thus imposes the assumption that the total expdsutes spatial stimulus is equal for
all unitsi. It implies that if two different recipients aneked to the same senders but
one has barely any connectivity to senders andother is strongly connected to
them, they will end up with the exact same row-déadized spatial stimulus (same
value of the spatial effect variabf€)We call this homogeneity of total exposure to

spatial stimulus.

Conversely, row-standardization can easily predan outcome in which a recipient with
hardly any link to senders and low levels of cotiné@g with them experiences a stronger

spatial stimulus than a recipient with many linksl &igh levels of connectivity to senders.
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The following table gives an example. Note thaf denotes the unstandardized
values of the weights, while we usg to mark the row-standardized weights for two

unitsi; andi, that receive a spatial stimulus from the same $amdeik;..ks.

Table 1: The Homogeneous Total Exposure Assumatiédtow-Standardization

ke ko ks Ka ks ke ko ks Ka ks

Wi o Wi W W W | W W W W W
i 0.7 1.1 0.8 1.4 1.0 0.14 0.22 0.16 0.28 0.20
in 7 11 8 14 10 0.14 0.22 0.16 0.28 0.20

Observe that, has links td;..ks that are 10 times larger than those;oHowever, if

we row-standardiz®V, then the resulting spatial lag variable takeshensame value
for bothi; andi,. Accordingly, if theories predict that recipient receives a far
weaker spatial stimulus froia-ks thani, due its lower overall level of connectivity,

then row-standardizing the weighting matrix is digaot the way to go.

A second consequence of row-standardization isllggoansequential but arguably
less known. In order to achieve homogeneous totpb®ure, row-standardization
implicitly imposes the a-theoretical and often imible assumption that if one
receiver has fewer (more) connections to senderspafial influence, each sender

becomes more (less) important. To see this, lotalde 2 for a different example.

Table 2: Adding Further Contacts Reduces the Spateaght of Each One

ky ko ks Ky ks ky ko ks Ky ks

W Wi W Wi W W W, W W, W
i 0 0 0 1 1 0.00 0.00 0.00 0.50 0.50
in 1 0 0 1 1 0.33 0.00 0.33 0.00 0.33

Observe that the number of contagthas withk; to ks is one larger than the number
of contacts of;. As a consequence, the weight of each individoatact in the row-

standardized weighting matrix declines from 0.50ifoto 0.33 fori,. Consider the

14



case of learning theories: row standardization dda appropriate if (and only if) the
learning success of recipientsvas independent of the number of sendieosit only

depended on being a recipient of spatial stimutusllalf, however, recipients learn
more if they are in contact with more senders, th@m-standardization leads to a

misspecified model.

How plausible is the assumption of homogenous texalosure to spatial stimulus
imposed by row-standardizingy? Whether one expects the total exposure to spatial
stimulus to be homogenous or heterogeneous acrasgcts is principally a
theoretical question. If theory predicts total esyp@ to be homogenoud/ has to be
row-standardized. Yet, in the majority of applicats theories of spatial dependence
suggest heterogeneous total exposure, in which oasestandardizingW mis-
specifies the theoretical model. For example, dmgotty of regulatory or policy
competition is likely to predict that the total @gpire to spatial stimulus varies from
jurisdiction to jurisdiction (Garrett 1995; Basimgand Hallerberg 2004; Schmitt
2011) — a globally integrated country like Southr&ois much more exposed to the
imperatives of regulatory competition than an ecomally closed country such as
North Korea. Similarly, in dyadic analysis totalpasure is likely to vary from
country dyad to country dyad — see, for examplegcBa and Dur (2012) who
explicitly decide against row-standardiziig in their analysis of spatial dependence
in preferential trade agreement formation. In Neyenand Plumper (2012), we make
a detailed case for heterogeneous total exposuralfoausal mechanisms of spatial

dependence.

In Plimper and Neumayer (2010) we demonstrated rtvatstandardization is not
inferentially neutral and will, unless theoretigajustified, result in misspecified

spatial models. Few spatial econometricians seemedognize this. Kelejian and
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Prucha (2010) are a notable and laudable excepliogy state (ibid.: 56): “... [I]n

row-normalizing a matrix one does not use a simglenalization factor, but rather a
different factor for the elements of each row. Hfere, in general, there exists no
corresponding re-scaling factor for the autoregvesgarameter that would lead to a
specification that is equivalent to that correspogdo the un-normalized weight
matrix. Consequently, unless theoretical issueggesiga row-normalized weight

matrix, this approach will in general lead to aspiscified model.”

There is no excuse for row-standardization basedtatistical convenience either
since convenient properties such as matrix nonfangyi can instead be achieved by
a minmax-normalized matrix: each cell is divided foy= min{max(r), max(g)},
where max() is the largest row sum & and max(g the largest column sum ¥
(Kelejian and Prucha 2010: 56; Drukker et al. 20A3t). By dividing the matrixV

by one single scalar rather than the row sum fohe#bservation, which differs
across all spatial effect recipients minmax-normalization does not impose the
assumption of homogenous total exposure and thereimes not change the relative
relevance of senders across recipients. Alterngtives Neumayer and Plimper
(2012) demonstrate, one can test whether a rovdatdized spatial effect becomes
stronger as the total exposure to spatial stimmdraases across subjects. This is
possible with a model in which a row-standardizedtisl effect variable is interacted

with a measure of exposug:**

Ve =D |y 1+0,> | ey Nz, +0,7+B X +& 3)

k zwikt k ZWkt

k k

1 Note that the measure of exposure to the spsiiiaulus could simply be the connectivity

variable used in the weighting matrix (see Neumayet Plimper 2012).
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Evidence for heterogeneous total exposure woulbbviolf the effect of the row-
standardized spatial lag variable is conditionedtiy measure of exposure. This
model specification leaves the decision whetheerogeneous or homogeneous total

exposure is appropriate to the data.

In sum, it is important to understand that row-dtadization isnot theoretically
neutral — it is not a transformation that leaves ¢stimates unchanged but rather one
that exerts a potentially strong influence on eatem and inferences. Researchers
cannot hide behind econometric conventions. They lha derive a prediction on the
total exposure to spatial stimulus from their tlyeodn most cases, row-
standardization conflicts with theory and therenis excuse based on statistical
convenience for it. This should bring the discussabout row-standardization to an
effective halt: it typically results in misspec#iton and should therefore be

abandoned.
3.3. Relative Relevance

Determining the relative relevance of sourceshsoader specification issue, not only
influenced by whether or not to row-standardv¥e Its starting point is considering
whether any of the potentially sending subjdctze entirely irrelevant for recipient
subjecti under observation. If so, this results in the gadd zero for the cell iW

representing the link between subjeand subjeck.*?

Assuming that spatial dependence emanates stitictty one group of observations (a
subset ofk) only, but not from the other group, can make senAdor example, in
epidemiology where the transmission of a diseagmp®ssible unless two units have

had direct prior physical contact. As an examptanfrpolitical science, Neumayer,

12 Units of observation that are not linked t@ny other unitsk create a problem for row-

standardized spatial effect variables since oneatadivide by zero.
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Plimper and Epifanio (2014) argue that the impleateon of counterterrorist
regulations in Western developed country democsa@esolely influenced by the
implementation of counterterrorist policies in ctigs with a similar threat level. If
this holds, then the spatial effect emanating frorhinked units is zero and the model
is correctly specified. If the theory is correcdahere is no spatial effect from units
with which no previous physical contact was haéntthe coefficient of the spatial
effect variable employing a dummy variable codedlador units, with which no
prior physical contact was had, will be zero (assgmhe estimation model is

otherwise correctly specified).

More generally, however, there will be some undetyavhether the theory is correct
or uncertainty over whether the group that is @vaht for spatial dependence has
been established without non-negligible measureraent. Therefore, if researchers
are uncertain whether the spatial effect comingnfrthe group deemed to be
irrelevant is actually zero, they can estimateftli®ewing specification (we show all

specifications without row-standardization):

Vi O Wit P D Wi Yt BX e (4)
k k
1ifw, =0 : : : : .
where W, =< . For the case in which/,, is a dichotomous variable,
oifw' 20

this would simplify tow?,, = (1-w\,) 23 1n principle, it is not a bad idea to estimate

equation (4) even in cases in which researcherscanginced that the group of

13 Note that although/vlikt and (1-W1ikt) are perfectly negatively correlated with eacheotlthe

spatial effect variables based on these two coivityctvariables cannot be perfectly
negatively correlated, which is of course the wargson why equation (4) becomes possible
as otherwise one of the spatial effect variableslvbe dropped. In fact, the two spatial effect

variables will often be positively correlated wihch other.
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subjects, for whichw!,, =0 and thereforew’,, =1, exerts no spatial effect. Rather

than imposing this constraint on the model spediiion, it can be better to put this

hypothesis to a test and estimate equation (4).

Going beyond the specification choice determinirfigciv potential sending subjects
are entirely irrelevant, the second crucial speatfon determining relative relevance
is specifying the relative weight assigned to esslvant sending subjektfor each
receiving subject under observation. The relative weight of sendsngjectsk is
principally determined by the range and scale efdbnnectivity variable, to which

we turn our attention now.

Connectivity variables are measured in specifitsunifor example, trade in USD or
some other currency, social contact by the numbetisits. Any transformation of
connectivity variables that leaves the distribut@nthe variable intact in the sense
that the ratio of all variable values to each ottenain the same are inferentially
neutral. Multiplication by a constant factor is Bu@an inferentially neutral
transformation. It thus does not matter whetheoranectivity variable is measured in,

say, USD or thousands or millions of USD or is hal&uros or Yens instead.

Other transformations change the relative weighdenfding subjects, however. Thus,
taking the log, the square root or raising the eatimity variable to some power all
affect the distribution of weights and thereby ttegative relevance of sending
subjectsk. Most importantly, adding or subtracting a constiamot an inferentially
neutral transformation either. This latter aspeeernls how the connectivity variable
differs from variables in the estimation model:anstant added or subtracted to the
connectivity variable cannot be absorbed in therggpt. That adding a constant is

not inferentially neutral also has consequencetheruse of categorical connectivity
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variable, which cannot be employed as if they weaedinal*® Instead, separate
spatial effect variables need to be created basedLiommy variables as connectivity
variables for each category. There is one excepbothis, namely if, for relevant
senders, the average value (row-standardiZg¢ar sum (not row-standardizétl) of
the variable to be spatially lagged is the sameni@ category of source unksas in

another category of units In this case, one should merge the two categoriene.

To illustrate how transformations other than muiitgtion with a constant factor
change the relative relevance of sending subjectsider proximity among countries,
here defined as 1/distance, as connectivity vagiable choose proximity for
illustrative purposes only and notwithstanding cangument that geographical
proximity should best be avoided as connectivityialde since it typically fails to
capture the underlying causal mechanism (see se8ti). The closest countries are
neighbouring each other and thus have a distan€ arf— if scholars measure the
distance between capitals — 10.5 kilometres (Kisaha the Democratic Republic of
Congo and Brazzaville in the Republic of Congo)eTiwo countries which are
furthest apart are Mali and Samoa with just ove®Q0 kilometres between them.
The range of the connectivity variable 1/distanages by factor 190. In other words:
using 1/distance as a proxy for the intensity détrens, the influence of the two

Congos onto each other would be assumed to beirh@8 bigger than the influence

14 For a categorical variable used in an estimatiodel as if it were cardinal, adding a constant

to the category values does not matter. Thus, egodtal variable coded 0, 1, 2, ...6 will
result in the same statistical inferences as ayoateml variable coded 1, 2, 3, ...7 or another
one coded 5, 6, 7, ...11. Not so with the quasi-caiduse of categorical variables as
connectivity variables. Each of these three difilje coded categorical variables would
produce different spatial effect variables with sequences for statistical inferences since
each one assigns different weights to the categauimtained in the connectivity variable.
Since the absolute value of each category hastkboho substantive meaning, none of the

coding options is “correct”.
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of Mali and Samoa onto each other. This assumptltanges drastically if we do
what researchers using distance often do: takendheral log of distance. If we do
this, we assume that the influence of the two Cengaio each other is only 4.21

times stronger than the influence of Mali on Saraed vice versa.

However, variable transformation is not the onlywawhich connectivity variables
are rescaled. As stated already in the previousseation, row-standardization also
results in changes to relative weights. After rdangardization, the country dyad
furthest apart has changed to Kiribati as receaver the Republic of Congo as sender
of spatial stimulus (the two Congos remain the dyeldsest to each other) and the
ratio of largest to smallest distance has incre&sedfactor of 1,676 for 1/distance as
connectivity variable. The row-standardization timos$ only attributes the smallest of
weights to a different dyad, namely the dyad of masn distance of any other
country (which happens to be the Republic of Conigdiribati as recipient, which is
the most isolated country in the world in the sethsg it is on average the furthest
apart from other countries, it has also dramatiaddicreased the weight that far away
countries have for such isolated countries. Noprsingly, for 1/(In distance) as
connectivity variable, the ratio between higheslotwest weight increases only by a
little, namely to a factor of 4.34. Taking the logassively contracts the range of
distances among countries such that the distarfcedatively isolated countries to
other countries translate into proximity weightattare much more similar to those of

centrally located countries compared to the romddadized proximity in levels.

Importantly, row-standardization also breaks thesetry of weights between two
countries of one dyad. Whereas, as already poiated Kiribati as recipient and
Republic of Congo as sender takes on the minimuloevd 1/distance is row-

standardized, the link between Republic of Congeeagient and Kiribati as sender
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is not even in the lowest quartile of row-standzedi proximity! The reason is
Congo'’s relatively central position on the globéjeth makes large absolute distances
to senders much smaller after row-standardizatiompared to large absolute
distances in isolated recipient countries. Thiyas another example of how row-
standardization changes the relative relevancesinfleys across recipients in subtle

and, we would argue, ill understood ways.

While both variable transformations and row-staddation thus affect the relative
relevance of senders, they do so in very differeays. A variable transformation
changes the relative relevance of senflargach recipientbut it leaves the order of
weights exactly the same across all recipient-sedgiads. The dyads of least and
most proximity and the rank ordering of all dyadetween these two extremes will
be exactly the same no matter whether 1/distanc¥(br distance) is used. Row-
standardization, on the other hand, leaves theivelaelevance of senders for each
recipient intact (weights are merely divided byamstant factor for each recipient),
but it changes the order of weights across redifgender dyads and thus changes the

relative relevance of sendexsross recipients

In Plumper and Neumayer (2010) we have shown tetnation results and thus
inferences can be very different for a spatialMagable once based on the inverse of
distance and once based on the inverse of loggtdnde. We have shown the same
for row-standardized versus not row-standardi2®d Row-standardization and
transformations other than multiplication by a dans factor change the distribution
of the connectivity variable and thereby the rgkatiweight of senders. Row-
standardization does so implicitly and across ifenis, whereas power

transformations do so explicitly and for each remip
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Different distributions after a variable has beescaled either via a transformation or
via row-standardization can be understood as imgosifferent functional forms
onto connectivity between senders and recipientsfortunately, the *“correct”
functional form for connectivity exists but remawnsknown and cannot be estimated.
Most spatial applications employ the untransfornsednectivity variable and row-
standardize it. However, there is no a priori reasdy the strength of spatial
stimulus needs to decay linearly with increasinggyaphical distance if proximity is
one’s connectivity variable. The strength of spaianulus could decay as a function
of the logarithm of distance or as a function oftaince squared or distance plus

distance squared, and so on.

Depending on one’s theory a different functionahfdn accordance with a specific
transformation may therefore be theoretically wated. If one has strong reasons to
assume a specific functional form then one can sapthis functional form and
transform the connectivity variable accordingly,ingsthe resulting transformed
variable as the new connectivity variableVih Generally speaking, however, theory

rarely provides such detailed specification advice.

With under-specified theories, researchers haveatgleeway in picking a

transformation that suits them in terms of findsypport for their tested hypothesis,
which in turn is one of the reasons why models pdtial dependence have a
problematic 'anything goes’ character. Given thisder-specification problem, a
semi-parametric approach represents a promisirgynalive. One divides one’s
connectivity variable into several categories, tngaseparate dummy variables for
each category. For example, for distance one woudte separate dummies for
bands of distance, e.g., from 0 to 1,000 kilometie801 to 2,000 kilometres, etc.

One then creates separate spatial effect variatmesfor each of the categories. This
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will allow the strength of spatial stimulus to vailgxibly across the range of the
connectivity variable rather than imposing a pafac functional form. The approach
is semi-parametric in the sense that no specifiectianal form is parametrically
imposed on the connectivity between umigsxdk. In generalm categories allow for

at mostm-1 turning or inflection points in the connectivitgtween andk.

Such semi-parametrically operationalized spatitdatfvariables qualify our verdict
in Plumper and Neumayer (2010: 434) that “the airreperationalization and
functional form of connectivity must be known (bdsen theoretical reasoning) by
the researcher”. The semi-parametric approach ah dhows researchers to let the
data determine the functional form of connectiviggher than imposing a specific

functional form.

Into how many categories should the connectivityiakde be grouped and how
should one group observations into distinct catieg@r Starting with the latter
guestion, for continuous variables one can grolgeoniations into categories of equal
width or into percentiles. Equal width means grogpobservations into categories of
equal size in terms of the unit of measurementefvariable, such as, for example,
equally wide bands of distance (0 to 1000, 1002G00, 2001 to 3000 kilometres,
and so on). Percentiles require creating dummyaites for, say, the #5percentile,

50" percentile, and so on. For count variables andnfi@rval variables that are not
strictly continuous or not strictly continuouslycoeded, splitting the variable’s range
into percentiles does not make much sense sincenai®ns cannot, unless by
chance, be split into value ranges equally inhdblig observations. How many
categories should researchers build? Not too m@oynectivity is unlikely to have

many inflection and turning points and the spagfiéct variables created for each
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category will be correlated with each other, legdim efficiency losses. Hence, three

to five categories will often suffice, but more egdries can be warranted.

The semi-parametric approach is not without probkleWiithin categories weights are
assumed to be the same, which may not be apprepkitre importantly, the choice

of the number of categories is arbitrary and so taee thresholds between the
categories. Therefore, the semi-parametric approaelds to be conducted along with
extensive robustness tests which demonstrate ttep@mdence of inferences from

both arbitrary decisions (Pliumper and Neumayer 014
3.4. Dimensionality

Connectivity can be multi-dimensional. Sometimelseoty will require multi-
dimensional connectivity if several causal mechasisexist that transmit spatial
stimulus from sources to recipients. Empiricallypnoectivity can be multi-
dimensional even if, theoretically, there is a 8ncausal mechanism, namely if this
single mechanism cannot be directly measured antsiesad approximated by more

than one proxy variable.

Multiple dimensions of connectivity can represeinks$ between andk that are
independent of each other, substitutive for eatterobr conditional on each other.
Multiple dimensions of connectivity that are truhdependent of each other — that is,
neither substitutive for each other nor conditiooaleach other — are probably rare
since even different causal mechanisms may notnbieely independent of each
other. But where multiple dimensions are approxatyaindependent of each other,
they should be modelled by separate spatial effadtables. Only by estimating
coefficients of separate spatial effect variabldsame be able to test whether there is

statistically significant evidence for spatial degence working via a specific causal
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mechanism and test which of the causal mechanismssibistantively stronger than
others. Note, however, that due to the inter-depecags among subjects that is
inherent to spatial dependence, it is not possleompletely separate out the effect

estimates of each of several individual spatigaffariables (Elhorst et al. 2012).

Multiple dimensions of connectivity that are nod@pendent of each other likely exist
where one has several connectivity measures tpatreathe same causal mechanism.
Different connectivities can be substitutes forreather, even perfect substitutes. If
the latter, one can simply add up the measureBeo¥/arious connectivity variables.
For example, one may employ international visitowk as connectivity. Unless one
had reason to believe that incoming visitors framrdriesk to countryi represented

a different causal mechanism or the same causdianexn, but of different strength,
compared to outgoing visitors from countrio countriek, then one can simply add
the visitor flows in both directions into one ovékariable representing bilateral total
visitor contact. As another example, when it contethe exchange of information,
visits of one actor by the other, telephone catlsail exchanges, old-fashioned
letters, and fax messages can all substitute fon ether. In reality, the amount of
shared information may vary, but as an approximatiee best measure of total
interaction may well be the simple sum of all thaesvities. For an example of three
connectivity variables — superscripted 1, 2, 3 asglmed to be perfect substitutes for

each other — this leads to the following specifarat
Mt=p[2(wtt+vxﬁt+w&) m}ﬁ&hﬁt : (5)
k

Yet, often scholars will be uncertain whether npléi connectivities are perfect
substitutes for each other. Two further options then available. One is to create

three separate spatial effect variables employauh ef these connectivity variables
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separately. The third option is to create a priacgpmponent from the connectivity
variables and use the resulting variable as agtgemmnectivity. For our example of

three connectivity variables, the second optionldi¢éead to

Ve P WY TP LW Y TP W et B X *E (6)
k k k
whereas the third option would result in

Ve =P PV tBX tE 7)
k

where @, is a principal component of... , Ww;, andw., .

The specification (6) estimates more parameters g imposes the fewest
constraints. It also has drawbacks, however. TheciBpation assumes that the
multiple dimensions of connectivity are not commtitl onto each other and thus
either independent or substitutive. If this assuampts wrong, then specification (6)
is wrong and should be replaced by a specificati@t includes interaction effects
among the connectivities — see further below. & #ssumption is correct, then a
comparison of the estimated degrees of spatialrakgree in this specification can in
principle also inform whether the three forms ohwrectivity are perfect substitutes
for each other, which can be inferred if the estedadegrees of spatial dependence
do not statistically significantly differ from eacbther. The practical problem,
however, is that the spatial effect variables basedach of the separate connectivity
variables will be correlated with each other, amdeptially strongly so. This can
result in substantial efficiency losses and everitionllinearity problems. If such
problems are detected, then scholars can move ¢oobrnthe other options. If the

multiple connectivity variables are found to befpet substitutes for each other, then
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the first option of adding up the multiple connextyi variables into one single
connectivity variable is an attractive one. Notat tthis specification is not available if

the multiple connectivity variables are measuredifferent units.

So far, we have discussed multi-dimensional cornwvigctwhere the multiple
dimensions are either independent of each othesubstitutive for each other. The
multiple dimensions can also be conditional on eatbler, such that a particular value
of connectivity on one individual variable resuits a higher overall connectivity
value if the other individual connectivity variabldake on higher values. Such
conditionality can be captured by a multiplicatredationship between two (or more)
connectivity variables, which results in the foliogy specification (for notational

simplicity we assume only two individual connedtywariables):

Yy :p;(wttv\ﬁ) Y +BX +E . 8)

An extreme version of equation (8) is if one of theights, sayw,, is a dummy
variable, in which case the effect of spatial defggite working via connectivity,

is conditional onw, =1. Multiplication is not the only way to represemnditional

relationships among individual connectivity varedl however. In principle, any
combination that is not linearly additive could bsed or some logical operation
combining the individual connectivity variables,dathe combination could also
potentially include higher order terms of the indiial connectivity variables (see

Anselin 2002: 259 for some examples).

An alternative way of capturing a conditional redaship among multiple

connectivity variables is to create separate dpatiact variables built on each one
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and then to model a conditional relationship viairgeraction effects model, which

would result in the following specification:
Yo =P 2 W Yo + P72 W Yo +p3{2 W %D W yt}+ﬁ X+e 9)
k k k k

In fact, if the two connectivity variables are moéasured in the same unit, then (9) is

the only way in which conditionality between theamde captured.

Note that the specifications in (8) and (9) ardéedént ways of capturing conditional
relationships, but (9) does not contain (8) anthiss not its less constrained version

since

> (i, B, ) yktigwtt xtD; W ¥

k

Specification (8) assumes that the variable$ and w;, together represent

connectivity and specifically so in multiplicativerm, whereas specification (9)

assumes that the causal mechanism runs through eawchectivity variable

separately, but that the spatial effect of the @amsechanism running througly, is
conditioned by the spatial effect of the causal meism running throughv, , and
vice versa.

In some applications, theories will remain incosohe on whether the causal
mechanisms running via;,, and w?, are substitutive for each other or conditional

onto each other. For such cases, equation (9)sept® a possible specification as it
allows for, but does not impose a conditional refehip. If there is evidence for an
interaction effect in (9) then one can infer a dbadal relationship; if there is no
such evidence then one can employ the more pargmnspecification as

represented by (6) or even (5).
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3.5. Directionality

With few exceptions (see, for example, Brooks anat&K2012), analyses of spatial
dependence assume that spatial effects are umtidimal. For all senders and all
recipients, the spatial stimulus that emanates fretevant sender& onto the
recipienti is assumed to be in the same direction — eithasistently positive or
consistently negative — for relevant senders amd fer irrelevant senders (see
section 3.2). In reality, however, the stimulusnfrsub-grougk® of relevant senders
can be in the opposite direction of the stimulusiicm from sub-groupé of relevant
senders. Moreover, the sub-grougsandk’ can be different for different groups of

recipients and, in the extreme case, even be diftdor each recipient

Spatial dependence in military spending providgead example for the existence of
bi-directional spatial effects. As the theory oflitary alliances argues (Olson 1965;
Olson and Zeckhauser 1966), smaller allies haveneentive to free-ride on the
military efforts of larger ally members. This woulesult in negative spatial
dependence emanating from larger ally members dom¢) alliance members: as
military spending by larger allies goes up, thenslyeg by smaller allies goes down.
Yet, at the same time these smaller allies whieb-fide on the larger allies’ military
efforts are likely to react to larger military sgemg by the enemies with larger
military spending of their own even if some addiabfree-riding on the larger allies
may occur in the degree to which they respond. Wusld imply positive spatial
dependence deriving from enemies: military spendicgeases by the enemy exert a
positive spatial stimulus and induces alliance memsbto respond with higher
military spending. Such bi-directional spatial degence is exactly what we find in
our analysis of military spending by the smaller NMA alliance members during the

Cold War period, which tend to react negativelyspending increases by the United
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States and positively to spending increases byStinget Union and other Warsaw

Pact nations if in excess of US spending incre@@&snper and Neumayer 2013).

Bi-directional spatial effects are likely to exist many settings. For example,
governments may emulate the policies of other gowents with a similar political
orientation, but steer away from policies adoptgdother governments with the
opposite political orientation. Some countries wdhct to lower corporate tax rates
adopted by some foreign countries by lowering tbain corporate tax rate. But other
countries might respond to this lowering of foremprporate tax rates with a higher
corporate tax rate in order to maintain the todal tevenue from the remaining tax
base. In the field of environmental regulation, satountries may react positively to
stricter environmental standards in some other t@m#) whereas others may react
negatively. For example, European Union countriemveh enacted unilateral
greenhouse gas emission reduction policies in #lefbthat other countries will
follow and adopt similar policies. Some will haveng so, particularly those over
which the EU has some leverage, but other countwes which the EU has little
leverage are likely to have responded to the gremetribution to the pure global
public good of climate stability emanating from gkeunilateral EU climate change
policies by lowering their own climate protectioffogts. Even within the countries
covered by the EU carbon trading scheme, unilapmtities in some countries aimed
at further carbon reduction can exert both positind negative spatial dependence in
terms of pollution outcomes, if not policies. Fotample, some countries seem to
have emulated variants of the German feed-in tay$tem for subsidizing renewable
energy technologies, which has resulted in a masskpansion of the renewable
energy share of electricity production in Germavigt, in a European-wide market

for carbon emission certificates, the overall pidi level is fixed, such that emission
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reductions in Germany will result in emission retituts in some countries adopting
similar policies, but will inevitably result in ession increases in some other
countries as the decline in emissions results dedine in the demand for emission
certificates in these countries, which lowers thegoof certificates and thus leads to
an expansion of emissions in other countries wipad@ters now buy more of these

cheaper certificates.

If theory predicts a bi-directional spatial effettien researchers need to specify for
each subjeci the group of sendele which exert a positive spatial effect, the group
of senders’ which exert a negative spatial effect (as well \abere applicable,
another group of senders that are irrelevatithese group identities can be the same
for all i, can differ across groups of subjectsr even differ across all receiving

subjects.

There are two ways of modelling bi-directional splagffects. The first option is to
create two separate spatial effect variables, one¢he groupk' from which spatial
dependence emanates in a positive direction anthenfor the groug® from which

it emanates in a negative direction:

Yit:plz\’\{tlty«'{'pzzv\’szt Xt+18)§t+£it ' (10)
Kt k2

For our example of military spending by smaller NATTembers, one would expect

0'>0 and p® <0, indicating that smaller NATO members increasar thalitary

15 Directionality in spatial dimensions has five pibte manifestations. These are: 1. all senders

k exert a negative effect on recipién®. senderk either exert a negative or no effectipB.
senderk either exert a negative, no, or a positive eftect (we consider the constellation in
which “no effect” is empty as special case); 4.dezsak either exert no or a positive effect on

i; 5. all senderk have a strictly positive effect an
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spending when Warsaw Pact members increase thedrsdecrease their military

spending when the (larger) NATO member increaseissth

Note that in general the connectivity variableg timk observations to groups* and

IZ, respectively, could represent different causathmaisms and can thus differ from
each other, which is why equation (10) is specifiadterms of two separate
connectivity variablesv* and w”. However, the causal mechanism for bi-directional
spatial effects might be the same, in which casetinnectivity variable would be the

same andv' = w?.

The second option for modelling bi-directional s$glateffects is to allow the
connectivity variable to take on negative valuegshsthat connectivity is positive for
links fromi to senders of thk' group and negative for links froitto senders of the

I group. This specification would result in one $ingpatial effect variabl&

Ve =0 [We Vi *BX +E (11)

We recommend researchers use specification (10¢mrahan (11) for modelling bi-
directional spatial effects because specifying single spatial effect variable forces
the degree of positive spatial dependence to besdh®e as the degree of negative
spatial dependence, whereas this is something auddwike to estimate and test.
Also, specification (11) does not allow the connatgt variable for positive spatial

dependence to be different from the one for negatpatial dependence.
4. Conclusion

Reliable tests of causal theories of spatial depecel require an appropriate

operationalization and modelling of the weightingtnx W. The causal mechanism

16 With connectivity taking on negative values, mastandardization is not possible.

33



underlying the theoretical spatial model is in tbennectivity variable and its
specification inW and not in the spatially lagged variable. Unlessearchers use a
theoretically derived connectivity variable, theyemaly test whether some spatial
effect exists, but do not test hypotheses thatespond to their theory of spatial
dependence. Spatial dependence models should #kesthe causal mechanism
seriously. Models with distance or contiguity asectivity variable tell us little

more than that the world is likely to become ineregly dissimilar the further we

travel.

As important as choosing the right variable — dme maps closely onto the causal
mechanism of spatial dependence — is the correstifgmation of the connectivity
variable inW. Any theory of spatial dependence must addresshghaeceiving
subjects are assumed to experience the same eretifial total exposure to the
spatial stimulus from sending subjects. Unless lganeous exposure is theoretically
warranted, W should not be row-standardized. If researchers umeertain, the
assumption of homogenous exposure can be testedsaghe assumption of
heterogeneous exposure. Researchers need to detefoni each recipient which
potential senders are irrelevant and need to gpéled relative importance of all
relevant senders. Row-standardization changes dleant relevance of senders
across recipients, while connectivity variable #fanmations other than
multiplication by a constant factor change thetredarelevance of senders for each
recipient. Both change the implicit functional foohthe connectivity variable which
can have a large impact on inferences. The seranparic approach offers an
attractive alternative when theory provides ligi@dance on the functional form of

connectivity.
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Spatial dependence can be multi-dimensional, whetjuires researchers to model
multiple connectivity variables as independent, ssititive of each other or
conditional on each other. We have suggested deflexdle modelling options that
allow researchers testing these assumptions ageawt other in case they are
uncertain which modelling assumption is most appat@. Finally, spatial
dependence can be bi-directional with some redipierperiencing a positive spatial
stimulus form some senders, but negative stimutam fother senders. We have

recommended modelling bi-directionality with twqaeate spatial effect variables.

W and its specification are thus much more import#ain meets the eye. The
variable that is spatially lagged determines wBaadsumed to spatially depend, but
everything else is ifW. The theory of spatial dependence is therefoteeary ofW.
Reliable causal inferences about spatial dependestpgire well specified theories
rather than modelling convention and, failing timatuire flexible models that contain
competing specifications as special cases anddll@aw testing the robustness of

inferences toward theoretically equally plausilgedafication choices.
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