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Abstract

Path analysis also calledstructural equation modeling for functional neuroimaging are collected.
This bibliography is part of a larger collection of bibliographies that was begun in 2001 see

http://www.imm.dtu.dk/˜fn/bib/Nielsen2001Bib/. The bibliography is written in LATEX and BIBTeX and should be
available both as HTML and PostScript:

• http://www.imm.dtu.dk/˜fn/bib/Nielsen2001BibPath/

• http://www.imm.dtu.dk/˜fn/bib/Nielsen2001BibPath.ps

The bibliography is probably far from complete, but new references are added whenever the author £nds new material
and has the time to add them. You can email the author if corrections are required or you have found some reference that
you fell ought to be included: fn@imm.dtu.dk.

Funding is from the European Union project MAPAWAMO, International Neuroimaging Consortium (INC) HBM
project. THOR Center for Neuroinformatics.

1 Newest references

Reference Description

[Koch et al., 2002] Comparison of functional and anatomicalconnectivity

Table 1: Newest references.

2 Terminology

Path analysis in functional neuroimaging is usually used todescribed the network between brain regions. In functional
neuroimaging the termstructural equation modeling (SEM) is more common. It has also been calledcovariance struc-
tural equation modelling (CSEM) [McIntosh and Gonzalez-Lima, 1994, Taylor et al., 2000]. The aspect revealed by path
analysis in functional neuroimaging has been termedeffective connectivity by Karl J. Friston, — in contrast tofunctional
connectivity which describes the correlation among brain regions.Systems-level neural modeling has also been used to
denote path analysis on the large scale brain regions [Horwitz et al., 1999, box on page 92].

3 General references

General introductions to structural equation modeling andpath analysis are [Bollen, 1998b, Bollen, 1998a].
The “Computational approaches to network analysis in functional imaging” special issue of the journalHuman

Brain Mapping, volume 2, numbers 1 and 2, 1994, contains 8 contributions, e.g., [McIntosh and Gonzalez-Lima, 1994,
Gonzalez-Lima and McIntosh, 1994, Grafton et al., 1994, Friston, 1994, Alexander and Moeller, 1994, Horwitz, 1994].

An introduction to path analysis in functional neuroimaging is [Büchel and Friston, 1997].
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Abbrv. Name Comments

SEM Structural equation modeling Also called path analysis

CC Cross-correlation analysis Cross-correlation betweenone region/voxel to an other /
others

CCA Canonical correlation analysis

PLS Partial least squares

SVD Singular value decomposition Similar to principal component analysis

SSM Scaled subpro£le model

DCM Dynamic Causal Modeling

Table 2: Analysis types for brain networks

4 Analysis types for brain networks

If a broad angle is taken to path analysis a number of different analysis types can be regarded as “path analysis”, e.g.,
principal component analysis, ordinary structural equation modeling, see table 2.

The functional connectivity can be accessed bycross-correlation analysis between voxels. This can be done by
selecting a few important voxels and examining their correlation with the rest of the brain. In [Worsley et al., 1998a,
Worsley et al., 1998b] the correlation from all voxels to allvoxel are computed and a threshold for on the 6D correlation
random £eld [Cao and Worsley, 1998] is applied.

Example from [Bullmore et al., 2000, page 295]:
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Panel analysis is a dynamic (longitudinal) form of path analysis, see, e.g., [Easdon and McIntosh, 2000] for an appli-
cation in functional neuroimaging. [B̈uchel et al., 1999] investigated the change in path coef£cients over time in associa-
tive learning.

A problem with structural equation modeling with BOLD fMRI is the 1/f noise and/or cardiac and respiratory noise
that may cause nuisance connectivity.

4.1 Tools

Name Description References

Mx http://www.vcu.edu/mx/

SPM2 DCM Dynamic Causal Modeling as implemented in SPM2 [Friston et al., 2003, Friston, 2003]

LISREL http://www.ssicentral.com/other/entry.htm

Table 3: Tools

4.2 Unclassi£ed

[Friston et al., 1995] “regression”.
[Sychra et al., 1994] PCA on fMRI.
Canonical correlation analysis are available in, e.g., in [Bullmore et al., 1996].
[Cordes et al., 2001]
[Büchel and Friston, 1998]: “variable parameter regression”and Kalman £ltering
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Type Modality Variables/Regions Behavioral domain Remarks Reference

? — — Review [McIntosh, 1999]

[Horwitz et al., 1999]

? — — Review [Taylor et al., 2000]

— — — Overview Brief describtion in sec-
tion 3.1

[Horwitz et al., 2000a]

SEM PET 2×7: BA 17/18, 19d,
19v, 7, 37, 21, 46

Object and spatial vision [McIntosh and Gonzalez-Lima, 1994,
McIntosh et al., 1994]

? ? ? ? ? [Horwitz, 1994]

SEM PET 5: SMA/cing, motor,
putamen, GP, thala-
mus

Movement Controls and Parkin-
son’s disease patients

[Grafton et al., 1994]

CC fMRI ? Resting state [Biswal et al., 1995]

SEM PET ? Face matching with
Alzheimer patients

[Horwitz et al., 1995]

SEM fMRI ? Visual motion Modulation modeled
with interaction term

[Büchel and Friston, 1997]

? PET ? Semantic processing in
schizophrenia

[Jennings et al., 1998]

CC PET Reading and dyslexia [Horwitz et al., 1998]

CC PET All voxels Vigilance task Correlation £eld
threshold via random
£eld theory

[Worsley et al., 1998a,
Worsley et al., 1998b]

SEM fMRI 2× 7 Motor task Low-frequency BOLD
fMRI

[Lowe, 1999]

? PET ? Face encoding and recogni-
tion

[Rajah et al., 1999]

? PET ? Episodic encoding and re-
trieval of words

[Krause et al., 1999]

? fMRI ? Associative learning [B̈uchel et al., 1999]

CC fMRI A few voxels in hip-
pocambus and thala-
mus

Resting state [Stein et al., 2000]

? PET Language processing [Petersson et al., 2000]

CC PET Wernicke, Broca,
others

Language production [Horwitz et al., 2000b]

CC fMRI Voxels in Rolandic
cortex, ventrolateral
thalamus, anterior
putamen correlated
with the rest of the
brain

Motor [Mopritz et al., 2000]

Panel-
/PLS

PET Left cerebellum, left
superior fronal cortex

Eyeblink conditioning [Easdon and McIntosh, 2000]

PLS PET Short-term memory wrt.
age

[Della-Maggiore et al., 2000]

SEM fMRI 5: VEC, PFC, SMA,
IFG, IPL

Semantic decision, subvo-
cal rehearsal

Model order determina-
tion by P-values, AIC
and Bollen’s “parsimo-
nious £t index”

[Bullmore et al., 2000]

SEM PET ? ? [Nezafat et al., 2001]

? fMRI 9: EC, BA37, IPS,
SMA, FEF, VPC,
IFG, PSTS, AG

Implicit language process-
ing

[McKiernan et al., 2001]

Table 4: Path analyses in functional neuroimaging. VEC: ventral extrastriate cortex, PFC: prefrontal cortex, SMA:
supplementary motor area, IFG: Interior frontal gyrus, IPL: Inferior parietal lobule.
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5 Applications

5.1 Resting state path analysis

Functional connectivity has been assessed with resting state BOLD fMRI [Biswal et al., 1995], e.g., [Stein et al., 2000]
picks a few seed voxels in the thalamus and the hippocambus and compute the correlation coef£cient between these (each
at a time) and the rest of the brain, thresholding at 0.5. The correlation is high for low frequencies (< 0.1 Hz), and
hypercapnia results in a substantial decrease in the correlation [Biswal et al., 1997].

5.2 ”Structural equation” and PET

From PubMed: [Nezafat et al., 2001], [Della-Maggiore et al., 2000], [Petersson et al., 2000], [Taylor et al., 2000],
[McIntosh, 1999], [Rajah et al., 1999], [Horwitz et al., 1999], [McIntosh, 1998], [Jennings et al., 1998],
[Cabeza et al., 1997], [McIntosh et al., 1994].

5.3 Unclassi£ed

[McIntosh and Gonzalez-Lima, 1991]: SEM on auditory system
[McIntosh and Gonzalez-Lima, 1992]: SEM on the visual system of the rat
Anatomically based structural equation modeling (SEM) [Rajah et al., 1999]
7929658 (Kleinschmidt ??? JCBFM 1994)
MJ Lowe, 1998, NeuroImage7:119
J. Xiong, 1999, HBM, 8:151
Cordes 2000, AJNR, 21:1636
McIntosh AR, Gonzalez-Lima F. Network interactions among limbic cortices, basal forebrain, and cerebellum dif-

ferentiate a tone conditioned as a Pavlovian excitor or inhibitor: ¤uorodeoxyglucose mapping and covariance structural
modeling. J Neurophysiol. 1994 Oct;72(4):1717-33. PMID: 7823097 [PubMed - indexed for MEDLINE]

A Examples of networks

A.1 Object and spatial vision

The following functional networks are originally from [McIntosh et al., 1994]. The network descriptions are in thedot £le
format [Koutso£os and North, 1996] and £gures 1 and 2 display the output from the program. Negative path coef£cients
are indicated by dotted lines.

digraph ObjectVision {
rankdir=LR
"17/18" -> "19v"
"17/18" -> "19d" [style=dotted]
"19v" -> "37"
"19v" -> "19d"
"19d" -> "7" [style=dotted]
"19d" -> "46" [style=dotted]
"37" -> "21"
"37" -> "7" [style=dotted]
"7" -> "21"
"7" -> "46" [style=dotted]
"21" -> "46"
"46" -> "19v" [style=dotted]

}

digraph SpatialVision {
rankdir=LR
"17/18" -> "19v"
"17/18" -> "19d"
"19v" -> "37"
"19v" -> "19d"
"19d" -> "7"
"19d" -> "46"
"37" -> "21"
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"37" -> "7" [style=dotted]
"7" -> "21" [style=dotted]
"7" -> "46"
"21" -> "46" [style=dotted]
"46" -> "19v"

}

17/18

19v

19d

37

7
46

21

Figure 1: Object vision functional network for the right hemisphere. Adapted from [Horwitz, 1994, £gure 3] which is
adapted from [McIntosh et al., 1994].

17/18

19v

19d

37

7
46

21

Figure 2: Spatial vision functional network for the right hemisphere. Adapted from [Horwitz, 1994, £gure 3] which is
adapted from [McIntosh et al., 1994].

In [McIntosh and Gonzalez-Lima, 1994] interhemispheric functional models is considered for the same task.

A.2 Motor system

Motor system connectivity is examined by [Grafton et al., 1994] who used a cortical-subcortical network proposed by
[Alexander et al., 1990, DeLong, 1990]. Some of the results from a LISREL estimation are displayed in £gure 3 and the
correspondingdot £le is shown below.

digraph GraftonS1994Network {
subgraph clusterNormalMovement {

label="Normal subjects, Movement task";
ranksep=0.75;
{ rank = same;

NM1 [label="SMA & Cingulate\n Motor Areas" ];
NM2 [label="Motor cortex"];

}
NM3 [label="Putamen"]
{ rank = same;

NM4 [label="Globus pallidus"];
NM5 [label="Ventrolateral\n Thalamus"];

}
NM1 -> NM2
NM1 -> NM3 [style=dotted]
NM1 -> NM5
NM2 -> NM3 [style=dotted]
NM2 -> NM5 [style=dotted]
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NM3 -> NM4
NM4 -> NM5
NM5 -> NM1
NM5 -> NM2 [style=dotted]

}
subgraph clusterParkinsonBefore {

label="Parkinson patients, before pallidotomy";
ranksep=0.75;
{ rank = same;

PB1 [label="SMA & Cingulate\n Motor Areas" ];
PB2 [label="Motor cortex"];

}
PB3 [label="Putamen"]
{ rank = same;

PB4 [label="Globus pallidus"];
PB5 [label="Ventrolateral\n Thalamus"];

}
PB1 -> PB2
PB1 -> PB3 [style=dotted]
PB1 -> PB5
PB2 -> PB3
PB2 -> PB5
PB3 -> PB4
PB4 -> PB5
PB5 -> PB1
PB5 -> PB2

}
}

Normal subjects, Movement task Parkinson patients, before pallidotomy

SMA & Cingulate
 Motor Areas

Motor cortex

Putamen

Ventrolateral
 Thalamus

Globus pallidus

SMA & Cingulate
 Motor Areas

Motor cortex

Putamen

Ventrolateral
 Thalamus

Globus pallidus

Figure 3: Movement network.

A.3 Cognition

A visual implicit language processing network:

digraph McKiernanK2001Development {
rankdir=LR
IFG -> VPC
SMA -> VPC
FEF -> SMA
FEF -> VPC
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FEF -> IPC
PSTS -> IFG
PSTS -> FEF
PSTS -> AG
AG -> IFG [style=dotted]
IPS -> IFG
IPS -> VPC
IPS -> AG
BA37 -> PSTS
BA37 -> VPC [style=dotted]
BA37 -> IPS
EC -> BA37

}

IFG

VPCSMAFEF

IPS

AGPSTSBA37EC

Figure 4: Visual implicit language processing [McKiernan et al., 2001].
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[Büchel and Friston, 1997] B̈uchel, C. and Friston, K. J. (1997). Effective connectivityand neuroimaging. InSPMcourse,
short course notes, chapter 6. Institute of Neurology, Wellcome Department ofCognitive Neurology, London, UK.
http://www.£l.ion.ucl.ac.uk/spm/course/notes97/Ch6.pdf.
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