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Text and spatial data mining in the Brede Database

Abstract

The Brede Database records information from published human brain

mapping studies. With brain scanners these studies investigate the spa-

tial distribution of neural activity as modulated by different kinds of men-

tal processes. The information contained in the database, is, e.g., title

and abstract of the paper describing the study, as well as 3-dimensional

coordinates representing the important modes in the spatial distribution.

Papers with coordinates present in a specified brain area can be extracted

from the database and automatically grouped. The coordinates in the

grouped papers are extracted and it is tested whether the coordinates are

spatially clustered in subregions of the area based on the group structure.

This allows for more or less automated data-mining for segregation in

the human brain. The method uses kernel density estimation with cross-

validation and Hotelling’s T2 test on the coordinates, and non-negative

matrix factorization on the texts in a vectorial ”bag-of-words” represen-

tation.
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Human brain mapping

Figure 1: Results from a human brain mapping study
(Balslev et al., 2005, figure 2). Hot color-mapped
functional results from an fMRI study on top of a
gray-scaled “single subject” reference brain scan.

Positron emission tomography (PET)

or functional magnetic resonance

(fMRI) brain scans of the human

brain while subjects are engaged in

different mental processes.

Result represented in the litera-

ture with lists of three dimensional

coordinates (in standardized “Ta-

lairach” brain space) of the hot spot

activations, e.g.,

(x, y, z) z-score

−38,0,40 4.91

48,−42,8 4.66

52,14,38 4.07
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BrainMap database

Figure 2: Screen shot of a graphical user interface to the
BrainMap database with locations plotted after a search for
experiments on olfaction.

The BrainMap database (Fox

and Lancaster, 2002; Fox and

Lancaster, 1994).

On of the earliest dedicated

neuroscience databases.

Contains over 500 studies

from published scientific arti-

cles.

Programs for data entry,

searching and visualization.
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Brede database

Figure 3: Screenshot of main window of Matlab program for data
entry of one of the studies in the Brede database (Jernigan et al.,
1998).

Brede Database contains,

e.g., abstract, locations

stored in XML (Nielsen,

2003).

Presently contains 152 pa-

pers, 470 experiments and

3252 locations.

Each experiment is la-

beled with the specific

function under investiga-

tion, e.g., response to “hot

pain”, “cold pain” stimuli

and “episodic memory re-

trieval”.
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Entry of information in the Brede database

Each location is primarily represented by the 3D-coordinate and a textual

field indicating the brain region
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Supervised labeling

Example with “Face

recognition” studies

in a “corner cube” vi-

sualization.

The “expert” label

added during data-

base entry can pro-

vide the grouping struc-

ture.

Statistical tests can

be constructed to mea-

sure whether the spa-

tial distribution is “clus-

tered” (Turkeltaub et al.,

2002; Nielsen, 2004).
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This study

Focus on specific brain area.

No expert label: Get context from abstract text

Determine themes of the brain area

Determine whether specific themes are spatially clustered in the brain

area.
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Identifying studies

Simple SQL-like command in Matlab to find locations:

Lpc = brede_struct_select(L, ’where’, { ’lobarAnatomy’ ’findstri’, ...

’posterior cingulate’ });

It finds locations where the “lobarAnatomy” field matches the string

“posterior cingulate”.

Presently 116 locations are identified.
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Identified locations

Corner cube visualization of

116 “posterior cingulate” lo-

cations

An outlier: “Right postcen-

tral gyrus/posterior cingulate

gyrus” from (Jernigan et al.,

1998).
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Kernel density estimators for locations
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Regard the “locations” as being gen-

erated from a distribution p(x), where

x is in 3D Talairach space (Fox et al.,

1997).

Kernel methods (N kernels centered

on each location: µn) with homoge-

neous Gaussian kernel in 3D Talairach

space x

p̂(x) =
(2πσ2)−3/2

N

N
∑

n
e
− 1

2σ2(x−µn)
2

σ2 fixed (σ = 1cm) or optimized with

leave-one-out cross-validation (Nielsen

and Hansen, 2002).
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Handling outliers

Throw away the 5% most extreme coordinates (111 locations back).

Find a threshold as the lowest probability density estimate for a location

with leave-one-out kernel density estimate.

Search in the entire database for all location above the threshold (184

locations). This should find coordinates that are not labeled.

For the further analysis: Include all papers with contain on or more of

these 184 locations.

Presently 79 papers are found.
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Bag-of words matrix

‘memory’ ‘visual’ ‘motor’ ‘time’ ‘retrieval’ . . .

Fujii 6 0 1 0 4 . . .

Maddock 5 0 0 0 0 . . .

Tsukiura 0 0 4 0 0 . . .

Belin 0 0 0 0 0 . . .

Ellerman 0 0 0 5 0 . . .

... ... ... ... ... ... . . .

Representation of the abstracts of the papers in a bag-of-words matrix:

(abstract × words)-matrix.

Each element counts of the frequency of a word occurring in an abstract

text.
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Eliminated stop words

Common words: a, a’s, able, about, above, accordingly . . . (571 words)

Common “scientific” words (from MEDLINE): accordingly, affected, af-

fecting, affects, . . . (243 words)

Brain anatomy: amygdala, amygdaloid, angular, anterior, area, basal,

bilateral, brain, brainstem . . . (148 words)

Words not associated with mental function: aberrant, aberrations, abili-

ties, . . . (2534 words)
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Scaling

Element-wise square root scaling . . . (Penrose, 1946)
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Non-negative matrix factorization

Non-negative matrix factorization (NMF) decomposes a non-negative
data matrix X(N × P) (Lee and Seung, 1999)

X = WH + U, (1)

where W(N × K) and H(K × P) are also non-negative matrices.

“Euclidean” cost function for

E“eucl” = ||X − WH||2F (2)

Iterative algorithm (Lee and Seung, 2001)

Hkp ← Hkp

(

WTX

)

kp
(

WTWH

)

kp

(3)

Wnk ← Wnk

(

XHT
)

nk
(

WHHT
)

nk

. (4)
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Results from abstract grouping
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Figure 4: Closeup of “clustered” abstracts.

Hierarchical NMF with varying

K = 1 . . .

⌈

√

min(N, P)

⌉

Abstracts with highest score

on wk shown

Winner-takes-all function ap-

plied on W

Nodes are ordered with

C = HKH
T
K+1 (5)

Line width determined by

width ∝ c2ij/maxij(C) (6)
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Results from abstract grouping
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Results from word grouping
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Figure 5: Closeup of “clustered” words.

Hierarchical NMF with the

HKs.

Words with highest score on

hk shown

Winner-takes-all function ap-

plied on each HK

Major themes: Memory, pain,

emotional facial expressions,

(visual) eye movements
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Results from word grouping
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Relation to “manual reviews”

Figure 6: (Cabeza and Nyberg, 2000, figure 10).

Memory is the main com-

ponent in the automated

analysis

Successful episodic mem-

ory retrieval found as the

most important cognitive

function for PCC in a large

review (Cabeza and Ny-

berg, 2000).
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Test spatial distribution
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Extract locations from group-

ed papers.

Test if the spatial distri-

bution of locations for a

group is different from the

distribution from an other

group.

All possible tests within a

level of non-negative ma-

trix factorization are per-

formed.
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Tests on “segregation”

Two-sample Hotelling’s T2 test follows an F -distribution if multivariate

Gaussian distributions are assumed

M1M2(M − P − 1)

M(M − 2)P
D2 ∼ FP,M−P−1. (7)

The Mahalanobis distance is computed as

D2 = (z̄1 − z̄2)
T
S
−1
u (z̄1 − z̄2) , (8)

with the covariance Su found as

Su = (M1S1 + M2S2)/(M − 2), (9)

z̄1 and S1 are the mean and covariance for one set of Talairach coordinates
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Results from spatial tests

#Comp C1 C2 P-values C1 - C2

5 1 2 0.000001 0.000023 memory - pain

2 1 2 0.000001 0.000663 memory - pain

4 1 2 0.000009 0.000102 pain - memory

8 6 8 0.000014 0.000231 pain - memory

3 1 2 0.000023 0.004385 memory - pain

7 1 7 0.000026 0.001388 pain - encoding

5 2 5 0.000030 0.009020 pain - facial

7 1 2 0.000030 0.027949 pain - facial

6 5 6 0.000030 0.027949 pain - facial

8 5 6 0.000050 0.000872 words - pain

9 1 7 0.000084 0.001452 pain - words

8 1 6 0.000112 0.005228 alzheimer - pain
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Plot of pain and memory
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Plot of memory (red x)

and pain (green circles)

locations viewed from

the side (sagittal).

The locations are picked

from the most separated

nodes: K = 5, k1 =

1 and k2 = 2 with

a P -value of 0.000001

(Hotelling’s test).
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Further modeling . . .
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Convex hull peeling
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Figure 7: Convex hull peeling

Perhaps the Gaussian assump-

tions are not appropriate for

sets of locations.

Convex hull peeling centroid

(Barnett, 1976) is a robust

multivariate estimate of the

centroid.

Monte Carlo permutation test

on the distance between cen-

troids.

Hotelling’s P -value: 0.0000013

Peeling permutation P -value:

≈ 0.0057
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Neuroanatomy taxonomy

WOROI: 218 
Medial temporal lobe

WOROI: 40 
Hippocampus

WOROI: 65 
Parahippocampal gyrus

WOROI: 66 
Entorhinal cortex

WOROI: 140 
Mesial anterior temporal lobe

WOROI: 211 
Perirhinal cortex

WOROI: 252 
Left medial temporal lobe

WOROI: 253 
Right medial temporal lobe

WOROI: 107 
Left hippocampus

WOROI: 108 
Right hippocampus

WOROI: 277 
CA1 field

WOROI: 131 
Left parahippocampal gyrus

WOROI: 132 
Right parahippocampal gyrus

WOROI: 209 
Ambiens gyrus

WOROI: 210 
Subsplenial gyrus

WOROI: 141 
Left mesial anterior temporal lobe

WOROI: 142 
Right mesial anterior temporal lobe

Taxonomy of neuroanatomi-

cal areas.

Items linked in a hierarchy

with “Brain” in the top root

and smaller areas in the leafs.

Based on another neuroanatom-

ical database “BrainInfo/Neuro-

Names” (Bowden and Martin,

1995) and atlases, e.g. “Mai

atlas” (Mai et al., 1997).

Fields recorded: Canonical

name, variation in names, ab-

breviations, links to Neuro-

Names and other databases.
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WOROI_218.html
WOROI_40.html
WOROI_65.html
WOROI_66.html
WOROI_140.html
WOROI_211.html
WOROI_252.html
WOROI_253.html
WOROI_107.html
WOROI_108.html
WOROI_277.html
WOROI_131.html
WOROI_132.html
WOROI_209.html
WOROI_210.html
WOROI_141.html
WOROI_142.html


Text and spatial data mining in the Brede Database

Examples names for “medial temporal lobe”

’Medial temporal lobe’

’Hippocampus’

’Parahippocampal gyrus’

’Parahippocampal’

’Parahippocampus’

’Gyrus parahippocampi’

’Gyrus parahippocampalis’

’Entorhinal cortex’

’Cortex entorhinalis’

’Entorhinal area’

’Area entorhinalis’

’Left hippocampus’
...

Example of expansion from “medial tem-

poral lobe”

Only one location matches on “medial

temporal lobe”

After expansion with 32 names for sub-

areas (and the region itself) there are 67

locations.
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“Medial temporal lobe” abstract grouping

1 2 3 4 5 6

1

2

3

4

5

6

Component

N
um

be
r 

of
 c

om
po

ne
nt

s

Cluster bush

memory
retrieval
recognition
words
encoding

memory
recognition
words
encoding
word

retrieval
memories
time
autobiographica
semantic

recognition
visual
associative
humans
spatial

words
encoding
pleasant
emotional
emotion

memory
retrieval
memories
time
autobiographica

recognition
visual
humans
spatial
word

words
pleasant
emotional
emotion
auditory

encoding
associative
episodic
visually
meaning

memory
retrieval
memories
autobiographica
time

recognition
visual
spatial
word
priming

words
pleasant
emotional
emotion
auditory

encoding
associative
episodic
visually
meaning

memory
memories
retrieval
autobiographica
time

resting
semantic
perceptual
rest
humans

recognition
visual
spatial
humans
word

motor
language
urges
sensory
broca

words
pleasant
emotional
emotion
pictures

encoding
associative
visually
explanation
subjective

memory
memories
retrieval
autobiographica
time

semantic
resting
perceptual
rest
polymodal
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Spatial test “medial temporal lobe”

#Comp C1 C2 P-values C1 - C2

4 1 3 0.000663 0.057905 words - encoding

6 2 3 0.021106 0.023796 recognition - words

4 2 3 0.032204 0.430667 recognition - encoding

6 1 3 0.041044 0.167343 encoding - words

5 3 5 0.041044 0.167343 encoding - words

6 1 5 0.074015 0.089068 encoding - memory

6 2 5 0.120152 0.010952 recognition - memory

Peeling permutation test P ≈ 0.5128
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Spatial test “medial temporal lobe”
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Brede database on the web
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