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General objective

Exemplify the fruitful symbiosis of modern BCI
technology with a recent real-world HCI application
to obtain a cutting-edge information retrieval system
that outperforms state-of-the-art tools by more than
doubling the performance of information seeking in
realistic tasks.
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Information seeking

!

Three types of search activities:
“lookup”, “learning”, and “investigation”

!

Task:
Prepare materials to write an essay on “machine
learning”
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Concept
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Key parts

!

Brain-Computer Interfaces
!

!

Physiological data for user modeling in adaptive systems
!

!

Other sensors beyond EEG from physiology to model the user and adapt the system

Probabilistic Machine Learning for Multisource Data
!

!

EEG for real-time detection of perception, cognition and emotions

Modeling techniques that allow fusion of multi-source data for the different signals

Interactive Retrieval, relevance feedback and visualization in
information exploration
!

Application view of relevance feedback in information retrieval
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Two “Finland” projects

!

Directing exploratory search with interactive intent modeling.
Ruotsalo T, Peltonen J, Eugster MJA, et al., Conference on
Information and Knowledge Management (CIKM), 2013.

!

Predicting term-relevance from brain signals.
Eugster MJA, Ruotsalo T, Spapé MM, et al., 37th international
ACM SIGIR conference on Research & development in
information retrieval (SIGIR), 2014.
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Interactive intent modeling

!

User directs exploratory search
by providing explicit relevance
feedback

!

Feedback is used for estimates
of search intent

!

Estimated intents are visualized
!
!

Relevant intents are close to the center
Similar intents have similar angles
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Interactive intent modeling

!

Task: Prepare materials to write
an essay on a given topic
1.

Search for relevant articles that
would be likely used as reference
source in the essay

2.

Answer a set of predefined
questions related to the task topic
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Interactive intent modeling

!

!

Task: Prepare materials to write
an essay on a given topic
1.

Search for relevant articles that
would be likely used as reference
source in the essay

2.

Answer a set of predefined
questions related to the task topic

MindSee:
!

What if we use other signals than explicit feedback? Can we predict
the intent better? Can we improve the performance in an exploratory
search task even more?
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Term-relevance prediction from brain signals

!

Predict a user’s relevance of a term for a given topic
(motivated by the keywords visualized in SciNet).

!

Examples:
!
!
!

!

Entrepreneurship: business risk, startup company, …
Iraq war: US army, Saddam Hussein, ...
Irrelevant words: shopping, video-games, ...

Research questions:
1.

How well can we predict relevance judgments on terms from the
brain signals of unseen users?

2.

Which parts of the EEG signals are important for the prediction?
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views. The table lists the mean classification accuracy, the p-value indicating a significant better mean
classification accuracy than the random baseline,
and the corresponding mean improvement. Because
of our experimental design, the random baseline prediction of whether a term is relevant or irrelevant is
0.5. Bold entries denote that improvements are statistically
significant at a level of ↵ = 0.01, p-value < ↵
!
with correction for multiple testing.
Mean
Mean
Views
accuracy
p-value improvement
All
0.5415
0.0003
8.30%
Selected combined views:

participants motivated by the well-known “BCI illiteracy”. Bold entries denote that improvements are
statistically significant at a level of ↵ = 0.01, p < ↵
with correction for multiple testing.
Mean
Mean
Views
# accuracy
p-value improvement
All 26
0.5750
<0.0001
15.00%

Term-relevance prediction from brain signals

Prediction performance:

Al+Ga1
Al+E
Ga1+E
Al+Ga1+Be
Al+Ga1+E

0.5429
0.5475
0.5528
0.5369
0.5586

0.0014
0.0007
0.0002
0.0022
<0.0001

8.59%
9.50%
10.55%
7.37%
11.72%

0.5242
0.5143
0.5005
0.5101
0.5000
0.5312
0.4773

0.0265
0.1445
0.4838
0.2003
0.4984
0.0092
0.9673

4.83%
2.86%
0.10%
2.02%
0.01%
6.24%
4.55%

Individual views:
Alpha (Al)
Gamma1 (Ga1)
Beta (Be)
Gamma2
Theta
ERPs (E)
Engage

Classification accuracy of different EEG views

tion accuracy

0.65
0.60
0.55
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Physiological
28
0.5641

Al+E
Ga1+E
Al+Ga1+Be
Al+Ga1+E

25
26
25
28

0.5853
0.5792
0.5490
0.5545

findings:
<0.0001
<0.0001
<0.0001
0.0019
0.0005

12.82%
17.06%
15.83%
9.81%
10.89%

EEG views (All) predicted relevant and irrelevant terms for
an unseen participant significantly better than the random
baseline, and achieved a mean improvement of 8.30%.
Importance and influence of EEG views. The estimated kernel weights k of all learned classification models
using all seven views gave us a first indication of the imLocalization
Alpha
change
portance
of each of
EEG
view.
Alpha and Gamma1 have the
highest weights, then Beta, then Gamma2, Theta and ERPs,
and finally Engage. To study the influence of di↵erent views
on the classification accuracy, we built models for each view
separately. The corresponding results are shown in the lower
block of Table 2. These single-view runs indicated that none
of the individual views alone led to significant improvements.
However, we found that Alpha and ERPs showed good performances (0.52/4.83% and 0.53/6.24%, respectively), which
was in line with the kernel weights. Influenced by these results, we also computed classification models by combining
the best-performing views and the views with highest kernel
weights.
Grand
average of classification
the ERP in theresults
Pz channel
The
corresponding
with combined
Figure
3: Visualizations
of physiological
find
sets of views
are shown in the middle
block of Table 2. The
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Term-relevance prediction from brain signals
Table 4: Results of the high-precision classifier based on data fram all participants and all views. The
average top 5 terms are shown. The terms which are relevant according to the ground truth are in normal
font, irrelevant terms according to the ground truth are in italics. Note that, e.g., the irrelevant term “morse
code” in the topic “Iraq war” is predicted. A possible explanation is that brain signals associated with “morse
! High-precision
classifier
(pdetected
> 0.99):
code”
being relevant for this
topic were
even tough participants finally decided to judge the term
as irrelevant.
Count
Topic
Precision Recall Top 5 relevant terms
all relevant
Climate change and global warming 209
111
0.5238
0.0991 Snowmelt, Elevated CO2, Climate change,
hardware synchronization, sightseeing
Entrepreneurship

199

110

0.6897

0.1818

business risk, startup company, business creation, shopping, virtual relationships

Immigration integration

204

105

0.5238

0.1048

citizenship, ethnic diversity, xenophobia, arsonist, morse code

Intelligent Vehicles

185

109

0.8000

0.1101

pedestrian tracking, collision sensing, remote
driving, radar vision, arsonist

Iraq war

208

111

0.6296

0.1532

Saddam Hussein, US army, Tony Blair, morse
code, rock n roll

Precarious employment

204

106

0.5714

0.1132

minimum wage, employment regulation, job
instability, virtual relationships, video-games

Mean

202

109

0.6231

0.1270

6. HIGH-PRECISION TRPB

6.2 Results

In a practical information retrieval application that can
benefit from relevance prediction, the target is to detect true
positive examples of terms that represent user’s search intent [33]. In such applications, a classifier that trades recall
for the benefit of precision can be used to maximize user
experience. In
otherGrant
words,
a classifier
predicts a term as 18
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The results of the high-precision classifier in predicting
relevant terms are shown in Table 4. For each of the six
topics, we show the number of observations used in the prediction, precision, and recall achieved by the high-precision
classifier, and the terms predicted relevant by the classifier.
While
the overall
classification
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Summary

“MindSee is Information retrieval, BCI, machine
learning, neuroscience, affective computing and
more...”
from the MindSee Blog

!
!

For future developments and all our research
related to MindSee, visit http://www.mindsee.eu/!
For general questions, contact Giulio Jacucci,
giulio.jacucci@helsinki.fi.
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