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ABSTRACT 
The thesis of this position paper is that neuro-physiological (NP) 
signals can provide metrics useful in evaluating personalization in 
IR (EPIR). While it should be clear that NP signals provide 
personalized metrics, it is not clear which higher-level constructs 
should be considered in EPIR, and, thus, which specific NP 
measurements could be used. In addition to the "traditional" 
constructs reflected in measures that use result ranking and levels 
of information relevance, more recently investigated evaluation 
metrics include learning, emotions, affect and an overarching 
concept of user experience. I speculate on the usefulness of some 
of these higher-level constructs and on their measurement using 
NP methods and outline the main challenges.  
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1 INTRODUCTION AND MOTIVATION 
Neuro-physiological (NP) signals are by their nature personal; 
they reflect person's brain activity and physiological processes. 
These processes arise, in part, as a result of changes in cognitive 
and affective states of a person. Thus, at least in principle, these 
signals can be used to infer cognitive and affective reaction to and 
perception of information. NP signals can be collected using a 
range of different methods and tools. The most common include 
functional magnetic resonance imaging (fMRI), functional near-
infrared spectroscopy (fNIRS), electro-encephalography (EEG), 
galvanic skin response (GSR), and eye-tracking. Mostafa & 
Gwizdka argued in [30] for the use of NP evidence as the next 
frontier in interactive information retrieval (IIR) research. The use 
of NP measures can allow for a richer consideration of users and 
their interaction with information. NP measures can capture and 

help explain phenomena that are verbally not expressible and 
otherwise not observable. One other reason why NP measures are 
attractive is the possibility for collecting some of them 
unobtrusively. Not surprisingly, a number of measures derived 
from NP signals have been used in IIR. For example, detected by 
fMRI changes in activation of brain regions in a response to 
relevance levels [20, 28], and information need [29]; detected by 
EEG changes in brainwave frequencies in response to search 
result relevance [34]; changes in eye movement, fixation duration 
and pupil dilation in relation to relevance levels [19]; changes in 
reading eye movements in relation to searchers' interest [2, 10]. 
While these measures were not necessarily used in the context of 
evaluation, I suggest that since these and other NP measures are 
personalized they could be useful in evaluating personalization in 
IR (EPIR). Before discussing them, however, we need to take a 
step back. While it should be clear that NP signals provide 
personalized metrics, it is less clear which higher-level constructs 
should be considered in EPIR, and, thus, which specific NP 
measurements could be used. Therefore, the first challenge is to 
select higher-level constructs to use in EPIR, the second is to map 
the higher-level constructs onto NP measures. In this position 
paper, I speculate on the usefulness of some of the higher-level 
constructs and illustrate their measurement using NP methods. My 
goal is to briefly discuss pertinent aspects of each construct, rather 
than discussing them in depth. The illustrative NP measures and 
supporting citations to prior work will be, in the short space of 
this paper, rather selective.  

2 EVALUATION CONSTRUCTS AND NP-
METRICS 
I suggest and review a few higher-level constructs from the 
perspective of their potential for use in EPIR and outline their 
established, or prospective, NP measures.  

2.1 Relevance 
The notion of relevance is present in most, if not all, "traditional" 
system and user-centered IR evaluation measures. Measures 
which involve precision, recall or some aspect of ranking (e.g., 
MAP@N) are based on the concept of document relevance, on 
counting relevant documents in combination with their presence 
(or absence) or with their position on the list of retrieved 
documents. In the context of personalized IR, it is reasonable to 
suggest that we focus on relevance as a relationship between 
information objects and some aspects of information need [8, 23, 
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35] and, on perceived relevance. Perceived relevance is user-
centered and (potentially) expressed as multiple aspects of 
relevance in relation to the person's information need and her/his 
cognitive and affective state. These aspects can be articulated as, 
for example, three of the five manifestations of relevance 
described by Saracevic [33]: Cognitive relevance or Pertinence, 
Motivational/Affective relevance, and Situational relevance or 
Utility. Each of these relevance components reflects an aspect of 
perceived relevance and thus should be considered in EPIR.  

The importance of relevance in IIR is reflected in significant 
interest in inferring relevance from NP measures (e.g., [1–4, 19, 
20, 24, 28, 32]). Not surprisingly, many of these research projects 
focused on incorporating NP measures to improve retrieval (e.g., 
[6, 9, 17, 18]). Given this applied interest, NP measures of 
relevance published thus far are correlates of "relevance". It is not 
clear yet what are the underlying cognitive or affective processes, 
and, thus, why we observe these relationships. Are we, for 
example, observing decision making (relevance decision), or 
searcher's satisfaction from (a part of) information need?  

Plausibly, each of the relevance manifestations is reflected in a 
different NP measure or in their interaction. Investigations which 
separate manifestations of relevance are very scarce. [6] is an 
example where thoughtful experimental design was used to 
separate measurement of cognitive relevance and affective 
relevance. More studies of relevance and NP measures with 
careful experimental design are needed.  

2.2 Learning 
Learning is a good candidate for evaluation construct, since it can 
be considered as a potential larger goal a person wants to achieve 
by interacting with a search system. Learning takes place at many 
levels, from learning a new word [25] to learning new subject. We 
observe recent interest in our research community in learning in 
the context of search. This interest has led to several international 
workshops and two special issues [16, 21] in well-regarded 
journals.  

The majority of IIR research thus far considered observable 
search behaviors as indicators of learning (e.g., [14]). In cognate 
research areas, eye-tracking data has been used in reading 
research to predict comprehension [7, 15, 36], and in education to 
predict learners' performance [11, 12]. Mapping of learning onto 
NP measures on IIR tasks is still under-researched. One example 
includes [13], where differences between domain knowledge 
levels were found in eye-tracking data.  

2.3  User Experience and Affect 
User Experience (UX) seems another good candidate construct, 
albeit one that is multi-dimensional (like relevance) and may be 
difficult to precisely define. ISO defines UX (quoted after O'Brien 
[31]): "a person’s perceptions and responses that result from the 
use or anticipated use of a product, system or service". A 
definition from an HCI textbook: "User experience is the totality 
of the effect or effects felt (experienced) internally by a user as a 
result of interaction with, and the usage context of, a system, 
device, or product" [22]. The important components of user 

experience that have been historically under-considered in IIR but 
have received more focused interest in last decade [26] are affect 
and emotional reactions. These constructs should be of interest to 
EPIR for two reasons. First, they help to assess whether PIR 
makes searchers "happy". Second, they tap into one of the 
relevance manifestations – the Motivational/Affective relevance.  

On IIR tasks, affect has been measured, for example, using 
galvanic skin response  [6] as well as a combination of facial 
expressions, heart-rate variability, and galvanic skin response [5, 
27]. 

3 CHALLENGES 
The two grand challenges are to select higher-level constructs for 
EPIR and map them onto NP measures. The multi-dimensionality 
of constructs makes the mapping particularly challenging. 
Furthermore, one of the main benefits of NP measures, their 
"personal nature", makes their scales and also mappings 
(potentially) specific to a person. For example, [9] showed that 
scales of eye-tracking measures need to be "personalized" to 
improve relevance classification, while [37] applied similar 
procedure to EEG signals. The individual differences in mappings 
of constructs onto NP measures have not been addressed in IIR 
thus far. Their potential existence points to the need for 
introducing a "calibration" phase in interactive IR systems, 
whereby NP measures would be selected separately for each 
system user.  

4 CONCLUSIONS 
My aim in this position paper was to draw attention to 
personalized-by-definition NP measures as a potentially 
interesting and useful source of evidence for EPIR. In doing so, I 
outlined some possibilities and challenges associated with them. I 
believe that the use of NP measures offers a fruitful avenue in PIR, 
and that there is a lot of interesting work ahead of us on this path.  
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