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Abstract. This study focus on queries formulation strategies when expert users 

in a medical or computer science domain solved complex tasks. Ten medical 

students and ten computer science students had to perform four fact-finding 

search tasks (two simple tasks and two inferential tasks) and six learning tasks 

(two exploratory, two decision-making and two problem solving tasks) in these 

two domains. Results showed that non-experts used more terms from task 

statement to build their queries than experts did. Experts often produced new 

keywords than non-experts did. Specifically, computer science experts used 

more keywords not specific to the domain knowledge whereas medical experts 

used specific domain keywords to formulate queries. These results are a 

beginning to better understand how users are searching to learn when they are 

using Internet but further ergonomics studies have to more explore this subject 

to create search systems adapted to Search as Learning activity.  

Keywords: Search as Learning, Task Complexity, Expertise Domain, Query 

Strategies. 

1 Introduction 

When users are engaging in information search (IS) activity with a search engine, they 

are often faced with a lot of information they have to with regard to their objectives, 

prior knowledge to achieve their search goals. (Sharit, Taha, Berkowsky, Profita, & 

Czaja 2015). Recently, many researchers have emphasized the importance of 

improving current search systems in a learning context because users often pursue an 

overall objective of acquiring new knowledge (Gwizdka, Hansen, Hauff, He, & 

Kando, 2016). To develop systems that fit users’ learning objectives, it is important to 

consider user's individual characteristics involve in this activity. Among them, the 

level of prior domain knowledge play a central role. If many studies focused on the 

role of prior domain knowledge on IS (Monchaux, Amadieu, Chevalier, & Mariné, 



2015; Sanchiz et al., 2017a), in the Searching as Learning approach the impact of this 

variable need a better understanding specifically on users’ search behavior when they 

are solving complex learning tasks. To this end, in the present study, we focus on 

query formulation strategies with regard to the level of prior domain knowledge of 

users (i.e. experts vs non-experts) and the type of search tasks to be performed (fact-

finding vs learning tasks). First, we present related work concerning the information 

search activity, particularly concerning query formulations and the expertise effects. In 

the second part, we present the method used to study formulation strategies of users. 

Then the results are presented and we finish on the discussion with limits and the 

perspectives of further researches. 

 

2 Related work 

The cognitive model of IS initially developed by Sharit et al. (2015) describe IS into 

three main stages: 1. Planning: users have to build a mental representation of the 

search goal from task statement and their prior domain knowledge. 2. Evaluation of 

information: users have to compare their search goal stored in working memory with 

information from Search Engine Results Pages (SERPs). 3. Depth processing and 

navigation: From links selected just before, users access to information content (i.e. 

web pages, PDF...). They may decide to process information more precisely by 

comparing their goal with content or to navigate within several web pages. To plan the 

activity, to evaluate and to process information content, prior domain knowledge 

allows building a more consistent mental representation of the search problem, to be 

more relevant in the select of links from SERPs and for analyzing the web pages 

content (Sanchiz, Amadieu, & Chevalier, 2020). At the level of query formulation 

strategies during IS, expert users are more efficient than non-expert ones. They 

formulate more queries (Monchaux et al., 2015; Sanchiz et al., 2017a) and longer ones 

than non-experts do (Hembrooke, Granka, Gay, & Liddy, 2005; Tamine & Chouquet, 

2017). They also produce more new keywords (Monchaux et al., 2015 ; Sanchiz, 

Chevalier & Amadieu, 2017b) linked to domain vocabulary (Sanchiz et al., 2017a; 

Tamine & Chouquet, 2017; O'Brien, Kampen, Cole, & Brennan, 2020), than non-

experts,  who need to use the task statement to build their queries (Sanchiz et al., 

2017a, 2017b). This is a major problem for non-expert users because they have to get 

to relevant content to be able to learn new knowledge, but search engine results pages 

depend on queries content (Vakkari, 2016). In this way, the activity of search as 

learning should be more critical for users without prior domain knowledge because 

they do not have specific vocabulary to formulate queries allowing to get new 

information. 

In addition, the information search activity depends on characteristics of tasks to be 

performed. For instance, complexity of search task is often manipulated at the level of 

task goal (e.g., Monchaux et al., 2015; Sanchiz et al., 2017a, 2017b). For learning 

tasks, literature describes several complexity level. Firstly, the exploratory learning 

tasks, allowing users to gain knowledge about a topic (Marchionini, 2006). These tasks 



are open-ended because several sub-goals may be carried on by users. Then, there 

were decision-making tasks, in which the final goal is to select the better solution 

among several possibilities and make the better decision (Campbell, 1988). The sub 

goals consist to compare a set of information leading to decision-making. This task is 

also open-ended, because several answer are acceptable. To make choice, users have 

to define criteria related to the goal to be achieve with regard to their level of 

knowledge. Finally, there is problem-solving task, which needs the elaboration and the 

creation of a new set of information. Users have find the better path to achieve the 

goal, which is clearly specified (Campbell, 1988) and they have to re-use retrieved 

information.  

The objective of this study is to better understanding how users formulate queries 

depending on their level of prior domain knowledge according to the search and 

learning task complexity. 

 

2 Method 

 
2.1 Variables  

 

Independents variables. IV1-Prior domain knowledge level (experts vs non-experts) 

as between-subject factor. IV2-Task type (simple, exploratory learning, decision-

making, problem solving, inferential) as within-subject factor. IV3-Task domain 

(medical vs computer science) as within-subject factor.  

 

Dependents variables. All dependents variables were recorded per search session (i.e. 

to complete one task, user have to do one search session from the first query produced 

to the close of navigator).  

DV1a-Total number of new queries produced and DV1b-Query length: DV1a 

corresponds to the total number of new queries submitted to the search box. If user 

submitted the same query during his/her search session, only first production was 

computed. For DV1b, query length was calculated as a mean of all queries produced 

divided by all keywords produced per search session.  

DV2-Total number of keywords used from tasks corresponds to the total number of 

keywords used, which were terms contained in the task statement per search session.  

DV3a-Total number of new keywords produced by users from not specific 

vocabulary and DV3b-Total number of new keywords produced by users from specific 

vocabulary. DV3a corresponds to the total new keywords not related to medical or 

computer science domain produced by users per search session. DV3b corresponds to 

the total new keywords related to medical or computer science produced by users per 

search session.  

 

2.2 Participants 



Twenty participants performed the experience: ten in computer science (6 males, 4 

females) and ten in medical (5 males, 5 females). The age of participant was ranging 

from 20 to 32 years old (M= 24.6 SD= 3.3), for computer science (M= 23.8 SD= 3.2) 

and for medical (M= 25.4 SD= 3.4). All of them were students in master degree, five 

for computer science and two for medical, or were PhD students, five in computer 

science and 8 in medical. We selected students with similar level of information search 

to avoid its influences on information search activity (Sanchiz et al., 2020). We 

controlled this variable through pre-test online distributed from Qualtrics XM 

plateform, which contained a self-efficacy scale in information search (Rodon & 

Meyer, 2018). The total score was calculated from the ten items proposed with a 4-

point likert scale. There were no significant differences between two groups (t(18)= 

1.24, p > .05, computer science students (M= 33.5 SD= 5) and medical students (M= 

30.8 SD= 4.83). We also controlled the level of prior domain knowledge, through a 

self-report 5-point Likert scale of prior domain knowledge. There was a significant 

difference for the computer science knowledge self-report (t(18)= 5.5, p < .001), 

where computer science students reported to have higher knowledge (M= 4.2 SD= 

0.42) than medical students (M= 2 SD= 1.2). The reverse was obtained for medical 

knowledge (t(18)= -11.5, p < .001), for which medical students indicated to have 

higher knowledge (M= 4.2 SD= 0.6) than computer science students (M= 1.3 SD= 

0.5). Participants also had to complete a knowledge questionnaire in the two domains, 

with ten questions for each domain and 5 possible answers per question (one right, 

three wrongs and one "I do not know"). Concerning the computer science knowledge 

test (α= .94), computer science students obtained better score (M= 6.8 SD= 2.2) than 

medical students (M= 0.5 SD= 0.7) (t(18)= 8.8, p < .001). We also found a significant 

difference (t(18)= -12.1, p < .001) for the medical knowledge test (α= .84): medical 

students (M= 5 SD= 0.7) had better scores than computer science students (M= 0.5 

SD= 1). 

2.3 Procedure 

The study was in two stages. First, participants received a first mail containing a link 

to the pre-test online (i.e. demographic information, age, level and domain of studies, 

knowledge self-report scale, ten question tests, self-efficacy scale in information 

search). Participants had to sign a free and informed consent. Second, given COVID-

19 crisis, we scheduled an appointment with each participant to provide him/her the 

experimental material (i.e. general instructions, USB key containing the software for 

experiment that allowed retrieving logs during search session and the instructions with 

task statements). At the end of the experiment, all participants received a gift-card of 

15 euros. During search sessions, participants solved ten tasks: 4 fact-finding search 

tasks (i.e. simple task and inferential task in each domain, computer science and 

medical domain), and 6 learning search tasks (i.e. exploratory learning, decision-

making and problem solving task in each domain too). Some examples of task 

statements per domain are introduced in Table 1. 



Table 1. Examples of task statements per domain. 

Task type Examples of task statement 

Simple Medical - What is the value of severe hyponatremia? 

Exploratory Computer science - You want to learn more about "Big Data". 

Decision-making Medical - An 83-year-old woman had an unremitting stroke 5 

months ago. On the stroke assessment, atrial fibrillation was 

discovered. She has fallen 3 times in the last two months. Should 

anticoagulant treatment be started? After evaluating the risk-benefit 

ratio of starting anticoagulant treatment or not, select the management 

that seems best for you and justify your choices. 
Problem solving Computer science - As part of your job interview, you will be 

asked to create a resource that allows you to transcribe a text written 

in textos language into a text written in a well-trained language. With 

information collected on the internet, propose a general but precise 

methodology that shows your assets and motivates the employer to 

hire you. 

Inferential Medical - A very young person comes in for consultation and 

presents a sudden and transient onset dermatitis. By observing the 

lesions, we note the presence of papules. At the rest of the clinical 

examination, adenopathy are found. In your opinion, what does this 

patient suffer from? 

 

3 Results 

For each dependents variables, we performed an ANOVA (repeated measures) on 

three independents variables: 1. Prior domain knowledge level (experts vs non-

experts) as between-subject factor; 2. Task type (simple, exploratory learning, 

decision-making, problem solving, inferential) as within-subject factor; 3. Task 

domain (medical vs computer science) as within-subject factor. When ANOVA was 

significant, we performed Scheffe post-hoc. All results with means and standard 

deviations are presented below. 

Concerning the total number of new queries produced and their length, none 

significant effect appeared (ps > .05). 

For the number of keywords from task statement, the ANOVA was not significant 

for the expertise (p > .05) nor the interaction between expertise and the task type (p > 

.05). But, the ANOVA was significant for the interaction between expertise and task 

domain (F(1,18)= 37, p < .001, ηp
2= 0.70). Computer science experts used more 

keywords from the statement for medicine tasks (M= 4.3 SD= 3.1) than computer 

science tasks (M= 3.04 SD= 3.1) with p < .001. On the contrary, medical experts used 

more keywords from the statement for computer science tasks (M= 4.22 SD= 2.73) 

than medical tasks (M= 2.8 SD= 2.8) with p < .001. The interaction between expertise 

and task type and domain was significant (F(4,72)= 12.4, p < .001, ηp
2= 0.41). For 

decision-making tasks, medical experts used more keywords from statement in 

computer science (M= 7.4 SD= 2.8) than for medicine decision-task (M= 1.9 SD= 1), 

with p < .001. In addition, medicine experts used more keywords from statement in 



computer science than computer science experts (M= 3.8 SD= 2.44; p < .05). For the 

decision-making task in medicine, computer science experts used more keywords from 

the statement (M= 5.7 SD= 3.3) than medical experts (p < .001).  For problem solving 

task in medicine, experts in computer science (M= 8.3 SD= 3.43) and medicine (M= 

6.1 SD= 2.3) use more keywords from the statement than when solving the computer 

science task, with experts (M= 2.8 SD= 1.6) and medical experts (M= 2.8 SD= 0.8) 

using p <.001 for both comparisons. For the inferential task in computer science, 

medical experts used more keywords from the statement (M= 7.1 SD= 1.9) than they 

did for the inferential task in medicine (M= 2.6 SD= 1.6), with p < .001. 

For the number of not specific new keywords, the ANOVA did not reveal any 

significant effect of expertise, nor interaction between expertise and task type (p < 

.05). The ANOVA was significant for expertise × task domain interaction 

(F(1,18)=6.43, p < .05, ηp
2= 0.3): Computer science experts produced more not 

specific keywords (p = .001) in computer science tasks (M= 2.9 SD= 2.8) than in 

medical tasks (M= 1.12 SD= 2.8). They also produced more not specific keywords (p 

< .05) than medical experts did in computer science tasks (M= 1.5 SD= 1.8) and in 

medical tasks (M= 1.10 SD= 1.8) with, p < .05.  

For the interaction between expertise, type and domain, ANOVA indicated a 

significant effect (F(4,72)= 2.8, p < .05, ηp
2= 0.13). Post-hoc analysis showed that for 

inferential tasks only, computer science experts produced more not specific keywords 

(M= 5.6 SD= 3.53) than they did in the medicine task (M= 1.10 SD= 1), with p < .001. 

Finally, computer science experts produced more not specific keywords in the 

inferential computer science task than did medical experts in the inferential medicine 

task (M= 1.2 SD=1.5), with p < .001. 

Concerning the main effect of expertise on the number of specific keywords, the 

ANOVA was significant (F(1,18)= 7.11, p <.05, ηp
2= 0.30). Medical experts produced 

more specific keywords (M= 1.2 SD= 1.71) than computer science experts (M= 0.6 

SD= 1.21). The ANOVA was not significant for expertise × task type interaction (p > 

.05). The interaction between expertise and task domain was significant (F(1,18)= 

23.8, p < .001, ηp
2= 0.57): Medical experts formulated more specific domain keywords 

(p < .05) in medical tasks (M= 1.90 SD= 1.80) than computer science experts in their 

task domain (M= 0.80 SD= 1.20). They also formulated more (p < .001) than when 

solving computer science tasks (M= 0.54 SD= 1.71) and more (p < .001) than 

computer science experts completing medical tasks (M= 0.44 SD= 1.26).  

 

4 Discussion and perspectives 

The present experiment did not show any significant effect of expertise on number 

of queries and their length. In contrast, significant differences appeared concerning the 

keywords produced. Non-experts used more task statement words when these ones 

were not from their domain, whereas experts when solving tasks in their domain used 

fewer keywords from task statements. This effect was particularly true for decision-

making and inferential tasks. In addition, computer science experts tended to produce 



more not specific new keywords (i.e. common language) in computer science than in 

medical tasks. In contrast, medical experts tended to formulate more queries with more 

domain specific words related to a high vocabulary in medicine when solving tasks in 

medicine than the non-experts. Results showed that experts users translated easier 

learning task goals to others terms, whereas non-experts needed to rely on statements. 

However, the generation of new keywords tended to be more not specific in computer 

science and more specific in medicine. This difference may be explained by the fact 

that computer science vocabulary (e.g. software, programming…) are words fallen in 

the everyday language whereas medicine words are more specific to this domain. 

One main limit of this study is the sample size. Currently, we are retrieving more 

data from more participants in computer science and medicine. In addition, to study 

only query formulation strategies is not enough to understand relationships between 

search behavior and learning. To bring deepen result interpretations, we will analyze 

the relevance of the outcomes (answers) provided as well as variables from 

questionnaires completed before and after each tasks (e.g. expected and perceived 

difficulty, self-perception of answer quality). Finally, further studies should investigate 

the expertise domain on search abilities during search as learning. The aim is to link 

search and learning variables to determine difficulties experienced by no-experts users 

and how experts users do to perform better than no-experts users during complex 

learning tasks? These studies will allow proposing new web navigational supports for 

users who are searching complex information out of their domain of knowledge. 
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