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Humans vary in their learning behaviour. It is difficult to predict the actual needs of learners through their search activity. It is also difficult to predict accurately the level of satisfaction after the learner finds a perceived relevant document. This research is a preliminary study to examine the predictive strength of some implicit indicators on web documents. An automated study was carried out and 13 participants were given 15 short documents to read and rate according to their perception of relevance to a given topic area. An investigation was carried out to examine if there exists a correlation between user generated implicit indicators and the explicit ratings. The findings show that there is a positive correlation between the dwell time and user explicit ratings. Although there was no significant correlation between mouse movement/distance and user explicit rating, there was a relationship between the homogeneous clusters of the implicit indicators and the user ratings.

Introduction

Information is constantly increasing on the internet leading to information overload.

The process of accessing relevant information is not only difficult and time consuming but also cognitively demanding [START_REF] Brusilovsky | Preface to special issue on user modeling for Web information retrieval[END_REF]. In order to support users in their search activities, search engine optimisation is required [START_REF] Grzywaczewski | Task-Specific Information Retrieval Systems for Software Engineers[END_REF]. Implicit feedback and explicit feedback are broadly used to achieve this [START_REF] Grzywaczewski | Task-Specific Information Retrieval Systems for Software Engineers[END_REF]. Both approaches focus on understanding users' behaviour and interest. In order for users to have recommended information based on their interest, a system must rate every actions of the user. In explicit feedback approach, the most common rating criterion is explicit rating -where users suggest to the system what they think about a given document or information [START_REF] Claypool | Implicit interest indicators[END_REF]. Predicting users' interest explicitly can be done by users' preference information [START_REF] Takano | An adaptive personalized recommender based on web-browsing behavior learning[END_REF]. Although explicit rating is said to be the most consistent approach in information retrieval, however, its limitation is that it can alter reading and browsing patterns [START_REF] Claypool | Implicit interest indicators[END_REF]. The implicit approach is therefore more feasible and objective measure. Implicit feedback systems understand the users' interest through the user behaviour. This saves the user the cost of providing feedback [START_REF] Zhang | Survey of user behaviors as implicit feedback[END_REF]. If the implementation of an implicit feedback system is successful, it can be as good as explicit feedback. The advantages of implicit feedback over explicit feedback include:

─ Large amount of data can be gathered with no extra cost to the searcher. ─ The interaction between a user and the system can be captured at any time. ─ With implicit feedback, users need not examine and rate items.

The adaptive engine of most feedback systems uses server-side data like page visited and link selected as its source of implicit data. The challenge in this approach is that the relevancy of a document to be recommended is simply judged by user visit and not by his/her interest on the documents. Client-side or browser approach to data (key, mouse and dwell time) collection provides an efficient alternative for accurately predicting relevant web documents [START_REF] Hauger | Using browser interaction data to determine page reading behavior[END_REF]. The aim of interpreting this usage data is to predict user's perceived relevance of a document [START_REF] Buscher | Segment-level display time as implicit feedback: A comparison to eye tracking[END_REF]. Client-side data have become common due to the fact that most browsers use JavaScript as their common technology. Claypool et al. [START_REF] Claypool | Implicit interest indicators[END_REF] used "The Curious Browser" to examine promising implicit indicators that can predict relevant web documents. They found out that time spent on a page is a good indicator that signifies user's interest on a page. Kim et al [START_REF] Kim | Implicit indicators for interesting Web pages[END_REF] also supported this assertion with a focus on user active time on a page and they added that duration on a page is closely related to user's interest. The concept of contextualization was not examined by [START_REF] Claypool | Implicit interest indicators[END_REF][START_REF] Kim | Implicit indicators for interesting Web pages[END_REF].

In this work, we attempt to examine and correlate some implicit indicators with user explicit ratings based on 15 web documents. We juxtaposed user's interaction on 15 web documents and their explicit ratings of how relevant the documents are to the specific task. We used mouse activity and dwell time to represent the user's interest.

The remaining part of the paper is organized as follows: Section 2 presents a review of related work. Section 3 describes in detail the implicit indicators studied. Section 4 is on the approach used for the study. Section 5 presents and analyse the results. Section 6 is the discussion. Section 7 is the conclusion and future work.

Related work

Morita and Shinoda [START_REF] Morita | Information Filtering Based on User Behaviour Analysis and Best MatchText Retrieval[END_REF] used implicit approach to transparently capture data. They investigated if the time a reader spends reading Usenet news article can be an important source for measuring relevance. They infer that the longer a user spends reading an article, the more interesting it is to the user. Nichols [START_REF] Nichols | Implicit Rating and Filtering[END_REF] discussed the benefits of implicit feedback and he listed some behavioural characteristics that can be used as a source for implicit feedback. He however did not conduct any experiment to examine and validate the efficacy of the implicit indicators listed. Oard et al [START_REF] Oard | Implicit feedback for recommender systems[END_REF] studied how implicit indicators can be used in place of explicit ratings for a recommender system. They centred their observation on three broad categories of retention, examination and reference as useful criteria for making prediction. They also found that reading time is a good indicator for measuring relevance. This assertion was affirmed by [START_REF] Huai | Study on ontology-based personalized user modeling techniques in intelligent information retrievals[END_REF][START_REF] Kellar | Effect of task on time spent reading as an implicit measure of interest[END_REF][START_REF] Zhang | Survey of user behaviors as implicit feedback[END_REF]. Claypool et al. [START_REF] Claypool | Implicit interest indicators[END_REF] studied the relationship that exists between different implicit ratings and explicit ratings on a particular webpage. They developed a web browser ("The Curious Browser") to capture the following implicit indicators: mouse move-ment, mouse click, scrolling and the time spent on a particular page. The main goal of their study was to collect some implicit indicators that are promising. They found out that although time spent on a particular webpage is a good indicator to predict user interest, a combination of time and scrolling activity gave a better prediction. Joachims [START_REF] Joachims | Optimizing search engines using clickthrough data[END_REF] study focused on the use of click through as an implicit indicator for measuring relevance. They found out that click through closely follows relevant judgment and can use Ranked SVM algorithm to learn a ranking function. These studies [START_REF] Claypool | Implicit interest indicators[END_REF], [START_REF] Joachims | Optimizing search engines using clickthrough data[END_REF] argues that click through by itself is not a significant indicator to measure user interest.

Kim and Chan [START_REF] Kim | Implicit indicators for interesting Web pages[END_REF] used experimental measures to examine [START_REF] Nichols | Implicit Rating and Filtering[END_REF] list of promising indicators. Their focus was to know whether the time spent on a page signifies relevance. 11 students' behavioural characteristics were captured as they search the internet for 2 hours. Their findings suggest that the dwell time and distance of mouse movement are more reliable in predicting user interest than other indicators examined.

Buscher et al [START_REF] Buscher | Attentive Documents: Eye Tracking as Implicit Feedback for Information Retrieval and Beyond[END_REF] examined the correlation between user reading behaviour and user explicit judgment. In the experimentation, participants were given 16 documents to read and rank them in relation to a given task area. An eye tracker was used to measure users' gaze traces on each of the documents. They found out that readers are induced in some way to documents that are of topical relevance. This research is somewhat similar to that of [START_REF] Buscher | Attentive Documents: Eye Tracking as Implicit Feedback for Information Retrieval and Beyond[END_REF]. It however captures user's interest through mouse activity and dwell time.

Implicit feedback indicators

In this study, a number of implicit indicators were used to capture participant's interest on the given web documents. The implicit behaviour captured by the automated software includes:

 Active Time Spent on the Document (TS)

Since users can open multiple browsers and run several applications, it is imperative to note that the active time on a particular window is the period at which the window or web document is in focus. The Active Time Spent (TS) also called Dwell time is the accumulated time spent by a user on an active page during browsing. It starts counting immediately the page is open and stops when focus is moved away from the page or when the page is closed.

Hypothesis

The more the time the page is active, the more it is interesting, informative and of topical relevance [START_REF] Brusilovsky | Preface to special issue on user modeling for Web information retrieval[END_REF], [START_REF] Claypool | Implicit interest indicators[END_REF], [START_REF] Guo | Beyond dwell time: Estimating document relevance from cursor movements and other post-click searcher behavior[END_REF], [START_REF] Kellar | Effect of task on time spent reading as an implicit measure of interest[END_REF][START_REF] Kim | Implicit indicators for interesting Web pages[END_REF][START_REF] Lee | A time-based approach to effective recommender systems using implicit feedback[END_REF][START_REF] Morita | Information Filtering Based on User Behaviour Analysis and Best MatchText Retrieval[END_REF], [START_REF] Zhu | User interest modeling based on access behavior and its application in personalized information retrieval[END_REF]. Display time can be used as a substitute for eye tracker for a sophisticated feedback mechanism [START_REF] Buscher | Segment-level display time as implicit feedback: A comparison to eye tracking[END_REF].

Mouse Activities

Most people move the mouse when they read a web document. A user may move the mouse more frequently when viewing a document of interest. The mouse activities are captured only when the current document is in focus. When a user views another application or documents that are not related to the task, the mouse activities are not captured.

 Distance of Mouse Movement (DMM)

The distance of mouse movement is calculated by its x and y coordinates on the monitor. The formula is given as:

DMM = ∑ √ (1) 
Where x and y are the mouse location along the x and y coordinates of the monitor screen.

Hypothesis

The more the distance the mouse move, the more interesting is the page to the user [START_REF] Claypool | Implicit interest indicators[END_REF], [START_REF] Jung | Modeling web user interest with implicit indicators[END_REF], [START_REF] Kim | Implicit indicators for interesting Web pages[END_REF], [START_REF] Zemirli | WebCap: Inferring the user's interests based on a real-time implicit feedback[END_REF].

 Total Mouse Movement (TMM)

This is the total mouse movement calculated by its x and y coordinates on the monitor. count increment as the mouse hovers on the document.

Hypothesis

The more the mouse hovers on a page, the more interesting the page. Cursor movement complements dwell time information [START_REF] Guo | Beyond dwell time: Estimating document relevance from cursor movements and other post-click searcher behavior[END_REF].

 Total Mouse Velocity (TMV)

This is the total speed covered by the mouse on the monitor. It is given as:

TMV = ∑ √ (2) 
Where x and y are the mouse location along the x and y coordinates. And t is the time of the mouse distance in an interval of 100ms.

Hypothesis

When the mouse speed is low, it shows that the reader is actually reading the document and not skimming it. Therefore, the more the mouse speed the less the user's interest on the page. Cursor movement and cursor speed especially along the vertical axis of a Search Engine Result Page are good predictive indicators of document relevance [START_REF] Guo | Beyond dwell time: Estimating document relevance from cursor movements and other post-click searcher behavior[END_REF].

 Explicit Ratings (ER)

This is the actual user judgement of the visited documents. The buttons for explicit rating was attached on top of each document on a 0 to 5 rating scale. After reading a web document, the user rated the document according to his/her interest and topical relevance.

Study design

The main aim of the study was to capture participant's interest on web documents via some implicit indicators and to correlate the user's interest against their explicit ratings of the given documents. The participants were 4 PhD students, 1 Research assistant, 6 MSc students and 2 undergraduate students. Data for this research was collected by our own automated software developed with JavaScript. The software was injected in 15 web documents to record users' mouse activity, dwell time and explicit rating. Participants were given a task brief to read and a consent form to complete, after which they were allowed to perform the experiment at their convenient time.

They were to login into a website containing links to the 15 web documents and read the documents. The implicit data was captured unobtrusively as the participants read through the documents and then sent to MySQL database when they rated the document by clicking on any of the buttons on the rating scale as shown in fig 2 . The task ended after the participants read rated the 15 documents. Step to step schema of the task process

User task

The same task was given to all the participants. They were asked to prepare a presentation on the topic -Ethical issues in Big Data. We provided them with 15 documents of equal length containing 350 words with a font size of 20px and a font type of Arial, making the documents one screen view. The documents were created from web articles on ethical issues in Big Data. Two of the documents were however not related to the topic. The participants were asked to read each of the 15 documents and rate them according to how relevant the documents are to the task related topic. The rating was on a scale of 0 -5. Six buttons were attached on top of the documents and labelled 0 to 5 for explicit rating of the documents: The experiment was given a realistic feel by creating a second phase of the task which we called the presentation writing phase. The participants were told that documents will be presented to them according to how they rated them for later use in the presentation writing phase. To avoid Hawthorne effect (the alteration of behaviour by the subjects of a study due to their awareness of being observed), participants were told to do the experiment when and where they are most comfortable. The participants did not actually perform the second phase of the experiment (the presentation writing phase). Fig. 2 shows the user interface of the automated software.

Results

This section analyses the data collected from the participants. The analysis is as follows:

Implicit/Explicit Relationship

Each of the participant's data was analysed separately and as a group. Pearson Correlation Coefficient was used to correlate the parameters of active time, total mouse distance, average mouse velocity, total mouse movement along the x and y axis with user explicit rating. We obtain a correlation coefficient of 0.21 between the user rating and the dwell time. We then ranked the implicit indicators by their predictive strength, using stepwise linear regression to obtain the most promising predictive indicators. The indictors that showed much prominence in relation to the explicit ratings were the dwell time and mouse movement along the x-axis. The result from the experiment shows a positive correlation between the explicit rating and the dwell time. The dwell time also has a positive correlation with the mouse movement/mouse distance. Fig. 3 shows a Box plot of varying median of the user explicit rating and the dwell time of the participants, and it shows that the values of the ratings for 3 and 4 is the most consistent. The inconsistencies in the other values might be due to noise in the data. The Kruskal-Wallis test on the median for each of the explicit ratings rejected the null hypothesis, meaning that the median values are not the same. We also found out that although users vary in their reading behaviour, some of them have similar behavioural pattern. We analysed the first two participants' data separately to find out the extent of individual differences. We discovered that they have a relatively similar pattern in dwell time and mouse activity on the documents visited as shown in Fig. 4. In order to regroup the user ratings, the five levels of ratings were then reduced into two levels -Relevant and Non-relevant. The user ratings from 0 to 2 were merged together and represented as 0 (Non-relevant) while the ratings from 3 to 5 were represented as 1 (Relevant). A Multilayer Perceptron was used to conduct further analysis on the primary data set (mouse movement along the x and y axis, dwell time and mouse velocity time count) to predict relevant and non-relevant user rating. We obtained a 65% successful mapping with the user ratings after testing the trained data set. Table 1 shows the training and testing of the observed samples. 

Discussion

The most promising indicator in the measure of perceived relevance is the active time.

Participants spent more time on documents perceived to be of topical relevance. We also found some individual behavioural differences among the participants while reading. The correlation of mouse activity with the explicit rating is relative low probably because of the length of the documents which were of 350 words and could be mostly viewed on screen at once. There is however evidence of a positive relationship between dwell time and explicit user rating. This conclusion is in line with previous research conducted in relation to implicit feedback [START_REF] Akuma | Investigating the Effect of Implicit Browsing Behaviour on Students' Performance in a Task Specific Context[END_REF], [START_REF] Kellar | Effect of task on time spent reading as an implicit measure of interest[END_REF][START_REF] Kim | Implicit indicators for interesting Web pages[END_REF][START_REF] Lee | A time-based approach to effective recommender systems using implicit feedback[END_REF][START_REF] Morita | Information Filtering Based on User Behaviour Analysis and Best MatchText Retrieval[END_REF], [START_REF] Núñez-Valdéz | Implicit feedback techniques on recommender systems applied to electronic books[END_REF], [START_REF] Zhu | User interest modeling based on access behavior and its application in personalized information retrieval[END_REF]. The mouse distance/ movement are closely related to the dwell time. We can substitute in some way the dwell time by mouse movement or mouse distance in an implicit system. We can also infer that learners dwell more on documents that are of topical importance and interest to their current activity. The effect of the concept of prior knowledge and cognition on the reader's behaviour was not examined. We assumed that the selected participants barely had knowledge of the task domain. We also observed some individual behavioural differences among the participants. To examine the variety in reading behaviour, we took a closer look at the data for two of the participants (Participants 1&2) and we discovered some level of similarity in their behaviour in terms of dwell time and mouse activity.

Multilayer Perceptron was used to further analyse the primary data set, with user rating as the dependent variable. We obtained a fair result of 65% mapping after training the data set. This suggests a relationship between the user behaviour and their explicit ratings.

Since the experiment was not closely monitored in a controlled environment, we did not get a significant correlation between the user ratings and the mouse activities as hypothesized; we suspect that some of the participants did not follow the instructions carefully as stipulated for the task. This probably added some noise to the data collected.

Conclusion and future work

Implicit data can be used to predict user's interest on a web documents. When users give explicit feedback, it affects their normal reading or browsing pattern [START_REF] Claypool | Implicit interest indicators[END_REF]. Implicit methods are a cost effective and objective approach of rating user's interest. This study shows that dwell time on a document is influenced by user perceived relevance and topicality. We also found a relationship between homogenous clusters of user reading behaviour and their explicit ratings.

The next phase of this research is to develop an add-on that will implicitly capture user data on the web as they browse. Additional implicit indicators like copy and paste [START_REF] Grzywaczewski | Task-Specific Information Retrieval Systems for Software Engineers[END_REF], amount of scroll and keystroke will be examined. The data analysis will be centred on aggregating the most promising indicators and developing a model for effective personalization of relevant documents to learners based on their interest. The effect of document familiarity will also be examined.
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