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Abstract. Various smart devices provide fast response time and ubiquitous 
web-environment to users for better user experiences (UXs). However, high 
device performance that users perceive is not always promised because there 
should be limited network bandwidth, and computation capabilities. When the 
network and computation capabilities are overloaded, users experience buf-
fering and loading time to accomplish a certain task. We, therefore, propose 
data preloading technique [1], which predicts user intention and preloads the 
web and local application data to provide better device performance in spite 
of poor network conditions and outdated hardware. We also design intention 
cognitive model to predict user intention precisely. Four user intention  
prediction algorithms, which are applicable to various conventional input  
methods, are described and compared each performance in both user’s and 
device’s aspects. 

Keywords: Preloading algorithm, intention prediction, hovering state, input  
device.  

1 Introduction 

Technology has been dramatically developed for a few years to realize the ubiquitous 
computing environment. Hardware and software technology have been developed for 
the better performance but they are not so systemically connected to each other that 
the usability of the smart devices is limited to their network conditions and hardware 
capabilities. For example, when a user wants to watch a web video clip with a smart-
phone, the response time is highly dependent on the network environment and the 
processing power of user’s device. Although the various user interface technologies 
are proposed for the users, they are not able to overcome the limitations of the net-
work conditions and hardware capabilities in these days. Three related key techniques 
are described at next chapter as follows: (i) research developing new interaction  
methods with hovering state using various input devices, (ii) prefetching and prepro-
cessing studies to shorten web-latency, (iii) predicting user intention using the cursor 
movement. 
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2 Related Works 

2.1 Interaction Methods in the Hovering State 

As touchscreen-based smartphones and tablet PCs become popular and are commonly 
used, not only the touch screen but also various types of input devices, e.g. digitizer, 
stylus pen, are commonly embedded in the smart devices. These input devices  
provide rich user experiences (UXs) with a variety of developers’ ideas. Especially, 
gesture interaction technology leads this trend by tracking the hovering state of users’ 
fingers and stylus. Some researchers propose the 3-D interaction technology using 
cameras [5], IR sensors [3][4], light sources [6], electromagnetically induced type 
device [7][8], etc. However, most of them focus on GUI (Graphical User Interface) 
effects not predicting the user intention and consider only one input method, which is 
not compatible to the other input methods. These researches are limited to tangible 
interface technology, which provide the intuitive interaction method. 

2.2 Prefetching and Preloading Research 

Prefetching is now a common technology for web applications. It downloads the  
web page that is likely to be accessed in the near future depending on some criteria 
[9-11]. Furthermore, the prefetching is an effective way to improve perceived perfor-
mance and user experience especially in the mobile environment [12]. Preprocessing 
and pre-rendering are similar concepts to the prefetching in that they carry out some 
tasks prior to receiving the real input or requests. We integrate these concepts to  
the preloading concept, as we do not confine our data preloading technique in a  
certain application area. The data preloading technique can be adapted to prefetch 
web-data, pre-rendering image data and pre-do something when there is a detectable 
hovering state. 

Most of prefetching and preloading researches analyze DOM (Document Object 
Model) [18] with the past log data of the users’ queries. These query data is so origi-
nated from only for keyboards that compatibility of the preloading applications  
are confined to specific area. However, as already mentioned, the input devices are 
getting more various, the preloading interface should sufficiently be needed to be 
studied for these input devices. Others [13][14] suggested web prefetching method 
only using the mouse direction, but this method lacks behavioral analysis to predict 
user intention. 

3 Intention Prediction Model 

3.1 Data Preloading User Interface 

The conventional loading method loads the web (or local) application data right  
after the input signal from the user, because there is no intention prediction step. 
However, the data preloading technique predicts the user intention and preloads the 
web and local application data for providing a better device performance to mitigate 
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the network conditions and hardware capabilities. Fig. 1 illustrates how the data pre-
loading technique and the conventional loading method are different and shows that 
each method works sequentially according to the user input action. A server starts to 
transfer the web application data to the device (or the device starts to process the local 
application data) when the target area of the web content is likely to be touched or 
clicked. When a user performs the touch or click action, a screen of the device just 
displays the preloaded data. It is theoretically obvious that the data preloading tech-
nique can shorten the response time and accomplish the better user experience. 

 

 

Fig. 1. Comparison between proposed method and conventional interface 

For more widely acceptable application to existing consumer electronics, we pro-
pose two types of data preloading technique for providing rich experiences to users. 
The first type is data preloading technique for indirect control which enables to per-
form the general pointing tasks with indirect input method [2], e.g. mouse and track-
pad, in PC and laptop environment. The second type is data preloading technique for 
direct control [2], which is specialized for direct input methods such as touch screen 
with IR sensor [3][4] and electromagnetic induction type digitizer that enable to track 
the “hovering state” of finger or digitizer. 

3.2 Intention Cognitive Model  

Intention Metaphor. We design intention cognitive model of user as shown in Fig. 2. 
The intention model consists of three elements: a user, a device and user interface. 
Then the user interface is divided into three layers: user layer, intention layer and 
prediction layer. When a user interacts with a certain device, the user passes the cog-
nitive process to provide input action at the user layer. After the cognitive process, the 
actual input is provided to the device with input device (ID). The input device is a 
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kind of bridge which connects the user and device. At this point of view, we can as-
sume that the input device is a metaphor of user intention. Thus, we can comprehend 
the user intention by analyzing the input device movement at the prediction layer. 
Task analysis module tracks the input device for collecting appropriate data such as 
coordinates and time. Prediction module receives dataset of input device and identi-
fies the user intention. With the results of prediction module, preloading module 
makes decision and gives an order to the device before the actual input is provided. 

 

Fig. 2. User intention model 

With the input device as a metaphor of user intention, we assume two basic hypo-
theses as follows: 

• H1. The position of the pointer indicates the intention of the user. 
• H2. The closer between the position of the pointer and the target, the stronger in-

tention to click (or touch). 

The first hypothesis is based on the human motor theory after the visual input [15-17]. 
The movement of the pointer to the target means execution of cognitive decision. It is 
also obvious that the position of the pointer tends to be almost physically corresponded to 
the target right before the real input action such as the second hypothesis.  

Table 1. Data preloading technique categorization 

Input Methods Characteristics 

Indirect Control 
• Continuous trajectory 
• Almost PC devices (High Spec) 
• Applicable to threshold –based and machine learning algorithms 

Direct Control 
• Discontinuous Trajectory 
• Almost mobile devices (Low Spec) 
• Only applicable to threshold-based algorithms 
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Analysis of Input Data. After designing intention cognitive model, we analyze  
characteristics of two data preloading techniques and apply to task analysis module. 
Table 1 demonstrates crucial characteristics which should be considered to develop 
user intention prediction algorithms. Data preloading for indirect control can employ 
various machine learning ad pattern recognition algorithm because indirect input de-
vice is always in trackable state with continuous trajectory. Moreover, the indirect 
input methods are usually attached high computing power device, such as desktop 
PCs, it is affordable to compute heavy algorithms. On the other hand, as the direct 
input devices have discrete trajectory and are usually equipped with mobile devices, it 
is hard to apply machine learning and pattern recognition algorithms. We, therefore, 
develop and propose threshold-based universal intention prediction algorithms and 
indirect-specialized intention prediction algorithm according to our hypotheses. 

3.3 Intention Prediction Algorithm 

We propose five types of novel prediction algorithms based on the two basic hypo-
theses and compare each of them to suggest which method is appropriate in a certain 
circumstance as shown in Table 2.  

Table 2. User Intention prediction algorithms 

Name Operation Type 

Preloading All (PA) Preloads all targets below the pointer. Universal 

Time-threshold  
Prediction (TT) 

Preloads when a pointer stays on a target for 
a certain period more than threshold time. 

Universal 

Velocity-threshold  
Prediction (VT) 

Preloads when a pointer is on a target with  
a certain velocity under threshold. 

Universal 

Distance-threshold  
Prediction (DT) 

Preloads when distance between a target and 
a pointer is smaller than threshold. 

Universal 

Temporal Prediction (TP) Prelaods using Neural Network. For indirect 

 
The PA is a reference method, which always preloads data when a pointer passes 

through the targets. There is no consideration for computational load and battery life 
of devices because it is always running at the background process. The TT, VT, and 
DT preload the target below the pointer when the pointer exceeds a certain pre-
determined time, velocity and distance threshold. The threshold is determined by 
mean values of pointing devices’ past movement data right before the input requests. 
These methods totally follow H1, which the position of the pointer reveals intention 
of a user, and are designed for universal that are independent to input method types. 
The TP detects expecting click time when the real input is likely to be provided by the 
user and fires a preloader which is a container for downloading data. This algorithm is 
employed with neural network algorithm based on already tracked continuous posi-
tion data of the pointer while using indirect input device, so that it is only for indirect 
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control. We develop the TP by extracting two features from tracked continuous data 
of indirect control: 1) Average velocity of the pointer, and 2) Instant velocity of the 
pointer. The average velocity is computed by total movement distance divided by an 
interval from an input to next input signal. The instant velocity is the velocity when 
mouse-event occurs. With these two features, a neural network algorithm is trained 
and finds optimized weights to predict the temporal state when the input signal is 
likely to be provided.  

4 Evaluation of Proposed Model 

4.1 Prototype Development 

We implement web multimedia application [19] which preloads video player and mul-
timedia streaming data as a prototype as shown in Fig. 3. The multimedia web applica-
tion, e.g. Youtube, is the most dependent application on the network capability or the 
hardware specification. Many international users who use these multimedia web-
services experience buffering state from a few seconds to minutes every day especially 
on their mobile devices. We, therefore, prototype the multimedia web application 
which is the most appropriate one to show the effectiveness of data preloading tech-
nique. The prototype is developed with javascript for securing OS compatibilities and 
using mouse-event function API. Samsung Electronics’ LC-BX2440AFDKR 24 inches 
monitor which has 1920X1080 pixels and Chrome web browser have been employed 
to collect the data and experiment. Samsung Electronics Slate Tablet PC, which has 
intel core i5, 11.6 inches display and an electromagnetic-induced digitizer, are used for 
data preloading technique for direct control.  

 

 

Fig. 3. Prototype by proposed algorithm 
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4.2 Experimental Design 

We have collected 24 participants (18 males and 6 females), who have average 27.5 
years old, when they are using mouse and a digitizer at a prototype website. The 
YouTube-like prototype website is consisted of various video contents. Fig.3. illu-
strates the layout of prototype website. The video contents lists are placed at the left-
side and the video plays at the right-side of the website. The users randomly click (or 
touch) the video in the list and watch them from about 5 minutes to 10 minutes. 

Then we preform three kinds of experiments to each preloading algorithm to eva-
luate the effectiveness of data preloading technique as follows:  

• Hit-ratio: Measures whether the preloaded data in a preloader is selected by actual 
input action of a user. 

• Availability: Number of preloading commands during click-to-click interval. 
• Response Time: Duration from clicking a video target to playing the video con-

tents. 

With these three experiments, we validate which preloading algorithm is appropri-
ate to the indirect and direct input control compared with Without Preloading (WP). 

5 Results 

The experimental results are shown in Table 2 and Table 3. Hit-ratio measures wheth-
er the preloaded data in a preloader is selected by actual input action of the user. If 
preloaded data is not selected to play, the preloading command misses the intention 
prediction. Of course, as TT, VT, DT and PA are pointer-based methods, they have 
very high score in this experiment results. In PA case, it should have 100% hit-ratio 
result theoretically, but as it has exceptional cases such as clicking (touching) the 
blank area that the target is not placed, it is not a perfect 100% (99.53%). On the other 
hand, in the case of TP, it has the lowest hit-ratio (78.65%) among the other predic-
tion algorithms for indirect control. This implies that only temporal prediction has 
limitation to predict user intention accurately. The results of prediction algorithms for 
direct control have similar tendency with the indirect control case: TT (94.32%), VT 
(95.91%), DT (78.7%), PA (96.62). As the hit ratio cannot be a standalone measure-
ment which certain algorithm is better than the others, we mentioned the score of 
prediction algorithms with availability. 

Availability measures the number of preloading commands during click-to-click 
interval. This means that the data preloading system is how available for using time. 
This also indicates the sensitivity of system, required computational loads and  
network bandwidth while a certain prediction algorithm is running at the background. 
For instance, if the availability is too low, there can be a circumstance that the pre-
loading command does not appropriately operate at the adequate time. On the other 
hand, if the availability is too high, data preloading system loads to the user’s device 
so that this shortens the battery life and decreases the network downloading  
speed because of preloading the unnecessary data. Thus, availability should be placed 
theoretically at the middle point which is not too high either too slow. 
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Table 3. Experimenatl results of data preloading technique for indirect control 

Prediction Method Hit-ratio (%) Availability Response Time (ms) 

PA 99.53% 11.28 953.67 

TT 97.74% 4.36 856.72 

VT 89.04% 3.71 893.32 

DP 96.48% 15.05 941.52 

TP 78.65% 10.63 1015.78 

WP - - 2035.84 

Table 4. Experimenatl results of data preloading technique for direct control 

Prediction Method Hit-ratio (%) Availability Response Time (ms) 

PA 96.62% 6.76 6214.41 

TT 94.32% 2.64 3682.65 

VT 95.91% 3.63 3895.47 

DT 78.70% 12.11 8423.84 

WP - - 6565.39 

 
For indirect control, DP (15.05) is the most available and sensitive prediction algo-

rithm and it requires more computation power and network bandwidth than  
TP (10.63) and PA (11.27). However, TT (4.35) and VT (3.7) have very low availa-
bility compared with DT, TP and PA. For direct control, DT (12.1) is the most  
sensitive prediction algorithm that is same as indirect control case. It is paradoxical 
that DT, which is almost for mobile device, needs much powerful processors and 
more network bandwidth than TP, which is designed for indirect control device such 
as desktop PCs. 

The response time is a duration from the time when a user clicks (or touch) a target 
video content to the time when the video starts to play. All prediction methods of data 
preloading technique for indirect control significantly shorten the response time than 
WP case. In the absence of data preloading, the average response time is about 
2035.84 ms and 5620.17 ms for each indirect control and direct control case. The 
result shows that the response time of all prediction algorithms for indirect control are 
dramatically improved from 50.7% (TP) to 57.9% (TT). On the other hand, the result 
of direct control case shows that each prediction method has quite different perfor-
mance. TT is the fastest prediction method in shortening the response time having a 
similar advance (43.9%) with indirect control case, and VT (40.7%) follows the next. 
However, DT (-26.4%) records the worse response time than WP, and PA (5.3%) has 
almost no improvement at all.  

DT records the worst prediction algorithm through all experiments. For direct  
control, nothing is better than PA and even WP. This is very crucial because PA is  
the reference prediction algorithm which always on the preloading state whenever the 
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mouse event occurs. We conclude the reason DT scores the worst as PA preloads one 
target below the pointer at once, whereas DT preloads the several data at once when 
the targets come into pre-determined distance threshold. 

In user’s point of view, as the perceived response time is the significant factor to 
determine device performance, we propose several user intention prediction algo-
rithms according to response time results. All prediction algorithms of indirect case 
are highly recommended, which is usually a desktop computer that has strong compu-
ting power. On the other hand, the direct control devices, e.g. smart phones and tablet 
PCs, are recommended to employ time and velocity threshold prediction methods 
selectively. Furthermore, DT should be avoided to apply to direct control.  

6 Conclusion 

In this paper, we introduce novel data preloading techniques that predict the user in-
tention, and preload the web or local application data for providing a better device 
performance to mitigate the limits of the conventional interface, network and hard-
ware technologies. The two types of data preloading technique, for indirect control 
and direct control, are proposed to cover the various existing input devices, such as a 
mouse, stylus pen and digitizer. Five user intention prediction algorithms (preload-all, 
time, velocity, distance-threshold, temporal prediction algorithm) are developed ac-
cording to intention cognitive model and hypotheses. We evaluate hit-ratio, availabili-
ty and response time of user intention prediction algorithm and compare the results 
for each prediction algorithm to recommend which prediction algorithm is appropriate 
to certain types of input device. The time and velocity threshold-based methods have 
shown much higher performances than distance threshold method in direct control, 
which are widely used for mobile devices. On the other hand, data preloading tech-
nique for indirect control, which is targeted to apply to the conventional desktop PCs, 
runs all prediction algorithms more powerful even using complicated prediction algo-
rithm such as TP. However, we do not consider the various external variables such as 
layout design, gender and ages of users. Thus, we will study the effects of these va-
riables for future work. 
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