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ABSTRACT

This study proposes a method for mining potential user requirements from users’ nonverbal behaviors 
by analyzing their operational problems, since human behaviors reflect emotions and operational 
bottlenecks in human-machine interactions. Taking a single daily operation task as an example, 
three key steps were included in the method: first, modeling users’ operation and constructing the 
operation chain; second, finding emotional or physical problems in the operation chain, where the 
problems were defined mathematically as an emotional or physical load at each suboperation; and 
third, defining and obtaining potential user requirements by improving the operational problems 
when performing a task. Furthermore, a daily operation task was introduced to demonstrate and 
validate the method of mining user potential requirements. The results indicate that it is effective to 
discover the potential needs for a specific product and provide satisfactory solutions by calculating 
and optimizing operational problems.

Keywords
Human-Machine Interaction, Nonverbal Behavior, Operations, Potential Requirements, Requirement Mining, 
Single Task, User, User Experience

INTRODUCTION

People regularly experience negative emotions such as embarrassment, failure, difficulty, and risk, 
when they fail to do something, for example, bumping into something, or not keeping their house 
organized, because they think it is their fault for not completing a task perfectly. Most people cannot 
voice their need for specific new tools, products, or operation patterns required to accomplish a task 
more comfortably (Leonard, 2013). For example, pregnant women and the elderly may have difficulty 
putting on shoes; children may be allergic (Turan et al., 2011) or psychologically sensitive to toilet 
seats, and might even experience genitourinary injury owing to an accidental fall off a toilet seat 
(Glass et al., 2013); and drivers might spend a few minutes trying to maintain a constant comfortable 
car temperature when starting a car. People take these simple things for granted and even blame 
themselves for carelessness or clumsiness instead of asking for a new product (Norman, 2013). Thus, 
it is difficult to obtain users’ implicit potential requirements directly from their verbal expressions.
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Users’ behaviors reflect emotions and behavioral bottlenecks in operations on a product, which 
provide key clues for conception generation. Many studies have made progress in inferring potential 
requirements indirectly from user behaviors, for example, by affection analysis (Shin et al., 2020), 
netnography (Liao et al., 2021), and online product choice/reviews (Lai et al., 2019). Most of these 
studies are focused on indirect extrapolation of general trends from cases, while few have focused 
on the modeling of user requirements by analyzing users’ nonverbal behavior to help particular 
potential requirements mining in particular operational environments, because of the uncertainty and 
complexity of the operation process. The demanding problems in this domain include identifying the 
operations, expressing operational problems mathematically, defining users’ potential requirements, 
and mining requirements from their nonverbal behaviors to generate creative ideas on convenient 
and user-friendly products.

LITERATURE REVIEW

User requirements can be categorized as explicit or implicit (Figure 1). For the former, users know 
what they need and can express it explicitly. Thus, user requirements can be obtained through 
verbal descriptions, such as questionnaires (Zelesniack et al., 2021; Zheng et al., 2018), interviews 
(Martin et al., 2012; Shukoor et al., 2018; Willard et al., 2018), and online feedback (Zanker & 
Jessenitschnig, 2009). After collecting user requirements, their intentions can be translated into 
functional requirements. These methods include user experience-based research, such as trial run and 
usability assessment (Castellano-Tejedor et al., 2020; van Haasteren et al., 2020); and the evaluation 
of the degree of usability, mainly based on physiological ergonomic conflicts. Subsequently, user 
requirements are interpreted as new design solutions (Hansen & Rosen, 2019; Sen & Sener, 2020). 
These methods are effective in identifying explicit user requirements through quantitative or qualitative 
analyses.

Meanwhile, implicit requirements reflect users’ potential intentions (Guo et al., 2019). According 
to the construct of subconsciousness in psychology (Leonard, 2013), most people do not know 
what they really need and like. Subsequently, instead of blaming the product, some people blame 
themselves when they fail in their daily jobs (Norman, 2013). For example, they might experience 
negative emotions if they miss the trash can when throwing trash away, dial the wrong phone number, 
drop a pen on the floor, or spill water on a keyboard; however, they do not expect different product 
designs to solve these problems.

Researchers have proposed many methods to understand implicit user requirements. Semantic 
differential (Osgood & Luria, 1954; Petrenko & Mitina, 2020) has been popularized in discovering 
users’ emotional requirements (Klettner, 2020; Pauligk et al., 2019). Metaphorical extraction (Heath 
et al., 2014) was used to extract user expectations, including experiences, emotions, motivations, 
and values, by analyzing users’ imaginations and explanations of certain images or scenes. Context-
aware recommender systems have been effectively used to infer user preferences from user-generated 
textual reviews (Chen & Chen, 2015). The lead user method (Sanchez et al., 2018) and typological 
scheme (Kakar, 2016) are other effective and widely used methods for capturing user requirements 
and predicting future product trends through digital anthropology or experimentation. In addition, KJ 
mining (Cheng & Leu, 2011) has been used for product defect classification to ensure user satisfaction. 
With the rapid development of big data computing technology and data mining concepts in fog/cloud 
environments (Manasrah et al., 2019), intelligent algorithms are used to predict user requirements 
(Chen et al., 2019; Wang & Zhang, 2017), such as in shopping systems (Kieu Que et al., 2019) and 
recommender systems (Silva-Rodriguez et al., 2020). These approaches can be generally divided into 
two categories: obtaining the relationship between user preferences and images or scenes according 
to past experiences, for example, semantic differential and metaphorical extraction; and extracting 
user preferences according to context-related information, for example, context-aware recommender 
system, KJ mining, lead user method and big data computing. These methods are based on an indirect 
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extrapolation. They are helpful in predicting general product trends but imprecise for mining a specific 
potential requirement of a specific product or operation pattern.

Sun et al. (2018) created a function-task-behavior user manual and modeled user operations, 
where users were invited to participate in the co-creation process at the early stage of product concept 
formation. Additionally, the interaction between user behavior and product behavior was enabled. 
This approach emphasized the functional relationship between users and products; for example, a 
turning operation requires a turning structure. This led to a design conforming to user behavior, which 
started an approach of modeling user operations, and suggested a new innovative design method based 
on user operation behavior analysis. However, the potential requirements reflected by operational 
behaviors and problems have rarely been examined directly. Therefore, a new approach is needed to 
mathematically model implicit potential requirements according to users’ operational behaviors and 
to improve user experiences.

In summary, the challenge is to quantitatively obtain users’ implicit requirements from their 
behaviors, which involves the formulization of users’ emotional status and physical obstacles when 
operating products, and then proposing strategies for improving users’ emotional and physical 
experiences, including reducing emotional and physical loads according to human-centered design 
theory (Norman, 2013). This study aimed to examine users’ potential requirements during a task 
performance procedure and ultimately contribute to providing a method for discovering clues of 
users’ requirements for specific new operation patterns or new products. Finally, the modeling and 
optimization process was illustrated on a daily operation task.

METHODS

The procedure (Figure 2) was to map the input to the output, where the input of the mining process is 
user operation information and the output is the potential requirement. Equipment, such as a camera, 
were used to collect operation information, following which the operation chain was constructed 
mathematically, problems during operation were modeled, and lastly, the mapping specifications 

Figure 1. Studies on requirements discovering
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from input to output were built. Here, a single task operation, which meant that a single goal was to 
be achieved within a specified time interval, was illustrated to explain the mining process because 
single tasks are one of the most common daily activities. This process included three key steps:

Decomposing the Task and Capturing Users’ Emotional and Behavioral Information
The task was broken down into several suboperations and an operation chain including all these 
suboperations in sequence, in which each suboperation was an independent point in the chain. The 
task operation was camera-recorded for review to identify the problems.

Expressing Operational Problems Mathematically
Operational problems were quantitatively defined by the degree of physical difficulty, emotional 
state, and suboperation duration of each point in the operation chain.

Defining Users’ Potential Requirements
To obtain the extreme value of the problems of each point defined in the second step, solutions that 
could be used to solve or minimize the emotional and behavioral problems in the operation chain 
were enumerated, and the operation chain was optimized. These solutions suggested users’ real 
requirements and provided a more convenient and comfortable operation pattern.

Decomposing the Task and Capturing Users’ Emotional and Behavioral Information
A user usually needs to complete a single task through several enforceable suboperations. In each 
suboperation, the user took an action and evaluated whether the subgoal was achieved, and then decided 
how and when to move forward to the next suboperation (Miller et al., 1960). In the laboratory, users’ 
emotions and behaviors were recorded by cameras and sensors for evaluation (Figure 3) because the 
facial expression and eye movements (Lim et al., 2020) showed users’ emotional state and body stress, 
while body movement indicated users’ behavioral difficulty degrees. For example, the longer the 
duration of a suboperation, the more difficult it was to suboperate. Each suboperation was considered 
a point, and all the points of the task formed an entire operation chain. Information was captured for 
each point to calculate the degree of difficulty of the entire chain. Here, eye movement was labeled as 

Figure 2. The process of user requirements mining based on operation optimization



Journal of Organizational and End User Computing
Volume 33 • Issue 6

5

“◆,”and eye movements chain was like “◆-◆-◆-◆-…;” facial emotion state was labeled as “¯,” 
and the facial emotional status chain was like “¯-¯-¯-¯-…;”while a single joint movement was labeled 
as “¡.” All captured joints movements are presented in Figure 3 since many joints moved together 
in suboperations. Each recorded performance was expressed mathematically using a representative 
index, which is explained in the following section.

Expressing Operational Problems Mathematically
Figure 3 shows how users’ behavioral and emotional data were captured by a camera, eye tracker, 
wireless force sensor, and displacement sensor while the user performed a task or interacted with a 
specific machine or product. During the task, users were encouraged to express their thoughts and 
feelings. For every suboperation in a task, the recorded data were normalized and stored in a central 
database. The data included two parts: emotional and physical information (Figure 4).

Emotional Information
Users’ feelings, revealing whether the user was willing to perform the operation, could be expressed 
by eye movements and facial expressions. Thus, the gaze duration (e

t gaze− ) was a key factor in eye 
movements because the longer a user gazed at an object, the more effort was needed in a suboperation. 
The facial expression (f) was used to determine whether the user was feeling positive or negative. 
The emotions were roughly classified into eight categories: interested / excitement, happy / like, 
surprised, sad / painful, fearful, shy / humiliated, disgusted, and angry, which were represented by 

Figure 3. Information acquisition and operation chain formation
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“1,” “2,” “3,” “4,” “5,” “6,” “7,” and “8,” respectively, with consideration of user’s verbal description. 
The bigger the number, the more negative the emotions were; for example, “surprised” valued “3” 
and “angry” valued “8.” Therefore, the emotional state of the entire operation chain Eemotion can be 
expressed as

E e f e f
emotion t gaze t t t gaze tm tm

= { } { }{ }− −( ) , ,..., ( ) ,
0 0 (1)	

where et-gaze is the gaze duration in each suboperation, m is the value of emotional status, t indicates 
the duration of a suboperation, and f is the facial state. Larger emotion values indicated more negative 
feelings than smaller ones. The standard value es, which means the maximum acceptable feelings for 
operating a task, is the mean value of ( )e

t gaze tm−  plus the neutral facial emotion value “4”:

es = 
( )e

m
t gaze tm− + 4 	 (2)

Physical Information
As shown in Figure 4, physical behavioral difficulty is related to a motion’s range, duration, complexity, 
and load, which are expressed by the joint flexion angle (θ), duration of suboperation t, muscle stress 
s, and complexity x , where muscle stress s indicates the load carried by a muscle, and complexity 
x  is the number of body parts participating in the suboperation. For example, x  equals “1” when 
only one body part is involved such as a hand, and x  should be “2” when two body parts are involved, 
such as two hands, one hand, or one foot.

Therefore, the physical load state of the entire task chain, Bc, can be defined as
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Figure 4. Schematic representation of an operation chain
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where m is the number of suboperations, n is the number of motion joints, and at moment t0, the 
movement of one joint is (θ1, t1, s1, x1)t0, and the movements of all motion joints at t0 are the sums 
of the t0 column.

Defining Users’ Potential Requirements
Most users cannot express their potential requirements verbally (Leonard, 2013), while operational 
difficulties usually imply that improved operation patterns or product forms can help relieve users’ 
emotional or physical burden. Therefore, defining users’ potential requirements raised the need to 
find an optimal operation pattern/product to reduce users’ physical and emotional stress, which could 
be transformed into a mathematical optimization according to Eq.1 and Eq.3.

As shown in Figure 5, users’ operation data were recorded and stored in a database and processed 
using the Python programming tool.

For the variable of emotional load, the goal was to improve negative emotions or replace negative 
points with positive ones, if possible. According to Eq.1, users’ feelings were measured by their facial 
expressions and eye movements. First, the element values in Eemotion were calculated; then, for equal 
or greater element values than a standard es (Eq.2), the corresponding suboperations were marked 
for removal or modification, where a search engine was used to enumerate alternative modules with 
positive emotions from an existing database. For example, a case in the database suggested that some 
scents could generate positive feelings, so smell modules could be integrated into the operation chain 
as a substitute suboperation. These candidate modules formed multiple alternative operational chains.

For the physical load, the optimization goal was to minimize the value of Bc in Eq.3. The summary 
values of each column indicate the physical loads for each suboperation/point. The first step was to 
manually check whether a set of adjacent points could be merged to reduce the point values. If “Yes,” 
then alternative function modules could be selected from a database to substitute current function 
modules; and if “No,” then we skipped to check the next set. This process was repeated until no 
adjacent points were merged. The second step was to adjust for the high- value points; for example, 

Figure 5. Optimization of an operation chain by improving physical and emotional experiences
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lowering the height of a worktable could consequently reduce the arm’s stress. Consequently, new 
operational chains with reduced total point values are generated.

Therefore, a collection of alternative operational chains with reduced emotional or physical loads 
was obtained, where each new point in the generated chain representing a new operation was needed. 
Each operation could be mapped to several individual functional modules, for example, a rotating 
operation matched a knob or turntable, and the entire chain of functional modules representing the 
improved structures or operation patterns was generated. These structural schemes and operational 
patterns were then examined through practical manufacturing and ergonomic and economic 
specifications before moving into the detailed design stage. Using the mathematical optimization 
process, the users’ potential requirements were discovered to improve user experiences.

CASE STUDY

Experiment Design for User Data Collection
One of the common daily menial activities for people is to hang garments after arriving home. We 
observed that coat hangers are usually installed at the entrances of most Chinese homes for family 
members to keep their outerwear, caps, or gowns. However, in reality, most people preferred to throw 
their outerwear somewhere nearby instead of hanging them using both hands, which indicated that 
throwing might relieve physical and emotional load, although it resulted in the room looking untidy and 
possibly increased levels of irritation in family members. The conflict between designers’ expectations 
and users’ behavior in this case implies that there are some potential requirements of the users.

It was assumed that there were some operational problems in hanging the clothes. An experiment 
was performed to measure users’ emotional and physical loads for this activity. Twenty college students 
(10 males and 10 females, aged 18–24 years) were invited to participate in the experiment, as hanging 
clothes was an everyday task for all people, irrespective of their career and age. All participants signed 
a consent form prior to the experiment. These participants came from different parts of the country, 
had at least three years of experience of living alone, and were physically and psychologically healthy.

Figure 6. Experimental process of hanging clothes when users arrived home
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As shown in Figure 6, the participants were not informed of the actual purpose of the experiment. 
They were equipped with a wireless movement capture device (ErgoLAB Captiv Motion, Kinfar 
Limited Co.) at a resting place; then they put their coats on and entered a messy work studio. In the 
work studio, three cameras were set up at three different corners. To conceal the actual purpose of 
the experiment, the participants were assigned the task of cleaning the room. Their tasks included 
arranging the desks neatly, throwing all used water bottles into the trash can, and collecting scattered 
stationery into a container. Before they performed these tasks, they needed to take off their outerwear, 
and that was when the process of hanging clothes was captured by devices.

The main features of participant behavior were recorded for each suboperation without counting 
the muscle stress s and the angle of the joints (in Eq. 3), because the activity was light physical labor. 
The gaze duration of a suboperation (et-gaze), main facial expression (fem), suboperation duration (t), 
maximum joint flexion angle of limbs (θ), and operation complexity (x) were included.

RESULTS AND VALIDATION

The validation process included building the original operation chain, evaluating the problematic 
point, and optimizing the operation pattern by improving emotional and physical experiences.

First, according to the recorded data, the entire task of hanging clothes included five main 
suboperations: O1, O2, O3, O4, and O5. Table 1 lists the mean values for all the participants. The first 
column represents the names of each point in the operation chain, and each data column shows the 
captured operating status.

Second, participants displayed positive “interest” or “excitement” when they came into the 
experimental work studio from Table 1. All patients underwent operations from O1 to O3. While some 
chose O4’ and some chose O4” during the O4, including O4”(1), O4”(2), and O4”(3). Each column 
shows significant differences when comparing O4’ and O4” in Table 1.

For gaze time, et-gaze (O4”)=et-gaze (O4”(1))+et-gaze (O4”(2))+et-gaze (O4”(3))	
= 0.3 + 2.6 + 0.4 =3.3 s,	

while et-gaze (O4’) = 0.3 s (p < 0.001, effect size Cohen’s d = 8.9746272).
Thus, et-gaze (O4”) outweighed et-gaze (O4’), which implies a heavier mental load for O4” (hanging) 

than O4’ (throwing).

Table 1. Means and standard deviations of operation data for the clothes hanging task

Suboperation Description et-gaze(s) fem t (s) Θ (°) X

O1 Walking and checking the task 1.8(0.294) 1(0) 48.3(8.838) 0(0) 0(0)

O2 Taking off coats 1.1(0.319) 1(0) 10.5(2.259) 120.4(15.171) 2(0)

O3 Looking around to put down coats 0.4(0.097) 2(0.816) 1.4(0.275) 0(0) 1(0)

O4
’ Dropping it 0.3(0.122) 1(0) 1.1(0.191) 12.5(2.402) 1(0)

O4
”(1) Moving to hangers 0.3(0.119) 2(0.756) 7.6(1.397) 0(0) 1(0)

O4
”(2) Hanging coats 2.6(0.469) 2.8(0.463) 13.3(3.147) 171.8(23.787) 2(0)

O4
”(3) Moving back to the assigned tasks 0.4(0.151) 2(0.535) 9.3(1.799) 0(0) 0(0)

O5 Starting assigned tasks (Moving to other tasks)



Journal of Organizational and End User Computing
Volume 33 • Issue 6

10

In terms of facial expression fem, three participants showed “dislike” (fem=7) and others remained 
“happy” (fem=2); the mean value of fem was 2.8.

For physical variances, such as duration (t), joint flexion angle of limbs (Θ), and operation 
complexity (x), all proved that the burden of O4” was much higher than that of O4’. Here, the complexity 
x, the difficulty degree of each suboperation, was quantitatively calculated, and the original data were 
standardized to interval [0, 1] because the values of different variances had different measurements.

Finally, the total operational load of each task chain was obtained by adding the results of Eq.1 
and Eq.3, which show that the load of O4” (hanging) was significantly higher than O4’ (throwing). 
This explains why many people preferred throwing clothes rather than hanging or folding them. 
The results also suggested that users needed improved products so that they could complete a task 
such as simply hanging clothes, with positive emotions and low stress. Therefore, users’ potential 
requirement in this case was an improved design that provided an operation chain of: O1, O2, O3 and 
O4’, which meant that people needed a product that “allows them to drop / throw clothes by hand, 
sorts them automatically and neatly, and even helps releasing stress.” These keywords revealed new 
requirement clues that could be used to design a new product.

DISCUSSIONS AND CONCLUSIONS

The results of the case showed that users’ potential requirements for an operation pattern or a 
product could be calculated effectively from users’ operational behaviors when the criterion was 
set on improving emotional experiences and relieving physical burden. This was also confirmed 
by the human-centered design theory (Norman, 2013) and human’s innate pursuit for a happy and 
comfortable life.

In conclusion, this study differs from existing indirect extrapolating approaches (Lai et al., 
2019; Liao et al., 2021; Shin et al., 2020) and contributes to providing a method for mining users’ 
potential requirements directly from users’ nonverbal behaviors, where users’ demands for improving 
existing operation patterns or products were defined as requirements of emotion enhancement and 
physical burden relief during task performance. Taking a single task in daily life as an example, 
first, an operation was decomposed into several suboperations; second, the operations were modeled 
mathematically according to the evaluation of emotion and physical burden, and the users’ potential 
requirements were obtained by optimizing the operational indices. This method could be effective 
in concept innovation or product design optimization for specific operation patterns or products 
compared with existing indirect inferring approaches, which are useful in predicting product trends. 
From this study, the following conclusions can be drawn:

(i) Users’ operational behaviors and problems reflect their potential requirements.
(ii) Users’ potential requirements can be mined while optimizing the task operation chain 

mathematically by improving the emotional and physical experiences.
(iii) The case in daily life proposed in this study showed the practicability of the potential requirements 

mining method, and it can be generalized to similar single tasks.

We believe that the method would be helpful for designers to discover users’ potential requirements 
that users cannot consciously speak about specific products, and, as a result, make everyday life easier. 
However, this study has some limitations. First, there is a difference between actual daily activities and 
the experimental setting, such as the duration of each operation, which may have been affected because 
the experiment was performed in a work studio. However, the study findings present convincing 
evidence in discovering users’ potential requirements by analyzing their operational behavior, as 
there were no differences between the two circumstances in the whole process, including the order 
of operations, feelings for actions, and the load comparison. In future studies, practical conditions 
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need to be considered to evaluate the exact differences and refine the operation model. Second, it is 
not convenient for users to be equipped with measuring instruments in the real world if the task is 
complicated or dangerous. Remote sensors or simple wearables such as bracelets for measurement 
are required in the future. Third, the product scheme generation process requires further discussion 
in future research. In addition, users sometimes perform two or more tasks simultaneously, instead 
of a single task as discussed in this study. Experiments for multitask situations need to be discussed 
in future studies.
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