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Human computation tackles many difficult-to-automate problems. However, the 

involvement of human solvers in computation process leads to unstable performance, 

especially when solvers recruited via Internet. By considering human’s attributes and 

computational situation, the research model of factors of affecting the effectiveness and 

efficiency of human computation algorithm is proposed in this paper, together with seven 

proxies of human’s attributes and computational situation. For testing the proposed mod-

el, we collect data from an implemented Web application testing system using a 

crowdsourcing approach. There are 87 volunteers recruited via social network and the 

corresponding user-session data. The results show that more human solvers with lower 

ability level, higher engagement, more personal bias and lower difficulty level of tasks 

lead to shorter completion time. Human solvers with higher ability level, higher engage-

ment, more personal bias and lower difficulty level of tasks lead to more accurate output, 

but number of solvers does not show significant correlation with the correctness of hu-

man computation algorithm. 

 

Keywords: human computation, crowdsourcing, social computing, human attributes, 

computational situation, latent class model 

 

1. INTRODUCTION 
 

Human computation has attracted considerable attention in reducing design effort of 

solving problems which cannot be fully characterized by limited attributes. For the prob-

lem of extracting all the information of an image, it may require huge attributes, such as 

shapes, colors, objects, styles, emotions, etc. Therefore, it will lead to the combinatorial 

explosion and make automation infeasible. The success of human computation tech-

niques is to assign this kind of problems to human solvers with external knowledge bases 

containing required attributes and implicit relationships between attributes and the solu-

tions of problems. Hence, it can facilitate the process of designing algorithms for prob-

lem-solving. Human computation has won its reputation in solving a variety of problems, 

such as natural language processing [1], image annotation [2, 3], character recognition 

[4], sentiment analysis [5], and common sense reasoning [6]. 

 With the tremendous growth of the advanced communication technologies, nu-
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merous crowds enhance human computation systems but they also cause unstable per-

formance regarding quality and efficiency. In this paper, we focus on this special kind of 

human computation system (termed “crowd computation”). Previous studies showed that 

human solvers have uneven skills and may produce noisy results [7-9]. The power law 

has also been observed from completion times on human computation systems [10, 11]. 

There is a shift attention from designing and implementing human computation systems 

to control the quality of those systems [12-16]. However, it is costly to implement a hu-

man computation system and thus to evaluate the quality control mechanism. Therefore, 

it is essential to determine factors affecting the correctness and efficiency of human 

computation systems, so as to predict the performance of human computation systems in 

the design phase. 

Shahaf and Amir [17] analyzed the human-involved computational problem by a 

Human-Assisted Turing Machine which can be served as an efficiency measure. Since 

complexity measures of Turing machine are well studied, authors investigate several 

human models and some measures of human effort. Law and Ahn [8] analyzed some 

literatures and proposed a latent class model to capture the effect of human’s attributes 

and task difficulty on the quality of the computational process. Allahbakhsh et al. [16] 

characterized the quality of human computation system along worker profiles and task 

design. Wang et al. [18] modeled the performance of generalized ESP game. The pro-

posed probabilistic model considered variables of ESP games settings and assumed some 

human’s attributes. Chen et al. [19] utilized the relationships between human solvers and 

tasks to model a generic GWAP-based geotagging system. They evaluated task assign-

ment algorithms based on the proposed model. Although existing theoretical models can 

provide solid foundations for human computation, they still require empirical evidences 

for further improvement. For example, remodeling with the underlying distribution of 

humans’ ability may reduce the generalization error. The goal of this paper is to empiri-

cally explore the effect of factors on the performance of human computation. 

In this paper, we propose a research model in an effort to investigate the latent fac-

tors contributing to correctness and efficiency of human computation. Human solvers are 

characterized with attributes like ability level, personal bias and engagement. This study 

also investigates the influence of number of solvers and task difficulty level (may be re-

ferred to computational situation) on correctness and efficiency of human computation. 

In this paper, we focus on the micro-task type human computation with gold standards. 

Since the true answers of many problems cannot be obtained exactly, we select Web ap-

plication testing problems as targets. Details of our human computations are provided in 

Section 2. In [20], we implemented a crowdsourcing-based Web application testing sys-

tem for evaluating the performance of the proposed task assignment algorithm. In this 

study, we aim to explore the truly distributions of human factor by avoiding as much 

interference as possible. Therefore, a non-assignment version of previous Web applica-

tion system is used to seek answers for following research questions: (1) How do hu-

man’s attributes affect the correctness of human computation? (2) How the efficiency of 

human computation relates to human’s attributes? (3) How does computational situation 

affect the correctness of human computation? (4) How does the efficiency of human 

computation relate to computational situation? We further propose seven proxies includ-

ing ability level, personal bias, engagement, difficulty level, number of solver, correct-

ness and efficiency in the Web application testing scenario. The results provide under-



FACTORS INFLUENCING THE PERFORMANCE OF HUMAN COMPUTATION: AN 

EMPIRICAL STUDY IN WEB APPLICATION TESTING 

 

211 

 

standing of the performance of human computation, and offer practical suggestions for 

increasing the power of such systems. 

We briefly outline the contents of this paper. Section 2 introduces backgrounds of 

Web application testing and the experimental system. Section 3 proposes the research 

model and hypotheses development. System implementation, research methodology and 

data analysis are provided in Section 4. Section 5 presents research findings. In the last 

section implications and limitations of the study are discussed, and the study is concluded 

with a summary of contributions and suggestions for future research. 

2. BACKGROUND 

Many problems do not have the gold standards, such that it is difficult to evaluate 

the quality of the corresponding human computation algorithms. For ranking Web pages 

on a scale in terms of adult content, there is often a blurred line between art and pornog-

raphy. Different people have their own distinct judgments [12]. Web application testing 

is an investigation of the quality of the Web service. A Web site injected with 

well-designed defects can provide the gold standards for evaluations. In Web application 

tests, testers are required to verify software functions and examine software outputs. A 

substantial collaboration among testers, developers and users is common in software 

testing. Because of the resource-intensive nature of Web application testing, several col-

laborative approaches [21-26] have been proposed for improvement. Utilizing extensive 

human resources on Internet reduces test costs and is considered as a potential solution.  

Our Web application collaborative testing system [20] according to Quinn’s classifica-

tion [27] is expressed as follows: 
1. Motivation: There are several ways to motivate people to participate in col-

laborative testing. People contribute themselves to open source testing may be 

of reputation. Game beta testing usually attracts testers based upon enjoyment, 

while financial rewards are common in alpha testing (usually performed by 

software engineers). Our human computation system recruits testers via social 

networks, and therefore, the main motivation of participators is friendship. 

2. Quality control: One objective of this study is to examine the effect of fac-

tors on the quality of human computation system. Therefore, we adopt the 

most common approach, majority vote, to identify answers. This also means 

that each task will be done by multiple human solvers. 

3. Aggregation: A Web application can be decomposed into several independ-

ent sub-problems according to program dependence graph [28]. Hence, we 

simply ask human solvers perform tasks without any assignment. It can be 

better in exploring the biased distributions of human solvers. The final bug 

report is aggregated from each task via majority vote. 

4. Human skill: Web application testing requires testers to verify Web applica-

tion functions and examine software output. Hence, the Internet access skills, 

including browsing and input, are the basic requirement of our system. Pro-

gramming skill or software testing skill would be better options. However, 

another objective of this study is to examine the possibility of crowdsourcing 

approaches for testing Web application. Crowds recruited from Internet may 
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not be all professional testers. 

5. Process order: Requester submits the target Web application to our system 

for testing. Testers on our system provide judgments of whether visiting page 

is faulty or not, which are then aggregated by a computer via majority vote to 

form the final test report. Software engineers can query specific pages or de-

fects for further debugging. 

6. Task-request cardinality: Many Web application can be submitted to our 

system for validation. Each contributor can select task freely. Because of the 

multitasking property of Web service, different testers can perform identical 

task simultaneously. 

3. RESEARCH MODEL AND HYPOTHESES 

Just as the numerous human factors literature has demonstrated the impact that hu-

man factors have on performance. The main influential factors on performance are phys-

ical and cognitive human characteristics and behaviors [29-31]. Because this study is to 

study the influence of factors on the performance of human computation system, physical 

human characteristics and behaviors are beyond our scope. More specially, we focus on 

the factors discussed in the previous human computation literature. In the human compu-

tation literature, Law and Ahn [8] proposed a latent class model to capture the effect of 

latent factors on the output of workers, including biases, expertise, and task difficulty. 

Workers with different biases will output distinct results [12]. Human solvers may also 

have different expertise [32]. The difficulty level of computational task affects the quali-

ty of workers’ output [8]. Previous study [27] indicated that workers may provide signif-

icant computational power if they are engaged in a game-with-a-purpose. Engagement is 

one of the most important issues of open innovation communities, crowdsourcing plat-

form, and idea generation forums. In this paper, we are interested in exploring how 

worker’s engagement affects the performance of human computation. Wang et al. [18] 

indicated that the quality of solvers increases faster than linearly as the number of partic-

ipators grows. Shao et al. [9] also believed that the quantity of solvers is important in 

crowdsourcing projects. We also investigate the effect of the number of solvers on the 

human computation in this study. 
Based on above discussion, we propose the research model as presented in Figure 1. 

The model, by extending latent class model [8], is more specifically on the performance 

of workers’ outputs. Two types of factors, human’s attributes (ability level, personal bias, 

and engagement) and computational situation (difficulty level and number of solvers), 

are supposed to affect the correctness and efficiency of human computation algorithm. 
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Figure 1 Extended latent class model 

 

3.1 Impacts of human’s attributes and computational situation on correctness 

 

The research of Wang et al. [18] showed that the game’s utility increases as the 

ability of guessing good word rises. Welinder et al. [32] also found that each worker’s 

ability varies depending on the bird image. Users with higher ability level usually have 

more or better skills. The literature showed that learning of skills has an impact on hu-

man performance [29, 33, 34]. Intuitively, if solvers are skilled in solving problem, they 

tend to produce high quality results. Note that the abilities of human solvers are focusing 

on solving specific problems. In this paper, only the ability of testing Web application is 

taken into consideration. Hence, we hypothesize: 

H1a. The result will be more satisfactory when ability level of solvers is high. 

Studies have shown that higher human motivation leads to better job performance 

[29, 35, 36]. Interests were the most important motivational factors [37]. A previous 

study [38] showed that workers tend to choose tasks of interests, expertise and under-

standing. Sullivan et al. [39], Paulos [40] and Wang et al. [41] also found that there are 

over-report of more popular tasks. Law and Ahn [8] indicated that human solvers might 

produce distinct outputs depending on their personal biases, including ability and exper-

tise, intentions, interpretation of the question, personal preferences and opinions, and 

general physical and psychological limitations. Thus, it is reasonable to believe that as-

signing tasks according to solvers’ personal biases will achieve more accurately results. 

We hypothesize: 

H1b. The result will be more satisfactory when solvers solve their preferred 

problem. 

Quinn and Bederson [27] mentioned that solvers will provide a lot of computational 

power if they engage a game-with-a-purpose scenario. If solvers engage the target prob-

lem, they will spend lots of time studying related material and getting familiar with 

problems, together with problem-solving techniques. Therefore, it produces high quality 

results. Previous studies also showed that worker with higher level of motivation will 
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tend to perform better [29, 35, 36]. Seddon et al. [42] mentioned that motivation has an 

impact on engagement. Linux showed a successful example which people with highly 

engagement develop high quality product collaboratively. Thus, in this paper, we are 

interested in examining the effect of engagement on the quality of human computation. 

We hypothesize: 

H1c. The result will be more satisfactory when problem engages solvers. 

Numerous studies have demonstrated that job characteristics have on performance 

[43-45]. Difficulty level is one of most important characteristics of tasks. Law and Ahn 

[8] indicated that the task’s difficulty will affect the quality of workers’ output while 

other studies [32, 46] examine the effect of task difficulty on the computational process. 

Intuitively, more difficult tasks will result in more poor result. Thus, we hypothesize: 
H1d. The result will be more satisfactory when problem is simple. 

Shao et al. [9] mentioned that the outcome of crowdsourcing projects depends on 

solvers’ quantity. The research of Wang et al. [18] further showed that, in a ESP game 

scenario, the matching rate of good words increase as the number of users grows. The 

success of crowdsourcing is closely related to solvers’ quantity. Therefore, we want to 

examine how the number of solvers affects the quality of human computation. We hy-

pothesize: 
H1e. The result will be more satisfactory when more solvers participate in 

computations. 

 

3.2 Impacts of human’s attributes and computational situation on efficiency 
 

Efficiency is an important measure, especially in Web application testing. It is a key 

to defeat “Zero day attack” by efficiently identifying security threats and providing the 

corresponding solutions. The release of a Web application is usually determined by when 

the testing report comes out, which may influence the future income. Previous sections 

discuss the hypotheses of factors on the quality of human computation and we will con-

tinue to develop hypotheses on the efficiency of human computation in this section. 

 Human solvers skilled in certain problems usually familiarize the corresponding 

problem-solving techniques and tend to spend less time to solve them. More popular 

problems will attract more solvers, and the possibility of recruiting experienced ones 

increases as the number of solvers grows. It may shorten the completion time of prob-

lem-solving. If workers engage with the target problem, they are getting familiar with it 

and its solution. It will shorten the solution-seeking phase. Intuitively, it needs more ef-

fort to tackle arduous task. Under the same clock rate, it can image that execution time is 

propositional to the difficulty level of task. If the target task can be decomposed and ex-

ecuted in parallel, more solvers can reduce the completion time [47]. On the other hand, 

if all solvers contribute to the same task, the possibility of participator which can solve 

problem more quickly increases as participators’ number grows. Based on the above 

discussions, we hypothesize 
H2a High ability level of solvers will reduce completion time 

H2b Problem with high bias will reduce completion time 

H2c High engagement of solvers will reduce completion time 

H2d More difficult problem will require more completion time 

H2e More solvers will reduce completion time 
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4. RESEARCH METHODOLOGY AND DATA ANALYSIS 

4.1 System implementation and data collection 

 

In order to validate our proposed model, we utilize a human-based testing system 

(HTS) [20] for collecting data. The system architecture of HTS is shown in Figure 2. The 

HTS is a Web-based application that was developed using ASP.NET and MS SQL Server. 

Requester can submit the target site via the Web interface. The submitted Web site will be 

decomposed into several independent sub-problems by inference engine [20]. Solvers 

can select their desired problems freely, and the corresponding user sessions and user 

profile will be recorded for analyzing and producing the testing reports. Note that these 

sub-problems are logged in the server. Testers examine the whole Web application freely 

without noticing the problem decomposition. Figure 3 shows our provided interactive 

interfaces, including the Testing User Interface, General Information System module and 

Bug Report System modules. The General Information system module allows testers to 

select the target Web application, while testers can report any bugs or glitches via the 

Bug Report modules. Requester can access the testing reports via Web interface. 

 

Figure 2. System architecture of HTS 
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Figure 3. Testing user interface of HTS 

In this study, the selected target Web application is an open source Web application 

“BookStore” [http://www.gotocode.com/], which contains nine pages (AdvSearch page, 

BookDetail page, Books page, Default page, Login page, MyInfo page, Registration page, 

ShoppingCart page, and ShoppingCartRecord page). The online BookStore is a fully 

functional online store, including features such as user registrations, product voting, 

product searching, and shopping cart. The web system starts at the Default page, and  

users can enter AdvSearch page through a hyperlink and enter Books page to search 

books by inputting the information of the searched books through pressing the submit 

button. The users need to enter Registration page through a hyperlink to register an ac-

count number and login with user name and user password at the Login page before they 

buy and vote these books in the BookDetail page. After they buy the books, they can 

enter the ShoppingCart page through pressing submit button and modify purchased quan-

tity. Users can also delete record of these books at ShoppingCartRecord, and modify the 

information of the users at MyInfo page. This Web application is further decomposed 

into 28 sub-problems. 

Web application testing problems can be considered as a binary classification prob-

lem, where faulty pages are positive instances and normal pages are negative instances. 

For balancing the distributions of positive and negative instances, we inject 10 faults into 

BookStore, including displaying identical information of different books at Default page; 

incorrect category information at Books page; wrong vote image and incorrect vote rate 

calculation at BookDetail page; wrong E-mail display, incorrect total price calculation 

and incorrect price output at ShoppingCart page; inconsistent quantity at ShoppingCar-

tRecoed page, and wrong last_name display and E-mail authentication redirection error 

at MyInfo page. All defects injected are coding defects and GUI defects are the most 

common in practice [48]. 
Data for this study was collected during the period from 2011/6/1 to 2011/6/6 [20]. 

85 solvers are gathered via social networks such as Facebook and msn. Therefore, these 

solvers have basic Internet access skills. The ages of solvers are between 15 and 30. Each 

solver always starts at Default page and then continues to test freely. If testers report bug 

in certain pages, then they identify these pages as positive instances. Otherwise, these 

pages are classified into negative instances by solvers. Note that solvers are assumed to 

label those pages as normal, if they did not report any bug. Every judgment of solvers on 

all pages is recorded as user session data. 1712 user sessions are collected as the sample 

data in our research. 

 

4.2 Operationalization of variables 
 

We assume that the gold standard of the 𝑗-th page is whether injected by or not, 

denoted by 𝐿𝑗. In addition, the number of lines in the 𝑗-th page’s source code is set to 

𝑆𝐿𝑂𝐶𝑗, and the completion threshold is proposition to the number of source lines of code, 

defined by 𝐻𝑗 = 𝛼 ∙ 𝑆𝐿𝑂𝐶𝑗 where 𝛼 ∈ ℝ+. Whether the 𝑖-th solver examines the 𝑗-th 

page at the 𝑘-th times or not is denoted by 𝑊𝑖𝑗𝑘. The corresponding judgment, the start 

time and the end time are denoted by 𝑂𝑖𝑗𝑘, 𝑆𝑇𝑖𝑗𝑘 and 𝐸𝑇𝑖𝑗𝑘, respectively. Below is the 

notations used throughout this paper. 
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𝐿𝑗  An indicator of whether the  -th page is faculty or not. 

𝑆𝐿𝑂𝐶𝑗  The number of source lines of code of the  -th page. 

𝐻𝑗  The support threshold of completing the  -th page. 

𝑊𝑖𝑗𝑘  An indicator of whether the  -th solver examines the  -th page at the 

 -th times or not. 

𝑂𝑖𝑗𝑘  An indicator of whether the  -th solver judges the  -th page as fac-

ulty at the  -th times or not. 

𝑆𝑇𝑖𝑗𝑘  The time the  -th solver starts to solve the  -th page at the  -th 

times. 

𝐸𝑇𝑖𝑗𝑘  The time the  -th solver completes the  -th examination of the  -th 

page. 

 

Ability Level (A): Each solver is required to provide basic information, profession 

and skill, in the registration. We use a 5-points Likert scale, ranging from 1(very poor) to 

5(very good), to represent the tendency of solvers’ professions (and skills) for their abil-

ity of testing Web applications, denoted by  𝑆    𝑖  and 𝑆𝑆    𝑖 , respectively. For 

example, software engineers are assumed to have better Web application testing ability 

than housewives. Solvers with programming skills are also assumed to be better in test-

ing Web application than those who are good in shopping. We then utilize the summation 

of these scales to represent solvers’ Web application testing ability. The ability level of 

the 𝑖-th solver can be computed by 

𝐴𝑖 =  𝑆    𝑖 + 𝑆𝑆    𝑖 (1) 

Personal Bias (B): Solvers tend to tackle their preferred questions. Some solvers 

may interest in computer security and hence examine Login pages several times. The 

personal bias of the  -th solver on the  -th problem refers to the ratio of the number of 

the  -th problem the  -th solver performs (∑ 𝑊𝑖𝑗𝑘𝑘 ) to the total number of problems of 

the  -th solver performs (∑ 𝑊𝑖𝑗𝑘𝑗𝑘 ), and can be computed by 

𝐵𝑖𝑗 =∑𝑊𝑖𝑗𝑘
𝑘

∑𝑊𝑖𝑗𝑘
𝑗𝑘

⁄  
(2) 

Engagement (EN): HTS records the time that solvers start to examine the pages by 

calling DateTime.Now() on page_load. Therefore, the execution time of the 𝑖-th solver 

verifies the 𝑗-th page is the quantity of the DateTime.Now of the solvers’ next examina-

tion (𝐸𝑇𝑖𝑗𝑘) minus the DateTime.Now of the current one (𝑆𝑇𝑖𝑗𝑘). The time unit is hour. 

For the execution time of a user on the last page, we estimate it by averaging pervious 

execution time in this user session. Engagement refers to the total execution time of the 

𝑖-th solver performed on HTS and can be computed by 

𝐸𝑁𝑖 =∑𝑊𝑖𝑗𝑘
𝑗𝑘

(𝐸𝑇𝑖𝑗𝑘 − 𝑆𝑇𝑖𝑗𝑘) 
(3) 

In some cases, it is hard to confirm that a user is verifying a page or is just idling. 

We assume that if the execution time of a user performing on a task exceeds 10 minutes, 

then this session ends. The next page this user examines is considered as another start of 
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a new session. 

Difficulty Level (D): Source lines of code (SLOC) [28, 49] is a common metric to 

evaluate the complexity of a program. In this paper, we adopt SLOC to represent the dif-

ficulty level of validate a Web page. Therefore, the difficulty level of the 𝑗-th page is 

defined as 

𝐷𝑗 = 𝛽 ∙ 𝑆𝐿𝑂𝐶𝑗 (4) 

where 𝛽 ∈ ℝ+. 

Number of Solver (N): Refers to the times of solvers examining a Web page. Note 

that a user can verify the same page several times. For instance, a user may trace back to 

isolate the defect at the previous page. Hence, the number of solvers of the 𝑗-th page can 

be computed by 

𝑁𝑗 =∑𝑊𝑖𝑗𝑘
𝑖𝑘

 
(5) 

Correctness (C): We provide the gold standard for each Web page testing problem 

which is either normal or faulty. HTS will form the final judgments according to the ma-

jority solvers’ opinions about this page (𝑉𝑗). That is, if most users identify the j-th page as 

faulty, then HTS consider the 𝑗-th page as faulty (𝑉𝑗 = 1). Therefore, the correctness of 

HTS on the 𝑗-th page which is the quantity of differences between the produced report 

and the gold standard (𝐿𝑗) can by computed by 

𝐶𝑗 = 𝑋𝑁𝑂𝑅(𝐿𝑗 , 𝑉𝑗) (6) 

where 𝑋𝑁𝑂𝑅 is exclusive nor and 𝑉𝑗 = 1 if ∑ 𝑂𝑖𝑗𝑘𝑖𝑘 ≥ ∑ 𝑊𝑖𝑗𝑘 −𝑖𝑘 ∑ 𝑂𝑖𝑗𝑘𝑖𝑘 ; otherwise 

𝑉𝑗 = 0. 

Efficiency (EF): Problems with different difficulties require distinct effort to be 

completed. When the number of examinations of this page (∑ 𝑊𝑖𝑗𝑘
𝑝

𝑝 𝐴𝑖) exceeds support 

threshold (𝐻𝑗), which is proportion to SLOC, the test of this page is completed. Let 𝐼𝑗 be 

an index set of the set 𝐸𝑇𝑗 = {𝐸𝑇𝑖𝑗𝑘} such that ∀ 𝑝, 𝑞 ∈ 𝐼, if 𝑝 < 𝑞, then 𝐸𝑇𝑗
𝑝
≤ 𝐸𝑇𝑗

𝑞
, 

𝐸𝑇𝑗
𝑝
, 𝐸𝑇𝑗

𝑞
∈ 𝐸𝑇𝑗 . There exists a mapping from the original index set to 𝐼𝑗. For assuring 

this mapping is invertible, we further assume that if 𝐸𝑇𝑖1𝑗1𝑘1
𝑝

= 𝐸𝑇𝑖2𝑗2𝑘2
𝑞

 and 

𝑖1𝑗1𝑘1 <𝑑 𝑖2𝑗2𝑘2, then 𝑝 < 𝑞 where <𝑑 is an order of comparing 𝑖1 and 𝑖2 first and 

then comparing 𝑗1  and 𝑗2 . If there is no difference between 𝑖1𝑗1  and 𝑖2𝑗2 , then 

𝑖1𝑗1𝑘1 <𝑑 𝑖2𝑗2𝑘2 is identical to 𝑘1 < 𝑘2. The completion time of solving the 𝑗-th page 

which is the first time to complete the 𝑗-th page minus the first time to examine the 𝑗-th 

page is used as measurement for efficiency and can be computed by 

𝐸𝐹𝑗 = 𝑚𝑖𝑛
𝑝
{𝐸𝑇𝑖𝑗𝑘

𝑝
|∑𝑊𝑖𝑗𝑘

𝑝

𝑝

𝐴𝑖 ≥ 𝐻𝑗} − 𝑚𝑖𝑛
𝑖𝑘
𝑆𝑇𝑖𝑗𝑘 

(7) 

The descriptive statistics of variables are shown in Table 1. First impression on 

crowds is that there are highly variations among them in many aspects. However, from 

Table 1 we see that the coefficients of variation of variables (CV) are moderate. This may 

be because that we recruit crowd via social networks. Even though large proportions of 

crowd with similar backgrounds (CV=0.3984) tackle problems with similar difficulty 

levels (CV=0.3123), the coefficient of variation of Efficiency is higher comparatively 

(CV=1.6882). This shows that Personal Bias affects Efficiency significantly (which will 

be discussed in Section 5). The correlations between variables are shown in Table 2. 
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Table 1. Descriptive statistics 

Variable Mean. Std Dev CV Max Min 

Ability Level (A) 5.7383 2.2862 0.3984 10 2 

Personal Bias (B) 0.2504 0.2104 0.8403 1 0.0028 

Engagement (EN) 0.1121 0.1031 0.9197 0.4207 0 

Number of Solvers (N) 160.6308 105.3941 0.6561 318 10 

Difficulty Level (D) 924.4451 288.7363 0.3123 1225 376 

Correctness (C) 0.6595 0.474 0.7188 1 0 

Efficiency (EF) 10.5889 17.8757 1.6882 122.2019 0.0019 

 

Table 2. Correlations between variables 

Variables Ability 

Level 

Personal 

Bias 

Engagement Number 

of Solv-

ers 

Difficulty 

Level 

Correctness Efficiency 

Ability 

Level 

1.00       

Personal 

Bias 

0.17 1.00      

Engagement -0.07 -0.09 1.00     

Number of 

Solvers 

0.22 0.53 0.20 1.00    

Difficulty 

Level 

0.05 0.23 0.08 0.38 1.00   

Correctness 0.10 0.04 0.07 -0.08 -0.60 1.00  

Efficiency -0.01 -0.21 -0.12 -0.38 007 -0.10 1.00 

 

4.3 Model estimation 
 

From Table 2 we see that most correlations between variables are low. It avoids the 

collinearity problem which results in unstable parameter estimates that makes it difficult 

to assess the effective independent variables on dependent variables in regression analy-

sis. We test the extended latent class model using ordinary least squares (OLS) regression. 

Specifically, Equation (8) is to test hypothesis 1a to hypothesis 1e, and Equation (9) is to 

test hypothesis 2a to hypothesis 2e. 

 

𝐶 = 𝛽𝑎0 + 𝛽𝑎1𝐴 + 𝛽𝑎2𝐵 + 𝛽𝑎3𝐸𝑁 + 𝛽𝑎4𝑁 + 𝛽𝑎5𝐷 + 𝜉𝑎 (8) 

 

𝐸𝐹 = 𝛽𝑏0 + 𝛽𝑏1𝐴 + 𝛽𝑏2𝐵 + 𝛽𝑏3𝐸𝑁 + 𝛽𝑏4𝑁 + 𝛽𝑏5𝐷 + 𝜉𝑏  (9) 

 

4.4 Results and analysis 
 

The results of OLS regression are shown in Table 3. From Table 3, we see that 

number of solvers does not have significant impact on correctness, while the influence of 

ability level, personal bias, engagement and difficulty level on correctness are significant 

at the level of (P<0.01). Personal bias and engagement have significant influence on effi-

ciency at the level of (P<0.1), while ability level, number of solvers and difficulty level 

have significant influence on efficiency at the level of (P<0.01). The R
2
 values in the two 

equations are 42.8982% and 20.9062%, respectively. This indicates that the performance 

of human computation cannot be fully explained by ability level, personal bias, engage-

ment and difficulty level. In the future, we will continue to explore more factors and bet-
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ter measurements to improve this model. 

Table 3. Results of OLS regression 
Variables Equation 1 (Correctness) Equation 2 (Efficiency) 

Sym-

bol 

Coeffi-

cient 

T Value P Value Sym-

bol 

Coeffi-

cient 

T Value P 

Val-

ue 

Constant 𝛽𝑎0 1.3545 36.6434 <0.01 𝛽𝑏0 6.6802 4.0721 <0.01 

Ability 

Level 
𝛽𝑎1 0.0233 5.9388 <0/01 𝛽𝑏1 0.6269 3.5969 <0.01 

Personal 

Bias 
𝛽𝑎2 0.3831 7.6762 <0.01 𝛽𝑏2 -4.0921 -1.8477 <0.1 

Engage-

ment 
𝛽𝑎3 0.0002 7.1018 <0.01 𝛽𝑏3 -8.3732 -2.1236 <0.1 

Number of 

Solvers 
𝛽𝑎4 0.0001 1.3043 Not sig-

nificant 

𝛽𝑏4 -0.0783 -16.351

3 

<0.01 

Difficulty 

Level 
𝛽𝑎5 -0.0011 -33.821

9 

<0.01 𝛽𝑏5 0.0161 11.1206 <0.01 

R2 
42.8982% 20.9062% 

 

Figure 4 presents the results of hypotheses tests and shows that if a solver is charac-

terized with a stronger ability, more engagement solves a more preferred problem with 

less difficulty and lead to more satisfactory result. Thus, hypotheses H1a-H1d are sup-

ported. However, hypothesis H1e is not supported. This is because in this research we 

adopt the majority vote to be the quality-control mechanism. The majority vote only con-

siders that which side wins the vote instead of how many votes it wins. Therefore, num-

ber of solvers may not significantly affect the correctness of human computation algo-

rithm. 
The attributes of solvers also affect the efficiency of human computation algorithm. 

We utilize the completion time to quantify the efficiency in this study and therefore, 

higher value means longer completion time and less efficiency. Solvers with less ability 

level, more engagement and more personal bias on the target problem lead to shorter 

completion time, which supports hypotheses H2b and H2c but not H2a. Surprisingly, it 

shows that low-ability solvers finish problems more quickly, which is in contrast to hy-

pothesis H2a. This may be explained as follows: in the assumption of HTS, users leave 

the page without report is considered as they identify this page as a normal page. Solvers 

with high ability would spend time examining the problems, while low-ability solvers 

just report the results without careful consideration. Therefore, less ability level of solv-

ers lead to less completion time. Computational situation also shows significant effect on 

the efficiency of human computation algorithm. This confirms that more difficult prob-

lems are more likely to require more completion time. Thus, hypothesis H2d is supported. 

Number of solvers affects the efficiency of human computation algorithms significantly. 

More solvers participated in solving problems will lead to less completion time. 
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Figure 4 Results of hypotheses test 

5. DISCUSSION, IMPLICATIONS AND LIMITATIONS 

5.1 Discussions 

 

This study empirically reveals some meaningful findings, and demonstrates that 

different attributes of human solvers and different computational situations will lead to 

differences in the correctness and efficiency of human computation. Most of the hypoth-

eses have been verified by data from our implemented Web application testing prototype 

system. The empirical results imply that human solvers with higher competence level, 

higher engagement, more personal bias and lower difficulty level of problem lead to 

higher correctness of human computation. Results show that solvers’ ability level, per-

sonal bias, engagement are positively related to the quality of human computation algo-

rithm. However, the results indicate that number of solvers does not affect the correct-

ness of human computation significantly, but when number of solvers is high, the cor-

rectness will be high, which conforms to the hypothesis. Solvers’ ability level shows pos-

itive and significant influence on the completion time. It may be interpreted by the fact 

that low-ability solvers may verify the pages recklessly, while high-ability solvers exam-

ine the pages carefully. 
 

5.2 Theoretical implication 

 

This research has some theoretical implications. In this study we integrate human 

attributes and computational situation factors to investigate their influence on the per-

formance of human computation in testing Web application. Information on how the 

human attributes and computational situation affect the performance of human computa-

tion algorithm is lack in previous studies. To the best of our knowledge, no studies have 

revealed the distribution of crowds’ ability. In this study, the true abilities of solvers are 

quantified by accuracy which is a common measure of how well a binary classification 



TSUNG-JU LEE, SHIAN-SHYONG TSENG AND CHIH-CHUN KUNG 

 

222 

 

performs. The accuracy is the proportion of true results in the problems the  -th solvers 

examine and can be computed by 

𝐴  𝑢𝑟  𝑦𝑖 =∑𝑋𝑁𝑂𝑅(𝐿𝑗 , 𝑂𝑖𝑗𝑘)

𝑗𝑘

∑𝑊𝑖𝑗𝑘
𝑗𝑘

⁄  
(10) 

where      is exclusive nor. 

Figure 5 shows the histogram of accuracy. Solvers with higher ability (          
0  ) have the largest proportion. This is because that there are 18 users who only exam-

ine normal pages without any report. We cannot confirm whether they do examinations 

or just browse. Even discarding these suspect data, this distribution of crowds’ ability is 

still skew to left. It contrasts to our intuition that most crowds have comparative low 

ability and only few crowds are expert in testing Web applications. It may be interpreted 

by the recruitment of crowds is via social networks in our study. Most of our friends have 

certain level sense of testing Web application, because of our backgrounds in computer 

science. Although this study is biased in system implementation and data collection, it 

can still serve as a reference for future consideration of theoretical human computation 

model. 

 

Figure 5 Histogram of accuracy 

5.3 Practical implication  

 

This study also provides implications for the system designers and administrators to 

improve the performance of their system. The proposed model can be a guide of devel-

oping or improving a human computation system. In essence, results show that number 

of solvers is positively related to the correctness and the efficiency of human computa-

tion. Furthermore, it does significantly affect the efficiency of human computation. This 

suggests that how to motivate users to participate in the problem-solving phase is still the 

first matter of building human computation systems. Shao et al. [9] indicated that a 

well-designed project can attract more high-ability solvers. By considering their contri-

butions, it is a practical way to improve human computation. It can be also seen from the 

results that engagement has positive and significant impact on the correctness and the 

efficiency of human computation. This indicates that keeping crowd contributing their 

computational power can be benefit to the performance of system. 

Difficulty levels of tasks and personal bias have both positive and significant influ-

ence on the performance of human computation, including effectiveness and efficiency. 
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This suggests that a proper task assignment can improve human computation which is 

consistent with [18, 19]. Law and Ahn [8] mentioned that it requires enough logs to es-

timate the competences of workers reliably. However, for some applications, many 

crowds only perform once. It is critical to estimate the ability of crowd and control the 

quality. In this study, we just ask solvers to provide basic information, profession and 

skill, and further utilize these characteristics to infer the crowds’ abilities. The results 

reveal that ability level affect significantly on the quality of human computation. We 

further explore the relationship between the basic information and Web application test-

ing ability (quantified by accuracy in Equation 10). It shows that the profession and skill 

information is positive related to the Web application testing ability (coefficient of cor-

relation is 0.3048). If we discard those suspect users (𝐴  𝑢𝑟  𝑦𝑖  0  ), it shows tighter 

relationship between the provided basic information and Web application testing ability. 

This suggests a possible way to estimate workers’ competence.  

 

5.4 Limitations 

 

This study has inevitably suffered from several limitations. For example, most re-

cruited crowds have similar background, computer science student. It still requires fur-

ther empirical studies to explore the influence of human’s attributes on the performance 

of human computation. Beside, Web application problems are specific ones and a broad-

er scope of target problems should be taken into consideration in the future study. For the 

proxies of considered factors, the estimation of completion time is more accurate in the 

original setting which record       after clicking the finish button. However, many 

workers skip this step and lead to the estimation of        adopted in this paper. Simi-

larly, when identifying current page as normal, workers do not need to report. It will af-

fect the estimation of the correctness. The complexity of program is not always related to 

the complexity of problem (difficulty). In some cases, users only need to verify the ap-

pearance of a page, ignoring the underlying codes. For example, we just need to check 

the displayed graph is correct or not, but not verify the way to select this graph.  

6. CONCLUSION 

In this study, based on data from our implemented Web application testing platform 

[20], we analyze how the effectiveness and efficiency of human computation algorithm 

are influenced by the human’s attributes and computational situation. The results provide 

implications for designers and administrators on human computation systems on how to 

improve the performances. Due to the limitations of the current research, in future re-

search we should adopt more objective measurements to test the model. 
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