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Abstract: Automatic classification of crowd sourced test reports is important due to their tremendous sizes and 

large proportion of noises. The challenge is how to trade off the matching degree between users’ expertise and the 

question topic, and the likelihood of positive response from the invited users. In this paper, we formally formulate 

the problem and develop a weakly supervised factor graph (WeakFG) model to address the problem. The model 

explicitly captures expertise matching degree between questions and users. We propose an approach which 

combines collaborative filtering and topic modeling techniques. In the collaborative filtering component, given a 

new app, our approach recommends libraries by using its similar apps. Triaging these expansive quantities of 

approaching bug reports is a troublesome and tedious errand. Part of the bug triaging procedure is relegating a 

recently arrived bug report to an engineer who could effectively resolve the bug. Appointing bug report to the 

applicable designer is a vital stride as it decreases the bug hurling. Trained with historical data including identified 

duplicate reports, it is able to learn the sets of different terms describing the same technical issues and to detect other 

not-yet-identified duplicate ones. To improve bug triage, many studies have proposed automatic approaches to 

recommend proper developers for resolving bugs. These approaches are based on machine learning algorithms, 

which treat bug triage like text classification. We further analyze the deep reason and find that industrial data have 

significant local bias, which degrades existing approaches. We aim at designing an effective approach to overcome 

the local bias in real industrial data and automatically classifying true fault from the large amounts of crowd sourced 

reports. 

 

Index Terms: Crowd sourced testing; Report classification; Cluster, Topic Modeling, Collaborative Filtering, , 

Feature Information, Topic Model. 

 

1. INTRODUCTION  

Bugs are the programming blunders that 

cause noteworthy execution debasement. Bugs lead 

to poor client experience and low framework 

throughput [1]. Extensive open source programming 

improvement ventures. Mozilla and Eclipse get 

numerous bug reports. They more often than not 

utilize a bug following framework where clients can 

report their issues which happened in their separate 

undertakings [2]. Support Vector Machine (SVM) 

was utilized train an SVM classifier, all pairs of 

duplicate bug reports are formed and considered as 

the positive samples and all other pairs of non-

duplicate bug reports are used as the negative ones. 

The key limitation of ML approaches is their low 

efficiency. The recent work by Sun et al. has shown 

an advanced IR approach [3]. Outperformed state-of-

the-art ML approaches in term of both accuracy and 

time efficiency [ 4]. It is customized from account the 

long bug reports and the meta-data such as the 

reported product, component, and version [5]. We 

propose a method utilizing relevant search technique. 

Our method essentially builds a search application for 

bug reports [6]. With this search application, we can 

find relevant bug reports for a given bug then analyze 

them to get the corresponding developers [7]. We 

propose an automated approach AppLibRec which 

combines and collaborative filtering to recommends a 

list of third party libraries for mobile apps. 

Specifically, AppLibRec performs two kinds of 

analysis: README file based analysis (RM-based) 

and libraries based analysi In the RM-based 

component [8]. 
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Figure 1: Document Modeling 

2. RELATED WORK 

 

To our best knowledge is most related to ours 

proposed combines association rule mining and a 

nearest-neigh borated collaborative filtering 

approach to recommend libraries for projects [9]. 

Recommender systems are widely utilized in 

software engineering many previous studies have 

proposed approaches to recommend various code 

using various information sources by various 

heuristics  propose the problem of mining code 

fragments that satisfy the query which describes the 

input and output types [10]. The goal is to assign a 

list of experts to a list of queries by considering 

matching degree, load balance, and other 

constraints. There was a bunch of research on this 

topic, probably starting from conference-paper 

reviewer assignment [11]. Our observation on real 

industrial crowd sourced testing data reveals that 

previous approaches generate poor and unstable 

performances on these industrial data [12]. We 

further analyze the deep reason and find that 

industrial data have significant local bias data are 

heterogeneous within dataset and their distributions 

are often different from one project to another In 

general, testers in  prepare packages for crowd 

sourced testing and distribute them online using 

their crowd sourced testing platform. Then, crowd 

workers could sign in to conduct the task and are 

required to submit crowd sourced test reports [13]. 

We develop Duplicate Bug report Topic Model, 

DBTM, a duplicate bug report detection model that 

takes advantage of both term-based and topic-based 

features. In DBTM, a bug report is viewed as a 

textual document describing one or more technical 

issues in a system [14]. 

 

3. SYSTEM MODELS 

 

The framework consists of five steps. It first extracts 

necessary information such as summary, description, 

product and component from the original bug reports 

[15]. Then it indexes the extracted information. When 

we need to recommend developers for a new bug 

report, it first executes the same information 

extraction and indexing [16]. Duplicate reports 

describe the same technical issue reporters might 

discuss other relevant topics and phenomena, and 

provide the insights on the bug including suggested 

fixes and relevant technical functions. Those 

observations suggest that the detection of duplicate 

bug reports could rely not only on the technical 

terms, but also on the technical topics in the reports 

[17] 
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4. PROPOSED SYSTEM 

We first provide a description of our overall 

framework then propose method to solve the third 

party libraries recommendation we describe the RM-

based component which uses LDA model. We 

present the Lib-based component which uses 

collaborative filtering [18]. Finally we aggregate the 

two components presented. We propose a cluster-

based classification approach to overcome the local 

dilemma. The overview of our approach we carry out 

feature extraction, which is to obtain features from 

crowd sourced report to train machine learning 

classifiers. Secondly, we cluster similar reports 

together to construct more homogeneous training 

dataset we build classifiers based on most similar 

clusters and combine classification results from these 

classifiers [19]. Cluster Label Generation, which is 

utilized to produce the group marks utilizing the 

continuous terms present as a part of the bugs of a 

bunch. Mapping of the bunch names to the bug 

classifications utilizing the ordered terms, that are 

predefined for different classifications is completed 

next [20]. 

 

 
                                                     Figure 3: Third Party Libraries Recommendation Framework 

5. METHODOLOGIES  

Given a query our goal is to find experts with 

sufficient knowledge who are willing to answer the 

question or review the paper with limited amount of 

labeled data. Let us consider a set of N candidate 

experts E = {e1, · · · , eN }. The general problem can 

be then formalized as seeking a ranking function to 

quantify each expert ei’s expertise degree and 

acceptance probability simultaneously [21]. The 

ranking score Sqi was defined by only considering 

the expertise matching degree between q and the 

expert ei One method is to use language models 

which estimates the generative probability of a query 

given each document using a smoothed word 

distribution. Afterwards topic models have been used 

to model latent topics in order to improve the 

matching accuracy [22

]. 

 
Figure 4: The procedure of crowd sourced testing [5] 

A. Extracting Features  

The goal of feature extraction is to obtain features 

from crowd sourced reports which can be potentially 

used as input to train machine learning classifiers. 

We abstract these features from the following three 

dimensions: textual, sentiment, and crowd worker 

experience. Each dimension may contain a set of 

features. For textual dimension, we first collect 

different sources of text description together [23]. 

Then we conduct word segmentation, as the crowd 

sourced reports in our experiment are written in 

Chinese. We adopt for word segmentation and 

segment descriptions into words. We then remove 

stop words (i.e., “the”, “am”, “on”, etc.) to reduce 

noise. Note that, workers often use different words to 

express the same concept, so we introduce the 

synonym replacement technique to mitigate this 

problem. Synonym library of LTP5 is adopted. Each 

of the remaining word token corresponds to a feature. 

For each feature, we take the frequency it occurs in 
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the description as its value. We organize all the 

features under investigated into a feature vector. For 

each crowd sourced report, we extract the value for 

each feature and prepare the feature vector for 

building machine learning classification models. 

B. Clustering Reports  

For mitigating the local bias of our industrial crowd 

sauced data we perform clustering techniques to 

ensure the homogeneity within training data. 

Intuitively, the crowd sourced reports within the 

same cluster tend to homogeneous with each other. 

Specifically we apply K-means algorithm to separate 

all training data into different clusters. Note that, we 

break the boundary exerted by projects and 

reorganize all available crowd sourced reports into 

clusters [24].  

 
Figure 5: Overview of our cluster-based classification approach 

 

C. Prediction Algorithm for T-Model  

The goal of this algorithm is to estimate the topic 

proportion of a newly arrived bug report  and 

calculate the topic similarity to other bug reports and 

duplicate groups. The algorithm uses the trained 

model from the previous algorithm to estimate the 

topic proportion and uses the Jensen-Shannon 

divergence to calculate the topic similarity between 

each bug report in all groups of duplicate reports. The 

similarity  combination with BM25F-based similarity 

sim2, will be used to estimate how likely b can be a 

duplicate of the reports in the group [25]. 

 

6. EXPERIMENT RESULTS  

We describe our dataset, and present our evaluation 

measures. And then, we demonstrate our research 

questions and the results of our experiments. Finally, 

we discuss the threads to validate. Filtering. This 

method recommends libraries by investigating the set 

of libraries that are used by similar applications, 

using a nearest neighbor based collaborative filtering 

approach. We tune each algorithm to its best 

parameter, compared with the state-of-the-art work 

and the improvement of over it. The statistically 

significant improvements are highlighted in bold. 

From Table 1, the improvement of our approach over 

it is significant.  commonly used latent factor based 

model for text similarity. Our RM-based component 

recommends libraries by finding similar applications, 

using LDA model to find the similar applications. 

Our Lib-based component recommends libraries by 

investigating the set of libraries that are used by 

similar applications, also using a nearest neighbor 

based collaborative filtering approach. It uses PCC as 

the metric to compute this distance. 
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Figure 6: Recall Different Numbers of Topics of RM-based 

 

7. CONCLUSIONS AND FUTURE WORK  

The cluster-based classification model is classify true 

fault from the large amounts of crowd sourced 

reports. This can potentially help to reduce the effort 

required for manually inspecting the reports and 

facilitate project management in crowd sourced 

testing. To improve efficiency and effectiveness of 

bug triage our method recommends developers for 

bugs to be assigned. Besides we utilized component 

and product information of bug reports to improve 

the performance of our method. A single error takes 

too much time and companies need to spend huge 

amount of money on single bug. It is not affordable 

for companies where time and money matters a lot. 

So time and money can be utilized by providing all 

solution in developer’s desk even if he is not facing 

this bug. However these mobile applications may not 

contain the sufficient co-occurrence of third party 

libraries. We propose a new method AppLibRec to 

automatically recommend third party libraries for the 

developers. Future work will also include exploring 

transfer learning and other techniques to further 

improve the model performance and stability. 
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