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Abstract— Ranking fraud within the mobile App market refers to dishonest or deceptive activities that have a purpose of bumping up the Apps 

within the quality list. Indeed, it becomes additional and additional frequent for App developers to use shady suggests that, like inflating their 

Apps’ sales or posting phony App ratings, to commit ranking fraud. Whereas the importance of preventing ranking fraud has been well known, 

there's restricted understanding and analysis during this space. to the present finish, during this paper, we offer a holistic read of ranking fraud 

and propose a ranking fraud detection system for mobile Apps. Specifically, we tend to 1st propose to accurately find the ranking fraud by 

mining the active periods, specifically leading sessions, of mobile Apps. Such leading sessions will be leveraged for detective work the native 

anomaly rather than world anomaly of App rankings. Moreover, we tend to investigate 3 forms of evidences, i.e., ranking based mostly 

evidences, rating {based based mostly primarily based mostly} evidences and review based evidences, by modeling Apps’ ranking, rating and 

review behaviors through applied mathematics hypotheses tests. Additionally, we tend to propose AN optimization based mostly aggregation 

methodology to integrate all the evidences for fraud detection. Finally, we tend to evaluate the projected system with real-world App knowledge 

collected from the iOS App Store for an extended fundamental measure. Within the experiments, we tend to validate the effectiveness of the 

projected system, and show the quantifiability of the detection algorithmic program furthermore as some regularity of ranking fraud activities. 

__________________________________________________*****_________________________________________________ 

I. INTRODUCTION 

THE number of mobile Apps has fully grown at a wide 

ranging rate over the past few years. as an example, as of the 

tip of April 2013, there square measure quite one.6 million 

Apps at Apple’s App store and Google Play. To stimulate 

the event of mobile Apps, several App stores launched daily 

App leader boards, that demonstrate the chart rankings of 

most well-liked Apps. Indeed, the App leader board is one 

among the foremost necessary ways in which for promoting 

mobile Apps. a better rank on the leader board sometimes 

ends up in an enormous variety of downloads and million 

bucks in revenue. Therefore, App developers tend to explore 

numerous ways in which like advertising campaigns to 

market their Apps so as to own their Apps hierarchical as 

high as potential in such App leader boards. 

However, as a recent trend, rather than counting on ancient 

promoting solutions, shady App developers resort to some 

dishonest suggests that to deliberately boost their Apps and 

eventually manipulate the chart rankings on an App store. 

This is often sometimes enforced by victimization alleged 

―boot farms‖ or ―human water armies‖ to inflate the App 

downloads, ratings and reviews during a} very short time. as 

an example, a piece of writing from Venture Beat reported  

that, once AN App was promoted with the assistance of 

ranking manipulation. 

II. SYSTEM ANALYSIS 

EXISTING SYSTEM: 

In connected work, like net ranking the literature, whereas 

there square measure some spam detection, on-line review 

spam detection and mobile App recommendation, the matter 

of detective work ranking fraud for mobile Apps remains 

under-explored. 

Generally speaking, the connected works of this study will 

be sorted into 3 classes. The first class is regarding net 

ranking spam detection. The second class is concentrated on 

detective work on-line review spam. Finally, the third class 

includes the studies on mobile App recommendation 
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DISADVANTAGES OF EXISTING SYSTEM: 

Although a number of the prevailing approaches will be 

used for anomaly detection from historical rating and review 

records, they're powerless to extract fraud evidences for a 

given fundamental measure (i.e., leading session). Cannot 

ready to find ranking fraud happened in Apps’ historical 

leading sessions 

PROJECT SYSTEM: 

We 1st propose a straightforward nevertheless effective 

algorithmic program to spot the leading sessions of every 

App supported its historical ranking records. Then, with the 

analysis of Apps’ ranking behaviors, we discover that the 

dishonest Apps usually have completely different ranking 

patterns in every leading session compared with traditional 

Apps. Thus, we tend to characterize some fraud evidences 

from Apps’ historical ranking records, and develop 3 

functions to extract such ranking based mostly fraud 

evidences. 

We additional propose 2 forms of fraud evidences supported 

Apps’ rating and review history, that replicate some 

anomaly patterns from Apps’ historical rating and review 

records. In Ranking based mostly Evidences, by analyzing 

the                        

Apps’ historical ranking record, we tend to observe that 

Apps’ ranking behaviors in a very leading event perpetually 

satisfy a selected ranking pattern, that consists of 3 

completely different ranking phases, namely, rising part, 

maintaining part and recession part. 

In Rating based mostly Evidences, specifically, when AN 

App has been printed, it will be rated by any user WHO 

downloaded it. Indeed, user rating is one among the 

foremost necessary options of App promotion. AN App that 

has higher rating could attract additional users to transfer 

and may even be hierarchical higher within the leader board. 

Thus, rating manipulation is additionally a very important 

perspective of ranking fraud. 

    In Review based mostly Evidences, besides ratings, most 

of the App stores additionally permit users to write down 

some matter comments as App reviews. Such reviews will 

replicate the non-public perceptions and usage experiences 

of existing users for explicit mobile Apps. Indeed, review 

manipulation is one among the foremost necessary 

perspective of App ranking fraud 

 

ADVANTAGES OF projected SYSTEM: 

The projected framework is scalable and may be extended 

with alternative domain generated evidences for ranking 

fraud detection. 

Experimental results show the effectiveness of the projected 

system, the quantifiability of the detection algorithmic 

program furthermore as some regularity of ranking fraud 

activities. 

To the simplest of our data, there's no existing benchmark to 

choose that leading sessions or Apps extremely contain 

ranking fraud. Thus, we tend to develop four intuitive 

baselines and invite 5 human evaluators to validate the 

effectiveness of our approach proof Aggregation based 

mostly Ranking Fraud Detection (EA-RFD). 

SYSTEM ANALYSIS 

SYSTEM ARCHITECTURE: 

 Mining Leading Sessions 

There square measure 2 main steps for mining leading 

sessions. First, we'd like to get leading events from the 

App’s historical ranking records. Second, we'd like to merge 

adjacent leading events for constructing leading sessions. 

Specifically, rule demonstrates the pseudo code of mining 

leading sessions for a given App a. 

 

III. IMPLEMENTATION 

MODULES: 

 Mining Leading Sessions 

 Ranking primarily based Evidences 

 Rating primarily based Evidences 

 Review primarily based Evidences 

 Evidence Aggregation 

MODULES DESCRIPTION: 

 Mining Leading Sessions 

 Within the 1st module, we have a tendency to develop our 

system surroundings with the small print of App like 

associate degree app store. Intuitively, the leading sessions 

of a mobile App represent its periods of recognition that the 

ranking manipulation can solely happen in these leading 

sessions. Therefore, the matter of sleuthing ranking fraud is 

to notice dishonest leading sessions. On this line, the 

primary task is a way to mine the leading sessions of a 

mobile App from its historical ranking records. There square 

measure 2 main steps for mining leading sessions. First, 

we'd like to get leading events from the App’s historical 
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ranking records. Second, we'd like to merge adjacent leading 

events for constructing leading sessions. 

Proof Ranking primarily based 

During this module, we have a tendency to develop ranking 

primarily based Evidences system. By analyzing the Apps’ 

historical ranking records, net serve that Apps’ ranking 

behaviors in an exceedingly leading event forever satisfy a 

particular ranking pattern, that consists of 3 completely 

different ranking phases, namely, rising section, maintaining 

section and recession section. Specifically, in every leading 

event, associate degree App’s ranking 1st will increase to a 

peak position within the leader board (i.e., rising phase), 

then keeps such peak position for a amount (i.e., 

maintaining phase), and at last decreases until the tip of the 

event (i.e., recession phase).  

Rating primarily based Evidences 

 Within the third module, we have a tendency to enhance the 

system with Rating primarily based evidences module. The 

ranking primarily based evidences square measure helpful 

for ranking fraud detection. However, sometimes, it's not 

comfortable to solely use ranking primarily based evidences. 

for instance, some Apps created by the illustrious 

developers, like Game left, could have some leading events 

with giant values of u1 because of the developers’ 

believability and also the ―word-of-mouth‖ advertising 

result. Moreover, a number of the legal promoting services, 

like ―limited-time discount‖, might also lead to important 

ranking primarily based evidences. to resolve this issue, we 

have a tendency to conjointly study a way to extract fraud 

evidences from Apps’ historical rating records. 

Review primarily based proof 

 During this module we have a tendency to add the Review 

primarily based Evidences module in our system. Besides 

ratings, most of the App stores conjointly permit users to jot 

down some matter comments as App reviews. Such reviews 

will mirror the private perceptions and usage experiences of 

existing users for specific mobile Apps. Indeed, review 

manipulation is one in all the foremost necessary 

perspective of App ranking fraud. Specifically, before 

downloading or getting a brand new mobile App, users 

usually 1st scan its historical reviews to ease their deciding, 

and a mobile App contains a lot of positive reviews could 

attract a lot of users to transfer. Therefore, imposters a 

usually post faux review within the leading sessions of a 

particular App so as to inflate the App downloads, and 

therefore propel the App’s ranking position within the leader 

board. 

Evidence Aggregation 

 During this module we have a tendency to develop the 

proof Aggregation module to our system. when extracting 3 

sorts of fraud evidences, consecutive challenge is a way to 

mix them for ranking fraud detection. Indeed, there square 

measure several ranking and proof aggregation ways within 

the literature, like permutation {based based mostly 

primarily primarily based} models score based models and 

Dempster-Shafer rules. However, a number of these ways 

target learning a world ranking for all candidates. this can be 

not correct for sleuthing ranking fraud for brand new Apps. 

Different ways square measure supported supervised 

learning techniques that rely on the tagged coaching 

knowledge and square measure onerous to be exploited. 

Instead, we have a tendency to propose associate degree 

unsupervised approach supported fraud similarity to mix 

these evidences. 

In rule one, we have a tendency to denote every leading 

event e and session as tuples &it; tee start; tee finish &get; 

and &it; its start; its end; metallic element &get; severally, 

wherever metallic element is that the set of leading events in 

session s. Specifically, we have a tendency to 1st extract 

individual leading event e for the given App a (i.e., Step two 

to 7) from the start time. for every extracted individual 

leading event e, we have a tendency to check the time span 

between e and also the current leading session s to choose 

whether or not they belong to an equivalent leading session 

supported Definition two. Notably, if ate begin nine its 

finish Þ &it; f, e are going to be thought-about as a brand 

new leading session (i.e., Step eight to 16). Thus, this rule 

will determine leading events and sessions by scanning a’s 

historical ranking records just once. 

IV. DISCUSSION 

Here, we offer some discussion concerning the projected 

ranking 

Fraud detection system for mobile Apps. First, the transfer 

info is a vital signature for sleuthing ranking fraud, since 

ranking manipulation is to use alleged ―boot farms‖ or 

―human water armies‖ to inflate the App downloads and 

ratings in an exceedingly} very short time. However, the 

moment transfer info of every mobile App is commonly not 

obtainable for analysis. In fact, Apple and Google don't 

offer correct transfer info on any App. moreover, the App 

developers themselves also are reluctant to unharnessed 

their transfer info for numerous reasons. Therefore, during 

this paper, we have a tendency to primarily specialize in 

extracting evidences from Apps’ historical ranking, rating 

and review records for ranking fraud detection. However, 

our approach is climbable for group action different 
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evidences if obtainable, like the evidences supported the 

transfer info and App developers’ name. Second, the 

projected approach will find ranking fraud happened in 

Apps’ historical leading sessions. However, sometime, we 

want to find such ranking fraud from Apps’ current ranking 

observations. Actually, given the present ranking ra 

currently of AN App a, we are able to find ranking fraud for 

it in 2 completely different cases. First, if ra currently & get; 

Mount Godwin Austen, wherever Mount Godwin Austen is 

that the ranking threshold introduced in Definition one, we 

have a tendency to believe a doesn't involve in ranking 

fraud, since it's not in an exceedingly leading event. Second, 

if ra currently & lt; Mount Godwin Austen, which implies a 

is in an exceedingly new leading event e, we have a 

tendency to treat this case as a special case that tee finish ¼ 

te currently and u2 ¼ zero. Therefore, such period of time 

ranking frauds can also be detected by the projected 

approach. Finally, once sleuthing ranking fraud for every 

leading session of a mobile App, the rest drawback is a way 

to estimate the quality of this App. Indeed, our approach 

will discover the native anomaly rather than the world 

anomaly mobile App.  Thus, we should always take thought 

of such reasonably native characteristics once estimating the 

quality of Apps. To be specific, we have a tendency to 

outline AN App fraud score FðaÞ for every App a in step 

with what percentage leading sessions of a contain ranking 

fraud FðaÞ ¼ X s2a ½C_ðsÞ &gt; 10  C_ðsÞ  Dts; (26) 

wherever s a pair of a denotes that s may be a leading 

session of App a, and C_ðsÞ is that the final proof score of 

leading session s which will be calculated by Equation 

eighteen. Specifically, we have a tendency to outline a 

symbol perform ½x__ (i.e., ½x__ ¼ one if x ¼ True, and 

zero otherwise) and a fraud threshold t to make a decision 

the highest k deceitful   leading sessions. Moreover, 

delirium tremens ¼ ðts finish nine ts begin þ 1Þ is that the 

time vary of s, that indicates the period of ranking fraud. 

Intuitively, AN App contains a lot of leading sessions, that 

have high fraud proof scores and durable period, can have 

higher App fraud scores. 

V. EXPERIMENTAL RESULTS 

 during this section, we have a tendency to evaluate the 

performances of ranking fraud detection victimization real-

world App information. 

THE EXPERIMENTAL knowledge 

The experimental knowledge sets were collected from the 

―Top Free 300‖ and ―Top Paid 300‖ leader boards of 

Apple’s App Store (U.S.) from February 2, 2010 today, 

2012. The information sets contain the daily chart rankings1 

of high three hundred free Apps and high three hundred paid 

Apps, severally. Moreover, every knowledge set 

additionally contains the user ratings and review info. Table 

one shows the careful knowledge characteristics of our 

knowledge sets.  

 Figs. 6a and 6b show the distributions of the amount of 

Apps with regard to totally different rankings in these 

knowledge sets. Within the figures, we are able to see that 

the amount of Apps with low Ranking is over that of Apps 

with high rankings. Moreover, the competition between free 

Apps is over that between paid Apps, particularly in high 

rankings (e.g., top 25). Figs. 7a and 7b show the distribution 

of range the amount the quantity} of Apps with regard to 

totally different number of ratings in these knowledge sets. 

Within the figures, we are able to see that the distribution of 

App ratings isn't even, that indicates that solely a tiny low 

proportion of Apps square measure very fashionable. 

THE EXPERIMENTAL SETUP 

To study the performance of ranking fraud detection by 

every approach, we have a tendency to came upon the 

analysis as follows. First, for every approach, we have a 

tendency to designated fifty high hierarchical  leading 

sessions (i.e., most suspicious sessions), fifty middle 

hierarchical  leading sessions (i.e., most unsure sessions), 

and fifty bottom hierarchical  leading sessions (i.e., most 

conventional sessions) from every knowledge set. Then, we 

have a tendency to united all the chosen sessions into a pool 

that consists 587 distinctive sessions from 281 distinctive 

Apps in ―Top Free 300‖ knowledge set, and 541 distinctive 

sessions from 213 distinctive Apps in ―Top Paid 300‖ 

knowledge set. Second, we have a tendency to invited 5 

human evaluators United Nations agency square measure 

acquainted with Apple’s App store and mobile Apps to 

manually label the chosen leading sessions with score two 

(i.e., Fraud), 1 (i.e., Not Sure) and zero (i.e., Non-fraud). 

Specifically, for every designated leading session, every 

authority gave a correct score by comprehensively 

considering the profile info of the App (e.g., descriptions, 

screenshots), the trend of rankings throughout this session, 

the App leader board info throughout this session, the trend 

of ratings throughout this session, and also the reviews 

throughout this session. Moreover, they will additionally 

transfer and take a look at the corresponding Apps for 

getting user experiences. Significantly, to facilitate their 

analysis, we have a tendency to develop a ranking fraud 

analysis  platform that ensures that the evaluators will 

simply browse all the data. Also, the platform demonstrates 

leading sessions in random orders that guarantees there's no 

relationship between leading sessions’ order and their fraud 

scores. Fig. eleven shows the screenshot of the platform. 

The left panel shows the most menus, the proper higher 

panel shows the reviews for the given session, and also the 

right lower panel shows the ranking connected info for the 
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given session. When human analysis, every leading session 

s is assigned a fraud score fðsÞ two ½0; one hundred. As a 

result, all the 5 evaluator’s in agreement on eighty six fraud 

sessions and 113 non-fraud sessions high Free three hundred 

knowledge set. Note that, eleven labeled fraud sessions 

among them square measure from the external reported 

suspicious Apps, that validates the effectiveness of our 

human judgment. Similarly, all the 5 evaluators in 

agreement on ninety four fraud sessions and 119 non-fraud 

sessions high Free three hundred knowledge set. Moreover, 

we have a tendency to compute the Cohen’s letter of the 

alphabet constant between every combine of evaluators to 

estimate the inter-evaluator agreement. The values of 

Cohen’s letter of the alphabet constant square measure 

between 0:66 to 0:72 within the user analysis. this means the 

substantial agreement. Finally, we have a tendency to more 

hierarchical the leading sessions by every approach with 

regard to their fallacious scores, and obtained six 

hierarchical lists of leading sessions. particularly, if we have 

a tendency to treat the unremarkably in agreement fraud 

sessions (i.e., eighty nine sessions in high Free three 

hundred knowledge set, ninety four sessions in high Paid 

three hundred knowledge set) because the ground truth, we 

are able to measure every approach with 3 widely-used 

metrics, particularly Precision@K, Recall@K, F@K [2]. 

Also, we are able to exploit the metric normalized 

discounted accumulative gain (NDCG) for determinant the 

ranking performance of every approach. Specifically, the 

discounted accumulative gain given a cut-off rank K is 

calculated by DCG@K ¼ PK i¼1 2fðsiÞ_1 log2ð1þiÞ; 

wherever fðsiÞ is that the human labeled fraud score. The 

NDCG@K is that the DCG@K normalized by the 

IDCG@K, that is that the DCG@K price of the perfect 

ranking list of the came Fig. 11 

VI. CONCLUSION 

In this paper, we have a tendency to developed a ranking 

fraud detection system for mobile Apps. Specifically, we 

have a tendency to 1st showed that ranking fraud happened 

in leading sessions and provided a technique for mining 

leading sessions for every App from its historical ranking 

records. Then, we have a tendency to known ranking 

primarily based evidences, rating {based based mostly 

primarily primarily based} evidences and review based 

evidences for sleuthing ranking fraud. Moreover, we have a 

tendency to projected associate degree improvement 

primarily based aggregation methodology to integrate all the 

evidences for evaluating the credibleness of leading sessions 

from mobile Apps. Associate degree distinctive perspective 

of this approach is that each one the evidences may be 

sculptured by applied math hypothesis tests, so it's 

straightforward to be extended with alternative evidences 

from domain data to observe ranking fraud. Finally, we have 

a tendency to validate the projected system with in depth 

experiments on real-world App knowledge collected from 

the Apple’s App store. Experimental results showed the 

effectiveness of the projected approach. within the future, 

we have a tendency to conceive to study simpler fraud 

evidences and analyze the latent relationship among rating, 

review and rankings. Moreover, we are going to extend our 

ranking fraud detection approach with alternative mobile 

App connected services, like mobile Apps recommendation, 

for enhancing user expertise. 
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