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(e supervised learning-based recommendation models, whose infrastructures are sufficient training samples with high quality,
have been widely applied in many domains. In the era of big data with the explosive growth of data volume, training samples
should be labelled timely and accurately to guarantee the excellent recommendation performance of supervised learning-based
models. Machine annotation cannot complete the tasks of labelling training samples with high quality because of limited machine
intelligence. Although expert annotation can achieve a high accuracy, it requires a long time as well as more resources. As a new
way of human intelligence to participate in machine computing, crowdsourcing annotation makes up for shortages of machine
annotation and expert annotation. (erefore, in this paper, we utilize crowdsourcing annotation to label training samples. First, a
suitable crowdsourcing mechanism is designed to create crowdsourcing annotation-based tasks for training sample labelling, and
then two entropy-based ground truth inference algorithms (i.e., HILED and HILI) are proposed to achieve quality improvement
of noise labels provided by the crowd. In addition, the descending and random order manners in crowdsourcing annotation-based
tasks are also explored. (e experimental results demonstrate that crowdsourcing annotation significantly improves the per-
formance of machine annotation. Among the ground truth inference algorithms, both HILED andHILI improve the performance
of baselines; meanwhile, HILED performs better than HILI.

1. Introduction

tRecommendation systems have increasingly attracted at-
tention, since they can significantly alleviate the problem of
information overload on the Internet and help people find
items of interest or make better decisions in their daily life.
Among the recommendation models, the supervised
learning-based ones have been widely applied in many
domains, such as cloud/edge computing [1], complex sys-
tems [2, 3], and Quality of Service (QoS) prediction [4, 5]. It
is no doubt that sufficient training samples with high quality
guarantee the excellent recommendation performance of
supervised learning-based recommendation systems. (us,
it is necessary to study how to timely and accurately label
sufficient training samples in the era of big data with the

explosive growth of data volume. Although machine an-
notation can label enough training samples timely, they do
not meet the requirement of high quality because of limited
machine intelligence. So, it is natural to think of utilizing the
intelligence of human beings.

Indeed, expert annotation (i.e., hiring domain experts to
label training samples) can achieve a high accuracy. How-
ever, it requires a long time as well as more resources.
Research studies [6, 7] demonstrated that crowdsourcing
brings machine learning (and its related research fields)
great opportunities because crowdsourcing can easily access
the crowd via public or personal platforms [8, 9], such as
MTurk [10], and efficiently deal with intelligent and com-
puter-hard tasks by employing thousands of workers at a
relatively low price. (erefore, as a new way of human
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intelligence to participate in machine computing, crowd-
sourcing annotation makes up for the shortages of machine
annotation and expert annotation. Crowdsourcing anno-
tation has five steps: (a) the requesters select a public or
personal crowdsourcing platform and design crowdsourcing
annotation tasks, including price setting, time constraints,
and required responding number of each annotation task.
(b) (e requesters publish crowdsourcing annotation tasks
on the selected crowdsourcing platform. (c) (e crowd
logged in the platform (also known as workers) selects tasks
that are suitable for themselves and complete tasks (i.e.,
providing labels). Note that the requester does not know any
information (such as expertise and credit standing) of the
workers completing annotation tasks in this step. (d) (e
requesters download the labels provided by workers and few
additional information of workers (i.e., the completing times
and the number of accepted tasks) from the crowdsourcing
platform. (e) (e requesters utilize existing ground truth
inference algorithms or propose novel one(s) to infer truth
value(s) from all labels provided by workers. In this paper,
we focus on labelling training samples to keyphrase ex-
traction by utilizing crowdsourcing annotation, since
extracting keyphrases from a text (especially a short text) is a
complex process that requires abundant auxiliary infor-
mation, such as background of entities discussed and the
events involved. Machine annotation and expert annotation
cannot effectively handle keyphrase extraction because of
their shortages. For convenience, our entire approach is
denoted as Crowdsourced Keyphrase Extraction (CKE)
hereafter; meanwhile, a single task of crowdsourcing an-
notation generated by CKE is named L-HIT.

Extracting keyphrases from training samples in CKE
includes labelling and ranking operations, and each single
L-HITcontains three task types [9, 11]:multiple-choice, fill-
in-blank, and rating. (e first two are used to collect proper
keyphrases for a training sample, and the last one is used
for importance ranking assignment of the proper key-
phrases collected. (is is different from binary labelling
and most of multiclass labelling tasks, which usually have
one single type. Besides, there are three important prob-
lems (i.e., quality control, cost control, and latency con-
trol) which are also required to be balanced in CKE [9].
Quality control focuses on labelling and ranking high-
quality keyphrases, cost control aims to reduce the costs in
terms of labour and money while keeping high-quality
ground truth, and latency control studies how to cut down
cycle of a single task [11]. We utilize four ways to handle
trade-off among the three problems stated above in CKE.

In this paper, a pruning-based technique [9] is first adopted
to prune the candidates provided by a machine-based algo-
rithm; meanwhile, a complementary option is added to sup-
plement the proper keyphrases that are lost because of various
reasons. (e pruning-based technique and the complementary
option can efficiently reduce labour cost and time cost. (en,
for each single L-HIT there is a time constraint set, since time
constraints can significantly reduce the latency of a single
worker [11]. (irdly, each individual worker is asked to select
an importance ranking for each keyphrase labelled by himself
instead of sorting them. Finally, in order to conquer the

possible low quality of some workers for keyphrase labelling
and ranking, the designed crowdsourcing mechanism allows
multiple workers [6] to complete a single L-HIT. (e main
contributions of this paper are summarized as follows:

(1) A suitable crowdsourcing mechanism is designed
to create crowdsourcing annotation-based tasks
for training sample labelling. In addition, four
optimization methods (i.e., a pruning-based
technique, a complementary option, time con-
straint set, and repeated labelling) are used to
balance the quality, the cost, and the latency
controls in CKE.

(2) Two entropy-based inference algorithms (i.e.,
HILED and HILI) are proposed to infer the ground
truth based on labels collected by crowdsourcing
annotation. In addition, two different order manners
in L-HITs, which are the descending one and ran-
dom one, are also explored.

(3) We conduct multiple experiments on MTurk to
verify the performance improvement of crowd-
sourcing annotation. (e experimental results
demonstrate that crowdsourcing annotation per-
forms well. Among the inference algorithms, both
HILED and HILI improved the performance of the
baselines.

(e remainder of the paper is organized as follows.
Section 2 will introduce the details of CKE, Section 3 will
report the experimental results, the related works will be
discussed in Section 4, and then we will reach a conclusion in
Section 5.

2. Crowdsourced Keyphrase Extraction

In this section, we will first introduce the compositions of a
single L-HIT, and then we will present the two proposed
inference algorithms.

2.1. A Single L-HIT. Our multiple experiments are con-
ducted on MTurk, which is a welcome crowdsourcing
marketplace supporting crowdsourced execution of Hu-
man Intelligence Tasks (HITs) [12]. Since the structure of a
single task published by our experiments is essentially
inherited from a single HIT supported by MTurk, the ones
published by us are called Labelling Human Intelligence
Tasks (L-HITs). A single L-HIT, which corresponds to a
single training sample, consists of five parts: guidance,
content, candidate option, candidate supplement, and
submission. As shown in Figure 1, the part of guidance
(surrounded by a blue rectangle) helps workers complete
the current task conveniently and efficiently. (e part of
content (surrounded by a black rectangle) shows workers
the content of a single training sample. (e part of sub-
mission (surrounded by a blue ellipse) is utilized to submit
the completed L-HIT. (ese three parts are basic elements
of the current task.
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(1) Multiple-Choice. When a worker has read the con-
tent of the training sample, he/she can directly select
the proper option(s) from this part as the final
keyphrase(s).

(2) Rating. Once an option is selected as a final key-
phrase, the worker needs to select an importance
ranking from the corresponding drop-down box.
Our rating job is different from that in tasks of
pairwise comparison (or rating) that ask workers to
compare the selected items with each other [9]. It
converts a comparison operation into an assignment
one. (at is, workers do not need to consider other
selected options while assigning an importance
ranking to a selected one based on their under-
standing of the current training sample. Such

conversion can reduce latency while obtaining an
ordered keyphrase list.

(e part of candidate option (surrounded by a red
rectangle) shows worker candidates. (e candidates are
keyphrases labelled by machine annotation. Note that this
part only holds 15 options at most. If a training sample has
more than 15 keyphrases labelled by machine annotation,
this part only shows the top 15 ones with the highest scores.
In addition, for each candidate, there is an independent
drop-down box (providing importance rankings) above it.
(e importance ranking denotes how important the option
is to the current training sample. It varies from −2 to 2,
where 2 denotes the importance with the highest level and
−2 denotes the importance with the least level. (e part of
candidate option has two task types as follows.

Fusion of qualitative bond graph and genetic algorithms: A fault diagnosis application
In this paper, the problem of fault diagnosis via integration of genetic algorithms (GA's) and qualitative bond graphs (QBG's) is addressed. We suggest that GA's can be used to
search for possible fault components among a system of qualitative equations. �e QBG is adopted as the modeling scheme to generate a set of qualitative equations. 
�e qualitative bond graph provides a unified approach for modeling engineering systems, in particular, mechatronic systems. In order to

Title:

demonstrate the performance of the proposed algorithm, we have tested the proposed algorithm on an in-house designed and built floating disc experimental setup.
Results from fault diagnosis in the floating disc system are presented and discussed. Additional measurements will be required to localize the fault when more than
one fault candidate is inferred. Fault diagnosis is activated by a fault detection mechanism when a discrepancy between measured abnormal behavior
and predicted system behavior is observed. �e fault detection mechanism is not presented here. 
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keyphrase candidates are represented using their corresponding stems.
Step 3 (optional): Please provide additional proper keyphrase(s) from high to low according to their importance if it is necessary. �ese adding keyphrase(s) can be
represented using stem or word form(s).
Step 4: Please submit the task if you have completed the above steps.

(i)
(ii)

(iii)
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Guidelines for selecting proper keyphrase(s) of the following document.

Figure 1: (e main user interface of a single L-HIT.
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Some proper keyphrases may not be listed in the part of
candidate option because of various reasons, for instance,
phrases with low appearing frequencies or ones with low
scores assigned by machine annotation. (erefore, for each
single L-HIT, there is a candidate supplement part that lets
workers supplement lost keyphrases as well as the corre-
sponding importance rankings (surrounded by a yellow
rectangle). (e part of candidate supplement also has two
task types, which are fill-in-blank (i.e., supplementing lost
keyphrase(s)) and rating (i.e., selecting importance rank-
ings), respectively. Note that supplementing the lost key-
phrase(s) is an optional job for workers.

2.2. Inference Algorithms. In this paper, inferring a truth
keyphrase list is still viewed as a process of first-integrating
last-grading phrases. Although algorithms IMLK, IMLK-I,
and IMLK-ED [13] are suitable for inferring a truth key-
phrase list from multiple lists of keyphrases, they neglect to
calculate three inherent attributes of a keyphrase capturing a
topic delivered by the training samples, which are mean-
ingfulness, uncertainty, and uselessness [14]. Study [15]
shows that calculating the information entropy [16] of a
keyphrase is a significant way to measure these three in-
herent attributes of a keyphrase. (erefore, we utilize the
information entropy and corresponding equations in [15] to
measure the three inherent properties of a keyphrase cap-
turing a topic. (e symbols used for ground truth inference
algorithms are shown in Table 1.

(e attribute meaningfulness of k in T denotes the k’s
positive probability of capturing a topic expressed by T.
Normally, it is measured by the distribution of k as an
independent keyphrase, since the more times kindie occurs,
the bigger positive probability the topic is delivered by k. (e
attribute meaningfulness is defined as follows:

Ppos �
#NKI/#TN, 0< #NKI< #TN,

0, #NKI � 0,
 (1)

where Ppos � 0 for the case that k does not exist in the corpus.
As the name implies, the attribute uncertainty of k in T

denotes the k’s unsteadiness of capturing a topic expressed
by T, which is usually measured by the distribution of Tas a
sub-keyphrase. A sub-keyphrase means it can be extended
into another keyphrase with other words. Note that (a)
different keyphrases express a same point with different
expression depth and (b) different keyphrases express to-
tally different points. For example, although keyphrase
“topic model” is a sub-keyphrase of “topic aware propa-
gation model,” they express different points. Intuitively, the
more times ksub occurs, the more unsteady the topic is
delivered by k. (e attribute uncertainty is defined as
follows:

Psub �
#NKS/#TN, 0< #NKS< #TN,

0, #NKS � 0.
 (2)

(e attribute uselessness of k in Tdenotes the k’s negative
probability of capturing a topic expressed by T, which is
defined as follows:

Pneg � 1 − Ppos − Psub. (3)
In conclusion, the information entropy of k can com-

pletely measure its three inherent attributes using equations
(4) or (5) (when the situation Psub � 0 occurs).

H(k) � Pposlog
1

Ppos
  + Psublog

1
Psub

  + Pneglog
1

Pneg
 ,

(4)

H(k) � Pposlog
1

Ppos
  + Pneglog

1
Pneg

 . (5)

Finally, by combining the information entropy, algo-
rithms HILED and HILI are proposed based on algorithms
IMLK-ED and IMLK-I stated in [13], respectively, and the
corresponding equations recalculating the keyphrases’
grades are modified as follows:

Gij �


m
j�1 QE D

j × RSij 
2

× H kij 

m
,

Gij �


m
j�1 QI

j × RSij 
2

× H kij 

m
,

(6)

where H(kij) denotes the information entropy of the ith

keyphrase in the jth keyphrase list, RSij denotes the im-
portance scores provided by workers, QED

j denotes the
quality of a worker who provides the jth keyphrase list in the
algorithm HILED, QI

j denotes the quality of a worker who
provides the jth keyphrase list in the algorithm HILI, and m
denotes the total number of keyphrase lists provided by a
worker.

3. Experiments and Discussion

In this section, we will first introduce experiments with
different order manners, which are the descending and the
random ones, and then we will discuss the factors of
influencing performance improvement of crowdsourcing
annotation.

3.1. Crowdsourcing Experiment with Descending Ranking.
Since IMLK, IMLK-I, and IMLK-ED proposed in [13] and
KeyRank proposed in [15] perform very well, we employed

Table 1: Symbols.

No. Symbols Presentation
1 K A keyphrase
2 T A training sample
3 kindie An independent keyphrase
4 Ppos (e attribute meaningfulness
5 #NKI (e number of kindie occurs
6 ksub A sub-keyphrase
7 Psub (e attribute uncertainty
8 #NKS (e number of ksub occurs
9 #TN (e total number of keyphrases in the corpus
10 Pneg (e attribute uselessness
11 H (k) (e information entropy of k
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them as baselines. KeyRank is one of themachine annotation
methods, and its performance is evaluated on dataset
INSPEC [17] containing 2000 abstracts (1000 for training,
500 for development, and 500 for testing) in [15]. Con-
sidering the cost and latency of workers, we chose 100
abstracts from the 500 test ones in dataset INSPEC, where
KeyRank performs the best, as the data for our multiple
crowdsourcing experiments. In addition, the gold standards
of these 100 test abstracts are treated as labelled ones from
expert annotation. As we said before, each single abstract
corresponds to a single L-HIT. (at is, we have 100 cor-
responding L-HITs. (e part of candidate option in each
L-HIT lists 15 (or fewer) candidates with descending
ranking. (ese candidates are keyphrases labelled and
weighted by KeyRank. Again, in order to overcome the
shortage that the quality of an individual worker for key-
phrase extraction is sometimes rather low, we request 10
responses for each L-HIT from 10 different workers. (at is,
the whole experiment has 1000 published L-HITs since each
one has to be published ten times on MTurk. Each L-HIT
costs 5 cents, and the whole experiment costs 50 dollars
totally. According to feedback from crowdsourcing platform
MTurk, more than four out of five workers completed the
optional “candidate supplement” tasks. (e minimum time
that a single crowdsourcing task required is 50 seconds, and
the maximum time is 5 minutes. (e time required for most
of the crowdsourcing tasks was between 90 and 200 seconds.

(e precision (P), recall (R), and F1 score are employed
as performance metrics. P, R, and F1 score are defined as
follows:

P �
#correct
#labelled

,

R �
#correct
#expert

,

F1 � 2 × P ×
R

(P + R)
,

(7)

where #correct denotes the number of correct keyphrases
obtained from crowdsourcing annotation, #labelled denotes
the number of keyphrases obtained from crowdsourcing
annotation, and #expert denotes the number of keyphrases
obtained from expert annotation. Normally, #expert for
most abstracts varies from 3 to 5, so that the value of #la-
belled in our experiment varies from 3 to 5.

After 10 responses of each L-HIT are obtained from 10
different workers, algorithms IMLK, IMLK-I, IMLK-ED,
HILED, and HILI are applied to infer a truth keyphrase list
from these responses. (e inferred results of IMLK, IMLK-I,
IMLK-ED, HILED, and HILI are compared with those of
KeyRank in terms of P, R, and F1 score. Besides, in order to
evaluate the performance of KeyRank, IMLK, IMLK-I,
IMLK-ED, HILED, and HILI clearly, the comparisons are
divided into three different groups, i.e., Group-3, Group-4,
and Group-5. For example, Group-4 is named as such be-
cause the number of #labelled is 4, when it reports the
comparisons among KeyRank, IMLK, IMLK-I, IMLK-ED,
HILED, and HILI in terms of P, R, and F1 score, respectively.

In addition, the relations between the workers’ numbers
(denoted as #WorkerNum) and the inferred results are also
explored by, respectively, conducting another seven com-
parisons in all groups. (e values of #WorkerNum are set to
3, 4, 5, 6, 7, 8, and 9, respectively. Since each abstract has 10
keyphrase lists provided by 10 different workers, respec-
tively, in order to get rid of the impact of workers’ order,
each algorithm on each abstract is run ten times under a
certain #WorkerNum, and the corresponding number of
keyphrase lists are randomly selected from its 10 keyphrase
lists at each time. For example, when the #WorkerNum is 5,
we randomly select 5 keyphrase lists from the 10 keyphrase
lists. All comparisons of all groups among KeyRank, IMLK,
IMLK-I, IMLK-ED, HILED, and HILI are shown in Figure 2.

From Figure 2, we notice that IMLK, IMLK-I, and
IMLK-ED significantly perform better than KeyRank in all
groups in terms of P, R, and F1 score. We also notice that
both HILED and HILI significantly perform better than
KeyRank, IMLK, IMLK-I, and IMLK-ED in all groups in
terms of P, R, and F1 score. Between HILED and HILI,
except the comparisons in Group-3, Group-4, and Group-5,
when the values of #WorkerNum are 5, 6, and 7 (the sit-
uation of #WorkerNum� 7 only occurs in Group-3) in
terms of P, R, and F1 score, HILED always performs better
than HILI. Moreover, we notice that with the increment of
#WorkerNum, the performance of IMLK, IMLK-I, IMLK-
ED, HILI, and HILED has a rising trend. (erefore, we can
conclude that (1) both HILED and HILI perform better than
IMLK, IMLK-I, and IMLK-ED; (2) HILED performs a little
better than HILI; (3) #WorkerNum does influence the
inferred results; and (4) employing crowdsourcing anno-
tation is a feasible and effective way for training sample
labelling.

3.2. Crowdsourcing Experiment with Random Ranking.
For each published L-HIT in the Crowdsourcing experiment
with Descending Ranking (denoted as CDR) in Section 3.1,
the 15 (or fewer) candidates listed in the part of candidate
option are ordered according to their scores assigned by
KeyRank from high to low. Is there any relevancy between
the order manners of the listed candidates and the im-
provement performance of crowdsourcing annotation?

In order to explore whether there is such a relevancy
between them, we create another 100 L-HITs using the
selected 100 representative abstracts mentioned in Section
3.1. Meanwhile, we also request 10 responses for each L-HIT
from 10 different workers. For each L-HIT, the 15 (or fewer)
candidates are randomly listed in the part of candidate
option.We named the experiments conducted in this section
Crowdsourcing experiment with Random Ranking (denoted
as CRR). To make a fair evaluation, all experimental pa-
rameters of CRR follow those of CDR. All comparisons
among KeyRank, IMLK, HILED, and HILI in terms of P, R,
and F1 scores are shown in Figure 3.

From Figure 3, we can see that IMLK, HILED, and HILI
in CRR always significantly perform better than KeyRank in
terms of P, R, and F1 score. It proves once again that
employing crowdsourcing annotation is a feasible and
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effective way for training sample labelling. However, we
notice that the performance of IMLK, HILED, and HILI in
CRR is worse than that of these algorithms in CDR, which
proves that the order manners of the listed candidates do
influence the improvement performance of crowdsourcing
annotation, and the descending order manner is more ef-
fective than the random one.

3.3. Discussion

3e Proper Number of Workers. Either CDR or CRR shows
us that with an increment of #WorkerNum, the improve-
ment performance of crowdsourcing annotation has a rising
trend. However, more workers do not meanmore suitability.
On the one hand, more workers may result in more latency.
For instance, workers may be distracted or tasks may not be
appealing to enough workers. On the other hand, more
workers mean more monetary cost since crowdsourcing

annotation is not free. It is just a cheaper way to label
sufficient training samples timely. Hence, the trade-off
among quality, latency, and cost controls needs to be
considered and balanced.(e experimental results show that
the proper number of workers varies from 6 to 8 because the
improvement performance of crowdsourcing annotation at
these stages is relatively stable and the quantity is appro-
priate to avoid high latency and cost.

3e Descending and Random Ranking Manners. (e ex-
perimental results demonstrate that the descending ranking
manner performs better than the random one. (e reason
may be that workers have limited patience since they are not
trained. Normally, workers just focus on the top 5 (or less 5)
candidates listed in the part of candidate option. If they do
not find any proper one(s) from the top few candidates, they
may lose patience to read the remaining ones, so that they
would select randomly or supplement option(s) in the part
of candidate supplement for completing the current L-HIT.
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Figure 2: Comparisons among KeyRank, IMLK, IMKL-I, IMLK-ED, HILED, and HILI in all groups. (a) Group-3. (b) Group-4. (c)
Group-5.
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However, the random selected one(s) may not be proper,
and the supplementary one(s) may be repeated with the
candidates listed in the part of candidate option. (erefore,
the loss of accuracy happens.

4. Related Work

Recommendation models [18] have been widely applied in
many domains, such as complex systems [19, 20], Quality of
Service (QoS) prediction [21, 22], reliability detection for
real-time systems [23], social networks [24–26], and others
[27–29]. Among existing recommendation models, the su-
pervised learning-based ones have increasingly attracted
attention because of effectiveness. However, it is well known
that the supervised learning-based recommendation models

suffer from the quality of training samples. (erefore, la-
belling sufficient training samples timely and accurately in
the era of big data becomes an important foundation to the
supervised learning-based recommendation. Since this pa-
per focuses on labelling training samples to keyphrase ex-
traction by utilizing crowdsourcing annotation, the related
work will be introduced in terms of keyphrase extraction and
crowdsourcing annotation.

Most original works labelling keyphrases simply selected
single or contiguous words with a high frequency, such as
KEA [14]. Yet these single or contiguous words do not al-
ways deliver main points discussed in a text. Study [30]
demonstrated that semantic relations in context can help
extract high-quality keyphrases. Hence, some research
studies employed knowledge bases and ontologies to obtain
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Figure 3: Comparisons among KeyRank, IMLK, HILED, andHILI in CRR and CDR. IMLKr,HILEDr, and HILIr denote the performance of
algorithms IMLK, HILED, and HILI in CRR. IMLKd, HILEDd, andHILId denote the performance of algorithms IMLK, HILED, andHILI in
CDR. (a) Group-3. (b) Group-4. (c) Group-5.
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semantic relations in context to improve qualities of
extracting keyphrases [31]. It is obvious that the semantic
relations obtained by these methods are restricted by the
corresponding knowledge bases and ontologies. Studies
[32, 33] utilized graph-based ranking methods to label
keyphrases, in which a keyphrase’s importance is deter-
mined by its semantic relatedness to others. As they just
aggregate keyphrases from one single document, the cor-
responding semantic relatedness is not stable and could not
accurately reveal the “relatedness” between keyphrases in
general. Studies [34, 35] applied sequential pattern mining
with wildcards to label keyphrases, since wildcards provide
gap constraints with flexibility for capturing semantic re-
lations in context. However, most of them are computa-
tionally expensive as they need to repeatedly scan the whole
document. In addition, they require users to explicitly
specify appropriate gap constraints beforehand, which is
time-consuming and not realistic. According to the common
sense that words do not repeatedly appear in an effective
keyphrase, KeyRank [15] converted the repeated scanning
operation into a calculating model and significantly reduced
time consumption. However, it is also frequency-based al-
gorithm that may lose important entities with low fre-
quencies. To sum up, machine annotation can label enough
training samples timely, and they do not meet the re-
quirement of high quality because of limited machine in-
telligence. Hiring domain experts can achieve a high
accuracy. However, it requires a long time as well more high
resources. (erefore, it is natural to think of utilizing
crowdsourcing annotation, which is a new way of human
intelligence to participate in machine computing at a rela-
tively low price, to label sufficient training samples timely
and accurately.

Studies [6–8] showed that crowdsourcing brings great
opportunities to machine learning as well as its related
research fields. With the appearance of crowdsourcing
platforms, such as MTurk [10] and CrowdFlower [36],
crowdsourcing has taken off in a wide range of applications,
for example, entity resolution [37] and sentiment analysis
[38]. Despite the diversity of applications, they all employ
crowdsourcing annotation at low cost to collect data (labels
of training samples) to resolve corresponding intelligent
problems. In addition, many crowdsourcing annotation-
based systems (frameworks) are proposed to resolve com-
puter-hard and intelligent tasks. By utilizing crowdsourcing
annotation-based methods, CrowdCleaner [39] can detect
and repair errors that usually cannot be solved by traditional
data integration and cleaning techniques. CrowdPlanner
[40] recommends the best route with respect to the
knowledge of experienced drivers. AggNet [12] is a novel
crowdsourcing annotation-based aggregation framework,
which asks workers to detect the mitosis in breast cancer
histology images after training the crowd with a few
examples.

Since some individuals in the crowd may yield relatively
low-quality answers or even noise, many researches focus on
how to infer the ground truth according to labels provided
by workers [9]. Zheng et al. [41] employed a domain-sen-
sitive worker model to accurately infer the ground truth

based on two principles: (1) a label provided by a worker is
trusted, if the worker is a domain expert on the corre-
sponding tasks; and (2) a worker is a domain expert if he
often correctly completes tasks related to the specific do-
main. Zheng et al. [42] provided a detailed survey on ground
truth inference on crowdsourcing annotation and per-
formed an in-depth analysis of 17 existing methods. Zhang
et al. tried to utilize active learning and label noise correction
to improve the quality of truth inference [43–45]. One of our
preliminary works [13] treated the ground truth inference of
labelling keyphrases as an integrating and ranking process
and proposed three novel algorithms IMLK, IMLK-I, and
IMLK-ED. However, these three algorithms ignore three
inherent properties of a keyphrase capturing a point
expressed by the text, which are meaningfulness, uncer-
tainty, and uselessness.

5. Conclusions

(is paper focuses on labelling training samples to key-
phrase extraction by utilizing crowdsourcing annotation.
We designed novel crowdsourcing mechanisms to create
corresponding crowdsourcing annotation-based tasks for
training samples labelling and proposed two entropy-based
inference algorithms (HILED and HILI) to improve the
quality of labelled training samples.(e experimental results
showed that crowdsourcing annotation can achieve more
effective improvement performance than the approach of
machine annotation (i.e., KeyRank) does. In addition, we
demonstrated that the rankingmanners of candidates, which
are listed in the part of candidate option, do influence the
improvement performance of crowdsourcing annotation,
and the descending ranking manner is more effective than
the random one. In the future, we will keep focusing on
inference algorithms, improving qualities of labelled training
samples.
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