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ABSTRACT


Crowdsourcing is the most effective means of obtaining labelled data for supervised machine learning. However, the varying expertise of crowd workers often results in noisy annotations. While traditional label aggregation methods attempt to handle label noise, they typically overlook the relationships between different data instances. Moreover, crowdsourced datasets often experience class imbalance, wherein predominant classes eclipse minority classes, hence exacerbating label accuracy issues. This paper proposed a Reliability-Weighted Bayesian Label Aggregation (RWBLA) to overcome the above challenges. First, the K-nearest neighbours (KNN) method is used to improve the label set for each instance by augmenting labels from its closest neighbours, resulting in multiple noisy label sets. Next, it improves the aggregation by assigning weights to the neighbouring labels based on worker reliability, adaptive distance, and label similarity for each instance. In addition, worker reliability is determined dynamically based on the neighbourhood information, and to handle the imbalance issue, label similarity is modified. In the end, a weighted Bayesian inference method is used to infer the correct label for each instance. The performance of the proposed approach is evaluated on 20 synthetics and three real-world crowdsourcing datasets. It shows that RWBLA consistently surpasses eight baseline label aggregations, improving aggregation accuracy by 3 % to 13 %. Moreover, in analyses utilizing imbalanced real-world crowdsourcing data, RWBLA surpassed state-of-art aggregation algorithms by 2 % to 6 %, underscoring its efficacy in situations with minor class imbalances.
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1. Introduction

Despite the significant advancements in supervised machine learning (SML), acquiring large-scale annotated data remains a major challenge. Traditional SML relies on the assumption that labelled data is readily available for training. However, generating such datasets is often a time-consuming and labour-intensive task. Typically, SML approaches to the task are labelled by domain experts or trained workers (Zhang et al., 2018). However, this ensures the quality of data but suffers from two problems. First is the availability of data, and second, the experts’ cost is high. Crowdsourcing has emerged as a scalable and cost-effective alternative for obtaining labelled data. Its widespread adoption across platforms reflects its utility in collecting large-scale annotations. Modern crowdsourcing platforms employ various quality control techniques, nevertheless, the primary drawback of crowdsourcing lies in the inconsistent label quality due to the non-expert nature of the crowd.

Although modern crowdsourcing platforms employ various quality control techniques (Daniel et al., 2018). A common approach is repeated labelling, where each instance is assigned to multiple annotators. The final label is then inferred through aggregation methods, also known as truth inference. Repeated labelling has shown promise in enhancing label reliability, drawing increasing attention to effective label aggregation techniques. Snow et al. (2008) indicated that crowd workers’ labelling quality was approximately equivalent to that of domain experts who paid fixed voting (K=5). Due to this, various researchers have used repeated labelling to improve the label quality. Hence, employing label aggregation to infer the ground truth and increase the researcher’s attention became essential.

In the last decade, numerous aggregation methods have been proposed to infer accurate ground truth from noisy crowdsourced data. The simplest is majority voting (MV), where the most frequent label among annotators is selected as the ground truth. However, MV assumes uniform reliability across works, which is an unrealistic assumption in practice. To address this, more sophisticated approaches have been developed. For instance, Raykar et al. (2010) presumed that positive and negative classes influence annotators. They used the Bayesian approach for label aggregation by accumulating the probabilities for each class. In addition, various label aggregation approaches have been proposed in the last decade, but they ignore the interrelationship among the labels. This research posits that an increased number of labels per instance correlates with enhanced accuracy in label aggregation. In practical crowdsourcing circumstances, each instance may lack sufficient multiple annotations to save costs. Therefore, KNN can enhance label aggregation performance to create multiple noisy sets. A crowd worker may create noisy data intentionally by making minimal effort at a task, or due to the lack of domain-expert knowledge

(Suyal & Singh, 2024). In either case, the quality of label aggregation methods is affected. Therefore, ensuring worker reliability can enhance label aggregation performance. Consequently, this paper suggests reliability-weighted Bayesian label aggregation (RWBLA). It first uses the KNN algorithm to find the nearest K neighbours and merges them to obtain multiple label sets. Then, the label is weighted using triplet information. First, it incorporated worker reliability to improve label aggregation by reducing the influence of unreliable workers. Then, adaptive distance weighting and label similarity are used to weigh the nearest neighbours’ labels. Finally, Bayesian inferences are used to infer the ground truth correctly. The contribution of the research is as follows:



1)The proposed approach, RWBLA, utilised the KNN to enhance the label sets by augmenting multiple noisy sets using existing information, hence solving the problem of insufficient labels.

2)To enhance the RWBLA, first, we consider the reliability of each worker when assigning weights to neighbours and then adjust these weights based on the distance and label similarity between each instance and its neighbours.

3)In addition, worker reliability is assessed dynamically, making it suitable for real-time applications, and to address slightly imbalanced data, label similarities are adjusted so that the majority class does not overshadow the minority.

4)The algorithm uses weighted Bayesian inference to predict the final label by considering the contributions of neighbouring labels and systematically selecting the most probable label, making it more reliable in noisy crowdsourced data.



The rest of the paper is structured as follows: Section 2 presents background literature. Section 3 provides a proposed approach to RWBLA, whereas Section 4 delineates the experimental segment. Section 5 addresses the conclusion and future perspective.

2. Related Work

For many years, researchers have been working on improving the quality of data in crowdsourcing (Suyal & Singh, 2025). One straightforward direction is to acquire the annotations from multiple heterogeneous workers for the same instance. Label aggregation or truth inference plays an important role in this process. Label aggregation is used to infer the ground truth by applying latent information. One simple and effective method is MV, where ground truth is inferred by majority worker agreement. The major challenge in MV is that it assumes all workers have the same quality, which is not a real-world scenario. Another classical model is the David-Skene model (DS) (Dawid & Skene, 1979), which is based on probability and optimises the objective function using maximum likelihood. Previous literature on label aggregation can be categorised into two broad categories based on the modelling perspective: The propagative and the discriminative models.

The propagative model used the attribute of crowd or task complexity to generate the noisy data. For instance, Bi et al. (2014) presented a more cultured worker model which integrates the workers’ commitment towards the tasks along with expertise and challenges. Karger et al. (2011) presented the spammer hammer model, this model evaluates the trustworthiness of each crowd worker using belief propagation techniques. Later, Kurve et al. (2014) identified a spammer model based on the worker’s objective. Whitehill et al. (2009) proposed a novel method, namely GLAD (Generative Model of Labels, Abilities, and Difficulties). It integrates the phenomena of instance complications and proficiency in the Expectation-Maximisation (EM) method. Demartini et al. (2012) presented ZenCrowd (ZC), an Expectation–Maximisation (EM) based framework that integrates worker reliability into the process of aggregating labels. Building on a different principle, Zhang et al. (2015) proposed Ground Truth Inference using Clustering (GTIC), which derives features from numerous randomly generated label sets and employs clustering to infer the ground truth. Kim & Ghahramani (2012) introduced the Bayesian Classifier Combination (BCC) method, extending the Dempster–Shafer framework by incorporating confusion matrices, classifier correlations, and other relevant parameters. Venanzi et al. (2014) advanced this idea through communityBCC (cBCC), modelling annotators as belonging to distinct clusters characterised by similar labelling behaviours. This approach was further extended by Y. Li et al. (2019) into enhanced BCC (EBCC), capable of modelling correlations between workers. J. Li et al. (2024) developed Label Consistency-based Ground Truth Inference (LCGTI), which identifies and selects labels provided by high-quality annotators, estimating worker quality through measures of bias and variance. Tian & Zhu (2015) proposed a max-margin majority voting strategy to strengthen the discriminative ability of standard majority voting and also adapted the Bayesian framework to incorporate a propagation-based model that mitigates label noise via worker confusion metrics. Yang et al. (2024) introduced LA OnePass and LA TwoPass, which compute worker reliability and ground truth through one or two full traversals of the label set, respectively. Zhang et al. (2017) proposed Adaptive Weighted Majority Voting (AWMV), which estimates a bias rate from the frequency of positive labels in label sets and adjusts the weights for positive and negative labels accordingly. Jiang et al. (2022)developed MNLDP, a method for distributing label probabilities across instances to derive refined label assignments. Chen et al. (2022) proposed Label Augmented and Weighted Majority Voting (LAWMV), employing k-nearest neighbours to locate related instances, combine their noisy labels, and perform weighted majority voting based on distance and label similarity. Unlike methods that incorporate worker profiles, discriminative models infer the true label solely from aggregated data, often through optimisation or matrix factorisation. Zhang et al. (2014) proposed PLAT, a technique that mitigates labelling bias by dynamically adjusting both the decision threshold and the separation margin between predicted positive and negative classes. Zhong et al. (2017) introduced Quality-Sensitive Learning from Crowd (QS-LFC), which estimates label quality, imputes labels for unlabelled data, and improves weighted majority voting via objective function optimisation. Sheng et al. (2017) proposed soft majority voting, which integrates standard voting with a pairing mechanism to reduce uncertainty. Tao et al. (2020) enhanced this method by incorporating label similarity, resulting in four variants of weighted soft majority voting.

Recent research increasingly focuses on refining noisy labels through label distribution modelling. Ren et al. (2023) proposed Label Confidence-based Noise Correction (LCNC), combining label confidence metrics with random forests and consensus voting to improve label quality. Zhang et al. (2024) introduced Dynamic Resampling for Noise Correction (DRNC), which applies iterative resampling alongside ensemble classifiers for label aggregation. Ren et al. (2024) developed Label Distribution Similarity-based Noise Correction (LDSNC), which generates multiple noisy label sets and evaluates the distinguishability of instances relative to their integrated label profiles.

3. Proposed Approach

3.1. Motivation

Crowdsourcing is an effective method for the collection of labelled data. However, it faces numerous problems. The following subsection outlines some significant challenges:



1.Quality control: A significant challenge of crowdsourcing is the quality of labelled data. Crowds lack expertise and may produce unreliable data. Numerous efforts have been undertaken to enhance the quality of labelled data, as noted in the literature. Quality can improve with enhanced label quality, even with a restricted quantity of crowd-integrated labels. Assume that all labels contain the identical quality p for binary labelling. For each instance, xi contains 2n+1 noisy labels. Then, the quality qi can be calculated using the following eq. 1:

qi=∑i=0n(2n+1i)p2n+1−i(1−p)i                  (1)

Where p represents the likelihood of association with a true value and denotes the integrated probability of affiliation with the correct label. Figure 1 illustrates that the integrated label quality improves with moderate label quality, even with a restricted crowd size. When label quality surpasses 0.5, a restricted number of crowds may result in a high-quality integrated label. That is why employing KNN to expand the label set from similar instances can improve the overall efficacy of label aggregation, notwithstanding the restricted number of labels. Furthermore, this paper dynamically adjusts the KNN value based on density. A higher value of K is advantageous in dense data situations since it allows the model to account for additional neighbours, resulting in a more refined decision boundary and enhanced generalization. This mitigates overfitting to noise and local outliers, as many neighbours influence the decision. A lower value of K is preferable for sparse data when relevant neighbours may be limited in proximity. Utilizing a small K enables the model to concentrate on the most analogous data points, which is essential in sparse datasets where remote points may lack significance and could contribute noise if a larger K is employed.

2.Worker reliability: Due to the varying reliability of crowd workers, some may produce inaccurate data, compromising the efficacy of label aggregation. Furthermore, we believe that integrating worker reliability is crucial for label aggregation. This work dynamically assesses worker reliability utilizing neighbour information to improve label aggregation performance.

3.Class imbalance: Crowd workers provide consistent annotations across all classes, which is a hypothetical scenario due to the intricacy of the issue. It is understood that most crowd workers do not provide labels for the class, which is complex or difficult to ascertain. This results in a diminished acquisition of the complex label class during crowdsourcing, and it is essential to address this matter. To address this, the label similarity weight can be enhanced and assigned to infrequently represented classes, ensuring that predominant classes do not eclipse them.




[image: ]

Figure 1. Correlation between aggregated label quality, crowd size, and label quality


3.2. Overview of RWBLA

Crowdsourced labelled data is known as D={(xi,Yi)}i=1N, where each instance of the data xi) may be associated with the multiple noisy label set Yi={yid}i=1N. where, yid reflect the label for the instance by the crowd worker Cd, where d = 1,2,3,4,...D. Each crowd takes the value from the label set L = −1,L1,L2,L3....LZ represents the number of labels of the class. A value of -1 indicates that the worker does not provide the label. The label aggregation aims to infer the ground truth Y^i correctly for each instance xi. The overall framework of the proposed RWBLA is shown in Figure 2. It first normalizes the feature of the dataset; after that, it performs label enhancement using KNN. Label weighting is then applied to the enhanced labels to improve the quality. In the end, weighted Bayesian inferences are used to infer the ground truth Y^i. Details of the proposed approach have been discussed in the following sections.
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Figure 2. Overall framework of RWBLA


3.2.1. Label Augmentation

First, we used traditional K nearest neighbours (KNN) to find each instance. Then, augmentation needs to be done to create multiple noisy label sets. This enhancement is helpful for the labelling method by leveraging the collective information for the instances with similarities. Then, the traditional KNN is applied to fit the context of crowdsourcing. Since crowdsourcing data has various heterogeneous resources and varies on a large scale, using KNN for label augmentation with different scales can disproportionally influence the distance. For instance, a numerical feature with a range of 0-500 can govern the distance metric compared to a feature having a range of 0-1. It is becoming essential to use feature scaling so that every feature contributes equally.

xianorm={xia−min(xia)max(xia)−min(xia) if the feature is numerical use frequency encoding else feature is nominal                  (2)

After normalization, distance can be calculated based on eq. 3 adopted form Wilson & Martinez (1997).

Da(xi,xj)={1 ifxianorm andxjanorm are unknownDnum(xianorm,xjanorm) else if numerical featuresoverlap(xianorm,xjanorm) else nominal features                  (3)

Where Dnum(xianorm,xjanorm) is calculated by the eq. 4.

Dnum(xianorm,xjanorm)=|xianorm−xjanorm|                  (4)

|xianorm−xjanorm| is calculated by the eq.5.

overlap(xianorm,xjanorm)={0  if xianorm=xjanorm1 otherwise                  (5)

The final distance can be calculated with eq. 6 as follows:

(xi,xj)=∑afDa(xi,xj)2                  (6)

Where f is the number of features. For each instance xi first, calculate the distance using eq. 6. Then, sort all of them into increasing order based on the distance to find the K nearest neighbours {xik}k=1K. Finally, augment each xi labels to get the augmented label set YiA={yi11,yi22,...,yikD}. Where yikD denotes that the D crowd worker gives the label to the kth neighbour. KNN use neighbours’ information for label enhancement but has limitations like neighbour influence and equal worker reliability. It amplified the noise label weighting, which is essential and can mitigate the effect of unreliable workers and the influence of the neighbours. Therefore, the next section applies worker reliability, distance-based, and label similarity to label weighting.

3.2.2. Label Weighting

This section discusses how worker reliability, distance and label similarity can be used for label weighting. Since the crowd is made up of non-domain experts, they are not equally reliable. Some crowd workers consistently provide the label correctly; others may make errors due to a lack of knowledge or intentionally. Calculating worker reliability ensures that it gives more weight to the reliable worker and reduces the impact of unreliable workers or spammers. In most cases, worker reliability is calculated by the worker’s history. However, the worker’s past information is not available or domain-oriented. For instance, a worker is reliable for certain domains but not others. Thus, we dynamically calculate the reliability of the worker based on the agreement with most of the neighbours. After label enhancement, each instance xi is associated with a set of noisy labels provided by multiple workers. Worker reliability aims to evaluate how reliable a worker is compared to their neighbours. For a crowd worker Cd the reliability for labelling the instance xi is calculated based on their neighbouring instance and can be obtained using eq. 7.

R(Cdk)=1K∑d=1D∑k=1KS(yikd,Yikk)D(xi,xik)                  (7)

Where, yiukd is the label provided by worker d for the kth neighbour, for instance xi⋅yikd is the majority agreement among the K crowd workers and S(yid,YikK) can be calculated by eq.8.

S(yid,YikN)={1 ifyid=YikN0 Otherwise                  (8)

In addition, adaptive distance weighting is used to adapt the distance based on density. Since crowdsourced data have various varieties, the small difference in high-density data is enough to compare to less dense data. It gives more weight to those which have less distance and vice versa. An adaptive distance weight can be calculated using eq.9.

Wik1=11+α×(D(xi,xik)μk)                  (9)

Where μk is the mean distance of the target instance xi with all its neighbours. D(xi,xik) represents the distance between xi and its neighbour xik. α is a scaling factor based on the density. If the density is less, the value of α is less and vice versa. In addition, for further improvement, label similarity can be used to update the weight so that the weight should be high if the label is similar. Crowdsourcing also suffers from class imbalance, so ScaledXOR was used. ScaledXOR handles those cases where some labels are more important than others. It works by giving more weight to the class which is rare, ensuring that the majority class does not dominate it. The updated weight can be calculated using eq.10.

Wik2={0 if∑d=1DScaledXOR(yid,yikd)=0∑d=1DD(yid,yikd)∑d=1DScaledXOR(yid,yikd) otherwise                  (10)

ScaledXOR(yid,yikd) can be calculated using eq.11.

ScaledXOR(yid,yikd,fid)=yid⊕yikdf(yid)+∂                  (11)

Where f(yid) calculates the frequency of label yid for instance, if the label yid is rare, then f(yid) is smaller and gives more weight. ∂ is a small constant and has a value of 0.001.

For simplicity, simple average weighting is used to update the weight. It further uses worker reliability to ensure the quality of neighbour labels. It ensures that the weight of unreliable workers is reduced even if the label provided by the worker is closer.

Wik=Wik1+Wik22×R(Cdk)                  (12)

For instance, xi we calculate the posterior probability of each class Lz using eq. 13.

P(LZ∣Yik)=∑k=1K∑d=1DP(yikd=LZ)×Wik                  (13)

Finally, we predict the ground truth Y^i using eq.14.

Y^i=arg maxLz∈(L1,L2,…,Lz)P(LZ∣Yik)                  (14)

3.2.3. K Value Setting

Traditional KNN uses a fixed value of K and has some limitations in crowdsourcing: 1) It is not sensitive to the density of the small value K for dense data, leading to overfitting the value, while for sparse data, a large K may overly smooth and average the results. 2) It will not solve the class imbalance problem, and fixing the K may not capture the rare class samples. Since crowdsourced data is noisy, our method dynamically chooses the large value of K. Initially, we determine the significance of K utilizing eq. 15.

K=β×(N/Z)                  (15)

N represents the entire number of instances, while Z denotes the total number of classes. After finding K neighbours, we modified the value of K using eq.16. β is the hyperparameter that varies from 0 to 1, so based on the experiment, we vary from 0.2 to 0.6.

K=K×(1+μ_k/σ_k)                  (16)

Where μ_k is the mean of distance and σ_k is the standard deviation for the K nearest neighbours. For the dense region value of σ_k is small compared to the μ_k. Hence, it increases the size of k and vice versa. Algorithm 1 shows the process of RWBLA. The first line of the algorithm applies to the feature scaling and then lines 2-9 enhance the label by creating multiple noisy label sets for each instance. Lines 10-16 weighted the label based on worker reliability, distance, and similarity between neighbours. The rest of the lines, 17-18, predict the true label using the weighted Bayesian inference approach.


Algorithm 1: Reliability-Weighted Bayesian Label Integration (RWBLA)

1: Input: D={(xi,Yi)}i=1N: Crowdsourced data, α,β,∂: Predefined parameters

2: Output: Yi―}i=1N Predicted labels

3: for each data point, i = 1 to N, do

4:     Scale the features of xi using Eq. (2)

5:     for each data point j = 1 to N do

6:        Compute distance d(xi,xj) using Eqs. (3-6)

7:     end for

8:   Sort xi’s neighbours in increasing order of distance

9:     Update K using Eq. (16)

10:        Merge the K nearest neighbours to form an augmented noisy label set YiA={yi11,yi22,...,yikD}

11:     for each neighbour k = 1 to K do

12:        Initialize worker reliability R(Cdk) ← 1

13:        Calculate reliability using Eqs. (7-8)

14:        Compute the distance weight Wik1 using Eq. (9)

15:        Compute label similarity weight Wik2 using Eqs. (10-11)

16:        Update the final weight Wik using Eq. (12)

17:     end for

18:  Predict the final label Y^i using Eqs. (13-14)

19:        end for

20:        return {Y^i}i=1N



4. Results and Discussion

This section evaluates the performance of our label aggregation method using state-of-the-art algorithms, namely MV, KOS, GLAD, ZC, GTIC, AWMV, MNLDP, and LAWMV, regarding aggregation accuracy and classification accuracy. Aggregation accuracy denotes the probability that an instance’s integrated value corresponds to the true value. Classification accuracy is the performance of the classifier for the aggregated labelled data. We implement the MV, KOS, GLAD, ZC, GTIC, AWMV, and MNLDP using the well-known platform Ceka (Read et al., 2016) with the default configuration.

4.1. Simulated Dataset Results

Crowdsourced labels for these datasets are not available. Hence, it became essential to simulate crowdsourcing to produce numerous imprecise labels for all instances. Initially, we conceal the true label from the dataset. Then, crowd workers are simulated to generate the worker label quality p. Where p is the probability of selecting the other labels with the data distribution. To further extend our simulation process, crowd workers are classified into two groups: Reliable and Unreliable. Reliable workers have provided good label quality (p varies from .5 to .8). Unreliable workers produced low-quality labels (0.1 to 0.4). To maintain the robustness of our process, an experiment has been done using two simulation criteria as follows:



1)In the first scenario, 40 % of unreliable workers are used to annotate the simulation, and the fixed number of crowd workers is 5.

2)In the second scenario, 60 % of unreliable workers label the data to simulate the real-world crowdsourcing scenario with five crowd workers.



The label aggregation method, which includes MV, KOS, GLAD, ZC, GTIC, AWMV, MNLDP, and LAWMV, is compared with RWBLA. The aggregated label is further used to train a classifier using C4.5 (J48. The true label of data is used with ten cross-fold variations to test the classifier’s accuracy. We perform the whole process iteratively, ten times to avoid randomness, then take the average value as the final aggregation and classification accuracy. Table 1 shows the description of the 20 simulated datasets.


Table 1. Description of 20 simulated datasets




	S.no

	Database Name

	Instance

	Classes

	Attribute

	Attribute type






	1

	balance-scale

	625

	3

	4

	Numeric




	2

	biodeg

	1055

	2

	41

	Numeric




	3

	breast-w

	712

	2

	9

	Numeric




	4

	Car

	1740

	4

	6

	Hybrid




	5

	credit-g

	1000

	2

	20

	Hybrid




	6

	diabetes

	768

	2

	8

	Numeric




	7

	heart-statlog

	270

	2

	13

	Numeric




	8

	ionosphere

	351

	2

	34

	Numeric




	9

	Iris

	150

	3

	4

	Numeric




	10

	kr-vs-kp

	3196

	2

	37

	Categorical




	11

	letter

	20000

	26

	15

	Numeric




	12

	lymph

	148

	4

	18

	Hybrid




	13

	mushroom

	8160

	2

	22

	Categorical




	14

	segment

	2310

	7

	19

	Numeric




	15

	sonar

	208

	2

	60

	Numeric




	16

	spambase

	4659

	2

	57

	Numeric




	17

	tic-tac-toe

	958

	2

	9

	Categorical




	18

	vehicle

	946

	4

	18

	Numeric




	19

	vowel

	990

	11

	14

	Categorical




	20

	waveform

	5000

	3

	40

	Numeric








Tables 2 and 3 compare results regarding aggregation accuracy with 40 % and 60 % of unreliable crowd workers, respectively. Tables 4 and 5 compare performance in terms of aggregation accuracy with 40 % and 60 % unreliable crowd workers, respectively. The bold value in each table row signifies the best label aggregation algorithm for the particular datasets. The last row of each table shows the average performance on all datasets, and the highest accuracy has been highlighted. To demonstrate the real-world crowdsourcing scenario, based on Table 3 and Table 5, we have performed pairwise comparisons among algorithms using the Wilcoxon rank test shown in Figures 3 and 4 from aggregation and classification accuracy, respectively. This test signifies that the performance difference between algorithms is significantly different, i.e., p-value < 0.05. The“*” shown in the figures signifies how strongly they are statistically significant, and the number of“*”s indicates how strongly they are statistically different. Tables 2-5 shows the validity of our proposed method and are summarized as follows:



1)The mean average aggregation accuracy of MNLDP, LAWMV and RAWBLA across all the datasets are 81.03 %, 83.22 % and 85.88 %, respectively, when there is 40 % of unreliable workers. They are outperforming the other approaches, including MV (74.88), KOS (77.87), GLAD (79.46), ZC (74.79), GTIC (75.73) and AWMV (78.97). Compared to the other methods, MNLDP, LAWMV, and RAWBLA explore the neighbours’ information and thus outperform the other methods by a significant margin.

2)The average aggregation accuracy of RAWBLA is reduced to 80.04 % when unreliable workers increase to 60 % on all datasets. The proposed approach outperforms the other approaches, LAWMV (76.82 %), MNLDP (72.70 %), MV (66.98 %), KOS (72.02 %), GLAD (73.17 %), ZC (68.36 %), GTIC (69.09 %) and AWMV (72.99 %). Compared with the LAWMV, our approach weight is that the label with the triplet information includes neighbour distance, label similarity, and worker reliability; thus, it performs much better when worker reliability is reduced.

3)The average classification accuracy of RAWBLA is 79.42 %, which is higher than that of LAWMV (76.44 %), MNLDP (75.11 %), MV (74.62 %), KOS (75.89 %), GLAD (77.29 %), ZC (73.94 %), GTIC (73.9 %) and AWMV (75.20 %) when 40 % are unreliable workers.

4)When the unreliable worker increased to 60 %, then the average classification of RAWBLA reduced to 73.04 %, outperforming LAWMV (65.73 %), MNLDP (65.08 %), MV (62.35 %), KOS (64.48 %), GLAD (64.43 %), ZC (63.70 %), GTIC (65.73 %) and AWMV (67.47 %).

5)Based on Wilcoxon’s one-rank test, RAWBLA substantially surpasses all baseline algorithms regarding aggregation and classification accuracy. Figures 3 and 4 show that RWBLA outperforms the other label aggregation algorithms by a significant margin.




Table 2. Comparison of aggregation accuracy (%) with 40 % unreliable workers




	Datasets

	MV

	KOS

	GLAD

	ZC

	GTIC

	AWMV

	MNLDP

	LAWMV

	RWBLA






	Balance-scale

	69.62

	76.12

	77.20

	75.21

	70.30

	73.12

	76.17

	81.13

	84.30




	Biodeg

	71.39

	79.10

	77.20

	73.89

	72.12

	75.15

	75.25

	79.04

	81.23




	breast-w

	63.91

	72.80

	74.08

	67.10

	64.48

	67.10

	73.16

	81.94

	83.45




	car

	74.35

	84.30

	82.21

	73.95

	72.12

	81.14

	81.46

	79.69

	80.40




	credit-g

	71.87

	78.53

	81.32

	80.04

	72.87

	77.93

	71.14

	76.14

	83.80




	Diabetes

	72.69

	76.40

	79.60

	76.10

	73.45

	78.02

	75.91

	79.34

	78.30




	heart-statlog

	66.58

	72.00

	73.90

	69.28

	68.07

	69.30

	69.10

	72.31

	71.20




	Ionosphere

	67.01

	71.22

	72.72

	68.59

	67.67

	71.25

	72.14

	72.10

	71.63




	Iris

	82.72

	68.10

	81.85

	72.09

	83.49

	86.91

	95.94

	98.51

	98.41




	kr-vs-kp

	72.48

	80.13

	81.18

	79.81

	73.32

	77.48

	81.34

	81.18

	80.50




	letter

	94.01

	77.39

	85.81

	76.74

	94.10

	96.01

	99.71

	97.72

	98.23




	Lymph

	72.10

	81.28

	80.19

	81.30

	73.42

	74.68

	75.13

	77.81

	79.60




	Mushroom

	66.83

	80.31

	75.94

	70.27

	68.06

	70.18

	79.14

	83.23

	87.80




	Segment

	87.15

	81.93

	84.83

	73.63

	88.69

	92.04

	96.12

	96.51

	98.90




	Sonar

	73.06

	78.31

	78.15

	77.37

	74.12

	78.12

	76.16

	78.01

	84.20




	Spambase

	74.20

	86.92

	83.45

	80.18

	75.19

	78.87

	81.01

	85.28

	89.20




	Tic-tac-toe

	68.03

	76.30

	73.10

	69.10

	68.91

	69.16

	66.15

	72.14

	76.80




	Vehicle

	81.49

	80.20

	83.30

	80.83

	82.16

	85.39

	87.10

	87.18

	91.20




	Vowel

	90.00

	73.10

	79.05

	73.13

	89.15

	92.78

	99.10

	91.05

	92.10




	Waveform

	78.10

	82.88

	84.08

	77.17

	82.83

	84.67

	89.43

	94.10

	96.30




	Average

	74.88

	77.87

	79.46

	74.79

	75.73

	78.97

	81.03

	83.22

	85.38









Table 3. Comparison of aggregation accuracy (%) with 60 % unreliable workers




	Datasets

	MV

	KOS

	GLAD

	ZC

	GTIC

	AWMV

	MNLDP

	LAWMV

	RWBLA






	balance-scale

	60.20

	70.59

	70.65

	68.48

	64.83

	68.61

	68.23

	73.43

	77.68




	Biodeg

	67.19

	73.38

	72.54

	68.39

	65.72

	70.30

	67.23

	71.54

	79.49




	breast-w

	59.80

	66.73

	66.25

	61.35

	60.13

	63.24

	64.51

	74.19

	76.10




	Car

	66.51

	76.89

	74.83

	67.19

	66.40

	74.14

	72.23

	76.02

	78.21




	credit-g

	64.71

	78.53

	74.10

	71.63

	64.05

	70.61

	63.31

	70.80

	83.80




	Diabetes

	64.01

	76.40

	79.60

	76.10

	73.45

	78.02

	73.91

	79.34

	81.23




	heart-statlog

	60.12

	72.00

	68.32

	62.10

	61.24

	64.21

	60.54

	66.21

	65.32




	Ionosphere

	59.04

	64.32

	66.42

	60.16

	60.17

	65.14

	62.78

	67.46

	66.52




	Iris

	75.02

	68.10

	74.71

	65.43

	75.28

	79.53

	85.32

	92.44

	92.51




	kr-vs-kp

	62.80

	70.46

	73.61

	71.50

	64.34

	69.61

	72.10

	73.16

	73.82




	letter

	83.45

	71.85

	81.02

	70.14

	87.81

	90.35

	90.45

	95.10

	97.10




	Lymph

	66.23

	74.10

	72.84

	73.13

	66.65

	68.74

	68.28

	72.15

	73.56




	Mushroom

	63.23

	74.15

	70.00

	64.72

	63.14

	65.26

	72.38

	76.45

	79.14




	Segment

	80.34

	75.14

	77.37

	68.47

	82.38

	85.72

	87.75

	89.61

	94.28




	Sonar

	64.10

	71.73

	72.05

	70.50

	65.52

	72.18

	71.07

	70.45

	71.90




	Spambase

	66.39

	81.50

	77.18

	75.42

	68.21

	72.32

	74.36

	78.80

	80.40




	Tic-tac-toe

	61.04

	71.00

	67.44

	60.55

	60.31

	61.50

	58.20

	62.58

	66.04




	Vehicle

	64.72

	60.28

	73.54

	74.16

	75.52

	78.54

	78.29

	74.82

	81.78




	Vowel

	80.45

	66.78

	73.56

	67.54

	81.31

	85.43

	87.65

	85.31

	89.65




	Waveform

	70.27

	76.51

	77.31

	70.28

	75.25

	76.31

	75.49

	86.61

	92.34




	Average

	66.98

	72.02

	73.17

	68.36

	69.09

	72.99

	72.70

	76.82

	80.04









Table 4. Comparison of classification accuracy (%) with 40 % unreliable workers




	Datasets

	MV

	KOS

	GLAD

	ZC

	GTIC

	AWMV

	MNLDP

	LAWMV

	RWBLA






	balance-scale

	69.47

	75.41

	75.45

	73.15

	68.41

	70.19

	71.56

	78.10

	80.49




	biodeg

	68.28

	72.17

	70.25

	69.58

	68.31

	69.27

	71.36

	73.34

	75.09




	breast-w

	77.04

	75.48

	73.15

	77.18

	76.89

	77.02

	77.23

	83.41

	85.41




	Car

	81.69

	85.15

	86.31

	80.03

	80.21

	84.69

	77.18

	71.34

	73.51




	credit-g

	63.24

	66.10

	63.81

	65.46

	64.48

	65.29

	63.54

	64.81

	68.43




	diabetes

	67.27

	69.03

	68.98

	67.06

	67.89

	69.00

	70.14

	71.21

	69.41




	heart-statlog

	62.01

	63.94

	73.90

	62.34

	63.47

	64.13

	65.02

	69.67

	73.07




	ionosphere

	72.78

	70.28

	71.82

	75.85

	72.52

	75.39

	69.47

	71.31

	70.31




	Iris

	90.68

	89.41

	80.64

	85.82

	87.61

	90.31

	95.67

	95.81

	96.61




	kr-vs-kp

	84.71

	88.56

	89.52

	88.85

	86.55

	87.49

	83.38

	86.39

	97.87




	letter

	88.51

	73.61

	85.81

	76.57

	88.38

	88.58

	86.41

	86.17

	85.52




	lymph

	64.69

	72.69

	73.71

	71.44

	64.61

	64.07

	67.16

	72.69

	77.93




	mushroom

	85.49

	93.59

	95.56

	85.73

	82.88

	83.81

	84.13

	81.04

	83.34




	Segment

	95.26

	89.35

	91.75

	84.41

	95.39

	95.77

	96.61

	94.58

	96.79




	Sonar

	62.67

	61.18

	68.39

	64.61

	61.25

	64.26

	65.05

	65.64

	68.58




	spambase

	88.45

	89.92

	83.45

	89.34

	75.19

	78.87

	81.01

	85.28

	87.07




	tic-tac-toe

	66.45

	73.09

	70.48

	66.65

	67.28

	67.13

	61.72

	68.22

	69.20




	vehicle

	61.91

	80.20

	83.30

	63.57

	64.03

	65.69

	70.77

	68.41

	72.54




	vowel

	78.46

	62.59

	75.64

	65.67

	78.73

	77.77

	81.32

	76.47

	79.05




	waveform

	62.58

	63.93

	64.51

	61.85

	62.07

	68.93

	75.62

	77.86

	78.08




	average

	74.62

	75.89

	77.29

	73.94

	73.93

	75.20

	75.11

	76.44

	79.42









Table 5. Comparison of classification accuracy (%) with 60 % unreliable workers




	Datasets

	MV

	KOS

	GLAD

	ZC

	GTIC

	AWMV

	MNLDP

	LAWMV

	RWBLA






	balance-scale

	56.56

	62.47

	65.33

	61.38

	59.71

	61.75

	61.71

	70.62

	75.59




	Biodeg

	57.37

	63.01

	60.52

	59.58

	58.36

	61.47

	60.79

	66.59

	71.38




	breast-w

	68.28

	65.24

	65.51

	68.58

	69.82

	70.11

	69.42

	72.34

	77.26




	Car

	61.46

	66.44

	70.61

	68.33

	70.48

	73.25

	67.63

	62.55

	68.41




	credit-g

	52.58

	58.03

	57.54

	55.78

	55.44

	57.22

	51.86

	59.66

	63.14




	Diabetes

	56.42

	56.74

	58.86

	57.13

	58.69

	61.51

	56.41

	62.44

	65.15




	heart-statlog

	53.51

	56.85

	64.41

	53.56

	55.61

	58.84

	60.39

	62.45

	64.66




	Ionosphere

	61.42

	60.39

	64.75

	66.22

	65.56

	68.93

	58.16

	66.33

	69.22




	Iris

	70.35

	69.19

	70.52

	73.63

	74.48

	80.15

	63.83

	88.77

	90.72




	kr-vs-kp

	72.62

	73.77

	77.61

	76.73

	76.77

	78.95

	84.83

	77.63

	80.12




	letter

	76.42

	66.11

	76.37

	67.49

	78.27

	79.66

	73.75

	79.31

	81.42




	Lymph

	60.36

	67.83

	69.31

	65.55

	60.31

	60.49

	76.14

	62.58

	67.82




	Mushroom

	70.48

	78.25

	82.33

	76.41

	75.55

	74.04

	60.37

	73.36

	76.21




	Segment

	72.41

	68.48

	82.88

	73.89

	86.96

	87.48

	74.44

	87.42

	89.89




	Sonar

	51.34

	52.01

	59.62

	55.42

	53.57

	57.31

	66.33

	58.01

	62.81




	spambase

	71.73

	72.38

	73.52

	75.52

	65.27

	68.74

	66.02

	75.66

	81.00




	tic-tac-toe

	60.93

	67.49

	63.38

	60.77

	61.51

	62.63

	59.55

	61.22

	66.30




	vehicle

	55.53

	70.12

	72.94

	50.45

	56.71

	57.88

	55.12

	60.56

	63.21




	Vowel

	65.81

	59.66

	56.74

	55.44

	69.11

	67.90

	63.41

	67.99

	71.04




	Waveform

	51.37

	55.11

	55.77

	52.06

	54.18

	60.83

	71.47

	70.28

	75.46




	Average

	62.35

	64.48

	67.43

	63.70

	65.32

	67.46

	65.08

	69.29

	73.04
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Figure 3. Wilcoxon Signed-Rank test on the aggregation accuracy
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Figure 4. Wilcoxon Signed-Rank test on the classification accuracy


In conclusion, our approach gives results comparable to the state-of-the-art approach. However, it outperforms the other approach significantly when the reliability of workers diminishes. However, when worker reliability diminishes, RAWBLA outperforms the other method significantly.

4.2. Crowdsourced Dataset Results

To further validate the efficiency of our proposed algorithm, RWBLA experimented with three crowdsourcing datasets: Poplar, Leaves, and Income. All these datasets are taken from CEKA. Poplar contains 384 instances, of which ten crowd workers are labelled in two classes. Poplar is a dataset in which the task is decided on as positive or negative based on the colour and shape of the described images. The leaves dataset is multiclass crowdsourced, containing 384 instances in 6 classes with 64 attributes. Eighty-three crowd workers annotate the dataset, and each instance has ten labels from a heterogeneous crowd. The income database constitutes a binary classification dataset with 600 instances and ten attributes. Ten different crowd workers label each instance, and 68 crowd workers participate using AMT.

Figure 5 shows the nine-label aggregation accuracy performance on the three datasets: poplar, leaves, and the income dataset. The label aggregation accuracy of RWBLA on poplar is 97.21 %, significantly surpassing LAWMV (94.16 %), MNLDP (93.92 %), MV (91.05 %), KOS (92.56 %), GLAD (91.33 %), ZC (91.68 %), GTIC (93.45 %), and AWMV (91.68 %). Correspondingly, RWBLA on the income dataset is 75.41 %, significantly surpassing LAWMV (74.00 %), MNLDP (71.00 %), MV (71.17 %), KOS (71.33 %), GLAD (71.39 %), ZC (72.33 %), GTIC (71.83 %), and AWMV (72.00 %). The label aggregation accuracy of RWBLA on the Leaves dataset is 68.18 %, markedly above that of LAWMV (66.15 %), MNLDP (65.15 %), MV (64.32 %), KOS (65.32 %), GLAD (65.23 %), ZC (64.58 %), GTIC (62.24 %), and AWMV (64.58 %).
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Figure 5. Aggregation accuracy comparison on poplar, income and leaves datasets


Figure 6 shows the classification accuracy performance on the poplar, leaves, and income datasets. It can be observed that the label aggregation accuracy of RWBLA on poplar is 95.23 %, which is much higher than LAWMV (93.45 %), MNLDP (92.34 %), MV (88.07 %), KOS (89.14 %), GLAD (91.33 %), ZC (91.23 %), GTIC (92.23 %) and AWMV (90.12 %). Correspondingly, RWBLA on the income dataset is 72.34 %, significantly better than LAWMV (70.67 %), MNLDP (69.13 %), MV (68.71 %), KOS (69.31 %), GLAD (68.32 %), ZC (69.21 %), GTIC (69.47 %), and AWMV (69.15 %). The label aggregation accuracy of RWBLA on the Leaves dataset is 57.23 %, markedly above that of LAWMV (55.63 %), MNLDP (52.57 %), MV (51.23 %), KOS (51.30 %), GLAD (53.41 %), ZC (52.23 %), GTIC (52.57 %), and AWMV (52.57 %).
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Figure 6. Classification accuracy comparison on poplar, income and leaves datasets


4.3. Results on Crowd-Imbalanced Data

To show the effectiveness of our proposed approach, the experiment has been performed on two real-world, crowdsourced, slightly imbalanced datasets: LabelMe [36] and Music [37]. The label quality p of each worker varies from 0 to 1. LabelMe is an image classification dataset, which has 2,668 images belonging to 8 classes and is annotated by 59 crowd workers in AMT. On average, each image is labelled by 2.45 workers with a mean accuracy of 69.2 % % in AMT. Music is a general classification dataset consisting of 2946 samples of songs from ten music genres labelled by 44 distinct crowd workers in AMT with a mean accuracy of 73.3. LabelMe and Music are slightly imbalanced datasets with an imbalance ratio of 1.53 and 1.46, respectively. This study used the original test and train ratio for both datasets. Figure 7 shows the nine-label aggregation accuracy performance on the two class imbalance datasets: LabelMe and Music. It can be observed that the label aggregation accuracy of RWBLA on LabelMe is 84.38 %, which is higher than LAWMV (83.28 %), MNLDP (82.31 %), MV (80.41 %), KOS (81.35 %), GLAD (82.57 %), ZC (79.83 %), GTIC (82.31 %) and AWMV (82.28 %). Similarly, RWBLA outperforms (73.24 %) the other aggregation algorithms on Music, including LAWMV (70.46 %), MNLDP (68.38 %), MV (67.16 %), KOS (67.31 %), GLAD (70.69 %), ZC (67.38 %), GTIC (69.25 %) and AWMV (68.36 %).
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Figure 7. Aggregation accuracy for the LabelMe and Music datasets


Figure 8 shows the classification accuracy performance. It can be observed that the classification accuracy of RWBLA on LableMe is 82.14 %, which outperforms LAWMV (81.48 %), MNLDP (79.59 %), MV (77.23 %), KOS (77.64 %), GLAD (79.15 %), ZC (77.23 %), GTIC (79.59 %) and AWMV (77.12 %). Similarly, RWBLA outperforms (71.23 %) the other aggregation algorithms on Music, including LAWMV (68.56 %), MNLDP (66.43 %), MV (66.23 %), KOS (65.10 %), GLAD (69.02 %), ZC (66.13 %), GTIC (68.18 %) and AWMV (66.43 %).
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Figure 8. Classification accuracy for the LabelMe and Music datasets


4.4. Analysis of Hyperparameter Sensitivity in RWBLA

The hyperparameters used in this paper are α, ∂ and β. α is the scaling factor of adaptive distance weight Wik1 by adopting the grid search method to tune the value. For dense reasons, α takes the value from 0.1 to 0.3, and for less dense data, it takes the value from .4 to 1. ∂ A small value is used to prevent division by zero in ScaledXOR, and the value is fixed at 0.001. RWBLA dynamically estimates the value of K in KNN using, where βis a scaling factor in which the smaller the β, the smaller the value of K. The optimal value of K is selected by varying the value of β from 0 to 1. The dataset with larger instances has a lower value of β (0.1 to 0.3). For fewer instances, the value ranges from 0.3 to 0.6.

5. Conclusion and Future Work

Crowdsourcing has emerged as a cost-effective alternative to expert annotation, but its effectiveness is often undermined by noisy contributions from unreliable workers and the presence of class imbalance. These challenges significantly reduce the quality of aggregated labels and hinder the development of accurate predictive models in critical domains such as healthcare, cultural heritage preservation, and content moderation. Addressing these issues requires an approach that can simultaneously model worker reliability, balance class representation, and integrate information from limited and noisy label sets.

To overcome this, the paper introduced the Reliability-Weighted Bayesian Label Aggregation (RWBLA) framework. The method augments label sets using K-nearest neighbours to address label insufficiency and then assigns weights to neighbouring labels based on triplet information such as dynamic worker reliability, adaptive distance weighting, and label similarity. By integrating these weighted labels through Bayesian inference, RWBLA effectively reduces the influence of unreliable workers, mitigates class imbalance, and produces more accurate ground truth estimates. Experimental evaluation on 20 synthetic datasets and three real-world crowdsourcing datasets demonstrated that RWBLA consistently outperforms eight state-of-the-art aggregation methods, highlighting its robustness and practical utility. Despite these promising results, certain limitations remain. The reliance on KNN-based neighbourhood computation introduces scalability concerns for very large datasets, and the framework’s behaviour in high-dimensional feature spaces or under conditions of extreme imbalance requires further investigation. Additionally, the current formulation does not explicitly account for complex inter-class dependencies that may arise in multi-label or hierarchical labelling tasks.

Future work will focus on overcoming these challenges by incorporating scalable approximate neighbour search strategies, extending the weighting scheme to better handle severe imbalance, and integrating probabilistic models capable of capturing inter-class relationships. These enhancements will broaden the applicability of RWBLA, making it more suitable for large-scale, complex, and diverse crowdsourcing scenarios.
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