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Abstract. When there are two classes, a majority vote can always be obtained with three 

labelers. Researchers can utilize this property to obtain a false sense of confidence in their 

ground truth labels. We demonstrate such a case with 3000 crowdsourced labels for an 

online hate dataset. Evaluating with percentage agreement, Gwet’s AC1, and 

Krippendorff’s alpha, results show that using more raters teases out the hidden nuances in 

raters’ preferences. We show that full agreement among the raters monotonically 

decreases from three raters (28.4%) to nine raters (19.5%). Ten raters have a higher 

agreement than any other number of raters, which supports the idea of increasing the 

number of raters for subjective labeling tasks. Nevertheless, while beneficial, increasing 

the number of raters cannot be considered as a fundamental solution to the issue of 

agreement in subjective crowdsourcing tasks, as even with ten raters, there is a non-

negligible number of ties (4.11%). We suggest having a small sample of the data labeled 

by five or more raters to evaluate the stability of agreement among the raters. 
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Introduction 

Our argument focuses on the development of training sets for online hate detection 

(classification, scoring) models that are used in various computing systems. We 

argue that using binary classification with three raters can hide underlying 

disagreement among crowd raters. We suggest ways to tackle this issue. 

Subjectivity in crowdsourced ratings is well-known (Alonso, 2011, 2015; 

Alonso et al., 2013, 2015; Alonso & Mizzaro, 2012; Aroyo et al., 2019; Salminen, 

Almerekhi, Dey, et al., 2018). Fundamentally, subjectivity means that individuals 

rate items differently based on personal beliefs, attitudes, worldviews, cultures, 

demographics, and other factors affecting their judgment (Alonso, 2015). Despite 

this, researchers dealing with subjective rating tasks, such as online hate/toxicity 

annotation, still use crowdsourced labels to construct training sets (Almerekhi et 

al., 2019, 2020; Davidson et al., 2019, 2017; Fortuna, 2017; Vidgen & Derczynski, 

2020) for machine learning (ML). Crowdsourcing, in general, refers to using an 

anonymous pool of users to carry out human intelligence tasks (HITs) (Kittur, Chi, 

et al., 2009; Kittur et al., 2008, 2013; Kittur, Lee, et al., 2009; Yu et al., 2016). 

In this research, we investigate the particular case of majority voting in a binary 

labeling task when using crowdsourced ratings. Binary labeling refers to a task 

where the raters have two options (e.g., yes/no, positive/negative). Majority voting 

refers to using the “winning” class as the final ground truth label. For example, if 

two raters say “yes” and one says “no,” then the final label is yes (2/3). Similarly, 

if there are five raters, then the class obtaining three or more votes will be the final 

label, and so on. With an odd number of raters, the binary classification will always 

have a majority label when using majority voting. 

Our research goal is to evaluate if majority voting is a justified strategy for binary 

classification when the task has a non-negligible degree of subjectivity (i.e., room 

for interpretation). To investigate this matter, we collect 3,000 ratings on 300 social 

media comments from a crowdsourcing platform and investigate how the dynamics 

of inter-rater agreement evolve when varying the number of raters. 

We chose hate detection as the illustrative context for three reasons: (1) 

Prevalence of hate in online social media, (2) hate labeling has known issues of 

subjectivity and interpretation (Fortuna & Nunes, 2018; MacAvaney et al., 2019; 

Modha et al., 2020; Sood et al., 2012), and (3) there are several examples of studies 

(Davidson et al., 2017; Ibrohim & Budi, 2019; Magdy et al., 2015) applying the 

majority rule in crowdsourced labels to achieve ground-truth labels in this space.  

Online hate detection is a growing field of research (see reviews in (Fortuna & 

Nunes, 2018; Waqas et al., 2019)) with broad cross-disciplinary interest among 

scholars from different communities, including HCI (Türkay et al., 2020). 

Typically, hate detection involves ML models with crowdsourced ratings as 

training data (Davidson et al., 2017; Mohan et al., 2017; Mondal et al., 2017; 

Salminen, Almerekhi, Milenković, et al., 2018; Waseem, 2016). A prominent 
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example is Perspective API (Alphabet, 2018), a tool by Jigsaw to score online 

comments for toxicity and hate. However, dataset quality is considered one of the 

most pressing challenges in online hate detection (MacAvaney et al., 2019; Modha 

et al., 2020; Vidgen & Derczynski, 2020). Our starting point for this study is that 

more research is needed into understanding the subjective nature of online hate and 

how this affects the training set creation process.  

Related Literature 

In HCI, crowdsourcing has been applied for various tasks, including taxonomy 

creation (Chilton et al., 2013), user studies (Kittur et al., 2008) such as graphical 

perception (Heer & Bostock, 2010), user interface performance (Komarov et al., 

2013), accessibility (Hara et al., 2013), as well as generation of creative design 

outputs (Willett et al., 2012). Beyond HCI, social computing studies apply 

crowdsourcing to generate training samples for ML models (Davidson et al., 2017; 

Huang et al., 2014; Kocabey et al., 2018; Weber & Mejova, 2016).  

ML techniques and crowdsourcing are a powerful combination for learning 

about online users. Nevertheless, the quality of the obtained annotations does not 

always lead to questions of dataset reliability (Alonso et al., 2013). Researchers 

tend to measure the inter-rater agreement as a proxy for quality (Alonso et al., 2015) 

to avoid such quality issues, with metrics such as Cohen’s kappa (Cohen, 1960), 

Krippendorff’s alpha (Krippendorff, 1980), Gwet’s AC1 (Gwet, 2008), and others 

(Banerjee et al., 1999). When these metrics show a lack of agreement, several 

potential explanations arise. For example, guidance and instructions given to the 

raters may be inadequate or unclear (Pitkänen & Salminen, 2013), there may be 

fraudulent raters or bots (Peng et al., 2014) or there may be a sincere lack of 

attention (Alonso, 2015). A particular problem is inherent subjectivity (Salminen, 

Almerekhi, Dey, et al., 2018), meaning that the task actually has no right or wrong 

answer. To solve the issue of inherent subjectivity, researchers can deploy an odd 

number of raters and choose the last rater as a tiebreaker to assign the final label for 

the classified sample (Duwairi et al., 2014; Ibrohim & Budi, 2019; Magdy et al., 

2015; Trieu et al., 2017; Volkova & Yarowsky, 2014). 

Hate labeling is an example of a subjective labeling task. This is because 

individuals’ opinions of what constitutes a hateful comment might differ despite the 

fact that a commonly accepted definition is provided (Alonso, 2015; Salminen et 

al., 2019; Salminen, Veronesi, et al., 2018). In (Salminen et al., 2019), the 

researchers analyzed 5,665 crowd ratings on 1,133 social media comments. The 

results indicated that individuals tend to agree on the extremes of a hate rating scale 

more than in the middle. The agreement was higher for comments that were, on 

average, considered less hateful and lower on comments that were generally rated 

as moderately hateful. The researchers suggest that this behavior helps reach an 

agreement on extreme cases (very hateful/not hateful at all) faster and more cost-
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efficiently than obtaining an agreement on gray-area cases. In (Salminen, Veronesi, 

et al., 2018), the researchers collected 18,125 ratings from crowd workers in 50 

countries, analyzing the effect of the country on the given hate scores. Even though 

geographic patterns were found, the conclusion is that hate ratings vary more by the 

individual raters than by countries.  

There are many other subjective labeling tasks beyond hate detection. Examples 

include sentiment analysis (Cambria, 2016), peer-nominated personality ratings 

(Celli, 2011; Celli & Rossi, 2012), or virtually any topic dealing with opinions, 

attitudes, and preferences. The key distinction between subjective labeling tasks for 

ML applications of crowdsourcing is that they are conducted for the purpose of 

building a training set. This purpose tends to come with the explicit requirement of 

ground truth (Weber, 2015)—i.e., an assumption that the items have one true value. 

This is not the case for surveys, for which it is generally accepted (and expected) 

that the respondents’ answers vary. In contrast, variation is a problem in a labeling 

task whose purpose is training set creation.  

Method 

Data Collection 

We randomly sampled 300 comments from a previously published online hate 

dataset with known ground truth values (Salminen, Almerekhi, Milenković, et al., 

2018). Half (n=150) of the comments are marked as hateful in the dataset, the other 

half as neutral. The crowd raters were recruited using the Appen platform (formerly 

known as CrowdFlower). The raters were presented with a simple binary decision 

task: “Is this comment hateful?” (Yes/No). 

The raters were provided the following definition of hatefulness, similar to the 

definition applied by the dataset source (Salminen, Almerekhi, Milenković, et al., 

2018): “A hateful comment is rude, disrespectful or otherwise likely to make 

someone leave a discussion.” 

We chose to have each sample labeled by ten raters. This choice is arbitrary, and 

we could also have aimed at having twenty or thirty raters as well. However, since 

this would have doubled or tripled the cost of acquiring data, we decided to choose 

ten raters. Overall, collecting 300 × 10 = 3,000 ratings was considered as enough 

data to examine the majority voting problem in crowdsourced labels. Also, 

according to the crowdsourcing platform’s suggestions, eight test questions were 

created. For these test questions, we selected cases that were (according to our 

interpretation) clearly in either category (see Table 1). This decision is also in line 

with the best practices of the platform to make sure the test questions are as 

unambiguous as possible in order to avoid false rejection of workers, which will 

also result in extra cost for the crowdsourcing task. 
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Table 1. Test questions for the quality control of the crowdsourcing task. “Correct rate” 

indicates the share of correct crowd evaluations in the total. The observed correct rates are 

well aligned with the ground truth classes. 

Comment Class Correct rate 

Usain Bolt my hero has donated 10 million dollars to Haiti, all 

governments should hang their head in shame. A 100 metres runner did 

more than you. Bless up king Bolt 

Non-

hateful 

92% 

Chicago pizza is by far the best Non-

hateful 

96% 

Land ownership and the quiet title legal process in Hawaii are super 

complicated. For a better understanding of how it works, check out this 

resource from the Native Hawaiian Legal Corporation: 

http://www.nhlchi.org/resources/brochures/13#what-is-a-quiet-title-

action 

Non-

hateful 

95% 

Fuck Obama and his Muslim apologism Hateful 99% 

he is not a fucking refugee he is a economic migrant fuck aj+ Hateful 100% 

Stick your PROPAGANDA right up your FUCKING MUSLIM 

ASS!!!!!!!!!!!!!!!!!!!!! 

Hateful 98% 

Fucking bullshit regressive channel. Aj+ fucking Muslim terrorist 

apologists. They won’t be singing in front of them when one of the 

Syrians or their decedents blow them up. I wonder what these Syrians 

think of Jews. I doubt they have a high opinion of them because their 

anti Semitic because their muslim 

Hateful 99% 

even stupid george bush knows its called quds force and not al quds, 

so fuck this channel and this whore.. this is a fucking jew channel, calling 

quds force al quds make it sound like al qaeda and al shabab and al nusra 

and those arab terrorist monkeys this is a persian force 

Hateful 99% 

Other quality control settings are also in line with the platform’s 

recommendations: 

1. Minimum Time per Page = 10 Seconds (Default). This is the minimum 

time raters are required to complete a page of annotations. If less time is spent, 

the rater will be removed from the task. 

2. Disable Google Translate For Contributors = Enabled. When enabled, this 

option disables Google Translate for raters using the Chrome browser to 

ensure that context and meaning are not lost in translation. 

3. Max Judgments per Contributor = Empty (Default). This setting limits 

the maximum number of ratings that a rater can provide for the task. By 

default, the maximum ratings a rater can submit is limited by the number of 

test questions in the task. (In our case, eight test questions.) 

4. Quality Level = 2 (“higher quality: a smaller group of more experienced 

contributors with a higher accuracy”). 

The compensation for the workers was set at rows per page = 5 (default) and 

price per page = USD 35 cents per page (default). These settings resulted in the 

price per judgment = USD 7 cents (default). The parameters were set based on 

the belief that the platform’s defaults respect the minimum pay guidelines for 

crowdsourcing (Vaughan, 2017). The total cost for data collection was $316.26. 

In other words, apart from the translation prevention and the increase of the 

quality level from default 1 to the higher level of 2, the other options were default. 
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We set the geographic targeting to the United States to gain some control over the 

cultural factors in the interpretation of hateful social media comments (Mubarak et 

al., 2017; Mubarak & Darwish, 2019). 

Data Cleaning 

A total of 300 social media comments were rated for hatefulness using 

crowdsourced ratings on a binary scale (yes/no). Each comment was rated by ten 

raters. The eight test questions that were rated by more than ten raters were excluded 

from the analysis for parsimony. Thus, the analysis comprised 292 comments with 

a total of 2,920 ratings. The ratings were sorted chronologically by creation date 

within each comment prior to the analysis. 

Statistical Analysis 

The statistical analysis was performed using the R software (v. 3.6.3). Counts and 

percentages were used to summarize the variables. The inter-rater reliability was 

assessed by using three measures: (1) percentage agreement, (2) Gwet’s AC1 

(Gwet, 2008), and (3) Krippendorff’s alpha (K alpha). Using multiple agreement 

measures is advisable to ensure the consistency of the results (Cicchetti & Feinstein, 

1990) by mitigating the impact of the shortcomings of any given metric on the 

overall findings. The AC1 and K alpha are chance-corrected agreement measures. 

The K alpha measure can be used for nominal and ordinal outcomes and can 

take a value between 0 (perfect disagreement) and 1 (perfect agreement). It can also 

accommodate missing data, although in this case, we had none. The K alpha 

corrects the expected agreement by chance and can acquire lower values with high 

values of percentage agreement (Krippendorff, 1980).  

The AC1 can be used when the expected agreement due to chance is high, which 

inversely affects the calculation of K alpha (Gwet, 2008). AC1 was developed as 

an alternative method in the presence of high expected agreement by chance, as it 

does not assume independence between raters. AC1 also supports categorical, 

ordinal, interval and ratio types of data and supports missing values.  

Results 

Number of ties based on the number of raters 

We calculate the number of ties to understand how much using majority voting 

would affect the final labels. A tie is a situation where an equal number of raters 

think the comment is hateful and non-hateful (e.g., out of six raters, three choosing 

“yes” and three choosing “no” constitutes a tie).  
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Table 2 shows two important results. First, there are no tie ratings, ever, when 

using an odd number of raters. That is, even if there is an underlying tendency of 

disagreement among the raters, this can be obfuscated by choosing an odd number 

of raters and their majority decision on a given item.  

Table 2. Ties for ratings with even raters 

Raters Number of ratings 

2 79 (27%) 

3 0% 

4 37 (12.7%) 

5 0% 

6 26 (8.9%) 

7 0% 

8 16 (5.48%) 

9 0% 

10 12 (4.11%) 

Second, the proportion of comments with ties decreases with the increase in the 

number of raters. Ties were observed for 79 (27%) and 37 (12.7%) comments when 

the ratings from the first two and four raters were used for the analysis, respectively. 

The number decreased to 26 (8.9%) when the ratings from six raters were used and 

further decreased to 16 (5.48%) when eight raters were used. The number of ties 

was lowest when all ten raters were used for the analysis (4.11%). 

This finding can be interpreted, in a certain sense, as convergence to a consensus 

opinion on the “true” ratings of the items (see Figure 1). However, it is notable that 

even with ten raters, there is a non-negligible number of ties. 

 

 

Figure 1: Ties based on the number of raters. The decreasing number indicates convergence to the 

“true” values. Yet, even with ten raters, some cases have equal support of being “yes” or “no.” 
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Agreement on the Hatefulness of Comments 

We next analyze the structure of the majority vote among the raters. This analysis 

is based on the majority rule, i.e., the comment was deemed hateful if more than 

50% of the raters found it hateful. The proportion of comments that fit this criterion 

was calculated based on the number of raters. The analysis was performed for 

comments with an odd number of raters. Results in Table 3 show three interesting 

findings: First, the frequency of hateful comments corresponds well with the 

expected frequency (the ground truth had 150 comments labeled hateful, and the 

raters found 145-148 hateful comments). Second, the frequency of hateful 

comments remains stable from three to nine raters (at around 50%). Third, a full 

agreement among the raters (i.e., all of the raters agreeing that a comment is hateful) 

monotonically decreases from three raters (28.4%) to nine raters (19.5%). 

Table 3. Structure of the majority vote on hateful comments. 

Hateful 

comments (> 50%) 
 Raters who found the comment hateful 

 
Rat

ers 
2 3 4 5 6 7 8 9 

147 

(50.3%) 
3 

64 

(21.9%) 

83 

(28.4%) 
      

147 

(50.3%) 
5  

30 

(10.3%) 

47 

(16.1%) 

70 

(24%) 
    

148 

(50.7%) 
7   

21 

(7.19%) 

26 

(8.9%) 

39 

(13.4%) 

62 

(21.2%) 
  

145 

(49.7%) 
9    

14 

(4.79%) 

17 

(5.82%) 

23 

(7.88%) 

34 

(11.6%) 

57 

(19.5%) 

 

According to the majority rule, with three raters, 100% of the comments have at 

least 66.7% agreement (2/3). However, what is the proportion of comments with 

five, seven, or nine raters with at least 66.7% agreement? Mathematically, the 

“worst” case for a given class to win decreases as the number of raters increases. 

For five, it is 3/5 = 60%; for seven, it is 4/7 = 57.1%; for nine, it is 5/9 = 55.6%. 

Our data shows that when the same comments are evaluated by five raters, 40.1% 

(n=117) of the comments have at least 66.7% agreement. With seven raters, 43.5% 

(n=127) have at least 66.7% agreement, and for nine raters, the value is 44.9% 

(n=131). These results imply that using more raters helps understand the 

subjectivity of the task by teasing out differences in the agreement structure. 

Inter-rater Reliability 

Our third analysis focuses on the agreement among the raters in all instances. The 

results in Table 4 show that the percentage agreement rate varies from 71.5% to 

75.1%. The K alpha and AC1 measures were significantly different from zero, 

irrespective of the number of raters, as shown by the 95% confidence intervals 
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above 1. Interestingly, the agreement remains fairly stable throughout the increase 

in the number of raters. Ten raters have a higher agreement rate than any other 

number of raters, supporting the increase in the number of raters. 

Table 4. Inter-rater reliability scores (95% confidence intervals in parentheses). The metrics 

show consistent results. 

Raters % agreement K alpha Gwet’s AC 

2 72.9% 
0.459 

(0.356, 0.561) 

0.46 

(0.357, 0.563) 

3 71.5% 
0.43 

(0.354, 0.506) 

0.429 

(0.353, 0.505) 

4 72.7% 
0.455 

(0.391, 0.518) 

0.454 

(0.391, 0.518) 

5 72.7% 
0.455 

(0.397, 0.512) 

0.455 

(0.397, 0.513) 

6 74.1% 
0.481 

(0.428, 0.534) 

0.482 

(0.428, 0.535) 

7 73.9% 
0.478 

(0.427, 0.528) 

0.479 

(0.428, 0.53) 

8 74.6% 
0.491 

(0.443, 0.539) 

0.492 

(0.443, 0.54) 

9 74.9% 
0.498 

(0.451, 0.545) 

0.498 

(0.451, 0.546) 

10 75.1% 
0.502 

(0.457, 0.548) 

0.502 

(0.457, 0.548) 

 

The results in Figure 2a show that the 95% confidence intervals are overlapping, 

although the values tended to be slightly higher with the increase in the number of 

raters. Regression analysis was used to assess whether a statistically significant 

linear trend existed in the relation between the number of raters and AC1. Data 

points were weighted using the inverse of the standard error, so data points with a 

higher standard error (less confidence) had lower weight in the regression analysis. 

The results indicate a statistically significant positive linear trend (B = 0.008, P < 

0.001). This indicates that increasing the number of raters is associated with a 

modest but significant increase in AC1.  

Finally, a linear regression analysis shows a statistically significant quadratic 

trend (see Figure 2b) in the relation between the number of raters and the perfect 

agreement rate (P < 0.001) with a strong initial decline in the proportion of raters 

who were in perfect agreement and a slightly less strong association at later stages 

(after adding a 6th or 7th rater). 
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(a) (b) 

Figure 2: (a) Gwet’s AC1 based on the number of raters (the vertical lines represent the 95% 

confidence interval, and the horizontal line represents the regression line); (b) Perfect agreement 

based on the number of raters. The smoothed line represents the negative quadratic trend when 

increasing the number of raters. 

Discussion and Practical Implications 

In summary, using the majority vote tactic with three raters and binary classification 

is not recommended as the only option for building ML datasets, as this can cloud 

the subjectivity of the task and give a false sense of dataset validity. Even though 

the study only tested an online hate rating task, similar results are to be expected 

for other subjective rating tasks. 

The results also imply that, while beneficial, increasing the number of raters 

cannot be considered the fundamental solution to the issue of agreement in 

subjective crowdsourcing tasks. Subjectivity can be so strongly ingrained in the 

data that no number of raters results in perfect agreement. 

If uncertain, researchers can probe the subjectivity of their task by annotating a 

small sample of data with a large number of raters and observe how agreement and 

majority vote tendencies evolve. Another option is to sway from the requirement of 

one true label for every item in the ground truth. Instead, researchers can investigate 

the use of empirical distributions, as done in (Wulczyn et al., 2017). Essentially, 

whereas the one-true-label approach requires the predicted value to be either 1 

(hateful) or 0 (non-hateful), the empirical description contains a tuple of values 

(e.g., [0.7, 0.3]). Hence, there is more information on the distribution of preferences. 

Depending on the number of classes and the readiness of the applied ML algorithm, 

empirical distributions can have a varying number of elements. 

Previous research suggests that extremely hateful or non-hateful comments 

reach a consensus faster than comments in the mid-range (Salminen et al., 2019). 

Yet, we are not aware of any annotation schema that would leverage this property. 
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Some platforms such as Appen offer “dynamic judgments,” a feature that collects 

more ratings for samples that struggle to reach consensus. However, what perhaps 

would be needed is the exclusion of such samples. If a sample is inherently 

subjective, collecting more ratings will not help resolve disagreements. 

Alternatively, these grey area comments could be labeled as such – e.g., apply label 

“indecisive” and use that as a third category for training the hate classifier. 

While this analysis focused on hate detection datasets as the context, our findings 

apply to other training set creation tasks, e.g., those in the realm of NLP and 

sentiment analysis (Cambria, 2016; Celli, 2011; Celli & Rossi, 2012), as these fields 

generally face the same systematic issue of subjectivity.  

Finally, we would like to point out that the are some general limitations when 

relying on crowd work for research purposes. For example, the lack of subject-

matter expertise may be harmful to ML outcomes when the training data annotation 

would require specific domain knowledge (Alonso, 2015; Alonso et al., 2013). 

When recruiting crowd workers, this issue can partially be addressed by including 

training as a part of the annotation process (e.g., by using test questions that clarify 

where the crowd worker made a mistake), but this is not possible when the required 

level of expertise exceeds what can reasonably be trained in a short amount of time. 

Overall, researchers may benefit from expanding their views of how to design a 

crowdsourcing task, including questions about whether the ground truth unfolds as 

a result of a planned process, series of clarifications and redefinitions, or as a 

succession of surprises and repairs (Muller et al., 2021).  

Conclusion 

When tasks are subjective, using crowdsourced majority voting with three raters 

can hide real disagreements. Our results show that the rate of perfect agreement 

decreases with the increase in the number of raters. Researchers can label a small 

sample of their data with more than three raters (e.g., 5, 10) to validate the stability 

of their ground truth labels before conducting further analyses. 
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