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Abstract In this paper, we propose a method of improving accuracy of multiclass classification tasks in crowdsourcing. In

order to improve quality of outputs in crowdsourcing, it is important to assign workers to tasks they are good at. In multiclass

classification tasks, which are common in crowdsourcing, sometimes different workers are good at distinguishing different

sub-categories. It suggests that we can improve the accuracy of a multiclass classification task by reorganizing the task into

a hierarchical classification task and assigning workers to appropriate sub-tasks in the hierarchy. We create three worker al-

location algorithms to show that we can actually improve the accuracy of a classification task experimentally. We collecte

performance data of workers in a flat multiclass classification task on Amazon Mechanical Turk and simulate the process of

the reorganization and the worker allocation. We confirm that the output in the simulation achieves higher accuracy than that

of the original flat classification task. We also find that the combination of one of the reorganized hierarchical schemes and

one of our worker allocation algorithm achieves the highest accuracy.
Key words Crowdsourcing, work flow management, hierarchical, worker allocation

1. Introduction

Crowdsourcing is an efficient and economical way to solve large

quantity of tasks that are easy for humans but difficult for comput-

ers. Classification tasks, such as categorizing images, are common

in many crowdsourcing platforms.

Categorization into multiple classes are called multiclass classi-

fication. In multiclass classification tasks, flat classification organi-

zation, which shows all choices of categories to workers at once, is

commonly used. Many crowdsourcing platforms, such as Amazon

Mechanical Turk,（注1） provide models for creating such flat multi-

class classification tasks. However, showing many choices at once

may confuse workers especially in fuzzy classification [1].

Another approach to a multiclass classification is to reorganize

it into a hierarchical classification [2]. For example, a flat classifi-

cation task can be reorganized into a hierarchical classification task

that consists of a root sub-task which classifies data into several top-

level categories, and sub-tasks that further classify each top-level

category into their sub-categories.

In crowdsourcing, it is important to assign workers to tasks that

they are good at in order to improve the quality of the outputs.

Workers’ ability often varies even within one multiclass classifica-

tion task. Some workers may be good at some sub-categories while

other workers may be good at other sub-categories. Therefore, if we

（注1）：http://www.mturk.com

reorganize a flat classification task into a hierarchical classification

task, it may be possible to improve the accuracy of the classification

by allocating each worker to a sub-category that the worker is good

at.

In order to validate this idea, we ran a simulation using real

worker data. We first collected images of several Canis class an-

imals including four breeds of wolf-like dogs (Siberian Husky,

Alaskan Malamute, Samoyed, and German Shepherd) and three

other Canis animals (wolf, coyote and dhole). We then published a

flat image classification project on Amazon Mechanical Turk, where

we asked workers to classify these images into these seven cate-

gories. We collected answers from workers, we calculated the accu-

racy of each worker, and we also calculated the accuracy that each

worker would have achieved if we had reorganized the flat classi-

fication task into some hierarchical classification task and had as-

signed the worker to some sub-tasks in the hierarchy. We know the

correct answer for each image so we can calculate the accuracy.

There are many ways to reorganize this classification into a hi-

erarchical classification. For example, we can reorganize it into

a hierarchical classification task consisting of the following three

sub-tasks:

(1) a task of classifying images into two categories “dogs” and

“wild species”

(2) a task of classifying images that have been classified into the

dog category further into the four breeds (Siberian Husky, Alaskan

Malamute, Samoyed, and German Shepherd)



(3) a task of classifying images that have been classified into

the wild species category further into its three sub-categories (wolf,

coyote, and dhole).

Some workers may be good at distinguishing dogs and wild

species but bad at distinguishing four breeds of dogs. Some work-

ers may be good at distinguishing four breeds of dogs but bad at

distinguishing wolfs, coyotes, and dholes.

We generated 63 candidate hierarchical classification schemes,

and for each of them, we ran a simulation in order to calculate the

accuracy that we could have achieved by reorganizing the classifi-

cation into that hierarchical classification, and allocating the given

workers to appropriate sub-tasks in it.

In each simulation, we first allocate workers to sub-tasks in the

hierarchy. We designed three algorithms to assign workers to ap-

propriate sub-tasks in accordance with their accuracy for each sub-

task. The first algorithm focuses on the number of remaining jobs

in each sub-tasks, the second one focuses on the ratio of remaining

jobs in each sub-classes and the third one focuses on the diversity

of working ability of each workers in doing different jobs. For all

algorithms, we calculated the accuracy of each sub-task we could

have obtained based on the accuracy achieved by allocated workers

in the original flat classification task. By merging them, we finally

calculated the overall accuracy of the classification of images into

the seven categories.

We compared the results for 63 candidates with the accuracy of

the original flat classification, and our comparison have shown that

the accuracy of hierarchical classification tasks is higher than that

of the original flat classification task. We observed that one hierar-

chical scheme with the ability-focusing worker algorithm achieved

the highest accuracy.

In summary, this paper reports the result of our preliminary

simulation-based experiment which shows that there is a possibility

that we can improve the accuracy of classification tasks by reorga-

nizing them into hierarchical tasks.

2. Related Work

According to [3], improving worker quality, shortening time in-

terval of completing a batch and reducing cost are three main prob-

lems of crowdsoucing, nowadays. A lot of work is done to solve

these three problems. Some studies have combined majority vot-

ing and worker characteristic estimation. Dawid and Skene [4] pro-

posed a method of estimating the quality of workers by the EM al-

gorithm, and Ipeirotis et al. [5] combined it with weighted majority

voting for removing bias of workers. Sheng et al. [6] reported how

much repeated labeling can improve the task quality. Concerning

reducing cost, Gao [7] designed two models to estimate the profit of

tasks and eliminate answers that have negative effects.

There are also some proposals about worker flow control. Ho [8]

derived a optimized assignment algorithm and achieved higher ac-

curate precision as well as reduced cost. Eickhoff C [9] proposed

a game-used worker flow management method to attract reliable

workers.

We also use characteristics of workers, but our new idea is that

we decompose a given classification task into hierarchical sub-tasks

so that we can assign each worker to the best sub-task. To the best

of our knowledge, this is the first research where the accuracy of

a flat classification task is compared with the accuracy of the same

classification task reorganized into a hierarchical classification task.

3. Hierarchical Scheme Generation

In order to achieve high accuracy by the reorganization into a

hierarchical classification, we need to choose the best hierarchical

scheme. Even when the number of final categories are small, e.g.,

less than 10, we have many ways to reorganize it into a hierarchical

scheme.

In this paper, we only consider two-level hierarchical classifica-

tion schemes with two top-level categories. In other words, we only

consider schemes consisting of the following three sub-tasks:

(1) a top-level sub-task of classifying data into two top-level cat-

egories A and B

(2) a sub-task of classifying data that has been classified into A in

the top-level sub-task further into the final sub-categories within A

(3) another sub-task of classifying data that has been classified

into B further into the final sub-categories within B. The example

scheme shown in Section 1. is also of this type.

If there are n (n >= 3) categories in a flat classification, the num-

ber of such hierarchical schemes, denoted by N, is calculated by the

formula below:

N = 2n/2 − 1 (1)

We subtract 1 from 2n/2 because there is a scheme that is equiv-

alent to the flat classification scheme. Notice also that there are n

schemes where only one category is classified into A (or B) and the

other n−1 categories are classified into B (or A). In these n schemes,

we do not need the second-level classification for A (or B). Those n

schemes, therefore, consist of two sub-tasks, not three.

In our experiment, we used a task of classifying images into 7

categories as explained before. Therefore, there are 27/2 − 1 = 63

ways to reorganize the task into such a two-level classification task

consisting of three (or two) sub-tasks. We generated all of them and

ran a simulation for each of them.

4. Worker Allocation

As we explained in the previous section, we reorganize a classifi-

cation task into a hierarchical classification task consisting of three

(or two) sub-tasks, and assign each worker to a sub-task which the

worker is good at. It is possible to assign a worker to more than one

sub-tasks, but in this paper, we only consider simple worker alloca-

tion schemes where each worker is allocated only to one sub-task.

Notice that we cannot simply allocate each worker to a sub-task



Table 1 An Example of Confusion Matrix

Alaskan Malamute wolf ... Husky

Alaskan Malamute 5 0 ... 2

wolf 0 3 ... 1
.
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.
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.
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.
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.

.
.
.
.

Husky 2 1 ... 3

where the worker has achieved one’s best accuracy. If we do it, all

workers may be assigned to the same easiest sub-task and we may

have no worker in other difficult sub-tasks. In addition, we need to

consider how many images we can expect each worker to process.

Some workers will process lots of images while some workers will

process only a few images. For each sub-task, we need to assign

enough workers to process all images in that sub-task.

We design three algorithms that assigns enough workers to each

sub-task while trying to assign workers to a sub-task which they are

good at. After getting workers’ answers in the original flat classi-

fication task, we first calculated the following three values for each

worker.

(1) Accuracy in distinguishing A and B. When we calculate it,

if a worker classify an image in one category into another category

within the same top-level category (e.g., classifying an image of

Husky into Samoyed category, or classifying a coyote into wolf cat-

egory), it is regarded as a correct answer.

(2) Accuracy in classification within A. When calculating it, we

only consider images whose correct category is within A.

(3) Accuracy in classification within B. When calculating it, we

only consider images whose correct category is within B.

When calculating Accuracy (1), if the user classify an iimage into

A or B which includes the correct category of the image, we regard

it as the correct answer, and we calculate the ratio of the correct an-

swers. When calculating Accuracy (2) and (3), we calculate them

by imitating the situation in hierarchical classification, and by using

the confusion matrix [10] of the worker in the past as shown in Table

1. In the example of confusion matrix in Table 1, suppose we have

a scheme where Husky and malamute is in A and wolf is in B, and a

worker have classified 6 images of Husky in the past, 3 of them into

Husky, 2 into malamute, and 1 into wolf. If the worker is assigned

to the sub-task A, she cannot classify given images into wolf, which

is not listed in the choices. When calculating her accuracy within A,

we assume that she would classify the image she misclassified into

wolf into either Husky or malamute in the probability 3/5 and 2/5,

respectively, based on her past performance.

These three are expected accuracy of the worker in three sub-

tasks. We create three lists of workers, each of which is sorted by

one of these three kinds of accuracy in descending order. We as-

sign workers to three sub-tasks by scanning these three lists from

their tops in parallel. During that process, we also keep track of

three values, jAB, jA, jB, indicating how many jobs are remaining in

Algorithm 1 Remaining Jobs Focused Allocation Algorithm
Input: sorted worker lists: lAB, lA, lB

Input: c, n, nA, nB,wi

Output: workers allocated to sub-tasks: S AB, S A, S B

1: S AB := ∅; S A := ∅; S B := ∅
2: jAB := c; jA := c ∗ nA/n; jB := c ∗ nB/n

3: while any of lAB, lA, lB is not empty do
4: X := the index of the largest one among jAB, jA, jB

5: (I.e., X is either AB, A, or B.)

6: i := the worker at the top of lX
7: S X := S X ∪ {i}
8: remove i from lAB, lA, lB

9: jX = jX − (2c ∗ wi/Σiwi)
return S AB, S A, S B

three sub-tasks (the top-level sub-task distinguishing A and B, the

sub-task for A, and the sub-task for B, respectively).

Suppose we have c images. We may not know the ratio of images

in each category in advance, so we simply assume that there are c/n

images in each category, where n is the number of categories. We

need c jobs to be processed by workers in the top-level sub-task, and

we need c ∗ nA/n jobs in the sub-task for A, where nA is the number

of categories within A. Similarly, we need c ∗ nB/n jobs in the sub-

task for B, where nB is the number of categories within B and thus

nA + nB = n. In total, we need 2c jobs to process.

Accordingly, suppose a worker i has done wi jobs in the recent

past on the crowdsourcing platform. We assume that the expected

number of jobs each worker will do is proportional to wi. Therefore,

we expect worker i to do 2c ∗ wi/Σiwi jobs.

4. 1 Algorithm focusing on remaining jobs
This algorithm mainly focuses on the amount of remaining jobs.

In this algorithm, we first sort worker according to three accuracy

we discussed in Section 3. In this way we can get three worker lists

lAB, lA, and lB. In these three lists, workers are the same but sorted

in different sequences. Then we choose the sub-task according to

the largest value among jAB, jA, and jB. We next allocate the top

worker in the corresponding list to the task and remove the worker

from all three lists. We also need to subtract the number of jobs we

expect the worker to do, that is:

jX = jX − (2c ∗ wi/Σiwi). (2)

This process is repeated while there is a worker to assign. The detail

of the algorithm is shown in Algorithm 1.

4. 2 Algorithm focusing on ratio of remaining jobs
Now we explain the second algorithm for allocating workers to

subtasks. Different from Algorithm 1 that allocates worker to the

task that has the largest number of remaining jobs, in this algorithm,

we allocate worker to the task that has the largest ratio of remaining

jobs. We first initialize jAB, jA, and jB to c, c ∗ nA/n, and c ∗ nB/n,

respectively. We then choose a sub-task corresponding to the largest

value among jAB/n, jA/nA, jB/nB. That sub-task has the largest re-



Algorithm 2 Allocation Algorithm Focusing on Remaining Job Ra-

tio
Input: sorted worker lists: lAB, lA, lB

Input: c, n, nA, nB,wi

Output: workers allocated to sub-tasks: S AB, S A, S B

1: S AB := ∅; S A := ∅; S B := ∅
2: jAB := c; jA := c ∗ nA/n; jB := c ∗ nB/n

3: while any of lAB, lA, lB is not empty do
4: X := the index of the largest one among jAB/n, jA/nA, jB/nB

5: (I.e., X is either AB, A, or B.)

6: i := the worker at the top of lX
7: S X := S X ∪ {i}
8: remove i from lAB, lA, lB

9: jX = jX − (2c ∗ wi/Σiwi)
return S AB, S A, S B

maining job ratio, so has the highest priority for worker allocation.

We allocate the worker at the top of the list sorted by the accuracy

in this sub-task. Let the worker is denoted by i. We then remove the

worker i from all the three worker lists, and also subtract from jX

the expected number of jobs the worker i will do according to fo-

mula 2. We repeat it until all the workers are assigned and removed

from the lists. The algorithm is shown in Algorithm 2.

4. 3 Algorithm focusing on worker ability
We also designed an algorithm focusing on diversity of workers’

ability in different sub-tasks. We first load three sorted worker lists

lAB, lA, lB. For each worker i, we obtain i’s three ranks, rABi , rAi , rBi in

lists lAB, lA, lB. We use rank here instead of exact accuracy values in

three lists because accuracy values in different sub-tasks are uncom-

parable, as well as in different schemes. Next, we calculate variance

of rABi , rAi , rBi for each worker, and produce a list of workers, W,

sorted according to the variance mentioned above by descending

order. If the variance is high, it means that the worker can do some

jobs well, but cannot do others as well as doing that job. Then start-

ing from the top worker in W, for each worker i in W, we find the

largest one among rABi , rAi , rBi . If there are remaining jobs in its cor-

responding sub-task, we assign worker to that task and subtract wi

from the number of remaining jobs in the task. If there is no job to

do in the that task, we assign the worker to the second best task for

her. If there are remaining jobs only in the third task, we have to

assign worker i to that task. The detail of this algorithm is shown in

Algorithm 3.

5. Experiments

Based on the proposed method, we simulate the process of reor-

ganization and worker allocation for all the 63 hierarchical schemes.

Our aim is to find the best scheme and allocate appropriate worker

to appropriate sub-task. After we run simulation for all 63 schemes,

we compare the result and publish three real hierarchical tasks to

validate the result we get from the simulation. We compare the

result of these three hierarchical tasks with the result of flat classifi-

Algorithm 3 Worker Ability Focused Allocation Algorithm
Input: sorted worker lists: lAB, lA, lB

Input: c, n, nA, nB,wi

Output: workers allocated to sub-tasks: S AB, S A, S B

1: S AB := ∅; S A := ∅; S B := ∅
2: jAB := c; jA := c ∗ nA/n; jB := c ∗ nB/n

3: get worker rank rABi , rAi , rBi of i in lAB, lA, lB

4: Sort worker list W by variance of rABi , rAi , rBi in descending order

5: for i in worker list W do
6: Sort Ri = rABi , rAi , rBi

7: Xi := the index of task Ri[0]

8: (I.e., Xi is either AB, A, or B.)

9: if jXi is greater than 0 then
10: S X := S X ∪ {i}
11: jX = jX − (2c ∗ wi/Σiwi)

12: else
13: Xi := next item in R and back to line 9

return S AB, S A, S B

cation.

5. 1 Simulation
We collected worker performance data by publishing a flat cat-

egorization task about classifying seven kinds of Canis animals on

Amazon Mechanical Turk. We collected over 100 photos of each

category, and published 720 photos in total. One HIT (a unit of

task on Amazon Mechanical Turk) is consisted of 20 identified im-

ages. We finally obtained 10,040 answers from 107 unique workers.

When reorganizing flat classification into hierarchical classification

and assigning workers, we removed 15 spammers whose accuracy

of flat classification was lower than 0.3. Although in reality, it is

impossible to block spammers, we can still block workers who at-

tended the original flat classification and were considered as spam-

mers.

As described in Section 3., there are 63 different hierarchical

schemes in our experiment. We imitated the process of reorganizing

this flat classification task into 63 different hierarchical schemes and

ran all algorithms for all these schemes. Our aim was to find the best

schemes, in other words, finding the scheme that achieves the high-

est overall accuracy. Final overall accuracy is shown in Figure 1. In

both graphs in Figure1, green bars indicate overall accuracy of Al-

gorithm 3 focusing on worker ability, red bars indicate overall accu-

racy of Algorithm 2, and yellow bars show the overall accuracy of

flat classification. The accuracy of both algorithm and flat cassifica-

tion after removing spammers are shown in the upper graph. In the

lower graph, we compare the accuracy of Algorithm 3 with original

worker performance data and data after removing spammers. From

the result we can find the best scheme with Algorithm 3.

Figure 2 shows the overall accuracy of Algorithm 3. In the figure,

green bars indicate the overall accuracy of hierarchical schemes af-

ter removing spammers, while red bars indicate the overall accuracy

from the same algorithm with original data, data with 107 work-

ers including 15 spammers. From the graph we can see, the accu-



Figure 1 Overall accuracy of 2 worker allocation algorithms and flat classification

Table 2 Best and Worst Three Hierarchical Schemes in Algorithm 3 with

former data set

rank accuracy A B

1 0.877 (Samoyed, German shepherd) others

2 0.864 (Samoyed, German shepherd, dhole) others

3 0.861 (Samoyed, coyote, dhole) others
.
.
.

.

.

.
.
.
.

.

.

.

61 0.817 (Malamute, coyote, dhole) others

62 0.813 (Malamute, German shepherd, dhole) others

63 0.812 (Malamute, German shepherd) others

racy was improved a lot after removing spammers. Therefore, it

is vital to eliminate spammers when reorganizing flat classification

tasks. We can also find that before removing spammers, the former

schemes achieve higher accuracy than the other schemes. In our ex-

periment, these schemes are 1-to-6 schemes, which means there is

only one sub-category in class A, and six sub-categories in class B.

This is because it is easier to distinguish one kind of animals even

for spammers, so in these schemes, the top-layer help us removing

spammers from attending the important sub-task, sub-task B.

Table 2 shows the best three and worst three schemes we obtained

by Algorithm 3. In the table, categories in sub-class A and B are

shown. We found the best scheme, rank 1 in Table 2. The highest

accuracy of this scheme is 0.877.

Since we want to publish several real hierarchical classification

tasks in Amazon Mechanical Turk, we also collected another data

set using only 200 photos of 7 categories in flat classification. We

collected another 80 photos, so we have 800 photos in total in our

new data set. The remaining 600 photos are used for hierarchical

Table 3 Best and Worst Three Hierarchical Schemes in Algorithm 3 with

new data set

rank accuracy A B

1 0.866 (Samoyed, coyote,wolf) others

2 0.862 (Alaskan malamute, Husky, dhole) others

3 0.862 (Malamute, German Shepherd, Husky) others
.
.
.

.

.

.
.
.
.

.

.

.

61 0.807 (German Shepherd) others

62 0.800 (Alaskan malamute, wolf, dhole) others

63 0.776 (Alaskan malamute, coyote) others

classification task. In the new data set, we collected information of

153 workers, removed 11 spammers and ran the three algorithms

with this data set. The detailed result was slightly different from the

result we got from the former data set, but we still obtained the best

scheme with Algorithm 3 and the accuracy of the simulation of hi-

erarchical classification was better than that of the flat classification.

We listed the best three and worst three schemes of this data set in

Table 3.

In Table 4 and Table 5 we list the overall confusion matrix of two

data sets. Table 4 is the confusion matrix of the former data and

Table 5 is the confusion matrix of the later data. We use the ra-

tio of photos classified into different categories instead of the num-

ber of photos in both tables. Rows in the confusion matrix show

the ratio of photos in certain category classified into each category.

For example, in the row Alaskan Malamute in Table 5, the value

0.611 means that 61.1% Alaskan malamute photos are classified as

Alaskan malamute, while 0.22% photos of Alaskan malamute are

classified as coyote. We also analyzed the reason why scheme 63



Figure 2 Overall accuracy of worker ability focusing algorithm with data after removing spammers

and original data.

Table 4 Confusion Matrix of former data
Alaskan Malamute Coyote Dhole Wolf German Shepherd Samoyed Husky

Alaskan Malamute 0.536 0.016 0.007 0.038 0.034 0.056 0.322

Coyote 0.038 0.600 0.092 0.194 0.032 0.017 0.026

Dhole 0.030 0.151 0.713 0.038 0.020 0.023 0.026

Wolf 0.053 0.094 0.023 0.659 0.046 0.036 0.088

German Shepherd 0.032 0.022 0.017 0.028 0.842 0.022 0.038

Samoyed 0.048 0.013 0.012 0.017 0.030 0.843 0.037

Husky 0.204 0.016 0.010 0.047 0.028 0.035 0.659

Table 5 Confusion Matrix of latter data
Alaskan Malamute Coyote Dhole Wolf German Shepherd Samoyed Husky

Alaskan Malamute 0.611 0.002 0.009 0.016 0.024 0.038 0.3

Coyote 0.018 0.618 0.134 0.182 0.016 0.018 0.015

Dhole 0.010 0.209 0.698 0.030 0.012 0.018 0.015

Wolf 0.053 0.118 0.026 0.674 0.022 0.029 0.077

German Shepherd 0.009 0.009 0.022 0.008 0.917 0.018 0.017

Samoyed 0.104 0.006 0.045 0.020 0.015 0.755 0.055

Husky 0.218 0.010 0.008 0.040 0.028 0.023 0.674

in Table 3 is the worst one. We traced the process of worker alloca-

tion and observed workers allocated to each category. We found that

the accuracy of classifying in sub-task A in this scheme was much

lower than any other schemes. However, when we examined the

worker allocated to sub-task A, we surprisingly found that workers

in sub-task A were actually workers in good quality. Then we found

that workers assigned to top-layer sub-task could not clearly classi-

fying photos belong to sub-task A correctly. This may be because

the accuracy of classifying Alaskan malamute and coyote are lower

than other categories and it is easy to mistake them as categories

in sub-task B, so some photos are wrongly classified into class B.

That is to say, there is no way to correctly classify photos which is

misclassified into another sub-class. Therefore, in order to find a

better scheme, the accuracy of classification in top-layer task is of

high importance.

From Table 4 and Table 5 we can see Alaskan malamute and

husky, coyote and wolf are two pairs of categories that easily mis-

taken by workers. From Table 2 and Table 3 we can see that the best

and worst schemes are different in two data sets even though we use

the same algorithm. In Table 2 we find in top scheme Alaskan Mala-



mute and Husky, coyote and wolf are in the same sub-task, while in

Table 3 we find that these two pairs are separated in two sub-tasks.

We suspect that in the former data set, the workers that can best dis-

tinguish Alaskan Malamute and Husky and the workers that can best

distinguish coyote and wolf are largely overlapping, and as a result,

the mission of distinguishing such categories are in the top-level

subtask, and those overlapping workers who are good at classifying

them are assigned to this top-level subtask. On the other hand, in the

later data set, these two sets of workers are not overlapping much,

and as a result Alaskan Malamute and Husky were allocated in the

sub-category A (or B), the workers good at this pair was assigned

to the sub-task for A (or B), while coyote and wolf were assigned

to the subtask B (or A), and the workers good at this pair was as-

signed to the subtask B (or A). In order to prove the speculation,

we list worker by the accuracy of each worker distinguishing husky

and Alaskan malamute and accuracy of distinguishing coyote and

wolf in descending order. We examine top 30 workers in each data

set. We find 13 workers are overlapping in the former data set and

9 workers overlapping in the later data set. That means the ratio of

overlapping top worker in the former data set is larger than that in

the later data set. This observation meets our speculation and it is

reasonable to explain why we obtain the result schemes shown in

Table 2 and Table 3.

Following the result that Alaskan malamute and Husky, coyote

and wolf are two pairs that are most easily mistaken by workers,

we decided to remove the other three categories and run simulation

only with four categories, Alaskan malamute, Husky, wolf and coy-

ote. We expected the scheme where Alaskan malamute and Husky

are in the same sub-category and Coyote and wolf are in another cat-

egory to be the best one. However, we cannot get the highest scheme

by Algorithm 3 with which we got the highest accuracy with 7 cat-

egories. Whereas, we get the best accuracy with four categories in

the former data set with Algorithm 1, algorithm focusing on max-

imum remaining jobs and in the later data set, and we get the best

accuracy through Algorithm 2, the algorithm focusing on the maxi-

mum ratio of remaining jobs. The best scheme of the former data set

is that husky and wolf in one category and Alaskan malamute and

coyote in the other category and the accuracy this scheme is 0.7289.

In the latter data set, the best scheme is in accord to our speculation,

Alaskan malamute and Husky in the same sub-category and Coy-

ote and wolf in another category and the accuracy is 0.8631. We

can see that the accuracy of classifying four categories is lower than

that of classifying seven categories. This is because we choose four

categories that are harder to distinguish. Worker ability of distin-

guishing these four categories is not as diverse as that of classifying

seven categories, so that Algorithm 3 does not work for data only

with four categories.

5. 2 Experiment on Amazon Mechanical Turk
We publish three real hierarchical classification tasks on Amazon

Mechanical Turk. In Table 6, we list schemes that we published

and the result of each scheme. We also publish a flat classification

task on Amazon Mechanical Turk in order to evaluate our method.

In all three hierarchical schemes and the flat classification scheme,

five workers are assigned to answer one single question. We choose

the best scheme, the worst scheme according to Table 3 and the best

1-to-6 scheme. We publish three hierarchical tasks with different

numbers of categories in a certain sub-task. We have 600 photos

remained to be used. We randomly put 200 photos in each hierar-

chical project and assign workers according to worker lists we get

with Algorithm 3. All the workers are involved in three hierarchi-

cal tasks. Then we can compare the result we get from different

schemes. These three hierarchical classification projects are pro-

cessed at the same time and they are under processing on Amazon

Mechanical Turk.

We used two methods to get correct answer in the flat classifica-

tion task and we compare them with the ground truth. The first one

is a method that commonly used, majority voting. However, even

though we assigned five workers to one question, we cannot get

majority answer for some questions. We also use a weighted voting

method, EM Algorithm [4], to generate correct answer. In this al-

gorithm, we first initiate answers by majority voting and then eval-

uate worker quality by these answers. Confusion matrix for each

worker is generated and used then to evaluate correct answer. Dif-

ferent workers may have different weight in the weight voting. This

process is repeated until the likelihood of expected answers con-

verge. However, from Table 6 we can see, the overall accuracy of

weighted voting method is worse than the simple majority voting

method. This may because we only collect answers from 9 workers

in this flat classification task, so low quality workers may answer

more question than sincere workers. As a result, low quality work-

ers reach higher weight in voting than high quality workers. In hier-

archical tasks, we merely use majority voting to get correct answer.

The accuracy is calculated by comparing the result of voting with

the ground truth.

From Table 6 we can see, the top one scheme in the simulation

achieves higher accuracy than the flat classification result by ma-

jority voting. However, the accuracy of the other two schemes are

worse than that. From this observation we can confirm that the ac-

curacy of classification task can be improved by reorganizing it into

a hierarchical classification task. Furthermore, requesters should be

meticulous to choose hierarchical schemes in that worker perfor-

mance is strongly depended on the chosen hierarchical scheme. If

the requester choose a good hierarchical scheme, the accuracy of

the task can be improved, whereas, if he choose a bad one, he may

get a bad result.

6. Conclusions

In this paper, we propose several methods to reorganize flat clas-

sification into corresponding hierarchical classification. We get this

idea because we assume that different workers have various worker



Table 6 Result of hierarchical classification tasks and flat classification task on AMT
Scheme Total Accuracy Accuracy AB Accuracy A Accuracy B

A: Samoyed, Coyote,Wolf B: others 0.875 0.970 0.853 0.850

A: Alaskan malamute, Coyote B: others 0.590 0.610 0.444 0.644

A: wolf B: others 0.765 0.900 0.880 0.749

Flat classification (majority voting) 0.833

Flat classification (EM Algorithm) 0.767

ability in doing different tasks. We generate all the possible schemes

and design three worker allocation algorithms. The first and second

algorithms focus on balancing remaining jobs and allocate worker

good at doing this job. The third algorithm focuses on worker abil-

ity. In this algorithm we sort worker by variance of working on

different jobs and allocate in this sequence. We test our three algo-

rithms with two data sets. Worker information is different in two

data sets. Our results show that we can get the scheme that achieves

the highest accuracy with the third algorithm testing with both data

sets. We provide the confusion matrixes to evaluate answers col-

lected from workers. We observe differences in two data sets and

do further experiments to analysis the difference. We also publish

three hierarchical tasks on the Amazon Mechanical Turk and com-

pare the result with the result of flat classification. We find our

best scheme can achieve higher accuracy than the flat classification.

In conclusion, based on our simulation and analysis, we confirm

that reorganizing flat classification into hierarchical classification

can improve the accuracy that photos being classified into correct

categories finally.

7. Future Work

Although the accuracy of classification task can be improved by

using our method, we still find some limitations. In our future work,

we’ll think of some methods to solve these problems.

In our research, in order to qualify worker ability, a qualification

task is required. We cannot modify the quantity of data that should

be used in the qualification task. In our experiment, 200 photos in

800 photos are used. We cannot figure out whether we should use

1/4 of the whole data or 200 photos in the qualification task if there

is a large number of questions in the original classification task. If

large quantity of data is required in the qualification task, it will be

costly. We have to design an experiment to set up a threshold for the

quantity of data for qualification task, and with this threshold, the

cost of qualification task can be limited.

We proposed several greedy algorithms to allocate workers and

we get some good schemes with these algorithms. However, these

algorithms are not optimized. We desired to design an optimized

method to allocate workers, so that we’ll get the hierarchical scheme

with the highest accuracy. We want to design an dynamic worker al-

location algorithm for hierarchical reorganization.
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