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Abstract 
The purpose of this thesis is to propose a method to cluster Scratch projects according 
to their similarity. Scratch is a web-based visual programming environment, which 
supports young programmers in their first steps in coding. Due to the widespread use of 
Scratch among programming beginners, Scratch has recently received significant 
attention from the computing education research community. Datasets composed of 
projects scraped from the public Scratch projects repository have been used to research 
the learning trajectories and programming practices applied by young learners. 
However, the public Scratch projects repository contains not only self-made projects, but 
also projects created using guidance materials like tutorials, books or MOOCs. The 
inclusion of such projects in the research datasets can affect the obtained results, and 
this thesis intends to contribute in solving this issue. The motivation is to pick out the 
self-made Scratch projects of a large dataset of public projects from the ones that were 
made using guidance materials. The method that we applied is composed of two parts.  
The first part is scraping JSON files of Scratch projects and parsing those JSON files to 
store information of Scratch projects into a MySQL dataset. The second part is clustering 
Scratch projects. This part is divided into two steps: similarity calculation on scripts and 
similarity calculation on projects. In both steps, the calculation use methods of Simhash 
algorithm and K-means++ algorithm. In the first step, the calculation uses block types as 
vectors. In the second step, the calculation uses clusters of scripts, which results from 
the first step, as vectors. As a result, Scratch projects are clustered to a certain extent, 
and there are still many optimization points that could be implemented to improve the 
accuracy of the work. 
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1. Introduction 

Scratch is a block-based programming language developed for teenage and younger programmers. It 
has a website to provide an online environment for users, and currently, there are over 45 million 
projects publicly available on the website. This public dataset downloaded from the website is widely 
used in recent Scratch-related research. Through those works, valuable insights on the programming 
practices and computational thinking skills applied by Scratch users have been gained. A possible 
way to increase the proportion of original self-created programs is to identify remove guided 
programs from the original dataset according to the similarities between programs. We expect that 
guided projects have similar code structures to the original tutorials they learned. Since Scratch 
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projects consist of scripts, we decide to calculate similarities according to scripts’ structures built with 
blocks. By analyzing distributions of blocks and scripts, we propose to cluster Scratch projects. 

This thesis aims to propose a method to calculate similarities between Scratch programs, among to 
identify and remove duplicated programs from the dataset. For the specific implementation, we use 
the Simhash algorithm and K-means++ clustering algorithm as fundamental methods to build the 
program of similarity calculation on Scratch programs. Scratch program consists of scripts, which are 
units of code in the Scratch program, and each script consists of blocks, which are the smallest units 
containing simple functions in the Scratch. To calculate similarities of Scratch projects, we need to 
start the experiment from the smallest part. In summary, we implement both the Simhash algorithm 
and the K-means++ algorithm, respectively, on scripts and Scratch projects. Firstly, we split scripts 
in Scratch programs into blocks, dividing them into block types, and treating them as fingerprints of 
scripts according to the Simhash algorithm’s method. Then we implement the K-means++ algorithm 
to cluster scripts, using block fingerprints as vectors. As a result, I get a set of script groups. After 
clustering scripts, we use them as the vectors of Scratch projects according to the Simhash algorithm. 
Finally, by using these vectors, we cluster Scratch programs using the K-means++ algorithm. 

Scratch projects are scraped in JSON format using web scraping technology through API function. 
JSON files are parsed, and parsed data are stored in MySQL database. During Similarity calculation 
process, the method of Simhash algorithm that belongs to Hash algorithm and K-mean++ algorithm 
that belongs to clustering algorithm are used. 

2. Method and Experiment 

This section describes the method and experiment process of the project. The main process of this 
project is divided into two parts: 

1) Creating a dataset of Scratch projects by scraping and parsing JSON files from the Scratch Website. 

2) Using a clustering algorithm to calculate the similarity of Scratch projects. 

In the first part, we use the web scraping method to download source files (JSON files) of Scratch 
projects from the Scratch website. Then I use Python to parse Scratch projects’ structures from JSON 
files and store them into a MySQL database built with MySQL Workbench.  

In the second part, we use the Simhash algorithm and K-means ++ clustering algorithm to calculate 
Scratch projects’ similarity by clustering them. The overview of this process is as follows: 

1) Loading structure data from MySQL database generated in the first part and generating 

the list of scripts by analyzing those project data. 

2) Using blocks in scripts as vectors and implementing the Simhash algorithm and K-means++ 
algorithm to cluster scripts. 

3) According to the result in the previous step, using scripts as a vector of projects and implementing 
the Simhash algorithm and K-means++ algorithm to cluster projects. 

2.1 Creating a Dataset of Scratch Projects 

This approach is the beginning step of this project. In this part, two main processes are implemented: 
scraping JSON files and parsing JSON files. 

The purpose of this part is to get a dataset of the most recent Scratch projects, and the goal of the 
dataset’s volume is to contain over 500,000 projects. In the Scratch website, the source files of 
projects are stored as JSON files. Thus details of projects can be found by downloading and reading 
those files. Those files can be downloaded through the HTTP request of the Scratch website. 
Afterward, data in JSON files can be transferred to dictionary format, and necessary parameters in it 
can be picked out. Finally, those parameters would be stored in a MySQL database, and this database 
would be the dataset of Scratch project structures. Therefore, the experiment of this project is divided 
into two parts: scraping and parsing. The scraping part concentrates on the download of a large 
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number of JSON files from the Scratch website. In contrast, the parsing part concentrates on the 
analysis of those downloaded JSON files. 

The Scratch website uses the JSON format to transmit data to the user’s browser, which can be found 
as source files through the web console in browsers (the browser used in this project is Firefox). Most 
details needed for building the dataset are therefore stored in those JSON files. JSON files on the 
Scratch website can be accessed through the API address provided from the official Scratch website, 
which can also be found through the web console. The goal of the dataset’s volume is 500,000 projects. 
Thus this is the minimum number of JSON files that would be downloaded in this project. 

2.1.1 Scraping Source files (JSON files) from the Scratch Website 

The scraping of JSON files can be divided into two steps: getting the list of the identifiers(ids) of 
recent projects and downloading JSON files of specific projects.Since there are millions of projects 
stored on the Scratch website, a way to get their API address automatically is needed to scratch JSON 
files of projects. Fortunately, the Scratch website has a page1 to show the list of the most recent or 
trend projects. From the JSON files of this page, we can get the ids of projects listed on this page. By 
collecting those ids, the list of projects we need to scrape can be captured. After gathering the ids, we 
can use them to generate the API address of specific JSON files. Afterward, the same way of scraping 
can be used in those addresses to download JSON files, which include details of Scratch projects. 

Since those JSON files store the complete information of the corresponding Scratch projects, we still 
need a process to pick up that information we need for building a dataset of recent Scratch projects 
in a format that is usable for later analysis. 

2.1.2 Parsing JSON files to store data 

The downloaded JSON files store extra information that is not needed for this project. The parsing 
part concentrates on this problem, and this process will filter out useless parameters for this project 
in JSON files. 

Firstly, each JSON file is read and converted to a dictionary format in python to be available to pick 
out critical data. During this step, the JSON module in python is used to parse the JSON files. This 
module reads the JSON file and converts data inside the dictionary format, which enables the program 
to access data inside those files. Those extracted data are then stored in a MySQL database, which is 
related to the structure of the project. The details of the database structure are described in the 
Experiment section below. 

2.2 Similarity Calculation on Scripts and Scratch Projects 

This is the second part of the project, and the goal is to get a evaluation of similarity between Scratch 
projects. In summary, this part is divided into three steps: generating a script dataset , calculating the 
similarity of scripts, and calculating the similarity of projects. The last two steps could be further 
decomposed into the distance calculating part and the clustering part. The detailed steps are as follows: 

Firstly, using the dataset, which stored the blocks and the relationship between blocks extracted from 
JSON files to generate the scripts’ dataset, which is ordinally combined blocks. Secondly, using the 
Simhash algorithm to calculate the hamming distance between scripts. In this step, volumes of blocks 
in each type are used as the vectors to calculate distances. Those distances are used to compute the 
clusters in the next clustering step. Thirdly, using the k-means++ algorithm to calculate the similarity 
of scripts, thereby getting the scripts’ clusters. Fourthly, the results obtained above are used as the 
projects’ vectors to calculate distances using the Simhash algorithm. Finally, using the result above 
to cluster and calculate the similarity of projects. 

2.2.1 Data Processing on JSON Files 

According to the structure of JSON files downloaded from the Scratch website, we stored data in the 
format of blocks and relationships between blocks, specifically, the name of a block of the previous 
block and the next block in the script. Therefore, the construction of scripts could be obtained from 
these relationships of blocks. 
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To structure the scripts, the following process was followed: Firstly, grouping the blocks that belong 
to the same project on the same list. Secondly, every list picks out the first block of all scripts, which 
do not record the last block name. Every first block would be the first individual in new lists, which 
referred to scripts. Thirdly, distributing other blocks in the previous list to new lists according to their 
recorded previous block name in the stored data. Finally, lists of the script, which are composed of 
blocks, are generated. Afterward, distances of these lists of scripts for the clustering are needed to be 
calculated. The SimHash Algorithm is used in this step. 

2.2.2 Use of the SimHash Algorithm to Calculate Distances between Scripts 

Since scripts in Scratch are consist of blocks, different numbers and types of blocks could inform the 
index of similarity between scripts. Therefore, I decide to use the method of the Simhash algorithm 
to calculate the distances between scripts. In this method, blocks are treated as vectors of scripts. The 
type of blocks is the number of vectors, and the number of same type blocks in one script referred to 
the weight of each vector. With these distances, the clustering calculation using the K-means++ 
algorithm could be implemented. At the step of calculating distances between projects, the same 
method could be applicable. 

2.2.3 Use of the K-means++ Algorithm to Cluster Scripts 

The method of K-means++ Algorithm is used to cluster scripts. For the initialization, k different 
scripts were chosen as the center points of clusters. Therefore, k is also the number of clusters. Center 
points are the first individuals in those clusters. Other scripts are assigned to those clusters according 
to the distance between those center points. Generally, they are added to the cluster where the closest 
center point belonged to. For the specific process, step 1 is randomly choosing a script that does not 
belong to any cluster as a center of a new cluster. Step 2 is adding all other scripts, which do not 
belong to any cluster, and which are close to the center point script. Loop these two steps until all 
scripts belong to clusters. When this process is finished, the first iteration of clustering is also 
complete. 

From the second iteration, each whole iteration is a loop. Firstly, picking out one new center 
individual has the least total distance from all other individuals from each cluster. Secondly, 
abandoning old relationships in clusters and redistributing all other individuals to new clusters to 
which the closest center individual belongs. 

Several adjustments on the K-means++ algorithm have been made accordingly to adjust to this 
specific experiment. Firstly, in the original K-means++ Algorithm, distances between individuals are 
calculated during the clustering process, while to reduce time costs of repeat- ing the calculation of 
distance, in this project, I calculate them in advance and store them into a dataset, thereby accelerating 
the speed of clustering computing. Secondly, the way of determining k value was according to the 
connections between individuals. Elbow Method, Silhouette Coefficient, and Canopy clustering 
algorithm are commonly used to determine the k value. While for this project, since Elbow Method 
and Silhouette Coefficient would use different k value to do repeated testing to get the best solution, 
finally, they are not suitable because of too long time cost. For the Canopy clustering algorithm, since 
different scripts have no similarity, this algorithm could not help me get the rough k value. I choose 
to determine the k value written in the first iteration above, which uses actual conditions in this project 
as constraints to determine the k value. Thirdly, New center individuals during the second and later 
iterations are chosen from original individuals instead of computing new center points and inserting 
them into clusters. This adjustment is due to the dataset’s structure, which only contained information 
on distances between scripts instead of vectors. While still because of this dataset, scripts without 
distance connections would not be distributed to the same cluster, which solves the drawback of 
always using original individuals as center points to some extent. 

2.2.4 Distance Calculation and Clustering on Scratch Projects 

After the similarity of scripts is calculated, this result is used as vectors of projects since Scratch 
projects are consist of scripts. The number of script clusters is the number of vectors (as the type of 
blocks for scripts), and the numbers of scripts in the same cluster are weights of vectors(as the number 
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of same type blocks in the same script). Therefore, distance calculation methods and clustering 
implemented on computing similarity on scripts could also apply to computing similarity on projects. 

About the method of implementation on the Simhash algorithm and K-means++ algorithm in 
clustering Scratch projects, since the processes are totally the same with experiments executed in 
clustering scripts, details of these parts would not be described in this section. 

The only difference between clustering on scripts and Scratch projects is the process of generating 
vectors. The specific procedure is: 

1) Pick up a cluster of the script (generated in clustering scripts process), then create an empty list 
list_cluster_project_id corresponding to the script cluster. For every script in the cluster, add the 
corresponding project id, which that script belongs to, into that list. 

2) Implement 1) to all clusters of the script. 

3) Create lists of project vectors list_project_vector, which contains several 0. The volume of 0 is the 
same as the number of script clusters. Every value (currently is 0) corresponds to a script cluster. 

4) Get a project id in list_cluster_project_id, add 1 to a value, which corresponds to the same script 
cluster with list_cluster_project_id, in list_project_vector. 

5) Implement 4) to all project ids in all list_cluster_project_id. 

This algorithm’s main point is to connect the result of the clustering script to the last clustering project. 
Since every script belongs to one of the projects, I copy the script clusters and replace script ids with 
project ids to which the corresponding script belongs. Therefore, the source data of the Scratch project 
could be generated. Afterward, the work is to turn the main body from clusters of project ids to vectors. 
I treat every cluster as a way of vector, then elements in clusters would be the volume of vectors of 
Scratch projects. Then I distribute those elements to project vectors, and the complete vectors are 
generated. After this process, the Simhash algorithm and K-means++ algorithm is implemented for 
Scratch project vectors. 

3. Results 

3.1 Created dataset of Scratch Projects 

3.1.1 Scraping part 

The download of JSON files started on October 22nd, 2019, and ended on December 24th, 2019. The 
downloading lasted for almost two months. 60,000 to 80,000 projects were updated every week, 
which means that the same volumes of JSON files could be scraped from the current page on the 
Scratch website. 

During this period, 510,609 JSON files were downloaded from the Scratch website. These files 
occupy the capacity of around 68 gigabytes on the computer. However, when checking the format of 
JSON files, there are two different types of formats. Comparing the difference of contents inside 
between two types, I found that the format difference came from different Scratch versions (version 
2 and version 3) used by projects. Therefore, during the parsing of JSON files, files with different 
versions should be treated differently. 

3.1.2 Parsing part 

As mentioned above, there are two different formatting types of JSON files (version 2 and version 3). 
Therefore, parsing’s first step was to divide JSON files into two groups according to their Scratch 
versions. After the separation of JSON files, there are 508,704 projects using version 3 and 1851 
projects using version 2. Besides, 54 JSON files are garbled inside. Those garbled files are abandoned 
in the latter parsing. Then about projects using version 2, since their volume 1851 occupies only a 
small part of all projects and has different data structures, these data were removed from the dataset, 
considering time and efficiency. Consequently, the final source JSON files of recent Scratch projects 
have a volume of 508,704. After the parsing of JSON files, the Projects table contains 51,055 rows, 
which is the only table that includes information about projects using Scratch version 2. The latter 
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tables only store parameters of projects using Scratch version 3. Scripts table contains 4,992,727 rows. 
The monitors table contains 427,479 rows. 

3.2 Similarity Calculation on Script Level 

During the similarity calculation process, several data were obtained. Since the calculation on the full 
dataset spend too long time, we have to reduce the dataset for analysing. After reducing the volume 
of projects to 10,000 (chosen randomly from the original 508,704 Scratch projects in the dataset), this 
smaller dataset contains 552,839 scripts. Table 1 shows the specific numbers of scripts that consist of 
different numbers of blocks in reduced 10,000 projects. 

 

Table 1 Quantities of scripts of different size (10,000 projects). 

Number of Blocks in a Script Number of Corresponding Scripts 

1 165,302 

2 103,304 

3 49,638 

4 33,601 

5 23,539 

6 21,386 

7 17,403 

8 14,648 

9 11,476 

Equal to or more than 10 112,812 

 

 
Figure 1 Volume of Script Clusters after Iteration 1. 
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Figure 2 Volume of Script Clusters after Iteration 2. 

 
Figure 3 Volume of Scratch Project Clusters after Iteration 1. 

 
Figure 4 Volume of Scratch Project Clusters after Iteration 2. 

Figures 1 and 2 show the result of the distribution of scripts in clusters after the first and the second 
iteration, respectively. Each bar refers to a cluster. As Figure 1 shows, in the result of the first iteration, 
there are 1,207 clusters in total, and the largest cluster contains 47,404 scripts. The largest cluster is 
more extensive than all other clusters; all other clusters do not even come to half of the largest one. 
Few clusters contain over a thousand scripts, and others contain hundreds. Most clusters contain 
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dozens or just several scripts. As Figure 2 shows, in the result of the second iteration, there are 843 
clusters in total. The largest cluster contains 19,313 scripts. The second-largest cluster contains 
16,144 scripts, which is close to the size of the largest one. For other clusters, several contain 
thousands or hundreds of scripts, and other most clusters contain dozens or several scripts. 

3.3 Similarity Calculation on Script Project Level 

Figures 3 and 4 show the result of the distribution of Scratch projects in clusters after the first and the 
second iteration, respectively. Each bar refers to a cluster. As Figure 3 shows, as a result, of the first 
iteration, there are 534 clusters in total. The number of projects which belong to any of the clusters is 
5444 out of the 10,000. The largest cluster contains 421 Scratch projects, and the second-largest 
cluster contains 257 projects. Several clusters contain more than 100 projects, and others contain 
dozens of projects. As Figure 4 shows, as a result, of the second iteration, there are 534 clusters in 
total. The number of projects which belong to any of the clusters is 4387. The largest cluster contains 
421 projects. The second-largest cluster contains 257 projects. Several of them contain more than 100 
projects for other clusters, and others contain dozens of projects. 

Table 2 Serial number, volume and center point id of top 10 largest clusters 

Serial Number of Cluster Volume of Cluster Project id of the Center Point 

5 421 346141665 

25 257 342703760 

53 156 346590306 

0 132 349506831 

26 117 344013337 

3 116 348380741 

2 111 355429803 

8 87 349171132 

12 78 345822731 

42 76 349097738 

 
Figure 5 Scratch edit page of the center point project (id: 346141665) in the largest cluster 
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Figure 6 Some Scratch edit pages of projects randomly chosen from the largest cluster. 

To manually inspect a sample of the result, I sort the volume and pick up the top 10 most massive 
clusters after the second iteration. Table 2 shows the serial number, volume, and center point id of 
the top 10 largest clusters. Serial numbers are cluster identifiers which are the same as the horizontal 
axis in Figure 4; Volumes are the number of Scratch projects contained in the cluster; Center point 
ids are ids of the corresponding center of each cluster, which are unique and can be used to recreate 
its url at the Scratch project website. Afterward, I inspected the project website manually in those 
large clusters. Figure 5 and 6 show some specific Scratch edit pages of different projects in the largest 
cluster (which volume is 421). Figure 5 shows the page of the center point project of the cluster, and 
projects are shown in figure 3.6 are some randomly chosen individuals. The project in Figure 5 has 
15 sprites. 4 of which contain no scripts and for other 11 sprites, each one contains a 2-block script. 
In figure 3.6, the project in figure(a) has six sprites, and each sprite contains a 3 or 4 block script, 
which is similar to the scripts in the project in figure 5. The project in figure (b) has two sprites, and 
the first sprite contains five 2-block scripts and one 6-block script. Project in figure (c) has three 
sprites, and they contain four scripts in total. figure (d) has five sprites, and each sprite contains one 
long script (longer than ten-block). 

4. Discussion 

4.1 Discussion on Experiments 

I initially tried to calculate similarities between all downloaded Scratch projects (508,794 projects). 
However, during the actual operation, the similarity calculation was too time and resource consuming 
to be applied in the entirety of the dataset. Besides the large number of projects, the vector’s length 
is also a reason for time-consuming calculations. During the calculation of script similarity, I use the 
block type as the vector of each script. Distances between projects are also calculated before the 
similarity calculation. 

Calculating distances in advance has both advantages and disadvantages. The advantage is that the 
time cost of computing distances during the K-means++ algorithm could be significantly reduced. In 
general, in the K-means++ algorithm, distances between center points, and other individuals would 
be calculated multiple times to check which cluster the individual should belong to. As preparing 
distances as a dataset at present, by searching the data inside, distances between one individual and 
all other center points could be calculated at once. Thus, each individual’s closest center point could 
be easily found, skipping the step of calculating distance one by one. Simultaneously, this approach 
is not suitable for all kinds of K-means++ algorithm because the dataset of distances may be a large 
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size, depending on individuals’ density. If there are too many close individuals, the data of distances 
are too large to be stored in the storage device, and this approach could not be implemented. 

About the disadvantage of this method, fixed distances limited the algorithm to generate new center 
points. In this algorithm, center points of clusters are chosen from existing individuals instead of 
creating new temporary center points. This approach’s shortcoming is that the center point in this 
algorithm may not be the absolute center. Since those center points are not ’tailor-made’, they may 
have some deviation from real centers. For this disadvantage, since the distance dataset is generated, 
individuals that are not ’connected’ with distances would not directly be grouped into one cluster. 
Thus, the grouping error would not happen, and strongly ’connected’ individuals, which have 
minimal distance between them, would still be categorized into one cluster. The main effect of this 
method would be weakly ’connected’ individuals. 

The optimization of the algorithm is still a topic. One possible way is to decrease the volume of 
elements, which are block types, in each vector. However, different with strings converted from 
words in general similarity calculations, the importance of different block types is hard to judge; since 
different types have different functions, their weight in a vector should be the same, and thus they are 
hard to be omitted. Maybe similar functions could be categorized into the same element, depending 
on further experiments. 

4.2 Limitations of Applying Similarity Calculation 

The experimental run of the similarity calculation was affected by several issues. Due to several 
limitations, the experiment could not be carried out precisely originally planed. The limitation 
generally comes from time cost, and it is mainly reflected from three points. They are computing 
performance of the device, period of the experiment, and Scratch users’ modifications on their 
projects. 

The first and second points could be considered together. The original volume of the Scratch project 
dataset is 508,704, which could take several years to implement its similarity calculation on the 
device1 used in this experiment. This time period is calculated by calculating the running time in 100 
randomly picked projects as a sample dataset, then multiply the time by the ratio between the full 
dataset with the sample dataset. The calculation for 100 projects would take dozen minutes, while for 
508,704 projects, the time cost increase exponentially to several years. This computing time is far 
beyond the time limit of the experiment (several months to one year). Therefore, I have to reduce the 
volume to reduce the time cost. Also, calculating all distances before the similarity calculation is also 
an approach to reduce computing time cost on the device. 

The effect of the third point refers to result inspection after the similarity calculation. The dataset 
used in this experiment was downloaded from October to December 2019. Unavoidably, the 
similarity calculation takes a long period for computing. During this period, Scratch users who created 
projects in the dataset may has modified their codes, which change the structure of scripts. After the 
similarity calculation, the displayed projects during manual observation maybe not the original 
programs downloaded previously . Unfortunately, this problem is unavoidable. 

4.3 Discussion on Results 

4.3.1 Scripts’ Similarity Calculation 

As can be seen from figure 3.2, after the similarity calculation, most grouped scripts are assigned to 
several clusters, and other clusters only contain little scripts. Compared with figure 3.1, which results 
from the first iteration, the overall trend of distribution of scripts has not changed between two 
iterations. Compared with the first iteration, the enormous cluster volume decreases to almost half in 
the second iteration. It relatively accommodates more script clusters to become less, but those who 
keep the volume seem to contain more scripts. Due to the time cost, I only implement two iterations 
on scripts. However, since there are still some changes in the distribution of individuals, in the case 
where time permits, more iterations implemented on scripts similarity calculations would lead to a 
result in higher accuracy. 
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4.3.2 Scratch Projects’ Similarity Calculation 

As figure 3.4 shows, Scratch projects’ clusters have an apparent difference in volume after the 
calculation in the second iteration. Most clusters only contain projects at a single-digit level, while 
several clusters contain hundreds of projects. The size of the largest cluster is 421. Compared with 
the first iteration shown in figure 3.3, there is no noticeable change after the second iteration. Both 
figures have a similar distribution of Scratch projects, and both of them have the same size as the top 
10 most massive clusters in the same serial numbers. The size of those clusters is shown in table 3.2. 
According to Figures 3.1 to 3.4, clusters of projects seem more stable across iterations than clusters 
of scripts. Since clusters of projects are determined by clusters of scripts to a certain extent, a more 
accurate result of script clusters may lead to a different result. Besides, checking center points’ 
similarity and combining similar points in one cluster may also be feasible because the primitive 
number of clusters is generated randomly to some extent. 

4.3.3 Accuracy of the Result According to inspected Scratch Edit Pages. 

Figure 3.5 and 3.6 show Scratch Edit Pages of example projects in the largest Scratch project cluster. 
Figure 3.5 shows some structure of the center point project in the largest cluster, and figure 3.6 shows 
four other projects in the same cluster. Comparing figure 3.5 and 3.6 (a), each sprite contains no more 
than one script for both of them, and each script has a similar structure to each other. Therefore, these 
two projects appear to be similar. 

Comparing Figure 3.5 and 3.6 (b), although they have a similar structure in some 2-block scripts, they 
are different in the structure of sprites. The former has many sprites consisting of one script, while 
the latter has only two sprites, which each consists of multiple scripts. From this comparison, it is 
indicated that the structure of sprite should also be an essential factor in similarity calculation. 
However, two projects may have many similar scripts, which are distributed in sprites in a different 
structure. 

Compare figure 3.5 and 3.6 (c), they have little similarity between scripts. However, they are still be 
categorized into the same cluster. One possible reason may be the defect of the distance calculation 
algorithm between Scratch projects. Since the project in figure 3.6 (c) only has four scripts in total, 
when calculating the distance, this project only affects less than 4 in the distance in terms of value, 
which means that this kind of projects has more chance to be ’close’ with many other projects. To 
avoid this kind of incorrect distance, a potentially solution is to only calculate distance between 
projects which have intersection clusters between their scripts. 

Compare figure 3.5 and 3.6 (d), similar problem with comparing figure 3.5 and 3.6 (c) happens 
between them. Project in figure 3.6 (d) also has a small number of scripts in total, and this may be the 
reason for categorizing this project, which seldom has similarity with the center point, into the cluster. 
Another problem in this comparison comes from the omitted part of the algorithm, removing ten or 
longer scripts from distance calculation. If the available computing resources were enough to compute 
distances of larger scripts, it may be shown with better accuracy. 

5. Conclusion and Future Work 

5.1 Conclusion 

In this experiment, the similarity calculation of Scratch projects is implemented in two steps. The first 
step is scraping and parsing JSON files, which are source files of Scratch projects, from the Scratch 
Website. The scraping period was from October 22nd to December 24th in 2019, and 508,704 projects 
(using Scratch version 3) were downloaded. Information on the structure of blocks is parsed from 
JSON files and stored in a MySQL dataset. The second step is implementing similarity calculation 
on Scratch projects using the generated MySQL dataset. This step is also divided into similarity 
calculation on scripts and similarity calculation on Scratch projects. Both parts use the Simhash 
algorithm method to generate vector (fingerprint) of individuals and use the method of K-means++ 
algorithm to calculate similarities. When calculating the similarity of scripts, the type of blocks are 
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used as an index of the vector. When the calculating similarity of projects, clusters of scripts, which 
is the result of scripts’ similarity calculations, is used as the vector’s index. 

About the result of this experiment, although Scratch projects are categorized to a certain extent, there 
are still many tasks that need to be solved. Firstly, the speed of computing is not fast enough. Looking 
for methods to accelerate computing speed is a possible approach, and another upgrading point would 
be using a better device for computing, which may not be controllable currently. Secondly, the 
algorithm itself needs to be modified in order to improve the accuracy of the result. 

5.2 Future Work 

For future work, there are several points to improve and develop the similarity calculation on Scratch 
projects. There are two main optimization points: optimizing the current algorithm and adding a new 
index for the similarity calculation. 

5.2.1 Optimizing the current algorithm 

The first point would be calculating difference between scripts of all lengths. In the current algorithm, 
long scripts (10 or longer) are removed from the calculation because of the time cost. If an infinite 
computing environment or if computing speed is optimized, implementing the algorithm to all scripts 
would result in better accuracy. Similarly, implementing the algorithm to the full dataset instead of a 
small part would produce a more valuable result. 

The second point would be adjusting the standard of determination in similarity during the distance 
calculation process. Currently, 50% is the judgment criterion of similarity between individuals. 
However, for scripts of different lengths, 50% refers to different block numbers, and more blocks 
would lead to longer distance easier, which may not be a suitable value for all individuals. Therefore, 
using a variable standard according to the length of individuals may lead to a better result. 

The third point is combining similar block types in vectors to reduce computing time cost. In this 
experiment, 278 block types are used for the index of vectors, which lead to exponential growth in 
computing time. If block types in similar functions are combined, the vectors’ length would also 
shorten, which may lead to much faster calculation speed. 

5.2.2 Adding new index for the similarity calculation 

Since the current algorithm still has many weak points that can not compute a higher quality result, 
adding some new approaches may be the right way for improvement. 

The first point is adding a part of sprites’ similarity calculation. According to this experiment’s result, 
the sprite is also an essential element to decide the similarity, which was ignored in the current 
algorithm. Since sprites are carriers of scripts, the similarity calculation could be inserted between 
the calculation after scripts before projects, using scripts as the vector. Then the result of sprites’ 
clusters could be used as project vectors. 

The second point is using variables in Scratch projects as additional vectors. In the current algorithm, 
variables in Scratch projects are not used for similarity calculation. While they also have potential to 
be the measure in similarity calculation. Therefore, while ensuring that the complexity will not 
increase too much, adding them as supporting vectors may also be a potential improvement. 

The third point is doing some processing on invalid scripts, which are dead codes in Scratch projects. 
In many projects, there are some invalid scripts, which are single blocks or do not have hat blocks1. 
According to the different purposes of the similarity calculations, they can be ignored or focused on. 
For example, if the calculation focuses on the similarity in functions, those invalid scripts would 
be ’trash’ and need to be removed from the calculation. However, if the calculation wants to roll out 
projects’ similarity in structures or user habits, they may become an essential factor for the judgment. 
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