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As information technology continues to advance, the complexity of data is ever-increasing. Traditional 
quantitative research methods in the social sciences, such as basic visualization and traditional statistical 
models, are gradually becoming inadequate in meeting the demands of modern data analysis. Despite the 
challenges that big data presents, it also brings new opportunities - through its usage, the optimization of 
traditional methods can be achieved. More intricate graphing techniques such as mosaic plots, alluvial plots, 
slope charts, and area charts, alongside machine learning algorithms that are better adapted for big data 
analysis such as decision trees, random forests, and K-Means algorithm, are opening new avenues for 
quantitative analysis in social sciences. This will ultimately foster further development of the field by allowing 
new methods and ideas to emerge. 
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1. INTRODUCTION 

Quantitative research is one of the essential methods in the field of social 
sciences. The data analysis methods primarily used for this research are 
mainly two categories: basic visualization and traditional statistical 
models. Basic visualization includes various fundamental graphics, such as 
line graphs, bar charts, and pie charts, that can provide descriptive 
analysis of the data. On the other hand, traditional statistical models are 
based on basic statistical knowledge, where algorithms are pre-set by 
fixing a particular process to follow. Common methods include linear 
regression, logistic regression, and correlation analysis. The main idea of 
this approach is to propose a null hypothesis and alternative hypothesis 
and validate them by utilizing statistical knowledge (Babones, 2016). 

While both of these methods can achieve good results when the data 
structure is relatively simple, in recent years, with the continuous 
development of information technology, the structure and relationships 
between newly generated data have become more complex. Consequently, 
traditional data analysis methods have become inadequate to meet the 
research demands. However, both data visualization methods and 
algorithmic models can emerge from Big Data technology, leading to 
further development and alteration. Big Data not only poses significant 
challenges but also offers new opportunities for development. (Cowls and 
Schroeder, 2015) 

2. OPTIMIZATION OF DATA VISUALIZATION METHODS 

Visualization is a technique that converts abstract data into tangible 
graphics to support data comprehension and perception. It is one of the 
essential tools in data analysis, particularly in big data analysis and has 
been used in various fields such as data mining, clustering, and decision-
making (Shakeel et al., 2022). Through data visualization, users can 
comprehend data more visibly, enhancing their understanding (Qin et al., 

2020). Consequently, this enables more accurate analysis and judgment. 

Traditional visualization methods can only work and be effective when the 
data structure is relatively simple. In cases where data presentation is 
characterized by more dimensions, more groups, and higher data analysis 
requirements, these methods prove inadequate. In such scenarios, more 
sophisticated visualization techniques are required to analyze the data. 
Presently, Power BI, Tableau, among other software and websites, offer 
comprehensive data visualization services that require only data input 
without the need for coding, thereby reducing their technical difficulty and 
the barrier to entry. On the other hand, traditional data analysis tools such 
as Python, R, MATLAB, and others can achieve complex visualization 
demands while providing greater opportunities for personalized 
requirements. 

3. MOSAIC PLOT 

The mosaic plot evolved from the stacked bar chart (Theus, 2012; Theus 
and Lauer, 1999) and is typically used to display categorical data visually. 
It works well for showing the frequency of multiple categorical variables 
when the variable type is a categorical variable and the number of 
categories is no less than three. A mosaic plot consists of multiple 
rectangles nested according to different categorical variables, with the 
area proportional to the corresponding value (Hofmann, 2000; Hofmann, 
2001). The color represents the residual of the fitted model. In R, a mosaic 
plot can be drawn using the mosaic() function in the vcd package (Meyer 
et al., 2006). 

For the Titanic data set included in R, which includes variables such as 
“Sex”, “Cabin Class”, “Age”, and “Survival”, the multidimensional 
contingency table cannot capture the data contrasts effectively. In such 
cases, mosaic plots can be useful in exhibiting the survival status of 
different groups, as shown in Figure 1. 
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The mosaic plot clearly shows the survival status of different groups, such 
as the lower survival rate of males, especially for males in second and 
third-class cabins. The color above the right axis line indicates that the 

survival rate of this group exceeded expectations when survival was 
independent of other variables while below means the opposite, indicating 
that the survival rate was lower than expected. 

Figure 1: Mosaic plot drawn using Titanic data set 

4. ALLUVIAL PLOT 

The alluvial plot is a variation of a flowchart and is typically used to display 
the distribution of groups across categories. It works well in exhibiting the 
relationship between different characteristics of groups. The alluvial plot 
comprises multiple parallel vertical axes, with each axis representing a 
categorical variable segmented proportionally, similar to a stacked bar 
chart (Brunson, 2020). The width of the branches between the axes 
corresponds to the proportion. At the same time, using special colors can 
track  a  group’s   characteristics   and   its   distribution   in   other   variables.  

Unlike the more common Sankey diagram, the axes of an alluvial plot can 
be arranged arbitrarily without any order. In R, an alluvial plot can be 
drawn using the geom_alluvium() function in the ggalluvial package. 

Again, using the Titanic data set included in R, if we want to emphasize the 
characteristics of survivors, we can create an alluvial plot, as shown in 
Figure 2. 

From the alluvial plot, the distribution of survivors with different colors 
can be seen easily, with more females surviving and the survival rate 
increasing with higher cabin class. 

Figure 2: Alluvial plot drawn using the Titanic data set 

5. SLOPE CHART 

The slope chart is a special type of line chart that is used to display the 
changes in multiple groups of data between two time points or categories. 
The advantage is that it can clearly show the changes in each group of data 
between the two points and make comparisons. Meanwhile, selecting 
appropriate colors can highlight more interesting data or data that shows 
an upward or downward trend. In R, a slope chart can be drawn using the 
newggslopegraph() function in the CGPfunctions package. 

Taking the newgdp data set included in R as an example, a grouped bar 
chart is drawn, but it cannot intuitively compare the relationship between 
the changes in trends among different groups. At this time, a slope chart 
should be used, and the interesting group (US in this case) can be 
highlighted using color, as shown in Figure 3. 

6. AREA CHART 

The area chart, also known as the stacked area chart, is a visualization that 
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combines a line chart and a stacked bar chart to display the trend of 
multiple groups of  data  over  time  or  other  variables. The  area  chart  is 

 based on the line chart and fills the area below the line, and the lines are 
stacked on top of each other similarly to a stacked bar chart. The plotting 
of each line is based on the previous line, similar to a stacked bar chart. 
The area chart can intuitively display the overall trend and the 
contribution rate of each subgroup to the overall trend. If only the latter 
needs to be highlighted, a percentage stacked area chart can be used. In R, 
an area chart can be drawn using the geom_area() function in the ggplot 
package. 

Taking  the  economics_long  data set  included  in  R  as  an  example,  when  

plotting the basic line chart data, it can only show the trend of two 
individual parts separately, as shown in Figure 4. If we want to display the 
overall trend and the trend of the contribution of two parts, we can use an 
area chart, or we can use a percentage stacked area chart to only highlight 
the contribution, as shown in Figure 5. 

The combination of the two chats shows that the overall trend shows a 
fluctuating upward trend, the “unemploy” part accounts for a fluctuating 
downward trend in the whole, and maintains a relatively stable trend in 
the later period. 

Figure 3: Comparison of a bar chart and slope chart drawn using the newgdp data set (left is a bar chart, and right is a slope chart) 

Figure 4: Line chart drawn using the economics_long data set 
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Figure 5: Area charts drawn using the economics_long data set (left is a stacked area chart, and right is a percentage stacked area chart). 

7. OPTIMIZATION OF ALGORITHM MODELS 

Machine learning algorithms can autonomously learn and improve from 
given data (Kersting, 2018), without the need for explicit programming, 
demonstrating superior performance to traditional algorithms when 
dealing with complex data. In recent years, machine learning algorithms 
have been applied in various fields such as social media analysis (Balaji et 
al., 2021) showcasing their powerful data analysis capabilities. 

Although traditional statistical models such as linear regression and 
logistic regression belong to machine learning and have the advantage of 
high interpretability, they can only handle linear problems with relatively 
simple data structures. In the context of the information age, where data 
structures are becoming more complex and data relationships are 

becoming more concealed, their performance can often be unsatisfactory. 
On the other hand, machine learning algorithms such as decision trees, 
random forests, and K-Means are more suitable for big data analysis, and 
generally perform better in various scenarios. 

8. DECISION TREES AND RANDOM FOREST 

A decision tree is a tree-like structure consisting of nodes and directed 
edges. Internal nodes represent decision conditions, leaf nodes represent 
output objects and branches represent possible values after a decision, as 
shown in Figure 6. Decision trees achieve optimal segmentation and 
establish prediction models by dividing data into smaller subsets and 
pruning. This includes both classification and regression prediction 
models. (Loh, 2011) 

Figure 6: Schematic diagram of basic form of decision tree 

In classification prediction problems, commonly used decision tree 
models include ID3 decision trees, C4.5 decision trees and C5.0 decision 
trees. Among them, C5.0 decision trees are capable of handling both 
discrete and continuous attributes, and have fast computational speed, 
with a smaller decision tree generating similar results and precision as 
other decision tree algorithms. Therefore, C5.0 decision trees are 
commonly used in practical applications. For regression prediction 
problems, decision trees can be divided into regression trees and model 
trees. Regression trees predict based on the average value when reaching 
the leaf node. Model trees build multiple linear regression models at the 
leaf node for prediction. Both methods do not require any assumptions 
about the data and are applicable to situations with complex data. 

Random forest is an ensemble algorithm (Breiman, 2001) that combines 
multiple decision trees and selects the final prediction result through 
voting (Pal, 2005). It is regarded as one of the most popular nonlinear 
modeling tools available today. In comparison with decision trees, random 
forest has exhibited better performance when dealing with high-
dimensional feature space data (Biau and Scornet, 2016). This is due to its 
ability to reduce the impact of overfitting and interference caused by 
outliers and white noise. 

9. K-MEANS CLUSTERING ALGORITHM

The clustering algorithm is a typical unsupervised learning method, that 
is, there is no given label in the data, and the data is classified solely 
through the internal relationships. Data with high similarity is classified 
into the same cluster (Jain et al., 1999). The application of cluster 
algorithms has a wide range of functions, including constructing user 
profiles, improving information processing efficiency, and integrating 
resources. Among these algorithms, K-Means is the most classical 
algorithm for clustering, as it demonstrates ease of understanding, high 
level of interpretability in results, and low algorithmic complexity 
(Kanungo et al, 2002; Xu and Wunsch, 2005). K-Means has opened up new 
avenues for quantitative research in social sciences. 

10. CONCLUSIONS

The development of big data technology will continue to support 
quantitative research in social sciences. Big data analysis can break 
through the limitations of traditional methods in terms of sample size and 
data size, while avoiding error that can be introduced during traditional 
sampling methods. This provides social science researchers with higher 
data starting points and expanded avenues for research. Additionally, big 
data technology can mine data for previously overlooked details, 
providing new perspectives and ideas for research in social sciences. 

The rapid development of information technology presents both 
challenges and opportunities for quantitative research in social sciences. 
Integrating new technology with traditional research methods and 

selecting appropriate data analysis methods based on different scenarios 
is crucial. Combining new developments in social and data sciences can 
further strengthen interdisciplinary cooperation, leading to common 
progress across multiple fields and disciplines. 
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