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Abstract—Under various risks, companies are required to be 
resilient, so that they can flexibly respond to changes. In this 
paper, we evaluate the resilience of the automobile 
manufacturing industry after the 2008 financial crisis, using 
machine learning methods. The approach consists of time series 
data clustering named “Amplitude-based clustering” and 
dimensional reduction method named “UMAP”.  In the analysis, 
companies’ indexed market capitalization data are used. In 
order to investigate the recovery power of companies, the 
growth rate is important and the amplitude-based clustering is 
required. In the UMAP result, we found that one of the 
principal components can be used as the resilience 
measurement. Our approach in this paper is widely applicable 
to measure industries’ resilience after the drastic decline of 
stock prices. 
 

Index Terms—Time series data clustering Amplitude-based 
clustering, dimensionality reduction, UMAP, market 
capitalization, automakers, stock prices, resilience, 2008 
financial crisis 
 

I. INTRODUCTION 

There are various environmental changes that affect global 
supply chains, such as the spread of COVID-19 infection, 
geopolitical risks, trade friction between major powers, and 
frequently occurred natural disasters. Under such risks, 
companies are required to be resilient, so that they can 
flexibly respond to changes in order to ensure stable supply 
continuity and business continuity.  

In this paper, we evaluate the resilience of the automobile 
manufacturing industry after the 2008 financial crisis, 
using machine learning methods. The movement of market 
capitalization data of 135 companies are indexed, and the 
fluctuation patterns are extracted by time series data 
clustering. In this clustering, amplitude/variance information 
such as how many times the market capitalization after one 
year, is important. For example, even if the market capital 
price recovers, it is significantly different which is 1.1 times 
or 3.6 times. Therefore, clustering methods that require data 
standardization in advance cannot be used [1]. For example, 
because k-shape with SBD [24] and DTW [5, 6] methods 
require the data standardization, the methods are not suitable. 
Therefore, we used an amplitude-based clustering method 
developed by our team as the clustering method [1, 7]. 

Next, to extract the characteristics of the recovery patterns, 
the dimensional reduction method “UMAP” (Uniform 
Manifold Approximation and Projection) was conducted, 
using the amplitude-based distances among the companies. 
Before the UMAP development, t-SNE (t-Distributed 

Stochastic Neighbor Embedding) [811] was the most 
widely used dimensional reduction tool. The UMAP 
algorithm is competitive with t-SNE for visualization quality, 
and arguably preserves more of the global structure with 
superior run time performance and can model the manifold 
with a fuzzy topological structure and can search for a low 
dimensional projection of the data that has the closest 
possible equivalent fuzzy topological structure [12]. 

In this paper, using the UMAP, the 135-dimensional space 
was reduced to 2-dimensional data. As a result, we finally 
found that the resultant first principal component can be 
regarded as a measure of resilience strength of the 
individual industry. Since the financial crisis had globally 
damaged automakers, we had expected whether the resultant 
principal component would be (1) the magnitude of the 
decline or (2) the strength of resilience. As we expected, the 
above-mentioned “strength of resilience” measurement was 
extracted as the first principal component.  

The combined approach by clustering and dimensional 
reduction proposed in this paper is widely applicable to 
evaluate the industry resilience strength at global market 
capital declines. 

Section II describes the market capitalization data used for 
this analysis. In Section III, we describe the algorithm of the 
Amplitude-based method and the resultant clusters of this 
case study. In Section IV, the UMAP result is shown as a 
two-dimensional scatterplot and in Section V interpretation 
of the extracted principal component axis is described; the 
principal component measures the strength of industry 
resilience. The last section is a summary section.  

 

II. MARKET CAPITAL DATA  

In the section, we shall explain the data we used and effects 
of the 2008 financial crisis that occurred during this period 
2007 to 2011. In addition, our research standpoint will be 
described, in the researches in AI in finance. 

 

 
Fig. 1. Indexed market capitalization movement. 

 

A. Market Capitalization Data 

The data we used are the monthly automakers’ market 
capital data. The market capital is found by multiplying the 
current stock price with the number of shares. The larger the 
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market capital, the higher the value of the company as a 
whole. Therefore, market capital is an important factor to 
measure the company size and status.  

The data period we investigated are 5 years from Jan. 
2007 to Dec. 2011. The data consists of the global 135 top 
automobile manufacturers in 2007; then, TESLA was not yet 
grown and not included in the data. Only the companies 
which have all data through the period are selected and used 
in this analysis. The data was retrieved from the web-based 
data base ORBIS by Bureau Van Dijk. The programs for the 
clustering and data visualization were written in Mathematica 
by Wolfram, version 13. UMAP library with Python is 
umap-learn 0.5.3 
(https://pypi.org/project/umap-learn/#description) [13]. 

Because the individual company’s data scales are different, 
the data are indexed with the initial value as 1 (see Fig. 1). In 
Fig. 1, the movement patterns of TOYOTA MORTORS and 
its alliance companies DENSO and TOYOTA 
INDUSTORIES are illustrated. The three patterns of such 
group companies have high similarity on the patterns. 
Japanese representative automobile industry is likely to 
construct a pyramid structure. There are on the top vehicle 
manufacturers such as TOYOTA, parts manufacturers under 
them, small manufacturers that provide parts for the parts, 
and subcontractor manufacturers at the bottom [14]. The 
sales status of the top manufacturers will greatly influence the 
whole affiliates.  

In Fig. 1, the lowest point is at Oct. 2008 owing to Lehman 
shock (see the red arrow point). The 2008 financial crisis 
triggered by the subprime mortgage problem caused great 
damages on automakers only in the United States but also in 
Japan, resulting in a large decline in stock prices and the 
market capitalization. In addition, in Japan the soaring yen 
problem seriously affected Japanese automakers. The global 
automakers, reducing inventory, cancelled expansion plans, 
closed the factories, reduced the number of employees, and 
conducted the production system restructure, and many 
automobile manufacturers became involved this global 
industry restructuring, although some companies went 
bankrupt [14]. 

B. AI Researches in Finance 

Many researches on AI in finance have been conducted. 
Over the next few decades, machine learning and data 
science will transform the finance industry [15]. Many 
concrete programming books for AI in finance have already 
been published [16]-[20]. The main theme of the field is stock 
price prediction. 

There are two approaches to market forecasting; they are 
technical and fundamental forecasting. Murphy said “While 
technical analysis concentrates on the study of market action 
which has to do with the study of human psychology, the 
fundamental analysis focuses on the economic forces of 
supply and demand that cause process to move higher, lower, 
or stay the same.” [21]. Our interests are the fundamentals 
and not forecasting the stock prices. Our research theme is to 
find the intrinsic value of the company with soaring stock 
prices. 

For example, suppose that company X has a higher supply 
chain management skill. That causes a higher profitability, 
and then finally the stock prices will increase. Therefore, we 
could say that the intrinsic strength of the company X is its 

supply chain management skills.  
In our studies, although our aim is not the market 

prediction, we utilize both AI techniques of the technical 
analysis and those of the fundamental analysis. The time 
series data clustering algorithms as described in this paper are 
techniques used in the technical analysis. In another paper, 
we use regression and its Shapley value-based approach to 
find the important variables to increase the target values 
[22]-[24]. These regression analysis techniques are related to 
both, but they are more related to fundamental analysis 
techniques. Like the two wheels of a car, using both 
clustering and regression, we are conducting an integrated 
analysis. In the next step, we would like to conduct the 
regression analysis, using the clustering result in this paper  

 

III. AMPLITUDE-BASED CLUSTERING  

In the section, first we shall simply explain the 
Amplitude-based clustering. Then, the result of the clustering 
in this case analysis will be illustrated by a dendrogram, a 
heatmap of the distance, and market capital movement 
graphs.  

A. Amplitude-Based Clustering Method 

Here our previously developed Amplitude-based 
clustering method is explained in short. The detailed are 
described in [1], [7].  For the distance definition, we adopted 
the Euclidean distance which is given below. 
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where  𝑮𝒋,୩ is the index data of j-th company on k-th day and 
T is the number of sales days. Then the distance-distance is 
defined as the Euclidean distance as follows: 
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where N is the number of companies.  
Then a hierarchical clustering [4, 2527] is conducted with 

input as the distance of distance matrix {𝐄𝐃෪ 𝐢,𝐣ሽ. Then, the 
matrix serialization or the quasi-diagonalization [28, 29] on 
the distance matrix is executed, so that the similar cells can be 
laid out as much as diagonally.  

 

 
Fig. 2. Three clusters of indexed market capitalization movement. 

 

The aim of Amplitude-based clustering is to make 
similarity pattern groups, keeping the variance/amplitude 
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information. Fig. 2 illustrates a sample result of the 
Amplitude-based clustering. There are three clusters colored 
in red, black, and blue. Cluster#8 in red is significantly 
different from other two clusters; after the 28th month 
companies in Cluster#8 increased the market cap., compared 
to the others. When we compare Cluster#6 in black with 
Cluster#7 in blue, we can find that Cluster#6 has a large 
hike/decline in the initial period from 1 to 15 month. 

In an economics analysis such as a GDP growth rate 
analysis, this amplitude-based clustering is required. 
Therefore, we have developed this Amplitude-based 
clustering algorithm. Shirota et al. analyzed Indian IT service 
companies’ rapid growth by using Amplitude-based 
clustering [13]. 

As the existing time series data clustering methods, there 
are k-shape and Dynamic Time Warping (hereafter DTW) 
methods. However, they require the data standardization, so 
the data scale is arranged, in advance. The standardization 
deletes the variance/amplitude information. In Fig. 3, the 
standardized patterns of the data in Fig. 2 are illustrated. 
Because the variance is arranged to be 1 and the average is 0 
after the standardization, we cannot observe the amplitude of 
the growth. A small fluctuation will become a large wave 
movement by standardization. As shown in Fig. 3, the 
recovery movement of Cluster#8 in red was removed and we 
cannot identify the superiority of Cluster#8 there.  

This variance information missing problem was firstly 
discussed by Matsuhashi [30]. In conclusion, k-shape method 
cannot meet requirements of many economic growth ratio 
comparison analysis. 

 

 
Fig. 3. Standardization removes the variance information. 

 

B. Clustering Results 

In the section, we shall show the results of the automakers’ 
market capital analysis by the Amplitude-based clustering. 

The results are illustrated by a dendrogram and its heatmap 
(see Fig. 4 and Fig. 5). The dendrogram and heatmap are ones 
after the matrix serialization; the company list order is there 
arranged by the serialization. In the heatmap in Fig. 5, 
because the distance 0 is colored in yellow, yellow-colored 
cells are diagonally placed.  

 

 
Fig. 4. Resultant dendrogram. 

 

 
Fig. 5. Resultant heatmap of the distance matrix. 

We are interested in the movement of the TOYOTA group. 
From the heatmap, we shall extract a cluster which includes 
TOYOTA MORTORS (hereafter TOYOTA). We title this 
cluster CLUSTER#1. The cluster size is set to be 20 here (see 
the brown-colored cluster in Fig. 4). The vertical height in the 
dendrogram means the distance between companies.  

In Fig. 4, the boundary value of the CLSUTER#1 is 
represented by the horizontal black line. If the boundary 
value is increased, the CLUSTER#1 size can also be 
increased. We can identify the increase operation’s result 
visually in both the dendrogram and the heatmap. This can be 
done because of the matrix serialization.   

When we use time series data clustering such as k-shape 
method, the elbow method [3133] or so is used to select an 
appropriate number of clusters. However, in the 
Amplitude-based clustering, there is no concept of an 
appropriate number of clusters and then a certain cluster area 
of our interests should be extracted. For example, the size of 
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the above-mentioned cluster with TOYOTA is set to be 20. 
The size can be changed. This is because the volatility 
(variance)/distance range is very wide in the amplitude-based 
clustering.  

 

 
Fig. 6. All companies’ indexed movement of market capital. 

 

In Fig. 6, the whole companies’ indexed market capital 
data are illustrated. The highest index value records about 15 
(see Fig. 6). As shown here, the variance range is very wide. 
Therefore, in the Amplitude-based clustering, we are 
supposed to focus on a cluster with a company of our 
interests.  

 

 
Fig. 7. Movement of Cluster#1 including TOYOTA of which size is 20. 

 
The indexed market capital movement of the 

above-mentioned CLUSTER#1 is shown in Fig. 7. There 
TOYOTA’s movement is illustrated in black. In 
CLUSTER#1, there exist at least 4 TOYOTA group 
companies such as DENSO and TOYOTA INDUSTRIES. In 
general, since group companies hold mutually stocks and 
invest to each other in the group, the stock fluctuations are 
likely to have a high similarity [34]. In this case, the group 
companies’ high similarity can be seen. The pattern similarity 
among the group companies is our future research theme. We 
will continue to analyze that using a time series data analysis. 
 

IV. RESULT BY UMAP 

In the section, the result by the UMAP dimension 
reduction is illustrated.  

 In this analysis, the input data to the UMAP program is the 
135 by 135 distance matrix because the number of companies 
is 135. The distance is the above-mentioned Euclidean 
distance of the distance of the Amplitude-based clustering 
(see Section III.A). 

In Fig. 8, the UMAP result is shown. There the 
dimensional reduction from 135-dimentional world to 
2-dimentional world is conducted. The point is that all 
companies’ data are plotted on a curve. We found that on the 
curve, companies with a high similarity are plotted nearer.  

 

 
Fig. 8. Two-dimensional mapping by UMAP. 

 

In Fig. 8, the above-mentioned CLUSTER#1 companies 
are plotted in pale-blue. In Fig. 4, the threshold level of 
CLUSTER#1 is illustrated as the horizontal black line. By the 
threshold level, we can extract other 7 clusters, from 
CLUSTER#2 to CLUSTER#8, which of distances are lower 
than the threshold level. In the UMAP result, these 7 clusters 
are plotted nearer on the resultant curve. We can identify 
these 7 clusters visually using different 7 colors in Fig. 8. 

We title the other companies other than (CLUSTER#1 to 
CLUSTER#8) “GROUP#0” which is colored in blue. 
GROUP#0 is not a cluster. As shown in Fig. 4 (the 
dendrogram), Group#0 is the rest of the whole except 
CLUSTER#1 to CLUSTERR#8. If we would like observe the 
CLUSTER#0, a further clustering is needed to investigate its 
details.  

 

V. EVALUATION  

 In the section, we describe the meanings of X and Y axes 
on UMAP in this case.  

 

 
Fig. 9. Three companies’ movements with different X values s. 

 
First, the meaning of the X axis on the UMAP is explained 

as the resilience from the financial crisis. In Fig. 9, three 
companies’ market capital movement with different the X 
values on the UMAP. The X values are approximately 7, 15, 
and 19. The less X value is, the larger the resilience is, as 
shown in Fig. 9.  
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Then, we interpret the UMAP X-axis as the weakness of 
the resilience. 

 

 
Fig. 10. Five companies‘movements with different Y values. 

 
Next, the meaning of the Y axis is interpreted as a variance 

width of the market capitalization. The less Y value is, the 
larger the variance scale is. 

The company in blue in Fig. 10 has the lowest Y value, 
about -3 on the UMAP and the growth range was the largest; 
The company temporarily recorded the capitalization by up 
to 8 times that of January 2007. Then, the yellow line 
companies’ movement has the second lowest Y value, about 
0, among the above the four companies. The company’s 
capitalization had the next largest range of its changing 
around 21st month, although the company had the decline 
after the 30th month. The green line company has the large Y 
value, about 5; the movement is very flat, comparing the 
above two companies. 

From this result, we have learnt the following result: In the 
analysis of time series changing market capitalization, the 
dual approach by Amplitude-based clustering and 
dimensional compression UMAP are very effective. 
Amplitude-based can extract the similar movement company 
clusters and UMAP can extract the principal factors as the 
axis. There, the meaning of the axis can be clearly visualized.  
 

VI. CONCLUSION 

In this paper, we conducted time series data clustering by 
using market capitalization data. The data is that of the top 
135 automobile manufacturing companies from January 2007 
to December 2011. The analysis method is the 
Amplitude-based clustering. The results were visualized by 
the dimensional compression method UMAP which is the 
dimensional reduction tool. In this UMAP result, the 
principal components could be extracted and all the 
companies are plotted on the almost one curve. This is 
because the distance range is very large in this clustering. The 
one of the extracted UMAP axes represents the resilience of 
the company from the 2008 financial crisis. 

As a result, we were able to discover two interesting 
findings. First, companies with affiliated relationships such 
as TOYOTA and DENSO were clustered over a short 
distance on UMAP. We could find the similar movement of 
the group companies. 

The second point is that we could clarify the meaning of 
the two axes of the UMAP mapping. One axis shows the 
resilience and another does the variance width of the 
movement. We can say that this clustering and dimensional 
reduction approach is effective to evaluate the resilience of 
industries.   
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