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Abstract 

We propose a statistical industry classification method for unlisted firms, where stock-based approaches are infeasible. 

By modeling unlevered beta as a function of stable financial ratios, we identify subindustry structures through 

clustering. To handle anonymized, non-panel data, we combine UMAP, HDBSCAN, and MONIC for nonlinear 

dimension reduction, density-based clustering, and temporal tracking. Applying this framework to Japan’s 

entertainment industry, we uncover stable clusters that align with official subindustry definitions and macro indicators, 

even amid COVID-19 disruptions. Our method provides a practical alternative for classifying firms without market 

or textual data. 
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1. Introduction 

Industry classification plays a critical role in both academic research and practical applications. 

According to Weiner (2005), industry classifications—such as industry dummy variables—were used in 45.7% 

of articles published between 1995 and 2003 in leading finance and accounting journals, including the Journal 

of Finance, Journal of Financial Economics, Journal of Accounting and Economics, and Journal of Accounting 

Research. Industry-based analysis enables a more accurate assessment of the information value provided by 

sell-side analysts to investors (Chung et al., 2017). 

In this context, various studies have proposed statistical industry classification methods based on textual 

data (Bernstein et al., 2003; Hoberg & Phillips, 2016; Kim et al., 2022), stock return correlations (Chan et al., 

2007; Kakushadze & Yu, 2016), and financial statement variables (Elliot et al., 2000; Bagnara & Goodarzi, 

2023). However, these approaches are not readily applicable to unlisted firms, as they typically rely on 

standardized disclosures (e.g., Form 10-K) and market price data. This limitation is especially salient in 

industries such as food service, retail, and entertainment, where non-listed companies account for a significant 

share of both total sales and employment. 

We focus on two main challenges in statistically classifying unlisted firms. First, the absence of stock 

returns and standardized textual disclosures renders conventional approaches inapplicable. Second, government 

datasets—though valuable for their unified and high-frequency (e.g., quarterly) coverage—are anonymized, 

making it impossible to track firms across time and thus hindering the identification of temporal transitions in 

industry structure. 

To overcome the first challenge, we develop a model linking unlevered beta (asset beta) to a set of stable 

financial ratios (e.g., the ratio of cost of goods sold to sales, the ratio of non-current assets to total assets). 

Specifically, we assume that stable financial ratios function as deep parameters: they govern firms’ cash flow 

dynamics through their influence on capital and labor inputs, which themselves follow stochastic processes. 

These ratios, by shaping the structure and volatility of cash flows, ultimately determine the unlevered beta. 

Our model yields three key implications. First, it clarifies how cross-sectional variation in stable financial 

ratios explains the heterogeneity of steady-state unlevered beta, highlighting the fundamental connection 

between financial structure and business risk. Second, although it is difficult to estimate capital and labor betas 

at the firm level, these betas—representing the sensitivities of capital and labor inputs to market risk—can 

reasonably be assumed to be common across firms operating in the same industry. Since stable financial ratios 

determine the weights applied to these common betas, clustering firms based on these ratios facilitates the 

identification of subindustry structures within a given industry. Third, compared to clustering based on stock 

prices, which inevitably reflects noise from highly volatile variables such as sales and cash flows, our approach 

reduces such noise and enables a more stable and fundamental classification of firms based on their intrinsic 

business risk. 

To address the second challenge, we develop a dynamic clustering framework for anonymized data of 

unlisted firms. We begin by selecting stable financial ratios that can serve as proxies for the deep parameters in 
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our model. Since the relationship between these ratios and unlevered beta is likely nonlinear, we apply Uniform 

Manifold Approximation and Projection (UMAP; McInnes et al., 2018) to reduce dimensionality while 

preserving the manifold structure. This improves the identifiability of density-based clustering algorithms such 

as Hierarchical Density-Based Spatial Clustering of Applications with Noise (HDBSCAN; Campello et al., 

2013). The approach allows us to detect nonlinear, local relationships and to distinguish outliers as noise. To 

track changes in cluster structure over time despite data anonymization, we employ Modelling and Monitoring 

Cluster Transitions (MONIC; Spiliopoulou et al., 2006). MONIC treats two adjacent time periods as “data 

panes,” performs clustering in each, and matches clusters across data panes based on membership overlap. This 

enables us to trace the evolution of industry groupings even when firm identities are masked. 

We apply this framework to Japan’s entertainment industry to construct a statistical subindustry 

classification. This industry presents a compelling case due to its structural heterogeneity and its exposure to 

the COVID-19 crisis. Measuring the true impact of the pandemic is challenging: firms formally categorized as 

entertainment industry may derive substantial revenue from unrelated activities such as real estate, potentially 

leading to underestimation of the industry’s downturn. Conversely, the inclusion of amusement and recreation 

facilities—especially pachinko parlors—may exaggerate the impact, as their activity had already been declining 

prior to the pandemic. These complexities underscore the importance of identifying financially homogeneous 

groups of firms to disentangle the core dynamics of the entertainment industry from the influence of peripheral 

business activities and long-term structural trends. 

Our results can be summarized as follows. By selecting stable financial ratios and performing 

dimensionality reduction with UMAP, we achieve clear separation of firms, overcoming time-series noise 

caused by sales fluctuations, especially during the COVID-19 pandemic. Our framework, using HDBSCAN 

with optimal parameters, reveals a stable underlying cluster structure, capturing persistent dynamics over time. 

The results show that excluding unstable financial ratios (e.g., sales-to-total-assets ratio) leads to more reliable 

cluster identification. In particular, the number of dynamic cluster groups, our statistical subindustries, 

consistently converges to five, which approximates the six fundamental subindustries defined in the Japanese 

Standard Industry Classification (JSIC), suggesting a correspondence between our statistical classification and 

fundamental industry classification. 

Building on these findings, we further validate the relevance of the five statistical subindustries by 

examining their financial and temporal coherence. Structurally, the statistical subindustries correspond well to 

the fundamental subindustries with similar financial characteristics, as confirmed by comparisons with 

subindustry-level data from the Economic Census—an infrequent but reliable benchmark conducted every four 

to five years. Temporally, the statistical subindustries exhibit dynamic patterns that closely resemble those of 

the corresponding fundamental subindustries, as shown by vector autoregression (VAR) and state space analyses. 

These analyses show that the trajectories of sales-to-total-assets ratios within each cluster closely align with 

those of the Tertiary Industry Activity Index for corresponding subindustries in the entertainment industry. These 

results suggest that our framework not only identifies meaningful structural differences across subindustries, 

but also successfully replicates their dynamic evolution over time. 

The remainder of the paper is structured as follows. Section 2 develops a model linking unlevered beta 
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to financial ratios, justifying the use of stable accounting indicators in place of stock data. Section 3 reviews 

key features of Japanese government statistics. Section 4 presents our classification framework, combining 

theory and data characteristics. Section 5 applies it to the entertainment industry, identifying stable dynamic 

clusters. Section 6 examines their temporal structure and alignment with fundamental subindustries. Section 7 

concludes. 

2. Modeling Unlevered Beta with Financial Ratios 

The statistical industry classification methods proposed by Chan et al. (2007) and Kakushadze and Yu 

(2016) rely on the correlation structure of stock returns. These approaches are based on the intuition that firms 

with similar business models should exhibit similar risk exposures. Accordingly, if alternative information that 

captures a firm’s risk exposure is available, stock prices may not be essential for industry classification. 

In this section, we model the relationship between a firm’s unlevered beta and several stable financial 

ratios. Unlevered beta reflects the firm’s intrinsic exposure to market risk. By formulating this relationship, we 

can identify financial ratios that account for the heterogeneity in risk exposures across firms. 

To simplify the model, we assume a complete capital market with a zero corporate tax rate. Under the 

conditional Capital Asset Pricing Model (CAPM), the conditional unlevered beta (or asset beta) of firm 𝑖 at time 

𝑡 is given by: 

𝛽௜,௧ି1
௎ ൌ

Cov௧ି1 ൤
Δ𝐶௜௧
𝐶௜,௧ି1

,𝑅௧൨

Var௧ି1ሾ𝑅௧ሿ
. ሺ1ሻ 

where 𝐶௜௧ denotes the free cash flow of firm 𝑖, and 𝑅௧ denotes the market return.2 We assume that cash flow is 

generated from two input factors: capital 𝐾௜௧  and labor 𝐿௜௧  (defined as the number of employees including 

executives multiplied by working hours). These variables follow a discrete-time stochastic process: 

ቌ
𝑅௧

Δ𝐾𝑖𝑡/𝐾𝑖,𝑡െ1

Δ𝐿𝑖𝑡/𝐿𝑖,𝑡െ1

ቍ ൌ ൮

𝜇௧ି1
ோ

𝜇𝑖,𝑡െ1
𝐾

𝜇𝑖,𝑡െ1
𝐿

൲ ൅ ቌ
𝜀𝑡
𝑅

𝜀𝑖𝑡
𝐾

𝜀𝑖𝑡
𝐿

ቍ . ሺ2ሻ 

The conditional variance-covariance matrix of the error terms 𝜀௧
ோ , 𝜀௜௧

௄ , and 𝜀௜௧
௅  is given by: 

Σ௜,௧ି1 ൌ ൮

ሺ𝜎௧ି1
ோ ሻ2 𝜌௜,௧ି1

ோ௄ 𝜎௧ି1
ோ 𝜎௜,௧ି1

௄ 𝜌௜,௧ି1
ோ௅ 𝜎௧ି1

ோ 𝜎௜,௧ି1
௅

𝜌௜,௧ି1
ோ௄ 𝜎௧ି1

ோ 𝜎௜,௧ି1
௄ ൫𝜎௜,௧ି1

௄ ൯
2

𝜌௜,௧ି1
௄௅ 𝜎௜,௧ି1

௄ 𝜎௜,௧ି1
௅

𝜌௜,௧ି1
ோ௅ 𝜎௧ି1

ோ 𝜎௜,௧ି1
௅ 𝜌௜,௧ି1

௄௅ 𝜎௜,௧ି1
௄ 𝜎௜,௧ି1

௅ ൫𝜎௜,௧ି1
௅ ൯

2

൲ . ሺ3ሻ 

Next, we express several key financial quantities as functions of input levels and deep parameters. First, 

sales 𝑆௜௧ are assumed to follow a Cobb-Douglas production function: 

𝑆௜௧ ൌ 𝐴௜௧𝐾௜௧
ఈ೔𝐿௜௧

1ିఈ೔ , ሺ4ሻ 

where 𝐴௜௧  denotes total factor productivity and 𝛼௜  the capital elasticity. Earnings before interest and taxes 

(EBIT) 𝑋௜௧ is defined as: 

𝑋௜௧ ൌ 𝑆௜௧ െ 𝜔௜𝑆௜௧ െ 𝛾௜𝜁௜𝐿௜௧ , ሺ5ሻ 

 
2 This constitutes a natural extension of Hamada’s (1972) formulation of unlevered beta to a conditional model. 
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where 𝜔௜ is the cost of goods sold (COGS) to sales ratio, 𝛾௜ is the selling, general and administrative expenses 

(SG&A) to labor cost ratio (assuming SG&A depend entirely on labor input for simplicity), and 𝜁௜ is the average 

total hourly wage, so 𝜁௜𝐿௜௧  represents total personnel expenses. The second term represents costs that vary 

proportionally with sales (i.e., variable costs), while the third term reflects costs that are largely fixed relative 

to sales (i.e., SG&A costs driven by labor input). Inventories 𝑉௜௧ and fixed assets 𝐹௜௧ are defined as: 

𝑉௜௧ ൌ 𝜙௜𝐾௜௧ , ሺ6ሻ 

𝐹௜௧ ൌ 𝜅௜𝐾௜௧ , ሺ7ሻ 

where 𝜙௜  and 𝜅௜  are the inventory-to-capital and fixed-asset-to-capital ratios, respectively. Assuming stable 

receivables and payables, changes in working capital equal changes in inventories. Hence, the free cash flow is 

given by: 

𝐶௜௧ ൌ 𝑋௜௧ െ Δ𝑉௜௧ െ Δ𝐹௜௧ ൌ ሺ1 െ 𝜔𝑖ሻ𝐴𝑖𝑡𝐾𝑖𝑡
𝛼𝑖𝐿𝑖𝑡

1െ𝛼𝑖 െ 𝛾𝑖𝜁𝑖𝐿𝑖𝑡 െ ൫𝜙𝑖 ൅ 𝜅𝑖൯൫𝐾𝑖𝑡 െ 𝐾௜,௧ି1൯. ሺ8ሻ 

Using a log-linear approximation under the above assumptions, the conditional unlevered beta can be 

decomposed as: 

𝛽௜,௧ି1
௎ ൎ 𝑎௜,௧ି1

௄ 𝛽௜,௧ି1
௄ ൅ 𝑎௜,௧ି1

௅ 𝛽௜,௧ି1
௅ , ሺ9ሻ 

where: 

𝛽௜,௧ି1
௄ ൌ

𝜎௜,௧ି1
௄ 𝜌௜,௧ି1

ோ௄

𝜎௧ି1
ோ , 𝛽௜,௧ି1

௅ ൌ
𝜎௜,௧ି1
௅ 𝜌௜,௧ି1

ோ௅

𝜎௧ି1
ோ , ሺ10ሻ 

𝑎௜,௧ି1
௄ ൌ ቊሺ1 െ 𝜔௜ሻ𝛼௜

𝑆௜,௧ି1

𝐾௜,௧ି1
െ ሺ𝜙௜ ൅ 𝜅௜ሻቋ

𝐾௜,௧ି1

𝐶௜,௧ି1
, ሺ11ሻ 

𝑎௜,௧ି1
௅ ൌ ቊሺ1 െ 𝜔௜ሻሺ1 െ 𝛼௜ሻ

𝑆௜,௧ି1

𝐿௜,௧ି1
െ 𝛾௜𝜁௜ቋ

𝐿௜,௧ି1

𝐶௜,௧ି1
. ሺ12ሻ 

The beta weights 𝑎௜,௧ି1
௄   and 𝑎௜,௧ି1

௅   are homogeneous of degree zero, hence independent of firm size. 

Consequently, unlevered beta itself is also size-invariant. 𝛽௜,௧ି1
௄  and 𝛽௜,௧ି1

௅  represent the capital and labor betas, 

respectively, capturing the sensitivity of each input factor to market risk. To further simplify the model, we 

assume that these input betas are common across firms within the same industry. Formally, let ℐ௝ denote the set 

of firms belonging to industry 𝑗. We impose the following restriction: 

𝛽௜,௧ି1
௄ ൌ 𝛽௝,௧ି1

௄ , 𝛽௜,௧ି1
௅ ൌ 𝛽௝,௧ି1

௅ , ∀ 𝑖 ∈ ℐ௝ ሺ13ሻ 

This assumption reflects the idea that firms operating in the same industry face similar technological conditions 

and market environments, which shape how the growth of capital and labor inputs co-moves with aggregate 

market risk. 

Equations (9) and (13) suggest that, given capital and labor betas, a firm’s risk exposure within a given 

industry is determined by the beta weights 𝑎௜,௧ି1
௄  and 𝑎௜,௧ି1

௅ . Note that even firms with similar financial ratios 

may exhibit substantially different unlevered betas if they belong to industries with distinct capital or labor betas. 

This highlights the importance of applying financial ratio–based clustering within a given industry, rather than 

across structurally dissimilar industries.  

Equations (11) and (12) also highlight a drawback of stock-price-based classification. The beta 

decomposition includes ratios such as capital turnover 𝑆/𝐾, revenue per worker 𝑆/𝐿, and the inverse of capital 

and labor cash flow productivity 𝐾/𝐶, 𝐿/𝐶. Cash flows are often highly volatile and deviate from average levels 
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due to firm-specific shocks. Even sales can become unstable during major disruptions, such as the COVID-19 

crisis. As a result, stock-price-based methods are highly sensitive to noise embedded in conditional unlevered 

beta. In contrast, our approach, which leverages stable financial ratios as deep parameters, aims to minimize 

such noise and yield a more robust and economically meaningful industry classification. Moreover, Equations 

(11) and (12) aligns with the perspective that a firm's business risk is shaped by its degree of operating leverage 

(Lev, 1974; Novy-Marx, 2011) and its intensities of human and physical capital (Elliot et al., 2000). 

3. Data 

For our analysis, we use the Surveys for the Financial Statements Statistics of Corporations by Industry 

(the FSSC).3 The FSSC consists of annual and quarterly surveys conducted by the Ministry of Finance in Japan. 

These surveys collect the financial information such as sales, assets, liabilities, various costs, including 

personnel expenses. The FSSC is a sampling survey, with the sample comprising all large corporations with 

capital of 500 million yen or more, as well as a subset of corporations with capital below 500 million yen.  

One major limitation of the FSSC data is that the industry classification is restricted to the major groups 

of JSIC, with no more detailed classifications available. This limitation may introduce bias in tracking trends 

within subindustries, as the sampling is based on major industry groups. Consequently, the composition of 

subindustry samples may vary significantly over time. Additionally, the FSSC data is anonymized data at least 

for us, meaning that the corporations are not labeled. As a result, we cannot identify individual firms or track 

sample changes over time. 

In this study, we focus on firms classified within the entertainment industry. Our FSSC sample covers the 

period from 2016 to 2022. While the time-series analysis is conducted using the quarterly data, our industry 

classification method is applied to annual data to avoid time-series instability due to seasonality effects. 

The goal of this study is to achieve a more detailed industry classification with a sufficient variety of 

financial data using the FSSC. To this end, we supplement our approach with additional data sources and 

compare the information obtained from the FSSC.  

The first supplementary data source is the Economic Census for Business Activity (the Census), 

conducted approximately every five years by the Ministry of Internal Affairs and Communications. Although 

the Census is less frequently updated, it provides comprehensive coverage of all establishments and enterprises 

in Japan, except for individual proprietorships in certain industries. A key advantage of the Census is its 

narrowly defined industry classification, allowing for more detailed descriptive statistics. We compare the 

industry statistics in the Census with those of the clusters constructed from the FSSC to establish the 

correspondence between our detected clusters and specific subindustries. 

Additionally, we examine time-series trends using the Indices of Tertiary Industry Activity (the Indices). 

The indices aim to capture the overall production activity within the service sector. The indices are compiled 

and reported monthly by the Ministry of Economy, Trade and Industry. While these Indices provide useful 

insights into economic activity trends in the service industry, their reliability at the subindustry level is limited 

 
3 Tsuruta (2019) is one of the major studies using the FSSC. See Tsuruta (2019) for the details of the data. 
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due to the scarcity of data sources for each category. We compare the trends observed in the Indices with those 

of our detected FSSC clusters to assess the validity of our classification method.  

4. Methodology 

This section outlines the framework for classifying firms within a given industry into subindustries. Two 

key challenges arise when conducting statistical industry classification for unlisted firms. First, the available 

information is typically limited to financial statements. Second, in the case of the FSSC, the data are anonymized, 

and a portion of the sample is rotated periodically. 

To address the first issue, we adopt a set of stable financial ratios theoretically linked to unlevered beta, 

as established in Section 2. A critical point here is that unlevered beta is not a linear weighted average of these 

ratios, but rather a nonlinear function of them. This suggests that even though the data may appear to be 

distributed in a high-dimensional space, they may in fact lie on a lower-dimensional nonlinear manifold.4 Based 

on this manifold hypothesis, we apply Uniform Manifold Approximation and Projection (UMAP; McInnes et 

al., 2018) as a preprocessing step prior to clustering. UMAP preserves local topological structure while mapping 

high-dimensional data onto a lower-dimensional latent space, assuming that the data lie on a Riemannian 

manifold. This transformation enhances the identifiability of cluster boundaries when using density-based 

clustering methods such as Hierarchical Density-Based Spatial Clustering of Applications with Noise 

(HDBSCAN; Campello et al., 2013) and is expected to improve the temporal stability of cluster structures.5 

To address the second issue, we employ Modelling and Monitoring Cluster Transitions (MONIC; 

Spiliopoulou et al., 2006), which enables tracking and detecting transitions in cluster structures over time.6 In 

FSSC, firm names are anonymized, and individual firms cannot be directly tracked across periods, while the 

partial rotation of the sample further complicates analysis of firm dynamics over time. MONIC compares how 

clusters evolve over adjacent time periods and identifies transitions such as survival, split, merge, disappearance, 

and emergence. This enables us to assess the continuity and stability of clustering results over time, even under 

sample turnover, thereby facilitating the tracking of structural changes in subindustries. 

The technical procedure of MONIC is as follows. Let the dataset be given by ሼ𝑑௧ሽ௧ୀ1
்  . For each 𝑡 ൌ

1, … ,𝑇 െ 1,  define a data pane 𝑃ሺ௧ሻ ≔ ሼ𝑑௧ ,𝑑௧ା1ሽ. We then apply clustering to each data pane, yielding a cluster 

set 𝒞ሺ௧ሻ ൌ ቄ𝐶1
ሺ௧ሻ,𝐶2

ሺ௧ሻ, … ,𝐶௞೟
ሺ௧ሻቅ . Since adjacent data panes 𝑃ሺ௧ሻ  and 𝑃ሺ௧ା1ሻ   share the same 𝑑௧ା1 , the overlap 

between clusters across data panes can be computed as: 

 
4 In general, when trade-offs exist among cost structures or asset compositions, the feasible combinations are constrained. Such 
structural constraints may cause high-dimensional financial data to lie approximately on a lower-dimensional manifold. Consider the 
Earth in three-dimensional space: under the constraint of gravity, human activity is confined to its surface, which is a two-dimensional 
spherical manifold. Although unlevered beta is not itself a binding constraint, other structural limitations may lead firms with similar 
financial ratios to exhibit similar unlevered betas. 
5 McInnes et al. (2018) recommend using HDBSCAN after dimensionality reduction with UMAP. Compared to t-SNE (Van der Maaten 
and Hinton, 2008) and LargeVis (Tang et al., 2016), UMAP better preserves non-local structures while maintaining a comparable local 
structure. 
6 We use a R package of MONIC developed by Atif and Leisch (2022). 
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overlap ቀ𝐶௜
ሺ௧ሻ,𝐶௝

ሺ௧ା1ሻቁ ൌ
ቚ𝐶௜

ሺ௧ሻ ∩ 𝐶௝
ሺ௧ା1ሻቚ

ቚ𝐶௜
ሺ௧ሻቚ

 for 𝑖 ൌ 1, … , 𝑘௧, 𝑗 ൌ 1, … , 𝑘௧ା1. ሺ14ሻ 

A cluster 𝐶௜
ሺ௧ሻ is said to survive as 𝐶௝

ሺ௧ା1ሻ  if it overlaps with it by more than a threshold 𝜏survive and does 

not exceed that threshold with any other cluster. If multiple clusters from 𝒞ሺ௧ሻ each overlap with 𝐶௝
ሺ௧ା1ሻ above  

𝜏survive, they are said to merge into 𝐶௝
ሺ௧ା1ሻ. Conversely, a cluster 𝐶௜

ሺ௧ሻ  is said to split into 𝐶௝1

ሺ௧ା1ሻ,𝐶௝2

ሺ௧ା1ሻ, … ,𝐶௝ಾ
ሺ௧ା1ሻ  

if the following two conditions are met: 

overlap ቀ𝐶௜
ሺ௧ሻ,𝐶௝೘

ሺ௧ା1ሻቁ ൐ 𝜏split, 𝑚 ൌ 1,2, … ,𝑀, ሺ15ሻ 

෍ overlap ቀ𝐶௜
ሺ௧ሻ,𝐶௝೘

ሺ௧ା1ሻቁ

ெ

௠ୀ1

൐ 𝜏survive. ሺ16ሻ 

If no such relationships are found, then 𝐶௜
ሺ௧ሻ is deemed to have disappeared, and 𝐶௝

ሺ௧ା1ሻ is considered a newly 

emerged cluster. 

Because MONIC connects clusters across adjacent data panes, excessive structural drift between data 

panes may impede accurate tracking of industry dynamics. Furthermore, as the theoretical model suggests, 

including volatile financial ratios in the clustering process introduces noise, much like stock prices. It is 

therefore critical to carefully select stable financial ratios to improve the robustness of the clustering structure. 

Based on the discussion above, we propose the following procedure as a framework for fine-grained 

classification of unlisted firms using official statistics: 

1. Select a set of stable financial ratios associated with free cash flow volatility, as motivated by the model. 

2. Apply dimensionality reduction via UMAP to enhance clustering stability and identifiability. 

3. Construct overlapping data panes from adjacent time periods and conduct clustering using HDBSCAN. 

4. Track the transitions in cluster structure over time using MONIC. 

A stable subindustry classification is assumed to result in a high proportion of clusters that can be continuously 

tracked from the initial to the final period. 

5. Application 

In this section, we apply our proposed method to Japan’s entertainment industry. The industry was 

severely affected by the COVID-19 crisis in 2020. However, the magnitude of the impact may be underestimated 

when firms classified as entertainment businesses but earning a non-negligible portion of their revenue from 

other industries, such as real estate, are included in the analysis. Conversely, the inclusion of amusement and 

recreation facilities—mainly pachinko parlors—may overstate the impact, as their activity index, according to 

the Tertiary Industry Activity Index, had been declining even before the pandemic. By identifying financially 

homogeneous groups of firms, our framework helps isolate the core dynamics of the entertainment industry 

from the influence of non-core business activities and structural heterogeneity. 

First, we select a set of stable financial ratios for use in our empirical analysis. Based on data availability 

in the FSSC, we proxy the parameters 𝜔௜, 𝛾௜, 𝜁௜, 𝜙௜, and 𝜅௜ in the model introduced in Section 2 by the following 



9 

 

financial ratios, respectively: the ratio of cost of goods sold (COGS) to sales, the ratio of selling, general and 

administrative expenses (SG&A) to personnel expenses, annual personnel expenses per capita, the ratio of 

inventory to total assets, and the ratio of non-current assets to total assets, respectively.  

As a more refined specification, we also consider decomposing non-current assets into property, plant 

and equipment (PP&E), intangible assets, and investments and other assets (I&OA), and defining their 

respective shares of total assets as 𝜅1௜, 𝜅2௜, and 𝜅3௜. Since 𝜅௜ ൌ 𝜅1௜ ൅ 𝜅2௜ ൅ 𝜅3௜, this alternative specification 

does not qualitatively alter the model’s implications. To better capture cross-sectional heterogeneity in financial 

structure, we include these decomposed asset ratios in our analysis as well. In the model presented in Section 2, 

the effect of depreciation is offset when operating and investment cash flows are aggregated. Nevertheless, the 

ratio of depreciation to non-current assets reflects the share of depreciable assets and is expected to capture 

meaningful cross-sectional variation in firm characteristics. 

Table 1 summarizes the candidate financial ratios used in the analysis. It reports the annual averages of 

these ratios for the entire entertainment industry from 2015 to 2022. The table also includes the results of Welch 

tests comparing each year’s average with that of the previous year. The rightmost column presents the average 

of the coefficients of variation across firms for each year, capturing cross-sectional dispersion over the entire 

period. Observations are excluded if key financial variables (i.e., sales, total assets, or personnel expenses per 

capita) in the denominator of a ratio are missing. If other non-critical variables are missing in the numerator, the 

value is replaced with zero to retain as many observations as possible. Furthermore, all financial ratios are 

Winsorized at the 99th percentile to mitigate the influence of outliers. 

 

=== Table 1 === 

 

Based on the results presented in Table 1, eight financial ratios are selected for clustering: (i) COGS-to-

sales ratio, (ii) SG&A-to-personnel-expenses ratio, (iii) personnel expenses per capita, (iv) depreciation-to-non-

current-assets ratio, (v) inventory-to-total-assets ratio, (vi) PP&E-to-total-assets ratio, (vii) intangible-assets-to-

total-assets ratio, and (viii) I&OA-to-total-assets ratio. As expected from the model assumptions, these ratios 

appear to be stable throughout the sample period, including the COVID-19 crisis. In contrast, other ratios 

involving sales (except for COGS-to-sales ratio) show substantial fluctuations during the pandemic. As 

discussed in Section 2, using ratios that include sales or, even more so, cash flows—which tend to be highly 

volatile—may capture time-series noise in unlevered beta estimates. The selected ratios also exhibit sufficiently 

large cross-sectional coefficients of variation, suggesting that they can effectively capture firm-level 

heterogeneity. 

To demonstrate that this variable selection is appropriate—at least within the Japanese entertainment 

industry—we compare the effects of different variable sets using listed firms for which labels can be tracked 

over time. The left panel of Figure 1 shows a two-dimensional UMAP projection of financial data that includes 

unstable ratios, such as the sales-to-total-assets ratio. Each circle represents the minimum enclosing circle for 

firms sharing the same label. Many of these circles overlap significantly, indicating that the boundaries of even 

the same firm become ambiguous—suggesting that meaningful subindustry clustering is infeasible under this 
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specification. In contrast, the right panel shows the results when unstable ratios are excluded. Except for the 

clearly anomalous trajectory of Misonoza, there is little overlap between circles, suggesting clearer firm-level 

separation. 

 

=== Figure 1 === 

 

Misonoza underwent a series of real estate transactions between 2013 and 2015—including the sale, 

reconstruction, and reacquisition of its building—resulting in large fluctuations in PP&E, which would typically 

be a stable variable. This indicates a substantial shift in its business model, likely due to fluctuations in rental 

income. Therefore, the detection of Misonoza’s atypical behavior in the right panel actually highlights the 

strength of our variable selection in sensitively capturing such temporary shifts by removing noisy financial 

ratios. 

Next, dimensionality reduction is performed using UMAP. The algorithm requires two key parameters: 

the number of neighbors (n_neighbors) and the minimum distance (min_dist). One practical objective of 

applying UMAP here is to enhance the separability of cluster boundaries when performing density-based 

clustering methods such as HDBSCAN in subsequent steps. To select appropriate parameters, we apply 

HDBSCAN to datasets transformed by UMAP under various parameter combinations, and calculate the average 

cluster membership probability across all observations. This average reflects how confidently each point is 

assigned to a cluster and serves as an indicator of clustering stability. 

Table 2 reports the average membership probabilities under different combinations of UMAP and 

HDBSCAN parameters. The left half shows results excluding unstable financial ratios, while the right includes 

them. In both cases, the average membership probability is maximized when the UMAP parameters are set to 

n_neighbors = 10 and min_dist = 0.01, regardless of the chosen HDBSCAN minPts parameter. Based on this 

result, we proceed with the dataset transformed using these UMAP parameters for the subsequent analysis, as it 

offers the best clustering consistency over time. 

 

=== Table 2 === 

 

Figure 2 shows kernel density contour plots of the UMAP-transformed data (excluding unstable financial 

ratios), visualizing the concentration of firms in the embedded space across time.7 The figure is divided into 

seven data panes, each constructed from a pair of adjacent time periods. This design not only facilitates visual 

assessment of the temporal continuity and stability of the cluster structure but also prepares the data for MONIC-

based dynamic cluster tracking introduced later. Across the panes, five to seven density peaks are consistently 

observed, with the positions of the five main peaks remaining nearly unchanged throughout the sample period. 

This visual pattern suggests the persistence of the underlying cluster structure over time. 

 

 
7 Due to data anonymization policies by the FSSC, scatter plots cannot be published; therefore, kernel density estimates are used as a 
substitute. 
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=== Figure 2 === 

 

Moving forward, HDBSCAN is applied to each data pane constructed from two adjacent time periods. 

HDBSCAN requires the specification of a minimum number of points (minPts) needed to form a cluster.8 A 

distinctive feature of HDBSCAN is its ability to designate points that do not meet the density criteria of any 

cluster as noise. This characteristic aligns well with the structure of standard industry classifications, such as 

the “miscellaneous amusement and recreation services” category in JSIC, which groups firms that do not clearly 

belong to any specific subindustry. While the presence of noise points can enhance the stability of the resulting 

clusters by excluding ambiguous cases, an excessive number of such points may indicate that the clustering fails 

to capture the underlying structure of the data. 

The number of clusters generated in each data pane is also a key indicator. Significant fluctuations in 

cluster count across time may suggest instability in the cluster structure, potentially due to frequent events of 

cluster absorption, splitting, disappearance, or emergence. Moreover, the number of clusters should remain 

within a reasonable range. In the case of Japan’s entertainment industry, six subindustries are defined in the 

JSIC.9 

Panel A of Table 3 presents the number of clusters and the proportion of noise points for each data pane 

when UMAP and HDBSCAN are applied to a dataset excluding unstable financial ratios. When the parameter 

minPts is set in the range of 10 to 20, the minimum number of clusters across the data panes is about 5 to 7, 

which is roughly consistent with the number of subindustries in the JSIC. Approximately 10 to 20% of noise 

points are observed overall, with the tendency for the number of noise points to be minimized when minPts is 

set to 15. 

 

=== Table 3 === 

 

Panel B of Table 3 shows the results when UMAP and HDBSCAN are applied to a dataset including 

unstable financial ratios. When minPts is set to 15 or 20, the noise rate is nearly the same as in the case without 

unstable financial ratios. However, in all cases, the number of clusters decreases to 2 in the 2021-22 data pane. 

This suggests that time-series noise introduced by unstable financial ratios may prevent adequate cluster 

identification in the final data pane. Additionally, the time-series stability of the cluster structure appears 

questionable, making the results less reliable. 

Panel C of Table 3 presents the results when Principal Component Analysis (PCA) is applied for 

diagonalization, followed by clustering using all principal components with HDBSCAN on a dataset excluding 

unstable financial ratios. This approach does not involve dimensionality reduction, and by using all principal 

components obtained from PCA, information loss is avoided. However, considering the structural constraints 

 
8 For consistency in clustering, it is desirable to keep the minPts parameter consistent across all data panes. The use of a sliding 
window method for the MONIC data panes helps suppress variations in sample size between data panes and maintain the consistency 
of minPts. 
9 While there are technically seven subindustries, one corresponds to “miscellaneous amusement and recreation services,” which 
conceptually matches the noise category in HDBSCAN. 
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that reflect the non-linear relationships between financial ratios and unlevered beta, applying a linear 

transformation such as PCA may fail to capture the non-linear manifold structure effectively. In fact, when 

minPts is set to 10 or higher, the number of clusters in one of the data panes becomes 0, with all points classified 

as noise. Even when minPts is set to 5, the number of clusters decreases to 2 to 3, and the noise rate in the final 

data pane reaches 45%, indicating extreme instability in the cluster structure.  

Based on the above analysis, we focus hereafter on the results obtained by applying UMAP to the dataset 

excluding unstable financial ratios and performing HDBSCAN clustering with minPts set to 10, 15, or 20. 

Panels A, B, and C of Figure 3 respectively present the MONIC-based tracking results for the clusters generated 

under each of these minPts settings. For MONIC, we set the survival threshold 𝜏survive to 0.25 and the split 

threshold 𝜏split to 0.05.10 

 

=== Figure 3 === 

 

From Panel A of Figure 3, we observe that the cluster structure under the setting of minPts = 10 undergoes 

highly complex changes. In particular, the clusters that eventually connect to C71 and C72 repeatedly split and 

merge. A major issue with this parameter setting is the presence of cluster groups—such as those connecting to 

C76—that consist of many clusters but fail to link with any group in the initial period. Given the nature of the 

entertainment industry as a relatively mature industry, it is unlikely that entirely new business models would 

emerge rapidly during the observation period. Thus, such discontinuities in cluster structure are more plausibly 

interpreted as artifacts of inappropriate clustering. Based on the intuition from Figure 2, we expect cluster 

transitions to be more stable over time, suggesting that the minPts = 10 setting may fail to produce meaningful 

clusters. 

Panel B of Figure 3 shows that the cluster structure with minPts = 15 is temporally more stable. Among 

the eight clusters present in the initial period, two disappear midway, while four continue without merging or 

splitting. The remaining two merge in the second period and remain stable until the final period. In total, five 

dynamic cluster groups can be tracked from the initial to the final period, which is consistent with the six 

subindustries defined in the JSIC classification. 

Panel C of Figure 3 displays the case with minPts = 20, which also yields a stable clustering structure 

similar to the minPts = 15 case. However, one issue is the disappearance of the cluster group descended from 

C16, which had otherwise remained stable. In this case, four cluster groups are traceable from the initial to the 

final period. 

Overall, the minPts = 15 setting achieves the best balance between temporal stability of cluster structures 

and alignment with intuitive expectations. Indeed, when treating all clusters that cannot be tracked from the 

initial to the final period as noise, the rate of noise points across all time periods are 0.42, 0.10, and 0.20 for 

 
10 Given our data pane configuration, even a perfect match between clusters in adjacent data panes would yield an overlap ratio of 
approximately 0.50. Considering potential changes in business models among firms near cluster boundaries, as well as sample 
replacement in the Corporate Enterprise Statistics Survey, we regard an overlap ratio of around 0.25 as sufficient to treat clusters 
across adjacent data panes as continuous. Furthermore, when clusters undergo division, many data points near their boundaries tend to 
be labeled as noise. Therefore, even if a cluster splits into 2 or 3 subgroups, using a substantially lower split threshold than 0.25—such 
as 0.05—enables finer detection of such transitions. 
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minPts = 10, 15, and 20, respectively. 

In the case of the minPts=15 parameter setting, we define dynamic cluster groups based on their 

continuity from the initial to the final period. Group A starts with cluster C11 in the initial period and ends with 

cluster C71 in the final period. Similarly, group B starts from C12; group C from C13, C14, and C45; group D 

from C16; and group E from C18.11 Table 4 reports the average values of key financial ratios for each of these 

groups. 

 

=== Table 4 === 

 

We summarize the results in Table 4 along two dimensions: capital/labor intensity and operating leverage. 

The former is related to the structural parameters 𝜙௜, 𝜅௜, 𝛾௜, and 𝜁௜, which exert fixed effects on the weight terms 

of capital and labor betas (𝑎௜,௧ି1
௄  and 𝑎௜,௧ି1

௅ ), while the latter corresponds to 𝜔௜, which influences these weights 

in proportion to sales 𝑆௧ constructed from combinations of capital and labor input. Although these are only 

relative indicators, groups A, D, and E tend to be more capital-intensive, whereas groups B and C tend to be 

more labor-intensive. Similarly, groups A, B, and E are characterized by relatively low operating leverage, while 

groups C and D exhibit higher operating leverage. 

Table 5 summarizes the financial characteristics of JSIC-defined subindustries based on the 2015 

Economic Census. Evaluated along the two axes—capital/labor intensity and operating leverage—the 

fundamental subindustries defined by JSIC and the statistical subindustries derived from our framework 

correspond approximately as follows: Group A and Group E align with Amusement and Race; Group B with 

Park; Group C with Cinema and Sports; and Group D with Performance.12  It should be noted that these 

correspondences are based on relative groupings in terms of financial characteristics, rather than on definitional 

alignment with JSIC categories.  

 

=== Table 5 === 

 

Taken as a whole, this section demonstrates that our framework effectively captures stable structural 

differences in risk exposures based on financial ratios across firms through clustering. In the following section, 

we analyze the correspondences between the fundamental and statistical subindustries using time-series 

information. 

 
11 A small number of firms (only two across the entire period) belong to multiple groups. For analytical convenience, we assign them 
to the group in alphabetical order. Assigning them differently, or weighting them equally across groups, does not qualitatively affect 
the results. 
12 “Cinema” and “Performance” denote cinemas, and performances (except otherwise classified) and theatrical companies in JSIC, 
respectively. Similarly, “Race” denotes bicycle, horse, motorcar and motorboat racetrack operations and companies and “Sports” 
denotes sports facilities. “Park” and “Amusement” denote public gardens and amusement parks, and amusement and recreation 
facilities in JSIC, respectively. 
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6. Discussion 

Due to the anonymity of the FSSC, evaluating the results obtained in the previous section is quite 

challenging. Here, we explore an evaluation method that takes advantage of the quarterly financial data, a key 

strength of the FSSC. Currently, we have access to data covering 32 periods, from the second quarter of 2015 

to the first quarter of 2023, based on Japan's fiscal year calendar. While this data is not suitable for analyzing 

complex time-series models with many parameters, it is sufficient for verifying relationships within the data 

using a very simple time-series model. 

Next, we perform an analysis using impulse response functions. The sales-to-total-assets ratio from the 

dynamic cluster group obtained in the previous section is denoted as 𝑥௜௧  for 𝑖 ൌ 𝐴,𝐵, … ,𝐸, and the Tertiary 

Industry Activity Index for the six subindustry groups within the entertainment industry is denoted as 

𝑦௝௧  for 𝑗 ൌ 1, … ,6. To isolate the effects specific to each subindustry, we first calculate the residuals 𝑢௜௧
௫  by 

regressing 𝑥௜௧  on the average sales-to-toral assets 𝑥̅௧  for each firm, and 𝑢௜௧
௬   by regressing 𝑦௜௧  on the overall 

industry activity index 𝑦ത௧. For various combinations of 𝑖 and 𝑗, we estimate a VAR model with the residuals 

ቀ𝑢௜௧
௫ ,𝑢௝௧

௬ቁ
ୃ

 and compute the impulse response functions. The results are presented in Figure 4. 

 

=== Figure 4 === 

 

Figure 4 suggests a time-series relationship between group A and Amusement, and between group D and 

Performance. Although no significant relationships are observed at the same point in time, a significant positive 

hump-shaped relationship is observed in the subsequent period. Notably, a positive hump-shaped relationship, 

although not significant, is observed between group B and Park, and between group C and Cinema in the 

subsequent period. These relationships are similar to the results of the matching based on financial ratios 

evaluated along the two axes of capital/labor intensity and operating leverage, as discussed in the previous 

section.  

Subsequently, we analyze the impact of the COVID-19 shock and its adjusted trends. Specifically, we 

compare the sales-to-total-assets ratio in the dynamic cluster groups with the Indices of Tertiary Industry 

Activity at the subindustry level. The decomposition of the COVID-19 shock impact and the shock-adjusted 

trends is performed using a local linear trend model.  

The model is expressed as follows: 

𝑧௧ ൌ 𝜇1,௧ ൅ 𝜃௧ ൅ 𝜓௧𝐷௧ ൅ 𝜖௧ , ሺ17ሻ 

𝜇1,௧ ൌ 𝜇1,௧ି1 ൅ 𝜇2,௧ି1 ൅ 𝜂1,௧ , ሺ18ሻ 

𝜇2,௧ ൌ 𝜇2,௧ି1 ൅ 𝜂2,௧ , ሺ19ሻ 

𝜃௧ ൌ െ𝜃௧ି1 െ 𝜃௧ି2 െ 𝜃௧ି3 ൅ 𝜉௧ , ሺ20ሻ 

𝜃2,௧ ൌ 𝜃1,௧ି1 ሺ21ሻ 

𝜃3,௧ ൌ 𝜃2,௧ି1 ሺ22ሻ 

𝜓௧ ൌ 𝜓1,௧ି1 ൅ 𝜈௧ , ሺ23ሻ 
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where 𝑧௧ represents the sales-to-total-assets ratio from the dynamic cluster groups and the Indices of Tertiary 

Industry Activity at the subindustry level. Equation (17) linearly decomposes 𝑧௧  into a level trend (𝜇1,௧ ), 

seasonality (𝜃௧), time-variant COVID-19 shock (𝜓௧), and noise (𝜖௧). 𝐷௧ is a dummy variable equal to 1 from 

the second quarter of 2020 onward and 0 otherwise. Equation (18) further decomposes the level trend into its 

previous level, slope of the trend (𝜇2,௧ି1), and noise (𝜂1,௧). Equations (20), (21), and (22) captures the quarterly 

seasonality, while Equation (23) models the time-variant COVID-19 shock. All noise terms are assumed to be 

normally distributed such as 𝜖௧~𝑁ሺ0,𝜎ఢ2ሻ, 𝜂1,௧~𝑁ሺ0,𝜎ఎ,1
2 ሻ, 𝜂2,௧~𝑁ሺ0,𝜎ఎ,2

2 ሻ, 𝜉௧~𝑁ሺ0,𝜎క
2ሻ, and 𝜈௧~𝑁ሺ0,𝜎ఔ2ሻ. 

We estimate these equations for both fundamental and statistical subindustries. Figure 5 presents the 

estimated impacts of the COVID-19 shock, 𝜓෠௧𝐷௧. The shock appears to have had a more prolonged effect on 

groups B, C, and D, as well as on the subindustries Cinema, Park, and Performance. In terms of the relative 

magnitude of the shock, group B corresponds to Park, group C to Cinema, and group D to Performance. By 

contrast, the impacts were relatively short-lived for groups A and E, and for the Amusement and Sports 

subindustries. In terms of the trajectory of shock impacts, group A shows a pattern similar to those of 

Amusement and Sports, suggesting that it may include firms from both subindustries. Group E and the Race 

subindustry exhibit notably different dynamics compared to the others, making them more difficult to interpret 

without further analysis.13 Overall, these correspondences are consistent with earlier findings based on financial 

ratio-based matching and dynamic clustering results. 

 

=== Figure 5 === 

 

Figure 6 presents the shock-adjusted trends 𝜇̂1,௧  for groups A through E and their corresponding 

subindustries in the Indices. A clear upward trend is observed for groups C and D, as well as for the Cinema, 

Performance, and Race subindustries. Among these, group D and Performance exhibit the strongest growth, 

whereas the trends for group C, Cinema, and Race are somewhat more moderate. In contrast, a noticeable 

downward trend can be observed for group A and the Amusement and Sports subindustries. The Park 

subindustry requires careful interpretation, as it may still be affected by residual COVID-19 shock components. 

Nevertheless, a downward trend can be observed even prior to the pandemic, followed by a subsequent upward 

trend in the post-pandemic period—a pattern that is also observed in group B. Taken together, these observations 

reinforce the plausibility of the proposed correspondence between statistical and fundamental subindustries, 

further validating the stability and interpretability of our clustering results. 

 

=== Figure 6 === 

 

Finally, we demonstrate the validity of our framework by analyzing its relationship with ticket sales 

data from Pia Corporation. Pia mainly handles ticket sales related to live entertainment events, and the total 

settlement amount for Pia tickets is well-suited to capture core trends in the entertainment industry. By 

 
13 Both group E and Race contain relatively few firms, which likely contributes to greater statistical noise and hinders straightforward 
interpretation. 
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examining the time-series relationship between the sales-to-total-assets ratios of the five dynamic cluster 

groups derived from our framework and the ticket sales data, we assess whether our classification effectively 

captures movements in the “live” entertainment industry. 

Figure 7 presents the impulse response functions from total ticket sales 𝑝௧ to 𝑥௜௧.
14  We find that among 

the groups identified by our framework, groups B, C, and D exhibit significantly positive responses to 𝑝௧, with 

groups C and D in particular showing especially strong sensitivities. This indicates that these groups are 

highly responsive to fluctuations in ticket sales, suggesting that they possess (sub)industrial characteristics 

closely tied to live entertainment demand. Consistent with our earlier discussion, group C and group D can be 

interpreted as corresponding to Cinema and Performance, respectively, which aligns well with the primary 

focus of the tickets sold by Pia. 

 

=== Figure 7 === 

7. Conclusion 

We propose a simple theoretical framework that links financial ratios to unlevered beta and use its 

implications to classify broader industry groups into subindustry groups based on a set of stable financial 

indicators. Since our approach is applicable to anonymized datasets, such as official government statistics, it is 

particularly well-suited for fine-grained classification in industries with a high prevalence of unlisted firms. 

To illustrate the utility of our method, we apply it to Japan’s entertainment industry. The analysis shows 

that the five dynamic clusters identified through statistical classification closely correspond to groups with 

similar financial characteristics and temporal dynamics. The former is supported by comparisons with 

subindustry-level data from the Economic Census, which, although conducted only once every four to five years, 

provides a valuable benchmark for financial traits across subindustries. The latter is demonstrated by aligning 

the trajectories of sales-to-total-assets ratios within our dynamic clusters with those of the Tertiary Industry 

Activity Index for corresponding subindustries in the entertainment industry, as well as with the Pia ticket 

settlement index, which reflects broader ticketing trends in the industry. These results suggest that our method 

not only captures structural differences across subindustries but also replicates their distinct behavioral patterns 

over time. 

While our framework offers a practical and flexible approach to industry classification, further validation 

is needed. Future research should compare the performance of our unsupervised method with supervised 

learning techniques to evaluate its robustness and applicability across different industries. 

 
14 The data used in this study are based on the total settlement amount of Pia tickets provided by Pia Research Institute, indexed by 
dividing by the value in a designated base period. Ticket settlements are typically made several months prior to the actual events, and 
the figures may be retrospectively adjusted in the case of cancellations and refunds. Therefore, to proxy the demand trends for live 
entertainment, it is necessary to apply a one-quarter lag. In addition, to eliminate seasonal effects, all variables are smoothed using 
annual averages. 
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Figures and Tables 

Figure 1 Comparison of the impact of unstable variables 

 

Note: Since personnel expense-related data cannot be obtained from the securities reports of Japanese companies, the 

analysis uses only the variables from Table 1 that exclude those related to personnel expenses. 

Source: authors' calculation. 

 

Figure 2 Kernel density of the data 

 
Source: authors' calculation, using Surveys for the Financial Statements Statistics of Corporations by Industry (Ministry of 

Finance). 
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Figure 3 Monitoring dynamic clustering with MONIC 

Panel A: Case of minPts=10 

 
 

Panel B: Case of minPts=15 

 
 

Panel C: Case of minPts=20 

 

Note: Cij means the j-th cluster in the i-th data pane. 

Source: authors' calculation, using Surveys for the Financial Statements Statistics of Corporations by Industry (Ministry of 

Finance). 
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Figure 4 Impulse response 

 

Note: The horizontal axis indicates the impulse variable, and the vertical axis indicates the response variable. The shaded 

gray areas represent 95% confidence intervals based on 300 bootstrap replications. 

Source: authors' calculation, using Surveys for the Financial Statements Statistics of Corporations by Industry (Ministry of 

Finance). 
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Figure 5 Dynamics of COVID-19 shock coefficient 

 

 

Note: The shaded gray areas represent 95% confidence intervals. 

Source: authors' compilation, using Surveys for the Financial Statements Statistics of Corporations by Industry (Ministry 

of Finance). 
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Figure 6 Dynamics of shock-adjusted trends 

 

 
Note: The shaded gray areas represent 95% confidence intervals. 

Source: authors' compilation, using Surveys for the Financial Statements Statistics of Corporations by Industry (Ministry 

of Finance). 

 

Figure 7 Impact from Live Entertainment Industry 

 
Note: The shaded gray areas represent 95% confidence intervals. 

Source: authors' compilation, using data for total ticket sales index from PIA Research Institute, and Surveys for the 

Financial Statements Statistics of Corporations by Industry (Ministry of Finance). 
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Table 1 Selection of time-series variables 

 

Notes: ** and * denote significance at the 1% and 5% levels, respectively, based on the Welch test for no difference from 

the previous year. COGS, SG&A, PP&E, and I&OA represent “cost of goods sold,” “selling, general and administrative 

expenses,” “property, plant and equipment,” and “investments and other assets,” respectively. Avg. CS CV refers to the 

average cross-sectional coefficient of variation. 

Source: authors' calculation, using Surveys for the Financial Statements Statistics of Corporations by Industry (Ministry of 

Finance). 

 

Table 2 Membership probability under UMAP parameters 
 excluding unstable variables including unstable variables 

minPts UMAP1 UMAP2 UMAP3 UMAP4 UMAP1 UMAP2 UMAP3 UMAP4 

10 0.249 0.159 0.296 0.208 0.295 0.225 0.330 0.295 

20 0.260 0.162 0.470 0.237 0.233 0.171 0.377 0.284 

30 0.389 0.131 0.473 0.191 0.227 0.202 0.519 0.294 

40 0.378 0.093 0.445 0.153 0.198 0.349 0.558 0.242 

50 0.340 0.160 0.433 0.220 0.156 0.291 0.518 0.410 

60 0.270 0.179 0.380 0.231 0.360 0.299 0.268 0.378 

70 0.281 0.130 0.319 0.225 0.315 0.276 0.347 0.376 

80 0.245 0.191 0.291 0.200 0.318 0.247 0.299 0.346 

90 0.202 0.112 0.264 0.178 0.295 0.244 0.265 0.316 

100 0.193 0.102 0.236 0.155 0.310 0.251 0.259 0.291 

Note:  The minimum distance (min_dist) is set to 0.10 for UMAP1 and UMAP2, and to 0.01 for UMAP3 and UMAP4. 

The number of neighbors (n_neighbors) is 10 for UMAP1 and UMAP3, and 50 for UMAP2 and UMAP4. The minPts 

parameter refers to the minimum number of points in HDBSCAN. 

Source: authors' calculation, using Surveys for the Financial Statements Statistics of Corporations by Industry (Ministry of 

Finance). 
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Table 3 Dynamic clustering and noise 

 

 

 
Note: Clusters and Noise represent number of clusters and the rate of noise points, respectively. 

Source: authors' calculation, using Surveys for the Financial Statements Statistics of Corporations by Industry (Ministry of 

Finance). 
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Table 4 Financial characteristics of dynamic cluster groups 

 
Note: Core Revenue Ratio refers to the proportion of entertainment-related revenue to total revenue. N denotes the 

number of firms belonging to the dynamic cluster group. 

Source: authors' calculation, using Surveys for the Financial Statements Statistics of Corporations by Industry (Ministry 

of Finance). 

 

Table 5 Financial characteristics of fundamental subindustries 

 
Notes: “Cinema” and “Performance” denote cinemas, and performances (except otherwise classified) and theatrical 

companies in JSIC, respectively. Similarly, “Race” denotes bicycle, horse, motorcar and motorboat racetrack operations 

and companies and “Sports” denotes sports facilities. “Park” and “Amusement” denote public gardens and amusement 

parks, and amusement and recreation facilities in JSIC, respectively. 

Source: authors' calculation, using Economic Census for Business Activity (Ministry of Internal Affairs and 

Communications). 
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