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Motivation

• Similar firms differ in productivity (Syverson, 2011).

• Diff. b/w firms at the 10%tile and 90%tile ≃ 200%.

• Why?

• Observably similar firms are heterogeneous in unobservables.

• We focus on Organizational Capital (OC).
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What is Organizational Capital?

• OC is one of the intangible assets (Crouzet et al., 2022).

• First proposed as accumulated info. (Prescott and Visscher, 1980).

• Four properties of OC based on Dessein and Prat (2022):

1. affects firm performance;

2. changes slowly over time;

3. being intangible, not perfectly observable; and

4. produced inside the firm by the top management.

• An umbrella term for many things (Cai et al., 2025a):
management practices, relational contracts, corporate culture, FSHC, etc.
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Research Questions

Main RQ: How can we measure firms’ organizational capital?

• Can we measure it from publicly available data?

• Do we see different patterns of OC in Japan vis-à-vis US?

• What is the scalable and comparable way of measuring OC?
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Contribution

• Measure OC in Japan (cf. Kambayashi et al., 2021).

• Replicate CPY.

• Develope a general measurement protocol/pipeline.
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Literature

Prior work on OC:

• OC as internally accumulated knowledge (Prescott and Visscher, 1980).

• A dynamic firm model with OC (Dessein and Prat, 2022).

• Measuring OC using Glassdoor data (Cai et al., 2025a).

Related concepts:

• Intangible capital (Crouzet et al., 2022; Corrado et al., 2022).

• Corporate culture (Kreps et al., 1990; Hermalin, 2012; Gorton et al., 2022).

• Management practices (Bloom and Van Reenen, 2007).

• CEO behavior (Bandiera et al., 2020).
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Literature

Measuring intangibles:

• Corporate culture w/ employee surveys (Guiso et al., 2015).

• Corporate culture w/ executive surveys (Graham et al., 2022).

• Corporate culture w/ ML + employee reviews (Li et al., 2021).

• Customer capital w/ LLM + financial statements (He et al., 2024).

• OC w/ LLM/ML + Glassdoor data (Cai et al., 2025a).
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Literature

Measuring abstracts w/ ML:

• Worker rights (Arold et al., 2025).

• Non-wage amenities (Sockin, 2022; Cai et al., 2025b).

• work2vec (Bana, 2022).

• Geoeconomic pressure (Clayton et al., 2025).

8 / 51



Cai, Prat, and Yu (2022)

• CPY measure OC using Glassdoor employee reviews.

• CPY method:

1. Apply tokenization (Bird, 2006).

2. Identify bigrams (Řehůřek and Sojka, 2010).

3. Apply word embedding (Mikolov et al., 2013).

4. Generate representative vectors of OC.

5. Compute cosine similarity b/w real reviews and rep. vec.

6. Aggregate similarity measures at the firm-year level.
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An Example of Glassdoor Employee Reviews

Figure 1: An Example of Glassdoor Employee Reviews
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CPY Method: Tokenization

Tokenization is the process of breaking down a stream of text into
individual units called “tokens” (usually words).
Example: “Management is great, but pay is low!”

• Step 1: Remove punctuation and convert to lowercase.
→ “management is great but pay is low”

• Step 2: Split the sentence into a list of words.
→ [management, is, great, but, pay, low]
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CPY Method: Bigrams
• A bigram is a pair of consecutive tokens (two adjacent words)

that are treated as a single unit.

• If a pair is frequent enough (e.g., appears at least 10 times in
the full dataset), we merge it into one token.

Example:
▶ Review A: “Strong human capital due to training.”
▶ Review B: “We invest in human capital.”

Tokenized corpus:

[strong, human, capital, due, to, training, we, invest, in]

After bigram detection (appears ≥ 10 times):

[strong, human_capital, due, to, training, we, invest, in]
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CPY Method: Word Embedding

• Word embedding maps each token (words and detected
bigrams) into a numeric vector.

• Distributional hypothesis: a token’s meaning is reflected by
the words that tend to appear around it.

• word2vec learns embeddings via a self-supervised
word-prediction task using local context windows.

• To make training efficient and informative, we also create
negative pairs by sampling random tokens that did not appear
nearby, and train the model to score those pairs low.

• Implementation in CPY: word2vec on pre-processed reviews;
vector size = 300; window size = 5 (five tokens on each side);
20 iterations.
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OC Measures (Seed Word-Based)

Identify key words that capture the essence of OC (Dessein and Prat, 2022):

• human capital,

• culture,

• relationship,

• intangible,

• management.

Refer these words as seed words.
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OC Measures (Seed Word-Based)

• Let vs be the embedding vector of seed word s.

• (s ∈ {human capital, culture, relationship, intangible,management.)

• Define the representative vector vR as follows:

vR =
1
5

5∑
s=1

vs.

• Let v be the embedding vec. of any token in the corpus.

• For all v, compute the cosine similarity w/ the rep. vec.:
v · vR

∥v ∥∥vR∥
.

15 / 51



OC Measures (Seed Word-Based)

• Select the top 500 vectors (v1, · · · , v500) based on v ·vR
∥v ∥∥vR∥ .

• Call this set of words as the expanded dictionary for OC.

• Let D denote the set of words in the expanded dictionary.

• Index each employee review by r.

• Let B pros
r be the set of tokens in the Pros section of review r.

• and B cons
r be the set of tokens in the Cons section of review r.
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Figure 2: The Expanded Dictionary (Top 50 out of 500)
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OC Measures (Seed Word-Based)

Compute
Scoreprosr =

∑
b∈B pros

r

1{b ∈ D} vb · vR
∥vb∥∥vR∥

,

and
Scoreconsr =

∑
b∈B consr

1{b ∈ D} vb · vR
∥vb∥∥vR∥

.
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OC Measures (Seed Word-Based)

Let Ri,t be the set of emp. rev. written about firm i in year t.

The seed word-based measure of OC is defined as:

OCSeed Word
i,t =

1
|Ri,t|

∑
r∈Ri,t

Scoreprosr − 1
|Ri,t|

∑
r∈Ri,t

Scoreconsr . (1)
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CPY Method: OC Measures (ChatGPT-Based)

• Ask ChatGPT to generate synthetic employee reviews.

• 100 rev. that are emblematic of strong OC.

• 100 rev. that are emblematic of weak OC.
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Figure 3: Prompt Given to ChatGPT
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Figure 4: Examples of Synthetic Employee Reviews (Strong OC)
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Figure 5: Examples of Synthetic Employee Reviews (Weak OC)
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CPY Method: OC Measures (ChatGPT-Based)

• Tokenize those 200 synthetic employee reviews.

• Let Rs be the set of 100 synthetic positive emp. rev.

• Let Rw be the set of 100 synthetic negative emp. rev.

• Let Br be the set of tokens in review r.

• Define

vs =
1

|Rs|
∑
r∈Rs

(
1

|Br|
∑
b∈Br

vb

)
,

vw =
1

|Rw|
∑

r∈Rw

(
1

|Br|
∑
b∈Br

vb

)
.
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CPY Method: OC Measures (ChatGPT-Based)

• Consider an arbitrary real emp. rev. r.

• Let B pros
r be the set of tokens in the Pros section of r.

• Let B cons
r be the set of tokens in the Cons section of r.

• Define
v pros

r =
1

|B pros
r |

∑
b∈B pros

r

vb,

v cons
r =

1
|B consr |

∑
b∈B consr

vb.
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CPY Method: OC Measures (ChatGPT-Based)

• Define
Simpros

r =
v pros

r · vs
∥v pros

r ∥∥vs∥
,

Simcons
r =

v cons
r · vw

∥v consr ∥∥vw∥
.
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CPY Method: OC Measures (ChatGPT-Based)

Let Ri,t be the set of emp. rev. written about firm i in year t.

The ChatGPT-based measure of OC is defined as:

OCChatGPT
i,t =

1
|Ri,t|

∑
r∈Ri,t

Simpros
r − 1

|Ri,t|
∑

r∈Ri,t

Simcons
r . (2)
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CPY’s Findings

• Slow-moving & firm-specific: Firm fixed effects explain
>20% of variation, consistent with organizational capital
evolving gradually.

• CEO-driven: CEO fixed effects explain 35% of variation,
highlighting strong top-management influence.

• Performance link: Higher organizational capital is associated
with higher ROA, ROE, and market-to-book ratios.

• Beyond SG&A: Text-based measures add explanatory power
beyond SG&A-capitalized organizational capital.

• CEO dynamics: Increases with CEO tenure, falls after CEO
turnover, and is lower with frequent CEO changes.
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Our goal

• To develop a scalable measures à la Cai et al. (2025a).

• Ideally, one that can also work for other data and languages.

• Follow the CPY method as much as possible.

• Hopefully, this admits comparability to a certain degree.

• Our goal is to develop and validate measures of OC.

• Our goal is NOT to provide causal estimates.
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Data

• Use employee reviews provided by OpenWork.

• OpenWork is the most popular emp. rev. website in Japan.

• Period: 2015-03-01 to 2025-10-31. (10+ years)

• Target firms: Listed companies in Japan & their subsidiaries.

• # of employee reviews: 604,298.

• # of unique firms: 9,591.

• Avg. # of reviews per firm-year: 9.50

• (Other variables sourced from NEEDS FinancialQUEST.)
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An Example of OpenWork Employee Reviews

Figure 6: An Example of OpenWork Employee Reviews
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Measurement Strategy

The challenge in implementing the CPY method is twofold:

• OpenWork reviews are written in Japanese.

• OpenWork reviews have a different format.

We use the LLM to :

• Translate OpenWork reviews to English.

• Label sentences as positive, negative, or neutral components.
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LLM-Based Translation/Classification

We give the following prompt to GPT-5 Nano:

You are an information extraction system.

TASK:
Translate the following employee review written in Japanese
into English WITHOUT summarizing.

Classify the translated content into three categories
ABOUT THE COMPANY:

1. Pros: Positive statements about the company.

2. Cons: Negative statements about the company.

3. Neutral: Descriptive or factual statements about the
company that are neither positive nor negative.
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LLM-Based Translation/Classification

Figure 7: An Example of the LLM-Based Conversion
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Expanded Dictionary
Table 1: Top 50 words in the Expanded Dictionary

Rank Word Similarity Rank Word Similarity

1 culture 0.728 26 spirit 0.438
2 relationship 0.612 27 relationships 0.437
3 atmosphere 0.568 28 ethos 0.431
4 hierarchy 0.565 29 approach 0.426
5 climate 0.534 30 environment 0.420
6 organizational_structure 0.529 31 customer-first_mindset 0.419
7 temperament 0.524 32 relations 0.418
8 mindset 0.520 33 hierarchies 0.409
9 organization 0.518 34 strict_hierarchy 0.407
10 management 0.517 35 management_layer 0.406
11 mentality 0.514 36 absolute_authority 0.400
12 governance 0.500 37 rapport 0.399
13 attitude 0.484 38 posture 0.398
14 pyramid_structure 0.481 39 bottom-up_approach 0.395
15 stance 0.473 40 logic 0.394
16 vibe 0.471 41 senior-junior_hierarchy 0.393
17 structure 0.470 42 upper_management 0.393
18 vertical_hierarchy 0.463 43 customer-centric_approach 0.391
19 rigid_hierarchy 0.455 44 alignment 0.391
20 tradition 0.455 45 discipline 0.389
21 top-down_approach 0.454 46 autocratic_leadership 0.389
22 leadership 0.450 47 parent-subsidiary_relationship 0.388
23 communication 0.445 48 collaboration 0.386
24 image 0.442 49 family-like_atmosphere 0.384
25 character 0.438 50 job-for-life 0.384
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LLM-Generated Employee Reviews

Figure 8: Examples of Positive Synthetic Employee Reviews
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LLM-Generated Employee Reviews

Figure 9: Examples of Negative Synthetic Employee Reviews
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Descriptive Statistics: Time Variation

Figure 10: Time Variation in Average Organizational Capital
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Variance Decomposition

Table 2: Variance Decomposition of Organizational Capital

No. Fixed Effects OC (Seed Word) OC (ChatGPT)

1 Year Fixed Effects 0.2% 0.8%
2 Industry Fixed Effects 4.2% 4.2%
3 Industry Fixed Effects + Year Fixed Effects 4.3% 5.1%
4 Industry × Year Fixed Effects 21.2% 21.4%
5 Firm Fixed Effects 25.2% 23.5%
6 Firm Fixed Effects + Year Fixed Effects 25.3% 24.3%
7 CEO Fixed Effects 32.8% 31.8%
8 CEO Fixed Effects + Year Fixed Effects 32.8% 32.5%
9 CEO–Firm Fixed Effects 32.8% 31.8%
10 CEO–Firm Fixed Effects + Year Fixed Effects 32.9% 32.5%

Notes: Each entry reports the overall R2 from a regression of organizational capital on the listed fixed
effects only (no covariates). Values are shown as percentages.
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Validating the Measures

• Check whether they behave as they are supposed to.

• OC exhibits four properties (Dessein and Prat, 2022):

1. OC affects firm performance.

2. OC changes slowly over time.

3. Being intangible, OC is not perfectly observable.

4. OC must be produced at least partly inside the firm with
the active participation of the firm’s top management.
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Validating the Measures: Firm Performance

Estimate the following equation:

yi,t = β0 + β1OCi,t + X ′
i,tγ + ηm(i ) + εi,t. (3)

• yi,t = ROA or P/B ratio of firm i in year t.

• OCi,t = OC measure of firm i in year t.

• Xi,t = A vec. consisting of the log of total asset and firm age.

• ηm = Industry fixed efffect for industry m.

• m(i ) = Industry of firm i.

• Industry = two-digit JSIC.
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Table 3: Organizational Capital and Firm Performance (ROA)

Dependent variable: ROA (%)

OC (Seed) 0.576***
(0.100)

OC (ChatGPT) 0.540***
(0.099)

OC (Avg.) 0.795***
(0.123)

OC (Seed, %) 0.017***
(0.003)

OC (ChatGPT, %) 0.021***
(0.003)

OC (Avg., %) 0.027***
(0.004)

log(Total Assets) 0.711*** 0.707*** 0.699*** 0.708*** 0.701*** 0.692***
(0.116) (0.117) (0.117) (0.116) (0.117) (0.116)

Firm Age -0.045*** -0.044*** -0.044*** -0.045*** -0.044*** -0.044***
(0.007) (0.007) (0.007) (0.007) (0.007) (0.007)

Observations 23,918 23,613 23,613 23,918 23,613 23,613
R2 0.216 0.216 0.217 0.215 0.217 0.218
Industry-Year FEs Yes Yes Yes Yes Yes Yes

Notes: Standard errors clustered at the firm level are in parentheses. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.
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Table 4: Organizational Capital and Firm Valuation (P/B Ratio)

Dependent variable: P/B Ratio

OC (Seed) 0.095∗
(0.055)

OC (ChatGPT) 0.075
(0.053)

OC (Avg.) 0.129∗
(0.067)

OC (Seed, %) 0.005∗∗
(0.002)

OC (ChatGPT, %) 0.002
(0.002)

OC (Avg., %) 0.005∗∗
(0.002)

log(Total Assets) -0.174*** -0.176*** -0.178*** -0.177*** -0.176*** -0.180***
(0.046) (0.047) (0.046) (0.046) (0.046) (0.046)

Firm Age -0.037*** -0.038*** -0.037*** -0.037*** -0.037*** -0.037***
(0.003) (0.004) (0.004) (0.003) (0.004) (0.004)

Observations 24,063 23,757 23,757 24,063 23,757 23,757
R2 0.188 0.188 0.189 0.189 0.188 0.189
Industry-Year FEs Yes Yes Yes Yes Yes Yes

Notes: Standard errors clustered at the firm level are in parentheses. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.
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Application: CEO Turnover and OC

• To showcase an application.

• Estimate the dynamic effects of CEO turnover on OC:

OCi,t =
3∑

k=−3
βk (CEO Turnover)i,t−k + αi + τt + X ′

i,tγ + ξi,t.
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Application: CEO Turnover and OC

Figure 11: Event Study of CEO Turnover
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Conclusion

• The measures seem to work well, exhibiting predicted patterns.

• OC is associated with ROA and P/B ratio (weaker than CPY).

• To do: Replicate other results of Cai et al. (2025a).

• Takeaway 1: OC seems to matter in Japan.

• Takeaway 2: Using LLMs, we can measure various concepts.
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