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Abstract 

Existing studies show that regulation is a major barrier to global economic integration. 
Nonetheless, identifying and measuring regulatory barriers remains a challenging task 
for scholars. I propose a novel approach to quantify regulatory barriers at the country-
year level. Utilizing information from annual reports of publicly listed companies 
in the U.S., I identify regulatory barriers business practitioners encounter. The barrier 
information is first extracted from the text documents by a cutting-edge neural lan-
guage model trained on a hand-coded training set. Then, I feed the extracted barrier 
information into a dynamic item response theory model to estimate the numerical bar-
rier level of 40 countries between 2006 and 2015 while controlling for various channels 
of confounding. I argue that the results returned by this approach should be less likely 
to be contaminated by major confounders such as international politics. Thus, they are 
well-suited for future political science research.
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Introduction
Regulations have drawn increasing attention from policymakers in recent years. The 
World Trade Organization (WTO) identifies regulatory barriers as the most salient 
obstacle to economic globalization in the past decade.1 Researchers show that regula-
tions have become a powerful tool wielded by multinational firms to protect their spe-
cial interests (Büthe and Mattli 2011; Carpenter and Moss 2013; Gulotty 2020; Perlman 
2019; Kennard 2020). Nonetheless, due to the complexity of regulatory regimes, under-
standing the causes and effects of regulatory barriers often turn out to be very challeng-
ing. The obstacle is especially pronounced when scholars attempt to study regulatory 
barriers systematically. Regulations vary considerably by country. It is generally infeasi-
ble to assess how stringent regulations are by studying their texts, as understanding texts 
of regulations requires in-depth knowledge of the operation of an industry in a specific 
country. To make things worse, the distributional effects of regulations are often so sub-
tle that researchers cannot tell who the winners and losers are by only reading the texts. 
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For example, rules on automobile parts in a country are applied to all auto manufactur-
ers, domestic or foreign. Yet, the impact of such regulations is far from uniform across 
auto manufacturers. To a large extent, the difficulty of identifying and measuring regu-
latory barriers has limited the research progress in that area. In this paper, I propose a 
novel approach to measuring regulatory barriers at the country-year level. Leveraging on 
the information included in the annual reports of U.S. public companies, I build an origi-
nal database of observed regulatory barriers and use it to estimate the barrier level of 
each country with a dynamic two-level item response theory model. This new approach 
helps us reveal new empirical patterns that are previously unobservable to scholars.

My main source of information comes from the United States Securities and Exchange 
Commission (SEC). SEC requires all U.S. public firms to disclose information about 
their operation in their annual reports (i.e., 10-K forms). The annual reports submitted 
to SEC are much more detailed than the annual reports published to share information 
with the firms’ shareholders2. Specifically, federal laws require every public firm to list 
all major factors that may adversely impact their performance in their 10-K forms. For 
that reason, companies that are subject to regulatory barriers are required to report their 
encountered difficulties. This valuable information provides us with the knowledge that 
we otherwise would not know: whether a firm is adversely affected by specific regula-
tions. As explained by Kennard (2020), regulations do not evenly affect all firms in an 
industry; instead, it is usually the case that rules can tilt the playground in favor of some 
firms but against others. It is almost impossible for scholars to tell how the “playground” 
is tilted without acquiring any information from the “players” (i.e., firms). Thus, the 
information on the adverse impacts of regulations included in the firms’ 10-K forms can 
be valuable for researchers.

To quantify the level of regulatory barriers for each country, I first convert the infor-
mation in these reports into a well-structured dataset using text processing techniques. 
Then, I build a dynamic item response theory model to estimate the level of regulatory 
barriers at the country-year level. I believe that this new approach contributes to our 
existing knowledge in the following aspects: 

1. Compared with traditional survey-based measurement, my approach can be easily 
extended to include more countries for a longer time period. More importantly, it 
can estimate the entry-deterrence effects of regulations under reasonable assump-
tions. Gulotty (2020) argues that one of the major effects of regulations is entry-
deterrence: large firms advocate more stringent industry standards to forestall new 
firms from entering by raising the fixed cost of operation. For example, increasing the 
quality standard of a product will increase the cost of production, which can elimi-
nate small producers and deter other small firms from entering the market. However, 
existing survey-based measurements only survey firms that are active in the market 
and hence cannot estimate the entry-deterrence effects. In addition, due to the cost 
of running surveys, the coverage of existing survey measurements is far from ideal. 
For example, the NTM Business Surveys run by the International Trade Commis-

2 Detai led expla natio ns on 10- Ks

https://www.sec.gov/fast-answers/answers-form10khtm.html
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sion only cover around 25 countries which do not include large countries such as the 
United States, China, Japan, Germany, South Korea, India, and many others.3

2. The proposed approach is more micro-founded than data collected by international 
organizations, such as the Special Trade Concerns (STCs) Report data compiled by 
WTO. Members/Observers of WTO can raise STCs against other countries if they 
find laws and regulations in other countries discriminatory. Scholars use whether a 
country is subject to STCs to measure whether the country imposes any regulatory 
barriers. However, it is well documented that the behaviors of countries in WTO are 
shaped by political concerns (Davis 2012). The STCs records are very likely to be out-
comes of both domestic regulations and international politics. It is then problematic 
if scholars of political science use it to study countries’ political behaviors. However, 
the firm-level information in the annual reports is less susceptible to international 
and domestic political factors. For that reason, my proposed measurement should be 
better suited for studies in political science.

3. Existing work has shown promising progress in estimating non-tariff barriers to 
trade (e.g., Cooley (2019); Martini (2020)). The proposed approach complements 
their contributions by adding information about barriers to foreign direct investment 
and operations of foreign subsidiaries.

My research directly addresses the recent political and economic shifts in Asia and 
beyond. Ever since the initiation of the U.S.-China trade war in 2018, there has been a 
notable surge in governmental discrimination against foreign companies. The U.S. gov-
ernment has consistently accused the Chinese authorities of imposing unjust regulatory 
measures on American firms, a claim that the Chinese government vehemently denies. 
However, assessing the extent of discrimination by the Chinese government against for-
eign firms is a complex task, especially given the diverse range of foreign entities oper-
ating in China. Relying solely on reports from a selective sample of companies may 
introduce bias, hindering a comprehensive understanding of China’s foreign investment 
landscape. This paper aims to fill this gap and offer crucial insights into this matter. Spe-
cifically, the proposed measurement seeks to quantify how U.S. companies perceive their 
treatment by the Chinese government and compares this treatment across major global 
economies. In my analysis, I did not find systemic evidence supporting the notion that 
Chinese regulatory regimes consistently bias against U.S. firms when comparing China 
with other countries. The reported levels of regulatory barriers faced by U.S. companies 
in China appear to be on par with those encountered in major European economies such 
as Germany and France. This evidence significantly contributes to our comprehension of 
the U.S.-China relationship, paving the way for the development of new frameworks in 
this evolving era of international relations.

Lastly, this paper does not aim to provide a theoretical argument or answer a causal 
question. However, I humbly believe that my attempt to construct a informative meas-
urement servers as the foundation for future theory-building or causal identification. 
As I have mentioned previously, a significant obstacle if not the single most damaging 

3 They claim to have surveyed the EU, but I cannot find the data anywhere on their website at the time of writing this 
paper
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obstacle for research in regulatory politics is the lack of high-quality data. This exercise, 
despite being flawed, showcases a potential pathway for future research. My hope is not 
for this single paper to perfectly solve a long-lasting academic problem, however, I wish 
that it can inspire more innovative work to tackle this problem.

Information in 10‑K forms
The U.S. federal securities laws require public companies to disclose information on 
an ongoing basis. All U.S. public firms must submit annual reports, a.k.a. form 10-K, 
which provides a comprehensive overview of the company’s business and financial con-
dition. In the 10-K forms, a company must offer a detailed description of its main prod-
ucts or services, major subsidiaries, relevant regulations, major competition, and any 
possible risks associated with its business. Therefore, the 10-K forms contain informa-
tion on a comprehensive set of regulatory barriers observed by international business 
practitioners.

To better illustrate the type of information included in 10-K forms, I will present some 
examples here. Many firms report that they have encountered restrictive laws or regula-
tions in certain countries: 

1. A wholesale drug company Nu Skin Enterprises reports in their 2006 10-K form: 
“laws and regulations in Japan, Korea and China are particularly restrictive and dif-
ficult.”

2. A farm machinery producer Deere & Co reports that: “recent industry and regula-
tory changes have negatively impacted John Deere’s competitive position in the 
potential high growth Russian markets during the fiscal year.”

3. An ophthalmic goods producer Cooper Companies INC claims that: “we have dif-
ficulty gaining market share in countries such as Japan because of regulatory restric-
tions and customer preferences.”

4. A medical equipment producer Immucor Inc states that: “in addition to the U.S., 
Europe, Canada and Japan, there are multiple countries worldwide that also impose 
regulatory barrier to market entry.”

5. An insurance company Gerova Financial Group Ltd claims that “The Chinese and 
Vietnamese governments have imposed regulations in various industries, including 
the leisure and hospitality and financial services industries, that would limit foreign 
investors equity ownership or prohibit foreign investments altogether in companies 
that operate in such industries.”

6. A software company Versant Corp reports that they are faced with “burdens of com-
plying with a variety of foreign laws, including more protective employment laws 
affecting our sizable workforce in Germany”.

7. A technology company Kenexa Corp reports their concerns about the intellectual 
property issues: “Further, the laws of some countries, and in particular India, where 
we develop much of our intellectual property, do not protect proprietary rights to the 
same extent as the laws of the United States.”

8. A technology company National Instrument Corp reports the difficulties of doing 
business in Hungary: “In response to significant and frequent changes in the corpo-
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rate tax law, the unstable political environment, a restrictive labor code, the volatility 
of the Hungarian forint relative to the U.S. dollar and increasing labor costs, we have 
doubts as to the long term viability of Hungary as a location for our manufacturing 
and warehousing operations.”

It is evident from these examples that reporting regulatory barriers in 10-K forms 
is a common practice among firms. However, one may question whether reporting 
the existence of regulations is a good indicator of the firm being adversely affected 
by them. In other words, the presence of regulations does not necessarily imply 
whether they constitute barriers for firms. To address this concern, I present three 
more examples to show that the information on regulations included in the annual 
reports is in fact related to the distributional effects of regulations. 

1. In 2005, China passes a regulation that mandates all truck manufacturers to install 
electrical throttle to reduce emission. This piece of regulation obviously affects all 
major truck producers serving the Chinese market. Cummins, a U.S. based natural 
gas engines producer who has joint ventures in China, reports in their 10-K form 
that “These (earning) increases were partially offset by decreased earnings from 
DCEC (one of Cummins’ joint venture in China) of $7 million due to reduced 
demand in China’s truck market in response to regulatory changes.” It is quite evi-
dent that the operation of Cummins is harmed by the newly implemented regulation. 
However, in the same year, another U.S. based automobile parts manufacturers, Wil-
liams Control, found the new regulation an opportunity rather than a hurdle. In their 
10-K form, they reported: “Increases in off-road volumes in China primarily results 
from adoption of more stringent emissions standards, which mandate the inclusion 
of electronic throttle controls on new vehicles, thus allowing us to expand our cus-
tomer base in this market.” We can immediately tell from this two pieces of informa-
tion that Cummins is the loser of the new regulation while Williams Control is the 
winner.

2. Still in 2005, a cosmetic and fragrance producer Inter Parfums reports that the exist-
ing regulations in France have little effect on their operation: “our fragrances that are 
manufactured in France are subject to certain regulatory requirements of the Euro-
pean Union, but as of the date of this report, we have not experienced any material 
difficulties in complying with such requirements.”

The cases presented above demonstrate what these firms report is closely related 
to how they are affected by the reported regulations. If a firm finds a law positively 
impacts their business, they will have strong incentives to report it truthfully since 
their 10-K forms are made available to all shareholders. Meanwhile, if a firm encoun-
ters a harmful regulatory barrier, it may or may not want to share it with the public, 
but federal laws make it mandatory for them to disclose that piece of information. 
For these reasons, I argue that firms’ annual reports are both informative and truth-
ful, which makes them ideal sources for studies of regulatory politics.
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The truthfulness of 10‑K forms

I will further justify the 10-Ks truthfulness in the subsection, as the plausibility of my 
proposed barrier index crucially depends on the information accuracy.

Since 10-K forms can significantly impact a firm’s stock market performance, one may 
be suspicious about the authenticity of its information. The scrutiny is especially war-
ranted when we evaluate how firms report their encountered regulatory barrier, due to 
the inherent ambiguity of regulations. In this section, I would like to establish the reli-
ability of 10-Ks by providing more substantive information on how public companies 
write these reports and how SEC enforces the disclosure requirements. Hopefully, read-
ers can be more assured about using 10-Ks as a data source.

Public firms have two main concerns when writing the annual reports: 1) they are 
concerned with the shareholders instituting legal actions against them for financial loss 
resulting from undisclosed issues, and 2) the punishment from SEC if found guilty of 
hiding information. For example, In 2013, stockholders sued a company called Dole 
Foods for failure to disclose positive information. In the end, the judge found the com-
pany guilty of unfairly keeping the stock price down.4 In this monitoring process, the 
shareholders serve as a “fire alarm” that forces the public firms to disclose any positive 
and negative information honestly (McCubbins and Schwartz 1984).

In addition to shareholders’ monitoring efforts, the SEC also actively takes measures to 
ensure the company’s annual reports’ authenticity. After firms submit their 10-K forms, 
the SEC staff will review the submissions to monitor and enhance companies’ compli-
ance with the requirements. If the review process finds the disclosed information defi-
cient in explanation or clarity, the SEC staff will provide comments for a company to 
resolve the issues. Moreover, the SEC has made disclosure of qualitative information 
(such as the risk factor subsection) a focus of its corporate filing reviews (Campbell et al. 
2014; Brown et al. 2018). From 2013 to 2017, the chairman, Mary Jo White emphasized 
the effectiveness of information disclosure which urged firms to include more relevant 
qualitative information in their disclosures.

In reality, the SEC also imposes significant punishment on firms that fail to disclose 
crucial information. Facebook, for example, is expected to pay $100 million for making 
misleading disclosures regarding their user privacy policy.5 The SEC’s complaint alleges 
that Facebook failed to disclose its risk of a data breach even after it had discovered the 
misuse of its users’ information in 2015.

The above evidence suggests that the SEC is well aware of the issue of dishonest 
reporting and has taken a series of actions to enforce the filing requirement. According 
to a study by Brown et al. (2018), firms improve their filling quality after the SEC issues 
comments to them during the review process.

For these reasons, public firms usually utilize two strategies to minimize the legal 
risks: 1) they timely add issues that might adversely affect their operation in the annual 
reports, and 2) once added, the issues are rarely removed from a future version of the 
reports. I argue that these two features make the annual reports ideal for measuring reg-
ulatory barriers. First, it is very costly for public firms to misreport in the annual reports. 

4 See a report
5 Facebook to Pay $100 Million for Misleading Investors About the Risks It Faced From Misuse of User Data: link

https://www.edgarlawfirm.com/blog/2019/08/two-reasons-corporation-shareholders-sue/
https://www.sec.gov/news/press-release/2019-140
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Thus, as researchers, we should be confident in the information quality. Second, the 
reluctance of firms to remove negative issues from the report makes it easier to interpret 
the reported barrier. Barrier estimates based on the reported barrier information can 
be viewed as cumulative regulatory barriers instead of the change in regulatory barrier 
levels. As a result, the 10-K forms can be beneficial for international political economy 
research.

Text processing
To quantify the information in the annual reports, I need to identify instances where a 
firm reports being adversely affected by a specific piece of regulation. The text in annual 
reports is not well-structured: different firms have different reporting formats. In addi-
tion, the annual reports often contain several hundred pages of text filled with technical 
terms. Thus, converting the annual reports to a well-structured dataset is challenging.

In this paper, I adopted the following strategy to create a feasible data processing pipe-
line, which combined a dictionary-based method with supervised learning: 

1. First, I break each report into sentences by using a regular expression.
2. Second, I select sentences using a dictionary of regulation-related words: “regulation, 

regulator, regulatory, law, standard, quota, approval, policy, intellectual property, 
requirement, permit, license”. In addition, I filter out sentences that do not contain a 
country name.

3. Next, I randomly sample 3,846 sentences for human coding, with the help of two 
research assistants. Each research assistant independently labeled half of the training 
instances, while I manually validate a random sample of the annotated instances. If 
the sentence clearly indicates that the firm is adversely affected by a regulation, the 
sentence is coded as “1” (i.e., positive). Otherwise, the sentence is coded as “0” (i.e., 
negative).

4. Finally, I train a neural network model to predict the rest of the corpus. If a report 
contains any sentence the model predicts to be positive, I code the entire document 
as the firm reporting barriers in that country.

This strategy is a balance between accuracy and feasibility. Annotating annual reports 
with human coders is almost impossible, as the reports are too long and highly technical. 
However, the task is greatly simplified if we only code specific sentences instead of the 
entire report. Admittedly, filtering the document with a dictionary of regulation-related 
words introduces (unmeasurable) errors. We leave improving the text processing pipe-
lines to future research.

Training a prediction model capable of dealing with complex sentence structures with 
a limited sample size is the next challenging task. In this paper, I choose a state-of-the-
art neural language model, “BERT”, to perform this task. “BERT” is a neural language 
model pre-trained by scientists at Google (Devlin et al. 2018). It is designed to under-
stand the context of a sentence and predict the appropriate words suitable for the con-
text. The model is trained on a vast corpus that includes the entire Wikipedia (2,500 
million words) and BookCorpus (800 million words. As a result, “BERT” is a powerful 
tool for most text classification tasks.
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I train a classifier on my sample of 3,846 sentences using “BERT” as the underlying 
workhorse model (i.e., fine-tuning). The training sample includes 3,486 sentences, while 
I leave the other 400 sentences as the test set. After training, the model returns satisfac-
tory prediction accuracy: among the 400 test sentences, the results are:

Since the training set has very few positive examples (i.e., only a few sentences con-
tain information on regulatory barriers), monitoring both the false positive and nega-
tive rates is crucial. In the sparse prediction task, a model that blindly returns “0” can 
still achieve seemingly perfect accuracy simply because the number of positive examples 
accounts for a tiny proportion of the training set. Fortunately, my model performs well 
in distinguishing positive and negative examples, illustrated by the low false negative 
rate. As shown in Table 1, both the false positive rate and the false negative rate are less 
than 15%, demonstrating that the model refrains from blindly assigning “0”.

Using the fine-tuned BERT as the machine reader, I assign 0 or 1 to all sentences in 
the corpus. If any sentence in an annual report is predicted to be positive, I classify the 
example as the firm reporting regulatory barriers. Then, I extract the country names by 
comparing the text with the list of all country names. The final data contains a matrix of 
I firms and N countries over T years. The problem, however, is to aggregate information 
from the firm-country-year triad level to the country-year dyad level, as we need to com-
pare regulatory barrier levels both across country and across time. A naive approach is 
to take the mean reporting level at the country-year level, but such an approach requires 
strong assumptions that are unsubstantiated by theories. Therefore, I use a widely-
accepted latent factor model to estimate regulatory barriers, a similar solution to that 
used by Hollyer et al. (2014).

The statistical model
Setup

The statistical model aims to assign a scalar-valued index to each country in each year 
while accounting for major firm and country heterogeneity. I propose to use an item 
response theory model to estimate this quantity of interest, a popular model often used 
in estimating ideological positions of legislators (Clinton et  al. 2004) but has become 
increasingly popular in studies of international relations (e.g., Hollyer et al. (2014); Bailey 
et al. (2017)).

First, I convert the firm reported barrier into a well-structured dataset (Table 2). In a 
given year t, we have a I × J  matrix {Uijt} with i ∈ {1, 2, 3, · · · , I} and j ∈ {1, 2, 3, · · · , J } , 
where I indexes the total number of firms in the sample and J indexes the number of 
countries:

Table 1 Model Performance: Confusion Matrix

Actual True Actual False

Predicted True 44 48

Predicted False 6 302

False Positive Rate 0.12

False Negative Rate 0.137

Total Error Rate 0.135
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The term Uijt can take three possible values:

I assume that each country j has a regulatory barrier level θjt in year t that is observable 
to firms but is not to researchers. Each firm-country dyad (i, j) in year t has two dyadic 
characteristics: an entry cutoff αE

ij  and a reporting cutoff αR
ij , for which I will provide a 

more detailed exposition later. The observed firm behavior Uijt is a function of the coun-
try barrier level θjt and the dyad-specific reporting and entry cutoffs. Note that the cut-
offs are time-invariant, a strong assumption to avoid the model identification problems.

The intuition behind such a setup is straightforward. Each firm i observes the regula-
tory barrier level of country j in year t (i.e., θjt ) and chooses an action. The reporting and 
entry cutoffs capture the firms’ tolerance level of a country’s barrier. The concept of tol-
erance is an abstraction from firms’ real-world calculations, which often include market 
size, cultural similarity, and geographical distance. Because firms’ decisions are affected 
by a multitude of factors, I wrap any factors that shape firms’ decisions but are not com-
ponents of a country’s regulatory barriers into the tolerance terms, to alleviate concerns 
of omitted variables bias caused by firm and country heterogeneity.

Specifically, if a country’s barrier level is higher than a firm’s entry tolerance cutoff (i.e., 
αR
ij ), the firm will not operate in that country; if, on the other hand, the country’s bar-

rier level is below the firms’ entry tolerance cutoff but higher than the reporting toler-
ance cutoff, the firm will enter the country but report the barrier in their annual reports; 
lastly, if the country’s barrier level is lower than both the entry and reporting cutoff level, 
the firm will operate in that country and no barrier reporting will be witnessed in the 
annual reports. To fix ideas, I will provide a formal explanation of this logic later in this 
section.

For ease of exposition (and model estimation), I define a random latent firm-country 
barrier level U∗

ijt:

That is, each firm i perceives the barrier level of country j in year t as slightly differ-
ent. The random disturbance ǫijt captures any idiosyncrasies at the firm-country-year 
level. Readers can interpret the errors as factors that are unobservable to researchers but 
affect firms’ perception of countries’ regulatory barriers. Following the practice in the 
scaling literature, I assume that the disturbance term follows a standard normal distribu-
tion N (0, 1).

Uijt =

3 firm i does not enter country j in year t
2 firm i enters country j AND reports barrier in year t
1 firm i enters country j AND does not report barrier in year t

U∗
ijt = θj,t + ǫijt

Table 2 Data Structure

Country 1 Country 2 · · · Country J

Firm 1 U11t U12t · · · U1Jt

Firm 2 U21t U22t · · · U2Jt

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

Firm I UI1t UI2t · · · UIJt
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Each firm i compares the latent firm-country barrier level U∗
ijt with its entry and 

reporting cutoffs and chooses an action according to the following decision rule:

• If country j’s latent barrier level is higher than firm-country (i.j)’s dyadic entry cutoff 
(i.e., U∗

ijt > αE
ij  ), firm i will not enter country j (i.e., Uijt = 3).

• If country j’s barrier level is lower than (i,  j)’s entry cutoff but the barrier level is 
higher than the dyad’s reporting cutoff (i.e., αE

ij > U∗
ijt > αR

ij , firm i will enter country 
j but report encountering barrier (i.e., Uijt = 2).

• If country j’s barrier level is lower than the dyad (i,  j)’s reporting cutoff (i.e., 
U∗
ijt ≤ αR

ij ), firm i will enter country j and not report any barrier (i.e., Uijt = 1).

Note that the implicit assumption is that the entry cutoff is greater than the reporting 
cutoff (i.e., αE

ij > αR
ij).

Since barrier level U∗
i,j,t and θjt is unobservable to researchers, the proposed approach 

leverages the connection between regulatory barrier and firms’ entry and report behav-
iors to make inference about the barrier level. It is worth noting that the model will 
interpret a firm not entering a country as a signal of prohibitive regulatory barriers after 
taking the firms’ tolerance level into account. This is admittedly the strongest assump-
tion of the model, as it fails to distinguish between a country being unattractive and a 
country imposing a significant entry barrier. I try to address this concern by only includ-
ing the most globally active U.S. firms, which I will explain in detail in the next subsec-
tion. Nonetheless, readers should be cautious when interpreting the results.

This model can be translated into a statistical model by noting the relationship 
between the theoretical model and our observed data.

Denote the set of {θj,t} as � and the set of {αE
ij } and {αR

ij } as αE and αR . Let U denote the 
observed data and U∗ the augmented data. Then, we can write the full data likelihood 
with data augmentation as:

where φθjt (·) denotes the probability density function of N (θjt , 1).
The high dimensionality of the model poses a considerable challenge for efficient esti-

mation. Therefore, I propose a Gibbs sampler with a Kalman filter to achieve optimal 
estimation performance. Existing political science and economics studies have demon-
strated the superiority of such an estimation strategy over a generic Gibbs sampler or a 
Metropolis-Hastings sampler (Martin and Quinn 2002; West and Harrison 2006), as it 
efficiently utilizes the time series information.

Uijt =











1 if U∗
ijt ≤ αR

ij

2 if αR
ij < U∗

ijt ≤ αE
ij

3 if U∗
ijt > αE

ij

L
(

�,αE ,αR|U ,U∗
)

=

T
∏

t=1

J
∏

j=1

I
∏

i=1

[

I
(

Uijt = 1,U∗
ijt ≤ αR

ij

)

+ I
(

Uijt = 2,αR
ij < U∗

ijt ≤ αE
ij

)

+I
(

Uijt = 3,U∗
ijt > αE

ij

)]

· φθjt

(

U∗
ijt

)
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Posterior

Recall that the model aims to calculate the mean barrier level for each country in each 
year. We can obtain the desired quantity by calculating the mean of each parameter’s 
posterior distributions.

First, priors distributions are necessary for calculating the posterior distributions,

Priors are designed to capture our existing knowledge of these parameters. Since we 
lack information on the possible values of these parameters, I choose diffuse priors 
with large variances. However, it is worth noting that the likelihood function has flat 
regions that can not be distinguished using only the data. Specifically, it is equally 
likely for the model to assign a large positive number (e.g., 100) or a small negative 
number (e.g., −100 ) to a country’s barrier level, as we did not provide information 
to the model about whether a positive number signifies a higher barrier level or a 
negative number does. To overcome this issue, I set semi-informative priors for two 
countries in the sample: Russia’s barrier level is positive while Singapore’s is negative. 
It tells the model that a positive number entails a higher barrier level than a negative 
one, as Russia has a higher level of barriers than Singapore to U.S. firms, according to 
anecdotal evidence.

Next, using the priors, I sample the augmented data U∗
ijt from its conditional 

distribution:

the notation N(a,b) denotes a truncated normal distribution on the support of (a, b). This 
is the standard data augmentation step for models with latent variables (Albert and Chib 
2017).

After sampling the latent barrier U∗
ijt , I sample the reporting cutoffs αR

ij  from its pos-
terior distribution.

Note that the product of T indicator functions truncate the prior distribu-
tion p(αR

ij |α
E
ij ) and only allows it to have positive densities over the interval 

[max(U∗
ijt |Uijt = 1), min(U∗

ijt|Uijt = 2)) . Analogously, the posterior distribution of 
αE
ij  is proportional to the prior distribution p(αE

ij |α
R
ij ) truncated on the interval 

[max(U∗
ijt |Uijt = 2), min(U∗

ijt |Uijt = 3)).

αR
ij |α

E
ij ∼ N(−∞,αEij )

(

0, 52
)

αE
ij |α

R
ij ∼ N(αRij ,∞)

(

0, 52
)

θj,0 ∼ N
(

0, 52
)

p(U∗
ijt |U ,�,αE ,αR) =











N(−∞,αRij ]
(θjt , 1) if Uijt = 1

N(αRij ,α
E
ij ]
(θjt , 1) if Uijt = 2

N(αEij ,∞)(θjt , 1) if Uijt = 3

f
(

αR
ij |U ,U∗

,�,αE
)

= L
(

�,αE
,αR|U ,U∗

)

· p
(

αR
ij |α

E
ij

)

∝

T
∏

t=1

[

I
(

Uijt = 1,U∗
ijt ≤ αR

ij

)

+ I
(

Uijt = 2,αR
ij < U∗

ijt ≤ αE
ij

)]

· p
(

αR
ij |α

E
ij

)
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To sample the barrier level θjt , we need to define its evolution probability. That is, how 
a country’s barrier level fluctuates across years. In this paper, I model the state transition 
as a random walk:

where δjt follows a normal distribution N
(

0, σ 2
)

 . I fix the variance term σ 2 a priori as 
1 for identification. However, it is worth noting that the variance term σ smoothes the 
barrier level across years because the degree to which an estimated θjt shrinks back to 
the prior mean is inversely proportional to the variance of the disturbance term δjt . For 
example, if a country’s barrier level is completely independent of one another across 
years, or in other words, the barrier is not sticky at all, the disturbance variance would be 
infinity. Thus, fixing it as 1 assumes a sticky regulatory barrier.

Finally, we sample the quantity of interest θjt from the full conditional posterior distri-
bution f

(

�|αR,αE ,U ,U∗
)

 . A naive Gibbs Sampler approach requires sampling θjt con-
ditional on θj,t−1 , which fails to incorporate the sticky evolution process and is hence 
inefficient. Literature has demonstrated that sampling highly correlated parameters with 
Gibbs Sampler can also lead to difficult-to-converge chains (Martin and Quinn 2002). To 
improve estimation, I adopt the Kalman filter to sample the entire times series at a time 
rather than sampling from the component by component conditional distributions (i.e., 
sample the entire time series θj,k , k ∈ {1, 2, · · · ,T } instead of each θjt at a time). For ease 
of exposition, I omit the description of the forward-filtering and backward-sampling 
procedure.

One major weakness of this approach is that it cannot provide a regulatory barrier 
estimate for the U.S. because firms that file 10-K forms are U.S. firms. The U.S. is the 
home country for these firms, while any other country in which they operate is the host 
country. By definition, these firms must enter the U.S. market. And it is reasonable to 
argue that the data generating process is very different for the home and host countries. 
For these reasons, I exclude the U.S. from my analyses.

Data and results
Data

My primary data source is the 10-K forms published by the U.S. Security and Exchange 
Commission (SEC). Since the model cannot distinguish between 1) a firm does not seek 
market entry and 2) the regulatory barrier is too restrictive for a firm to enter, the con-
founding effect of preference undermines the interpretability of the results. Although 
the proposed model accounts for time-invariant unobserved dyadic heterogeneity (e.g., 
an energy company always prefers natural resource abundant countries), yearly fluctua-
tions in global economic/political conditions and firms’ financial performance may still 
bias my results. I partially circumvent this thorny issue by excluding 1) countries that 
host very few U.S. firms and 2) firms that have minimal international commercial activi-
ties. In essence, I aim to construct a sample in which firms’ preferences can be viewed 
as constant so that any variation in firm behaviors must be due to the changing barrier 
levels.

θj,t = θj,t−1 + δjt
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As a result, I adopt the following exclusion criteria:

• I exclude countries that more than 95% of firms in my sample never entered. These 
are mostly African countries.

• I only include the top 1500 firms that are most active in the international market 
between 2006 and 2015. A firm is deemed more active if it consistently operates in 
more countries.

The period of my focus is between 2006 and 2015. The 10-K database used in this 
paper is compiled by Loughran and McDonald (2016), which covers 10-K reports 
from 1993. At the time of download in 2019, I excluded years after 2015 to avoid 
potential backfiling issues. Years before 2006 are also excluded to reduce computa-
tional complexity, as information from that period is relatively outdated.

After cleaning, I have a sample of 853 firms and 40 countries. Because I only keep 
firms that are consistently in the sample between 2006 and 2015, the number of firms 
drops from 1500 to 853.

Results

Figure 1 presents the temporal change in the estimated barrier level for four countries 
(Brazil, Canada, China, Japan); however, readers can find the entire list of estimated 
barrier levels in the Appendix. Since the four chosen countries have close economic 
connections with the U.S., examining their estimated barrier level is a preliminary 
test for the estimates’ plausibility.

Among the four countries, Canada has the lowest barrier level consistently. Recall 
that the estimates draw information from the U.S. firms’ entry and reporting deci-
sions. In the case of Canada, it demonstrates that more U.S. firms enter Canada, but 
fewer of them report barriers when compared with the three other countries. It is 

Fig. 1 Temporal Change in Regulatory Barrier (Brazil, Canada, China, Japan)
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worth noting that the number of U.S. firms that report encountering barriers in Can-
ada may still exceed the other three countries. Yet, Canada’s barrier level is still esti-
mated to be lower because the number of firms operating in Canada can be much 
higher than in other countries.

Compared to the other three countries, China also displays a relatively low barrier 
level, which is counter-intuitive, as many U.S. firms report encountering barriers in 
China in my datasets. Again, this result should be driven by the large number of U.S. 
firms operating in China. However, the estimated difference in barrier level between 
China and Canada is still considerable, even though both countries host many U.S. 
firms. Thus, I believe that the model aggregates the firms’ entry and reporting infor-
mation in a consistent and reasonable manner.

The estimates show a sharp jump in the barrier level across all countries from 2006 
to 2007, suggesting a global shock in 2007. Among the four countries, the jump is 
the largest for Canada, followed by Brazil, China, and Japan. It is difficult to pinpoint 
the cause of the jump using only the information from the dataset. However, I offer 
some suggestive evidence regarding the possible causes. In 2006, there were 2,305 
incidences of barrier reporting, while that number increased to 2,636 in 2007, a 14.4% 
increase. A plausible reason could be the 2007-2008 global financial crisis which 
should impact the regulatory barrier levels globally. It appears that more U.S. firms 
had financial difficulties in 2007 than in 2006. For example, here is a list of statements 
on bankruptcy in the 2007 10-Ks, whose number increases by 20% from 2006 to 2007:

• “Some of our current and former international customers, particularly automobile 
manufacturers in Europe and Japan, were reluctant to do business with us while 
we underwent chapter 11 bankruptcy.”

• “The proposed transaction is subject to approval by the United States Bankruptcy 
Court, receipt of required regulatory approvals, finalizing the definitive purchase 
agreement for Akzo Nobel’s Crystex.”

Still, it is worth emphasizing that more systemic analyses are required to understand 
the financial crisis’s effect on the observed barrier level jump.

Figure  2 presents a cross-country comparison of the estimated regulatory barrier 
level. Each cell in the heat map is the barrier difference between a pair of countries 
labeled by the axis ticks. The country’s barrier level is the average of its levels across 
years. Specifically, a negative value in the cell signifies that the country represented by 
the Y axis (i.e., party 1) has a lower barrier level than that on the X axis (i.e., party 2). 
It can be observed that the row of Canada is the bluest among all, which shows that 
Canada has the lowest average barrier level among all countries.

Similarly, India, Germany, and France also display significantly lower barrier levels 
than other countries on average. On the other hand, Philippines, Norway, and New 
Zealand have relatively higher barriers than other countries on average. On the other 
hand, China has a medium level of barriers compared with the rest of the world.

Figures 1 and 2 serve as preliminary validation tests of the estimated barrier. How-
ever, more rigorous results are needed to establish the accuracy and consistency of 
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the proposed index. Thus, I present several statistical analyses in the next section, 
which compare and contrast my index with other popular measurements in the field.

Validation
Special Trade Concerns (STCs)

Gulotty (2020) has shown in his book that the special trade concerns (STCs) data, and 
more specifically, the technical barrier to trade (TBT) data collected by the World Trade 
Organization (WTO) can inform researchers of the regulatory barrier levels of major 
economies in the world.

As I briefly explained in the introduction section, my proposed index can be superior 
to the STC-TBT data in two major aspects:

• Gulotty (2020) noted that: “the choice to raise a foreign regulation as an STC is as 
much a political process as the choice to impose the regulation in the first place.” 
Thus, the STC-TBT data is likely to be heavily influenced by international politics. 
This concern is challenging to eliminate but can be fatal for researchers who study 
the correlation between regulatory barriers and international relations. However, 
my estimated barrier is less susceptible to such a concern as it is unlikely that inter-
national politics may shape an individual firm’s decision to report in their annual 
reports.

Fig. 2 Pairwise Comparison of Countries’ Average Barrier Level
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• It is known that STC-TBT data tend to target larger markets, as governments need to 
balance the cost of filing an STC complaint and its benefit on the domestic economy 
(Fontagné and Orefice 2018; Gulotty 2020). Therefore, the observed STC-TBT report 
distribution is heavily skewed along the market size dimension: countries with larger 
market sizes are more likely to be included in STC reports than their smaller coun-
terparts, even if they have the same barrier level. Admittedly, my index cannot elimi-
nate the contaminating effect of market sizes. Still, by accounting for time-invariant 
dyadic-specific confounders, the proposed index should address the concern more 
satisfyingly.

I conduct two validation analyses to compare the STC-TBT data and my proposed 
index. First, I normalize the STCs count that a country is subject to and its estimated 
barrier by subtracting their mean and dividing by the standard deviation. Then, I take 
the difference between these two data at the country level and plot the difference 
against the market size of the countries, measured by GDP. The result is presented 
in Fig. 3a. The horizontal axis shows the log GDP of each country: countries with a 

Fig. 3 Comparison with STC count and FDI Regulatory Restrictiveness Index
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large GDP are placed more on the right. The vertical axis is the normalized difference 
between the STCs count and the estimated barrier level: a negative value shows that 
my estimated barrier level is lower than the normalized STCs count. We observe that 
the difference is more pronounced in countries with large market sizes. More specifi-
cally, the barrier level measured by my index is consistently lower than that measured 
by the STCs count among countries with large market sizes. On the contrary, the two 
measurements align quite well among small countries. These findings are consistent 
with the observation that the STC-TBT data often inflate the barrier level of large 
economies. The proposed index suffers less from such a weakness.

Next, I regress my estimated barrier level on the count of STC-TBT reports filed 
against each country between 2006 and 2015. Parameters with a p-value less or 
equal to 0.05 are statistically significant.  Column (1), (2), and (3) in Table  3 display 
the regression results. The bi-variate regression between the proposed index and the 
STCs count returns a negative coefficient. However, the coefficient becomes positive 
after accounting for country, year fixed effects, and GDP/GDP per capita. Although 
the positive correlation fails to achieve statistical significance, the results nonetheless 
corroborate my claims on the contaminating effect of market sizes and the weakness 
of the STC-TBT data.

OECD FDI regulatory restrictiveness index

Next, I compare my barrier index with the popular OECD FDI Regulatory Restrictive-
ness Index (Koyama et al. 2006; Kalinova et al. 2010). The index covers four types of 
regulatory measures: (1) foreign equity restrictions, (2) screening and prior approval 
requirements, (3) rules for key personnel, and (4) other restrictions on the operation 
of foreign enterprises. In this analysis, I use the aggregate index at the country-year 
level.

Table 3 Regression Analyses of STCs, FDI Restrictiveness Index and the Estimated Barrier

Signif. Codes:a: 0.01,b: 0.05

Estimated Barrier

 Model: (1) (2) (3) (4) (5) (6)

STCs Count -0.0967a 0.0375 0.0386

(0.0230) (0.0349) (0.0351)

FDI Restrictiveness Index -0.3421 -4.702a -6.371a

(0.3014) (0.9352) (1.541)

Log GDP 0.4774 -0.5753b

(0.6072) (0.2855)

Log GDP pc -0.4406 0.4051

(0.5846) (0.2491)

Year � � � �

Country � � � �

Fit statistics

Observations 400 400 310 231 231 203

R2 0.04266 0.72868 0.69764 0.0056 0.69117 0.68889
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First, I plot log GDP against the normalized difference between FDI regulatory 
restrictiveness index and the estimated barrier (Fig.  3b). There is a slight negative 
relationship between the average difference and log GDP, similar to what we observe 
in the STC-TBT case. China, India, and Canada are still among the countries that 
enjoy a considerable negative difference. That is, my proposed index assigns a sig-
nificantly lower barrier level than the FDI regulatory restrictiveness index. However, 
the observed negative correlation is much less pronounced than it is in the STC-TBT 
case, which suggests that the FDI regulatory restrictiveness index captures issues that 
differ from what STC-TBT capture.

I proceed to regress my estimated barrier index on the FDI regulatory restrictiveness 
index and report the results in column (4), (5), and (6) in Table 3. However, it is surpris-
ing that the coefficients of the FDI restrictiveness index are consistently negative, sug-
gesting a strong negative correlation between my proposed barrier estimates and the 
restrictiveness index. The negative relationship persists even after accounting for market 
sizes and country/year idiosyncrasies. It shows that countries with a higher FDI regula-
tory restrictiveness index are often associated with a lower regulatory barrier level, per 
my proposed estimates. However, readers need to be cautious when interpreting this 
seemingly contradictory result, as the two indices may simply reflect different aspects of 
regulatory barriers. The FDI regulatory restrictiveness index focuses on the regulatory 
restrictions that only affect foreign firms. At the same time, my proposed barrier aims to 
measure regulation that affects both domestic and foreign firms but may constitute hid-
den obstacles for foreign firms in practice. The results could demonstrate that countries 
that use domestic regulations as hidden barriers can adopt less restrictive FDI-targeting 
measures, as blatant restrictions on foreign ownership may imply significant political 
costs both domestically and internationally (Kono 2008).

Trade, FDI, and democracy

Finally, I examine the relationship between my proposed barrier estimates and the U.S. 
trade volume, FDI flow, FDI stock, and regime types. Intuitively, a higher barrier should 
be correlated with lower trade flow, lower FDI flow, and lower FDI stock. I also revisit 
the classic debate between regime types and regulatory barrier (Milner and Kubota 
2005; Kono 2008; Pandya 2014).

I visualize the results in Fig. 4. Each panel represents the overall correlation between 
my proposed barrier estimate and trade flow, FDI flow, FDI stock, and the Polity 2 score. 
It can be clearly observed that a country with a higher barrier level is associated with 1) 
lower trade volume with the U.S., 2) receives less FDI from the U.S., and 3) has lower FDI 
stock from the U.S.. However, the correlation between the Polity 2 score and the esti-
mated barrier level is very weak. These results lend further credibility to my proposed 
barrier estimates.
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Conclusions
This paper offers a novel measurement of the elusive quantity: regulatory barrier, con-
tributing to the empirical literature on the political economy of regulation and regula-
tory barrier. I leverage information in the annual reports of U.S. public firms (i.e., 10-Ks 
forms) to best address two major concerns when measuring regulatory barriers: (1) the 
confounding effect of international politics and (2) the bias caused by market size. I 
show in a series of validation analyses that the proposed barrier index shows patterns 
consistent with our existing knowledge of regulatory barriers. Moreover, the new barrier 
estimates display signs of better addressing the problems mentioned in the previous text 
than the existing measurements.

The proposed barrier index serves as an additional measurement of regulatory barri-
ers, which may be superior to existing ones in some research contexts. I intend not to 
claim that my estimate precisely captures the concept of regulatory barrier and hence 
is the “best” one. However, my goal is to shed light on new aspects of regulatory barrier 
that evades researchers’ attention due to their hard-to-observe nature. There are obvious 
weaknesses in both the information sources and my models. Nonetheless, my estimates 
offer new insights into this important political and economic phenomenon.

The paper also contributes to international political economy and international rela-
tions by proposing the firms’ annual reports as a new source of information for further 
research. Since high-quality text data has become increasingly important for empirical 
research in political science, the rich information contained in the 10-Ks firms deserves 
more scholarly attention in the future.

Fig. 4 Correlation with Major Indicators (Polity, Trade, FDI Flow, FDI Stock)
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Appendix
The full list

Table 4 I list the estimated barrier levels for all 40 countries below

Country 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015

Singapore -0.18 0.68 0.70 0.71 0.68 0.67 0.62 0.61 0.63 0.64

Australia -1.12 0.24 0.18 0.17 0.16 0.17 0.16 0.15 0.13 0.13

Austria 0.12 0.81 0.78 0.77 0.78 0.76 0.73 0.76 0.76 0.79

Belgium -0.23 0.62 0.55 0.58 0.56 0.54 0.52 0.51 0.51 0.54

Bermuda 0.32 0.88 0.90 0.86 0.85 0.84 0.87 0.89 0.86 0.88

Brazil -0.41 0.43 0.43 0.42 0.39 0.35 0.29 0.25 0.25 0.24

Canada -5.56 -0.23 -0.23 -0.26 -0.25 -0.31 -0.32 -0.32 -0.32 -0.33

Cayman Islands 0.03 0.91 0.85 0.85 0.87 0.83 0.78 0.83 0.83 0.83

Chile 0.09 0.95 0.88 0.91 0.86 0.84 0.79 0.74 0.73 0.76

China -0.59 0.09 0.08 0.07 0.07 0.01 -0.00 -0.00 0.04 0.04

Denmark 0.09 0.84 0.78 0.80 0.76 0.76 0.75 0.77 0.78 0.74

France -0.51 0.17 0.15 0.16 0.16 0.13 0.15 0.16 0.16 0.17

Germany -0.47 0.14 0.13 0.13 0.13 0.10 0.08 0.08 0.06 0.08

India -0.62 -0.09 -0.11 -0.12 -0.14 -0.13 -0.16 -0.16 -0.17 -0.19

Indonesia 0.29 1.00 0.95 0.94 0.97 0.92 0.91 0.87 0.86 0.89

Ireland 0.03 0.62 0.55 0.52 0.51 0.51 0.43 0.43 0.48 0.50

Israel 0.34 0.99 1.01 1.01 1.02 0.97 0.98 0.99 0.95 0.92

Italy -0.11 0.38 0.37 0.37 0.38 0.39 0.31 0.29 0.30 0.33

Japan -0.30 0.16 0.11 0.12 0.17 0.15 0.05 0.08 0.12 0.13

Jersey -0.14 0.26 0.22 0.24 0.30 0.33 0.33 0.35 0.34 0.35

Luxembourg 0.39 0.87 0.86 0.82 0.79 0.72 0.68 0.64 0.63 0.60

Malaysia 0.32 0.75 0.71 0.70 0.69 0.67 0.65 0.62 0.59 0.61

Mexico -0.37 -0.05 -0.02 -0.01 -0.03 -0.06 -0.03 -0.04 -0.03 -0.06

Netherlands -0.02 0.26 0.26 0.28 0.26 0.24 0.20 0.21 0.21 0.20

New Zealand 0.40 0.73 0.67 0.71 0.68 0.65 0.62 0.62 0.61 0.62

Norway 0.51 0.92 0.85 0.88 0.85 0.85 0.80 0.81 0.76 0.74

Philippines 0.59 0.92 0.88 0.92 0.93 0.88 0.90 0.85 0.84 0.85

Poland 0.50 0.80 0.75 0.75 0.72 0.72 0.69 0.67 0.66 0.70

Puerto Rico 0.53 0.80 0.81 0.81 0.82 0.81 0.79 0.74 0.75 0.76

United Kingdom 0.60 0.82 0.68 0.65 0.64 0.61 0.57 0.54 0.50 0.47

Argentina 0.23 0.42 0.38 0.36 0.34 0.30 0.25 0.24 0.24 0.25

South Africa 0.65 0.81 0.77 0.77 0.75 0.71 0.68 0.67 0.63 0.65

South Korea 0.85 1.01 1.01 1.00 0.96 0.93 0.86 0.86 0.87 0.87

Spain 0.31 0.42 0.40 0.43 0.40 0.41 0.33 0.33 0.34 0.40

Sweden 0.58 0.70 0.62 0.64 0.66 0.63 0.62 0.62 0.62 0.59

Switzerland 0.43 0.55 0.52 0.51 0.50 0.46 0.45 0.46 0.43 0.44

Taiwan 0.61 0.66 0.67 0.68 0.67 0.64 0.60 0.59 0.60 0.62

Thailand 0.78 0.81 0.78 0.77 0.76 0.75 0.67 0.64 0.66 0.66

Turkey 1.02 1.03 0.98 0.93 0.89 0.86 0.79 0.81 0.79 0.78

Russia 0.03 0.05 0.03 0.01 -0.00 0.01 0.02 -0.02 0.02 -0.06

Regression analyses of trade, FDI, and regime type
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Table 5 Regression Analyses of Trade, FDI, and Regime Type

Estimated Barrier

 Model: (1) (2) (3) (4) (5) (6) (7) (8)

Log Trade -0.1268a -0.0077

(0.0093) (0.0125)

Log FDI Flow -0.0628a -0.0096

(0.0206) (0.0165)

Log FDI Stock -0.0464a -0.0323

(0.0163) (0.0397)

Polity2 0.0043 -0.0260a

(0.0052) (0.0067)

Log GDP 0.5403 0.2625 0.3575 0.5571

(0.5702) (0.7483) (0.6548) (0.5560)

Log GDP pc -0.5018 -0.1287 -0.0892 -0.5041

(0.6377) (0.8399) (0.7496) (0.6230)

Fixed-effects

Country � � � �

Year � � � �

Observations 760 217 268 620 620 189 238 620

R2 0.19626 0.04152 0.02957 0.00114 0.69519 0.65353 0.67206 0.69698

Signif. Codes:a: 0.01,b: 0.05,c : 0.1

     Table 5 presents the regression results of the same exercise. Parameters with a p-value 
less or equal to 0.05 are statistically significant.  Column 1 to 4 reports the bi-variate 
regression results that are visualized in Fig. 4. In column 5 to 8, I include country/year 
fixed effects and economic variables as covariates. Interestingly, the coefficient of Polity 
2 flips and becomes statistically significant, suggesting that democracies are associated 
with lower estimated barrier. However, the coefficients of the three other economic vari-
ables fail to achieve statistical significance after including the fixed effects and covariates.
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