
A Trade and Exchange Rate Competition in East Asia:

Appendix for Online Publication

A.1 Measuring the Polarity of Newspaper Articles

Latent Semantic Scaling (LSS) represents a second-generation model for text analysis. Initially,

it facilitated the positioning of political party manifestos along a political spectrum from left to

right. Laver, Benoit, and Garry (2003) employed expert-coded documents to develop a word scor-

ing model capable of ascertaining the ideological leanings of new texts. Subsequently, Slapin and

Proksch (2008) conceptualized ideological orientations as latent Poisson variables to measure party

positions and their temporal evolution. However, these initial approaches exhibit inherent con-

straints. Supervised machine learning algorithms necessitate manually classified training datasets

that might align closely with the conceptual frameworks of the researchers but are limited to ac-

curately classifying terms present in these predefined datasets. These datasets frequently become

so voluminous that they scarcely offer more efficiency than manual categorization methods. In

contrast, unsupervised models such as topic modeling techniques derive classifications solely from

the distributional characteristics of the texts, yet often fail to capture dimensions of theoretical

significance.

The latest innovations in topic modeling combine the adaptability of unsupervised techniques

with the precision of supervised approaches through the incorporation of theoretically pertinent,

pre-selected keywords (Eshima, Imai, and Sasaki 2020; Gallagher et al. 2017). A similar approach

is used in the approach we implement here. Latent Semantic Scaling (LSS) (Watanabe 2021)

merges supervised and unsupervised methodologies to enable user-defined scaling dimensions. In

its initial, unsupervised phase, LSS develops a set of word embeddings that delineate the semantic

positions of terms within a corpus. These embeddings are vector representations that encapsulate

contextual usage data, facilitating the identification of semantically similar terms. The subsequent

stage involves assessing the polarity of terms by evaluating their proximity to predefined “seed
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words.” Watanabe recommends the following steps that we undertake to generate our data: (1)

generate a list of polarity words that are related to the scaling dimension—in our case, concerns

about a strong or weak yen; (2) select the words that have the strongest polarity and smallest am-

biguity; (3) fit an LSS model with only one seed word to check if the polarity measure is intuitive;

(4) combine the list of seed words; and finally (5) check the validity by manually comparing the

polarity against human judgement. The resulting polarity measure is then utilized to scale the doc-

uments to measure whether their content favors appreciation or depreciation of the yen. The only

difference to the original LSS model is that we take advantage of transformer models for the word

embeddings.

A sample of seed word lists is provided in tables A1 and A2. Note that several of these key-

words are only informative in their context that is captured by the word embeddings. The full list

of seed words is included with our replication code. There is considerable overlap in the terminol-

ogy, but the Korean texts often refer to a weak Japanese yen in the context of direct competition

between firms, while Japanese newspaper articles often talk about a (too) strong yen that affects

export competitiveness, or on occasion about the effect of a weak dollar. A common theme in

Japan is the outsourcing of production from Japan to cheaper production locations (“hollowing

out”) but this is less commonly voiced in the Korean financial newspaper.

A.2 Validation of Text Polarity

In this section, we demonstrate our validation of the scaling approach: Does our polarity measure,

the independent variable of our analysis, represent industry concerns? After scaling our entire

corpus of almost 900,000 articles, we look at a sample of texts with high, low, or neutral polar-

ity, and verify that a human reader understands their content as favoring depreciation, favoring

appreciation, or neutral, based on their effects on industry.

The majority of articles that mention the exchange rate—event those that specifically mention

a “strong yet”—do not express any industry concerns at all and are thus expected to be neutral

in their polarity. An example is the following article excerpt from September 29, 1988, that talks
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賓冷甕娠啣 export-specialized factory D - favoring depreciation
賓冷懦私幻 export profitability D - favoring depreciation
棨幼冽森凄 horizontal international specialization D - favoring depreciation
賓准也賚 import promotion A - favoring appreciation
賜旌懲懶縊凉 mitigation of trade friction A - favoring appreciation
賞族賠 capital goods cost A - favoring appreciation
乫懦私賓冷 unprofitable exports D - favoring depreciation
娥乭賓准啼ぁ縕娩 threat of low priced imports D - favoring depreciation
凋鞭喀凌あ strong yen condition D - favoring depreciation
醍秉凍ぃ善あ loss in international competitiveness D - favoring depreciation
賓冷乳 export stagnation D - favoring depreciation
醒乫懷 sluggish domestic demand A - favoring appreciation
凋鞭賚行 continued strong yen D - favoring depreciation
賓冷懦私ぁ凜 worsening export profitability D - favoring depreciation
凋鞭娶甘 profit from rise in yen A - favoring appreciation
甚森ぁ秊浚凜 hollowing out of domestic industry D - favoring depreciation

Table A1: Japanese seed words

about the effect of the exchange rate, but only in the context of government policy proposals (our

own English translation follows):

チヂッツヅテち暖安旧糊ぢ燦両っ殆珊つ〜庵牛闘産働檀づ動説つて除檀‖

算｜絵｜纂で庵雪とどなてにぬねのはっ蚕按ばぱてひ〜袴で絶除〜股傷堀び

ぢ幌去舌段っ胡ぴふぶぱ‖ぷへにびづ男算償ち蝉袴び同讃菰暖安っチヂッツ

ヅテづ珊談つて‖つべつ〜テデ…ト堂賛づち奔芥つどべなて暗虎づぺぱ本酸

ぢ翻ぬ誇ほぼ〜蟹開ぽぢ跨勝凌酸〜ヅテトドヂナニヅヌネ‥階居鈷雇値‘ど

ま〜ぷへにびぢ算居貝避で凡みぶびむててひ〜男算償ち暖安ぢ匠盆っ巨めひ

知ば升てど雇仙で非摩と導地つて‖

The technopolis system, launched in 1983, aims to promote regional economic inde-

pendence. The government supports the integrated development of industry, academia,

and residential areas with tax and financial incentives. To date, MITI has designated

25 regions across Japan as technopolises. However, unforeseen challenges such as ex-

port declines due to the strong yen, the relocation of factories overseas, and industrial

restructuring have shaken the foundation of industries since the program’s inception.
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ᄋ유쫘ᅫ뤄ᄇᄉ strong KRW D - favoring depreciation
ᄋᄌᄆᄉᄇᄎᄏ overvaluation D - favoring depreciation
ᄉᄋᄇᄋᄌᄌᄎᄏ퉤ᅬᅱ쫘 weakening competitiveness D - favoring depreciation
ᄐ페ᅩᅥᄒ띄ᄑᄀᄒᄎᄇ export profitability D - favoring depreciation
ᄐ페ᅩᅥᄂᄑᄀᄎᄏ export unit cost D - favoring depreciation
ᄃᄅᄆᄊ쮀ᅬᅱᄇᄉ weak USD D - favoring depreciation
ᄂᄑᄀᄎᄏᄐᄑᄁᄇ뤄 increase in unit cost D - favoring depreciation
ᄎᄏᄉᄉᄐᄉᄋᄇᄋᄌᄌᄎᄏᄐ price competitiveness D - favoring depreciation
ᅥᅧᄐ패ᅮ domestic demand stocks A - favoring appreciation
ᄐ페ᅩᅥᅫᄋ제ᅨᄇᄉ export reduction trend D - favoring depreciation
혀ᄄᄉᄌ뻬ᄊᄇ뤄 weak JPY phenomenon D - favoring depreciation
ᄐᄑ치짜ᄐᄍᄏ an adverse balance of payments D - favoring depreciation
ᄐᄑ꺼ᅳᅥᅥᅧᅢᅵᅣᅧᄁ inflation A - favoring appreciation
ᄉᄋᄇᄋᄌᄌᄎᄏᄐᄎ케ᅩᅥ damage to competitiveness D - favoring depreciation
ᄐ페ᅩᅥᄍᄐ베ᅦ export recovery D - favoring depreciation
ᅥᅧᄐᄑ퍼ᄒᄋ째ᅮ domestic demand defensive stock A - favoring appreciation

Table A2: Korean seed words

MITI has concluded that a new vision is needed to reevaluate the future of these re-

gions.

This article has a polarity of 0.16, or weakly favorable to depreciation. A similarly nearly-

neutral article from April 15, 2013 (Evening edition) discusses the effect of yen depreciation as

a consequence of quantitative easing, but in the absence of mention of industry concerns, is just

scaled at 0.0462, or slightly favorable of depreciation. The article also hints that depreciation of

the yen is seen as unpopular with Japan’s trade partners.

顧弛憧飛先鼓餐撞五召ひふぢ蚕恥智凱劾っ磨恥び外ぶて‖説互ぢ

拒咳づめぶふ先鼓ち’斬ぬ知つづ伍べも洞むゃほみへぱ“と動午‖

哨樋暫簸案ゃ’商備ぢノハバテとどなふぶぱで〜奔仙簸案唱嘗寮ぢ

唱嘗っ残呉ばぱ珊尾でほみへぱ“と吾は〜拠魔仕勝びハヌパヒ奔仙

で娯ではめめやぱとぢ瞳仔っ残つて‖てゅ〜拒挙害後池ぢ崖痴と

どなて暗闇づ千ばぱ蟹開ぢ伺占ちぼぼ御つのどなふぶぱ‖拠魔傷使

鞍杏ぢべぴ刺はち微麻ゅ‖

The Bank of Japan held its first branch managers’ meeting under Governor Haruhiko
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Kuroda at its headquarters. Regarding the current state of the economy, the governor

stated, “There are signs of recovery.” He also commented on consumer prices, saying,

“While they remain slightly negative, there are indicators suggesting a rise in inflation

expectations,” indicating his awareness that inflation expectations are spreading in fi-

nancial markets. However, he noted that overseas scrutiny of the yen’s depreciation,

which has been a key driver of improving economic sentiment, has become somewhat

more critical, making the steering of monetary policy delicate.

Compare this to an article from August 2, 1993, that directly quotes the concerns of an export

industry and is scaled at 0.749, indicating strong support for depreciation:

宣専居慨で稚以ゆっ摩渠つふのぱどみ〜ぷなぬゃ悟梧っ童のつふ酸伊つふぼ

ょもべ“‖虎料ビ…ピ…ぢ檎胴杏居枇智ち尖概の‖’暗虎ぢ位虚ちよ瑚ぶ

埋‖宣専ゅらで許つぶぢびちどぶ‖稚以ゆどりふ妹梁萄川ゅ“‖宣専居慨ち

’虎ぶ悟梧と暗虎び〜涯袴どま奨開袴とぢフテト距戦涼っ司ぶめめやぱ“と

史置‖ゅで〜杏居枇智嗣ち’フテト碁語致涼ち虎料ゃ非四づ妾ひふむて‖暗

虎ぢ扇撞ち虎料づちどぶ‖娼らっ渠ひぱとぷょで依もぢびちどぶべ“とぶ

も‖虎料居慨と依なふ〜宣専居慨ち誤鋸にび士蜘ドブプヘづ毘ぶふぶてゅら

づ’碍昧で説はどぶ“と琵なふぶて‖

“If the shipbuilding industry is going to demand price cuts, maybe we should ship

thinner steel instead,” fumes the head of sales at a blast furnace manufacturer. “The

impact of the strong yen affects both sides—it’s not just the shipbuilding industry

that’s struggling. Asking for price cuts is an unreasonable demand.” The shipbuilding

industry argues that “the high cost of steel, combined with the strong yen, is causing

us to lose cost competitiveness against countries like South Korea.” The sales manager

counters, “Blast furnace manufacturers have been working desperately to cut costs as

well. The strong yen is not the fault of the steelmakers. They’re seeking help from the

wrong place.”
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An article from March 5, 1987 is scaled at 0.645, reflecting its direct emphasis on industry

reactions to the strong yen and the “hollowing out” of Japan’s manufacturing base:

撰漁遅跨宵ち始道〜暗虎ぼ本酸燦史蓋除づ千偉ばぱてひ眉袴びＮＣ

‥将稚除護‘栓避〜ＭＣ‥ノプベヌネペヌデ…‘ぢ庵街小算っ姉ひ

ぱと動美つて‖蝉該酸姿ぢ醐暖小算凱子’ホ…ヂノノプ…ヌボ…ポ

テ“っ同禦菰道鼻びばびづ栴両〜小算魚痴とつふ眉マポネミ…バ…

子ぢ泉枚ツヌム枇毎ぢ跨勝っぷぢるま銅屍つて‖乞働菰禦讃闘道

っビメづ浅居っ外姉つ〜産働五づＮＣ栓避〜ＭＣ鯉れろふ禦算柊

洗雪除づばぱ亨鎧‖(. . . )

醐交〜峠子ちＮＣ栓避〜ＭＣ鯉れろふ眉袴伍らづ禦柊洗馳檀本酸つ

ふぶぱ‖暗虎ぼ乞働庵禦べみぢ千眉本酸燦史蓋除どまび〜乞五ぢ

鴇匿骸撰で萄つぶぷとべみ醐暖びぢ磨浬小算っ享地つて‖暗虎で

ゎみづ妾ひわ’醐暖跨勝べみ袴得ぽぢ京本徳ゃ佼ゐぱ“‥撰漁稗哩

子智‘とぶも‖

On March 4, Ōkuma Corporation announced plans to begin integrated production of

NC (numerical control) lathes and machining centers (MCs) in the United States to

address the challenges posed by the strong yen and voluntary export restrictions. The

company has already established a wholly owned local subsidiary, Ōkuma Machine

Tools, as of February 5. It recently acquired a factory from BorgWarner’s oil pump

division to serve as its production base. Operations are scheduled to begin by May

18 this year, with a goal of achieving a monthly production capacity of 100 units

(combined NC lathes and MCs) within three years.(. . . )

Currently, Ōkuma exports about 100 NC lathes and MCs per month to the U.S. How-

ever, with the strong yen and voluntary export restrictions to the U.S. in effect since

January, the company anticipates difficulties in expanding sales and has decided to

establish full-scale local production. President Takeo Ōkuma stated, “If the yen con-
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tinues to strengthen, we may consider re-importing products from the local factory

back to Japan.” (. . . )

An article from June 7, 1988 speaks to the same issue, is scaled at 0.604, strongly favoring

depreciation:

テチヌヒテ悟占ぢトブムビ…ピ…〜道磨少占ちデハづ庵””（酸姿

ぢ醐暖匹尚っ栴両〜蟹開小算づ庄は酸ば‖乞禦築づ跨勝供栴づ畜市

〜盆師べみ浅居っ姉ひぱ‖暗虎づ千偉つ〜憧涜モャモ〜眉袴どま本

酸伍ら床疋ぢ小算っ蟹開づプパトばぱ‖醐暖匹尚ぢ槙廠ち’デハ

少占“‥姿磨拠同囲暗‘‖ヤュブトムドピ…ヌ侠ぢユヌム…跨居竹

暖得づ産幕始染髭彦ビ…トポぢ膜暖っ刺特〜乞禦築彰〜潜庵芥跨

志づ畜市ばぱ‖ (. . . )

Nippon Seisen, Japan’s leading stainless steel wire manufacturer, is establishing a

wholly-owned subsidiary in Thailand to commence overseas production. Construc-

tion of the factory will begin this month, with operations set to start next spring. This

move is aimed at responding to the strong yen and shifting the production of export-

oriented products for markets in Southeast Asia and the United States overseas. (. . . )

An article from December 17, 1995 on the relocation of production and Panasonic’s struggle

with the strong yen is scaled at 0.67, favoring depreciation:

承以筑馨算居ち牛猟働檀づ築袴びぢモハョヌ小算洗将っ督煎ばぱ‖

道磨び小算つふぶぱ本酸膜モハョヌぢ猟蛙っ築袴づ夷垣つ〜働柿

柊同讃幕洗ぢ小算雪除っ抄ゐぱ‖娯思仕づやぱ鯉膝階居び煎算ば

ぱ‖眉袴伍らづ道磨袴得び小算つふぶぱテナ…ュモハョヌぢもぬ〜

蓄案浬デハムっ築招づ猟”（づやてぱ産讃幕洗っ夷ば‖築袴び小

算ばぱ本酸膜モハョヌち柊幕洗と乞働檀指煽ぢ同督づ骸撰‖築袴

袴得伍らゃ讃幕洗べみ同讃幕洗づ煎ぼば‖承以筑馨ちモハョヌ志居
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び袴得トブムぢプヨモっ斬めで〜暗虎どまび本酸で掌ゑ禿ほ〜牛菰

働檀匿唱虎ち柊猟讃菰囲暗馳檀づとまにぱ巨男つ‖

Panasonic (Matsushita Electric Industrial Co.) plans to double its production of irons

in China during fiscal 1996. The company will transfer 60% of its export iron produc-

tion currently carried out in Japan to China, establishing an annual production capacity

of 1.2 million units. The increased production will be handled by a joint venture in

Guangzhou. Of the steam irons produced in Japan for the U.S. market, 300,000 units,

or 60%, primarily lower-priced models, will be shifted to China. As a result, the num-

ber of export irons produced in China will double to 1 million units compared to the

current fiscal year, while production for the domestic Chinese market will increase

from 100,000 units to 200,000 units. Panasonic holds the largest share of the domestic

iron market, but exports have stagnated due to the strong yen. As a result, its iron

business sales for fiscal 1995 are expected to remain around 16.5 billion yen.

Other articles consider the pros and cons of yen appreciation, leading to a more neutral scaling

of 0.321 (August 3, 1993 Evening edition):

やぱ捷僑凱子ぢ蛎支枇智嗣〜侯兇づまも午なふ蛎ぢ候徳っ鈎ひぱ

べ篤っ禿にろぱ‖ぶめゃぢぺもづ劃孜逐嚇っ娯ゆぱと〜’暗虎倖

委各互びパドヌテ床パラブプリヌ撰備稚威む“と枕旋なて柊尉恥ぢ

娯光‖るべづゃ’惟袴斯でよ闇のどはにつて“とぶも開斯ぢ娯光

で殆づ療になて‖蛎支穿勝鮪っほどでみ’公道ち暗虎びルハチヂ蛎

で競菱ほ闇ゅなてど‖ぷへゃ〜乞銅も秩姿意づち暗虎各互ゅと施

もりゅらまどや“‖

A equities manager at a securities company struggles to figure out how to encourage

clients to buy stocks. As usual, he opens the morning papers and spots a department

store ad proclaiming, “Big discounts on French fashion thanks to yen appreciation

savings.” Another ad for imported cars reads, “British cars now more affordable.”
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While glancing at the stock market column, he reflects, “Yesterday, high-tech stocks

fell across the board due to the strong yen. But for investors buying now, this could

also be seen as yen appreciation savings, don’t you think?”

Articles that emphasize the benefits of a strong yen for importers are scaled to favor apprecia-

tion, like this article from May 15, 1994 with a polarization of -0.567:

レヅヌロ…ポ〜慰むぢ本徳鴇匿骸撰——テムヒ…廓〜乞易べみ肘ゃ

‖ 1994 / 05 / 15道磨旧糊升弼逐嚇 7ヮ…ャ 430必旨 [ 1ヮ…ャ 17 KB ]レヅ

ヌロ…ポち暗虎っ毒拒づ慰むぢ本徳鴇匿志居っ骸撰ばぱ‖テムヒ…

廓ぢ本徳瞭っ公働ぢ産督づ煎ぼばと峠賛づ〜升てづ肘ぢ本徳づ庄

は酸ば‖功寮窒ど効独ッワルワゃ茶共つどでみ蓄フテトびぢ慰む効

独っ稗馨づ効独居暫｜読意伍らづ匿は誇を‖本徳志居っチフづ醐交

ネポ…ム蝉雪び柊菰讃囲暗ぢモネヅユハホ志居枇毎ぢ匿唱虎っ牛枝

働っビメづ同柊囲暗づ威む唱ゆぱぷとっんみも‖

Kirin Brewery is expanding its imported flower sales business, leveraging the strong

yen. The company plans to triple its imports of spray chrysanthemums compared to

last year and will also begin importing seedlings. By offering efficient cultivation

techniques, Kirin aims to promote low-cost flower production and market its products

to growers and farmers. Through its import business, the company seeks to increase

its agri-bio division’s total group sales from the current ¥15 billion to ¥20 billion by

1997.

In sum, our polarity scales those articles as most favorable of depreciation if they directly quote

industry concerns, followed by those that describe the negative effects of a strong currency on

exporters, while articles that talk about the exchange rate in unrelated terms are scaled neutrally.

If industries benefit from a strong yen, the polarity is reversed. This variable is approximately

normally distributed but has a long right tail, as shown in Figure A1.
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Figure A1: Kernel density estimate of polarity scores in the sample.
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A.3 Standard Errors via Delta Method

Figure A2 shows the results from the original models after calculating the error bands with the delta

method instead of the block-bootstrapped procedure, yielding narrower bands than those shown in

the main paper.
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Figure A2: Predicted probability of depreciation-inducing (left column) and
appreciation-inducing (right column) foreign exchange intervention.
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A.4 Raw Exchange Rates

Table A3 shows the results for the ordered probit model after replacing the short/medium/long

target exchange rates with the equivalent raw exchange rates. Figure A3 shows the predicted

probability figures for the five models with standard errors computed with the delta method. The

five models below correspond to Models 3 to 7 in the main paper.

Table A3: Ordered Probit Regression

Dependent variable:

Forex Intervention (-1 buy local, sell foreign / 0 / +1 buy foreign, sell local)

(1) (2) (3) (4) (5)

Polarity (t-1) 1.240→→→ 1.166→→→ 1.108→→ 1.104→ 1.116→→
(0.035) (0.038) (0.039) (0.040) (0.040)

Intervention (t-1) 9.812→→→ 9.561→→→ 9.211→→→ 9.206→→→ 9.427→→→
(0.079) (0.079) (0.080) (0.080) (0.080)

ER Short (t-1) 0.553→→ 0.003→→→ 0.001→→→ 0.002→→→ 0.002→→→
(0.220) (1.120) (1.139) (1.139) (1.143)

ER Medium (t-20) 207.297→→→ 26.668→→ 94.532→→→ 175.422→→→
(1.084) (1.174) (1.111) (1.095)

ER Long (1 year mov.av.) 19.587→→→
(0.664)

ER Long (3 year mov.av.) 5.396→→→
(0.393)

ER Long (5 year mov.av.) 2.805→→
(0.336)

Pre-election (Binary) 0.824 0.832 0.843 0.822 0.823
(0.150) (0.153) (0.153) (0.152) (0.152)

Post-election (Binary) 1.040 1.076 1.074 1.044 1.057
(0.135) (0.136) (0.139) (0.138) (0.137)

Observations 6,605 6,605 6,605 6,605 6,605
Log Likelihood ↑928.343 ↑916.175 ↑905.895 ↑906.616 ↑911.410
McFadden’s Pseudo R2 0.090 0.382 0.384 0.392 0.399

Note: Coefficient exponentiated. Standard errors in parentheses. *p<0.05; **p<0.01; ***p<0.001.
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Figure A3: Predicted probability of depreciation-inducing (left column) and
appreciation-inducing (right column) foreign exchange intervention.

13



A.5 Diagnostic Tests and Alternative Estimators

Table A4 shows the results from global and local Brant (1990) tests to detect possible violations

of the proportional odds assumption (also known as the parallel regression assumption). The null

hypothesis is that the assumption holds. As we can see, we fail to reject the null hypothesis globally

across most models, except for Model 5 and 6. Locally, the short exchange rate target always

violates the assumption, while the long exchange rate target does so except for when it is calculated

based on the past five years’ exchange rate. Our polarity measure yields a non-significant value,

although it is just above the 0.05% threshold in Model 5 and 6.

Table A4: Brant Test (p-values displayed)

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7

Omnibus 0.61 0.80 0.17 0.21 0.01 0.01 0.28
Polarity (t-1) 0.73 0.30 0.27 0.19 0.05 0.05 0.24
Pre-Election 0.37 0.60 0.66 0.68 0.68 0.58 0.59
Post-Election 0.37 0.59 0.59 0.55 0.53 0.63 0.54
Intervention (t-1) 0.93 0.77 0.90 0.86 0.86 0.85
ER Short 0.01 0.04 0.04 0.04 0.04
ER Medium 0.23 0.98 0.35 0.16
ER Long (1y) 0.01
ER Long (3y) 0.01
ER Long (5y) 0.87

We approach this issue in three different ways. First, for the models containing only one local

violation (Model 4 and Model 7), we drop the offending variable, re-run the Brant test, and re-

fit a simpler model that satisfies the proportional odds assumption. The results are similar to the

original models and available in the replication package associated with this article.

Second, we relax the parallel regression assumption by estimating a set of stratified binomial

models. We re-code the dependent variable as two binary indicators that capture the two events

of interest (depreciation-inducing or appreciation-inducing) and re-run dynamic probit models on

each dependent variable. Upon operationalizing the dependent variable this way, we would expect

our polarity measure to be positively related to depreciation-inducing intervention and negatively
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related to appreciation-inducing intervention. This is what we find (see Table A5 and A6 for the

regression output and Figure A4 and A5 for the predicted probability graphs).57

Third, we re-fit the main specifications in a multinomial logit regression framework, thus ig-

noring the order of the dependent variables. Tables A7 shows the results from this exercise. The

reference category is no intervention. Once again, our lobbying proxy measure is positively related

with depreciation-inducing foreign exchange intervention (relative risk ratio coefficient above 1)

and negatively associated with appreciation-inducing interventions (relative risk ratio coefficient

smaller than 1).

57. Recall that all coefficients are exponentiated so that a coefficient smaller than one indicates a negative relation-
ship and a coefficient bigger than one indicates a positive relationship.
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Table A5: Dynamic Probit Regression - Depreciation Inducing Intervention

Dependent variable:

Forex Intervention (buy foreign, sell local)

(1) (2) (3) (4) (5) (6) (7)

Polarity (t-1) 1.579→→→ 1.268→→→ 1.252→→→ 1.199→→→ 1.099→ 1.060 1.099→
(0.029) (0.037) (0.039) (0.041) (0.046) (0.046) (0.043)

Intervention (t-1) 10.210→→→ 11.031→→→ 10.640→→→ 10.530→→→ 10.014→→→ 9.921→→→
(0.085) (0.089) (0.089) (0.090) (0.090) (0.090)

ER Short Target 0.000→→→ 0.000→→→ 0.000→→→ 0.000→→→ 0.000→→→
(4.476) (4.664) (4.747) (4.780) (4.691)

ER Medium Target 0.015→→→ 0.015→→→ 0.034→→ 0.306
(1.252) (1.281) (1.304) (1.334)

ER Long Target (1 year mov.av.) 0.235→→→
(0.355)

ER Long Target (3 year mov.av.) 0.057→→→
(0.469)

ER Long Target (5 year mov.av.) 0.008→→→
(0.795)

Pre-election (Binary) 0.735 0.807 0.791 0.812 0.780 0.756 0.785
(0.161) (0.191) (0.200) (0.199) (0.203) (0.208) (0.215)

Post-election (Binary) 1.075 1.082 1.120 1.147 1.124 1.103 1.154
(0.124) (0.151) (0.152) (0.152) (0.155) (0.159) (0.163)

Constant 0.118→→→ 0.098→→→ 0.094→→→ 0.096→→→ 0.093→→→ 0.092→→→ 0.094→→→
(0.045) (0.055) (0.058) (0.058) (0.061) (0.062) (0.061)

Observations 6,664 6,664 6,580 6,580 6,580 6,580 6,580
Log Likelihood ↑1,148.295 ↑741.917 ↑711.290 ↑705.868 ↑697.366 ↑684.777 ↑686.614
McFadden’s Pseudo R2 0.103 0.421 0.442 0.446 0.452 0.462 0.461

Note: Coefficients exponentiated. Standard errors in parentheses. *p<0.05; **p<0.01; ***p<0.001.
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Table A6: Dynamic Probit Regression - Appreciation Inducing Intervention

Dependent variable:

Forex Intervention (buy local, sell foreign)

(1) (2) (3) (4) (5) (6) (7)

Polarity (t-1) 0.705→→→ 0.695→→ 0.696→→ 0.698→→ 0.661→→ 0.681→→ 0.743→
(0.106) (0.118) (0.117) (0.123) (0.135) (0.135) (0.132)

Intervention (t-1) 7.719→→→ 7.792→→→ 7.793→→→ 7.784→→→ 7.811→→→ 7.586→→→
(0.226) (0.228) (0.228) (0.228) (0.228) (0.228)

ER Short Target 151.956 133.658 94.378 105.313 278.886
(9.122) (9.327) (9.334) (9.343) (9.264)

ER Medium Target 1.187 3.213 1.460 0.784
(2.376) (2.530) (2.415) (2.378)

ER Long Target (1 year mov.av.) 0.237
(1.297)

ER Long Target (3 year mov.av.) 0.744
(0.667)

ER Long Target (5 year mov.av.) 2.332
(0.574)

Pre-election (Binary) 0.970 1.048 1.061 1.061 1.089 1.062 1.054
(0.266) (0.275) (0.273) (0.273) (0.274) (0.273) (0.276)

Post-election (Binary) 1.155 1.101 1.093 1.093 1.104 1.087 1.110
(0.225) (0.251) (0.253) (0.253) (0.257) (0.254) (0.251)

Constant 0.098→→→ 0.088→→→ 0.088→→→ 0.088→→→ 0.090→→→ 0.089→→→ 0.086→→→
(0.082) (0.091) (0.092) (0.096) (0.099) (0.100) (0.099)

Observations 6,664 6,664 6,580 6,580 6,580 6,580 6,580
Log Likelihood ↑227.687 ↑192.819 ↑192.258 ↑192.256 ↑191.663 ↑192.158 ↑191.202
McFadden’s Pseudo R2 0.028 0.177 0.178 0.178 0.180 0.178 0.182

Note: Coefficients exponentiated. Standard errors in parentheses. *p<0.05; **p<0.01; ***p<0.001.
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Table A7: Multinomial Regression - Model 1

Dependent variable:

Appreciation-Inducing Depreciation-Inducing

(1) (2)

Polarity (t-1) 0.387→→ 2.402→→→
(0.290) (0.055)

Pre-election (Binary) 0.954 0.499
(0.732) (0.373)

Post-election (Binary) 1.494 1.214
(0.607) (0.261)

Constant 0.010→→→ 0.020→→→
(0.218) (0.097)

Observations 6,605 6,605
Log Likelihood -1379.803 -1379.803
McFadden’s Pseudo R2 0.103 0.103

Note: Coefficients exponentiated. Standard errors in parentheses. *p<0.05; **p<0.01; ***p<0.001.
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Figure A4: Predicted probability of depreciation-inducing foreign exchange intervention
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Figure A5: Predicted probability of appreciation-inducing foreign exchange intervention.
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A.6 Data-driven Variable Selection

Here, we further investigate the extent to which our polarity variable matters relative to the other

covariates in the model. In Table A8, we fit a set of stepwise dynamic ordinal probit regressions,

a data-driven variable selection process where predictors are added or removed from the initial

model (full model) based on minimizing the AIC criterion. As we can see, the stepwise algorithm

always keeps our polarity measure in the model.58

Table A8: AIC Stepwise Dynamic Ordinal Probit - Full Models

Dependent variable:

Forex Intervention (-1 buy local, sell foreign / 0 / +1 buy foreign, sell local)

(1) (2) (3)

Polarity (t-1) 1.154→→→ 1.119→→ 1.132→→
(0.038) (0.040) (0.041)

Intervention (t-1) 9.851→→→ 9.828→→→ 10.069→→→
(0.082) (0.082) (0.082)

ER Short Target 0.000→→→ 0.000→→→ 0.000→→→
(4.095) (4.261) (4.260)

ER Long Target (1 year mov.av.) 0.032→→→
(0.614)

ER Medium Target 0.062→ 0.034→→
(1.150) (1.139)

ER Long (3 year mov.av.) 0.160→→→
(0.362)

ER Long (5 year mov.av.) 0.290→→→
(0.302)

Observations 6,580 6,580 6,580
Log Likelihood ↑891.552 ↑889.349 ↑894.256

Note: Coefficients exponentiated. Standard errors in parentheses. *p<0.05; **p<0.01; ***p<0.001.

In Table A7, we take this analysis a step further by performing extreme bounds analysis (EBA)

(Hlavac 2016). We show the results relying on the original version by (Leamer 1985), which fo-

58. Unsurprisingly, the algorithm always excludes the two election binary variables, which have low predictive
power. We obtain essentially the same results if we exclude the two election dummies before running the stepwise
regressions.
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cuses on the upper and lower extreme bounds of regression estimates, as well as the more flexible

framework proposed by Sala-I-Martin (1997). Rather than focusing only on the coefficients that

yield the upper and lower extreme bounds, Sala-i-Martin’s EBA considers the full distribution of

regression coefficients. For the latter, we rely on the generic version of the test, which makes no

assumption about the distribution of coefficients.59 To give greater weight to models that provide

a better fit, we follow Hegre and Sambanis (2006), among others, and weight each regression

coefficient according to the McFadden’s likelihood ratio index. The algorithm fits 127 linear re-

gressions (27 minus one empty set) starting from the full model (with the 1-year moving average as

the long target), extract each value of interest (coefficients, standard errors, likelihood ratio test),

and computes the summary statistics. The results using the two other measures of long targets are

substantially similar. We rely on OLS for two reasons. First, it is computationally less demanding

than ordered categorical models. Second, doing so allows us to use Newey-West standard errors,

which are robust to heteroskedasticity and serial correlation (and cannot be easily computed for

ordered probit models).

As the first two rows in the table show, the weighted mean, maximum, and minimum of the

regression coefficients across all 127 regressions are positive and in line with the main analysis.

The coefficient for polarity is positive and statistically significant across all models. As the lower

extreme bound is also positive (row three), the polarity score can be labeled as “robust” according

to Leamer’s procedure. We come to the same conclusion after assessing the full distribution of

coefficients across all models (row four).

59. Visual inspection of the coefficients distributions from 127 different combinations of the regressors shows that
they are not normally distributed.
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Table A9: EBA Regression Results

Beta Coefficients

! (Wgt Mean) SE (Wgt Mean) Min ! SE (Min ! ) Max ! SE (Max ! )
Polarity (t-1) 0.026 0.007 0.017 0.006 0.073 0.013

Distribution of beta coefficients

%(! < 0) %(! > 0) %(significant) %(signif and ! < 0) %(signif and ! > 0)
Polarity (t-1) 0.000 100.000 100.000 0.000 100.000

Leamer’s Extreme Bounds Analysis (EBA)

Lower Extreme Bound Upper Extreme Bound Robust/Fragile?
Polarity (t-1) 0.004 0.098 Robust

Sala-i-Martin’s Extreme Bounds Analysis (EBA)

CDF(! <= 0) CDF(! > 0) Robust/Fragile?
Polarity (t-1) 0.202 99.798 Robust

Note: Based on Newey West standard errors.
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A.7 Marginal Effects and Heteroskedastic Models

In the paper, we showed the predicted probabilities of foreign exchange interventions at selected

values of our focus variable. Relatedly, one may wonder about the marginal effects of polarity

on each outcome value. Table A10 shows the marginal effects for the full model (Model 5). The

values are multiplied by 100 and can be interpreted as percentage points effects. In other words,

a one unit increase in the polarity score is associated with a 0.09 percentage points decrease in

the probability of appreciation-inducing intervention and a 0.58 percentage points increase in the

probability of depreciation inducing intervention. These are non-trivial effects if we consider that

the unconditional probability of a depreciation and appreciation-inducing intervention occurring

on any given day is 4.79% and 0.57%, respectively.

Table A10: Ordered Probit Models Marginal Effects (Model 5)

Appreciation-inducing No intervention Depreciation-inducing

Polarity (t-1) -0.09→→ -0.49→→→ 0.58→→→
(0.03) (0.14) (0.17)

Note: Standard errors delta method in parentheses. *p<0.05; **p<0.01; ***p<0.001.

Finally, it should be noted that under standard ordered probit models the variance of the er-

ror term is assumed to be homoskedastic. Nevertheless, the observation that appreciation- and

depreciation- inducing interventions are not (unconditionally) equally likely to occur already sug-

gests a possible violation of this assumption. One may expect the target exchange rates (i.e. the

deviations from past levels of the exchange rates) to have different effects depending on whether

the currency is appreciated or depreciated relative to some function of the historical level. Sim-

ilarly, the political business cycle may affect one type of intervention more than the other. As

such, we re-fit the full models using heteroskedastic probit models. The mean equation remains

the same as before. The variance equation includes the three target exchange rates as well as the

two election dummies. Unlike in the case of homoskedastic models, the sign of the coefficient(s)

in heteroskedastic models is uninformative and may not be consistent with the sign of the marginal
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effects and predicted probabilities. Hence, we show only the marginal effects in Table A11. The

results are consistent with the main analysis and, if anything, slightly stronger in size.60

Table A11: Heteroskedastic Ordered Probit Models Marginal Effects (Model 5)

Appreciation-inducing No intervention Depreciation-inducing

Polarity (t-1) -0.13→→ -0.47→→→ 0.59→→→
(0.04) (0.14) (0.16)

Note: Standard errors delta method in parentheses. *p<0.05; **p<0.01; ***p<0.001.

60. Moreover, a likelihood ratio test comparing the homoskedastic probit to the heteroskedastic probit shows that
the latter leads to a significant improvement in model fit.
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A.8 Volume of Intervention

As discussed in the paper, using the volume of intervention as the dependent variable has its draw-

backs: As monetary authorities may adjust the size of successive interventions within a single day

based on the reaction of the exchange rate to earlier intervention, using the intervention amount

introduces an endogeneity issue. Relying on a three-level ordinal categorical variable, as we do in

the paper, can mitigate this problem, but comes at the cost of a loss of information. To further probe

the robustness of the results, Table A12 below shows the results for the linear models with the vol-

ume of intervention as the dependent variable. The volume has been rescaled for interpretation so

that a one-unit change in the independent variable corresponds to a one-million yen intervention.

Positive numbers indicate purchases of dollars (i.e. depreciation-inducing interventions). Since

the amount of intervention can be treated as continuous, we fit seven linear models following the

same specification as in the main paper. The conclusions are the same, with one exception: the

pre-election coefficients are now significant, suggesting that the amount of an intervention prior to

an election is reduced.

Similarly, Table A13 presents the results using the same linear models on a seven-level ordinal

categorical dependent variable based on intervention volume. The data is divided into terciles,

conditional on the intervention’s direction. Specifically, the new dependent variable is assigned a

value of -3 for the lowest tercile of appreciation-inducing interventions, -2 for the middle tercile,

and -1 for the highest tercile. A value of zero represents no intervention, while depreciation-

inducing interventions are coded as the mirror image of appreciation-inducing ones. This approach

preserves additional information about the intensity of interventions while addressing endogeneity

concerns by using a discrete indicator with daily data as a middle-ground solution retaining richer

information. Table A14 shows the results hold using the same dynamic ordinal probit models as in

the main paper.
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Table A12: Linear Models with Amount of Intervention as Dependent Variable

Dependent variable:

Forex Intervention Volume in 1 Mln Yen ((+) numbers mean purchases of the USD (sell Yen))

(1) (2) (3) (4) (5) (6) (7)

Polarity (t-1) 0.989→→ 0.887→→ 0.844→→ 0.644→ 0.588→ 0.319 0.471→
(0.308) (0.327) (0.327) (0.305) (0.243) (0.277) (0.236)

Intervention Amount (t-1) 0.108→ 0.113→ 0.111→ 0.111→ 0.110→ 0.111→
(0.049) (0.049) (0.049) (0.049) (0.049) (0.049)

ER Short Target ↑93.148→→ ↑76.774→→ ↑76.620→→ ↑75.588→→ ↑76.173→→
(29.894) (29.124) (29.136) (29.067) (29.185)

ER Medium Target ↑16.485→ ↑17.514→ ↑14.325→ ↑16.099→
(6.500) (7.059) (6.434) (6.425)

ER Long Target (1 year mov.av.) ↑1.303
(1.830)

ER Long Target (3 year mov.av.) ↑4.852→→
(1.747)

ER Long Target (5 year mov.av.) ↑2.335→→
(1.740)

Pre-election (Binary) ↑1.049→→→ ↑0.938→→→ ↑0.950→→→ ↑0.966→→→ ↑0.985→→→ ↑0.990→→→ ↑0.995→→→
(0.257) (0.241) (0.245) (0.248) (0.263) (0.273) (0.265)

Post-election (Binary) ↑0.517 ↑0.457 ↑0.435 ↑0.414 ↑0.428 ↑0.426 ↑0.434
(0.466) (0.417) (0.418) (0.430) (0.442) (0.430) (0.435)

Observations 6,664 6,664 6,580 6,580 6,580 6,580 6,580
R Squared 0.003 0.014 0.016 0.017 0.017 0.018 0.017

Note: Newey West Standard Errors in Parentheses. *p< 0.05; **p< 0.01; ***p< 0.001.

27



Table A13: Linear Models with Seven Category Intensity as Dependent Variable

Dependent variable:

Seven Category Intensity Forex Intervention ((+) numbers mean purchases of the USD (sell Yen))

(1) (2) (3) (4) (5) (6) (7)

Polarity (t-1) 0.119→→→ 0.048→→→ 0.045→→→ 0.038→→→ 0.026→ 0.026→ 0.032→→
(0.021) (0.012) (0.011) (0.011) (0.013) (0.013) (0.012)

Intervention Seven Categories (t-1) 0.542→→→ 0.546→→→ 0.544→→→ 0.541→→→ 0.542→→→ 0.543→→→
(0.041) (0.041) (0.041) (0.040) (0.041) (0.041)

ER Short Target ↑5.741→→→ ↑5.172→→→ ↑5.119→→→ ↑5.130→→→ ↑5.151→→→
(1.156) (1.134) (1.128) (1.127) (1.132)

ER Medium Target ↑0.576→ ↑0.307 ↑0.496→ ↑0.561→
(0.232) (0.254) (0.233) (0.231)

ER Long Target (1 year mov.av.) ↑0.394→→
(0.124)

ER Long Target (3 year mov.av.) ↑0.183→→
(0.059)

ER Long Target (5 year mov.av.) ↑0.088→
(0.041)

Pre-election (Binary) ↑0.060→→ ↑0.034→→ ↑0.033→→ ↑0.034→→ ↑0.029→ ↑0.035→→ ↑0.035→→
(0.022) (0.011) (0.011) (0.011) (0.012) (0.012) (0.012)

Post-election (Binary) ↑0.009 0.002 0.003 0.004 0.009 0.003 0.003
(0.042) (0.020) (0.020) (0.021) (0.020) (0.020) (0.021)

Observations 6,664 6,664 6,580 6,580 6,580 6,580 6,580
R Squared 0.034 0.315 0.321 0.322 0.324 0.323 0.323

Note: Newey West Standard Errors in Parenthesis. *p<0.05; **p<0.01; ***p<0.001.
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Table A14: Ordered Probit Regression - Seven-Level Category

Dependent variable:

Seven Category Intensity Forex Intervention ((+) numbers mean purchases of the USD (sell Yen))

(1) (2) (3) (4) (5) (6) (7)

Polarity (t-1) 1.476→→→ 1.303→→→ 1.287→→→ 1.234→→→ 1.157→→→ 1.127→→→ 1.140→→→
(0.026) (0.029) (0.029) (0.032) (0.034) (0.035) (0.036)

Intervention (t-1) 2.455→→→ 2.521→→→ 2.492→→→ 2.448→→→ 2.461→→→ 2.493→→→
(0.032) (0.033) (0.033) (0.033) (0.033) (0.033)

ER Short Target 0.000→→→ 0.000→→→ 0.000→→→ 0.000→→→ 0.000→→→
(3.804) (3.944) (3.949) (3.984) (3.981)

ER Medium Target 0.024→→→ 0.216 0.056→→ 0.030→→→
(1.043) (1.118) (1.072) (1.060)

ER Long Target (1 year mov.av.) 0.037→→→
(0.614)

ER Long Target (3 year mov.av.) 0.139→→→
(0.342)

ER Long Target (5 year mov.av.) 0.271→→→
(0.283)

Pre-election (Binary) 0.791 0.859 0.830 0.838 0.852 0.824 0.826
(0.123) (0.140) (0.144) (0.145) (0.146) (0.146) (0.146)

Post-election (Binary) 0.992 1.046 1.066 1.082 1.075 1.044 1.057
(0.113) (0.126) (0.127) (0.127) (0.130) (0.130) (0.129)

Observations 6,664 6,664 6,580 6,580 6,580 6,580 6,580
Log Likelihood ↑1,792.414 ↑1,406.507 ↑1,375.314 ↑1,368.931 ↑1,353.933 ↑1,351.295 ↑1,358.023
McFadden’s Pseudo R2 0.059 0.262 0.275 0.278 0.286 0.288 0.284

Note: Coefficients exponentiated. Standard errors in parentheses. *p<0.05; **p<0.01; ***p<0.001.
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A.9 Exchange Market Pressure, Interest Rates, and the Real Effective Ex-

change Rate

We present some additional robustness checks to see if the results hold after controlling for a real

effective rather than the nominal exchange rate change, reasoning that price levels are ultimately

the determining factor of export competitiveness, although nominal and real rates tend to move in

tandem, and if we account for exchange market pressure. We also probe if the Japanese monetary

authorities possibly target the interest rate rather than the exchange rate in response to industry

pressure. To do this we estimate models using the Central Bank Discount Rate as dependent

variable. All these measures are available only at monthly frequency.

As a sanity check, we start by re-estimating the same models after aggregating at the monthly

level. Table A15 shows that the results hold across all specifications. To construct the monthly

dataset, we follow Ito and Yabu (2020) and calculate the short and long target exchange rate in

a similar fashion. The short target exchange rate is now based on the the difference between the

nominal exchange rate lagged by one month and the exchange rate two months prior. The medium

target is not calculated as it would be the same as the short target. The long targets are still based

on Eq. 1 in the paper after substituting the 260 business days with 12 months per year. The binary

indicators for pre- and post- election take the value of one the month before and after an election,

respectively.
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Table A15: Ordered Probit Regression - Monthly

Dependent variable:

Forex Intervention (-1 buy local, sell foreign / 0 / +1 buy foreign, sell local)

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

Polarity (t-1) 4.610→→→ 2.245→→→ 2.337→→→ 2.435→→ 2.322→→ 2.483→→
(0.203) (0.231) (0.248) (0.286) (0.315) (0.314)

Intervention (t-1) 5.240→→→ 5.228→→→ 5.226→→→ 5.230→→→ 5.209→→→
(0.204) (0.204) (0.204) (0.204) (0.204)

ER Short Target 5.639 3.840 5.625 6.958
(3.752) (3.976) (3.753) (3.809)

ER Long Target (1 year mov.av.) 1.873
(2.141)

ER Long Target (3 year mov.av.) 0.963
(1.178)

ER Long Target (5 year mov.av.) 1.368
(0.982)

Pre-election (Binary) 0.987 0.955 0.952 0.948 0.952 0.957
(0.347) (0.406) (0.407) (0.406) (0.407) (0.407)

Post-election (Binary) 0.784 0.629 0.627 0.622 0.627 0.628
(0.351) (0.387) (0.388) (0.389) (0.388) (0.388)

Observations 307 307 307 307 307 307
Log Likelihood ↑164.120 ↑128.719 ↑128.612 ↑128.569 ↑128.612 ↑128.561
McFadden’s Pseudo R2 0.196 0.369 0.370 0.370 0.370 0.370

Note: Coefficients exponentiated. Standard errors in parentheses. *p<0.05; **p<0.01; ***p<0.001.
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Next, we rerun the models including the exchange market pressure (EMP) index for the Japanese

yen. We collect the data from Patnaik, Felman, and Shah (2017). We start by simply adding the

index as control variable in all models. Unfortunately, this data is only available for the 1995-2013

period, thus reducing the size of the dataset. Table A16 shows that the results hold for all models

except one.

The EMP is constructed based on the change in the exchange rate and the counterfactual that

we would expect under no central bank intervention (for the details, see Patnaik et al., (2017). As

such, it already incorporates information contained in the exchange rate, at least in the short term,

as well as in the lagged interventions, thus raising the issue of multicollinearity and attenuation

bias. To avoid it, we rerun the models after excluding the short target first (Table A17), and then

both the short target the lagged intervention variable (Table A18).

Finally, the authors also provide the upper and lower bounds of their estimates of Exchange

Market Pressure. To ensure that our results are robust to measurement error, we re-fit the final

models (without the lagged dependent variable and the short target exchange rate) after substituting

the mean EMP index with its low (Table A19) and high estimates (Table A20).
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Table A16: Ordered Probit Regression - Controlling for Exchange Market Pressure (I)

Dependent variable:

Forex Intervention (-1 buy local, sell foreign / 0 / +1 buy foreign, sell local)

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

Polarity (t-1) 4.059→→→ 2.623→→ 2.554→→ 2.127→ 1.983 2.502→
(0.298) (0.318) (0.332) (0.362) (0.381) (0.430)

EMP (t-1) 0.993 1.014 1.015 1.013 1.014 1.015
(0.009) (0.011) (0.011) (0.011) (0.011) (0.011)

Intervention (t-1) 4.326→→→ 4.337→→→ 4.138→→→ 4.222→→→ 4.343→→→
(0.276) (0.276) (0.279) (0.276) (0.276)

ER Short Target 0.311 2.154 0.303 0.289
(4.445) (4.761) (4.478) (4.551)

ER Long Target (1 year mov.av.) 0.048
(2.670)

ER Long Target (3 year mov.av.) 0.175
(1.458)

ER Long Target (5 year mov.av.) 0.908
(1.288)

Pre-election (Binary) 1.039 0.943 0.947 0.970 0.927 0.946
(0.448) (0.514) (0.513) (0.521) (0.519) (0.514)

Post-election (Binary) 0.612 0.485 0.487 0.501 0.482 0.487
(0.464) (0.489) (0.489) (0.491) (0.492) (0.489)

Observations 216 216 216 216 216 216
Log Likelihood ↑102.793 ↑88.063 ↑88.028 ↑87.373 ↑87.300 ↑88.025
McFadden’s Pseudo R2 0.161 0.282 0.282 0.287 0.288 0.282

Note: Coefficients exponentiated. Standard errors in parentheses. *p<0.05; **p<0.01; ***p<0.001.
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Table A17: Ordered Probit Regression - Controlling for Exchange Market Pressure (II)

Dependent variable:

Forex Intervention (-1 buy local / 0 / +1 buy foreign)

(1) (2) (3) (4) (5)

Polarity (t-1) 4.059→→→ 2.623→→ 2.114→ 2.035 2.611→
(0.298) (0.318) (0.360) (0.371) (0.403)

EMP (t-1) 0.993 1.014 1.014 1.013 1.014
(0.009) (0.011) (0.011) (0.011) (0.011)

Intervention (t-1) 4.326→→→ 4.154→→→ 4.210→→→ 4.327→→→
(0.276) (0.277) (0.276) (0.276)

ER Long Target (1 year mov.av.) 0.056
(2.499)

ER Long Target (3 year mov.av.) 0.175
(1.459)

ER Long Target (5 year mov.av.) 0.978
(1.261)

Pre-election (Binary) 1.039 0.943 0.971 0.923 0.943
(0.448) (0.514) (0.520) (0.520) (0.514)

Post-election (Binary) 0.612 0.485 0.501 0.481 0.485
(0.464) (0.489) (0.491) (0.493) (0.489)

Observations 216 216 216 216 216
Log Likelihood ↑102.793 ↑88.063 ↑87.386 ↑87.336 ↑88.063
McFadden’s Pseudo R2 0.161 0.282 0.287 0.288 0.282

Note: Coefficients exponentiated. Standard errors in parentheses. *p<0.05; **p<0.01; ***p<0.001.
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Table A18: Ordered Probit Regression - Controlling for Exchange Market Pressure (III)

Dependent variable:

Forex Intervention (-1 buy local / 0 / +1 buy foreign)

(1) (2) (3) (4)

Polarity (t-1) 4.059→→→ 2.885→→ 2.888→→ 4.407→→→
(0.298) (0.346) (0.359) (0.383)

EMP (t-1) 0.993 0.993 0.992 0.993
(0.009) (0.009) (0.009) (0.009)

ER Long Target (1 year mov.av.) 0.014
(2.384)

ER Long Target (3 year mov.av.) 0.113
(1.373)

ER Long Target (5 year mov.av.) 1.503
(1.188)

Pre-election (Binary) 1.039 1.084 1.015 1.044
(0.448) (0.456) (0.453) (0.449)

Post-election (Binary) 0.612 0.642 0.610 0.610
(0.464) (0.469) (0.467) (0.465)

Observations 216 216 216 216
Log Likelihood ↑102.793 ↑101.127 ↑101.502 ↑102.735
McFadden’s Pseudo R2 0.161 0.175 0.1752 0.162

Note: Coefficients exponentiated. Standard errors in parentheses. *p<0.05; **p<0.01; ***p<0.001.
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Table A19: Ordered Probit Regression - Controlling for Exchange Market Pressure (IV)

Dependent variable:

Forex Intervention (-1 buy local / 0 / +1 buy foreign)

(1) (2) (3) (4)

Polarity (t-1) 3.623→→→ 2.340→ 2.803→→ 5.107→→→
(0.328) (0.381) (0.397) (0.429)

EMP (low) (t-1) 0.915→→→ 0.916→→→ 0.916→→→ 0.913→→→
(0.014) (0.014) (0.014) (0.014)

ER Long Target (1 year mov.av.) 0.003→
(2.953)

ER Long Target (3 year mov.av.) 0.186
(1.562)

ER Long Target (5 year mov.av.) 5.589
(1.339)

Pre-election (Binary) 0.804 0.855 0.785 0.824
(0.546) (0.566) (0.553) (0.548)

Post-election (Binary) 0.548 0.595 0.554 0.526
(0.523) (0.530) (0.522) (0.530)

Observations 216 216 216 216
Log Likelihood ↑73.058 ↑70.898 ↑72.465 ↑72.231
McFadden’s Pseudo R2 0.411 0.428 0.436 0.428

Note: Coefficients exponentiated. Standard errors in parentheses. *p<0.05; **p<0.01; ***p<0.001.
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Table A20: Ordered Probit Regression - Controlling for Exchange Market Pressure (IV)

Dependent variable:

Forex Intervention (-1 buy local / 0 / +1 buy foreign)

(1) (2) (3) (4)

Polarity (t-1) 6.282→→→ 4.745→→→ 4.324→→→ 5.404→→→
(0.323) (0.377) (0.382) (0.392)

EMP (high) (t-1) 0.951→→→ 0.953→→→ 0.950→→→ 0.949→→→
(0.014) (0.014) (0.014) (0.014)

ER Long Target (1 year mov.av.) 0.034
(2.442)

ER Long Target (3 year mov.av.) 0.081
(1.434)

ER Long Target (5 year mov.av.) 0.427
(1.261)

Pre-election (Binary) 0.957 0.994 0.931 0.943
(0.459) (0.466) (0.466) (0.460)

Post-election (Binary) 0.535 0.556 0.525 0.535
(0.498) (0.501) (0.503) (0.499)

Observations 216 216 216 216
Log Likelihood ↑97.421 ↑96.443 ↑95.840 ↑97.192
McFadden’s Pseudo R2 0.215 0.222 0.227 0.216

Note: Coefficients exponentiated. Standard errors in parentheses. *p<0.05; **p<0.01; ***p<0.001.
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In the next set of specifications, we control for the real effective exchange rate (REER). The

REER data comes from Darvas (2021). We use the measure based on 51 trading partners as it

is the only one covering the full period under study. First, we simply add the lagged REER as

a further control variable. Table A21 shows the results. Once again, the REER already contains

some information from the nominal exchange rate which is used to construct the short target, thus

possibly resulting in multicollinearity and attenuation bias. As such, we re-calculate the short and

long exchange rate targets based on the REER (rather than the nominal exchange rate) and re-fit

the models controlling for the “REER Targets.” As shown in Table A22, the results across all six

models.
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Table A21: Ordered Probit Regression - Controlling for the Real Effective Exchange Rate (I)

Dependent variable:

Forex Intervention (-1 buy local, sell foreign / 0 / +1 buy foreign, sell local)

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

Polarity (t-1) 3.486→→→ 1.902→ 1.925→ 2.001→ 2.039→ 2.124→
(0.232) (0.255) (0.281) (0.315) (0.330) (0.331)

REER (t-1) 1.015→ 1.011 1.010 1.010 1.011 1.011
(0.006) (0.007) (0.007) (0.007) (0.007) (0.007)

Intervention (t-1) 5.058→→→ 5.058→→→ 5.057→→→ 5.026→→→ 5.007→→→
(0.205) (0.205) (0.205) (0.206) (0.206)

ER Short Target 1.500 1.051 1.437 2.038
(3.891) (4.107) (3.892) (3.925)

ER Long Target (1 year mov.av.) 1.793
(2.145)

ER Long Target (3 year mov.av.) 1.506
(1.220)

ER Long Target (5 year mov.av.) 1.781
(1.002)

Pre-election (Binary) 0.971 0.951 0.950 0.947 0.955 0.960
(0.352) (0.410) (0.410) (0.410) (0.410) (0.410)

Post-election (Binary) 0.774 0.622 0.622 0.618 0.624 0.624
(0.351) (0.385) (0.385) (0.386) (0.386) (0.385)

Observations 307 307 307 307 307 307
Log Likelihood ↑160.963 ↑127.529 ↑127.523 ↑127.486 ↑127.467 ↑127.357
McFadden’s Pseudo R2 0.211 0.375 0.375 0.375 0.375 0.376

Note: Coefficients exponentiated. Standard errors in parentheses. *p<0.05; **p<0.01; ***p<0.001.
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Table A22: Ordered Probit Regression - Controlling for the Real Effective Exchange Rate (II)

Dependent variable:

Forex Intervention (-1 buy local, sell foreign / 0 / +1 buy foreign, sell local)

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

Polarity (t-1) 4.610→→→ 2.245→→→ 2.322→→→ 2.628→→→ 2.485→→→ 2.012→
(0.203) (0.231) (0.244) (0.252) (0.266) (0.276)

Intervention (t-1) 5.240→→→ 5.224→→→ 5.418→→→ 5.325→→→ 5.039→→→
(0.204) (0.204) (0.207) (0.207) (0.206)

REER Short Target 0.987 0.999 0.987 0.990
(0.029) (0.030) (0.029) (0.030)

REER Long Target (1 year mov.av.) 0.953→
(0.024)

REER Long Target (3 year mov.av.) 0.990
(0.016)

REER Long Target (5 year mov.av.) 1.013
(0.012)

Pre-election (Binary) 0.987 0.955 0.943 0.996 0.942 0.937
(0.347) (0.406) (0.407) (0.407) (0.405) (0.410)

Post-election (Binary) 0.784 0.629 0.627 0.623 0.624 0.621
(0.351) (0.387) (0.388) (0.388) (0.388) (0.388)

Observations 307 307 307 307 307 307
Log Likelihood ↑164.120 ↑128.719 ↑128.618 ↑126.541 ↑128.412 ↑128.031
McFadden’s Pseudo R2 0.196 0.369 0.370 0.380 0.371 0.373

Note: Coefficients exponentiated. Standard errors in parentheses. *p<0.05; **p<0.01; ***p<0.001.
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Finally, central bank intervention is not the only way to improve the competitiveness of ex-

porting firms. In the following, we replace our dependent variable with the Central Bank Discount

Rate, i.e. the interest rate that a central bank charges commercial banks and financial institutions

for borrowing funds, typically through short-term loans. The standard uncovered interest parity

condition implies that a lower interest rate will lead to an expectation of depreciation. The data

comes from FRED St. Louis and is available for the full period. Table A23 shows the results for

the models with the discount rate in levels. The discount rate is expressed in percentage points and

ranges from a minimum of 0.10 to a maximum of 6.00 with a mean of 1.14 and a standard devia-

tion of 1.58. The models show a small but precisely estimated (except for Model 1) decrease in the

discount interest rate. Nevertheless, the discount interest rate is a slow-moving variable, changing

its value only 29 times in our sample. As such, it is likely better to directly model the change in the

interest rate. In Table A24 we replace the interest rate in levels with its first difference and rerun

the models. The change in the discount rate ranges from a minimum 0f -0.75 to a maximum of

1.00 with a mean of -0.007 and a standard deviation of 0.14.
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Table A23: Linear Models - Discount Interest Rate (I)

Dependent variable:

Discount Interest Rate

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

Polarity (t-1) ↑0.181 ↑0.051→→ ↑0.055→→ ↑0.055→ ↑0.050→ ↑0.087→→
(1.348) (0.019) (0.019) (0.022) (0.024) (0.027)

Discount rate (t-1) 0.994→→→ 0.994→→→ 0.994→→→ 0.994→→→ 0.991→→→
(0.011) (0.011) (0.011) (0.011) (0.011)

ER Short Target ↑0.183 ↑0.181 ↑0.179 ↑0.322
(0.342) (0.371) (0.336) (0.349)

ER Long Target (1 year mov.av.) ↑0.003
(0.158)

ER Long Target (3 year mov.av.) 0.035
(0.087)

ER Long Target (5 year mov.av.) ↑0.204→
(0.084)

Pre-election (Binary) ↑0.031 0.065 0.065 0.065 0.066 0.062
(0.609) (0.055) (0.055) (0.055) (0.056) (0.055)

Post-election (Binary) ↑0.052 0.009 0.010 0.010 0.010 0.007
(0.605) (0.014) (0.014) (0.015) (0.014) (0.016)

Constant 1.293 0.036→ 0.040→→ 0.040→ 0.036 0.059→→
(2.952) (0.015) (0.014) (0.016) (0.018) (0.019)

Observations 307 307 307 307 307 307
Adj. R2 0.004 0.992 0.992 0.992 0.992 0.992

Note: Newey West Standard Errors in Parenthesis. *p<0.05; **p<0.01; ***p<0.001.
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Table A24: Linear Models - Discount Interest Rate (II)

Dependent variable:

Change in the Discount Interest Rate

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

Polarity (t-1) ↑0.050→→ ↑0.050→→ ↑0.053→→ ↑0.051→ ↑0.047 ↑0.078→→
(0.019) (0.019) (0.020) (0.023) (0.026) (0.028)

ER Short Target ↑0.151 ↑0.170 ↑0.147 ↑0.246
(0.341) (0.368) (0.338) (0.349)

ER Long Target (1 year mov.av.) 0.034
(0.150)

ER Long Target (3 year mov.av.) 0.050
(0.089)

ER Long Target (5 year mov.av.) ↑0.162
(0.083)

Pre-election (Binary) 0.066 0.066 0.066 0.066 0.066 0.064
(0.054) (0.054) (0.055) (0.055) (0.055) (0.053)

Post-election (Binary) 0.009 0.009 0.010 0.010 0.010 0.008
(0.014) (0.014) (0.014) (0.015) (0.014) (0.016)

Constant 0.029 0.029 0.032 0.030 0.027 0.044
(0.019) (0.019) (0.019) (0.022) (0.024) (0.023)

Observations 307 307 307 307 307 307
Adj. R2 0.047 0.047 0.047 0.047 0.048 0.058

Note: Newey West Standard Errors in Parenthesis. *p<0.05; **p<0.01; ***p<0.001.
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A.10 Nominal Exchange Rates and Industry Pressure in Japan and Korea

Finally, we also perform analogous tests on Japanese and Korean data using the effect of our

polarity measure on the exchange rate itself. For Korea, we use news articles from the Korean

Hankyung over the period 1994-2021. Unfortunately, we do not have official foreign exchange rate

intervention data available in the case of Korea. Doing so requires changing the temporal structure

of the model. The full causal chain linking industry lobbying to exchange rate depreciation via

foreign exchange interventions seems unlikely to unfold within one day. As such, we run the

analysis at the weekly level.

We can test how our polarity measure is related to the nominal exchange rate in a dynamic

system with multiple time-series variables. By modeling the over-time interdependency of the

variables, we track how shocks propagate through the system. Doing so is particularly advanta-

geous in the case of Japan, for which we have the official intervention variable. Modeling the

nominal exchange rate as a function of the central bank intervention (among other factors) cre-

ates feedback loops (e.g., the policy changes affect the markets and the markets affect the policy

decisions). For this reason, the literature on the effect of foreign exchange intervention on the

exchange rates often relies on Vector Autoregressions (VAR) or Local Projections (e.g., Menkhoff,

Rieth, and Stöhr 2021). We follow this lead and estimate a set of VAR models focusing on how a

shock to our polarity measure propagates through the system and affects the exchange rate.

We include three endogenous variables: intervention (ordered categorical), polarity, and the

nominal exchange rate. As in the previous section, the exchange rate is coded such that a shock

in the negative direction captures depreciation. In the case of Korea, we do not have the official

intervention data, so it is a bivariate system. The optimal lag length is chosen according to the

information criteria (allowing for a maximum of fifty lags), indicating five for Japan and twenty-

three for Korea. We run unit root tests to assess stationarity. The nominal exchange rate is the

only non-stationary variable, so that we use the first difference of the logged exchange rate as an

approximation of the exchange rate growth (the replication package shows substantively identical

results if we use the actual growth rate). Each system of equations also includes three exogenous
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regressors that can affect the endogenous variables contemporaneously: The pre- and post-election

dummies and the long target. We include the long target, but not the medium target as the former is

more likely to be exogenous. We show the results for the long target based on one year (52 weeks),

but the conclusions remain the same if we use the long targets based on 3 or 5 years (available in

the replication package). After fitting the reduced-form model, we test to ensure that the residuals

are white noise. We rely on both the Ljung-Box and Breusch-Godfrey test and vary the lag length

of the tests three times. We do not detect any autocorrelation in the residuals according to at least

five tests out of six across all models mentioned in this section.

Below, we show the orthogonalized impulse response functions with 68% error bars based on

bootstrapped standard errors (100 repetitions). We rely on the standard Cholesky decomposition

to identify the shocks. As such, the ordering of the variables matters. Luckily, our theory has a

relatively straightforward implication: we expect lobbying pressure to affect the central bank in-

tervention first, and only later the exchange rate, so the polarity measure can affect intervention

and the exchange rate only with a lag, but not contemporaneously. At the same time, a vast liter-

ature in international economics (Menkhoff, Rieth, and Stöhr 2021) suggests that while exchange

rate movements do not affect central bank intervention immediately (since monetary authorities

are more concerned with the longer-term trajectory of the exchange rate, which is the reason why

we have included these terms in all our models), central bank interventions do affect exchange rate

contemporaneously (at times, only within the very day of the intervention). Hence, the intervention

variable is ordered first, followed by the nominal exchange rate and, finally, our polarity measure.

Of course, in the case of Korea we have only the nominal exchange rate followed by our polarity

measure. The orthogonalized IRF graphs in figure A6 below show how a one-standard deviation

shock to our polarity score affects the exchange rate over time in Japan and Korea, respectively.

They are based on the VAR(5) and VAR(23) including both a constant and a trend. Results omitting

the trend are virtually identical and available in the replication package).
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Figure A6: Orthogonalized IRFs
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