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Part SM1. Prompt for Classifying Asset-specific Sentiment

You are a financial expert skilled in reading and summarizing financial news. Your task is to carefully read a news article that may discuss the performances of three different types of assets: bonds, stocks, and cryptocurrencies. After reading, you need to assess the sentiment towards each asset type. Specifically, look for texts that explicitly describe an asset, determine whether the tone is positive, negative, or mixed and briefly explain your rationale. Use only information from the article text itself to make your judgment. If a particular asset type is not directly mentioned in the article, its sentiment should just be labeled as ‘none’ and the explanation as ‘na’. Each asset type should be evaluated independently. Present your analysis in JSON format. For instance, your output should look like this: { ‘bond’: ‘none’, ‘stock’: ‘negative’, ‘crypto’: ‘mixed’, ‘reason’: {‘bond’: ‘na’, ‘stock’: ‘...’, ‘crypto’: ‘...’ } }.


Part SM2. Global Precision and Recall Metrics for Financial News Classification Tasks

	Model
	Asset
	Global Precision
	Global Recall

	GPT‑3.5 (title+first)
	Bond
	0.928
	0.872

	GPT‑3.5 (title+first)
	Stock
	0.300
	0.298

	GPT‑3.5 (title+first)
	Crypto
	0.998
	0.962

	GPT‑4 (title+first)
	Bond
	0.916
	0.916

	GPT‑4 (title+first)
	Stock
	0.586
	0.586

	GPT‑4 (title+first)
	Crypto
	0.996
	0.996

	GPT‑4o (title+first)
	Bond
	0.968
	0.956

	GPT‑4o (title+first)
	Stock
	0.765
	0.682

	GPT‑4o (title+first)
	Crypto
	1.000
	0.998

	GPT‑4o (full text)
	Bond
	0.954
	0.922

	GPT‑4o (full text)
	Stock
	0.734
	0.612

	GPT‑4o (full text)
	Crypto
	0.999
	0.998




Part SM3. Regression Results for Figure 1


	
	DV: Relative number of errors

	Number of entities
	-0.889***

	
	(0.162)

	Number of entities × Number of entities
	0.345**

	
	(0.125)

	Constant
	0.599***

	
	(0.0264)

	N
	500

	R2
	0.139


Standard errors in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001



Part SM4. Prompt for Classifying Brand-specific Product-harm Crisis Involvement

你是一位精通阅读和总结新闻的专家。你的任务是仔细阅读一篇可能讨论不同奶粉品牌质量问题的新闻文章。这六个品牌包括：三鹿，伊利，光明，南山，施恩，雅士利。阅读后，请判断每个品牌是否被提到当时有质量问题。具体来说，请查找明确描述其质量的段落，识别是否提及该品牌当时的负面质量问题。如果有质量问题请标记为 Y，报道时没有质量问题或者未提及该品牌请标记为 N。请仅基于文章中的信息来做出判断，并简要解释判断理由。每个品牌应独立分析。最终结果以 JSON 格式输出，例如：{ “三鹿”: “Y”,“伊利”:“N”,“光明”:“N”,“南山”:“Y”,“施恩”:“N”,“雅士利”:“N”,“理由”:{“三鹿”:“...”,“伊利”:“...”,“光明”:“...”,“南山”:“...”,“施恩”:“...”,“雅士利”: ...”}}。

Translation. You are an expert in reading and summarizing news articles. Your task is to carefully read an article that may discuss quality issues concerning different infant formula brands. These six brands include: Sanlu, Yili, Guangming, Nanshan, Scient, Yashili. After reading, determine whether each brand is mentioned as having quality issues at that time. Specifically, look for paragraphs that explicitly describe the quality of each brand at that time and identify if any negative quality issues are mentioned. Mark as ‘Y’ if there are quality issues, and ‘N’ if there are no quality issues mentioned, or the brand is not referenced. Make your judgment solely based on information in the article and provide a brief explanation for each determination. Each brand should be analyzed independently. Output the final result in JSON format, for example: { ‘Sanlu’: ‘Y’, ‘Yili’: ‘N’, ‘Guangming’: ‘N’, ‘Nanshan’: ‘Y”, ‘Scient’: ‘N’, ‘Yashili’: ‘N’, ‘Explanation’: { ‘Sanlu’: ‘...’, ‘Yili’: ‘...’, ‘Guangming’: ‘...’, ‘Nanshan’: ‘...’, ‘Scient’: ‘...’, ‘Yashili’: ‘...’ } }


Part SM5. Global Precision and Recall Metrics for Brand News Classification Tasks

gpt4o-mini model
	Brand
	Precision
	Recall

	三鹿
	0.6726
	0.9642

	伊利
	0.6122
	0.6977

	光明
	0.7067
	0.7067

	南山
	0.25
	0.6667

	施恩
	0.75
	0.5

	雅士利
	0.7917
	0.5429




gpt4o model
	Brand
	Precision
	Recall

	三鹿
	0.7495
	0.8875

	伊利
	0.6941
	0.686

	光明
	0.8909
	0.6533

	南山
	0.5
	0.6667

	施恩
	1
	0.5

	雅士利
	0.9375
	0.4286



