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Overview Model Testing Results
Wall Street analyst reports contain detailed narrative insights that are We evaluated multiple LLMs on the processed text. Each chunk was Across the full dataset, firms showed clear differences and similarities in the sentiment
difficult to quantify, yet they play a major role in shaping market evaluated using Claude, Llama, and FinBERT through Databricks. We distribution of their analyst reports, both between each other and the market as a
expectations. Existing sentiment tools often miss the nuance in long-form standardized outputs into 1-7 Likert scores, recorded non-commentary whole.
equity research, especially when reports include mixed commentary, flags, and logged experimental settings to enable direct comparison across Top 5 Firms — Sentiment Distribution Bottom 5 Firms — Sentiment Distribution
technical language, or firm-specific context. models and prompt configurations. - . B L _ n = number of documents from firm
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We sought to answer the question: Can large language models accurately After producing the sentence dataset, we tested different strategies to 1 .- s : . ' i o
measure sentiment in Wall Street analyst reports, and how do design potentially make the models more accurate at analyzing sentiment similarly s - : * ' -
choices affect their performance? to our manual scoring. s ) . . : : 1 i
@ ——— ! . < . .
We built a pipeline to measure sentiment in analyst reports using LLMs Window Size L B et e g = B o S
(Claude, Llama, and FinBERT) and test how different design choices, such _ _ _ - j: —— o
as chunk size, prompting, and model selection, affect performance. We We te_sted the performance of the evaluatlop of c_hunks 01_‘ different sizes, e i 1
extract and structure report text, run standardized prompts in Databricks, including 1, 3, 5, and 7 sentences. A 5-line window yielded the best = ‘ 1
and compare model outputs to human ratings collected on a 1-7 scale. outcomes when compared to our manual scores. o7 et =il i3 L =10 nefé 2 er s
Distribution of Model-Manual Differences: 1-Line Windows Distribution of Model-Manual Differences: 3-Line Windows 5.43 5.17 5.14 4.97 4.94 4.40 4.37 4.16 411 3.99
. . 50 1 o n 50 1 o = Figure 5: Top and Bottom 5 Firms in Average Sentiment. When ranking all firms by their average sentiment score, the five
Prellmlnary MethOds &4 | % T . most positive firms showed median scores around 5.0-5.5, while the five most negative firms clustered around 4.0-4.4.
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In Phase 1, we developed a pipeline to convert analyst report PDFs into L resdualvodel-Manua) L redualvodel-Monua) R
. Distribution of Model-Manual Differences: 5-Line Windows Distribution of Model-Manual Differences: 7-Line Windows 5.0
a structured, sentence-level dataset. We extracted raw text using 60 g Mean 05 o0 e e 000
PyPDF, split it into full sentences, and assigned each sentence a unique U y 110
identifier before exporting it as a CSV. This dataset serves as the e mil e I ] .
foundation for chunking, prompt construction, and model inference in 4= . o 1002
later stages of the project. M —}—h 2 1 ¢
Text Extraction and Cleaning 0 g * ! y : 0 "'—‘_.2 g : T : g - 90 §
— S o T Semaneen — Sente.nces " TP — Residual (Model - Manual) Residual (Model - Manual) 4.4 5
E— oeor Dkss SeT O e ot D Modeling Pipeline: Generates the Figure 3: Distribution of Model - Manual Differences of 1-, 3-, 5-, and 7-Line Windows. The RMSE oo
il text from each page g e chunking, prompt consiructing, ang of the residuals decrease as window size increases, but becomes diminishing after 5 lines.
In oraer. segmentation. structured CSV. moael inference. 4.2
Few-Shot Prompting
Figure 1: Workflow used to convert analyst report PDFs into a structured sentence-level el
dataset. The resulting dataset serves as the standardized input for downstream chunking, We tested few-shot prom ptlng the models with examples to see if accu racy '
prompt construction, and model inference. would increase. More examples added noise instead of helping. ki
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50 - i 50 - B Figure 6: Gilead’s Moving Average Sentiment Score vs. Gilead’s Stock Price Over Time.
- 7 20 = 20 = While both sentiment and stock price fluctuate, the overall pattern indicates that analyst opinion
We scored a stratified Sample of S - e i e i contains useful information about market trends, particularly around inflection points.
chunks among reports on a 1-7
Likert scale. Aggregated ratings a - M m—rﬂ‘l’ Future Steps
served as ground truth for ' ‘ e b L | oL e L T
evaluating mOdel accuracy Distribution ofFb::::rjh(dp:::;l-giaf:::nces:Two-Shot Distribution ofMR:;i:Iu—ar\I/l;Tjaell;)Tf::::ces:Three-Shot NeXt SemeSter’ We WI” bUIId Iong- and Short-term tradlng porthIIO SImUIatlonS for eaCh
Models that score similarly to | o m RERLH o mm O - firm using our sentiment scores to test whether increases or decreases in analyst tone
manual scores are considered N - H can generate useful trading signals. These simulations will help determine firm
more accurate, Wh'(.:h Is key to 1 I accuracy and whether sentiment signals can guide basic investment decision-making.
verify when comparing models .
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consistent human judgment across raters. prompting aligns best with manual validation, while additional examples had negligible impacts.
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