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Introduction  

• Digital Era Challenges: Amount of Data, Variety of Data 

• How to leverage both textual and numerical information into model? 

• Deep learning technique: NLP, Event embedding, Attention, BERT 

• Thai market challenges 

 

How can we utilize both numeric and textual data for market prediction? 

Google trends search term “ขา่วหุน้” 2011-2019 

SET index 2011-2019 

News headline effect, Ding et al 2015 
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Research Problem 

• Research Objectives:  
• Introduce deep learning as a tool analyze both textual and numerical data to set market index  
• Optimize and research on deep learning predictive models for the Thailand market 
• Comparative analysis of deep learning performance on textual and numeric data 

• Model Objective: Predict next day SET index returns 

• Deep learning Objective: 
• Deep learning architecture experiments 
• Tackle both textual and numerical features input 
• Explore textual representation approach 
• Model explainablity 

 

Purpose of our study 

Tokenization and word ambiguities challenges in Thai 

An integrated model for word segmentation, part-of-speech tagging, 
and transition-based dependency parsing, Kwankajornkiet C. 2016 
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Methodology 

1. News title data (Textual data) 
• Cleaning & Tokenization 
• Textual Representation 

2. Set index data (Numerical data) 
• Technical indicator generation 
• Normalization 

3. Deep learning model 
• Output trend tomorrow returns 

Proposed frameworks 
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Data 
Numerical & textual input features 

Dataset 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 

1 Training               Validate Testing     

2   Training             Validate Testing   

3     Training             Validate Testing 

• SET market index 2008 to 2019 ~  2,931  trading days 

• Thai economic news headlines from various online source ~ 885K news 

• 73 numeric timeseries (Price info +Technical indicators) 

 

 

 

 

  
Data period 

Jan-2008 to 
Dec-2017 

Jan-2009 to Dec-
2018 

Jan-2010 to Dec-
2019 

News 
headline 
records 

Training 600,220 631,296 604,764 
Validating 75,425 73,923 72,686 
Testing 73,923 72,686 62,756 

Trading days 
Training 1,952 1,949 1,950 

Validating 244 244 247 
Testing 244 247 244 
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Textual Representation 
Hierarchical neural network & BERT 

1. Hierarchical Neural Network Approach 
• Shi, L.  et al, DeepClue (2018) 
• Required tokenization  
• End to end model (backpropagate + 

weights updated during model training) 

2. BERT Aggregated Embedding approach 
• Devlin et al. (2018) 
• Best SOTA from Google 
• Unsupervised tokenization 
• Proposed a static embedding (BERT’s 

weights not updated) 

Shi, L., Teng, Z., Wang, L., Zhang, 

Y., and Binder, A.: ‘DeepClue: 

visual interpretation of text-based 

deep stock prediction’ 

Devlin, J., Chang, M.-W., Lee, K., and 

Toutanova, K.: ‘Bert: Pre-training of deep 

bidirectional transformers for language 

understanding’ 

State of the Art in NLP 
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Deep Learning Model 

Full model integrated model 

• 73 Numeric timeseries inputs (Price + TIs) 

• Textual Representation vectors 
• Hierarchical 

or 

• BERT 

• Concatenated vector  

• Fully connected prediction layer 

Integration between numeric and textual features 
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Experimental Setup 

Metrics: 

1. RMSE (root mean square error) 

2. Market prediction accuracy  

3. Hit profit (proposed metric, count profit when predict correct direction) 

Evaluation metrics and baselines 

𝑅𝑀𝑆𝐸 =
 𝑦 𝑡 − 𝑦𝑡

2𝑡=𝑛
𝑡=1

𝑛
 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

  ℎ𝑡 
𝑡=𝑛
𝑡=1

𝑛
 𝐻𝑖𝑡 𝑝𝑟𝑜𝑓𝑖𝑡 =   2ℎ𝑡 − 1 

𝑡=𝑛

𝑡=1

𝑦𝑡  

Baselines: 
1. SET INDEX (buy/hold) 
2. RANDOM (1000 simulations) 
3. LSTM (OHLC) 
4. LSTM (OHLC +TI) 

 
5. BERT NEWS 
6. BERT NEWS +LSTM TI 
7. HIERARCHY NEWS 
8. HIERARCHY NEWS +LSTM TI 
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Experimental Results 

Model RMSE Accuracy Hit profit 
SET INDEX - - - 
RANDOM  1.536% 50.1% 0.0% 

LSTM(OHLC) 0.587% 49.2% -5.8% 

LSTM(OHLC+TI) 0.586% 53.4% 4.6% 

BERT NEWS 0.589% 52.5% 0.3% 

BERT NEWS + LSTM TI 0.589% 49.7% 5.8% 

HIERARCHY NEWS 0.587% 51.2% 3.2% 

HIERARCHY NEWS + LSTM TI 0.590% 51.3% 10.1% 

Three-year average performances (model on best validate loss) 

RMSE: indifferent results 0.58-0.59%.  
 
Accuracy: LSTM(OHLC+TI) at 53.4%.  
HIERARCHY NEWS + LSTM TI ranks the third at 51.3%. 
 
 

Hit Profit: HIERARCHY NEWS + LSTM TI at 10.1%  
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Discussion 

Combination of textual features and 73 timeseries show best performance 

Effect of features types (numeric or textual) 

Input type Model RMSE Accuracy Hit profit 
Hit profit diff  Hit profit diff  

LSTM TI Textual model 

Numeric only 
LSTM(OHLC) 0.59% 49.20% -5.80% -10.30% - 

LSTM(OHLC+TI) 0.59% 53.40% 4.60% - - 

Textual only 
BERT NEWS 0.59% 52.50% 0.30% -4.30% - 

HIERARCHY NEWS 0.59% 51.20% 3.20% -1.40% - 

Numeric + Textual 
BERT NEWS + LSTM TI 0.59% 49.70% 5.80% 1.20% 5.50% 

HIERARCHY NEWS + LSTM TI 0.59% 51.30% 10.10% 5.60% 6.90% 
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Discussion 

Hierarchical outperforms BERT approach 

Textual representation approach 

Textual 
Representation 

Model RMSE Accuracy Hit profit 
Hit profit 
diff BERT 

BERT 
BERT NEWS 0.589% 52.5% 0.3% - 

BERT NEWS + LSTM TI 0.589% 49.7% 5.8% - 

HIERARCHY 

HIERARCHY NEWS 0.587% 51.2% 3.2% +3.0% 

HIERARCHY NEWS + 
LSTM TI 0.590% 51.3% 10.1% +4.4% 
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Explainability 
Integrated gradient 

Integrated gradient, Attribution method 

Sundararajan, M., Taly, A., and Yan, Q., 2017. Axiomatic attribution for deep networks. 



18 

Explainability 

Top 20 Positive   Importance Score   Top 20 negative   Importance Score  
 %                  4,153   -                (7,620) 

 เพ่ิม                  3,285   ไม่                (2,708) 
 หุน้                  2,698   ปี                (1,960) 
 ซ้ือ                  2,627   น้ี                (1,392) 
 ลด                  1,972   รับ                (1,360) 

 ไทย                  1,531   ข้ึน                (1,254) 
 ขาย                  1,452   โต                (1,227) 

 ราคา                  1,393   รัฐ                  (808) 
 ส่งออก                  1,265   อี                  (680) 

 !                  1,217   มี                  (605) 
 ใหม่                  1,170   ยงั                  (585) 
 ก าไร                  1,104   คน                  (479) 
 ปรับ                  1,076                 3                  (470) 
 เปิด                  1,041   แรก                  (438) 

 ลงทุน                  1,014   สอบ                  (437) 
 ธุรกิจ                    949   รายได ้                 (423) 

 พุง่                    937   มา                  (423) 
 ตลาด                    933   หม่ืน                  (415) 
 แบงก ์                   920                 2                  (411) 

 เร่ง                    871   เขา้                  (387) 

Importance score at word/sentence level 
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Conclusion 

Conclusion: 

• Improve the performance of the SET index prediction using textual representation and numerical time-series as inputs to 
the deep learning model 

• Hierarchical neural network structure represent textual information better than BERT embedding method 

• Interpretability framework could be added to visualize and debug model prediction 

Room for improvement 

• Extend deep learning to intra-day data (Implementation & resource challenges) 

• BERT embedding without aggregation but train model directly (resource challenges)  

• Explore deep learning with trading strategy-oriented objectives 

• Quantitative measures for model interpretability 
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Web 

URL  https://deep-insight-trader.web.app/ 

 

SET index prediction model 

https://deep-insight-trader.web.app/
https://deep-insight-trader.web.app/
https://deep-insight-trader.web.app/
https://deep-insight-trader.web.app/
https://deep-insight-trader.web.app/
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News headline visualization 
Web 



Thank you for your attention 
Q&A 



24 

Reference and resource 

Published paper: 

https://dl.acm.org/doi/proceedings/10.1145/3411174 

 

Research grants: 

https://www.set.or.th/th/setresearch/grant/research_grant.html 

 

https://dl.acm.org/doi/proceedings/10.1145/3411174
https://dl.acm.org/doi/proceedings/10.1145/3411174
https://dl.acm.org/doi/proceedings/10.1145/3411174
https://dl.acm.org/doi/proceedings/10.1145/3411174
https://www.set.or.th/th/setresearch/grant/research_grant.html


โดย  คณุธนวฒัน์ ชิวหวรรณ 
  อาจารยท่ี์ปรึกษา: ผศ. ดร. พีรพล เวทีกลู 
  คณะวิศวกรรมศาสตร ์จฬุาลงกรณ์มหาวิทยาลยั 

วนัท่ี 14 กนัยายน 2563 




