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Extracting information from low 
coverage features to forecast 
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Forecasting fundamental data is a strong portfolio management 
strategy (Chauhan, L., Alberg, J. and Lipton, Z., 2020 [1])
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Incorporating alternative data can improve the prediction 
performance 

5

Benefits
• Timeliness
• Uncovering Hidden Insights
• Competitive Edge

Challenges
• Integration with Traditional Data
• Costly
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Benefits
• Timeliness
• Uncovering Hidden Insights
• Competitive Edge

Challenges
• Integration with Traditional Data
• Costly

Q1 : How can we extract the most information from small 
sample of alternative data ? 

Q2 : How can a small sample help guide the acquisition 
of additional observations of alternative data? 



Aggregating alternative data leads to high missing ratios
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Period Company Location Traffic Patent 
Filings

Consumer 
Sentiment

Average 
temperature 

Earning 
Surprise

01/01/2023 Coca-Cola coca-cola.com Missing 3 Missing 13 +2%

01/04/2023 Coca-Cola coca-cola.com Missing 2 Missing 16 -3%

01/07/2023 Coca-Cola coca-cola.com Missing 6 Missing 15 +5%

01/01/2023 Netflix Netflix.com/CA/ 6,000,000 Missing -0.1 -12 -1%

01/01/2023 Netflix Netflix.com/UK/ Missing Missing Missing Missing -2%

01/04/2023 Netflix Netflix.com/CA/ 2,000,000 Missing 0.4 0 +1%

01/01/2023 Apple Apple Store, New 
York

Missing Missing Missing 3 +3%

01/04/2023 Apple Apple Store, New 
York

Missing Missing Missing 8 +2%

01/07/2023 Apple Apple Store, New 
York

Missing Missing Missing 23 +1%



Four types of missing values patterns [3] 

Type 1: Random Type 2:  Temporal Monotone Type 3:  Entity Monotone Type 4:  Block Monotone



Multi-View imputation to reconstruct 
incomplete data
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Standard imputation techniques
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Simple Advanced

Mean, median, mode
Most frequent value

Forward/Backward Fill

Matrix completion
Maximum likelihood

Cluster-based
Regression

Interpolation

Limitations: 
- Do not fully leverage the structure/pattern present in the data.
- Not robust to all missingness scenarios.
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Standard methods fail to leverage all the structures present 
in the data

13Clustering of the S&P 500 [4]
Seasonality of the S&P 500 [3]



A more informed technique: Multi-View imputation (Li, L., 
Zhang, J., Wang, Y. and Ran, B., 2018. [3])
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Ensemble of four views:

• Local temporal : captures the 
local variations over short 
periods.

• Local spatial: captures the 
local structural variations 
between entities. 

• Global temporal: captures the 
global variation over long 
periods.

• Global spatial: captures the 
global structural relationships 
between different entities.



A more informed technique: Multi-View imputation (Li, L., 
Zhang, J., Wang, Y. and Ran, B., 2018. [3])
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Advantage over standard methods
• Robust across different 

missingness patterns and ratio 
levels. 

• Adaptable to different data 
structures.



Benchmarking Multi-View imputation on 
datasets with various structures
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Generating panel datasets with different structures
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(i) Sine Wave Clusters (ii) Clusters of Additive Component 
Time Series



Generating panel datasets with different structures
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(iii) Clusters of AR(3) series (iv) NN5 (UK ATMs cash withdrawal) 



Generating panel datasets with different structure and 
missing values patterns

19Type 1: Random Type 2:  Temporal Monotone



Performance metric: Mean Absolute Scaled Error (MASE) 
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• ej is the forecast error for a given period.
• The denominator is the Mean Absolute Error of the one-step 

naïve forecast method on the training set of length T.



Multi-View is competitive on random missing values 
across all datasets
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(i) (ii)

(iii) (iv)



Multi-View is superior on monotone missing values 
across all datasets
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(i) (ii)

(iii) (iv)



Further work
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I. Benchmark of Multi-View Imputation
a) Extend to datasets with different structures and missingness patterns.
b) Quantify how much of the structure is well-modelled by the different 

models within Multi-View.
II. Apply Multi-View to the problem of fundamental forecasting with alternative 

features
a) Explore the structures present datasets of conventional mixed with 

alternative data.
b) Compare the performance between models using Multi-View 

imputation and other imputation methods
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Summary
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I. Predicting fundamental values is a challenging task, yet it holds the 
potential to create highly effective portfolio strategies.

II. Incorporating alternative data could enhance predictions, though such data 
is often limited and/or not easily accessible.

III. Multi-View imputation is a robust method capable of accurately estimating 
missing values in structured data.

IV. Future work will focus on assessing the improvements this method brings 
to the fundamental forecasting problem by addressing the sparsity of 
alternative data.



Thank you for your attention 
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