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Uncertainty and Prediction Intervals 

Measuring the Forecast Uncertainty as a result of 
multiple error sources:

● Confidence on Decisions
● Plan Different Strategies

Prediction intervals provide an upper and lower limit 
where the unknown future value is expected to lie in 
between.

Hyndman, R. J., Koehler, A. B., Ord, J. & Snyder, R. D. (2008), Forecasting with Exponential Smoothing: The State Space Approach, 1st edn, SpringerVerlag

Prediction Interval



Aim of this Work

Prediction Intervals are not as widely explored

A review of the existing methods on computing prediction intervals for 
statistical models

● Performance Comparison
● Advantages & Limitations

Evaluate if our understandings can be transferred to machine learning 
methods

https://financesonline.com/machine-learning-statistics/
https://www.zdnet.com/article/infographic-50-percent-of-companies-plan-to-use-ai-soon-but-havent-worked-out-the-details-yet/

https://financesonline.com/machine-learning-statistics/


Experimental Design

★ Statistical Models : 
○ Exponential Smoothing(ETS)
○ AICc

★ Evaluation Metric:
○ Interval Score
○ Geometric Mean Relative Absolute Error
○ Rolling Origin Evaluation with Re-Estimation

★ Time Series Data: Hyndman, R. J. & Athanasopoulos, G. (2018), Forecasting: principles and practice, 2nd edn, OTexts.

○ 76 Monthly TS(240 observations)
○ 88  Weekly (173 observations)
○ 89 Quarterly TS(36 observations)

Last Two Periods Are Kept as Test Set



Families of Methods

1. Algebraic - Theoretical 
1.1. Difficulties Estimating Conditional Variance

1.2. Errors ~ IID_N(0,σ2)

2. Simulation - Based methods -> Et ~ IID_N
2.1. Direct - Method
2.2. Mean - Sigma
2.3. Mean - Direct
2.4. Mean - KDE

3. Bootstrap - Based method -> Et ~ IID
4. Empirical Methods ->  Realistic Assumptions

4.1. Direct Empirical
4.2. KDE - Empirical



Machine Learning Set Up & Methods

Model Used : XGBoost. 

Automatic Fitting XGBoost Challenges:

1. Input Data: Sliding Window
2. Feature Selection : PACF 
3. Trend & Seasonality : Stationary TS
4. Hyperparameters : Random Search & CV

Only Empirical Methods Are Applicable

● No theoretical formulas 
● Poor Simulation - based Performance 



Results on ETS
Monthly & Weekly Series

● Bootstrap - Direct gave the best results on 
Monthly and Weekly series

● Empirical Performed Better than algebraic 
and equally well with simulation - based

● KDE - Approaches outperformed\

Quarterly Series with fewer observations:

● Simulation - based gave the best results
● Algebraic outperforming empirical



Results on XGboost

For monthly and weekly series:

● Direct Empirical gives promising 
results on earlier horizons

● Performance get worse for later ones

On quarterly series, empirical methods 
performed poorly.



Why XGBoost was outperformed?
● Automatically fitting XGBoost might not have worked for 

some models
● Manually fitting XGBoost should be a priority 

Empirical methods applied on a manually fitted XGBoost 
on a single time series outperforms every other method

★ Quarterly  -> Smaller MASE. Empirical methods don't work well on relative small 
training sample

★ Monthly & Weekly -> Good sample size for empirical methods. High MASE(bad 
point forecast) might be the reason for poorer performance

Mean Absolute Scaled Point Forecast Error was 
estimated to understand the performance of XGBoost



Correlation of Point Forecast and PI Estimation

Direct correlation between Absolute Error and Interval Score

● Best Intervals have small absolute point error
● A bigger point error results in poorer Intervals as it more 

challenging to include the true value of the series.

Model selection, in terms of point-forecast performance, is critical 
for Prediction Interval estimations, regardless of the used method
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Why Direct - Methods Perform Better??

Direct Extraction Outperformed KDE

● Direct methods get rid of the 
extreme observations on tails

● KDE tries to smoothly include all 
values on the distribution

A bigger error sample would give no gaps 
and a better fitted KDE

KDE would then perform much better

 

Direct
KDE



Conclusions on the Methods

★ Despite the wide usage of theoretical and simulation-based methods:
○ Heavy assumptions
○ No Better Performance
○ Risk of a Stock-Out

★ Bootstrap methods are not necessarily better than empiricals
○ Slightly Higher Interval Score ⇔ Slightly Wider Intervals
○ Bootstrap methods require the i.i.d assumption
○ Tighter Intervals might be unrealistic ⇔ Over/Under-Stocking  

★ Empirical Methods perform poorly on smaller data samples
○ Consider Bootstrap Methods

★ No standardized method for extracting a PI should be taken
○ Direct Methods perform better on smaller Sample Size
○ KDE works well on bigger error sample sizes



Conclusions on XGBoost

★ Empirical methods are applicable
○ Small Forecast Variance
○ No analytical expressions

★ Promising Results but:
○ Outperformed on smaller samples
○ Careful fitting and hyperparameters optimization

The model with the best point-forecast performance should be picked

Future work: The applicability of empirical methods on Deep Learning Models  
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