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The goals of the experiment: 

• Introduce machine-learning techniques that rely on graphs as a fundamental 

approach for structuring, analyzing and forecasting COVID-19-related data

• Build a topological model (a graph) for the time series of COVID-19 confirmed 

cases in the USA

• Focusing on the geometric properties of data, assess the prediction accuracy 

of various existing forecasting models

• Using the topological model, build dynamic ensembles of forecasts with 

improved prediction accuracy

• Compare dynamic ensembles with the CDC forecasting ensemble



Experiment step-by-step:

1) Process epidemic data (of COVID-19 daily cases within the USA)

2) Using Topological Data Analysis, build a graph to unveil geometric 

properties and hidden interdependencies of the dataset

3) Select the best-performing forecasting models from the CDC-studied list of 

models 

4) Based on the TDA graph, build dynamic ensembles of the selected models

5) Evaluate and compare the dynamic ensembles with the CDC ensemble and 

other models  



S T E P  1 .  

P R O C E S S  E P I D E M I C  D ATA



Mathematical models for forecasting COVID-19 development

Modified Susceptible-Infected-

Removed (SIR) compartmental 

models

CovidAnalytics-DELPHI

model from CovidAnalytics

and MIT

CU-nochange, CU-select 

models from Columbia 

University 

JHU_IDD-CovidSP from 

Johns Hopkins ID 

Dynamics COVID-19 

Working Group

MOBS-GLEAM_COVID

from MOBS Lab at 

Northeastern University

Machine learning techniques, 

neural networks

JHU_CSSE-DECOM

from the CSSE at Johns 

Hopkins University

MIT_ISOLAT-Mixtures

from IDSS COVID-19 

Collaboration (Isolat) at 

MIT

UMich-RidgeTfReg from 

the University of 

Michigan

Microsoft-DeepSTIA

from Microsoft

Combinations of machine learning 

methods, neural networks and 

compartmental models 

MIT-Cassandra from the 

MIT-Cassandra team

UCF-AEM from the 

University of Central 

Florida

UVA-Ensemble from the 

University of Virginia 

and Biocomplexity

COVID-19 Response 

Team

CDC GitHub repository includes 

more than 100 models 



      

                 

                    

   

   

   

      

                   

                                               

        

      

      

      

      

  
 
  

 
 
  

 
 
 
 
 

COVID-19 time series

The epidemic curve for weekly incident cases of COVID-19 within the USA



𝐼𝑆𝛼 𝐹, 𝑦 = 𝑢 − 𝓁 +
2

𝛼
⋅ 𝓁 − 𝑦 ⋅ 𝟏 𝑦 < 𝓁 +

2

𝛼
⋅ 𝑦 − 𝑢 ⋅ 𝟏 𝑦 > 𝑢 ,

𝑊𝐼𝑆 𝐹, 𝑦 =
1

7
⋅ 𝑦 − 𝑚 + 0.5 ∙ 𝐼𝑆0.5 𝐹, 𝑦 + 0.2 ∙ 𝐼𝑆0.2 𝐹, 𝑦 + 0.05 ∙ 𝐼𝑆0.05 𝐹, 𝑦

where 𝑚 is the 50% quantile of 𝐹.

Evaluation of forecasts with 

Weighted Interval Score (WIS) 

where 𝑦 is a true value of the data, 

𝓁 , 𝑢 are the  𝛼/2 and 1 – 𝛼/2 quantiles of the prediction distribution 𝐹,
𝟏 is the indicator function.

The interval score (IS) for 1 − 𝛼 ⋅ 100% prediction interval is:

The weighted interval score (WIS) is a weighted sum of IS for α = 0.5,  0.2,  0.05 : 

Lower WIS means that the forecast is more accurate



S T E P  2 .  

B U I L D I N G  T H E  G R A P H  U S I N G  

T O P O L O G I C A L  D ATA A N A LY S I S



Each node represents one 

subject

Two nodes are connected 

if they are similar, within stratifying 

bins, in terms of outcomes

TDA

Topological Data Analysis (TDA) is a modern 

assumption-free approach for data analysis 

based on geometric properties of the dataset 



In our experiment:

• Each node corresponds to a segment of the time series, 

transformed to a point in a multidimensional space.

• Transformation is done using Takens’ embedding:

• We select 𝜏=1 (time delay) and  d=12 (embedding dimension) by the method of mutual 

information and the method of false nearest neighbors, respectively.

Thus, we encode the information of the 

time series  as a point-cloud of outcomes in 

12-dimensional space

time series 

𝑥1, 𝑥2, … , 𝑥𝑁

set of points of the form

𝑥𝑖 , 𝑥𝑖+𝜏, 𝑥𝑖+2𝜏, … , 𝑥𝑖+ 𝑑−1 𝜏



In our experiment:

• Stratifying bins arrange segments into several 

overlapping groups. Bins are chosen based on the 

first eigenvector of a distance matrix with respect to 

outcomes.

• Similarity is then measured within each bin separately. 

Cosine metric as a distance function is used to reveal 

the segments of time series with “similar behavior” 



Topological model of COVID-19 weekly cases in the USA

• Each node on the graph corresponds to a 

segment of length 12 weeks on the epidemic 

curve (total 98 nodes)

• Two nodes are connected with an edge if the 

corresponding segments have similar behavior 

(increasing, decreasing or plateau-like) 

• Similarity is measured by the cosine metric

• The color of nodes corresponds to the number of 

the week since the beginning of the pandemic: 

from a lighter color (yellow) to a darker color 

(brown) 



S T E P  3 .  

S E L E C T  B E S T- P E R F O R M I N G  

M O D E L S



Behavior of  the COVID-19 time series on the TDA graph

                                               

        

      

      

      

      

      

      

  
 
  

 
 
  

 
 
 
 
 

The time series for the USA and the TDA graph colored in 

accordance with the behavior of the curve: 

• increasing (red)

• decreasing (green) 

• plateau-like (white)



 
  

 
  

 

Coloring by WIS:

• lighter colors → lower WIS 

→ better forecasts

• darker colors → higher WIS 

→ worse forecasts  

• grey color means the 

absence of the forecast for 

this period

Identifying accuracy of models on the TDA graph



The idea of weighted dynamic ensemble

𝑤1𝑀1+…+𝑤𝑘𝑀𝑘

𝑀1

…

𝑀𝑘

• Assign weights 𝑤1, 𝑤2, … , 𝑤𝑘 to 

models 𝑀1, 𝑀2, … ,𝑀𝑘 , based 

on their performance in 

“similar” situations in the past 

• “Similar” situations can be 

detected by the TDA graph.

• Models with better forecasts in 

the past are assigned greater 

weights at present

At a forecasting point of interest:



S T E P  4 .  

B U I L D  D Y N A M I C  E N S E M B L E S



How to choose weights for the dynamic ensemble

1. Pick a forecasting point X (red) on the epidemic curve 

and the corresponding node on the graph (red)

X



How to choose weights for the dynamic ensemble

1. Pick a forecasting point X (red) on the epidemic curve 

and the corresponding node on the graph (red)

2. In the graph, find the closest neighboring node 

(green) which corresponds to the point Y (green) 

located in the past w.r.t. X on the time series

XY



                                          

                         

                   

                       

                       

                 

                             

                    

                                               

      

      

      

      

                                          

                         

                   

                       

                       

                 

                             

                    

                                               

      

      

      

      

Past

X

Y

How to choose weights for the dynamic ensemble

1. Pick a forecasting point X (red) on the epidemic curve 

and the corresponding node on the graph (red)

2. In the graph, find the closest neighboring node 

(green) which corresponds to the point Y (green) 

located in the past w.r.t. X on the time series

3. Select at least three models that provide forecasts at 

X and Y



1. Pick a forecasting point X (red) on the epidemic curve 

and the corresponding node on the graph (red)

2. In the graph, find the closest neighboring node 

(green) which corresponds to the point Y (green) 

located in the past w.r.t. X on the time series

3. Select at least three models that provide forecasts at 

X and Y

4. As lower WIS means better forecasts, at X we choose 

the weights for the selected models equal to reverse 

normalized values of WIS for these models at Y
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X

Y

How to choose weights for the dynamic ensemble



Dynamic Ensembles

                                          

                         

                   

                       

                       

                 

                             

                    

                                               

      

      

      

      

We build a weighted mean ensemble and call it the Dynamic Mean Ensemble (DMnE).

Similarly, the Dynamic Median Ensemble (DMdE) can be built.

X

Y



                                          

                         

                   

                       

                       

                 

                             

                    

                                                      

      

      

      

      

      

      

Epiweek 39 of 2020 (similar point in the past) Epiweek 44 of 2021 (forecasting point)

Detalization of the forecast at the point X

                                          

                         

                   

                       

                       

                 

                             

                    

                                                      

      

      

      

      

      

      

X

Y



S T E P  5 .  

C O M PA R E  D Y N A M I C  E N S E M B L E S  

W I T H  O T H E R  M O D E L S



Ensemble/confidence 

interval
50% 80% 95%

DMdE 0.360 0.616 0.732

Median 0.376 0.600 0.736

DMnE 0.412 0.684 0.800

Mean 0.384 0.640 0.792

CDC COVIDhub-

4_week_ensemble
0.356 0.608 0.776

Rates of fitting into the confidence intervals



Mean Ensemble vs. Dynamic Mean Ensemble (DMnE)

                                               

        

      

      

      

      

      

      

  
 
  

 
 
  

 
 
 
 
 

Coloring: green – the forecast of the DMnE is better (lower WIS)

red – the forecast of the Mean Ensemble is better

# green points = 45 

# red points     = 19
DMnE provides better forecasts in 

70% cases



                                               

        

      

      

      

      

      

      

  
 
  

 
 
  

 
 
 
 
 

CDC ensemble vs. Dynamic Mean Ensemble (DMnE)

Coloring: green – the forecast of the DMnE is better (lower WIS)

red – the forecast of the CDC ensemble is better

# green points = 39 

# red points     = 25  
DMnE provides better forecasts in 

61% cases

CTCM country prefix



Presentation takeaways:

1. Topological Data Analysis was used to build a model based on:

– embedding the COVID-19 time series into 12-dimensional space with the points 

corresponding to the segments of the epidemic curve

– similarity of the segment's behavior (increasing, decreasing, or plateau-like)

2. Dynamic ensembles of forecasts are constructed using TDA provide more accurate 

forecasts than the CDC ensemble and the unweighted ensemble built on the same set of 

forecasting models

Please download the paper to get more information about the design of the experiment and 

more findings discovered
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