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Abstract

In this study we investigate how an ensemble of disease models can be conditioned to observational
data, in a bid to improve its predictive skill. We use the ensemble of influenza forecasting models
gathered by the US Centers for Disease Control and Prevention (CDC) as the exemplar. This
ensemble is used every year to forecast the annual influenza outbreak in the United States. The
models constituting this ensemble draw on very different modeling assumptions and approximations
and are a diverse collection of methods to approximate epidemiological dynamics. Currently, each
models' predictions are accorded the same importance, or weight, when compiling the ensemble's
forecast. We consider this equally-weighted ensemble as the baseline case which has to be improved
upon. In this study, we explore whether an ensemble forecast can be improved by "conditionine the
ensemble to whatever observational data is available from the ongoing outbreak. "Conditionine can
imply according the ensemble's members different weights which evolve over time, or simply perform
the forecast using the top k (equally-weighted) models. In the latter case, the composition of the
"top-k-see of models evolves over time. This is called "model averagine in statistics. We explore
four methods to perform model-averaging, three of which are new.. We find that the CDC ensemble
responds best to the "top-k-models" approach to model-averaging. All the new MA methods perform
better than the baseline equally-weighted ensemble. The four model-averaging methods treat the
models as black-boxes and simply use their forecasts as inputs i.e., one does not need access to the
models at all, but rather only their forecasts. The model-averaging approaches reviewed in this
report thus form a general framework for model-averaging any model ensemble.
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Executive Summary

In this study we investigate how an ensemble of disease models can be conditioned to observa-
tional data, in a bid to improve its predictive skill. The typical method to do so is model-averaging
(MA; also called stacking), which weighs each model's predictions based on the model's plausibility,
as conditioned on historical data. The challenge to date has been the sparsity of outbreak data -
given the tremendous variability of outbreaks of the same disease and the fact that models are in
constant flux, the data from multiple outbreaks cannot simply be concatenated together to set up
a conventional MA problem. In this study, we develop three new MA methods that are robust to
sparse data, and compare their performance to existing methods. We also investigate how we may
construct a shrunk ensemble that can be conditioned by the sparse data.

We use the seasonal influenza outbreak in the US as the exemplar, due to the easy avail-
ability of influenza forecasts from CDC's FluSight ensemble (https : / /predi ct . cdc.gov) and
CDC's syndromic surveillance FluView datasets (https: //gis . cdc . gov/grasp/fluview/
fluportaldashboard.html). Previous work on MA (but using smaller, less diverse ensemble
of influenza models) has shown that the primary benefit that conventional MA algorithms bestow
is a consistency of ensemble forecasts. Further, a raw ensemble is found to be less predictive than
a MA one.

Our first method is an adaptation of Dynamic Model Averaging (DMA). DMA sequentially
assimilates CDC FluView data and updates the model weights. The second and third methods
rely on using CDC FluView data to rank the models; the top three models' forecasts are simply
combined in an equally weighted manner. All three methods are robust to sparse data. We compare
them with Bayesian Model Averaging (BMA), the "standar& MA technique and an equally weighted
ensemble ("raw" ensemble). BMA is a "batch" method that uses all the data available to compute
model weights. If the ensemble is large and the data is small, BMA becomes unstable.

We find:

• The model-averaged predictions are more consistent than the forecasts from individual models.

• The DMA adaptation is better than the raw ensemble, indicating that it is a bona-fide MA
method.

• The two ranking-based methods are almost equal in their predictive skill.

• The ranking-based MA algorithms are far more predictive than the others.

• When constructing the shrunk ensemble, it is better to choose models based on their diversity.

• The shrunk ensemble has similar predictive skill as DMA.

• The BMA algorithm performed the worst. This was entirely due to the EM algorithm becom-
ing unstable for sparse data.

Looking forward, the study could be made more competitive by enhancing BMA with the de-
generate EM algorithm which is has been shown to be somewhat robust to sparse data. We also
discovered that the sole tuning parameter in DMA does not influence predictions much and and is
not an substantial source of improvement in predictive skill.
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Chapter 1

Introduction

Using an ensemble of models is a common tactic when attempting to forecast multi-
phenomenological processes. In such cases, not only must the models contain representations of
the individual phenomena, they also have to capture the interactions between the phenomena. If
the process is such that it repeats e.g., weather or annual outbreaks of endemic diseases, the inter-
actions between the phenomena may vary over time or space, creating a moving target for modelers
attempting to construct predictive models. This is the case in epidemiology, where annual outbreaks
are far from being identical. In such a case, it may be feasible to construct models that are predic-
tive only under specific conditions. However, an ensemble of models could, in principle, capture all
the relevant phenomena and their interactions, provided the ensemble's members are diverse (i.e.,
no duplicates) and the ensemble is large.

In some fortunate cases, the lack of predictive skill of a model may be due to uncertainty in the
model inputs e.g., parameters, initial and boundary conditions. However, if we have a prior belief
(in the form of a probability distribution) regarding what values the model inputs may assume, it
may be possible to sample realizations of the uncertain model inputs, use them to seed multiple
realizations of the same conceptual model and create a model ensemble. Note that the ensemble's
members are structurally identical. Further, if observations of the process are available, it is possible
to update the sampled realization so that the ensemble's predictions draw closer to the observed
data. This is the principle behind modeling paradigms as diverse as ensemble Kalman filters [8] and
random forests (Chp. 15 in Ref [16]).

In contrast to model input uncertainty, it is also possible that the lack of predictive accuracy
of a model stems from the approximations inherent in it i.e., it is structurally deficient. In such
a case, it is necessary that the ensemble contain models of very different structures. Further, the
ensemble's members will have parameters and other inputs that have nothing in common with each
other, and the modeling paradigms mentioned above are irrelevant when it comes to enhancing the
predictive skill of an ensemble of structurally diverse models. This is the case with epidemiological
models. The US Centers of Disease Control and Prevention (CDC) has assembled such an ensemble
of influenza models. The models are used to generate forecasts of the annual influenza outbreak.
The model forecasts do not, of course, agree, and the spread in forecasts is taken as measure of
the ensemble's predictive uncertainty. This approach accords equal weight to each of the ensemble
members. We refer to such an unweighted ensemble as a raw ensemble.

However, in most cases e.g., epidemiology of influenza, weather etc., one does have current
information from the outbreak, and it should be possible, in principle, to identify the models in an
ensemble that provide the best approximation to the data. Thus it should be possible to construct a
weighted ensemble, where the weights could evolve in time (or space) to preserve the predictive skill
of the ensemble. We call the process of estimating time-varying model weights from observational
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data conditioning an ensemble. In statistics, it is also called model averaging (MA). MA weighs the
predictions of models, does not modify any model inputs and apart from the predictions, requires
no other information e.g., gradients. MA is a class of "black-bof methods in the sense that the
details of the models do not need to be exposed to the MA algorithm. These properties of MA
allow it to be used with structurally dissimilar models in an ensemble.

There are many methods to perform MA (Chp. 8 in Ref. [16]). Technical challenges arise when
the ensemble is large and the observational data available for MA is small. This is the case addressed
in this study. One approach is to pick the best k models and simply use the mean forecast obtained
from this predictive cohort. This requires one to select k a priori, which can be subjective. It also
pose a challenge when a model provides multiple predictions (henceforth, quantities of interest or
QoIs) e.g., in epidemiology, a model might provide a 1-week-ahead forecast of disease incidence, a
forecast of the week when the outbreak will peak and what that peak might be. Each QoI might
provide a different set of top-k models, making the construction of a predictive cohort impossible.
The second approach assumes that the weights of models do not change rapidly in time and/or space.
In such a case, one may use spatial/temporal correlations to provide a constraint on the estimation
of weights (that the data fails to provide because of its sparsity). However, if the assumption of
correlation is false, this approach can lead to erroneous results and it might even be advantageous to
simply use the raw ensemble. The third approach computes the weights of models using a shrinkage
method such as LASSO (Chp. 3 in Ref. [16]). In the process of doing so, it performs a data-driven
pruning of the ensemble to recover a predictive cohort, without needing to specify a subjective k.
This approach is called stacking.

In this study, we will explore four different ways of MA the CDC ensemble. One of them,
Dynamic Model Averaging (DMA; [24]), estimates time-varying weights for all the models in the
ensemble. The second, Bayesian Model Averaging (BMA; [23]), generates static weights, but is
applied repeatedly with increasing amounts of data (as they become available during an outbreak),
to generate a time-series of model weights. The other two address the problem of sparse data by
choosing a predictive cohort of the three best models from the ensemble, and computing forecasts
by according them equal weights. The performance of these four methods are compared against the
predictive skill of the raw ensemble, with the figure of merit being whether they are better than
the raw ensemble. This result should generalize across other model ensembles. We also compare
the relative advantages of the four MA methods; however, this result will be specific to the CDC
ensembles used for the influenza seasons of 2016-2017 and 2017-2018.

We also investigate whether we can shrink an ensemble of models into a smaller one that can be
conditioned by the sparse data. We do so using elastic net regression and feature pruning, where the
features are model predictions. We explore two opposing way of selecting features to be retained in
the shrunk ensemble. The first one select features that correlate well with the observational data.
The second ensures that the shrunk ensemble has a diversity of models. The approach that provides
a weighted, but shrunk, ensemble with the higher predictive skill is deemed preferable.

This report is structured as follows. In the rest of this chapter, we will review the literature on
MA and picking of a predictive cohort. We will also describe the observational data and CDC's
model ensemble. In Chp. 2, we will develop the modification to DMA that converts it to a "black-
box" method and compare its perfromance to the raw ensemble and other MA and predictive cohort
methods. We also identify ensemble characteristics where a raw ensemble would be preferable to a
DMA-ed one. In Chp. 3 we compare the efficacy of stacking versus the raw ensemble and DMA, and
identify the feature pruning approach that yield a better shrunk ensemble. We conclude in Chp. 4.
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1.1 Literature Review

1.1.1 Model-Averaging Methods

Model-averaging (MA) is a technique that is commonly used to improve the predictive skill of an
ensemble of models which are structurally dissimilar i.e., they have unequal number of parameters
or their parameters and inputs do not share a common interpretation. MA requires the use of
observational data, against which the predictive skill of the ensemble is judged. Most commonly,
one combines the predictions of the individual models linearly, in a weighted manner, in an attempt
to approximate the observational data; the weights are estimated by minimizing a squared-error
loss function (see Chp. 8.8 in Ref. [16]). The weights also sum to 1. It can be proven that in the
limit of infinite observational data (or training data), the weights estimated will yield an ensemble
prediction that is better than any of the individual models. If the ensemble contains a "true model
that can reproduce the observational data perfectly (modulo any measurement noise), MA will yield
a weight of 1 for the true model, and zero for everything else.

However, observational data is limited and noisy, and ensembles can quite easily contain highly
parameterized/complex models that will overfit the observational data. Thus, in practice, the esti-
mation of weights is performed using cross-validation. A point estimate of the weights is obtained,
which is then used to combine the forecasts of the individual models into an ensemble forecast.
This method is called stacking. Stacking does not yield any uncertainty bounds for the ensemble
forecasts, even if the individual models' forecasts have them.

Bayesian Model Averaging (BMA) is a method that allows a probabilistic ensemble forecast i.e.,
with forecasting uncertainty bounds. If the individual models in an ensemble provide probabilistic
forecasts themselves, then BMA can be treated as estimating weights for a mixture of distribu-
tions (and, perhaps, the models' parameters too, if there is sufficient data [18]). The methods for
estimating the weights can be involved if we assume that the model forecasts are arbitrary distri-
butions. If the models provide point forecasts only, one may consider them to be the means of
a mixture of Gaussians whose variance (or covariance) is unknown. The MA averaging problem
then reduces to the estimation of the mixture weights and the unknown variance so that the resul-
tant mixture maximizes the likelihood (or expectation) of the observational data. This method is
described in Ref. 1231, where the estimation of weights and variance is performed using Expectation-
Maximization (EM). Couched in the language of stacking, the predictions by the individual models
in the ensemble are "features" which are combined, in a weighted manner, to yield the ensemble
forecast. Further, the individual model forecasts (features) are subjected to additive and multi-
plicative bias correction before being stacked. However, unlike stacking, this method also estimates
a forecast uncertainty. This is one of the methods that we will employ in our study. This method
could have two shortcomings. First, it ignores the forecasting uncertainties of the models in the
ensemble. If this uncertainty is available (it is in our case; see Sec. 1.2), the ensemble forecast will
most certainly be underestimated. Secondly, the method assumes that there is sufficient data to
estimate all the weights. If the data is sparse (or the ensemble contains a large number of models),
then the weights estimated by EM could be very inaccurate; EM does not allow one to provide a
prior belief of what the weights could be.

Dynamic Model Averaging (DMA) is a method that allows MA when the models provide their
forecasts as a Gaussian distribution. The method is described in Ref. [24], within the context of
forecasting with an ensemble of three models. The models provide forecasts as Gaussian distribu-
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tions. The ensemble forecast is assembled as a weight mixture of the individual models' Gaussian
forecasts. The mean of the Gaussian is a linear function of certain time-varying predictors, which
are continuously observed. The coefficients of this linear function, which are estimated as part of
the algorithm, are also allowed to evolve in time. The quantity being predicted is also a function
of time, and it is assumed that at different points in time, certain models may be more predictive
than others i.e., the weights are allowed to evolve in time also. The three models in the ensemble
are nested i.e., the simpler models can be recovered from the most complex model by ignoring the
some of the model inputs/predictors. The estimation procedure is extremely high-dimension in the
sense that both model weights and the individual models' parameters (in the linear relation for the
Gaussian's mean) have to be estimated. The method is formulated as one of sequential data assim-
ilation using online, continuously observed data yt (i.e., the response) conditional on time-varying
(observed predictors) xt. Thus, the method is a filter. It specifies how to obtain a forecasts of a
model's parameters 0, given finalized parameters from a previous timestep Ot-1, yt—i, and how 6et
may be updated to Ot using yt. There are also expressions for doing the same for the model's weight
wt. The method is initiated with model parameters that are drawn from a prior distribution and
equal weights. Being a sequential data assimilation method, the weights do not fail catastrophically
in the absence of observational data yt; the weights and model parameters remain close to their
starting values (which may be very inaccurate). The method has two shortcomings: (1) it is, as
formulated, limited to an ensemble of linear models whose parameters it attempts to estimate and
(2) it cannot be adapted, in a straightforward manner, to be a "black-bof method, applied to an
ensemble of nonlinear models whose model parameters are not accessible and are not meant to be
adjusted using the observed data. In Chp. 2, we will modify this algorithm into a "black-bof one
and assess whether it can weigh an ensemble to improve its predictive skill i.e., whether the modified
DMA is better than the raw ensemble.

Ranking-based ensemble methods are an alternative method to condition an ensemble. In
essence, the models in the ensemble are ranked based on their predictions, and the predictions
from the k best models are simply averaged (or combined into an equivalent Gaussian distribution)
to compute the ensemble forecast. The method is straightforward if the observed data or the model
predictions are limited to one variable. If the data and model predictions span multiple variables /
observables / QoIs, then one obtains a separate ranking of models using each QoI. For convenience,
it is best to "merge the separate ranking lists into a single one, from which we can choose the k
best models. Such a way of merging ranking lists is described in Ref. [21], where the final list has a
model ranking that minimizes the movement/changes of model ranks from the ranking lists devel-
oped using individual QoIs. We will check how ranking-based methods, BMA and DMA compare
with each other and against the raw ensemble.

1.1.2 Model-Averaging with Disease Models

Over the last five years, there has been much interest in creating ensembles of disease models and MA
them to improve the performance characteristics vis-a-vis the individual models in the ensemble.
If the models provide deterministic forecasts, and training data for MA exists, one can combine
the model forecasts using weights that can be directly computed from the Bayesian Information
Criterion (BIC) of the individual forecasts (Chp. 8, Ref. [16]). In Ref. [27] a similar method was
used to stack 6 forecasters of Zika incidence in Colombia. The models were fitted to cumulative
case counts. The model weights were computed using the Akaike Information Criterion (AIC) of
the resulting models. The individual models' forecast mean and variance were MA to provide the
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corresponding quantities for the ensemble. The ensemble was shown to predict the turning point
and final size similar to the best model; however, the best model was not known a priori. Further,
a different model was found to be the most predictive for the four cities where the outbreak was
studied. An even simpler approach was adopted for dengue forecasting in Ref. [3]. An ensemble of
300 models (falling into three distinct types - method of analogues, Holt-Winters smoothing and
SARIMA) was created and their fitting errors computed. The worst model was give one "vote, and
the rest assigned "votes" in proportion to their training errors compared to the worst model. The
"votes" were used to construct a probability density function (PDF) of the forecasts generated by
the ensemble. It was found that the ensemble was not more predictive than the individual models
but rather more consistent in predicting different QoIs, as well as from outbreak-to-outbreak. In
contrast, models could fail unpredictably.

BMA has been used widely in combining the forecasts produced by an ensemble of disease
models [29, 30]. A common approach is to use a diverse set of mechanistic disease models e.g., SEIR,
SEIS etc., and data assimilation methods e.g., Ensemble Kalman filters, Ensemble Adjustment
Kalman filters etc., and by mixing and matching them, create a large ensemble of forecasters.
Each forecast is provided as a Gaussian PDF, and the ensemble forecast is a weighted mixture of
Gaussians, computed using the BMA method described above (i.e., EM). The ensemble so obtained
(where the ensemble's weights adapted with time and location) was compared against the raw
ensemble, one where the weights for the individual forecasters were different but were held constant
over time and locations. It was found the the ensemble with adaptive weights performed the best
and the raw ensemble the worst, on average. Further, the ensemble did not necessarily perform
better than the best model; rather it performed much more consistently across location, time and
the QoIs.

In Ref. [25] the authors explored an ensemble of 3 statistical ILI (influenza-like illness) models
but six different MA methods. This included equal weights, variable weights, and what they termed
"feature-dependent" weights. In the latter case, weights for the individual models were deemed to
be functions of time, model forecasting uncertainty and the level of ILI incidence. The functional
dependence was cast as a regression tree which was estimated using gradient tree boosting. They
found that the weights computed using features followed trends of individual models' forecasting
accuracy. In addition, in their ensemble, the three models had comparable accuracies. The main
outcome of the MA exercise was increased consistency in ensemble predictions rather than any
significant improvement forecasting accuracy. An identical outcome was observed in Ref. [2], which
used the same data, but a different of statistical models. The weights were computed with EM,
using three different measures of forecasting accuracy.

The literature reviewed above concerned forecasting the evolution of ILI or dengue outbreaks.
MA has also be used to combine an ensemble of anomaly detectors, as used in syndromic surveillance.
In Ref. [20], the authors combined three time-series models for forecasting syndromes. The forecasts
were compared with data and large discrepancies were flagged as anomalies. The ensemble method
consisted of weighing the model forecasts so that the false positive rate was minimized and true
positive rate enhanced. The weights were estimated via mixed integer programming. In contrast to
the literature reviewed above, where MA essentially improved consistency but not the forecasting
accuracy, the "ensemble& anomaly detector reduced false postive rates.
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1.2 Data and Model Ensemble

The observational data for this study is obtained from CDC's influenza surveillance program. The
CDC has a network of sentinel physicians who report the fraction of their outpatients exhibiting
symptoms of influenza-like illnesses (ILI). Note that only a fraction of ILI patients are infected with
influenza. It takes about two weeks to collect this data and display it on the influenza surveillance
program website [10, 9]. This provides a sampling of ILI and its dynamics for the entire US. The
data is available as a weekly time-series, lagged by two weeks, for the entire nation and individually
for the 10 DHHS (Department of Health and Human Services) regions. New data is released every
week. At any given moment of time, the time-series values for the last three weeks are rather
uncertain and are updated when new data is released the subsequent week. In this study, we use
the ILI data (also referred to as FluView data in this study) for the influenza seasons spanning
2016-2017 and 2017-2018. The new "surveillance" year starts on the 40th week of each year and
continues for 52 weeks. The data is used after the annual outbreak ends and all the updates to
the observational data are complete. While the surveillance year starts on Week 40, the influenza
season starts when the weighted ILI time-series value surpasses a threshold for three consecutive
weeks. The threshold varies for DHHS regions; see Refs. [13, 14] for historical thresholds and how
they are calculated.

CDC has assembled a collection of influenza forecasting models and has conducted annual com-
petitions to predict the influenza outbreak. The first such competition, which involved 16 teams,
was for the 2013-2014 influenza season and is documented in Ref. N. Thereafter, the competition
has been held every year; the ensemble of models has grown. An account of the predictive skill of
the ensemble, spanning mid-2013 to mid-2017 can be found in Ref. [26]; it also contains citations to
papers and reports that describe the models. The models predict seven Quantities of Interest (QoI):
the 1-, 2-, 3- and 4-week-ahead forecasts of ILI incidence, the week of the influenza season onset, the
peak incidence of the outbreak and the week when the outbreak peaks. These QoIs are predicted
as probability densities (strictly, as binned probability masses), thus capturing the uncertainties in
the forecasts. These forecasts are produced at the National level, as well as the 10 DHHS regions.
These forecasts have been archived for the influenza seasons of 2015-2016, 2016-2017, 2017-2018
and during the time of writing the report, the incomplete 2018-2019 season and can be found in
a GitHub repository [12]. Information on CDC's disease forecasting challenges can be found in
Ref. [11]. The models used in the forecasts are under continuous development and consequently
cannot be compared across seasons. Further, the composition of the ensemble changes every year
and it has steadily become larger. We will use the ensembles from the 2016-2017 and 2017-2018
seasons, as they are rather large and have a sufficient diversity of models in them. The ensemble
for 2016-2017 has 29 models and the 2017-2018 ensemble has 35 models.
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Chapter 2

Dynamic odel Averaging (D A)

In this chapter, we develop a method to model average an ensemble of K probabilistic forecasters.
Each forecast is made in the form of .V(//t, vt)(k), t = 1 . . .T,k = 1 . . . K . The MA forecast is cast
as .A1(14, 4), and the formulation below develops expressions for (/.4, 4) in terms of (itt,vt)(k) and
{tvt,k}. Here {wt,k} is the probability that at model k represents epidemiological dynamics most
closely at time t. The formulation closely follows DMA as described in Ref. [24] and adapts it to
address a collection on black-box models whose parameters do not have to be estimated and which
are not linear models.

The evolution of (h, vt)(k) over time is performed by the forecasters themselves, often by using
observational data Yt = N1, l= 1. . .t. The evolution of (µ1, vn requires one to evolve {wt,k} using
Yt, which is performed by the method described below. In essence, the method updates {wt_1,k}
to tivt,k1 using yt. The weights at initiation t = 0 are given by {tvt=0,k} = 1/K i.e., all models are
equally probable. If the data is informative, and sufficient data has been assimilated, {wt,k} is quite
different from 1/K. This incremental updating of {wt,k} ensures that the algorithm delivers a set
of weights for the models every time. This can be a challenge when the ensemble is large and the
data Yt limited.

In Sec. 2.1 we develop the new MA method and an "error measure" that quantifies the degree of
disagreement between a probabilistic forecast and an observation yt. The algorithm's performance
is compared against individual models and the raw ensemble in Sec. 2.2. In Sec. 2.3, we compare
our method (which we will loosely call DMA) with other MA methods. Finally, in Sec. 2.4, we
investigate the limitations of the MA methods discussed here.

2.1 Formulation

Assumptions:

1. We are given K forecasters, that produce their one-step-ahead forecasts as a normal distribu-
tion .Ar(at, vt)(k), where itt and vt are the mean and variance of the forecast at time t.

2. At time t = 0 there are no observations and our prior belief regarding the applicability of the
K models is 1/K.

3. Observations up to and including time t are given by Yt = {0, l= 1 . . .t, Here yi is obtained
from CDC's Flu View dataset of season influenza incidence.
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We desire a way of combining (at, lit)(k) to produce (Iit, vt)* using Yt to compute and evolve

{Wt,k}.

Let 7rt_ilt_1,k be the probability that model k represents the epidemiological dynamics given
observations Yt-1 i.e.,

irt—ilt—Lk = P(Lt—i = k 1 Yt-1)•

Here P(Lt_i = k 1 Yt_i) refers to the probability that at t — 1 the most accurate model was model
k, given observations of epidemiological dynamics Yt_i. Let qkl be the probability that the best
model for epidemiological dynamics, at time t, is model l, given that it was model k at time t — 1.
We can then predict the probability of the models as such

K a
t —11t —1,k + c

IT tlt-1,k — E7rt-1,1,/ x qkj — ,_.,K 1 where a = 0.99, c = 0.001/K. (2.1)
/=1 L../ irt—llt-1,1 + C

Here we have used the idea of a "forgettine process [24] i.e., the posterior probability distribution
over K models can be broadened and used as the prior for predicting the next step. This modeling
step thus frees us from modeling qkl. The predicted model probabilities have to be updated with
observation yt to arrive at the final version of the model probabilities Irtlt,k.

We compute the likelihood of producing the observation yt using model k and update the
predicted model probability i.e.,

L (k) -  
1

 ex 
(yt /40

t 

)2

N/27.rvic) 
p ' 
( 2v k) ) '

r (k)1
lit,k — 7rtlt-1,/-Lit / vt-1

(k) and
Ut,k

7rtlt,k 
=

x--, • (2 .2)

2-al Ut,l

Note that we penalize 211,k by the model's predictive variance. This makes tit* dimensional. Note
that 7rtlt,k is non-dimensional. The ensemble forecasts based on Yt_1 are given by

titK = 7 tlt-1,k ilt
(k)

V
*
t = Var(yt l Yt—i) = L ( k) + (14k) \ 2)) 7*-1,k — (lt)

k
2

= 
V• (k) f (k))2 \ • (k)
Z_,, vt irtlt —1,k + Ellit ) irtlt-1,k — L., Pt 7rtlt-1,k •

k k k

(2.3)

Any forecast in the form of Ar(at,vt) can be compared to an observation yt using the contin-
uous rank probability score (CRPS, Ref. 1171). Let Ft(y) be the cumulative distribution function
corresponding to the prediction Ar(at, IA). Then CRPS at time t is given by

co
CRPSt = f (Ft(y) — 'KW — Yt))2 dy,

—co
(2.4)

where 1-1(x) is the Heaviside function. We will refer to the mean of CRPSt over t = 1... T as
CRPS.
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2.2 Results

We investigate the behavior of DMA as it MA the forecasts from the 2016-2017 ensemble at the
National level. In Fig. 2.1 (left) we plot the 3-week-ahead forecasts from the ensemble of 28 models
(which are plotted with dotted lines). The CDC FluView data is plotted with symbols. All results
are at the National level. It is clear that there are many ensemble members which do not provide
good forecasts. Further, the forecasts start only about 7 weeks into the influenza season. In Fig.
2.1 (middle) we plot the 3-week-ahead predictions obtained by MA the ensemble using DMA (circles
and error bars) and the raw ensemble. We plot the median prediction, as well as the tenth and
ninetieth percentiles. It is clear that the uncertainty bounds for the raw ensemble are wider than
those computed using DMA. Due to the wider uncertainty bounds, the raw ensemble brackets more
of the CDC data, but that does not make it a more accurate forecast. Further, after 25 weeks of
observations, DMA provides extremely accurate and specific forecasts whereas the raw ensemble is
far from doing so. In Fig. 2.1 (right) we plot the time-evolution of the weights of the models. We
see that ultimately, the best model ends up getting a weight of 1 which persists till the end of the
outbreak.

In Fig. 2.2 (left) we plot the probabilistic predictions produced by the MA and raw ensembles
at four different times in the 2016-2017 outbreak. The MA predictions are Gaussians. We see
that the DMA predictions' probability densities are narrower. Early in the outbreak DMA strives
to match the mode with the observations. Halfway through the outbreak, the modes for both the
DMA and raw ensemble match the CDC FluView data, though DMA provides forecasts with tighter
bounds vis-a-vis the raw ensemble. In Fig. 2.2 (right) we plot the CRPS (averaged over increasing
durations) for the raw ensemble and DMA forecasts. The vertical green lines, which correspond to
the times plotted on the left, show that the CRPS of the DMA predictions are smaller than that of
the raw ensemble.

In Fig. 2.3 (top left) we plot the model identity number (ranging from 1-28) of the best model
(as determined by the CRPSt) for each week. We see that a given model does not seem to perform
well for more than 4 weeks at a stretch i.e., it would be unwise to attempt to pick a "best" model.
In Fig. 2.3 (top right) we plot the predictions for the top three models, as evaluated at the end
of the 2016-2017 season. The CDC FluView data is also plotted as is the DMA-ed predictions
of 3-week-forecasts. The pattern is complex and there does not seem to be any forecast that is
obviously better. Averaged over the entire season, the CRPS of the top three models are 0.366,
0.3733, and 0.376. The corresponding value for the DMA forecast is 0.3734. Clearly the difference
is small, but MA did riot yield a better forecast. In Fig. 2.3 (bottom left) we plot the PDF of CRPSt
of all the models for the entire 2016-2017 season, and we see that there is substantial variability in
the accuracy of forecasts; indeed, given the scatter seen in Fig. 2.1 (left) this is expected. We also
plot the CRPS of the best model and the DMA forecast. We see that the difference between the
best model and the DMA forecast, averaged over the entire 2016-2017 season is small, though DMA
is less predictive. In Fig. 2.3 (bottom right) we plot the difference (as a percentage) between the
CRPSt of the best model (which changes from week to week) and the DMA forecast as a solid line.
It is seen to be below 10%. On the right hand vertical axis, we plot the rank of the DMA forecast
in comparison with all the models. We see that the DMA forecast is usually ranked third or fourth,
and its predictive accuracy, vis-a-vis the best model, is generally within 10%.

In Tables 2.1 and 2.2 we extend the comparison performed in Fig. 2.2 to all the DHHS (Dept.
of Health and Human Services) regions. We tabulate the CRPS computed for the entire 2016-
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2016-17 Flusight Ensemble, 3-week-ahead forecast Comparison: unweighted ensemble v/s model averaged
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Figure 2.1: Left: 3-week-ahead forecasts of ILI levels (percentage of physician visits exhibiting ILI
symptoms) generated by the 28 model ensemble for the 2016-2017 influenza season, plotted using
dotted lines. The CDC FluView data is plotted using symbols. Middle: A comparison of DMA and
raw ensemble results. The open circles plot the median DMA predictions, while the error bars are
the tenth and ninetieth percentile predictions. The solid red line is the median prediction from the
raw ensemble, while the dashed red line are the tenth and ninetieth percentiles. The filled symbols
are the CDC FluView data. Right: The evolution of the weights of the top 3 models. All results
are for the 2016-2017 influenza season, at the National level.
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Figure 2.2: Left: Probability density functions (PDFs) of 3-week-ahead-forecasts at Week 13, 19,
25 and 32 of the 2016-2017 influenza season, as performed using DMA and the raw ensemble. The
CDC FluView data ("observationsl are plotted using the vertical line. Right: CRPS for the raw
and DMA-ed ensemble predictions, computed over increasing durations. We see that DMA has
smaller CRPSs, indicating better predictive accuracy.
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Table 2.1: CRPS of the raw and DMA ensemble, averaged over the entire 2016-2017 influenza
season. Results are provided at the national level as well as the 5 US Dept. of Health and Human
Services regions.

Method National HHS01 HHS02 HHS03 HHSO4 HHS05
Raw ensemble 0.46 0.30 0.60 0.60 0.74 0.56
DMA ensemble 0.37 0.27 0.57 0.64 0.77 0.51

Table 2.2: CRPS of the raw and DMA ensemble, averaged over the entire 2016-2017 influenza
season. Results are provided for 5 US Dept. of Health and Human Services regions.

Method HHS06 HHS07 HHS08 HHS09 HHS10
Raw ensemble 0.80 0.75 0.40 0.45 0.48
DMA ensemble 0.63 0.76 0.35 0.34 0.46

2017 influenza season using the raw ensemble and the DMA-ed one. We see that apart from HHS
Regions 3, 4, and 8, DMA provides more accurate predictions; further, in the HHS Regions where
DMA performs worse, the margin by which is under-performs is quite narrow. Thus we see that
DMA tends to perform better than the raw ensemble. However, this does not imply that other MA
techniques could not better than DMA in their predictive skill.

Comparing this behavior with the rapid change in the identity of the best model (top left), we
come to the following conclusions:

1. The DMA forecast is never the most accurate forecast, but it is never very far from the best
model.

2. The identity of the best model is unknown beforehand, and in any case, it changes from week
to week, making reliance on a model unadvisable. In contrast, DMA provides a consistent
way of providing a "good enough" forecast.

3. The DMA-ed ensemble tends to provide more accurate predictions than the raw ensemble in
most of the HHS regions. In the few regions where it under-performs the raw ensemble, the
margin is rather minor.

This is very similar to the conclusions that have been reached in literature (see Sec. 1.1). MA
improves consistency in forecasts rather than any enhanced accuracy (over a model). Thus selecting
a model / forecaster for further use becomes unnecessary, and we allow the observations from an
outbreak to stack the models in a data-driven manner. The model-averaged predictions are generally
more accurate than the raw ensemble.

2.3 Comparison with other MA Methods

In this section, we compare the performance of DMA against BMA as well as ranking-based method
for MA. We use the CDC ensemble of influenza models for the 2017-2018. As a first check, in Fig. 2.4
(left), we plot the 3-week-ahead predictions of ILI activity from 35 models (in dots) as well as the
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Figure 2.3: Top left: Plot of the model ID of the best model for each week of the 2016-2017 influenza
season, at the National level. No model is seen to provide consistently good 3-week-ahead forecasts
for any sustained duration. Top right: Plot of the 3-week-ahead forecasts for the top 3 models,
whose identities were determined at the end of the season. The CDC FluView data is plotted using
filled symbols for comparison. The solid lines are the median forecasts and the dotted lines are
the tenth and ninetieth percentiles of the forecast. We do not see a clear "winnee in the forecasts.
Bottom left: CRPSt of all models, along with the CRPS of the best model and DMA. There is
hardly any difference between them. Bottom right: The percentage difference in CRPSt between
the best model's forecast and DMA's. The rank of the DMA forecast, as judged by CRPSt is
plotted using the right-hand vertical axis. The DMA forecast is generally in the top 4.
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2017-18 FluSight Ensemble, 3-week-ahead forecast
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Figure 2.4: Left: Ensemble of model predictions of 3-week-ahead ILI activity for the 2017-2018
influenza season, along with CDC's FluView data from syndromic surveillance at the National
level. Middle: CRPS computed for the entire 2017-2018 influenza season, computed for the Nation
as well as 10 HHS regions. DMA performs better. Right: The number of weeks that DMA and the
raw ensemble provided better predictions, as gathered at the national level and the HHS regions.

CDC syndromic surveillance data (in symbols). The season was a severe one and the predictions
are all higher than those for the 2016-2017 season (Fig. 2.1). In Fig. 2.4 (middle), we compute
the CRPS for the raw and DMA-ed ensemble, for all HHS regions. Clearly, in every case, the raw
ensemble has a larger CRPS indicating that DMA provides a better prediction. In Fig. 2.4 (right),
we plot the number of weeks DMA and raw ensemble provided the better prediction, over all HHS
regions and the nation. Clearly, again, DMA outperforms the raw ensemble. However, comparing
the middle and right figures, we see that while DMA might provide a better prediction on a large
majority of the weeks, the small difference in the CRPS indicates that the difference in predictive
skill is not much. However, in general, DMA performs much the same as for the 2016-2017 ensemble,
providing a better prediction than the raw ensemble, not quite performing as well as the best model,
but far more consistently.

2.3.1 Bayesian Model Averaging

BMA, as described in Ref. [23], is a method that can be used to stack an ensemble of deterministic
models, and yet produced an ensemble forecast that is probabilistic. Consider K models that
produce a forecast of ILI incidence at time t, k = 1... K. Then the probability density of the
ensemble forecast can be given as

P(Y) = EP(Yt Mk)p(Mk Yt) = Et14/3(Yt l Mk), (2.5)

where wk = p(Mk Yt) is the posterior probability of model Mk being correct given observational
data yt. We also assume Ek Wk = 1, Wk > 0, making wk weights, and p(yt I Mk) is the likelihood
that the observation was generated by model Mk. Consider that the models are deterministic and

produce their forecasts as f.tt
(k) 

. Assume that there is a conditional probability that relates an

ensemble forecast with a model one i.e., g(y /4k)). Then the ensemble forecast can be written as

P(Y /41),I42), /41c)) = Ewkg(y I P k)).
k
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We will model g(y itt(k) ) as a normal distribution and rewrite the expression for the ensemble
forecasts as

11,4k) N(ak + bki 4k) v), (2.6)

where (ak, bk) are additive and multiplicative biases in model k's predictions and can be estimated
from data by simple regression. The ensemble prediction is modeled as a Gaussian and given by

E[y I [41), it?), = E(ak + bo4k))
k

2

Var(y /41), 1-42), • • • i-11()) = >fd Wk (ak + bk i4k)) — wi(az + bitiV)2 + v. (2.7)

The values of (w k, v) are estimated via expectation-maximization, as described in Ref. [23].
Assuming that we are given a set of observations up to time t, Yt, and the forecasts are independent,
we can write a log-likelihood

G(Yt /v2, v) = Yd log 2 wkYk(yt v(k)) I. (2.8)

Note that this method is a "batch" rather than a "dynamic" method i.e., conditional on Yt we
estimate (wk, v) that are not functions of time. However, as Yt changes with time, we get solve the
BMA problem repeatedly and obtain a set of BMA parameters (wk, v) which do evolve in time.

In Fig. 2.5 (top left) we plot the 3-week-ahead forecasts of (National level) ILI activity as
computed using DMA and BMA. We see that BMA forecasts being later than DMA. This is a
consequence of the EM algorithm used to estimate (wk, v). The ensemble for 2017-2018 has 35
models, and the problem is under-constrained for a longer period of time. Even when the EM
algorithm yields a result, it is not very good, with very large v. However, as the season progresses,
and we accumulate CDC FluView data, BMA forecasts improve, but never quite approach DMA's
quality. CDC's FluView data is plotted using filled symbols. In Fig. 2.5 (top right) we plot the
CRPSt for both the MA methods and DMA is seen to be better. In Table 2.3 and 2.4 we compare
the CRPS of the DMA-ed and BMA-ed ensemble for all the HHS regions and see that DMA performs
much better. This is not due to any particular strength of DMA, except its robustness to sparse
observational data; the weights of the models, in DMA, incrementally evolve away from uniform
weighting as data is incrementally assimilated. In Fig. 2.5 (bottom left and right) we plot the
evolution of weights of a few models over time. We see that the evolutions are very different, with
DMA providing smooth evolutions and BMA, which is performed anew every time, showing sharp
changes. Identical behavior is seen in tests performed for other HHS regions.

2.3.2 Ranking-based Model Averaging

In the methodological developments above, we have concentrated on the three-week-ahead forecast
as the QoI for ensemble predictions. However, as mentioned in Sec. 1.2, the CDC ensemble of
models provide 7 QoIs. Per the literature review in Sec. 1.1, we see that it is preferable to MA
for each individual QoI. In this section, we question this assumption. We will choose the top three
models, that, on average, are most predictive across all 7 QoIs, and use them for forecasting. Each
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Figure 2.5: Top left: 3-week-ahead forecasts of National ILI activity for the 2017-2018 influenza
season and computed using BMA and DMA, along with the CDC FluView data plotted with
symbols. The solid lines are the mean forecasts and the dashed lines, the 12o- bounds from the
ensemble forecasts. The green vertical lines marks when the BMA forecast can be stably performed.
Top right: CRPSt for BMA and DMA forecasts. Bottom left: The evolution of model weights when
DMA is used. Bottom right: The evolution of BMA weights.
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Table 2.3: CRPS of the DMA and BMA ensemble, averaged over the entire 2017-2018 influenza
season. Results are provided at the national level as well as the 5 US Dept. of Health and Human
Services regions.

Method National HHS01 HHS02 HHS03 HHSO4 HHS05
BMA ensemble 2.6 1.1 2.8 3.1 4.6 4.8
DMA ensemble 0.8 0.5 1.0 0.8 1.9 0.7

Table 2.4: CRPS of the raw and DMA ensemble, averaged over the entire 2016-2017 influenza
season. Results are provided for 5 US Dept. of Health and Human Services regions.

Method HHS06 HHS07 HHS08 HHS09 HHS10
Raw ensemble 2.3 1.44 0.72 2.3 1.4
DMA ensemble 1.4 0.87 0.40 0.6 0.61

of these three models provide their forecasts as Al-(ut
(k) 

, vt
(k) 

),k = 1 . . . K = 3, t = 1 . . . T. These
three forecasts are combined into an ensemble forecast using Eq. 2.3 with 7rtlt_1,k, the weight of
model k, replaced by 1/K = 1/3. We consider two ways of arriving at a the top three models
"that, on average, are most predictive across all 7 QoIs". We call them simple ranking and rank
aggregation.

At any time l, for any QoI q, we can compute the relative prediction error 4kg) = (y/ — /4k))/y/ of
-(

any model k 
k)

. One can compute the root mean square relative error et,q over time steps l = 1 . . .t.
In simple ranking we compute the mean root-mean-square-relative-error over all q = 1 . . . Q = 7

QoIs to obtain a mean predictive error 4k). At any time t, 4k) allows one to rank the models, and
we choose the top 3.

) k k)-( -(
In rank aggregation we do not average et,q over the various QoIs. Instead, using Et,q , we develop

t x Q ranked lists Ltq, t = 1...T, q = 1 . . . Q = 7 of models, one per QoI per timestep. At each
timestep, we then "merge the Q lists together using the combinatorial algorithm in Ref. [21] to
obtain the "ensemble list L„,„, from which we can pick the top three models. This method yields a
different set of models than simple ranking, but Eq. 2.3 can be used to generate forecast using the
rank aggregated list.

We next investigate whether the two ranking methods provide very different predictive accuracies
and how they compare to BMA, DMA and the raw ensemble. In Fig. 2.6 we plot predictions of
three-week-ahead ILI activity (top row), the peak ILI activity (middle row) and the week when
the peak is reached (bottom row) using simple ranking (left column) and rang aggregation (right
column). The CDC FluView data for the 2017-2018 influenza season is plotted with symbols and
the error bars provide ±2o- predictions. The results are for the National level. We see that apart
from predictions of the peak week, which both methods predict poorly, the forecasts invariably
bracket the actual data. This is quite different from the forecasts generated using DMA and BMA,
where there were weeks that neither managed to bracket CDC FluView data (though that was only
for the three-week-ahead QoI). This runs counter to accounts in literature indicating that the CDC
FluSight ensemble of models may be different from the ensembles used in literature.

To investigate this further, in Table 2.5, we compare the predictions of three-week-ahead forecasts
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Figure 2.6: Comparison of ensemble predictions when the top three models are chose according to
simple ranking (left column) and rank aggregating (right column). The filled symbols are CDC
FluView data whereas the error bars plot the mean and ±2o- forecasts. The top row contains
the three-weak-ahead forecasts of ILI activity, the middle row contains the predictions of the peak
ILI incidence and the bottom row predicts the week during which the peak ILI activity would be
achieved. All forecasts are for the Nation as a whole, for the 2017-2018 influenza season.
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Table 2.5: Comparison of three-week-ahead forecast for 2017-2018 influenza season for all regions,
performed using the two ranking-based methods for MA, DMA and the raw ensemble. We see that
the ranking-based methods are better. The poor performance of DMA is partially due to all QoIs
not being available for the late epoch of the outbreak, where DMA performs well.

Region Simple ranking Rank aggregation DMA Raw ensemble
National 0.63 0.69 0.82 1.04
HHS01 0.57 0.56 0.54 0.64
HHS02 0.76 0.71 1.2 0.84
HHS03 0.92 0.91 1.14 0.8
HHSO4 1.65 1.67 1.92 1.42
HHS05 0.51 0.51 0.72 0.82
HHS06 1.53 1.42 1.35 1.22
HHS07 0.91 0.93 1.2 1.31
HHS08 0.4 0.44 0.42 0.51
HHS09 0.55 0.59 0.58 0.68
HHS10 0.59 0.58 0.68 0.77

of ILI activity, for all HHS regions for the 2017-2018 season. These predictions are generated
using the two ranking based methods, DMA, and the raw ensemble. The comparison is performed
using CRPS computed over the entire 2017-2018 influenza season. We do not include BMA in the
comparison due to its poor performance in Tables 2.3 and 2.4. The ensemble does not provide
forecasts for all the QoIs for the entire season so the comparison in Table 2.5 covers a smaller
duration than the one used to perform the BMA versus DMA comparison in Tables 2.3 and 2.4.
This is also the reason why the CRPS values generated for the DMA-ed ensemble differ between the
two tables; DMA becomes very accurate in the later half of the outbreak. Looking at the columns
in Table 2.5, it is clear that

• The two ranking methods for conditioning the 2017-2018 CDC FluSight ensemble perform
almost identical to each other, though the rank aggregation algorithm is far more computa-
tionally expensive, and,

• The two rank-based methods are far more predictive than the raw ensemble and the DMA-ed
one.

This is quite at variance with the finding in literature with smaller and more homogeneous ensembles
of models.

2.4 Limits of Applicability

2.4.1 Non-transferability of Model Weights

In Sec. 2.3.1 and 2.1 we developed expressions for model weights irtlr,k and demonstrated them
on the forecasting of three-week-ahead predictions of ILI activity. Presumably, these weights are
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Table 2.6: CRPS of predictions of the peak epidemic week using weights computed for the three-
week-ahead forecasts of ILI activity. Results are plotted for the raw, BMA and DMA ensemble,
averaged over the entire 2016-2017 influenza season. Results are provided at the national level as
well as the 5 US Dept. of Health and Human Services regions.

Method National HHS01 HHS02 HHS03 HHSO4 HHS05
BMA ensemble 49 52 51.5 51.8 47.8 53.4
DMA ensemble 49.4 55.2 52.2 51.9 47.8 51.6
Raw ensemble 49.5 51.9 50.4 51.0 48.0 52.3

Table 2.7: CRPS of predictions of the peak epidemic week using weights computed for the three-
week-ahead forecasts of ILI activity. Results are plotted for the raw, BMA and DMA ensemble,
averaged over the entire 2016-2017 influenza season. Results are provided for 5 US Dept. of Health
and Human Services regions.

Method HHS06 HHS07 HHS08 HHS09 HHS10
BMA ensemble 44 48.3 50.8 49.7 51.1
DMA ensemble 47 50.3 52.8 51 51.2
Raw ensemble 46.3 49.6 52.7 50.1 51.3

related to model plausibility, given data. If all models are equally plausible in their predictions of
the 7 QoIs they forecast, then weights computed for one QoI should, in principle, be useable for
other QoIs, which would be immensely helpful for MA. We investigate this hypothesis. It does run
against the findings in literature that MA should be performed for individual QoIs.

In Fig. 2.7 we plot predictions of the week of peak ILI activity, but model-average the ensemble
using weights computed using three-week-ahead predictions of ILI activity as the QoI. Results are
plotted for BMA, DMA and the raw ensemble. On the top row, we plot predictions at the National
level; in the bottom row, results for HHS Region 5. We see that the mean predictions are similar
while BMA seems to have much tighter prediction bounds. For HHS05, there is no such obvious
improvement in predictions. To investigate this lack of consistency further, we perform ensemble
predictions for all HHS regions, compute their CRPS over the entire 2017-2018 season, and tabulate
them in Tables 2.6 and 2.7.

The results in the tables show that (1) the prediction errors are large and (2) all the methods
have the same predictive skill as the raw ensemble. Thus while transferability of model weights
might succeed when we have related QoIs e.g., the one-week-ahead and three-week-ahead forecasts,
in general, it is preferable to MA QoIs individually. This has been observed in literature for BMA,
but we verify that the same holds for DMA.

2.4.2 Non-transferability of Model Rankings

In Sec. 2.3.2 we showed how ranking-based method for model-averaging an ensemble performed
very well for the collection of influenza models being considered in this study. These rankings were
generated using all the QoIs. In Sec. 2.4.1 we showed that the model weights computed using a QoI
cannot be used to accurately forecast any other. We check whether a similar non-transferability of
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Figure 2.7: Predictions of the peak ILI indicence week, for the 2017-2018 influenza season, using
DMA, BMA and the raw ensemble. Note, however, the weights were computed using the three-
week-ahead forecast as the QoI. Top left: The mean predictions at the National level. Top right:
The ±2o- bounds on the predictions. The horizontal line is the true value. Bottom: Results for
HHS05.
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rankings hold for the ranking-based MA methods tested in Sec. 2.3.2, as there is no literature on
the use of ranking-based methods to MA ensembles of disease models.

The models in the ensemble, as described in Sec. 2.3.2, predict 7 QoIs. We can choose, at
random, a QoI to hold back, and devise a ranking of the models, using both rank-aggregation and
simple ranking. The top three model can then be used to forecast the held-back QoI, and the
accuracy compared with MA performed in the conventional manner i.e., when all the QoIs are used
in the forecasting. The comparison can be performed using CRPS as the metric of accuracy across
predictions performed at the National level and the 10 HHS regions. We assign a QoI from our set
of seven (without replacement) to each of the 11 regions (10 HHS regions and the National level).
We hold that QoI back when performing the ranking of models, and then forecast it using the top
three models. The results for rank-aggregation are in Table. 2.8 and in Table 2.9 for simple ranking.
We tabulate the CRPS of the forecast for 2017-2018 season for all the HHS regions and the National
level, for all the QoIs. The CRPS for forecast performed with model rankings achieved with all the
models are also provided.

We consider three conditions:

1. If the rankings are transferable, then the difference between CRPS will be small, but in general
ranking with all seven QoIs will provide better forecasts.

2. If the rankings are only somewhat transferable, then omitting the QoI being forecast from the
ranking process will result in inaccurate forecasts.

3. If the QoIs used in the ranking have no information to contribute towards the QoI that was
held-back and is being forecast, then the results will be random.

The results in Table. 2.8 and 2.9 show that forecasting performed with models ranked using
all seven QoIs turns out to be better five out of eleven times, regardless of the ranking algorithm.
Further, the HHS regions for which ranking using all QoIs performed better are identical for the two
ranking-based MA methods. This is equivalent to a random performance, indicating that holding
back the QoI resulted in a ranking of models that had no information on that QoI. Thus rankings
of models cannot be transfered across QoIs, no different from the results in Sec. 2.4.1.

2.4.3 Impact of Optimized a

The formulation in Sec. 2.1 contains a free parameter a that is set to 0.99 by default. It governs the
degree of temporal correlation between weights 7Ft_llt_l,k and 7itlt_1,k, which is critical for stability
as we evolve them with sparse data. However, if the temporal correlation is too strong (a near 1),
and the ensemble evolves quickly in time, the unnecessary correlation can impair predictive skill.
Thus it might be worthwhile to tune a.

We iterate through a E [0.5, 0.99] in steps of 0.01 and perform DMA for 2017-2018, at the
National levels and all other HHS regions. This is done for the three-week-ahead prediction of
ILI activity and we compute the CPRSt. This is compared to the CRPSt computed with the
default value of a = 0.99 and we determine the proportion of weeks where the alternative value of
a performed better. This is plotted in Fig. 2.8 and we see that a value of a0pt = 0.77 is optimal for
2017-2018. An identical study performed for 2016-2017 revealed a,,pt = 0.73. However, in both cases
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Table 2.8: Comparison of forecasts of the held-out QoI in the 2017-2018 influenza season when
models are ranked using rank-aggregation. We see keeping ranking based on all seven QoIs provide
better forecasts 5 / 11 times, but the difference in the accuracy of the predictions follow no discernible
trend.

Region Held-out QoI CRPS; QoI held out CRPS; all QoIs
National 4-wk-ahead ILI forecast 0.77 0.71
HHS01 1-wk-ahead ILI forecast 0.44 0.56
HHS02 Season onset 4.25 7.19
HHS03 Season peak week 5.22 8.00
HHSO4 3-wk-ahead ILI forecast 1.73 1.69
HHS05 2-wk-ahead ILI forecast 0.55 0.64
HHS06 Season peak incidence 2.86 0.59
HHS07 1-wk-ahead forecast 0.62 0.56
HHS08 3-wk-ahead ILI forecast 0.40 0.44
HHS09 2-wk-ahead ILI forecast 0.57 0.64
HHS10 Season onset 7.73 7.19

Table 2.9: Comparison of forecasts of the held-out QoI in the 2017-2018 influenza season when
models are ranked using simple ranking. We see keeping ranking based on all seven QoIs provide
better forecasts 5 / 11 times, but the difference in the accuracy of the predictions follow no discernible
trend.

Region Held-out QoI CRPS; QoI held out CRPS; all QoIs
National 4-wk-ahead ILI forecast 0.65 0.64
HHS01 1-wk-ahead ILI forecast 0.44 0.53
HHS02 Season onset 4.29 7.14
HHS03 Season peak week 4.96 7.88
HHSO4 3-wk-ahead ILI forecast 1.65 1.65
HHS05 2-wk-ahead ILI forecast 0.54 0.60
HHS06 Season peak incidence 2.95 0.60
HHS07 1-wk-ahead forecast 0.66 0.53
HHS08 3-wk-ahead ILI forecast 0.39 0.40
HHS09 2-wk-ahead ILI forecast 0.51 0.60
HHS10 Season onset 7.53 7.14
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Figure 2.8: Number of weeks where DMA, operated with the default value of a, looses to a different
a value. The results are tallied over all HHS regions and weeks, for the 2017-2018 influenza season.

we see that aopt outperforms the default value about 60% of the time i.e., it is not an impressive
improvement, even though the default value of a is quite different from the optimal one. However,
it does not say how much of a difference aopt makes for the predictions for each HHS region.

Table 2.10: Proportion of weeks (as percentages), in the 2016-2017 influenza season, where aopt
yields a better CRPSt than the default value of 0.99. The performance of the raw ensemble is also
provided for a comparison.

Region cr = 0.99 a = 0.73 Raw ensemble
National 29 54 17
HHS01 46 29 25
HHS02 38 29 33
HHS03 38 33 29
HHSO4 25 37.5 37.5
HHS05 29 50 21
HHS06 37.5 37.5 25
HHS07 29 42 29
HHS08 50 29 21
HHS09 58 29 13
HHS10 42 33 25

In Table 2.10 we tabulate the number of winning weeks when using aopt = 0.73 compared to the
default a = 0.99 for each HHS region. Results are computed for 2016-2017 for three-week-ahead
predictions of ILI activity. We see that the "optimize& DMA outperforms the "default" DMA in 5 of
the HHS regions, and in some cases, it ties with the raw ensemble. Thus while we may have tuned a,
it has not resulted in any impressive improvement in predictions. This is because the optimization
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of a yields very different values for aopt for the different HHS regions. We have, therefore, performed

the study with a = 0.99.
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Chapter 3

Stacking

Stacking is an ensemble learning technique that combines predictions generated by different learn-
ing algorithms or models by using those predictions as inputs to a second-level learning algorithm
[7]. For example, suppose you have n models, M1, M2, ..., Mn, and each generates a prediction,

Y1 7 Y2 7 • • • 7 Yri • A stacking framework uses another learning algorithm, called a meta-learning algo-
rithm, to combine the predictions yi to yr, into one final prediction, y. Inputs to the meta-learning
algorithm are called meta-features and typically include the model predictions (i.e., yi to yr)), but
can also include additional values such as standard deviation, maximum probability, entropy, etc.

In this study, we trained a stacking model to combine the predictions from the flu models in the
CDC forecasting challenge from the 2016-2017 season. The CDC challenge includes predictions
from 29 models, but only 22 of those models have predictions for all 11 Health and Human Services
(HHS) regions and all weeks of the flu season. Only those 22 models were included in the stacking
model (see Table 3.1).

Model predictions for the 2016-2017 flu season started on 11/28/2016 (week 8) and continued
once a week until 5/15/2017 (week 32). For each week of the flu season, starting with week 9, we
trained a new stacking model using data from all previous weeks and all HHS regions. For example,
in week 9, a stacking model was trained using data from week 8, resulting in a training dataset with
11 samples (one from each HHS region) and 22 features (one from each flu model). In week 32, a
stacking model was trained using data from weeks 8 to 31, resulting in a training dataset with 264
samples (from 11 HHS regions for 24 weeks) and 22 features (one from each flu model). The final
result was a set of 24 stacking models, one for each week of the flu season, where a stacking model
for a given week was used to make predictions for all of the HHS regions.

The training datasets have relatively few samples compared to the number of features, especially
in the early weeks of the flu season, leading to a risk of overfitting. To reduce this risk, we used
linear regression with regularization as the meta-learning algorithm. Regularization is a penalty
applied to the optimization in linear regression, defined as follows:

A [(I- 2 a) +

where W is the vector of regression weights, a is the elastic net mixing parameter (i.e., a= 1 is the
lasso penalty and a = 0 is the ridge penalty), and A is the regularization parameter. Larger A leads
to smaller regression weights and less overfitting.

(3.1)

To perform linear regression with regularization, we used the glmnet package in R [15, 22]. We
performed cross-validation over A and a to find the model with smallest mean square error.
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Table 3.1: Flu models from the CDC forecasting challenge included in the stacking model. These

models have predictions for all 11 HHS regions and all 25 weeks of the flu season.

1 4Sight
2 CU1
3 CU2
4 CU3
5 CU4
6 Delphi Epicast

7 Delphi Stat
8 GHRI
9 HumNat

10 ICS
11 ISU
12 KBSI

13 KOT Dev

14 KOT Stable

15 LANL

16 NEU

17 PSI

18 TeamA

19 TeamB

20 TeamC
21 Yalel

22 Yale2
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We also explored two sets of meta-features: 1) the mean 3-week ahead prediction from each flu
model, and 2) the mean and standard deviation of the 3-week ahead prediction from each flu model.

3.1 Meta-Feature Set 1

For the first set of meta-features, we used the mean 3-week ahead prediction from each of the 22
flu models in Table 3.1. We performed linear regression with regularization, as defined in Eq. 3.1,
and the resulting linear coefficients after cross-validation on a and A are shown in Fig. 3.1. During
the start of the flu season, the model coefficients are positive and constantly changing, meaning no
model or set of models dominates the prediction. Just before the flu season peak, near weeks 15 and
16, the few models that predict the peak well become very important and other model coefficients
drop to zero. After the season peak, the model coefficients stabilize and the group of models with
the most accurate predictions consistently have the largest coefficients.

The prediction made by the stacking model in each week and HHS region is shown in Fig. 3.2.
For each week of the flu season, a single stacking model was trained using data for all HHS regions.
That model was then used to make predictions for all regions. Ideally, a unique model for each HHS
region and each week would be trained, but there was not enough training data to do so.

The mean square error from stacking was compared to Dynamic Model Averaging (DMA) and
the raw ensemble. DMA is described in a previous section of this report and the raw ensemble is
simply the unweighted average of the mean predictions from all flu models. Fig. 3.3 shows the mean
square error for each method in each region. The raw ensemble has significantly larger mean square
error in HHS regions 1, 6, and 7 due to outliers. Stacking and DMA have similar performance and
neither is consistently better than the other. See Table 3.2 for the average mean square error across
all regions for each method.

Table 3.2: Average mean square error (MSE) for each ensemble method across all HHS regions and
weeks.

Method MSE
Raw 4.4074
DMA 0.9585
Stacking 0.9393

We also compared the structure of the ensemble from stacking to DMA. Fig. 3.4 shows a his-
togram of the model coefficients for stacking and DMA for all weeks of the flu season. The DMA
coefficients tend to cluster around 0 and 1, indicating that DMA tends to select a small group of
models with the best predictions. In contrast, the stacking coefficients are more evenly distributed,
indicating that stacking tends to use information from all the models.

These findings are further reinforced by computing and plotting the Gini coefficient of the model
weights [6]:

xii 
G —

2n2p,

where n is the number of data points and p, is the average of x.
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The Gini coefficient provides a quantitative summary of the dispersion of a set of numbers. A
large Gini coefficient (close to one) indicates that all values except one are equal to zero. A small
Gini coefficient (close to zero) indicates that all values in the distribution are equal. Fig. 3.5 shows
the Gini coefficients of the model weights for each week for stacking and for DMA performed on
National data. As expected based on Fig. 3.4, DMA has a large Gini coefficient and stacking has
a smaller Gini coefficient. The Gini coefficient for stacking increases just before the peak of the
flu season around week 15, indicating that during this time, stacking tends to highly-weight a few
models rather than uniformly weight all models.

The Spearman rank correlation was computed for the model weights in each week for stacking
and DMA as shown in Fig. 3.6. Spearman rank correlation is defined as:

1 d22,
r = 1 6 

n(n2 — 1) 
(3.3)

where n is the number of data points and di is the difference in rank between the variables of
interest.

A Spearman rank correlation near one indicates that the ordering of the coefficients on the
models do not change significantly week-to-week, meaning the same models are most predictive
each week. A small Spearman rank correlation indicates that the ordering of the model coefficients
changes from week-to-week and therefore there is no group of models that performs best. The
Spearman rank correlation is similar for stacking and DMA, except in the final few weeks of the
flu season when the Spearman rank correlation is consistently near one for stacking. This indicates
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that once the peak of the flu season has passed, stacking finds a consistent ranking of the models.
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Figure 3.6: Spearman rank correlation of the model weights for each week for stacking and DMA
performed on national data.

3.2 Meta-Feature Set 2

For the second set of meta-features, we used the mean and standard deviation of the 3-week ahead
prediction from each of the 22 flu models in Table 3.1. This results in 44 features for the meta-
learning algorithm, making overfitting an even greater potential issue. After performing linear
regression with regularization and cross-validation on a and A, the resulting coefficients are shown
in Fig. 3.7. The coefficients are generally much larger than those using the means only as meta-
features. Coefficients are especially large for some of the model standard deviations, which is
unexpected.

The mean square error was compared to Dynamic Model Averaging (DMA) and the raw ensemble
(see Fig. 3.8). Similar to results from meta-features set 1, the raw ensemble suffers from outliers
while stacking and DMA have similar performance and neither is consistently better than the other.
See Table 3.3 for the average mean square error across all regions for each method. The overall
MSE is smaller for stacking using meta-feature set 2 than meta-feature set 1, but this is most likely
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Figure 3.7: Regression coefficients on the mean and standard deviation of the 3-week ahead predic-

tions from each flu model.

48



due to overfitting as described in the following paragraph.
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Figure 3.8: Average mean square error for each HHS region and each ensemble method.

Table 3.3: Average mean square error (MSE) for each ensemble method across all HHS regions and
weeks.

Method MSE
Raw 4.4074
DMA 0.9585
Stacking 0.8569

For each flu model, we computed the ratio of the linear regression coefficient on the standard
deviation of the prediction to the coefficient on the mean prediction. A histogram of these ratios
over all flu models in all HHS regions and all weeks of the flu season is shown in Fig. 3.9. A
ratio larger than 1 indicates that the linear regression coefficient on the standard deviation of the
prediction is larger than the mean, and therefore the standard deviation of the model prediction is
more important to the final prediction than the mean prediction. This conclusion does not make
intuitive sense and is therefore likely the result of overfitting. Since more than half of the ratios
are greater than 1 (as shown in Fig. 3.9), we conclude that using the standard deviation of the
model prediction as a meta-feature leads to significant overfitting. Therefore we use only the mean
predictions as meta-features in the following sections. This overfitting also highlights the need for
additional methods to reduce overfitting, such as feature pruning.
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the standard deviation is more important than the mean for the final prediction.
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3.3 Feature Pruning

Feature pruning is a technique to decrease the number of features in a learning algorithm in order to
reduce redundancy, dimensionality, computational complexity, and error [4]. Many feature pruning
techniques exist in literature, and here we applied two pruning methods to stacking. Both methods
are greedy, meaning they add one feature to the meta-learning algorithm at a time and see how
performance is affected. However, they differ in the criteria used to greedily select the next fea-
ture. The first method uses the Pearson correlation coefficient and the second method uses mutual
information (MI).

3.3.1 Correlation Coefficient

The Pearson correlation coefficient is a simple selection criteria defined as [4]:

cov(x Y)
P=

,\./var(x,) • var(Y)

where xi is the Oh feature, Y is the observation, cov() is the covariance, and var() is the variance.

(3.4)

In this study, feature pruning was applied to each week of the flu season. For a given week, the
training dataset was the mean 3-week ahead prediction from each of the 22 flu models in Table 3.1
from all previous weeks. The Pearson correlation coefficient was computed between each feature
and the observations (see Fig. 3.10). Some models consistently have the largest correlation with
observations, such as Delphi Epicast and KBSI, while others consistently have low correlation, such
as TeamB and Yale2. However, the rank of models changes over time and no single model is always
ranked best or worst.

For each week in the flu season, the two features with the largest correlation with the observations
were chosen and used to train the stacking model. Features were then added to the stacking model
one at-a-time in ranked order based on their correlation coefficient with the observations. After
each feature was added to the stacking model, both the training and testing error were computed.
The training error was computed by performing 3-fold cross-validation during training and taking
the average of the relative error across folds. The testing error was computed by using the trained
model to predict the observation for the current week and taking the relative error between the
prediction and observation.

Fig. 3.11 shows the training and testing error averaged across all HHS regions and weeks of the
flu season as a function of the number of features. The training error increased with number of
features up to about 10 features, then leveled off. In contrast, the testing error was nearly constant
up to about 10 features, then it steadily declined. This behavior indicates that in general, more
features lead to a more accurate prediction.

Fig. 3.12 shows the number of features that resulted in the stacking model with minimum error
for each week of the flu season. Near the start of the flu season, using fewer features was best
because the individual flu models are not well calibrated for the flu season yet. The number of
useful features generally increased as the flu season progressed, until the flu season peak around
weeks 16 to 20. During the flu season peak, the use of fewer features was better because relatively
few flu models correctly predicted when the peak would occur. As the season progressed beyond
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Figure 3.11: Training and testing error for the stacking model, averaged across all HHS regions and
weeks, as a function of the number of features.
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the peak, the training error resulted in a stacking model with fewer features than the testing error.
This result indicated that using more features does not necessarily lead to overfitting, but might
actually improve performance.
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Figure 3.12: The number of features that resulted in minimum error for each week of the flu season.

3.3.2 Mutual Information (MII)

Mutual information (MI) is a concept from information theory that can also be used as criteria for
feature ranking. The mutual information between two variables is the amount by which knowledge
of one variable decreases uncertainty in the other. MI is defined as [5]:

I(X, Y) = E E P(x, y) log PPZY()y) (3.5)
xEX yEY

where P(x, y) is the joint probability distribution, and P(x) and P(y) are the marginal probability
distributions.
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We implemented a greedy feature selection method that chooses new features by maximizing
the MI with observations (i.e., relevancy of the feature) while minimizing MI with current features
(i.e., redundancy of the feature). For each week of the flu season, we started with the feature that
has the largest MI with the observations. Then we added one feature at a time by choosing the
feature that maximizes this formula:

I(Y, f) — )3 gs, f) (3.6)
ses

where I() is the mutual information (see Eq. 3.5), Y is the observation, f is the new candidate
feature, S is the subset of features already in use, and 0 is a parameter to control the trade-off
between relevancy and redundancy. We used a )3 value of 0.5.

Using the optimization in Eq. 3.6, we ranked all the features for each week of the flu season, as
shown in Fig. 3.13. Features were selected in order of rank starting with rank 1, so features with
smaller ranks were selected first. No single feature is always selected first or last, but some features
are consistently ranked better than others. For example, Delphi Epicast has a high ranking for most
weeks, which is consistent with the fact that Delphi Epicast generally has large correlation with the
observations (as shown in Fig. 3.10). But interestingly, some features that were shown to have low
correlation with observations have a relatively high ranking, such as TeamB and 4Sight. This is
because despite those features having low MI with the observations, they have even lower MI with
the existing feature set and therefore might offer unique information for the prediction.

Fig. 3.14 shows the training and testing error averaged across all HHS regions and weeks of the
flu season as a function of the number of features. The same general trends held for the MI criteria
as the correlation criteria (shown in Fig. 3.11). The training error increased with number of features
and testing error decreased. However, the testing error for the MI criteria dropped faster with fewer
features than the correlation criteria, indicating that selecting features based on their diversity can
help achieve better performance faster.

Fig. 3.15 shows the number of features that resulted in the stacking model with minimum error
for each week of the flu season. Again, the same general trends held for the MI criteria as the
correlation criteria (as shown in Fig. 3.12). The ideal number of features fluctuated early in the
season and dropped near the flu season peak. However, toward the end of the season, the MI criteria
tended to favor fewer features than the correlation criteria.

See Fig. 3.16 for a direct comparison of error between the MI and correlation criteria for feature
selection. For each week of the flu season, we took the minimum error for each selection method
across number of features. The difference in minimum error is shown. A difference below 0 indicates
that the MI selection criteria performed better and a difference above 0 indicates that the correlation
selection criteria performed better. For most weeks, the MI criteria had smaller training and testing
error than the correlation method, although the difference is nearly negligible. This indicates that
it was important to select features based on diversity.
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3.4 Performance Prediction using a Decision Tree

The ultimate goal of stacking and DMA is to improve predictive performance over the raw ensemble,
where the raw ensemble is simply the average of the individual model predictions. In order to
measure ensemble performance, we used the continuous rank probability score (CRPS) and absolute
error as metrics. The CRPS is a measure of error between a probability distribution and a single
data point, and is therefore an effective metric for comparing DMA to observations and the raw
ensemble to observations. But because the stacking prediction is a single point and not a probability
distribution, we used absolute error to compare stacking to observations.

Using CRPS and absolute error as metrics, either stacking or DMA has smaller error than
the raw ensemble roughly 85% of the time during the 2016 — 2017 flu season. However, DMA
and stacking are not better than the raw ensemble in the same weeks, indicating that neither
method is universally better and instead, some kind of hybrid approach might have the best overall
performance.

In order to predict which ensemble method will perform best in a given week, we trained three
decision trees using the rpart package in R [28, 22]:

1. Predict whether stacking or the raw ensemble will perform better in a given week, aka, the
stacking tree.

2. Predict whether DMA or the raw ensemble will perform better in a given week, aka, the DMA
tree.

3. Predict whether stacking, DMA, or the raw ensemble will perform best in a given week, aka,
the multi-class tree.

For features, we used characteristics of the raw ensemble rather than the stacking or DMA
ensemble. This is because the raw ensemble will be computed for each week of the flu season and
the decision tree can then be used to predict whether stacking or DMA should also be performed
to improve performance. Specifically, the decision trees used the following features:

1. Gini coefficient (see Eq. 3.2) of the CRPS between the raw ensemble and observations. The
Gini coefficient is a measure of dispersion in a set of numbers. A large Gini coefficient (near
one) would indicate a small set of predictive models.

2. Spearman rank correlation coefficient (see Eq. 3.3) of the CRPS between the raw ensemble and
observations. The Spearman rank is a measure of ordering over time, and a large Spearman
rank (near one) would indicate that models have consistent performance week-to-week.

3. Week number of the flu season.

4. Standard deviation of the model predictions, where the standard deviation of all models were
combined as variances, e.g., square root of the sum of squares.

The decision trees were trained using 3-fold cross-validation. We performed a sensitivity analysis
over the depth of the trees and pruned them to the depth with minimum cross-validation error. The
resulting decision trees are shown in Figures 3.17 for stacking, 3.18 for DMA, and 3.19 for multi-class.
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Figure 3.17: Decision tree for predicting whether stacking or the raw ensemble will have smaller
error in a given week of the flu season.
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Figure 3.18: Decision tree for predicting whether DMA or the raw ensemble will have smaller error
in a given week of the flu season.
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Figure 3.19: Decision tree for predicting whether stacking, DMA, or the raw ensemble will have
smaller error in a given week of the flu season.
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All 3 pruned decision trees contain the week of the flu season as a feature. Each case also
predicted that stacking or DMA was more likely to perform better than the raw ensemble later in
the flu season. This is likely because more data is available later in the flu season, leading to better
training of stacking and DMA.

All 3 pruned decision trees also indicated that a small Gini coefficient leads to stacking, a large
Gini coefficient leads to the raw ensemble, and somewhere in the middle leads to DMA. This was
unexpected behavior because a large Gini coefficient indicates that a small group of highly-predictive
models exists, and stacking or DMA could exploit that group by weighing them heavily. Instead,
this result indicated that the raw ensemble performed best in this scenario, even though it gives an
equal weight to all models.

While this result was unexpected, it may not be significant because predictions from the decision
tree were not very accurate, as shown in the confusion matrices in Tables 3.4 for stacking, 3.5 for
DMA, and 3.6 for multi-class. The average fl-score across classes was only 0.67 for stacking, 0.61
for DMA, and 0.58 for multi-class.

Table 3.4: Confusion matrix for the stacking decision tree.

Prediction: Raw Prediction: Stack
Actual: Raw
Actual: Stack

78 38
49 99

Table 3.5: Confusion matrix for the DMA decision tree.

Prediction: Raw Prediction: DMA

Actual: Raw
Actual: DMA

62 33
44 125

Table 3.6: Confusion matrix for the multi-class decision tree.

Prediction: Raw Prediction: DMA Prediction: Stack
Actual: Raw 28 13 11
Actual: DMA 14 89 26
Actual: Stack 12 26 44

Using the current set of features, decision trees do not distinguish well between stacking, DMA,
and the raw ensemble. More analysis is needed to investigate the current features and find more
distinguishing features.
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Chapter 4

Conclusions

In this study, we investigate methods that one could use to condition an ensemble of disease models
to observational data, in a bid to improve its predictive skill. Outbreaks of diseases vary tremen-
dously from instance to instance, and no individual model can capture this variability. In addition,
models' predictive skills are inconsistent too, and they lose accuracy sporadically. Thus the indi-
vidual models cannot be used for planning purposes. For the purposes of this study, we will use the
annual influenza outbreak in the US as an exemplar, for reasons listed below.

The annual influenza outbreak in the US varies tremendously year-to-year, and there is no good
influenza simulator that contains all the epidemiological processes that govern this phenomenon. To
address this problem, the CDC has assembled an ensemble of influenza prediction models (called
FluSight [11]) which, it is hoped, contain all the epidemiological processes of interest between all
the models. Currently, the models are used to generate forecasts (which are archived [12]) which
are then used as the ensemble prediction. Since the models are treated as equals, the uncertainty
bounds on the predictions are unacceptably wide.We considered the ensemble for 2016-2017 and
2017-2018. The easily availability of model predictions and data allows us to concentrate on solving
the conditioning problem, and were the primary reasons for choosing seasonal influenza as the
exemplar problem.

The conventional solution of this problem is "model-averagine (MA)' or "stackine. In MA, the
forecasts (which are probability densities for the FluSight ensemble) are combined into a weighted
mixture of densities. Typically, the model's forecasts are first converted into an approximate Gaus-
sian density, so that the ensemble prediction is a weighted mixture of Gaussians. In stacking, we
combine point forecasts from the models (mean or mode), in a linearly weighted manner, to obtain
the forecast. The weights, in both cases, are computed using historical observational data. In
our case, the observational data consists of CDC's FluView data, gathered weekly from its ILINet
of sentinel physicians. The data consists of the percentage of physician visits where the patients
exhibit ILI (influenza-like illness) symptoms.

The literature states that, in theory, MA (or stacking) should result in an ensemble that is
more predictive than individual models. This requires one to have a diverse ensemble and lots of
observational data to compute weights (Chapter 8 in Ref. [16]). In practice, its has been observed
that MA delivers consistency to the forecasts, rather than accuracy; it is very possible that in a few
instance a model will perform better, but never consistently so. Using an ensemble implies that one
does not have to select a model; instead it is a risk-mitigation strategy at heart. Further, in case
of influenza, the best model is not evident till very late in the outbreak, making model selection
irrelevant for planning purposes. In addition, literature advises that if an ensemble can predict
multiple Quantities of Interest (QoIs), it is best if they are MA individually.
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The FluSight ensemble poses a few unusual challenges. It is far larger and far diverse than the
disease ensembles that have been investigated in literature. In addition, the models are constantly
under development and new ones are being added to the ensemble, implying that the archived fore-
casts cannot simply be concatenated together and used, with the historical CDC FluView archive,
to compute weights with lots of observation data. Instead one must MA on a (influenza) season-
by-season basis, using the ensemble that is specific to that season (during which the ensemble's
composition and models remain constant). Thus one is faced with the prospect of MA a large
ensemble with limited data that might be available during a season from CDC FluView. Thus it
is not clear whether the MA methods used in literature will apply to the FluSight ensemble and
whether the findings hold.

In this study we developed three new MA methods — an adaptation of dynamic model averaging
(DMA), and two rank-based methods (simple ranking and rank aggregation) — and compared them
with the conventional Bayesian Model Averaging (BMA) and raw ensemble (i.e., equally weighted)
which have been used/studied to date. The new MA methods are designed to be usable when
data is sparse, or specifically, when the number of weeks of CDC FluView data is smaller than the
size of the ensemble (which has been the case after the 2015-2016 influenza season).The adaptation
of DMA is a method that starts with an equally weighted ensemble and updates the weights by
sequentially assimilating CDC FluView data. The ranking based methods attempt to find the three
best models, across all QoIs, and then simply combine their forecasts (cast as Gaussian densities)
using equal weights. They, too, can function with very large ensembles.

We also investigated, using elastic net regression and feature pruning, whether we could shrink
the ensemble so that it could be conditioned using the sparse FluView data available. We also
explored two opposing methods for selecting models to be retained in the shrunk ensemble. The
first picks models based on the correlation between their predictions and FluView data. The second
approach ensures model diversity in the shrunk ensemble. Our findings are:

• The MA predictions are more consistent than the forecasts from individual models. This
agrees with literature.

• The DMA adaptation is better than the raw ensemble, indicating that it is a bona-fide MA
method.

• The two ranking-based methods are almost equal in their predictive skill. However, one of
the two algorithms (called rank aggregation) is extremely computationally expensive, without
providing any advantage in ensemble's forecasting accuracy.

• The ranking-based "MA" algorithms are far more predictive than the others.

• When constructing the shrunk ensemble, it is better to choose models based on diversity.

• In the later part of the outbreak, when sufficient data led to models providing informative
forecasts, the shrunk ensemble tended to be larger (as models provided diverse, rather than
random, predictions).

• The predictive skill of the shrunk ensemble is similar to DMA. However, the weights of the
models, and even the distribution of weights, is different.

• The BMA algorithm performed the worst. This was entirely due to the expectation-
maximization (EM) algorithm used inside BMA to estimate model weights. In our case,
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where we have less data than the number of models in the ensemble, EM is asked to solve an
under-constrained estimation problem. EM was not designed to do so, and performs poorly.

We also encountered some features of DMA that are worth recording for posterity. We found
that the weights estimated by DMA, for a give QoI, cannot be used to forecast other QOIs - the
predictive skill is no different than that of a raw ensemble. In addition, the DMA algorithm has a
free parameter, a that can be used to tune the temporal correlation of model weights; it is crucial
for algorithmic stability when data is sparse and assimilated sequentially. We tuned a in the hope
of improving DMA's forecasting skill significantly. While we did achieve some improvement, it was
marginal. Our study was performed using the default value of a = 0.99. We found that in certain
cases, MA or stacking would provide worse predictions than the raw ensemble. We investigated
whether certain characteristics of the raw ensemble could yield insight into when an ensemble
should be conditioned on sparse data (note, it is always advantages to condition when observational
data is abundant). The results were inconclusive.

Looking forward, the study could be improved, or at least made more competitive, by enhancing
BMA. BMA is a "batch" method and has the potential to be more predictive than DMA. However, to
do so, one would have to replace the EM algorithm that BMA uses with one that can accommodate
under-constrained problems. The degenerate EM algorithm [19] is one such candidate.
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