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Evaluating the Relationship Between Forecast Accuracy and Value of Forecast
A Cost–Loss Based Evaluation Using Influenza Forecasts
Albin Blomster
Department of Mathematical Sciences
Chalmers University of Technology

Abstract
Epidemiological forecast evaluation commonly focuses on statistical accuracy mea-
sures such as Mean Absolute Error (MAE), Weighted Interval Score (WIS), and Log
Score (LS). However, accurate forecasts do not necessarily translate into improved
decision-making performance. Therefore, this thesis investigates the relationship
between forecast accuracy and the value of a forecast within probabilistic influenza
forecasting.

The study uses data from the CDC FluSight forecasting challenge, where forecasting
models provide probabilistic predictions of future Influenza-like Illness (ILI) preva-
lence. Event-based forecasting scenarios are constructed through threshold defini-
tions based on relative growth in ILI prevalence. Forecast probabilities are obtained
from predictive distributions and used within a cost–loss decision framework to de-
termine preventive actions.

Ten forecasting models are evaluated across multiple event definitions, cost–loss ra-
tios, and forecast horizons. Decision performance is quantified using value scores
and integrated value measures. Furthermore, Spearman rank correlation analysis is
used to investigate the relationship between forecast accuracy rankings and decision-
based rankings.

The results indicate that forecast accuracy and value score rankings are generally
positively correlated across event definitions, cost–loss ratios, and forecast horizons,
although the relationship is not perfectly aligned. While the ensemble model “target-
type-based-weights” and the model “Reichlab-KCDE” perform strongly under both
evaluation frameworks, differences between statistical and decision-based rankings
are still observed. These findings suggest that traditional forecast accuracy measures
and decision-based approaches provide complementary perspectives for evaluating
the practical usefulness of probabilistic forecasts.

Keywords: Influenza Forecasting, Probabilistic Forecasting, Value of Forecast, Cost—
Loss Analysis, Decision Theory, FluSight, Forecast Evaluation, Rank Correlation.
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MAE Mean Absolute Error
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Nomenclature

Below is the nomenclature of indices, parameters, and variables used throughout
this thesis.

Indices

t Current week index
h Forecast horizon index
i Forecast instance index
m Forecast model index

Parameters

γ Event definition parameter (growth threshold)
r Cost–loss ratio C/L

C Preventive action cost
L Loss incurred if no action is taken and the event occurs
N Total number of forecast instances

Variables

Yt Current observed ILI value
Yt+h Future observed ILI value at horizon h

pf Forecast event probability
pb Historical baseline probability
E(i) Binary event indicator
Ef Forecast-based loss
Eb Baseline loss
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Ep Perfect foresight loss
V S Value score
IV Integrated value score

xii



Contents

List of Acronyms ix

Nomenclature x

List of Figures xv

List of Tables xix

1 Introduction 1
1.1 Aim and Research Questions . . . . . . . . . . . . . . . . . . . . . . . 3

2 Theory 5
2.1 Epidemiological Forecasting . . . . . . . . . . . . . . . . . . . . . . . 5
2.2 Probabilistic forecasts and the FluSight challenge . . . . . . . . . . . 6
2.3 Forecast Accuracy Evaluation . . . . . . . . . . . . . . . . . . . . . . 7
2.4 Event scenarios . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
2.5 Cost–loss scenario . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
2.6 Value of Forecast . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
2.7 Rank correlation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

3 Methods 13
3.1 FluSight Data Repository . . . . . . . . . . . . . . . . . . . . . . . . 13
3.2 Model Selection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
3.3 Data Preparation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
3.4 Forecast Accuracy Evaluation . . . . . . . . . . . . . . . . . . . . . . 16
3.5 Event Construction . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
3.6 Cost–loss implementation . . . . . . . . . . . . . . . . . . . . . . . . 18
3.7 Value of Forecast Computation . . . . . . . . . . . . . . . . . . . . . 19
3.8 Integrated Value Measures . . . . . . . . . . . . . . . . . . . . . . . . 21
3.9 Rank Correlation Analysis . . . . . . . . . . . . . . . . . . . . . . . . 22

4 Results 23
4.1 Event and Data Characteristics . . . . . . . . . . . . . . . . . . . . . 23

4.1.1 Seasonal ILI trajectories . . . . . . . . . . . . . . . . . . . . . 23
4.1.2 Growth rate distribution . . . . . . . . . . . . . . . . . . . . . 24
4.1.3 Event frequency by horizon . . . . . . . . . . . . . . . . . . . 25
4.1.4 Event probability by season . . . . . . . . . . . . . . . . . . . 26

xiii



Contents

4.2 Baseline Behavior . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
4.2.1 Historical belief . . . . . . . . . . . . . . . . . . . . . . . . . . 27

4.3 Forecast Accuracy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
4.3.1 Accuracy performance by horizon . . . . . . . . . . . . . . . . 27

4.4 Value of Forecast . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
4.4.1 Value score curve . . . . . . . . . . . . . . . . . . . . . . . . . 29
4.4.2 Integrated decision value . . . . . . . . . . . . . . . . . . . . . 30
4.4.3 Decision value surface . . . . . . . . . . . . . . . . . . . . . . 31

4.5 Rank Correlation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

5 Discussion 35
5.1 Forecast Accuracy vs Decision Value . . . . . . . . . . . . . . . . . . 35
5.2 Effect of Event Severity and Horizon . . . . . . . . . . . . . . . . . . 36
5.3 Interpretation of the Cost–Loss Framework . . . . . . . . . . . . . . . 37
5.4 Baseline Construction and Historical Information . . . . . . . . . . . 38
5.5 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
5.6 Future Research . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

6 Conclusion 41

Bibliography 43

A Appendix 1 I

B Appendix 2 XXI

xiv



List of Figures

2.1 Illustrative example of probabilistic ILI forecasting. Historical obser-
vations are available up to the forecast origin, after which predictive
distributions are generated 1 and 4 weeks ahead. The realized ILI
values are observed only after the target weeks occur and can then
be compared with the forecast distributions. . . . . . . . . . . . . . . 7

3.1 Example of the cost–loss decision framework for a single forecast in-
stance with event definition γ = 0.25, forecast horizon h = 1, and
cost–loss ratio r = 0.10. The left panel shows the probabilistic fore-
cast together with the event threshold used to compute the forecast
probability pf , while the right panel displays the corresponding deci-
sion outcome in the cost–loss matrix. . . . . . . . . . . . . . . . . . . 18

4.1 Observed ILI prevalence across influenza seasons as a function of sea-
son time. Each line corresponds to one influenza season. . . . . . . . 23

4.2 Empirical distribution of the growth rate Yt+h

Yt
across forecast horizons

h = 1, 2, 3, 4. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
4.3 Event frequency as a function of the event definition parameter γ

across forecast horizons h = 1, 2, 3, 4. . . . . . . . . . . . . . . . . . . 25
4.4 Empirical event frequencies across influenza seasons as a function of

the event definition parameter γ for different forecast horizons. . . . . 26
4.5 Comparison between the true event frequency, the historical base-

line probability pb, the static baseline probability, and the decision
threshold r = 0.19 for γ = 0.1 and forecast horizon h = 1. . . . . . . . 27

4.6 Forecast accuracy metrics MAE, LS, and WIS across forecasting mod-
els and forecast horizons h = 1, 2, 3, 4. . . . . . . . . . . . . . . . . . . 28

4.7 Value score as a function of the cost–loss ratio r for the ensemble
model “target-type-based-weights” with γ = 0.1 and forecast horizon
h = 4. The dashed line corresponds to the break-even value V S = 0. . 29

4.8 Integrated value scores across event definitions γ for all forecasting
models and forecast horizons h = 1, 2, 3, 4. The dashed line corre-
sponds to the break-even value IV = 0. . . . . . . . . . . . . . . . . . 30

4.9 Value score surfaces for the ensemble model “target-type-based-weights”
across forecast horizons h = 1, 2, 3, 4. The heatmaps display the value
score as a function of the cost–loss ratio r and the event definition
parameter γ. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

xv



List of Figures

4.10 Value score surfaces for the “CUBMA” model across forecast horizons
h = 1, 2, 3, 4. The heatmaps display the value score as a function of
the cost–loss ratio r and the event definition parameter γ. . . . . . . 32

4.11 Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.20 across forecast
horizons and cost–loss ratios. . . . . . . . . . . . . . . . . . . . . . . . 33

4.12 Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.45 across forecast
horizons and cost–loss ratios. . . . . . . . . . . . . . . . . . . . . . . . 34

A.1 Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.00. . . . . . . . . . . . II

A.2 Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.03. . . . . . . . . . . . III

A.3 Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.05. . . . . . . . . . . . IV

A.4 Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.08. . . . . . . . . . . . V

A.5 Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.10. . . . . . . . . . . . VI

A.6 Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.12. . . . . . . . . . . . VII

A.7 Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.15. . . . . . . . . . . . VIII

A.8 Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.18. . . . . . . . . . . . IX

A.9 Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.23. . . . . . . . . . . . X

A.10 Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.25. . . . . . . . . . . . XI

A.11 Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.28. . . . . . . . . . . . XII

A.12 Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.30. . . . . . . . . . . . XIII

A.13 Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.33. . . . . . . . . . . . XIV

A.14 Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.35. . . . . . . . . . . . XV

A.15 Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.38. . . . . . . . . . . . XVI

A.16 Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.40. . . . . . . . . . . . XVII

A.17 Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.43. . . . . . . . . . . . XVIII

A.18 Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.48. . . . . . . . . . . . XIX

xvi



List of Figures

A.19 Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.50. . . . . . . . . . . . XX

B.1 Example of the cost–loss decision framework where preventive action
is taken, and the event occurs. The left panel shows the probabilistic
forecast together with the event threshold used to compute the fore-
cast probability pf , while the right panel displays the corresponding
decision outcome in the cost–loss matrix. . . . . . . . . . . . . . . . . XXI

B.2 Example of the cost–loss decision framework where no preventive ac-
tion is taken, and the event occurs. . . . . . . . . . . . . . . . . . . . XXII

B.3 Example of the cost–loss decision framework where no preventive ac-
tion is taken, and the event does not occur. . . . . . . . . . . . . . . . XXIII

xvii



List of Figures

xviii



List of Tables

2.1 Cost–loss matrix for a binary decision problem. C denotes the cost
of preventive action and L the loss incurred if no action is taken and
the event occurs. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

3.1 Forecasting models included in the analysis. . . . . . . . . . . . . . . 15

xix



List of Tables

xx



1
Introduction

Epidemiological forecasting has emerged as a response to the need for informed
decision-making in public health under uncertainty. During infectious disease out-
breaks, decision-makers such as public-health agencies and hospital leadership must
take time-sensitive decisions regarding, for example, healthcare capacity, staffing,
and preparedness measures. These decision-makers often possess detailed contex-
tual knowledge. For example, hospital administrators typically have a strong un-
derstanding of operational constraints and consequences but may lack the expertise
required to formulate and interpret epidemiological data and complex mathemat-
ical models. Therefore, epidemiological forecasting serves as an interface between
quantitative disease dynamics and practical decision-making, translating data and
uncertainty into information that can support informed actions [1].

Seasonal influenza serves as a well-established setting for studying epidemiologi-
cal forecasting. Since the 2013/2014 season, the U.S. Centers for Disease Control
and Prevention (CDC) has coordinated the FluSight forecasting challenge, in which
participating teams submit probabilistic forecasts for influenza-related targets on
a weekly basis. For example, teams provide forecasts of influenza-like illness (ILI)
prevalence one to four weeks ahead. These forecasts are evaluated retrospectively
against observed data and have contributed to the development of standardized
forecasting targets and evaluation practices in epidemiology [2]. While the COVID-
19 pandemic further highlighted the importance of forecasting for decision-making,
influenza forecasting differs fundamentally from early COVID-19 forecasting, as it
benefits from long historical time series and relatively stable seasonal dynamics,
which enable more stable forecasting models.

Influenza activity is commonly monitored using surveillance indicators such as influenza-
like illness, defined as the proportion of primary healthcare visits involving fever and
respiratory symptoms. Although ILI is not specific to influenza and may therefore
reflect illness caused by other respiratory pathogens, it remains a widely used and
consistently reported indicator for influenza that enables comparisons across mod-
els, seasons, and locations [2]. In the FluSight initiative, forecasts are formulated
explicitly for ILI.

In epidemiological forecasting, forecasts are most frequently used at short-term hori-
zons. Short-term forecasts are defined as predictions one to four weeks ahead. These
horizons are particularly relevant for near-term decisions such as hospital prepared-
ness and resource planning and are generally more reliable than long-term projec-
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1. Introduction

tions, which are subject to greater uncertainty and structural changes due to evolving
disease dynamics, as observed during the COVID-19 pandemic [3].

Modern epidemiological forecasting has increasingly emphasized probabilistic fore-
casts rather than point forecasts. Rather than predicting a single future outcome,
probabilistic forecasts assign probabilities to a range of possible outcomes, thereby
representing forecast uncertainty. To further improve predictive performance, en-
semble forecasting approaches have been implemented, combining diverse modeling
assumptions and data sources [2, 4].

To assess epidemiological forecasts, a variety of statistical evaluation metrics and
scoring rules are used. These metrics compare forecasts to observed outcomes and
thereby define a loss as the discrepancy between prediction and observation. Com-
monly used metrics include the logarithmic score, the continuous ranked probability
score (CRPS), and prediction interval coverage. Historically, forecasts submitted
to the CDC FluSight initiative were evaluated using a modified logarithmic score,
which formed the basis for ranking forecasting models [2]. In practice, forecasts
in the FluSight initiative are submitted in the form of predictive quantiles rather
than full probability distributions. This makes the weighted interval score (WIS)
particularly relevant, as it provides a proper scoring rule that is equivalent to CRPS
under quantile-based reporting and has therefore become a standard metric in epi-
demiological forecasting [3].

Traditional evaluation metrics define expense implicitly through the chosen scoring
rule and focus on discrepancies between forecasts and observations. While this ap-
proach provides valuable information about forecast quality, it does not explicitly
account for how forecasts are used in decision-making or for the consequences of
acting on them.

This observation has long been recognized in meteorology, where forecasts are rou-
tinely used to support decisions under uncertain conditions. In weather forecasting,
cost-loss frameworks have been developed to evaluate forecasts in situations where
decision-makers must balance the cost of preventive action against the potential
loss incurred if no action is taken and an adverse event occurs [5, 6]. Within this
framework, the usefulness of a forecast depends not only on its statistical accuracy
but also on the decisions it supports and the consequences associated with those
decisions.

Furthermore, this has motivated recent work on context-sensitive and decision-based
evaluation frameworks. In particular, [7] implemented the cost-loss framework to
evaluate infectious disease forecasts in influenza. The study considered the problem
of predicting whether the seasonal influenza peak would exceed a predefined sever-
ity threshold, which means converting a probabilistic forecast into a binary decision
problem.

Using this framework [7] introduced a Value Score that quantifies the usefulness of
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1. Introduction

a forecast within a specific decision setting relative to a historical baseline strategy
and perfect information oracle. Their results showed that model rankings based on
forecast value differed from rankings obtained using the modified log score employed
in the FluSight challenge. This observation serves as the primary motivation for this
thesis, which investigates the relationship between forecast accuracy and the value
of forecast in short-term influenza forecasting.

1.1 Aim and Research Questions
This thesis aims to investigate the relationship between forecast accuracy and the
value of forecast in short-term influenza forecasting. By comparing model perfor-
mance under traditional forecast accuracy metrics and the value of forecast frame-
work based on cost–loss theory, the study seeks to determine whether models that
perform well according to traditional forecast accuracy metrics also perform well
under a decision-sensitive value of forecast framework. More specifically, the thesis
addresses the following research questions:

1. How do forecasting models perform according to traditional forecast accuracy
metrics?

2. How do forecasting models perform according to the Value of Forecast frame-
work?

3. To what extent do the resulting model rankings agree?

3
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2
Theory

2.1 Epidemiological Forecasting

Epidemiological forecasting is an area concerned with predicting the progression of
infectious diseases based on past and current observations, using a range of differ-
ent methods. These methods are constructed using different approaches, including
statistical methods based on historical observations, similar to those used in finan-
cial time series analysis, as well as mechanistic methods based on the underlying
dynamics of disease transmission [2]. A commonly used mechanistic framework in
epidemiological forecasting is compartmental models. These models divide the pop-
ulation into groups that are denoted compartments and models the flow between
the compartments. For example, the SIR model divides the population into sus-
ceptible, infected, and recovered compartments [2]. In addition, ensemble methods
have become increasingly popular, combining multiple models into a single forecast,
often through different weighting schemes [2].

Disease prevalence can be measured using various metrics, one common example
being ILI, which is an acronym for influenza-like illness (ILI). ILI is defined as a
non-specific respiratory infection characterized by symptoms such as fever, cough,
sore throat, fatigue, and muscle aches [8]. It is one of the most frequently used
indicators of influenza activity in epidemiological surveillance and is measured as
the weighted percentage of outpatient visits presenting influenza-like symptoms [9].

Other metrics may also be used, such as hospitalizations and virologic testing [2].
Depending on the application, different aspects of disease prevalence may be of in-
terest, for example, forecasting ILI one month ahead or perhaps the timing of the
seasonal peak [2]

As a result, both point forecasts and probabilistic forecasts are relevant in epidemi-
ological forecasting. Point forecasts can be useful when a single predicted outcome
is of primary interest, such as predicting the most likely peak week of an epidemic
season. However, for short-term forecasts, such as predicting ILI four weeks ahead,
there is often substantial uncertainty. For decision-makers, an exact predicted value
is therefore less informative than a probabilistic forecast, which provides a distribu-
tion over possible outcomes and highlights regions of higher likelihood [2, 3].

Consequently, epidemiological forecasting plays an important role in healthcare plan-
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2. Theory

ning, as forecasts can be used to anticipate short-term trends in disease activity
and support decision-making regarding, for example, resource allocation [10]. How-
ever, traditional forecast evaluation metrics commonly focus on predictive accuracy.
While such metrics provide information about how well forecasts match observed
outcomes, they do not account for how forecasts are used in decision-making or
whether improvements in forecast accuracy necessarily lead to better decisions. This
motivates the need for frameworks that explicitly evaluate the value of forecasts in
relation to decisions.

2.2 Probabilistic forecasts and the FluSight chal-
lenge

The Centers for Disease Control and Prevention (CDC) initiated the FluSight fore-
casting challenge as a collaboration between multiple research groups aimed at im-
proving the quality of predicting the progression of influenza seasons across the
United States. The objective of the challenge was to provide a platform where
groups could submit weekly forecasts, which are then aggregated and evaluated for
influenza-like illness (ILI), both at the regional and national levels. The challenge
was introduced to support public health decision-making by improving situational
awareness of influenza activity [9].

Within the FluSight challenge, groups provide multiple types of forecasts each week.
These include short-term horizon forecasts, which focus on predicting weekly ILI
values 1 to 4 weeks ahead, as well as seasonal targets such as the onset week, the
peak ILI percentage, and the timing of the seasonal peak. It has been consistently
observed that ensemble models, which combine multiple individual forecasts, often
outperform single-model approaches [9].

Most importantly, short-term horizon forecasts are expressed probabilistically, as
distributions over possible ILI values rather than as point predictions. This proba-
bilistic representation captures the uncertainty in disease progression and provides
a basis for decision-making under uncertainty, which is central to this thesis [9].

To illustrate the concept of probabilistic short-term forecasts within the FluSight
framework, we use Figure 2.1 as a synthetic example. At a given forecasting week,
observations are available only up to the current time point. Based on this informa-
tion, a forecasting model produces predictive distributions for future ILI values at
different forecast horizons. In Figure 2.1, forecasts are generated one and four weeks
ahead. The predictive distributions represent the uncertainty in future influenza ac-
tivity, whereas the true ILI values only become available once the weeks have been
observed. Subsequently, forecast performance can be determined by comparing the
observed outcomes with the forecast distribution.
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Figure 2.1: Illustrative example of probabilistic ILI forecasting. Historical obser-
vations are available up to the forecast origin, after which predictive distributions
are generated 1 and 4 weeks ahead. The realized ILI values are observed only after
the target weeks occur and can then be compared with the forecast distributions.

ILI values are expressed as percentages, representing the proportion of healthcare
visits attributed to influenza-like illness. For example, an ILI value of 1 corresponds
to 1%. During off-season periods, ILI values are typically low, below 2%, and rela-
tively stable, whereas higher values are observed during the influenza season when
activity increases.

In FluSight, these distributions are represented using discretized bins of width 0.1
% over the ILI range, where each bin is assigned a probability. The range of ILI is
partitioned from 0 % up to 13 %, with an additional bin covering values from 13 %
to 100 % to capture the more extreme outcomes [9, 2].

2.3 Forecast Accuracy Evaluation
To evaluate the accuracy of a forecast, there exist several metrics used to measure
how well a forecast agrees with observed outcomes. Both point and probabilistic
forecasts can be evaluated. One of the most common evaluation metrics for point
forecasts is the Mean Absolute Error (MAE), defined as:

MAE = 1
n

n∑
i=1

|yi − ŷi|. (2.1)

where ŷi denotes a model prediction and yi the observed outcomes. The score is av-
eraged over all observation-prediction pairs. A lower MAE, therefore, corresponds
to a better forecast [11].
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For probabilistic forecasts, scoring rules are often used in place of point-error met-
rics. A proper scoring rule is defined as a scoring rule where the expected score is
maximized when the forecaster reports their true predictive distribution. Therefore,
a proper scoring rule doesn’t incentivize a forecaster to report forecasts that differ
from their beliefs [4].

In the FluSight challenge, a commonly used metric is the log score, which rewards
models assigning a high probability to the event that is subsequently observed. It
is defined as

LS = 1
n

n∑
i=1

log P (Xi ∈ B(yi)). (2.2)

Here, Xi denotes the forecasted random variable for the forecast instance, and B(yi)
denotes the bin (or set of bins) containing the observed value yi. Therefore, a higher
log score corresponds to forecasts assigning greater probability mass close to the ob-
served outcome. As with MAE, the score is summed over all observation-prediction
pairs [2].

Furthermore, the log score has also been used in an extended form. The score above
is sometimes referred to as the single-bin log score; one could also extend this to a
multi-bin log score. In this case, B(yi) is extended to include adjacent bins often
symmetrically around the observed bin. For example, one can include three bins
above and three bins below the observed outcome. While the single-bin log score is
proper, the multi-bin log score is not proper [2].

Another popular scoring rule is the weighted interval score. It is a proper scor-
ing rule based on a weighted sum of prediction intervals. Each interval penalizes
overprediction, underprediction, and forecast dispersion, and it is defined as

WIS(F, y) = 1
K + 1

2

(
1
2 |y − m| +

K∑
k=1

αk

2 · ISαk
(F, y)

)
(2.3)

where the interval score at significance level α is

ISα(F, y) = (u − l) + 2
α

(l − y)1(y < l) + 2
α

(y − u)1(y > u). (2.4)

Here, y is the observed value, m is the predictive median, l and u are the lower
and upper bounds of the prediction interval, α is the significance level, and K is the
number of intervals used. Therefore, a lower WIS corresponds to a better forecast [3].

However, forecast accuracy may not be telling the entire story. Even though a model
produces a high forecast accuracy over many observations, it may fail in some in-
stances. Precisely when the model fails may correspond to the most important
scenarios for a stakeholder using the forecast. Therefore, an event-based forecasting
measure that is decision-context sensitive may provide additional information. We
now proceed by defining event scenarios.
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2. Theory

2.4 Event scenarios
In the FluSight challenge, each model provides a probabilistic forecast over bins.
As mentioned in Section 2.2, these forecasts are relatively precise with bins of size
0.1 %. However, a decision maker is often not concerned with the exact forecasted
values, but rather with whether a certain event will happen. For instance, one may
be interested in whether the influenza season will exceed a given threshold, which
could motivate additional allocation of perhaps ICU resources or other hospital ca-
pacity measures to support a more vulnerable hospital [10].

In this thesis, such events are defined in a relative manner. Let Yt denote the current
week’s ILI and Yt+h denote the future ILI at time t+h, where h denotes the forecast
horizon. Furthermore, let γ be a relative growth parameter. We are then concerned
with whether or not this condition is true or false,

Yt+h ≥ (1 + γ)Yt. (2.5)

Given a predictive distribution for Yt+h, each model can therefore assign a proba-
bility to the event in (2.5). (2.5) thus converts a continuous forecasting problem
into a binary event prediction problem and can be interpreted as whether the fu-
ture ILI level increases by at least γ relative to the current ILI. A low value of γ
corresponds to an event with a small increase in ILI, whereas a high value of γ corre-
sponds to an event with a more substantial increase in ILI. Hence, different levels of
γ represent different levels of concern regarding future increases in influenza activity.

2.5 Cost–loss scenario
Consider an administrator at a hospital who is in charge of allocating staff and
resources. The administrator receives short-term forecasts indicating an elevated
probability of a substantial increase in influenza activity during the coming weeks.
Based on this scenario, the administrator is tasked with deciding whether to take
preventive action, which may include more staff, additional ICU beds or simply real-
locating medical resources. These measures incur a cost even if the forecasted event
doesn’t occur. Conversely, if no preventive action is taken and the influenza activity
rises substantially, the hospital may face shortages of staff, medical resources, and
other critical resources. The decision therefore involves balancing the cost of pre-
paredness against the potential consequences of being unprepared.

This trade-off is formalized through the cost-loss framework [5, 6]. Since we have
defined an event, it is now up to the stakeholder to decide whether an action should
be taken. This decision is based on the forecast that the model produces regarding
whether the event will occur or not, however we need some sort of rule that helps us
decide when to act or not. Therefore, the forecast is not determined solely by the
forecast but the stakeholder must weigh the cost of acting preventively against the
potential loss incurred if no action is taken and the event occurs [5, 6]. Thus, in this
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thesis, we could consider a binary world where acting means taking preventive action
resulting in a cost denoted as C and not acting resulting in no cost. However, these
actions are then measured against a loss, incurred if no preventive action is taken
and the event occurs, which is denoted as L. One can also take preventive action
where the event doesn’t occur, therefore resulting in a cost of C. The resulting
cost-loss matrix is shown in Table 2.1.

Table 2.1: Cost–loss matrix for a binary decision problem. C denotes the cost of
preventive action and L the loss incurred if no action is taken and the event occurs.

Event occurs Event does not occur
Take action C C

Do not take action L 0

We will assume that 0 < C < L, and with this assumption, we can deduce that the
rule determining taking preventive action will be fulfilled if our forecast 0 < p < 1
fulfills C > pL which can be rearranged into p > C

L
. Therefore, if our decision maker

argues that the ratio between cost and loss is low, the threshold for taking preventive
action is low. Compared to a high cost-loss ratio, the forecast must assign a lot of
probability to the event to fulfill the threshold.

To illustrate this, consider a situation where the cost of preventive action is C = 1
and the loss is L = 10, resulting in a cost–loss ratio r = C

L
= 0.1. If a forecast as-

signs a probability p = 0.3 to the event, then p > r, and action is taken. Conversely,
if the forecast probability is p = 0.05, then p < r, and no action is taken. This
example highlights how the decision depends jointly on the forecast probability and
the cost–loss ratio.

Therefore, the usefulness of a model and its forecast not only depends on the pre-
dictive accuracy but also on the stakeholders’ selected cost-loss ratio. Now, we have
weighed our decision against the forecasted probability and the cost of acting, but
now we need to understand how much benefit this forecast may provide relative to
a baseline that has no access to a model forecast [5, 6].

2.6 Value of Forecast
While Section 2.5 describes how decisions can be made using forecasted probabilities,
it doesn’t quantify how valuable a forecast is relative to a baseline. Thus, a model
forecast provides value if it can improve the decisions being made compared to a
baseline that relies solely on historical data and not on having access to any forecasts.

A model that often provides accurate forecasts may not always be beneficial, since
the decision context matters. If an otherwise accurate model fails during rare but
crucial events, this may be very costly. Meanwhile, a slightly less accurate model

10
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may be better at predicting decision-relevant events.

We therefore need a means to quantify the value of a forecast. A natural idea is thus
to compare decision outcomes with different access to information. Firstly, decisions
are solely based on historical information. Secondly, the decisions are based on a
model forecasting probabilities. Thirdly, decisions are based on an idealized decision
maker that already knows the future outcome of an event and thus always takes the
optimal action. For each of these situations, it’s possible to compute an expected
expense with regard to the cost-loss framework [5, 6].

A forecast provides improvement relative to a baseline if the expected expense under
forecast-based decisions is lower than under the baseline strategy. To facilitate
interpretation, this improvement is normalized by the improvement achieved under
perfect foresight relative to the same baseline. This leads us naturally to defining
the value of a forecast as

VS = Eb − Ef

Eb − Ep

. (2.6)

where Eb denotes the expected expense under a baseline that doesn’t have access to
forecasts. It is often called a climatological benchmark in meteorological forecast-
ing. Furthermore, Ef denotes the expected expense when decisions are made using
a forecast, and Ep is the expected expense under an oracle, a decision maker who
always knows the correct action. Hence, the numerator measures the gain of using a
forecast relative to a baseline, while the denominator measures the biggest possible
gain, therefore creating a normalized measure [5, 6].

A VS = 1 is equivalent to a perfect forecast, while VS ≈ 0 indicates a model equiv-
alent to the baseline. lastly, VS < 0 indicates a model worse than the baseline. The
range of VS is thus given by (−∞, 1]. However, the value of a forecast depends on
the cost-loss ratio. Thus, a model may, for certain cost-loss ratios, take on positive
values of VS, while for other cost-loss-ratios it may produce negative VS [5, 6].

A forecast that achieves high forecast accuracy may still have limited value if it
doesn’t improve decisions relative to the baseline. On the contrary, a forecast with
moderate accuracy may generate greater value if it can better support decisions rel-
ative to all events. Comparing models with respect to forecast accuracy and value
of forecast is therefore of interest, which motivates us to introduce a tool that can
measure the similarity or difference between rankings of models created by the two
approaches.

2.7 Rank correlation
In this thesis, we are interested in comparing forecast accuracy, such as MAE, LS,
and WIS, to VS. Each of these approaches induces a ranking of the forecasting
models, picking up different aspects of the forecasts. This motivates us to quantify
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how similar and dissimilar the resulting rankings are.

To measure the agreement between two ranking systems, there are multiple ranking
correlation coefficients that can be used. In this thesis, Spearman’s rank correlation
coefficient is applied. The coefficient is similar to the standard correlation coefficient
since its value range is [−1, 1] and it measures the monotonic association between
two rankings and is defined as

ρ = 1 − 6∑n
i=1 d2

i

n(n2 − 1) , (2.7)

where di denotes the rank difference for model i, and n is the total number of models
being compared [12].

A value of ρ = 1 corresponds to identical rankings between the two approaches. A
value of ρ = 0 indicates no monotonic agreement, meaning that the relationship
between the ranking systems is weak or more or less random. A value of ρ = −1
corresponds to perfectly reversed rankings [12].

Therefore, a low rank correlation would indicate that evaluating models solely
through traditional forecast accuracy metrics may overlook models that provide
greater decision value.
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3
Methods

3.1 FluSight Data Repository

As outlined in Section 2.2, this thesis is concerned with data that originates from
the CDC FluSight challenge, a collaborative forecasting initiative that involves re-
searchers and public health officials, which is aimed at producing real-time forecasts
of influenza activity in the United States. The empirical data used in this thesis were
obtained from a publicly available GitHub repository [13], which contains historical
forecast submissions from the season 2010/2011 up to the 2018/2019 season with
contributions from more than 20 forecasting models.

However, even though a historical repository serves as the basis of this thesis, the
FluSight initiative is still an ongoing project. For example, there exists a repository
that collects forecasts for the 2025-2026 season [14]. However, these newer systems
are based on different surveillance targets, such as laboratory-confirmed influenza
tests, rather than the ILI metric considered in this thesis.

The repository [13] is organized around forecast submissions from individual models,
including both ensemble models and component models. For each model, forecast
submissions are stored in comma-separated value (CSV) format. Here, each file cor-
responds to one model’s forecast for a specific epidemiological week (EW) in a given
year. An influenza season runs from EW40 of a year till EW20 of the following
year. Files are named according to the structure ”EWxx-yyyy-model.csv", where
”xx” denotes the epidemiological week, ”yyyy” denotes the year, and ”model” is
the forecasting model. Each forecast file contains information regarding the week
the forecast was issued, forecast horizon, the geographic target, and forecast type,
which are provided either as point predictions or as probabilistic forecasts repre-
sented through bins with assigned probability mass. In addition, a forecast may
be a short-term forecast, such as a one to four week ahead forecast, or a seasonal
forecast, such as the season’s onset week, peak percentage, or peak week.

Furthermore, the repository [13] contains a file named ”target-multivals.csv", which
stores observed ILI values, used as ground truth outcomes. This file also follows a
structure that is compatible with the forecast submissions and is used both to evalu-
ate forecast accuracy and construct the event-based decision framework introduced
in Section 2.4.
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The analysis will be restricted to short-term forecasts made one to four weeks ahead
for the region ”US National’. Included seasons depend on forecast availability, since
some models do not provide submissions for all seasons.
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3.2 Model Selection

The historical FluSight repository contains submissions from a large number of fore-
casting models across multiple influenza seasons. Rather than analyzing all available
models in this thesis, a subset of models was selected in order to obtain a focused
and comparable evaluation.

The primary reasoning behind the model selection was to remain consistent with
the model set considered in a related study [7], which, similarly to this thesis, in-
vestigates the value of influenza forecasting models in a cost-loss setting.

The selected models consist of one ensemble model and eight individual compo-
nent models. Together, these models represent a range of forecasting methodologies
that were used within the FluSight challenge, including statistical learning meth-
ods, density estimation approaches, Bayesian averaging methods, and mechanistic
compartmental models.

Model names often reflect the submitting research group or institution, followed
by the specific forecasting methodology. The model set considered in this thesis
is presented in Table 3.1, alongside a short description of each model, which was
obtained from [15].

Model Main methodology
CUBMA Bayesian Model Averaging
ReichLab_kde Kernel Density Estimation with penalized

spline
Delphi_ExtendedDeltaDensity Delta Density model
Delphi_MarkovianDeltaDensity Markovian Delta Density model
LANL_DBMplus Dynamic Bayesian SIR model with dis-

crepancy
ReichLab_kcde_backfill_post_hoc Kernel Conditional Density Estimation
ReichLab_kcde_backfill_none Kernel Conditional Density Estimation
CU_EAKFC_SIRS Ensemble Adjustment Kalman Filter

SIRS model
target-type-based-weights Ensemble model using target-specific

weights

Table 3.1: Forecasting models included in the analysis.
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3.3 Data Preparation
As mentioned in Section 3.1, the forecast data are provided as CSV files containing
submissions for each epidemiological week, year, and model. In addition, observed
ILI values serving as ground truth are available in a similarly structured format.
The objective of this Section is therefore to aggregate the information into a format
that is suitable for analysis.

The first step is to filter the data according to the scope of this thesis. As previ-
ously described in Section 3.1, this thesis focuses on the forecasting models defined
in Section 3.2 that are short-term forecasts for the region ”US National’. There-
fore, forecasts from other regions as well as seasonal targets are excluded. The
remaining data are then split into two datasets: one containing point forecasts and
one containing probabilistic forecasts represented through bins. Thereafter, all fore-
cast submissions are aggregated into unified datasets, where each row corresponds
to a unique forecast instance. Each forecast instance is represented by a combi-
nation of epidemiological week, year, season, model, and forecast horizon alongside
its prediction, either a point prediction or a bin with an associated probability mass.

To evaluate the forecast, both datasets are merged with the ground truth, that is, the
observed ILI values. The merge is performed using epidemiological week, year, and
horizon, which ensures that each unique forecast is aligned with its realized outcome.

While this structure is sufficient for evaluating the forecast accuracy, the event-based
value of forecast framework requires an additional operation. We must transform
the ground truth data, since the data are stored in a format that corresponds to
future outcomes. However, the event definition introduced in Section 2.4 requires
us to compare the current value Yt with a future value Yt+h.

Therefore, a new dataset is constructed where each observation Yt at time t is paired
with its corresponding future value Yt+h at time t+h for each forecast horizon. This
allows us to determine whether the event occurs and enables a comparison between
forecasts and their realized outcomes within the event-based value of the forecast
framework.

3.4 Forecast Accuracy Evaluation
The next step is to evaluate the forecasts using the prepared datasets from Section
3.3, which are the point forecast dataset and the probabilistic forecast dataset.

The mean absolute error (MAE) is used to evaluate point forecasts. The MAE is
computed over all prediction-observation pairs for each model, (2.1). The results
are then aggregated separately for each forecast horizon.

For probabilistic forecasts, we use the discretized bin-based representation provided
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by the FluSight data. The log score (LS) is computed using the single-bin approach,
where the probability mass assigned to the bin containing the observed ILI value is
evaluated, (2.2). Similar to MAE, the results are aggregated separately per horizon.

The weighted interval score (WIS) is also computed for probabilistic forecasts. The
score is computed based on a set of significance levels, defined as α = [0.02, 0.05, 0.1, . . . , 0.95]
from which each significance level gives rise to a prediction interval, (2.3). As with
the other metrics, the results are aggregated separately per horizon

In total, three forecast accuracy metrics are applied: one point-based (MAE) and
two probabilistic metrics (LS and WIS). Lower values of MAE and WIS correspond
to better forecasts, whereas a higher LS indicates a better forecast.

3.5 Event Construction
As introduced in Section 2.4, an event is said to have occurred if

Yt+h ≥ (1 + γ)Yt. (3.1)

where Yt denotes the current week’s ILI % and Yt+h denotes the ILI % value h weeks
ahead.

As mentioned in Section 3.3, the original observed data is structured in terms of
future outcomes corresponding to its forecast targets. However, the event defini-
tion, as seen in (3.1), requires a comparison between the current observation Yt and
a future observation Yt+h. Therefore, the ground truth data must be transformed
into a format where we can form such pairs. To achieve this, we create a time index
within each season referred to as season time. This index orders epidemiological
weeks sequentially within each season. With this, we can align observations across
different forecast horizons. In doing so, special care is taken when forecasts wrap
across years and when years contain 53 weeks.

Using this representation, a dataset is constructed where each observation at time
t is paired with its corresponding future values at time t + h, for each h = 1, 2, 3, 4.
This makes it possible to determine whether (3.1) occurs, thereby defining a binary
variable. In addition to determining whether an event occurs, we also compute the
forecasted probability of an event, pf , which is obtained by summing the probability
mass assigned to all bins exceeding the threshold set by (1 + γ)Yt.

The parameter γ controls the severity of an event. In the thesis, we consider γ ∈
[0, 0.5], which spans from small fluctuations around γ = 0 up to more substantial
increases such as γ ≈ 0.5. That is, γ represents the minimum relative increase in
ILI h weeks ahead required for an event to occur.
The event definition (3.1) can equivalently be rewritten as Yt+h

Yt
≥ (1 + γ). This

interpretation is useful because the quantity Yt+h

Yt
represents the observed growth rate
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between the current and future ILI level. Consequently, the empirical distribution
of growth rates provides information about how common or rare different event
thresholds are in the observed data.

3.6 Cost–loss implementation
Now we have information on whether an event occurred and also information about
how probable our forecast considers the event to be. This allows us to make a deci-
sion for each forecast instance. As introduced in Section 2.5, Table 2.1 describes the
possible outcomes. The choice of action is dependent on the forecast probability,
pf , and the predetermined cost-loss ratio, r. That is, we take action if pf > r = C

L
.

Strategy-wise, a low r corresponds to a belief that actions are relatively cheap, lead-
ing to more frequent interventions, while a larger r corresponds to a belief where
preventive action is more expensive and thus action is taken less often. That is,
for each forecast instance (t, h), a decision is made based on whether the forecasted
probability pf exceeds the threshold r.
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Figure 3.1: Example of the cost–loss decision framework for a single forecast
instance with event definition γ = 0.25, forecast horizon h = 1, and cost–loss ratio
r = 0.10. The left panel shows the probabilistic forecast together with the event
threshold used to compute the forecast probability pf , while the right panel displays
the corresponding decision outcome in the cost–loss matrix.

To illustrate how this decision rule is applied in practice, Figure 3.1 shows an example
based on a single forecast instance. The left panel displays the probabilistic forecast
together with the event threshold, where the forecast probability pf is computed as
the probability mass above the threshold. This probability is then compared to the
cost–loss ratio r to determine whether action is taken.
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The right panel shows the corresponding outcome in the cost–loss matrix. Depend-
ing on whether the event occurs and whether action is taken, a cost is assigned
according to Table 2.1. In the illustrated example, action is taken even though the
event does not occur, resulting in a false alarm and an incurred cost of C.

Hence, the illustrated example corresponds to one of the four possible outcomes
in the cost–loss framework. For completeness, examples of the remaining decision
outcomes are provided in Appendix B.

Furthermore, in section 2.6, three types of expenses were introduced based on differ-
ent levels of information. These are the forecast-based expense, the baseline expense,
and the perfect foresight expense. The forecast-based expense, Ef , is computed by
applying the decision rule to each forecast instance and assigning a corresponding
cost or loss according to table 2.1. The expected expense is then obtained by aver-
aging across all forecast instances.

The baseline expense, Eb, is computed using a historical estimate of the event prob-
ability denoted as pb, instead of the model-based probability pf . This corresponds
to decisions made without access to model-based forecasts.

The perfect foresight expense, Ep, represents the minimum achievable expense and
corresponds to a decision-maker who only acts when the event occurs.

Together, these three expenses provide the basis for evaluating the decision value of
forecasts in the following section.

3.7 Value of Forecast Computation
Now we compute the value of forecast using our previously defined expenses: the
forecast-based expense, Ef , the baseline expense, Eb, and the perfect foresight
expense, Ep. The computation is carried out across different event definitions
γ ∈ [0, 0.5], cost–loss ratios r ∈ [0.05, 0.95], forecasting models, and forecast hori-
zons.

We justify choosing the range r ∈ [0.05, 0.95] to exclude extreme decision scenarios.
When r → 0, the cost of taking action is negligible relative to the loss, which leads
to a strategy where action is always taken. Conversely, when r → 1, the cost of
acting approaches the loss, making the decision effectively indifferent. In both cases,
the decision problem becomes trivial and does not provide meaningful insight into
the value of forecasts. Therefore, we restrict r to the interval [0.05, 0.95] to ensure
that we focus on non-trivial and practically relevant decision settings.

The baseline probability is a crucial component of the value of forecast framework.
To obtain a realistic and meaningful baseline, we construct it using historical event
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frequencies. Specifically, for each forecast horizon, the event frequency is first com-
puted within each season and then aggregated over past seasons using an expanding
mean. That is, only observations from previous seasons are used when computing
the baseline expense. This results in a time-varying baseline probability pb that
reflects a changing historical likelihood of the event.

For each model, forecast horizon, event definition, and cost-loss ratio, the decision
rule is applied using both the forecast probability pf and the baseline probability pb.
The corresponding expenses Ef , Eb, and Ep are computed for each forecast instance
and then averaged over all instances.

More precisely, let N denote the total number of forecast instances, and let E(i) ∈
{0, 1} denote whether the event occurs for instance i. Then the forecast-based
expense is given by

Ef = 1
N

N∑
i=1


C, if p

(i)
f > r

L, if p
(i)
f ≤ r and E(i) = 1

0, otherwise
(3.2)

Similarly, the baseline expense is computed using the historical probability pb as

Eb = 1
N

N∑
i=1


C, if p

(i)
b > r

L, if p
(i)
b ≤ r and E(i) = 1

0, otherwise
(3.3)

The perfect foresight expense corresponds to the expected loss under optimal deci-
sions and is computed as

Ep = 1
N

N∑
i=1

C · E(i). (3.4)

Based on these expenses, the Value Score is computed as

VS = Eb − Ef

Eb − Ep

. (3.5)

The Value Score is computed over all parameter combinations. That is, over all event
definitions, γ, models, m, cost loss ratios, r, and forecast horizons h, which results
in a stored dataset of value scores VS(γ, m, r, h). The full procedure is summarized
in Algorithm 1.
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Algorithm 1 Computation of Value of Forecast
Require: Forecast distributions, observed data, set of thresholds γ, cost–loss ratios

r, horizons h
Ensure: Value scores VS(γ, r, h, m)

1: for each γ do
2: Compute event threshold (1 + γ)Yt

3: Compute forecast probabilities pf from bin forecasts
4: Compute binary event outcomes E
5: Compute historical baseline probabilities pb

6: for each model and forecast horizon do
7: for each cost–loss ratio r do
8: Compute forecast-based loss Ef

9: Compute baseline loss Eb

10: Compute perfect foresight loss Ep

11: Compute value score:

VS = Eb − Ef

Eb − Ep

12: end for
13: end for
14: end for

3.8 Integrated Value Measures

We have now defined the value score VS(γ, r, h, m), which depends on the event
definition γ, the cost–loss ratios r, the forecast horizon h, and the forecasting model
m. Since the Value Score varies with the cost-loss ratio, evaluating model perfor-
mance at a single value of r provides only a limited understanding of the model’s
usefulness, as it corresponds to a single decision setting.

To obtain a more concise and lower-dimensional representation of model perfor-
mance, we integrate the value score across the range of cost-loss ratios. This is done
numerically by approximating

IV (γ, h, m) =
∫

r
VS(γ, r, h, m) dr, (3.6)

using a discrete grid of r ∈ [0.05, 0.95] together with the trapezoidal rule.

The integrated value IV(γ, h, m) summarizes how well a model performs across a
range of decision scenarios rather than for a single cost-loss ratio. A higher value
indicates that the model consistently yields better decisions than the baseline across
diverse decision settings. Values close to zero indicate performance similar to the
baseline, while negative values indicate that decisions based on the forecast perform
worse than the baseline across different decision settings on average.
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3.9 Rank Correlation Analysis
We have now computed both the forecast accuracy metrics as well as the Value
Score, VS(γ, r, h) for each model. Each of these approaches induces a ranking of the
forecasting models.

For the forecast accuracy metrics, rankings are obtained for each horizon h, where
lower values of MAE and WIS indicate better performance, while higher values of
LS indicate better performance. Similarly, models can be ranked according to the
Value Score, where higher values correspond to better decision performance.

A key difference is that the forecast accuracy only depends on the forecast horizon
h, whereas the Value Score depends both on the forecast horizon h, on the event
definition γ, and the cost–loss ratio r. This results in a ranking of the Value Score
based on each parameter combination.

To quantify the agreement between these ranking approaches, we compute the Spear-
man rank correlation between the forecast accuracy-based rankings and the Value
Score rankings for each combination of γ, h, and r. This allows us to understand
how consistently the different evaluation approaches rank the forecasting models,
that is, how similar these ranking systems are to one another.
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Results

In this chapter, we present the empirical results of the thesis. We begin by exam-
ining the characteristics of the influenza data and the event definitions, including
seasonal patterns, growth rate distributions, and event frequencies. Next, the be-
havior of the baseline forecasts is investigated. We then evaluate the forecasting
models using both traditional forecast accuracy metrics and the value of forecast
framework. Finally, the relationship between forecast accuracy and forecast value is
analyzed through rank correlation comparisons between the induced model rankings
of the different metrics.

4.1 Event and Data Characteristics

4.1.1 Seasonal ILI trajectories

Figure 4.1: Observed ILI prevalence across influenza seasons as a function of season
time. Each line corresponds to one influenza season.

In Figure 4.1, we can observe the observed ILI prevalence from the start of each
season (season time=0) to the end of each season (season time≈35) for all seasons.
Each line represents the ILI prevalence for a single season. Overall, we observe a
similar seasonal structure: the beginning and end of the seasons show low ILI levels,
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with varying peak magnitudes and peak timing, but overall, a peak during the winter
period. Thus, while the seasons exhibit a common seasonal pattern, there is still
variation between each season.

4.1.2 Growth rate distribution

Since an event occurs whenever Yt+h

Yt
≥ 1+γ, the distribution of growth rates provides

insight into how frequently different event definitions occur in the observed data.
Yt+h

Yt
represents the growth rate between the current ILI value and the future ILI

value at forecast horizon h. Using the observed ground truth data, we can therefore
examine the empirical distribution of these growth rates.
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Figure 4.2: Empirical distribution of the growth rate Yt+h

Yt
across forecast horizons

h = 1, 2, 3, 4.

From Figure 4.2 we observe that most growth rates are concentrated around 1, in-
dicating that the ILI value at time t + h is often similar to the current value at time
t. However, the distributions are right-skewed, meaning that growth rates greater
than 1 occur more frequently than large decreases. Thus, increases in ILI are more
common than equally large decreases across the observed current and future week
pairs.

Furthermore, the distributions become wider as the forecast horizon increases. This
indicates that larger deviations from the current ILI value become more common as
the forecast horizon increases.
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4.1.3 Event frequency by horizon

We now examine how the event frequency varies with respect to the event defini-
tion parameter γ and the forecast horizon h. Here, the event frequency denotes the
proportion of all current and future week pairs that satisfy (3.1) for a given γ and
horizon h.

Figure 4.3: Event frequency as a function of the event definition parameter γ
across forecast horizons h = 1, 2, 3, 4.

From Figure 4.3 we observe that the event frequency decreases as γ increases. Fur-
thermore, the decrease in event frequency differs across forecast horizons. For longer
horizons, larger growth events have a bigger event frequency compared to shorter
horizons. Lastly, for smaller values of γ, the event frequencies remain relatively
similar across all forecast horizons.
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4.1.4 Event probability by season
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Figure 4.4: Empirical event frequencies across influenza seasons as a function of
the event definition parameter γ for different forecast horizons.

Figure 4.4 shows the empirical event frequencies for all seasons across γ, where
each line corresponds to one influenza season. From Figure 4.4 we observe that the
seasons display relatively similar behavior overall, although some seasons, such as
2010/2011 for example, exhibit somewhat different patterns compared to the other
seasons.

In general, the event frequency for each season decreases as γ increases. However,
for larger forecast horizons, the decrease is less rapid compared to shorter horizons.

4.2 Baseline Behavior

Recall that the baseline represents a forecast based solely on historical event fre-
quencies and does not incorporate any current epidemiological information. Two
baseline variants are considered: a static baseline probability, which is computed
using all available seasons, and then we have a historical baseline probability, which
is computed using only information from previous seasons.
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4.2.1 Historical belief
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Figure 4.5: Comparison between the true event frequency, the historical baseline
probability pb, the static baseline probability, and the decision threshold r = 0.19
for γ = 0.1 and forecast horizon h = 1.

Figure 4.5 shows the observed event frequency for each season (blue line), the dy-
namic baseline probability pb (orange line), the decision threshold r (red dashed
line), and the static baseline probability computed across all seasons (black dashed
line). The Figure is shown for a fixed event definition γ = 0.1 and forecast horizon
h = 1.

From Figure 4.5 we observe that the historical baseline probability varies across
seasons and lies both above and below the decision threshold r. In contrast, the static
baseline probability remains constant across all seasons. Furthermore, the observed
event frequency exhibits larger fluctuations between seasons since it’s computed each
season separately, compared to the historical baseline probability, which varies more
gradually over time due to being computed cumulatively across previous seasons.

4.3 Forecast Accuracy

4.3.1 Accuracy performance by horizon
We now move on to evaluate how well the forecasting models perform with respect
to the forecast accuracy metrics. All models are evaluated using MAE, LS, and WIS.
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Figure 4.6: Forecast accuracy metrics MAE, LS, and WIS across forecasting mod-
els and forecast horizons h = 1, 2, 3, 4.

In Figure 4.6 we display the scores of MAE, LS, and WIS for all models across fore-
cast horizons h = 1, 2, 3, 4. lower values of MAE and WIS indicate better forecast
performance, while higher values of LS indicate better performance. To facilitate
comparison between the metrics, the y-axis is flipped for the LS subplot such that
lines located lower in the plots correspond to better performing models for all met-
rics.
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Overall, we observe that the ensemble model ”target-type-based-weights” (yellow),
alongside the "Reichlab-KCDE" models (pink and brown), generally perform best
across the forecast horizons and metrics. Furthermore, the forecast performance
generally decreases as the forecast horizon increases. However, the rankings between
models differ to some extent depending on the forecast accuracy metric.

4.4 Value of Forecast

4.4.1 Value score curve

Figure 4.7: Value score as a function of the cost–loss ratio r for the ensemble
model “target-type-based-weights” with γ = 0.1 and forecast horizon h = 4. The
dashed line corresponds to the break-even value V S = 0.

Figure 4.7 shows how the value score varies with respect to the cost-loss ratio for
the ensemble model ”target-type-based-weights” with fixed event definition γ = 0.1
and forecast horizon h = 4.

From Figure 4.7, we observe that the value score decreases as the cost–loss ratio
increases. However, the value score remains positive across the range of cost-loss
ratios and thus stays above the dashed break-even line V S = 0, which indicates an
improved performance relative to the baseline.

Since the value score curves are parameter-specific, additional summarization is
needed to compare model performance across different scenarios.
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4.4.2 Integrated decision value
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Figure 4.8: Integrated value scores across event definitions γ for all forecasting
models and forecast horizons h = 1, 2, 3, 4. The dashed line corresponds to the
break-even value IV = 0.

Figure 4.8 displays the integrated value scores for all forecasting models across differ-
ent event definitions γ and forecast horizons h = 1, 2, 3, 4. Each subplot corresponds
to one forecast horizon, while each line represents the integrated value score of one
forecasting model obtained by integrating the value score over the cost–loss ratio, as
described in Section 3.8. As in the previous section, the dashed black "break even"
line, IV = 0.

From Figure 4.8, we observe that the integrated value generally decreases as γ
increases for all models. Furthermore, the ensemble model ”target-type-based-
weights” (yellow), together with the ”Reichlab-KCDE” (pink and brown), generally
achieve the highest integrated values across the forecast horizons.

For the forecast horizon h = 1, several curves terminate around γ = 0.4. This oc-
curs because the denominator in the value score becomes zero for certain parameter
combinations, making the integrated value undefined.
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4.4.3 Decision value surface
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Figure 4.9: Value score surfaces for the ensemble model “target-type-based-
weights” across forecast horizons h = 1, 2, 3, 4. The heatmaps display the value
score as a function of the cost–loss ratio r and the event definition parameter γ.

Figures 4.9 and 4.10 display the value score surfaces for the ensemble model ’target-
type-based-weights’ and ”CUBMA” across forecast horizons h. Each subplot cor-
responds to one forecast horizon, where the heatmaps display the value score as a
function of the cost–loss ratio r (x-axis) and the event definition parameter γ (y-
axis).

As mentioned in the previous section, the forecast horizon h = 1 contains dark grey
regions corresponding to undefined values caused by division by zero in the value
score computation.

Overall, the ensemble model ”target-type-based-weights” exhibits mostly positive
or near-zero value scores across most parameter combinations. In contrast, the
”CUBMA” model exhibits mostly negative value scores across most parameter com-
binations.

Furthermore, the Value Scores generally decrease as both the cost–loss ratio r and
the event definition parameter γ increase, producing an approximately triangular
pattern across the heatmaps.
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4.5 Rank Correlation
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Figure 4.11: Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.20 across forecast horizons and cost–
loss ratios.

Lastly, we compare the rankings induced by the forecast accuracy metrics with the
rankings induced by the value of forecast framework. Figures 4.11 and 4.12 dis-
play the Spearman rank correlation between the forecast accuracy rankings and
Value Score rankings for event definitions γ = 0.2 and 0.45. Each Figure consists
of subplots corresponding to the forecast horizons h = 1, 2, 3, 4, where each subplot
contains three lines representing the forecast accuracy metrics MAE, LS, and WIS
being compared to VS across the cost-loss ratios r.

Overall, the rank correlations follow relatively similar patterns across the forecast
accuracy metric, although they differ somewhat in absolute magnitude across the
cost–loss ratios. Furthermore, the rank correlations are mostly positive in Figures
4.11 and 4.12, while negative rank correlations occur relatively infrequently.

The rank correlation for the remaining γ values is provided in Appendix A for event
definitions ranging from γ = 0 to γ = 0.5. For forecast horizon h = 1 and event
definitions γ ≥ 0.45, no rank correlation curves are displayed due to undefined Value
Scores.
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Figure 4.12: Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.45 across forecast horizons and cost–
loss ratios.
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In this chapter, the results presented are interpreted and discussed in relation to the
research questions addressed in this thesis. First, the relationship between forecast
accuracy and forecast value is examined. Then the discussion considers the influence
of event definitions, forecast horizons, and decision settings, before concluding with
the limitations of the study and suggesting future research areas.

5.1 Forecast Accuracy vs Decision Value
Overall, as shown in Section 4.5, the rankings induced by forecast accuracy met-
rics and the value of forecast framework are generally positively correlated across
most cost–loss ratios and event definitions, see Figures 4.11, 4.12 and the remaining
Figures in Appendix A. Although the correlation magnitude varies, the rankings
frequently exhibit moderate to strong positive agreement. This suggests that the
different evaluation frameworks often agree on which forecasting models perform
relatively well or poorly. Consequently, models with strong forecast accuracy fre-
quently also exhibit high decision value.

This behavior is also reflected in the model-specific results. From Figure 4.8, the
ensemble model ”target-type-based-weights” together with the ”Reichlab-KCDE”
models achieve the highest integrated values across forecast horizons. These obser-
vations are consistent with the forecast accuracy results shown in Figure 4.6, where
these models also rank among the strongest performers. Similarly, the "CUBMA"
model performs relatively poorly under both evaluation approaches.

Furthermore, no clear systematic pattern can be observed with respect to the event
definition γ, the cost–loss ratio r, or the forecast horizon h. Although the rank corre-
lations vary across parameter combinations, the overall behavior remains relatively
similar. Changing the event definition, the cost–loss ratio, or varying the forecast
horizon does not appear to consistently strengthen or weaken the agreement between
the ranking systems. This suggests that the relationship between forecast accuracy
and decision value remains relatively stable across the considered decision settings.

However, the agreement between the ranking systems is not perfect. For example,
the model ”CU_EAKFC_SIRS” appears to achieve relatively stronger performance
under the value of forecast framework compared to its forecast accuracy ranking.
This suggests that models with similar statistical accuracy can differ in their useful-
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ness from a decision-making perspective. Since forecast accuracy evaluates closeness
to observed outcomes while the value of forecast framework evaluates decision perfor-
mance under a cost–loss setting, different aspects of forecast quality are emphasized.
Consequently, strong forecast accuracy does not necessarily guarantee optimal de-
cision value.

Overall, these observations indicate that the relationship between accuracy and de-
cision value is not entirely straightforward. Although the ranking systems frequently
agree, deviations between them suggest that forecast accuracy alone may not fully
characterize model usefulness under a decision-making setting.

5.2 Effect of Event Severity and Horizon
When increasing the event definition parameter γ, Figure 4.3 shows that the event
frequency decreases. In other words, larger event definitions correspond to increas-
ingly rare events. This effect appears stronger for smaller forecast horizons.

This behavior also explains why Figures 4.9 and 4.10 contain undefined values for
forecast horizon h = 1 and larger values of γ. As outlined in Algorithm 1, the Value
Score computation relies on expected expenses computed from observed forecast
instances. When the event becomes sufficiently rare, there may be too few or no
observed instances supporting the calculations. In practice, this creates situations
where all decision settings behave similarly because the event rarely occurs. Conse-
quently, the Value Score becomes undefined.

This observation is supported by Figure 4.2, where shorter forecast horizons exhibit
tighter growth rate distributions. In contrast, larger forecast horizons show wider
distributions, which allow for more substantial growth events. As a result, larger
values of γ remain observable for longer horizons.

Therefore, for each forecast horizon, there exists a sufficiently large event defini-
tion γ for which the decision settings eventually become indistinguishable. As γ
increases, the event becomes increasingly rare, and all models converge toward sim-
ilar behavior since little or no event information remains available. The difference is
that larger horizons are capable of supporting larger values of γ due to their broader
growth rate distributions.

Furthermore, Figure 4.6 shows that forecast accuracy generally deteriorates as the
forecast horizon increases. This behavior is expected since uncertainty increases fur-
ther into the future. Interestingly, Figure 4.8 suggests that larger horizons produce
larger integrated value scores. Although forecasts become statistically less accurate,
the broader range of possible future outcomes, as we’ve seen in Figure 4.2, may
create additional opportunities in which forecast information is useful for decision-
making. Another possibility is that the baseline model becomes relatively worse for
larger horizons.
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Moreover, wider growth rate distributions for larger forecast horizons are expected
since predictions further into the future naturally involve greater uncertainty. Larger
horizons allow more time for changes in ILI prevalence and therefore enable a wider
range of possible growth scenarios. This behavior is consistent with general fore-
casting intuition, where uncertainty typically accumulates further into the future.

Figures 4.9 and 4.10 further illustrate how the value score behaves jointly across the
parameters r, h, and γ. Increasing the cost-loss ratio generally appears to be associ-
ated with lower Value Scores. One possible explanation is that as r approaches one,
the cost of preventive becomes increasingly similar to the loss incurred by inaction.
Consequently, the distinction between decisions becomes smaller, and the benefit of
forecast information may decrease.

Similarly, increasing γ creates increasingly restrictive event definitions. Since larger
event definitions correspond to rarer events, less historical information becomes
available for evaluating model performance. Together, these effects create a pattern
observed in the decision value surfaces.

The lower-left regions of the decision surfaces, corresponding to small values of γ and
r, also display lower value scores. In such settings, actions become very inexpensive,
and events become common, leading to situations in which action is frequently
taken regardless of the forecast, since only a small forecast probability pf is required
to exceed the cost–loss ratio threshold. Conversely, when γ becomes very large,
events become so rare that limited information remains available for distinguishing
models. Therefore, the forecasting models appear most useful within intermediate
regions where event definitions and decision settings are sufficiently balanced.

5.3 Interpretation of the Cost–Loss Framework
This thesis extends traditional forecast evaluation by incorporating a framework
that accounts for different decision settings. Figure 4.7 illustrates how the Value
Score varies across cost-loss ratios for a fixed model, forecast horizon, and event
definition. Such curves provide useful information for a specific decision context but
remain limited in the amount of information they convey.

To extend this perspective, Figures 4.9 and 4.10 introduce an additional dimension
by displaying how decision value varies jointly across cost-loss ratios and event def-
initions. These visualizations provide a broader overview of model behavior under
different decision scenarios.

However, while decision surfaces provide a detailed view of a model’s performance
across event definitions and cost–loss ratios, they can be difficult to compare across
many forecasting models. Since each model gives rise to a separate heatmap, the
number of visualizations quickly grows large even with a small number of fore-
casting models. Furthermore, the two-dimensional nature of heatmaps can make it
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challenging to obtain an overall understanding of a model’s performance. Therefore,
integrated value scores were introduced to summarize model performance across the
considered decision range of cost-loss ratios. By integrating over this range, we
obtain a lower-dimensional representation that displays the overall usefulness of a
model.

However, this approach relies on the assumption that the chosen range of cost–loss
ratios represents meaningful decision settings. Under this assumption, the integrated
value score can be interpreted as a measure of how useful a forecasting model is across
a broader set of decision scenarios rather than within a single specific context. The
choice of integration range is therefore important, since different ranges correspond
to emphasizing different decision settings. In the special case where the Value Score
is aggregated across the full range of cost-loss ratios, Murphy [5] demonstrated that
this is related to the Brier Score, which is a commonly used measure for probabilistic
forecast accuracy.

5.4 Baseline Construction and Historical Infor-
mation

When constructing the baseline, this thesis focused on a dynamic approach where
only information from previous seasons is used when computing the baseline proba-
bility and thus the value score. As shown in Figure 4.5, the static baseline probability
computed across all seasons is relatively close to the dynamic baseline.

However, Figure 4.5 also illustrates an important advantage of the dynamic base-
line. Since the baseline probability evolves, the relationship between the decision
threshold and the historical baseline may change throughout the seasons. This cre-
ates a more realistic setting where beliefs are updated continuously, and it avoids
information leakage from future observations.

The dynamic baseline nevertheless has potential drawbacks. Unexpected seasons or
substantial shifts in the disease behavior could temporarily make the baseline less
representative. However, Figures 4.1 and 4.4 suggest that although seasonal vari-
ation exists, most seasons exhibit relatively similar overall behavior. Furthermore,
the expanding mean construction reduces the influence of individual seasons.

5.5 Limitations
Although this thesis provides insight into how the forecast accuracy relates to the
value of forecast framework, several limitations should be acknowledged.

Firstly, rank correlation analysis is based on only nine forecasting models. Given
the relatively small sample of models, the resulting Spearman rank correlations may
be sensitive to rank changes and should be interpreted with some caution. Fur-
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thermore, the analysis focuses on the agreement between framework rankings rather
than the stability of individual model ranks across decision settings. Consequently,
questions such as whether certain models consistently perform well across decision
settings aren’t investigated in detail except for the integrated value score.

Secondly, the analysis relies on a binary event formulation, where an event either
occurs or doesn’t occur. This represents a simplification of real-world decision set-
tings, where outcomes and actions may involve several discrete levels of intervention
or even a continuous interval of interventions. An article by Murphy discusses gener-
alized decision settings extending beyond binary events and actions, [6]. Extending
the proposed framework to include such settings would thus be a natural continua-
tion for future research.

Furthermore, the event definition used in this thesis (2.5) represents only one pos-
sible way of constructing events. One can construct alternative event definitions
that emphasize different aspects of disease prevalence, which potentially can alter
the relationship between forecast accuracy and decision value. An alternative event
formulation is explored in [7]. [7] considers an event definition based on whether the
seasonal influenza peak intensity exceeds a predefined severity threshold. In that
setting, the value of forecast framework evaluates forecasts according to their ability
to predict severe influenza seasons, rather than the ability to predict short-term
relative increases in ILI. Consequently, different event constructions may therefore
emphasize different aspects of forecast performance and lead to different assessments
of forecast value.

Another limitation is that the analysis focused exclusively on events correspond-
ing to increases in influenza activity. Analogous event definitions corresponding
to decreases in disease prevalence could be constructed, however their interpreta-
tion within the cost-loss framework is less straightforward. When influenza activity
increases, it naturally corresponds to situations where preventive actions such as in-
creasing staffing levels for example may reduce future expenses. On the other hand,
for decreasing influenza activity, the corresponding actions and associated costs and
losses are less clearly defined.

Finally, this thesis focuses on one forecasting dataset based on ILI data. Although
Influenza forecasting provides a suitable setting for studying probabilistic forecasting
in epidemiology, more recently, forecast prediction in epidemiology may involve ad-
ditional targets than ILI, and disease prediction can also be done on other diseases,
such as COVID-19.

5.6 Future Research
One possible extension of this work would be to investigate alternative approaches
for aggregating value scores across cost-loss ratios. In this thesis, all decision settings
are treated equally when computing the integrated value. However, some decision
contexts may be more relevant than others, depending on the preference of a decision
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maker. Therefore, introducing weighted cost–loss ratios could provide a more re-
alistic representation of practical decision-making settings regarding the integrated
value score.

Future work may also consider more complex decision settings involving multiple
actions and event categories, rather than binary decisions. Furthermore, apply-
ing the framework to additional diseases, newer forecasting systems, or alternative
event definitions may provide further insight into the relationship between forecast
accuracy and decision value.
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Influenza forecasts have historically often been evaluated through statistical accu-
racy measures. However, as shown throughout this study, strong forecast accuracy
does not necessarily imply decision usefulness. The objective of this thesis has there-
fore been to introduce and investigate a cost-loss framework for evaluating the value
of forecast in comparison with traditional forecast accuracy metrics. Furthermore,
we investigated both frameworks individually and the relationship between their
induced ranking systems using Spearmam rank correlation. This was studied using
probabilistic forecasts from FluSight data, where uncertainty in future predictions
is represented explicitly through predictive distributions.

The cost–loss framework was implemented by defining events based on the growth
between current and future observations across forecast horizons. These event defi-
nitions generated forecast probabilities, which were then compared against cost–loss
ratios acting as decision thresholds. This created a decision process where forecasts
contributed to expected expenses based on forecast, historical baseline, and perfect
foresight scenarios. These quantities were subsequently combined into Value Scores
depending on event definition, forecast, horizon, and cost loss ratio. To facilitate
comparison between forecasting models, integrated value measures and rank corre-
lations were further introduced.

The findings indicate that the forecast accuracy rankings and value of forecast rank-
ings are generally positively correlated across event definitions, cost-loss ratios, and
forecast horizons. However, the relationship is not perfectly aligned. Although
the ensemble model, ”target-type-based-weights”, and ”Reichlab-KCDE” performed
strongly under both frameworks, certain differences between the rankings systems
were still observed.

As a final remark, this thesis suggests that the forecast accuracy and value of fore-
cast are largely aligned within the considered setting and its limitations. However,
the value of forecast framework still provides additional insight by allowing forecast
usefulness to be interpreted within specific decision contexts. This introduces infor-
mation that traditional forecast accuracy measures alone are unable to capture.
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A
Appendix 1

This appendix contains the remaining Spearman rank correlation figures between
the forecast accuracy rankings and the value score rankings for all event definitions
γ ∈ [0, 0.5]. Each figure consists of subplots corresponding to forecast horizons
h = 1, 2, 3, 4, where the lines represent the forecast accuracy metrics MAE, LS, and
WIS across cost–loss ratios r.

For forecast horizon h = 1 and event definitions γ ≥ 0.45, no rank correlation curves
are displayed due to undefined value scores.
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Figure A.1: Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.00.

II



A. Appendix 1

r1.00

0.75

0.50

0.25

0.00

0.25

0.50

0.75

1.00

Sp
ea

rm
an

 c
or

re
la

tio
n

 h = 1

MAE
WIS
LogScore

r

Sp
ea

rm
an

 c
or

re
la

tio
n

 h = 2

MAE
WIS
LogScore

0.0 0.2 0.4 0.6 0.8 1.0
r

1.00

0.75

0.50

0.25

0.00

0.25

0.50

0.75

1.00

Sp
ea

rm
an

 c
or

re
la

tio
n

 h = 3

MAE
WIS
LogScore

0.0 0.2 0.4 0.6 0.8 1.0
r

Sp
ea

rm
an

 c
or

re
la

tio
n

 h = 4

MAE
WIS
LogScore

Spearman rank correlation for  = 0.03

Figure A.2: Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.03.
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Figure A.3: Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.05.
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Figure A.4: Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.08.
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Figure A.5: Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.10.
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Figure A.6: Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.12.
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Figure A.7: Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.15.
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Figure A.8: Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.18.
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Figure A.9: Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.23.
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Figure A.10: Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.25.
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Figure A.11: Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.28.
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Figure A.12: Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.30.
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Figure A.13: Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.33.
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Figure A.14: Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.35.
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Figure A.15: Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.38.

XVI



A. Appendix 1

r1.00

0.75

0.50

0.25

0.00

0.25

0.50

0.75

1.00

Sp
ea

rm
an

 c
or

re
la

tio
n

 h = 1

MAE
WIS
LogScore

r

Sp
ea

rm
an

 c
or

re
la

tio
n

 h = 2

MAE
WIS
LogScore

0.0 0.2 0.4 0.6 0.8 1.0
r

1.00

0.75

0.50

0.25

0.00

0.25

0.50

0.75

1.00

Sp
ea

rm
an

 c
or

re
la

tio
n

 h = 3

MAE
WIS
LogScore

0.0 0.2 0.4 0.6 0.8 1.0
r

Sp
ea

rm
an

 c
or

re
la

tio
n

 h = 4

MAE
WIS
LogScore

Spearman rank correlation for  = 0.40

Figure A.16: Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.40.
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Figure A.17: Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.43.
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Figure A.18: Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.48.

XIX



A. Appendix 1

r1.00

0.75

0.50

0.25

0.00

0.25

0.50

0.75

1.00

Sp
ea

rm
an

 c
or

re
la

tio
n

 h = 1

MAE
WIS
LogScore

r

Sp
ea

rm
an

 c
or

re
la

tio
n

 h = 2

MAE
WIS
LogScore

0.0 0.2 0.4 0.6 0.8 1.0
r

1.00

0.75

0.50

0.25

0.00

0.25

0.50

0.75

1.00

Sp
ea

rm
an

 c
or

re
la

tio
n

 h = 3

MAE
WIS
LogScore

0.0 0.2 0.4 0.6 0.8 1.0
r

Sp
ea

rm
an

 c
or

re
la

tio
n

 h = 4

MAE
WIS
LogScore

Spearman rank correlation for  = 0.50

Figure A.19: Spearman rank correlation between forecast accuracy rankings and
value score rankings for event definition γ = 0.50.
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Appendix 2

This appendix presents additional examples of the cost–loss decision framework
corresponding to the remaining outcomes in Table 2.1. Similar to Figure 3.1, each
example illustrates how a probabilistic forecast is translated into a decision through
the cost–loss framework and the resulting outcome.
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Figure B.1: Example of the cost–loss decision framework where preventive action is
taken, and the event occurs. The left panel shows the probabilistic forecast together
with the event threshold used to compute the forecast probability pf , while the right
panel displays the corresponding decision outcome in the cost–loss matrix.

In this example, the forecast probability exceeds the cost–loss ratio threshold, and
action is taken. Since the event subsequently occurs, the decision results in a cost
of C.
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Figure B.2: Example of the cost–loss decision framework where no preventive
action is taken, and the event occurs.

In this example, the forecast probability does not exceed the decision threshold, and
therefore, no action is taken. Since the event occurs, a loss of L is incurred.
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Figure B.3: Example of the cost–loss decision framework where no preventive
action is taken, and the event does not occur.

In this example, the forecast probability remains below the decision threshold, and
no action is taken. Since the event also does not occur, neither cost nor loss is
incurred.
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