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Abstract
This dissertation consists of three essays. These essays together attempt to
investigate on how to use different decision rules and aggregation mechanisms to

improve collective judgment accuracy in wisdom of crowd applications.

The first chapter focusses on the application area of open innovation and compares
the performance of commonly used decision rules (scoring and ranking rules) for
idea evaluation & selection. The results suggest that the crowd wisdom extracted
using the scoring rule outperforms the crowd wisdom derived using ranking rule in
terms of the likelihood of selecting the highest-quality ideas. From a managerial
perspective, this study provides guidance for the choice of idea evaluation process

and thereby the design of open innovation initiatives.

The second and the third chapters focus on the application area of judgmental
forecasting and investigate an important context, that of forecasting environments
characterized by structural breaks. The second chapter demonstrates the presence
of systematic biases (under and over forecasting) in forecast judgments under the
presence of structural breaks. Further, this chapter proposes a novel and effective
asymmetric trimming rule of forecast aggregation and prescribes two forecast
ensemble methods to leverage such aggregated forecasts and improve forecast
performance. Chapter 3 further tests the performance of the proposed forecast
ensemble methods under extended conditions and suggests improvements to one

of the proposed ensemble methods.



Overall, the dissertation aims to unfold decision rules and aggregation heuristics by
demonstrating potential cognitive limitations and biases of the decision maker and

further, prescribes aggregation mechanisms to improve decision quality.



Resumen
La presente tesis consta de tres ensayos. En conjunto, intentan investigar como
emplear diferentes reglas de decision y mecanismos de agregacion para mejorar la

precision del juicio colectivo en las aplicaciones de la sabiduria de los grupos.

El primer capitulo se centra en el area de aplicacion de la innovacion abierta y
compara el rendimiento de las reglas de decision mas utilizadas (reglas de
puntuacion y clasificacion) para la evaluacién y seleccion de ideas. Los resultados
indican que la sabiduria de los grupos extraida mediante la regla de puntuacién
supera a la sabiduria de los grupos derivada mediante la regla de clasificacion en
cuanto a la probabilidad de seleccionar las ideas de mayor calidad. Desde el punto
de vista de la gestion, este estudio proporciona orientacion para la eleccién del
proceso de evaluacion de ideas y, por tanto, para el disefio de iniciativas de

innovacion abierta.

El segundo y el tercer capitulo se centran en el area de aplicacion del pronéstico
por juicio e investigan un contexto importante de entornos de prondstico
caracterizados por rupturas estructurales. El segundo capitulo demuestra la
presencia de sesgos sistematicos (infra y sobreprondstico) en los juicios de
prondstico en presencia de rupturas estructurales. Ademas, este capitulo propone
una regla de recorte asimétrica novedosa y eficaz de agregacion de prondosticos y
prescribe dos métodos de conjunto de prondsticos para aprovechar dichos
prondsticos agregados para mejorar el rendimiento de los prondsticos. En el capitulo
3 se comprueba el rendimiento de los métodos de conjuntos de prondstico



propuestos en condiciones ampliadas y se proponen mejoras en uno de los métodos

de conjuntos propuestos.

El objetivo de la tesis es desplegar las reglas de decision y la heuristica de
agregacion demostrando las posibles limitaciones cognitivas y los sesgos del
decisor y, ademas, prescribe mecanismos de agregacion para mejorar la calidad de

las decisiones.
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Introduction

My scholarly goal is centered on understanding the effectiveness of different
decision rules and aggregation mechanisms used to distil collective wisdom in
different application contexts. Leveraging collective knowledge by relying on the
wisdom of crowds (Surowiecki, 2004), a phenomenon first demonstrated by Galton
(1907), has become an increasingly popular approach to find solutions to business
problems. With rapid advancements in information technology, internet, and social
media, we can observe that in the recent past, the ‘crowd’ (for example consisting of
customers, users, domain experts, etc.) is playing a major role in making complex
decisions for firms and other institutions - some prominent emerging application
fields being - prediction polls and forecasting (Jose, et al, 2014; Tetlock & Gardner,
2016; Grushka-Cockayne, et al, 2017), prediction markets (Atanasov, et al, 2017),
and open innovation and innovation tournaments (von Hippel, 2005; Terwiesch &
Ulrich, 2009). Real world examples are in plenty - selection of T-shirt designs at
Threadless (Malone, et al, 2010), Google’s 10K project, IBM-innovation jam (Klien &
Garcia, 2015), aggregation of macroeconomic forecasts at Central Banks (Mannes,

Soll & Larrick, 2014) and Dell’s Ideastorm (Bayus, 2013) being among many others.

Behavioral decision research identifies the collective judgments stream as an
important and relevant area of research (Durbach & Montibeller, 2019). The benefits
of collective judgments (i.e., crowd wisdom) are attributed to the independence and
the diverse knowledgebase of the decision-making participants (i.e., predictors,
forecasters, etc.) (Surowiecki, 2004; Davis-Stober, et al, 2014). Under increasing
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use of crowd wisdom in various decision-making applications, recent research has
emphasized the need for developing insights on decision rules (King & Lakhani,
2013; Kornish, et al, 2017). Research has also focused on extracting crowd wisdom
by improving aggregation mechanisms (Larrick & Soll, 2006; Jose, et al, 2014;
Prelec, et al, 2017; Palley & Soll, 2019) and crowd compositions (Mannes, et al,
2014; Budescu & Chen 2015). The effectiveness of different aggregation
mechanisms and decision rules is contingent on the problem areas or application
contexts (Kerr & Tindale, 2011). Different decision rules could impose different
cognitive loads on the decision makers (Simon 1974, Hastie and Dawes 2001) and
thereby impact individual judgments. The performance of such decision rules in
collective judgment problem areas is potentially underexplored (King & Lakhani,
2013; Klein & Garcia, 2015). Decision rules employ different types of scales (eg.,
ordinal, cardinal, etc.) and recent research has found that the effectiveness of
aggregation is contingent on the different forms of judgments (in the form of ranked
preferences, numerical values, etc) elicited using these rules (Durbach &
Montibeller, 2019). When we look at aggregation mechanisms, although the simple
average is found to be effective in distilling collective wisdom both in theory and
practice (Armstrong, 2001; Larrick & Soll, 2006), the presence of systematic biases
in individual decisions can cause serious challenges in aggregation (Montibeller &
Winterfeldt, 2018) and thereby limit the benefits of commonly used averaging

techniques.



This dissertation aims to meet the call to study decision rules and aggregation
mechanisms used in the collective judgment space. The main objective is to
understand the impact of individual biases and/or cognitive limitations on collective
judgments and propose prescriptive mechanisms to aggregate individual judgments.
Therefore, my overarching research question is — ‘How does decision rules and
aggregation mechanisms affect collective judgment accuracy?’. To answer this
guestion, | focus on two prominent application areas of collective wisdom -

innovation management and judgmental forecasting.

My dissertation is composed of three essays. The first essay compares the
performance of commonly used decision rules for idea evaluation & selection in the
context of open innovation. The second essay aims to demonstrate systematic
biases in judgmental forecasting of time series subject to structural breaks (focusing
on structural mean shifts), to prescribe de-biasing trimming techniques for forecast
aggregation and to propose a robust forecast ensemble mechanism. Finally, the third
essay aims to test the proposed forecast ensemble mechanism further under
extended break-frequency conditions and to also explore different approaches to
elicit judgments about the occurrence of breaks in forecasting tasks. Together, all
these three essays aim to unfold decision rules and aggregation heuristics by
demonstrating potential cognitive limitations and biases of the decision maker and
further, to provide insights into the use of decision rules, and to prescribe aggregation
mechanisms to improve decision quality. Chapter 1 of this study aims to make

descriptive and prescriptive contributions by highlighting the impact of different



decision rules used in idea evaluation on cognitive loads of the decision maker and
by comparing the performance of these decision rules. The study further makes a
prescriptive contribution to managers of open innovation contexts by providing
insights on the design elements of an open innovation initiative. Chapter 2 of this
dissertation aims to contribute to the descriptive research space by demonstrating
systematic biases of the decision maker in judgmental time series forecasting
contexts with structural breaks and by further demonstrating the implications of such
biases on commonly used rules to extract crowd wisdom. Further, chapter 2 and
chapter 3, also contribute to prescriptive research by prescribing potentially value
adding de-biasing techniques for forecast aggregation and by proposing a robust

forecast ensemble approach.

Chapter 1

Under this section, | focus on the application area of idea evaluation and selection
in the context of open innovation, a context which has gained prominence in both
research and practice (Terwiesch and Ulrich 2009; Bockstedt et al, 2016). There are
a few results regarding the efficacies of decision rules used in idea evaluation
processes. Using an online experiment, this study examines the efficacy of two idea
evaluation decision rules: scoring vs. ranking. In the scoring rule, the evaluators were
asked to rate the quality of each idea by assigning it a score (e.g., from 0 to 10),
while in the ranking rule the evaluator simply ordered all ideas according to their
perceived qualities. The results suggest that the crowd wisdom extracted using the

scoring rule outperforms the crowd wisdom derived using ranking rule in terms of the



likelihood of selecting the highest-quality ideas. Moreover, the scoring rule attains
higher accuracy with smaller crowd sizes. To better understand the efficacy of these
decision rules, further analysis was carried out at the level of individual decision
makers, and the results suggest that the scoring rule strictly outperforms the ranking
rule in terms of the likelihood of selecting the highest-quality ideas. This result
remains robust, irrespective of the possibility of allowing ties in the ranking rule.
However, when the number of ideas to be evaluated is reduced from eight to three,
the efficacies of the two rules do not differ. Based on the observations from the
experimental data, an explanatory model in which the information becomes a cue
that directs the participants’ efforts to evaluate the ideas (i.e., the time taken for
evaluation) is proposed and tested. From a managerial perspective, this study
provides guidance for the choice of idea evaluation process and thereby the design

of open innovation initiatives.

Chapter 2

Under this section, | focus on the application area of judgmental time series
forecasting. Forecast combination literature has emphasized on the need for detailed
studies on forecast aggregation and trimming rules in aggregation (Makridakis &
Winkler, 1983; Clemen, 1989; Armstrong, 1989; Armstrong, 2001; Thomson, et al,
2019). While the extant literature explores aggregation mechanisms and trimming
rules (Armstrong, 2001; Jose, et al, 2014) for forecasts in stable environments, the
focus here is on relatively unstable environments characterized by fundamental

structural shifts (Pesaran, et al, 2006; Aue & Horvath, 2013). A structural shift can



cause systematic biases and therefore, commonly used forecast combinations may
not be as effective (Clements & Hendry, 1998; Hendry & Clements, 2004; Atiya,
2020) and this study focusses on this special case of time series under changes in
the form of structural mean shifts. This study introduces a simple and a novel form
of asymmetric trimming to aggregate judgmental time series forecasts. In an
experimental study, it is found that forecasters are sensitive to structural shifts (mean
shifts) in time series and are quite systematically biased in their forecasts based on
the direction of the shifts, making simple averaging and static trimming approaches
less applicable. This section proposes two ensemble forecasting methods
incorporating asymmetrically trimmed forecasts that accounts for the systematic
biases to aggregate judgmental forecasts under relatively unstable environments.
Judgmental forecasting literature has often highlighted human judges’ diagnostic
ability to detect systematic patterns in time series environments (Simon, 1990;
Lawrence, et al, 2006; Seifert et al. 2013). Therefore, in the first method, the ‘Break
Judgment Ensemble’, exploits information about forecasters’ subjective judgment
regarding the occurrence of a structural break and these aggregated judgments are
used as weights to form forecast ensembles. In the second ensemble method
(referred to as the ‘Past Performance Ensemble’), weights for forecast ensemble are
derived from the ranked squared error performance of each trimmed forecasts in the
time-period prior to the forecast period. The prescriptive Past Performance
Ensemble method yields significant improvements in forecast accuracy measured in
terms of Mean Absolute Percentage Error (MAPE). However, the performance of the

Break Judgment Ensembile is not always the best. To further test the external validity,
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the Past Performance Ensemble is tested on a set of time series from the real world
and the findings support the robustness of the Past Performance Ensemble method.
This study contributes to the forecast combination literature by bridging the two
streams of judgmental forecasting and forecast aggregation. This essay, in
particular, investigates time series environments characterized by structural breaks,
an area, relatively unexplored by the judgmental forecast combination research. This
essay contributes to descriptive research by demonstrating the presence of
systematic biases associated with structural shifts and by further highlighting the
potential effects of these biases in forecast aggregation. The value of asymmetric
trimming under the influence of such systematic biases is emphasized and this essay
also contributes to the prescriptive research on forecast aggregation by proposing
the applicability of asymmetric trimming in forecast aggregation. In addition, this
study contributes to prescriptive research by proposing a robust prescriptive
mechanism of forecast ensemble for time series contexts characterized by structural
shifts. The ensemble mechanism is found to be a prescriptively easy and an

intuitively appealing approach for improving judgmental forecast performance.

Chapter 3

Under this section, | continue to study the area of judgmental forecast combination
for time series characterized by structural shifts by testing the robustness of the Past
Performance Ensemble method under extended frequency of structural breaks and
by further exploring different break judgment elicitation approaches with an aim to

improve the Break Judgment Ensemble method.



Judgmental forecasting literature has emphasized on the human judgement’'s
overwhelming role in forecasting (O’Connor, 1993; Lawrence, et al, 2006; Fildes &
Goodwin, 2007; Moritz, et al, 2014) primarily due to the diagnostic ability of human
judgments to detect discontinuities and systematic patterns in data series (Simon,
1990; Lawrence, et al, 2006). However, the results from the experimental study in
Chapter 2 found that break judgments were not highly accurate (similar to a study
by O’'Connor et al 1993). This section thus explores the question — ‘how to improve
judgmental break predictions and combine these judgmental break predictions into
forecast ensembles to yield improved forecast performance?’ This Chapter explores
different approaches to elicit break judgments. Specifically, in the first approach the
break judgment elicitation method used in Chapter 2 is extended by eliciting detailed
probability judgments for break predictions from the forecaster. In the second
approach, unlike the earlier break judgment aggregation method which was based
on simple majority rule to derive weights, | explore a different aggregation rule to
extract group wisdom. Recent research (for example, Prelec, et al, 2017; Palley &
Soll, 2018) has highlighted the potential flaw in a majority-based approach in shared
information contexts such as forecasting. The simple majority-based aggregation
method of extracting the wisdom of crowd may not be as effective in such situations
and | use a more recent approach known as the Surprisingly Popular Algorithm
(Prelec, et al, 2017) in a different application area (judgmental forecasting of time
series). Further, both these studies aim to prescribe forecast ensembles by

leveraging these aggregated judgmental predictions.



The results in the studies in this chapter indicate that eliciting detailed probability
judgments for break predictions (first approach) does not necessarily improve the
break prediction accuracy and the performance of the Break Judgment Ensemble
forecasts. However, the Break Judgment Ensemble using the surprisingly popular
algorithm to aggregate break judgments (the second approach) yields improvement
in forecast performance compared to both simple averaging and symmetric trimming
methods of forecast aggregation. Nevertheless, the Past Performance Ensemble
approach provides robust forecast performance improvements across all the
treatments in both the studies. This chapter contributes to judgmental forecast
aggregation by exploring different methods to aggregate judgments and further by
testing the applicability of the Surprisingly Popular Algorithm in aggregation of
judgments (regarding time series characteristics) in forecasting tasks. This chapter
further contributes to prescriptive research by testing the robustness of the earlier

proposed prescriptive forecast ensemble method under extended conditions.

A snapshot summarizing the overall dissertation is given below.



Main Research Question:
How does decision rules and aggregation mechanisms affect collective
judgment accuracy?

Context: Innovation management

Essay 1: Comparing Scoring and Ranking Decision Rules

sourced participants

RQ: How do scoring and ranking decisions rules perform in terms of the
likelihood of selecting the highest-quality ideas?

Method: Experimental studies involving industry experts and crowd-

Finding: Scoring rule outperforms the ranking rule in terms of the
likelihood of selecting the highest-quality ideas.

Context: Judgmental forecasting

Essay 2: Forecast ensembles under
uncertainty

RQ: How does the occurrence of
structural mean shifts affect judgmental
forecasts? How does systematic biases
in such forecasts affect forecast
aggregation? What de-biasing technique
and forecast combination mechanism
could yield improved forecast
performance under such scenarios?

Method: Experimental studies involving
crow-sourced participants and secondary
data from real-world survey forecasts

Finding: Forecasts are systematically
biased as an aftermath of a structural
shift. Forecast aggregation using
asymmetric trimming rules add value
under systematic biases.Forecast
ensemble involving asymmetric trim
forecasts yields improved forecast
performance.

Essay 3: Exploring different
break judgment aggregation
methods

RQ: How to elicit judgmental break
predictions in time series
forecasting characterised by
structural breaks? How to leverage
such aggregated break predictions
in combining forecasts?

Method: Experimental studies
involving crowd-sourced
participants and laboratory setting

Finding: Detailed probability
judgments does not necessarily
improve break judgment accuracy
and forecast performance.
Aggregation of judgmental break
predictions using the surprisingly
popular algorithm improves the
performance of forecast ensemble.

Figure 1: Thesis Outline
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Introduccion

Mi objetivo académico se centra en comprender la eficacia de diferentes reglas de
decision y mecanismos de agregacion utilizados para condensar la sabiduria
colectiva en diferentes contextos de aplicacion. Aprovechar el conocimiento
colectivo confiando en la sabiduria de los grupos (Surowiecki, 2004) —un fenémeno
demostrado por primera vez por Galton (1907)— se ha convertido en un enfoque
cada vez mas popular para encontrar soluciones a los problemas empresariales.
Con los rapidos avances de la tecnologia de la informacién, Internet y las redes
sociales, podemos observar que, en los ultimos tiempos, el "grupo” (por ejemplo,
formado por clientes, usuarios, expertos del sector, etc.) esta desempefiando un
papel fundamental en la toma de decisiones complejas para las empresas y otras
instituciones; algunos campos de aplicacibn emergentes destacados son: las
encuestas de prediccion y los prondsticos (Jose, et al, 2014; Tetlock y Gardner,
2016; Grushka-Cockayne, et al, 2017), los mercados de prediccion (Atanasov, et al,
2017) y la innovacion abierta y los torneos de innovacion (von Hippel, 2005;
Terwiesch y Ulrich, 2009). Los ejemplos del mundo real son abundantes: la
seleccion de disefios de camisetas en Threadless (Malone, et al, 2010), el proyecto
10K de Google, la IBM Innovation Jam (Klien y Garcia, 2015), la agregacion de
prondsticos macroeconomicos en los bancos centrales (Mannes, Soll y Larrick,

2014) y el Ideastorm de Dell (Bayus, 2013), entre muchos otros.

La investigacion sobre la decision conductual identifica la corriente de los juicios

colectivos como un éarea de investigaciéon importante y relevante (Durbach y
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Montibeller, 2019). Los beneficios de los juicios colectivos (es decir, la sabiduria de
los grupos) se atribuyen a la independencia y la base de conocimientos diversos de
los participantes en la toma de decisiones (es decir, predictores, pronosticadores,
etc.) (Surowiecki, 2004; Davis-Stober, et al, 2014). Con un creciente uso de la
sabiduria de los grupos en varias aplicaciones de toma de decisiones, la
investigacion reciente ha insistido en la necesidad de desarrollar conocimientos
sobre las reglas de decision (King y Lakhani, 2013; Kornish, et al, 2017). La
investigacion se ha centrado también en extraer la sabiduria de los grupos
mejorando los mecanismos de agregacion (Larrick y Soll, 2006; Jose, et al, 2013;
Prelec, et al, 2017; Palley y Soll, 2018) y las composiciones de los grupos (Mannes,
et al, 2014; Budescu y Chen 2015). La eficacia de los diferentes mecanismos de
agregacion y reglas de decision depende de las areas de los problemas o los
contextos de aplicacion (Kerr y Tindale, 2011). La existencia de distintas reglas de
decisién podria imponer diferentes cargas cognitivas a los responsables de la toma
de decisiones (Simon 1974, Hastie y Dawes 2001) y, por tanto, afectar a los juicios
individuales. El rendimiento de estas reglas de decisién en areas de problemas de
juicio colectivo esta potencialmente poco explorado (King y Lakhani, 2013; Klein y
Garcia, 2015). Las reglas de decision también emplean diferentes tipos de escalas
(por ejemplo, ordinal, cardinal, etc.) y la investigacion reciente ha comprobado que
la eficacia de la agregacion depende de las diferentes formas de juicios (en forma
de preferencias clasificadas, valores numéricos, etc.) obtenidos utilizando estas
reglas (Durbach y Montibeller, 2019). Cuando observamos los mecanismos de

agregacion, aunque el promedio simple se considere eficaz para condensar la
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sabiduria colectiva tanto en la teoria como en la practica (Armstrong, 2001; Larrick
y Soll, 2006), la presencia de sesgos sistematicos en los tomadores de decisiones
individuales puede implicar desafios considerables en la agregacién (Montibeller y
Winterfeldt, 2018) y limitar los beneficios de las técnicas de promedio comiunmente

utilizadas.

Esta tesis pretende atender la necesidad de estudiar las reglas de decision y los
mecanismos de agregacion utilizados en el contexto del juicio colectivo. El objetivo
principal es comprender el impacto de los sesgos individuales y las limitaciones
cognitivas en los juicios colectivos, y proponer mecanismos prescriptivos para
agregar juicios individuales. Por lo tanto, mi pregunta de investigacion general es:
¢,como afectan las reglas de decision y los mecanismos de agregacion a la precision
de los juicios colectivos? Para responder a esta pregunta, me centro en dos
destacadas areas de aplicacion de la sabiduria colectiva, a saber, la gestion de la

innovacion y el prondstico de juicio.

Mi tesis se compone de tres ensayos. El primero compara el rendimiento de las
reglas de decisiébn comunmente utilizadas para la evaluacién y seleccién de ideas
en el contexto de la innovacion abierta. El segundo pretende demostrar los sesgos
sistematicos en el prondstico de juicio de las series temporales sujetas a rupturas
estructurales (centrandose en los cambios de la media estructural), para prescribir
técnicas de recorte para la reduccion de sesgos en la agregacion de pronosticos y
proponer un mecanismo robusto de conjunto de prondsticos. Por ultimo, el tercer

ensayo tiene como objetivo probar el mecanismo de conjunto de prondsticos
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propuesto bajo condiciones de frecuencia de ruptura extendida y también explorar
diferentes enfoques para obtener juicios sobre la ocurrencia de rupturas en las
tareas de prondstico. En conjunto, estos tres ensayos pretenden desplegar las
reglas de decision y la heuristica de agregacion demostrando las posibles
limitaciones cognitivas y los sesgos del responsable de la toma de decisiones y
proporcionando mas informacién sobre el uso de las reglas de decision, asi como
prescribiendo mecanismos de agregacion para mejorar la calidad de la decision. El
capitulo 1 de este estudio pretende hacer contribuciones descriptivas vy
prescriptivas, destacando el impacto de las diferentes reglas de decision utilizadas
en la evaluacion de ideas sobre las cargas cognitivas del decisor y comparando el
rendimiento de estas reglas de decision. Ademas, el estudio hace una contribucién
prescriptiva a los gestores de contextos de innovacion abierta en cuanto a los
elementos de disefio del entorno de innovacion abierta. El capitulo 2 de esta tesis
tiene como objetivo contribuir al entorno de la investigacién descriptiva demostrando
los sesgos sistematicos del tomador de decisiones en contextos de prondéstico de
series temporales de juicio bajo rupturas estructurales y demuestra ademas las
implicaciones de estos en diferentes enfoques a la hora de obtener la sabiduria de
los grupos. Ademas, los capitulos 2 y 3 también contribuyen a la investigacion
prescriptiva al prescribir técnicas de reduccion de sesgos con un potencial valor
afiadido para la agregacion de prondsticos y proponiendo un enfoque robusto de

conjunto de prondsticos.

Capitulo 1
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En esta seccion, me centro en el area de aplicacion de la evaluacion y seleccién de
ideas en el contexto de la innovacion abierta, un contexto que ha ganado
importancia tanto en la investigacion como en la practica (Terwiesch y Ulrich 2009;
Bockstedt et al, 2016,). Existen pocos resultados sobre la eficacia de las reglas de
decision utilizadas en los procesos de evaluaciéon de ideas. Mediante un
experimento en linea, el presente estudio examina la eficacia de dos reglas de
decisién para la evaluacion de ideas: puntuacion frente a clasificacion. En la regla
de puntuacién, se pidié a los evaluadores que calificaran la calidad de cada idea
asignandole una puntuacion (por ejemplo, de 0 a 10), mientras que en la regla de
clasificacion el evaluador simplemente ordend todas las ideas segun sus cualidades
percibidas. Los resultados indican que la sabiduria de los grupos obtenida mediante
la regla de puntuacion supera a la sabiduria de los grupos derivada mediante la
regla de clasificacion en lo que respecta a la probabilidad de seleccionar las ideas
de mayor calidad. Ademas, la regla de puntuacién alcanza una mayor precisiéon con
tamafios de publico mas pequefios. Para comprender mejor la eficacia de estas
reglas de decision, se lleva a cabo un analisis mas profundo a nivel de los
responsables de la toma de decisiones individuales, y se comprueba que la regla
de puntuacion supera estrictamente a la regla de clasificacion en cuanto a la
probabilidad de seleccionar las ideas de mayor calidad. Este resultado sigue siendo
solido, independientemente de la posibilidad de permitir los empates en la regla de
clasificacion. Sin embargo, cuando el numero de ideas que evaluar se reduce de
ocho a tres, las eficacias de las dos reglas no difieren. A partir de las observaciones

de los datos experimentales, se propone y comprueba un modelo explicativo en el
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que la informacion se convierte en una pista que dirige el esfuerzo de los
participantes en la evaluacion de las ideas (es decir, el tiempo que se tarda en
evaluar). Desde el punto de vista de los gestores, este estudio proporciona
orientacién para la eleccion del proceso de evaluacion de ideas y, por tanto, para el

disefio de iniciativas de innovacién abierta.

Capitulo 2

En esta seccion, me centro en el &rea de aplicacion del prondstico de juicio de series
temporales. La literatura sobre la combinacion de prondsticos ha hecho hincapié en
la necesidad de realizar estudios detallados sobre la agregacion de prondsticos y
las reglas de recorte en la agregacion (Makridakis y Winkler, 1983; Clemen, 1989;
Armstrong, 1989; Armstrong, 2001; Thomson, et al, 2019). Si bien la literatura
existente explora los mecanismos de agregacion y las reglas de recorte (Jose, et al,
2014; Armstrong, 2001) para los prondésticos en entornos estables, el foco se
desplaza aqui a entornos relativamente inestables caracterizados por cambios
estructurales fundamentales (Pesaran, et al, 2006; Aue y Horvath, 2012). Un cambio
estructural puede causar sesgos sistematicos y las combinaciones de prondstico
comunmente utilizadas pueden ser ineficaces (Clements y Hendry, 1998; Hendry y
Clements, 2004; Atiya, 2020), y este estudio se centra en este caso especial de
series temporales con cambios en forma de cambios estructurales de la media. El
presente estudio introduce un enfoque de recorte sencillo y novedoso (recorte
asimeétrico) para agregar pronosticos de juicio de series temporales. En un estudio

experimental, se descubre que los pronosticadores son sensibles a dichos cambios
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(desplazamientos de la media) en las series temporales y tienen un sesgo bastante
sistematico en sus prondosticos en funcion de la direccion de los cambios, lo que
hace que los enfoques de promediacion simple y recorte estatico sean menos
aplicables. En esta seccion se proponen dos métodos de prondstico conjunto que
incorporan pronosticos recortados asimétricamente y que tienen en cuenta los
sesgos sistematicos para la agregacion de prondsticos de juicio en entornos
relativamente inestables. La literatura sobre pronosticos basados en juicios ha
destacado a menudo la capacidad de diagnéstico de los jueces humanos para
detectar patrones sistematicos en entornos de series temporales (Simon, 1990;
Lawrence, et al, 2006; Seifert et al. 2013). Por lo tanto, en el primer método (el
"Conjunto de Juicios de Ruptura") se explota la informacién sobre el juicio subjetivo
de los pronosticadores con respecto a la ocurrencia y el tipo de ruptura estructural,
y estos juicios agregados se usan como ponderaciones para formar conjuntos de
prondsticos. En el segundo método de conjuntos (denominado "Conjunto de
rendimiento pasado"), las ponderaciones para el conjunto de prondsticos se derivan
del rendimiento del error cuadrético clasificado de cada prondstico recortado en el
periodo de tiempo anterior al periodo de prondstico. EI método prescriptivo de
Conjunto de Rendimiento Pasado produce mejoras significativas en la precisién de
los prondsticos, medida en términos de error porcentual absoluto medio (MAPE, por
sus siglas en inglés). Sin embargo, el rendimiento del Conjunto de Juicios de
Ruptura no es siempre el mejor. Para reforzar la comprobacion de la validez externa,
el método de Conjunto de Rendimiento pasado se pone a prueba con un conjunto

de series temporales del mundo real y los resultados respaldan la solidez del método
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de conjunto de rendimiento pasado. Este estudio contribuye a la literatura de la
combinacion de prondosticos al tender un puente entre dos corrientes: el pronostico
basado en el juicio y la agregacion de prondésticos. Concretamente, el presente
estudio investiga entornos de series temporales caracterizadas por rupturas
estructurales, un area relativamente inexplorada en la investigacion sobre la
combinacion de prondsticos de juicio. Este capitulo contribuye a la investigacion
descriptiva demostrando la presencia de sesgos sistematicos asociados a los
cambios estructurales y destacando ademas los efectos potenciales de estos
sesgos en la agregacion de pronosticos. Se destaca el valor del recorte asimétrico
bajo la influencia de dichos sesgos sistematicos y este ensayo contribuye a la
investigacion prescriptiva sobre la agregacion de prondsticos al proponer la
aplicabilidad del recorte asimétrico en la agregacion de prondsticos. Ademas, este
estudio contribuye a la investigacion prescriptiva en el terreno de la agregacion de
pronosticos al proponer un mecanismo prescriptivo robusto de conjunto de
prondésticos para contextos de series temporales caracterizados por cambios
estructurales. Se advierte que el mecanismo de conjuntos es un enfoque
prescriptivo facil e intuitivamente atractivo para mejorar el rendimiento de los

pronosticos basados en juicios.

Capitulo 3

En esta seccion, continto estudiando el area de la combinacion de prondsticos de
juicio para series temporales caracterizadas por cambios estructurales, probando la

solidez del método de Conjunto de Rendimiento pasado bajo una frecuencia
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ampliada de rupturas estructurales y, ademds, exploro diferentes enfoques de
obtencién de juicios de ruptura con el objetivo de mejorar el método de Conjunto de

Juicios de Ruptura.

La literatura de prondsticos de juicio ha subrayado el papel dominante del juicio
humano en el pronéstico (O'Connor, 1993; Lawrence, et al, 2006; Fildes y Goodwin,
2007; Moritz, et al, 2014), principalmente debido a la capacidad de diagndéstico de
los juicios humanos para detectar discontinuidades y patrones sistematicos en las
series de datos (Simon, 1990; Lawrence, et al, 2006). Sin embargo, los resultados
del estudio experimental del capitulo 2 revelaron que los juicios de ruptura no eran
muy precisos (de forma similar a un estudio de O'Connor et al 1993). En esta seccidn
se explora, pues, la cuestion de como mejorar las predicciones de juicios de ruptura
y combinar estas predicciones de juicio de ruptura en conjuntos de prondsticos para
obtener un mejor rendimiento del prondstico. Este capitulo explora diferentes
enfoques para obtener juicios de ruptura. En concreto, en el primer enfoque se
amplia el método de obtencion de juicios de ruptura utilizado en el Capitulo 2,
obteniendo juicios de probabilidad detallados para las predicciones de ruptura del
pronosticador. En el segundo enfoque, a diferencia del método anterior de
agregacion de juicios de ruptura que se basaba en una simple regla de mayoria para
derivar las ponderaciones, este estudio explora una regla de agregacién diferente
para extraer la sabiduria del grupo. Investigaciones recientes (por ejemplo, Prelec,
et al, 2017; Palley y Soll, 2018) han destacado el posible defecto de un enfoque

basado en la mayoria en el caso de contextos de informacion compartida como el

19



pronéstico. El simple método de agregacion basado en la mayoria para extraer la
sabiduria de los grupos puede ser menos eficaz en tales situaciones, de modo que
utilizo un enfoque més reciente conocido como el algoritmo sorprendentemente
popular (Prelec, et al, 2017) en un &rea de aplicacion diferente (prondstico de juicio
de series temporales). Ademas, estos dos estudios pretenden prescribir conjuntos

de prondsticos aprovechando estas predicciones de juicio agregadas.

Los resultados de los estudios de este capitulo indican que la obtencién de juicios
de probabilidad detallados para las predicciones de ruptura (primer enfoque) no
mejora necesariamente la precision de la prediccion de ruptura y el rendimiento de
los prondsticos del Conjunto de Juicios de Ruptura. Sin embargo, el Conjunto de
Juicios de Ruptura que utiliza el algoritmo sorprendentemente popular para agregar
juicios de ruptura (el segundo enfoque) produce una mejora en el rendimiento del
prondstico en comparacion con los métodos de agregacion de prondsticos de
promedio simple y recorte simétrico. No obstante, el enfoque del Conjunto de
Rendimiento Pasado proporciona mejoras solidas en el rendimiento de los
prondsticos en todos los tratamientos de ambos estudios. Este capitulo contribuye
a la agregacion de prondsticos de juicio mediante la exploracion de diferentes
meétodos de agregacion de juicios y la comprobacién de la aplicabilidad del algoritmo
sorprendentemente popular en la agregacion de juicios en lo tocante a ciertas
caracteristicas de las series temporales en las tareas de prondstico. Este capitulo
contribuye a la investigacion prescriptiva probando la solidez del método de conjunto

de prondsticos prescriptivo propuesto anteriormente en condiciones ampliadas.
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A continuacion, se presenta un resumen de la tesis general.

Pregunta principal de investigacion:
¢Como afectan las reglas de decision y los mecanismos de agregacion a
la precision del juicio colectivo?

Contexto: Gestion de la innovaciéon

Ensayo 1: Comparacion de las reglas de decision de puntuacion y clasificacion

Pregunta de investigacion (Pl): ; Cémo funcionan las reglas de decision de
puntuacion y clasificacion en cuanto a la probabilidad de seleccionar las ideas
de mayor calidad?

Método: Estudios experimentales con expertos de la industria y participantes

obtenidos de forma colaborativa.

Resultados: La regla de puntuacion supera a la regla de clasificacion en
cuanto a la probabilidad de seleccionar las ideas de mayor calidad..

Contexto: Pronéstico de juicio

Ensayo 2: Conjuntos de pronésticos
bajo incertidumbre

PI: ; Como afecta la apariciéon de
cambios estructurales de la media a los
pronésticos de juicio? ; Como afectan
los sesgos sistematicos de estos
prondsticos a la agregacion de
pronoésticos? ¢ Qué técnica de reduccion
de sesgos y qué mecanismo de
combinacién de pronésticos podria
mejorar el rendimiento de los
prondsticos en estos casos?

Método: Estudios experimentales con
participantes obtenidos de forma
colaborativa y datos secundarios de
prondsticos de encuestas del mundo
real.

Resultados: Los pronésticos estan
sistematicamente sesgados como
consecuencia de un cambio estructural.
La agregacion de pronosticos mediante
reglas de recorte asimétricas ofrece
valor anadido en caso de sesgo
sistematico. El conjunto de pronésticos
con recortes asimétricos mejora el
rendimiento de los prondsticos.

Ensayo 3: Exploracién de
diferentes métodos de agregacion
de juicios de ruptura

PI: ; Como obtener predicciones
de ruptura de juicio en el
prondstico de series temporales
caracterizadas por rupturas
estructurales? ; Cémo aprovechar
estas predicciones de ruptura
agregadas para combinar los
pronosticos?

Método: Estudios experimentales
con participantes obtenidos de
forma colaborativa y entorno de
laboratorio

Resultados: Los juicios de
probabilidad detallados no mejoran
necesariamente la precision de los
juicios de ruptura y el rendimiento
de los pronésticos. La agregacion
de las predicciones de ruptura
mediante el algoritmo
sorprendentemente popular mejora
el rendimiento del conjunto de
pronésticos.

Figure 2: Esquema de la tesis
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1 Chapter 1: Scoring vs. Ranking - An Experimental

Study of Idea Evaluation Processes

1.1 Introduction

The concept of open innovation has gained prominence in both research and
practice (Chesbrough 2006, Terwiesch and Xu 2008, Terwiesch and Ulrich 2009,
Bockstedt et al, 2016) and has become the source for thousands of creative ideas
(Girotra et. al. 2010, Poetz and Schreier 2012). However, firms cannot pursue all
ideas generated. Instead, only a small portion of the most promising ideas are
selected after being evaluated (Terwiesch and Xu 2008, Terwiesch and Ulrich 2009).
For example, in the entertainment industry, of 300 “idea scratches”, only 5—6 survive
and are commercialized into films (Terwiesch and Ulrich 2009). Other research finds
that, at most, 10—-30% of the ideas from open innovation engagements are eventually
considered by firms (Klein and Garcia 2015).

In practice, traditionally the attention of idea evaluation has been directed towards
accessing a larger pool of experts with relevant expertise, which could be quite costly.
For example, to bring the “optimal” technological solutions to market, over 50 senior
executives at IBM had to spend several weeks of their time to screen thousands of
online entries by its open innovation participants (Bjelland & Wood, 2008). Similarly,
Google had to engage “more than 3,000 employees to filter the unexpected surge of
ideas for its 10 to the 100th project” (Klein & Convertino, 2014, P. 2; Buskirk, 2010).

With the surge of online open platforms and communities, managers in different
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industries have found that using their innovation communities to evaluate and select
the best ideas may solve some of their problems associated with high costs of idea
evaluation and selection (King & Lakhani, 2013). The online communities evaluate
ideas using different decision rules such as rating or scoring, ranking, voting, etc.
Under increasing use of collective wisdom in different decision-making applications,
recent research has emphasized the need for developing insights on decision rules
used for idea evaluation and selection processes (Kornish and Hutchison-Krupat,
2017; King & Lakhani, 2013). Different decision rules could impose different
cognitive loads on the decision makers (Simon 1974, Hastie and Dawes 2001) and
thereby potentially impact individual judgments. The performance of such decision
rules in collective judgment problem areas is underexplored (King & Lakhani, 2013;
Klein & Garcia, 2015). Recent behavioral decision research also indicates that
collective wisdom is contingent on judgments elicited using different decision rules
(such as ranked preferences, numerical ratings, etc.) (Durbach & Montibeller, 2019).
Two decision rules are often observed in practice in the idea evaluation & selection
application area, viz., scoring and ranking. Under the scoring rule, the evaluators are
asked to rate the quality of each idea by assigning it a score (for example, a number
from O to 10). Next, the scores provided by the evaluators are aggregated, and the
ideas that receive the highest scores are selected. The scoring rule has been widely
applied in project management and research proposal evaluation (Dahan and
Hauser 2002, Toubia and Flores 2007, Dahan et al. 2010). In contrast with scoring,
the ranking rule does not require the evaluator to assign a score to each specific

idea. Instead, the evaluator simply orders all ideas according to their perceived
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qualities. Then, the rankings made by the evaluators are aggregated, and the ideas
ranked at the top of the list are selected. Both the decision rules are popular in
practice. For example, in its weekly design contests, Threadless decides which T-
shirt designs to produce by selecting the entries that receive the highest overall
scores (Malone et al. 2010). In another open innovation contest called “Osram
LED—Emotionalize Your Light”, users were asked to rank order a set of ideas or
design entries (Cruz-Cunha 2012).

Unfortunately, most existing research on idea evaluation has thus far been
directed toward achieving access to a larger pool of experts with relevant expertise
(Kornish and Hutchison-Krupat, 2017), and few studies have investigated the
efficacies of the different decision rules or processes being used to evaluate new
ideas by online communities (King and Lakhani 2013). Consequently, firms often
lack guidance on the use of decision rules for the design of idea evaluation
processes. A process itself does not depend on individual experts and therefore
could yield more robust evaluation accuracy in different situations. Understanding
the efficacy of different evaluation rules is therefore crucial for extracting collective
wisdom and thereby the success of open innovation.

Towards this end, an online experiment was designed to compare the efficacies
of the scoring and ranking processes for idea evaluation. Specifically, the study
began by building a pool of eight ideas drawn from the crowdfunding platform
KickStarter.com. All eight ideas were new ideas and/or designs in the healthcare
sector. With an approach similar to those of numerous existing studies (Ozer 2009,

Girotra et. al. 2010, Poetz and Schreier 2012, Putman and Paulus 2009, Kornish and
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Ulrich, 2014), this study used a panel of experts (from health care sector) to evaluate
the qualities of these ideas and used the experts’ evaluations as the “benchmark”
for each idea’s quality. Then, participants from Amazon Mechanical Turk were
recruited to evaluate the ideas under different treatments (e.g., different evaluation
processes and different manners of information presentation). Further, the efficacies
of both idea evaluation processes were compared vis-a-vis the benchmarks.

Due to the limited results in the existing literature, this study is exploratory by nature.
The experimental results suggest that the scoring process strictly outperforms the
ranking process in terms of the likelihood of selecting the highest-quality ideas (both
at an aggregated and individual level) regardless of how much information about
each idea is presented to the participants. This result remains robust when the
possibility of making a tie is allowed in the ranking process (this condition is
henceforth referred to as “weak order ranking”). Further, it is seen that the scoring
rule attains higher levels of accuracy with a relatively smaller crowd size when
compared to the ranking rule. Additionally, it is also found that when the number of
ideas to be evaluated is reduced from eight to three, the efficacies of the two idea
evaluation processes become similar. In contrast to the prediction from the
information processing theory that adding more information helps improve the
efficacy of the scoring but not the ranking process, the experimental results suggest
that the efficacy of the ranking process is improved when additional information is
provided, yet the efficacy of the scoring process does not change. To explain these
findings, this study proposes a path-dependent theoretical model in which the

information does not directly influence the evaluation accuracy; instead, it becomes
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a cognitive cue that directs the participants’ efforts to evaluate the ideas (i.e., the
time taken for evaluation). This model is empirically supported by the experimental

data.

1.2 Literature Review and Theoretical Background

Gains from the parallel search efforts of a large number of participants have made
innovation contests an effective approach to generate high quality solutions to
innovation challenges (Terwiesch & Xu 2008; Terwiesch & Ulrich, 2009). Thus,
various studies have paid attention to the process of innovation in the context of
innovation tournaments or contests. Two streams of research can be observed. The
first stream of study has focused on the innovation community per se. This stream
studies the characteristics of the community participants (such as submission
behavior, demographics, cultural background, etc) and participants’ probability of
success in the contests (Terwiesch and Xu, 2008; Bayus, 2013; Bockstedt, et al
2015; Bockstedt, et al 2016). Another stream of study has looked at contest design
elements from a contest manager or organizer’'s perspective by analyzing the
contest as a process (Boudreau, et al 2011; Erat & Krishnan, 2012; Wooten and
Ulrich, 2015; Erat, 2017). The focus of these studies has been to demonstrate how
different process elements influence expected contest outcomes such as degree of
participation, quality of ideas, etc. Both these streams have focused on the contest’s

idea generation phase and this essay focuses on idea evaluation phase.

The extant innovation management literature has mainly viewed idea evaluation as
a prediction task and aimed to answer two questions: (1) What should be asked? (2)
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Who should be asked (Kornish & Hutchison-Krupat, 2017)? Specifically, rich results
have been found concerning the design of idea evaluation criteria (Ulrich and
Eppinger, 2015) and the evaluation performance of different types of participants
(Kornish and Ulrich, 2014). Very few studies have examined how different methods
of implementing the evaluation criteria influence evaluation efficacy. For example,
Wilson and Schooler (1991) demonstrated that forcing the participants to rate ideas
explicitly according to certain criteria may yield worse results than when the
judgments are made holistically based on an aggregated feeling. The underlying
mechanism is that when a subject is asked to decompose an idea into specific
dimensions, their perception of an idea may change for the worse.

Many existing studies have extensively examined the idea generation process as
well as the relationship between idea generation and evaluation under different team
structures. With respect to the idea generation process, Wooten and Ulrich (2017)
used a set of field experiments with online contests to examine the effect of in-
process feedback on idea generation. Their results show that directed feedback is
positively associated with agent participation as well as the average quality of entries
submitted. In another recent study, Erat (2017) formulated a model of multistage
development of idea pools and demonstrated that the dispersion of ideas in the pool
has a positive impact on the value derived from the top ideas, especially when
learning across stages is limited. With respect to the relationship between idea
generation and evaluation, mixed results have been found. For example, in an
experimental setting, Putman & Paulus (2009) examined the performance of two

team structures (nominal vs. interactive) when the participants conducted both idea
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generation and evaluation. In a nominal team, the members generated and
evaluated ideas individually, whereas in interactive groups, the members created
and evaluated ideas collectively. These authors found that the average originality of
the selected ideas that received the best evaluations was higher for nominal groups
than the interactive groups. However, as assessed by independent idea quality
evaluators, participants under both team structures rarely selected their best ideas
(Putman & Paulus 2009). Faure (2004) and Rietzschel et al. (2010) conducted
similar studies and found that nominal teams are better than interactive teams in
terms of idea generation. However, they did not find a significant difference between
the interactive and nominal teams in terms of the quality of the selected ideas. These
findings imply that the potential of selecting better ideas is not (fully) realized in the
idea evaluation stage. In contrast with the aforementioned studies, this study does
not aim to examine the idea generation process; instead, it focuses on the idea
evaluation stage. Additionally, there are quite limited insights in the innovation
management literature on the comparisons and efficacies of different idea evaluation
processes or decision rules.

The existing literature in decision analysis has compared the rating (scoring) and
ranking processes based on bounded rationality. Under the perfect rationality
assumption in which each decision maker comprehends and processes complete
information about the alternatives and selects the alternative that maximizes the
expected utility, both processes are expected to produce similar outcomes, i.e.,

these two processes can be considered interchangeable (Klein and Garcia 2015).
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However, many experimental studies have demonstrated that the consistency
between these two processes is relatively low (Moore 1975, Russell and Gray 1994).

With respect to the efficacy of these two evaluation processes, some studies
have argued that the ranking process should outperform the rating (scoring) process
due to two reasons. First, despite its simplicity, the rating (scoring) process tends to
elicit primarily average scores from evaluators, which is often called as the “close-
to-average bias” of the evaluators (Klein and Garcia 2015). As a result, the scoring
may tend to do a poor job of distinguishing between good and excellent ideas. For
example, a “nice” evaluator may give rather close scores to several ideas that may
have quite different intrinsic quality. In this case, the scoring process may blur the
difference between a truly extraordinary idea and some of the middling alternatives.
In contrast, the ranking process forces participants to provide relative rankings of
ideas, creating a sharp distinction between “good” and “bad” ideas and alleviating
the close-to-average bias and the rating lock. Second, the ranking process requires
a respondent to pay attention to all items together while making the selection
decision, whereas in the rating process, the respondent is focused on one item at a
time. Consequently, the ranking process forces decision makers to consider more
information, in a holistic sense and could lead to better evaluation accuracy (Alwin
and Krosnick 1985). In a related study, Harzing et al. (2009) found the ranking
mechanism to be superior in evaluating cross-cultural values. These authors found
that the ranked responses (with the stimuli presented in a concise manner)

conformed more closely to their benchmark than the scored or rated responses.
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In contrast, another school of thought predicts better performance from the
scoring process. First, the scoring process is designed in such a manner that an
evaluator focuses her attention on appraising the quality of only one idea at a time.
In contrast, in the ranking process, the evaluator’'s attention cannot be focused on
any single idea. Consequently, the ranking process is a much more complex and
demanding task than the scoring process, and the processing and transforming of
information to arrive at an evaluation decision thus becomes more difficult and
stressful in the ranking process (Baddeley 1992; Medin et al. 2004), which in turn
leads to mistakes in the evaluation due to incomplete transformation of information
(Bettman and Kakkar 1977). Second, the scoring process may not necessarily
perform worse than the ranking process in terms of reducing the close-to-average
bias. Several related studies have found that people who must choose from many
alternatives tend to utilize simplifying strategies to reduce the cognitive complexity
of the decision (e.g., Simon 1974, Hastie and Dawes 2001). With these simplifying
strategies, people often engage in pre-choice screening of the available alternatives
(Beach 1993) to make more cognitive resources available for careful consideration
of the remaining options (Parks and Cowlin 1995). As a result, the ranking of ideas
that the evaluators propose may simply represent the evaluators’ pre-ranking
preferences, which could undermine the efficacy of the ranking process. The fine-
grained scores on the interval scale in a scoring process might overcome such
possible mistakes that could potentially arise in a coarser ranking process.

This study also considers the potential impact of providing additional information

about an idea to the evaluators under different evaluation processes. An idea can
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be viewed as a piece or chunk of information represented as a single meaningful
item (Simon 1974, Gobet & Simon, 1996), and the number of chunks (i.e., ideas)
that can be processed within the constraints of working memory can influence the
effectiveness of information processing (Miller 1956; Simon 1974). From this
theoretical perspective, the inherent nature of the ranking process would inevitably
increase the cognitive loads of the evaluators, which in turn reduces the “slack”
resources available to process additional information (Russo et al. 1975, Medin et
al. 2004). Consequently, the provision of additional information about ideas should
be ineffective in the ranking process. In contrast, under the scoring process, the
evaluator’s attention is focused on one idea at a time. In this case, additional
information does not increase the cognitive load as much as it does under the
ranking process and therefore could be potentially useful in helping the participants
improve their evaluation accuracy. However, the extant research has not examined
the validity of this prediction.

Another factor that has been shown to be positively related with evaluation
accuracy is the evaluators’ efforts to evaluate the ideas (Einhorn and Hogarth 1981,
Luce et al. 1997). Luce et al. (1997) highlighted the tradeoff between decision speed
and accuracy in difficult decisions. In the context of idea evaluation, the overall
effects of the induced efforts on the evaluation accuracy need to be jointly
considered with the specific evaluation process. For example, the ranking process
naturally forces participants to expend greater effort on digesting and processing the
information, but additional effort must be used to process the additional complexity

embedded in the ranking process. In contrast, the scoring process induces less effort
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from participants but has a lower demand for effort to process information due to its
simplicity and due to the focus on each specific idea. As a result, it remains unclear
how the effort exerted by the evaluators interacts with the evaluation process and
how they may jointly influence the evaluation accuracy.

Overall, some conflicting arguments and results have been found in the extant
literature. However, with limited conclusive results, it is difficult to structure some
hypotheses. Instead, this study aims to experimentally explore these questions. By
nature, this study is data-driven, and it proposes a theoretical framework and tests it

ex post while presenting the empirical findings.
1.3 Experimental Design & Measurement

1.3.1 Experimental Design

Participants from Amazon Mechanical Turk were recruited to participate in a web-
based experiment using Qualtrics. This experiment was comprised of three stages:
(1) idea evaluation, (2) collecting information regarding the participants’
characteristics, and (3) collecting experts’ opinions. The web-based design
resembles the virtual community and open innovation setups. Mechanical Turk has
been used as a reliable source of experimental data. Numerous existing studies (e.g.,
Paolacci et al. 2010, Berinsky et al. 2012, Rand 2012, Paolacci and Chandler 2014,
Lee et al. 2018) have addressed concerns regarding the data quality provided by
participants in web-based experiments and demonstrated that online platforms can

be a viable alternative for experimental data collection. Moreover, the results derived
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from such platforms are found to be quite robust compared with those from traditional

laboratory experimental settings in these studies.

2

wl_I.= l
LinkedMD: Your
Healthcare Footprint

UnaliWear Kanega Magniglass: Electronic Glasses
Watch for Medical and Personal Use

MonBaby Baby Help African Real-time diseasejll The Diabetic Journal
Monitor in a Smart monitor & e-records
The POEM Record 6dot Braille labeller: A sight for
sore eyes!

Figure 1-1: Snapshots of the ideas

In the first stage of the experiment, the study started by selecting eight ideas
from the large crowdsourcing platform Kickstarter.com. All eight ideas belonged to
the broad category of the intersection of information technology and healthcare, and
they successfully obtained funding from Kickstarter. A snapshot of these ideas is
presented in Figure 1-1.

Then, the eight ideas were presented to participants, and they were asked to
evaluate the quality of these ideas under each of the four conditions: Ranking Short
(RS), Ranking Long (RL), Scoring Short (SS), and Scoring Long (SL). In the Short
conditions, the participants received only brief descriptions of the ideas, whereas in
the Long conditions, they received extensive descriptions of the ideas. A typical brief

description contained approximately 100 words, whereas an extensive description
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typically contained 400-500 words. The participants were randomly assigned to one
of the four conditions. In total, there were 423 participants in the experiment with at
least 100 participants in each condition.

At the beginning of the experiment, a general description of the evaluation
process was provided to the participants and were instructed that they should
consider the originality or novelty of the ideas with respect to the existing market, the
value of the ideas (i.e., the abilities of the ideas to solve relevant problems in
healthcare) and the feasibility of the ideas in terms of the ease of translation of an
idea into a commercial product. An idea is located at the fuzzy front end of new
product development and represents only a vague business opportunity or direction
to pursue, often lacking detailed or well-defined product concepts and attributes
(Ulrich and Eppinger, 2015). As a result, unlike product or project evaluations
(Kavadias and Chao, 2007), numerous existing studies regarding idea evaluation
(e.g., Wilson and Schooler, 1991; Faure 2004; Girotra et al. 2010; Putman and
Paulus 2009) have often asked participants to evaluate each idea holistically, instead
of explicitly breaking down the ideas into attributes and evaluating each attribute.
This study adopted a similar approach as these earlier studies to evaluate idea
quality. To avoid any potential position or order bias (Bettman et al. 1991), the order
in which the ideas were presented to each individual participant was randomized.

In the experiment, each participant received access to two panels of information.
The first panel consisted of all eight ideas listed sequentially, and each idea was
presented with either brief or detailed information. In the second panel, only the idea

titles and the short summary of each idea were presented. In the two conditions of
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the ranking process (RS and RL), the participants were asked to order the ideas in
the second panel according to their assigned ranks. The participants were forced to
strictly differentiate the ranks of these ideas by giving a unique order number to each
idea (i.e., a strong order ranking process) from one to eight. In the two conditions of
the scoring process (SS and SL), each idea in the second panel was accompanied
with a rating slider scale below its summary. The participants were instructed to rate
each idea on a Likert scale of O to 10, with O being a bad idea and 10 being an
excellent idea. In contrast with the ranking process, the participants could give

similar scores to multiple ideas.
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Figure 1-2: Design of the experiment

The participants were compensated with a fixed fee of $2 for their participation
in the experiment. Additionally, it was clearly stated in the instructions at the
beginning of the experiment that the participants’ evaluations of ideas would be
compared to a benchmark evaluation by a panel of experts, and the five participants

under each treatment whose evaluations exhibited the highest percentage of
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matches with the top three ideas from the experts’ evaluations would be rewarded
with an additional $10 each, which incentivized the participants to evaluate the ideas
as accurately as possible. Figure 1-2 summarizes the details of the first stage of the
experiment.

After the participants completed their idea evaluations, the experiment
automatically proceeded to the second stage in which a survey was administered to
each participant to collect information regarding their individual characteristics.
Additionally, the IP address of each participant was checked to ensure the
unigueness of online participation. The time each participant spent on the evaluation
was also recorded.

In the third stage of this experiment, a panel of healthcare-related experts was
invited to evaluate the qualities of the eight ideas. These experts were participants
in a management training program sponsored by the European Union for senior
executives from the healthcare sector. On average, the experts in this study had
over 10 years of healthcare-related experience. Nearly one-third of the experts had

PhD degrees in relevant fields. The profile of the expert panel is summarized in Table

1-1.
No. of Experts 31
Industry Healthcare Professionals
Average Experience 10.1 years
Gender Female: 48%; Male: 52%

Head of innovation. Researcher, Technology
Representative Job Titles head/advisor, Project manager, Marketing manager

Education PhD (32%); Masters (23%); Bachelors (45%)
Table 1-1: Profile of Experts
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An expert panel is generally used in practice. For example, to bring the “optimal”
technological solutions to market, IBM employs numerous senior industry experts to
screen online entries by its open innovation participants (Bjelland and Wood, 2008).
In the extant literature, the evaluations made by the experts are often used as the
‘benchmark” of the idea quality (e.g., Ozer, 2009, Girotra et al. 2010, Poetz and
Schreier 2012, Kornish and Ulrich, 2014). In this study, the experts were given ideas
with detailed descriptions and were requested to evaluate the ideas based on the
previously mentioned criterion (novelty, usability, etc.) and provide their rating on a
scale of 0-10. The experts’ evaluations were aggregated for each idea, thereby
providing a benchmark score and associated ranks. Using the approach prescribed
by Gwet (2002), AC2 measures were computed to verify the reliability of the
evaluations provided by the experts. Gwet argues that any agreement by chance
(say, a random assignment as the evaluator or rater is not certain about how to
evaluate the item) can inflate the overall agreement probability. The reliability metric
should thus ensure that such chance agreements do not influence the measure of
actual agreement between raters. Gwet (2012, P. 121) introduces a measure of
reliability (AC2, for ordinal or interval measures) between two or multiple raters,
defined as the “conditional probability that two randomly selected raters will agree,

”

given that no agreement will occur by chance.” These measures were statistically
significant (p<0.01), which indicated a high level of overall reliability of the
evaluations of the idea qualities. Some existing studies (e.g., Girotra et al. 2010)
have demonstrated the relevance of using this method to examine reliability in the

context of idea generation and selection - “Low p values suggest that the observed
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inter-rater agreement is very unlikely to arise out of random chance, and that indeed
the expert panel rated ideas in an internally consistent fashion” (Girotra, et al 2010,
P. 598; Gwet, 2012).
1.3.2 Variables and Measures
Dependent Variable: Percentage of Matches
Because the generation of new ideas is highly uncertain, the chance of selecting a
single “best” idea is quite low from a statistical point of view (Dahan and Mendelson
2001). Consequently, the focus of idea evaluation has been on maximizing the
likelihood of identifying the several “best” ideas among a pool of ideas (Terwiesch
and Ulrich 2009, Girotra et al. 2010). In practice, firms usually conduct multiple
rounds of idea evaluation, and in each round, they select several promising ideas
rather than a single idea. Then, the surviving ideas selected in one round are
evaluated and screened again in the next round. This continuous process of idea
selection is often referred to as an “innovation funnel” (Terwiesch and Ulrich 2009).
To operationalize the “innovation funnel” concept for idea evaluation, the
accuracy of an evaluation process is quantified as the idea match likelihood, which
is defined as the percentage of ideas that match between the crowd’s (participants’)
and the expert panel’'s selections. Specifically, this study examines the match
likelihood of each participant for the top two ideas (representing the top 25% of the
ideas) as evaluated by the expert panel. To ensure the robustness of the results, the
study also examined the match likelihood for the top three ideas (representing the

top 37.5% of the ideas). Clearly, the more consistent the participants’ and experts’
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choices are, the higher is the accuracy of the idea evaluation process. This measure
of accuracy also provides us with a comparable measure for two different types of

data: interval (scoring) and ordinal (rank).

At an aggregate level of the crowd, in the ranking process, an average rank received
by each idea is calculated. Then, these ideas are ordered according to the average
rank each idea received, i.e., the idea with the lowest rank number is treated as the
top one idea, and the idea with the highest rank number is treated as the worst idea
as evaluated by all sample participants or the crowd. In the scoring process, the
ideas are ordered according to the average score each idea receives. The idea that
receives the highest average score is ordered as the top one idea. After completing
this step of data aggregation, the order of ideas as evaluated by the crowd is
compared with the benchmark order from the expert panel in order to identify the
match percentage in the top two (three) ideas representing top 25 (37.5) percent of

the ideas.

The match percentage calculation at the individual participant level is as follows. In
the experiment, the participants could give similar scores to multiple ideas. This
implies that ties could exist among multiple ideas, and such ties will blur the
distinction between the top ideas and the remaining non-selected ideas. Should the
top two or three ideas be selected from a pool of tied ideas, multiple selection
outcomes with different match likelihoods will occur. For instance, in an extreme
situation, a participant could give all ideas a score of 10. That would guarantee that

he/she would get the top 2 or 3 ideas “right,” but the information value from his/her
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scores would be lower than that from another evaluation in which only one of these
top 2 or 3 ideas receives a score of 10 while all other remaining ideas would receive
a score of 9. To address this issue, this study uses a three-step approach to measure
each participant’s match likelihood. First, based on the participant’s evaluation, all
possible outcomes when the top two (or three) ideas are selected were listed and
the match likelihood associated with each outcome was calculated. Second, the
probability of observing each outcome was calculated. Last, the probabilities derived
from step two were used to arrive at the expected match likelihood of that participant.
The following example illustrates the process of measuring the match likelihood for
an evaluation with ties. In this example, the top two ideas evaluated by the experts
are idea 8 and idea 6. Table 1-2 summarizes the evaluations made by the participant
with ID 97293 in the scoring process.

In Table 1-2, the ideas are ordered according to the scores they received.
Clearly, ideas 5, 6, 7, and 8 are top four ideas and are tied in scores. In this case,
three outcomes can occur when the top two ideas are selected by this participant:
(1) the selection of ideas 6 and 8, which results in a match likelihood of 100%; (2)
the selection of only one of the top-two ideas (either 6 or 8), which results in a match
likelihood of 50%; and (3) the selection of none of the top-two ideas (ideas 5 and 7
are selected), which results in a match likelihood of 0%. It follows that the probability
of selecting both ideas 6 and 8 from the top four ideas is 1/6, the probability of
selecting only one of the top-two ideas (either 6 or 8) is 4/6 or 2/3, and the probability
of selecting none of the top-two ideas is 1/6. Thus, the expected match likelihood of

the participant with ID 97293 is 100% x 1/6 + 50% x 4/6 + 0% x 1/6 = 50%.
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Idea 5 10
Idea_6 10
Idea 7 10
Idea_8 10
Idea_2 8
Idea_3 8
Idea 1 7
Idea 4 7

Table 1-2: Sample evaluation with ties in the scoring process

Similar analyses were conducted for all the participants and the adjusted
percentages of matches for both the top 2 and 3 ideas were calculated.
Treatments: Information

The participants in the experiment were randomly assigned to the four conditions,
i.e., SS, SL, RS and RL. Il included the level of information in the analysis with Long
descriptions coded as treatment = 1 and Short descriptions coded as treatment =
0 to test for treatment effects within the scoring and ranking processes.

Explorative Variable: Duration

To examine the interaction between the participant’s efforts and the evaluation
process, the information concerning the evaluation duration of each participant in the
experiments, i.e., the time spent by the participants on the task of idea evaluation
was also captured. In the literature, time spent, or the variable duration, has often

been used as a proxy for cognitive effort (Dhar and Nowlis 1999, Maule et. al., 2000).
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1.4 Comparing the Ranking and the Scoring Decision Rules at an

Aggregate Level

To examine at the aggregated level, how accuracy (i.e., the percentage of matches)
varies across both the decision rules (Scoring and Ranking) as a function of the size
of the crowd, a simulation was conducted by varying the number of participants
under each treatment. By randomly choosing ‘n’ (n varied from 35 to 90) number of
participants under each treatment the percentages of matches were calculated. This
process was repeated over 1000 trials under two different match criteria (top 2 and
top 3 idea matches). The accuracy values demonstrate the wisdom of the crowd
(Surowiecki, 2004) effect, i.e., the accuracy improved as the size of the crowd
increased (Figure 1-3). As the match criterion widens from the top 2 to the top 3, we
observe that the performance of the ranking process improves; yet the scoring
process clearly dominates. An interesting observation from Figure 1-3 is that the
scoring process converges at higher levels of accuracy with smaller crowds
compared with the ranking process. This finding indicates that the scoring process
yields higher accuracy levels with relatively smaller crowds, which has direct

managerial implications in the design of an open evaluation initiative.
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Figure 1-3: Accuracy as a function of crowd size under different match criterions

At an aggregate level, the scoring process performs better than the ranking process

in identifying the top ideas. The effect of the treatment in terms of level of information

also seems to be having some effect on the outcome based on the decision rules

used. To further investigate the dynamics of the decision rules, the following sections

investigate the performance of the decision rules in detail.

1.5 Comparing the Ranking and the Scoring Decision Rules at an

Individual Level

The average percentages of matches for the top two ideas along two dimensions of

treatments were calculated (by employing the steps described in the earlier section),

i.e., information (short vs. long) and process (scoring vs. ranking). Table 1-3

summarizes the results.
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Information

Average
Short Long
Ranking 20% 28% 24%
Process Scoring 39% 37% 38%
Average 29% 33% 31%
Table 1-3: The percentages of “matches” for the top two ideas (strong order

ranking)

Table 1-3 illustrates that in both information conditions, the scoring process
produced higher average percentages of matches than the ranking process.
Additionally, the percentage of matches in the ranking process increases from 20%

to 28% when the detailed information is provided.

Variable F-ANOVA P-value

Process 18.12 <0.01***
Information 0.08 0.31
Process x 017 0.02%
Information

Table 1-4: ANOVA analysis (strong order ranking)

Next, an ANOVA analysis was conducted using process, information and their
interaction term. Table 1-4 summarizes the results. The variable process was
significant (p<0.01), and the variable information was nonsignificant (p = 0.31).
Interestingly, a weakly significant interaction effect is found between the information
and the process (p < 0.05). Specifically, in the ranking process, the provision of
detailed information significantly increases the percentage of matches by 8 % (p =

0.05). However, providing more information does not significantly increase the
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accuracy of the scoring process. A parallel analysis using the top three ideas criterion
was also performed. All the results remained consistent.

In the experimental setting above in which the ideas were strictly ordered without
ties, the experimental results show that the scoring process strictly outperforms the
ranking process in terms of the likelihood of selecting the top two (three) ideas. One
possible explanation of the relatively low evaluation accuracy of the ranking process
is that, under the strong order ranking, the participants lose the freedom to assign
similar ranks to two or multiple ideas in cases in which he/she perceives the ideas
as equally “good”. By contrast, the participants in the scoring process have the
additional freedom to provide score ties among multiple ideas. As such, the
discernibility of the ranking process may be undermined. To test this possibility, a
new experimental study was conducted in which the participants could give similar
rank numbers to multiple ideas (i.e., a weak order ranking process). The detailed
experimental design and results are reported in Appendix A-1. Consistent with the
previous results of the comparisons when the strong order ranking was employed,
the new results in the weak order ranking experiment indicate that under both the
detailed and short information conditions, weak order ranking produced lower

percentages of matches than the scoring process in the main experiment.
1.6 Examining the Influence of Idea Quantity

As mentioned in the existing literature, the main limitation of the ranking process is
that as the number of ideas increases, the number of required comparisons rapidly

increases, which creates severe scaling challenges for large idea sets (Dahan and
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Mendelson 2001, Toubia and Flores 2007, Dahan et al. 2010). This limitation implies
that the difference in evaluation efficacy between the scoring and ranking processes
may decrease as the number of ideas to be evaluated decreases. This section aims
to explore this possibility. Clearly, randomly selecting some ideas from the existing
experimental data cannot provide reliable results because the existing data were
derived from processes in which eight ideas were evaluated and thus cannot reflect
the underlying mechanism of evaluating fewer ideas?. Instead, three ideas were
randomly picked out of eight available ideas and a new experimental study was
conducted by letting the participants evaluate these three ideas under treatments
similar to those of the previous experiments. Specifically, 299 new participants were
randomly assigned to one of the four experimental conditions (69 in RL, 79 in RS,
73 in SL and 78 in SS evaluations). As the number of ideas in this experiment was
reduced to three, the analysis examined the percentage of matches for the top one
idea (top 33%) to make a fair comparison with the previous experiments (in which
the top 25% of ideas were selected). Ties were allowed in the ranking process here.
All other experimental settings remained the same.

Tables 1-5 and 1-6 summarize the average percentages of matches in the four
treatments and present the results of an ANOVA analysis, respectively. When the
number of ideas is reduced to three, no significant differences were found between
the four treatments. The interaction effect between information and process is also

not found. These results imply that when the number of ideas is sufficiently small (3

I However, a simulation study was conducted by selecting different number of ideas from the
existing pool of ideas as a robustness check and the same is briefed in Appendix A-2.
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in this experiment), the efficacies of the two processes (ranking and scoring) become

equivalent.

Information

Total
Short Long
Ranking 31% 33% 32%
Process : 5
Scoring 36% 35% 35%
Total 33% 34% 33%

Table 1-5: ANOVA analysis (three ideas)

Variable F-ANOVA P-value
Process 0.49 0.485
Information 0.05 0.830
Process x Information 0.13 0.721

Table 1-6: ANOVA Analysis (three ideas)

1.7 A Path-dependent Model and an Empirical Test

The analysis thus far demonstrated that when eight ideas were evaluated by the
participants, the scoring process achieved better evaluation accuracy than the
ranking process. One potential mechanism causing this result is the high demand
for cognitive “working memory” in the ranking process. From the perspective of
information processing, the ranking process inherently requires evaluators to hold
and process greater numbers of chunks of information than does the scoring process
and therefore becomes a much more complex and demanding task. Consequently,
the ineffective processing of information in the ranking process forces the decision

makers to use heuristics that could lead to mistakes (Bettman and Kakkar 1977). As
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argued in Section 2, this theoretical perspective predicts that additional information
should improve the efficacy of the scoring process, instead of the ranking process.
Although the statistical significance (p = 0.05) of the interaction effect between
information and the evaluation process may not be very conclusive, the experimental
findings presented in Section 5 do not support this prediction.

The experiments recorded the time spent by the participants on the idea evaluation
task as an explorative variable. Table 1-7 summarizes the average evaluation
durations under the different conditions. To exclude some extreme values and obtain
robust results, a winsorization approach was adopted by replacing the outliers on
both sides with 2.5 percentile value and 97.5 percentile value, respectively. Table 1-
7 shows that the imposition of information has significant impacts on the duration in
the ranking process. In particular, providing additional information will increase the
duration from 7.08 to 9.79 minutes (2.71 minutes longer or a 38.2% increase,
statistically significant at p<0.01) under the strong order ranking (similar increase is
observed under the weak order ranking as well). By contrast, additional information
leads to an increase of only 1.06 minutes (from 7.94 to 9.00 minutes or a 13%
increase) in the scoring process. In the ranking process, the detailed (long) ranking
requires the longest average duration followed by the detailed (long) scoring, the
brief (short) scoring, and the brief (short) ranking. This consistent pattern indicates
that the information exerts a greater influence on the evaluation time in the ranking
process than in the scoring process, implying a potential moderating role of the

information on the relationship between the process and the evaluation duration.
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Duration
Information
Process | Short Long Total
Ranking | 7.08 9.79 8.44
Scoring 7.94 9.00 8.47
Total 7.51 9.40 8.50

Table 1-7:Average durations of evaluation (unit: minutes)

Information

Duration ===

Figure 1-4: A path-dependent model of evaluation accuracy

Motivated by these observations, this study proposes a path-dependent model
in which the evaluation accuracy (percentage of matches) is directly determined by
both the evaluation process and the time (duration) that the participants spend
evaluating the ideas, and the duration of evaluation in turn depends on both the
evaluation process and the information provided. The experimental results
summarized in Table 1-4 show that the information exerts no significant direct impact

on the evaluation accuracy?. Therefore, the direct impact of the information is

2 A model with information having a direct impact on accuracy was tested but was found to be not significant
and thus it is not included here.
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excluded. On the other hand, information may interact with process such that it will
produce a greater increase in duration in ranking than in scoring processes. Figure
1-4 describes the model.

To examine the validity of this model, a structured two-stage empirical model
was adopted to analyze the experimental data. In the first stage, the duration is
treated as the dependent variable, and information, process, and their interaction
term are independent variables. In the second stage, the predicted value of duration
from the first stage and the process are used as the predictors of the evaluation
accuracy. The two stages of analysis were conducted simultaneously as a system
of equations. The duration variable was normalized by taking its natural logarithm.
The evaluation accuracy is again measured by the percentage of matches for the

top two ideas. Table 1-8 summarizes the results of our empirical analysis.

First-stage eq: Second-stage eq:
Log Duration Percentage of Matches
b. s.e. b. s.e.
Independent variables: second stage
Log Duration 0.066** 0.025
Process 0.153*** 0.026
Independent variables: first stage
Process 0.163** 0.075
Information 0.355*** 0.075
Process x Information -0.231* 0.106
Constant 1.755%+* 0.053 0.106** 0.049
N 423 423
R-sq 0.058 0.091
F-value 8.5572 21.136
p-value 0.000 0.000

*** p-value<0.01, **p-value<0.05, *p-value<0.1. s.e: robust standard errors.

Table 1-8:Empirical tests for the path-dependent model
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In the first stage of analysis, significant effects of process, information and their
interaction term are found. The results demonstrate that providing additional
information increases the duration of idea evaluation. Additionally, information
negatively moderates the direct effect of evaluation process on duration. Specifically,
when detailed information is provided (information = 1), the ranking process takes
longer than the scoring process; however, when only brief information is provided
(information = 0), this effect is reversed. The results of the second-stage analysis
demonstrate the significant and positive influences of duration and process on the
evaluation accuracy. Overall, the results indicate a more intricate mechanism that
explains the experimental findings than the conventional perspective of information
processing theory. That is, information does not directly influence the evaluation
accuracy. Instead, increasing information load could increase the cognitive effort,
which in turn jointly influences the evaluation accuracy in combination with the

evaluation process.
1.8 Discussions and Implications

The results demonstrated that when eight ideas are evaluated, the scoring process
outperforms the ranking process in terms of the percentages of matches at both
aggregate and individual levels. However, when the number of ideas is reduced to
three, no significant difference was found between the ranking and scoring
processes. At an aggregated level, the scoring rule is found to extract better wisdom
of crowd from a relatively smaller group size while using the scoring rule to evaluate

ideas. The experimental results also suggest that providing additional information
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improves the efficacy of the ranking process but not that of the scoring process.
These results negate the prediction from the theoretical perspective of information
processing. To explain these experimental findings, this study proposed a path-
dependent model in which the duration of the evaluation plays a critical role, and the
data fit well with the theoretical model.

The results of this study have broad implications for both research and practice.
The success of open innovation depends on both generating and identifying ideas
with the greatest potential for the organization. Existing studies have extensively
examined the idea generation process, but there are few results regarding the
efficacies of idea evaluation processes. This study fills this academic void by
comparing two commonly employed idea evaluation processes or decision rules and
provides insights into how the efficacies of these processes are influenced by the
number of ideas to be evaluated and the amount of available information. From a
managerial perspective, this study provides guidance for the choice of idea
evaluation process. The results demonstrate that when there are many ideas to be
evaluated, letting reviewers rate each individual idea could lead to higher evaluation
accuracy than letting them rank all ideas together. However, when the number of
ideas is limited, for example, fewer than five, the process chosen for idea evaluation
may not matter. Further, at an aggregated level, the scoring process can enable
higher levels of accuracy with fewer participants as the scoring process is more
effective for evaluating ideas when there are several ideas to be evaluated.

The results provide experimental evidence that information may not exert a

direct effect on evaluation accuracy. Instead, information exerts an indirect effect by
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moderating the relationship between the evaluation process and the evaluation
outcome. When only a small amount of information is provided, the participants in
the scoring process spend longer time on average evaluating ideas than do those in
the ranking process. In this case, the participants in the ranking process are likely
using some simplifying strategies to denote each single piece of brief information
without fully incorporating them into the evaluation (e.g., Beach 1993). However, this
study suggests that when additional information about each idea is provided, the
participants find it difficult to simplify the information and increase their span of
attention to consider and incorporate such information into their evaluations, which
in turn increases the evaluation duration and accuracy.

Like any study, this study is subject to some limitations that create opportunities
for future research. The general shortcomings associated with controlled
experiments apply to this work. It could be interesting to empirically compare the
efficacies of different idea evaluation processes in a more “realistic’ setting.
Specifically, this study uses a benchmark based on the idea evaluation of an expert
panel which rated the ideas using a scoring scale (similar to the past studies in the
innovation and new product development space, for eg., Ozer, 2009, Girotra et al.
2010, Poetz and Schreier 2012, Kornish and Ulrich, 2014). Since this study is
comparing different decision rules, a valid argument could be that the superior
performance of the scoring rule might be due to some correlations between the
scoring scale used by both the expert panel and the subjects. This study in this
regard followed the methods of obtaining and validating the benchmark evaluation

as per extant research in the new product development space. Past studies have
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indicated that though novices have been consistently shown to fall prey to logical
fallacies, experts typically use heuristics that are designed to take advantage of
relevant information and information structures along with their experience to make
accurate decisions under environments characterized by uncertainty and limited
information (Montgomery & Lee, 2021). The argument here is that the experts with
their wide knowledge base and rich experience (domain, market, industry, etc) align
themselves with the decision-making environment (Gigerenzer, 1996; Hoffrage,
2019) by relying on the most valid cues and relevant information. Shanteau (1992,
p. 82) argues that "what novices lack is the experience or ability to separate relevant
information from irrelevant information sources. Thus, it is the type of information
used — relevant vs. irrelevant — that distinguishes between experts and others.”
Therefore, experts might be able to apply more accurate heuristics and outperform
other decision strategies (Gigerenzer et al., 1999; Todd & Gigerenzer, 2000). The
expert panel used in this study belong exclusively to the health-care industry,
recognized by the European Union, and are highly qualified and experienced (please
refer to Table 1-1) in the health-care domain. Thus, following the past studies in new
product development and the regulatory-view (Montgomery & Lee, 2021), | believe
that the chances of the results being fully driven by any correlations of scales is
limited, especially when experts are aligned and sensitive to the environmental
structures and the domain cues. However, an alternative test has not been
separately conducted to test this belief and hence this remains to be a limitation of
this study and turns out to be an important aspect to be tested for future studies.

Nevertheless, within the resources and framework of the study it is found that a major
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driver for the results here as indicated earlier is the cognitive load imposed by the
number of ideas. In addition to the additional experiment with fewer number of ideas,
a simple robustness analysis (shown in appendix A-2) indicate that the scoring rule
is likely to outperform the ranking rule when the number of ideas is greater than four.
However, when the number of ideas is reduced to four or below, the efficacies of the
two rules are likely to become equivalent. Also, this study only uses the top-most
ideas as per the rules of the extremes applicable to the innovation literature (Dahan
& Mendelson, 2001; Terwiesch and Ulrich, 2009) and does not use the other ideas
as such. A separate study could focus on the overall effectiveness of different scales
in an applicable context using different measures (for example, refer to Langville &

Meyer, 2012).

Theoretically, the results of this study suggest that in the idea evaluation
processes, the information is likely to be used as a cue to inducing cognitive efforts.
However, this effect is relatively weak in these experiments (p = 0.05), and thus we
must be cautiously aware of the limitations regarding the generalizability of this
result. More in-depth research could be conducted in the future to examine the
relationship between information and the evaluator's efforts as well as the
generalizability of this relationship in different settings. Additionally, it could be quite
relevant and interesting to explore the relative performance of additional evaluation
processes across multiple dimensions and categories of ideas. For example, how
the format in which the information is displayed (e.g., a structured table vs.

unstructured text) affects idea evaluations could be an interesting research question.
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2 Chapter 2: The Effectiveness of Ensembles of

Judgmental Forecasts in Times of change

2.1 Introduction

One of the critical challenges in managerial forecasting relates to the question of
how to efficiently adapt to structural breaks in time series environments (Giacomini
& Rossi, 2010). Structural breaks represent sudden, discontinuous changes (see for
instance Tian & Anderson, 2014; O'Connor, Remus & Griggs, 1993), which cause
upward or downward shifts in the mean of the data series. Such shifts can result
from a wide range of contextual factors such as technological disruptions, regulatory
changes, legislative interventions, natural disasters, etc (Pesaran, et al, 2006). For
example, the implications of the recent spread of the COVID-19 on economy and
business has been a topic of interest. A study conducted by McKinsey? has stressed
upon the sudden drop in economic growth predictions due to the pandemic and
further predicts the recovery of economic factors to follow a staggered muted pattern
and, on similar lines, OECD has seen the necessity to substantially downward-adjust
economic growth predictions for the year 2021 in order to account for sudden drops
in economic productivity, unexpected increases in unemployment as well as lack of
investor confidence (Boone, 2020; Boone, et al, 2020). Similarly, studies have

focused on the implications of changes in technology on market shifts (for example,

3 https://www.mckinsey.com/business-functions/strategy-and-corporate-finance/our-insights/the-coronavirus-effect-on-global-economic-sentiment#
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see National Research Council. Persistent Forecasting of Disruptive Technologies"
Report National Academies Press, 2010). These studies highlight that technology
changes are a ‘source of surprise’ and predicting the exact times of shift in demand
or forecasting demand under such scenarios remains a great challenge as there is
uncertainty in how a technology per se advances, how the regulatory bodies
influence the technology advancement, or how consumer preferences shape around

these changes, or factors which are ‘difficult to anticipate’.

From a scholarly perspective, structural breaks have frequently been studied in the
context of forecasting stock market returns (Paye & Timmermann, 2006), exchange
rates (Rossi, 2006), and other macroeconomic variables (Rossi, 2013). However,
their detection appears to represent a complex cognitive challenge as individuals
systematically under- and overreact to information signals. Forecasters are likely to
systematically underreact to forecast errors in relatively unstable environments but
overreact to errors in relatively stable environment (Kremer et al. 2011). Massey and
Wu (2005) argue that individuals primarily react to signals that are indicative of
change and only secondarily to the environmental system generating the signal. It is
also shown that there is an important systematic bias associated with individuals’
forecasts when time series undergo a structural change (O’Connor et al, 1997 and
1993; Lawrence & Makridakis, 1989). In particular, individuals under-forecast in
response to sudden upward shifts and over-forecast in response to sudden
downward shifts. For example, during the 1970s, when sudden oil price shocks led

to an unexpected increase in inflation, judgmental forecasts obtained through the
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Survey of Professional Forecasters (SPF) and Blue-Chip Economic Indicators (BCEI)
have been found to be systematically biased in that they consistently under-
forecasted inflation rates (Rossi & Sekhposyan 2016). During the 1980s and 1990s,
however, when a series of political interventions reduced inflation beyond
expectation, forecasting judgments from the same surveys were found to

consistently overestimate inflation rates.

Considering the notion that structural breaks are of importance in a variety of
different forecasting contexts as well as the increasing body of descriptive research
demonstrating that forecasting judgments are systematically biased in these
environments, prescriptive approaches that could potentially improve forecasting
performance remain largely unexplored. Specifically, while recent research has
proposed a few prescriptive aggregation rules that are intended to (at least partially)
compensate for judgmental biases in individual forecasts (e.g., Grushka-Cockayne
et al. 2017, Jose et al. 2014), these studies have so far focused on aggregating
forecasts in stationary environments. Addressing this limitation by studying the
effectiveness of aggregation rules in nonstationary forecasting environments lies at
the heart of this study. The objective of this study is threefold: First, to extend the
existing literature on forecast combinations by systematically studying the
performance of various aggregation rules in environments containing structural
breaks and demonstrate the limitations of commonly used aggregation rules under
the presence of systematic biases in such environments. Second, to propose an

aggregation rule (a novel form of asymmetric trimming) to minimize the impact of
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systematic biases on forecast aggregation. Finally, third, to prescribe a forecast
ensemble method to combine forecasts obtained from different forecast aggregation
rules to improve judgmental time series forecast performance in SB environments.
The purpose of the ensemble methods is to efficiently extract wisdom of the crowd
from a group of forecasters in environments where structural breaks can occur at
any point of time in the data series. This study shows that the ensemble method is
likely to compensate for the systematic biases frequently observed in judgmental
forecasts. The contribution of this essay therefore lies at the intersection of

behavioral and prescriptive decision theories.

In the past literature on judgment aggregation, simple averaging has frequently been
found to represent an effective means of combining forecasts (Makridakis & Winkler,
1983; Clemen, 1989; Armstrong, 1989; Armstrong, 2001; Thomson, et al, 2019).
However, if judgmental forecasts suffer from systematic biases, the benefits of
simple averaging may be dampened. This is because forecasting judgments that are
systematically biased towards same direction are less likely to bracket the true time
series value (Larrick & Soll, 2006). Recent studies have also proposed a symmetric
trimming methodology for improving the accuracy of aggregated forecasts
(Armstrong, 2001, Jose et al 2014). Symmetric trimming refers to the process of
truncating upper and lower extreme judgments within a group before averaging,
which has been shown to improve forecasting performance especially when the
variance of forecast judgments is large (Jose et al. 2014). However, in nonstationary

environments symmetric trimming may not prove to be as effective, because
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truncating a systematically biased opinion pool, potentially accurate judgments may
get unintentionally lost, which would subsequently result in a lower bracketing rate.
The extant literature does not address the issue of how to effectively aggregate
forecasting judgments in unstable time series environments. This essay aims to
propose an asymmetric trimming rule (analogical to the rule proposed by some
studies which focus on combine probability forecasts, for example, Gaba et al, 2017)
for coping with forecasting environments that are subject to mean shifts. Specifically,
the rule begins by ranking individual forecasts from smallest to largest and then
eliminates judgments from one side only to retain the most valuable instances of
bracketing. When judgmental forecasts are positively biased (i.e., when they under-
forecast the true value) due to an upward mean shift in the series, it is easy to see
that the lower extreme values will be less predictive in the aggregation process. In
this situation the trimming rule therefore suggests to asymmetrically truncate the
opinion pool on the left side. Throughout this essay, such a rule is referred to as the
left trim. In contrast, when judgmental forecasts are negatively biased (i.e., when
they over-forecast the true value) due to a downward mean shift in the series, it
would be valuable to asymmetrically trim only the highest values in the pool. Hence,
such a rule is referred to as the right trim. In sum, this study demonstrates that
symmetric trimming is preferable in stable environments, whereas left/right trimming
is preferable in unstable environments that contain upward/downward shifts in the

mean of the data series.
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In the context of these symmetric and asymmetric trimming rules, one critical
challenge is to decide on how the most beneficial trimming method should be chosen
in each period of the time series, particularly if the timing and type of structural break
is not known a prior. Armstrong (2001) argues that in environments that are
characterized by high levels of uncertainty, it is recommended to ensemble various
forecast methods. Consistent with this view, this essay proposes an ensemble
method that combines the three trimming rules by relying on a weighted sum (see
Figure 2-1). This study examines the efficiency of two alternative approaches to

deriving weighing schemes for such an ensemble method.

Symmetric trimmed Forecast, F* weight, W*
(No shift)
Ensemble approach
Left trimmed Forecast, F* weight, W& | EF Z wk gk
SRR k
(Upward shift) for k € (S, L, R)
(Uncertain environment)
g . z ; R
Right trimmed Forecast, F® weight, W
(Downward shift)

Figure 2-1: The Ensemble Method

The first approach (which is referred to as the “Break Judgment Ensemble”) exploits
information about forecasters’ subjective judgment regarding the occurrence of a
structural break. The judgmental forecasting literature has often highlighted human
judges’ diagnostic ability to detect systematic patterns in time series environments
(Lawrence, et al, 2006; Simon, 1990; Seifert et al. 2013). Here, the task of generating
a judgmental forecast is decomposed into two sub-tasks: (i) a diagnostic judgment if

a structural break has occurred in the most recent part of the time series (e.g. an
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upward mean shift, a downward mean shift or no mean shift) and (ii) a forecasting
judgment for the next period in the time series. A collective break perception of
judgments in the opinion pool can then be calculated as the proportion of forecasters
who share the same belief about the occurrence of a structural break. The Break
Judgment Ensemble method hence combines trimming rules by using collectively
held break perceptions as weights. In the second approach to derive weights for the
ensemble method (which is referred to as the “Past Performance Ensemble”), the
weights are derived from the ranked squared error performance of each trimming
rule in the prior period of the time series. In other words, the Past Performance
Ensemble assigns larger weights to those trimming rules, which led to smaller errors

in the past time-period.

To test the performance of the Past Performance and Break Judgment Ensemble
methods, an experimental study was conducted in which subjects provided
forecasting judgments for a wide range of artificially generated time series
environments containing structural breaks. In addition, real world data obtained from
the Survey of Professional Forecasters were used for testing the external validity of

the ensemble method.

In summary, this study finds that the proposed asymmetric trimming rule for forecast
aggregation is likely to compensate for systematic biases frequently observed in the
presence of structural breaks. Importantly, the proposed ensemble method
combining different forecast aggregation rules yields robust forecast performance

improvements in both, experimental set-up (in the range of 7-9 percent compare to
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commonly used forecast aggregation rules) and real-world time series (in the range

of 5-7 percent compare to commonly used forecast aggregation rules).

This study mainly aims to contribute to the forecast combination literature by
analyzing the effectiveness of different forecast combination methods under an
environment characterized by uncertainty which has been relatively unexplored in
the judgmental forecast combination research. This study aims to add to the body of
knowledge of the two streams of judgmental forecasting and forecast aggregation.
This study aims to bridge these two streams by demonstrating the impact of
systematic biases associated with time series characteristics contributing to
descriptive research and by proposing a valuable prescriptive rule (asymmetric
trimming) to combine forecasts by accounting for these systematic biases,
contributing to prescriptive research. This study further contributes to prescriptive
research by prescribing a forecast ensemble method to combine forecasts obtained
from different forecast aggregation rules to improve judgmental time series forecast
performance in environments characterized by structural shifts. Task decomposition
(in terms of obtaining break predictions) could be helpful in obtaining cues about the
direction of the series; however, a simple majority-based rule to aggregate the
judgments may not necessarily be that effective. From a methodological perspective,
this study incorporates sequential breaks or discontinuities in different possibilities,
and this has not been incorporated in earlier experimental designs. The proposed

prescriptive rule can overcome the practical difficulty of identifying super performers
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in a group based on post sample data and could be a potential alternative to

aggregate forecasts in practice.

2.2 Asymmetric Trimming and Ensemble Methodology

2.2.1 Judgmental Biases and Trimming Rules

Prior research suggests that forecasters frequently suffer from systematic biases
under unstable time series environments that contain structural breaks, (O’Connor,
et al, 1997; O’Connor, et al, 2001). Specifically, several studies have found that
forecasters respond to sudden upward shifts in the mean of a time series with a
positive judgmental bias. That is, they are likely to under-forecast by providing point
estimates that are lower than the true value. In contrast, forecasters are likely to
exhibit a negative judgmental bias when the mean of the time series shifts
downwards. That is, individuals are likely to over-forecast the true value in response
to such shifts (Lawrence & Makridakis, 1989; O’Connor et al, 1993; O’Connor et al
1997). Furthermore, research (for example, Kim, et al, 2001; Rossi, et al, 2016) also
suggests that structural breaks tend to have a sustained effect on forecasting
performance as the judgmental bias remains observable even several periods after

the occurrence of the break.

One of the widely discussed reasons for systematic biases are found to be in
anchoring and adjustment heuristics (Tversky & Kahnemen, 1974). In practice,
forecasters may underweight new information, be over influenced by their past
forecasts and/or actual realized values or most recent consensus forecasts,

overweight random variations, etc. (Batchelor & Dua, 1992; Campbell & Sharpe,

65



2009; Ichiue & Yuyama, 2009; Fujiwara, et al, 2013). It is also found that forecasters
often do not like to make large and sudden adjustments to their past forecasts in
order to maintain consistency of reputation and therefore tend to make slow and
smoothened adjustments to meet their rational expectations (Campbell & Sharpe,

2009; Nakazono, 2012; Chang & Chou, 2016).

In stationary time series environments, a large body of literature has focused on the
role of forecast combinations to improve predictive performance. Previous studies
have often highlighted the crucial role of diversity when aggregating judgments
(Makridakis & Winkler, 1983; Clemen, 1989; Armstrong, 1989; Armstrong, 2001;
Lichtendahl et al, 2013). The notion of diversity is based on the idea that diverse
opinions held by group members will result in an increase in the likelihood that true

values will be bracketed (Larrick and Soll, 2006; Hong & Page, 2012).

While simple averaging has often been shown to be effective in stable environments,
Budescu and Chen (2015) propose a model that distributes weights proportional to
the individual performance of forecasters such that it assigns larger weights to group
members whose judgment result in small forecast errors. Other studies have
proposed forecast trimming of opinion pools as viable approaches for improving
predictive accuracy. Trimming is particularly valuable when the variance of
judgments in an opinion pool is high, as it reduces the effect of extreme views held
by individual forecasters in the group (Jose, et al, 2014; Grushka-Cockayne, et al,

2017).
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While the aggregation methods mentioned above have been proven to work
efficiently in stationary, stable time series environments, it remains unclear to what
extent they can improve the predictive accuracy of judgmental forecasts in unstable
environments containing structural breaks. Since individuals are likely to suffer from
systematic biases when detecting the occurrence of structural breaks, a simple
average or a symmetrically trimmed average would yield limited benefits as it may
lead to a potential loss of less biased individual forecasts that would prove useful in
the aggregation process. In other words, systematic biases in forecasts are likely to
reduce the effectiveness of bracketing (in forecast aggregation) and hence impede

the benefits of prescriptive models suggested by the extant literature.

2.2.2 Overview of Trimming Rules

This section provides a general intuition regarding the underlying mechanics of
trimming. Let us consider a time series with a structural break that shifts the mean
of the series upwards. Moreover, consider that forecasters observing this time series
exhibit a positive bias in their judgmental predictions (i.e. under-forecast values).
Now suppose the true value in period t is A; = 120, and the opinion pool X, consists
of five individual judgments regarding 4; , i.e. =[70,90,105,120,125] (Figure 2-2). A
simple average of the five individual forecasts is X, = 102 and exhibits a judgmental
bias of b, =18 (i.e., A, — X; ). When applying a symmetric trimming rule by excluding
one value from both extremes and averaging the remaining values in the opinion
pool, the trimmed mean would be now elevated to F¥ = 105, while exhibiting a

smaller bias of b7 = 15. Note that in this chosen under-forecasting scenario,
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symmetric trimming reduces the number of bracketing instances by eliminating the
highest judgment in the opinion pool, even though the symmetrically trimmed mean
appears closer to the true value A; than the simple average X;. In other words, when
forecasts are systematically biased, symmetric trimming may lead to the loss of
valuable information contained in the opinion pool. In consequence, this study
proposes an asymmetric trimming rule, which truncates the forecast aggregated by
eliminating the least valuable forecast judgments from one side while retaining the
valuable instances of bracketing on the other side. In the above-mentioned example,
extreme values at the lower end of the range are less valuable in the aggregation
process and thus the two lowest judgments in the opinion pool should be trimmed#
to yield an asymmetrically trimmed forecast of F} = 117; which results in a smaller

error than the symmetric trimming method.

Symmetric Trim Asymmetric Trim
F/C1=125  —— Fec1=12s P Fc1=125 ~ ——
Max Value
F/C2=120 ——— — —— — ——— —
Actual (120) Actual (120) Actual (120)
F/C3=105 —_— — e
F/C4=90 o o F/C4=90 e
Min Value 2
F/C5=70 S F/C5=70 e F/C5=70 ¢
/ Min Value Min Value 1
Simple Average = 102 Symmetric Trim Average = 105 Asymmetric Trim Average= 117

* F/C - Forecast

Figure 2-2: Comparing trimming rules in a positively biased forecasting scenario
(under-forecast)

4two values are chosen in order to be consistent with the trim-size used in the earlier case
of symmetric trimming.
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Similarly, suppose the time series contains a structural break, which shifts the mean
of the series downwards as well as judgments in the opinion pool exhibit a negative
bias (i.e., over-forecast). Furthermore, consider that A, =80 and XX =
[75,80,90,105,120] (Figure 2-3). Applying symmetric trimming by excluding one
value from both extremes (i.e., the minimum and the maximum) would result in a
trimmed estimate FS =92. It could be seen that in this over-forecasting scenario, the
process of symmetric trimming reduces the number of bracketing instances by
eliminating the lowest extreme forecast. Instead, an asymmetric trimming rule can
be used to retain these lowest forecasts. Thus, asymmetric trimming would truncate
the opinion pool by eliminating the two highest extreme forecasts and yield a forecast

of F® = 82, which results in a smaller squared error than the symmetrically trimmed

estimate.
Symmetric Trim Asymmetric Trim
FC1=120 —— Flc1z120 -9 Fc1=120 -
Max Value Max Value 1
F/C2=105 —_— _ F/C2=105 ¢
Max Value 2
F/C3=90 S = P
F/C4=80 —  — - o— —  —
Actual (80) Actual (80) Actual (80)
F/C5=75 —_ F/C5=75 - - F/C5=75 SH—
/ Min Value
Simple Average =94 Symmetric Trim Average =92 Asymmetric Trim Average = 82
*F/C - Forecast

Figure 2-3: Comparing trimming rules in a negatively biased forecasting scenario
(over-forecasting)

The two examples demonstrate the value of asymmetric trimming when judgmental

forecasts suffer from systematic biases. This study proposes that in situations where
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under-forecasting is prevalent, asymmetrically trimming the lowest judgments in the
opinion pool (left trim) will improve forecasting performance. Likewise, in situations
where over-forecasting is prevalent, asymmetrically trimming the highest judgments
in the opinion pool (right trim) will improve predictive performance. While earlier
studies have highlighted the benefits of symmetric trimming in situations where the
variance of individual judgments in a group is high (Armstrong, 2001), this study
argues that this will hold true only in stable, stationary time series environments.
However, in unstable environments that are likely to contain structural breaks and in
which judgmental forecasts are systematically biased, asymmetric trimming

improves forecasting performance of aggregated forecasts.

2.2.3 Ensemble Forecast

Prior research has indicated that judgmental forecasting biases are directly related
to the characteristics of the time series (O’Connor, et al, 1997; O’Connor, et al, 2001).
The bias is likely to be positive for upward shift in the mean of the time series and
negative for downward shifts. Moreover, there appears to be no systematic bias
when the time series is stationary and does not contain any structural breaks. Thus,
the use of the right aggregation rule (symmetric, left or right trim) at each period in
the time series plays a critical role for improving judgmental forecast performance.
However, when the time series contains structural discontinuities, it becomes
extremely difficult to predict the occurrence and type of shifts. Various studies
(Hendry & Clements, 2004; Diebold & Shin, 2019; Atiya, 2020) argue that in

environments surrounded by high uncertainty, it is recommended to combine
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different forecasts. An ensemble forecast is likely to increase the instances of
bracketing of the true value (Larrick & Soll, 2006) so that the combined error will

invariably be lower than the forecast error resulting from individual judgments alone.

As mentioned earlier, when there is evidence of systematic under- or over-
forecasting, asymmetric trimming is likely to be beneficial, whereas symmetric
trimming is likely to lead to superior predictive performance in stable segments of
the time series. This essay proposes a methodology to ensemble forecasts that

dynamically adapts to the characteristics of the data series at each time period.

Consider an opinion pool consisting of n judgmental forecasts. Denote the i-th order
statistic of the forecasts for time period t as X(i),. The symmetric trimming method
estimates the simple average of the experts’ forecasts after trimming away m/2 of
the lowest and m/2 of the highest judgments, where 1 < m < n represents an
arbitrarily predetermined trim size. The symmetrically trimmed forecast is therefore

n-m/2

given by F7 = ﬁzhm/z“)((i)t- The left trim forecast is denoted by the simple
average of the expert’s forecasts after trimming away the m lowest forecast values,
ie., Ft = ﬁ i1 X (D). Likewise, the right trim forecast represents the mean
judgment after removing the m highest judgments in the opinion pool, i.e., Ff =

ﬁZ?;lmX(i)t. The ensemble forecast then combines these three forecasts

Fkderived from different trimming rules k = {S, L, R} with their respective weights W}*

EF, = Zk Wthtk1
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where ¥, W} = 1 for a given t. This section will further explain the two proposed
alternative approaches for assigning weights Wk.: Break Judgment Ensemble and
Past Performance Ensemble. Break Judgment Ensemble relies on the use of
empirically elicited judgments regarding the occurrence of a structural break in the
time series in period t, whereas Past Performance Ensemble derives Wk

deterministically from past forecast error performance in time-period t — 1.
Break Judgment Ensemble

Decomposing the judgmental forecasting task into a set of simple and less
cognitively demanding tasks can improve the accuracy of forecasts (Lawerence, at
al 2006; Lee & Siemsen, 2017). Extant studies suggest the benefits of task
decomposition and have found decomposed judgmental forecasting tasks to be
more accurate compared to obtaining forecast from a single direct step (Edmundson,
1990; Armstrong & Collopy, 1993; Webby, et al, 2005). Detecting the occurrence of
structural breaks represents an important task in forecasting time series
characterized by structural breaks (Rossi, 2012) and it is found that human
judgments possess some diagnostic skills to effectively anticipate change (Lawrence,
1983; Edmundson, et al, 1988; Goodwin, 2007; Seifert & Hadida, 2013; Mortiz, et al,
2014). Therefore, it is proposed here to decompose the task of generating
judgmental forecasts into two sub-tasks: (i) a subjective assessment regarding the
perceived occurrence of a structural break, and (ii) the judgmental forecast of the

target event in time-period t + 1.
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For the elicitation of subjective break predictions, suppose that forecasters observe
the time series including the most recent value A;_; and provide a judgment
regarding the occurrence of three possible types of movements, i.e., a stationary
continuation of the previous series (“no shift”), an upward movement of the mean
value underlying the time series (“upward shift”) or a downward movement of the
mean value underlying the time series (“downward shift’). A collective break
perception of the opinion pool can then be calculated as the proportion of forecasters
who choose each movement option. This aggregated break prediction is used as an
informative cue for inferring the directionality of the bias in the aggregated forecast.
Based on the earlier discussion, we know that upward shifts are associated with
under-forecasting and downward shifts are associated with over-forecasting. If the
aggregated break prediction is indicative of a perceived upward shift in the time
series (i.e., the proportion of subjects who indicate an upward shift is high), then it is
likely that the judgments in the opinion pool suffer from a positive bias and, hence,

left trimming would be preferred (upward shift — left trim). Analogously, if the

aggregated break predictions are indicative of a perceived downward shift in the time
series, it is likely that judgments in the opinion pool exhibit a negative bias and, thus,

right trimming would be preferable (downward shift — left trim). Lastly, if the

aggregated break prediction does not indicate any structural break, symmetric

trimming would yield superior performance (no shift = symmetric trim). Therefore,

this study proposes the use of an ensemble of different trimming rules k = {S, L, R}
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employing the empirical break predictions as weights for the respective trimming rule.

The Break Judgment Ensemble forecast is given by:
EFPP = ¥ WEFE,

where W2, WE and WR represent the proportion of forecasters who indicate no shift,

upward shift, and downward shift, respectively.
Past Performance Ensemble

In the second approach, an ensemble mechanism based on the performance of
different trimming rules in the most recent time-period is proposed. Previous studies
have relied on past predictive performance to aggregate different forecasting models
(Hall and Mitchell, 2007; Jore et al., 2010; Wallis, 2011). In particular, forecast
aggregation weights have been derived by measuring the squared forecast errors of
different forecast models (Bates & Granger, 1969; Stock & Watson, 2004; Aiolfi &
Timmermann, 2006). In the context of judgmental forecasts under structural breaks,
this study proposes the Past Performance Ensemble method to ensemble different
trimming rules k = {S,L,R} by using the ‘prior’ ranked squared error performance of

the trimming rules as weights. The ensemble forecast is therefore given by:
EFfE = ¥ WEF

Where,
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Here A,_; denotes the actual observed value in period t — 1. The Past Performance
Ensemble aims at minimizing the overall error of the aggregated forecast and thus
assigns the highest weight to the trimming rule with the minimum squared error in

t—1.

2.3 Experimental Study

To test the performance of the Break Judgment Ensemble and Past Performance
Ensemble methods, an experimental study was designed and conducted in which
subjects provided forecasting judgments for a wide range of artificially generated
time series environments containing structural breaks. The following section

provides a detailed description of the study.

2.3.1 Data

The experimental design was inspired by the forecasting tasks in O’Connor et al.
(1997) and O’Connor et al. (1993). The study began by generating time series with
four different base levels (85, 90, 100 and 105) and a standard deviation of sd=5.
Each time series contained up to two structural breaks, which shifted the base value
of the series either upwards or downwards by 20 units. Each time series was
decomposed into 4 segments with different sequence of shifts in the series (e.g.,
“flat” — “up” — “flat” — “down”). Following this logic, the study consisted of six different

sequences of time series, which contained either two upward shifts, two downward
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shifts, an upward shift followed by a downward shift, a downward shift followed by
an upward shift, only one upward shift or only one downward shift. Figure 2-4
illustrates two examples of the types of time series employed. Consistent with the
randomization strategies used in earlier studies (O’Connor, et al, 1997; O’Connor,
et al, 1993), one of the four different base levels was selected as the starting point
for each subject (Ver. 1 to 4 in Figure 2-5). Each subject then continued with a time-

series sequence as described in the four versions in Figure 2-5.

Each time series segment can be described as follows:

Segment 1: A stationary time series for the initial 20 periods was displayed in the
segment 1, which did not contain any structural breaks and was generated with one
of the four predetermined base values. Segment 1 was employed to enable subjects
to learn about the general characteristics of the series and no forecasts were elicited

in this segment.

Segment 2: This segment represented a stationary continuation of the same mean
level, in which subjects were required to provide forecasts in every fourth period

during periods 21 to 32.

Segment 3: The first structural break was introduced in segment 3, which lasted from
period 33 to 48. The break was positioned in various, randomly selected time periods
such that the forecaster began by providing forecasts for the series for at least two
time periods and then observed a mean shift of the series. The occurrences of shifts

were randomized in different series that a forecaster would work on so that the
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occurrences of the breaks are not similar and predictable across all the series.

Forecasters were required to provide forecasts every fourth period.

Segment 4: Depending on the type of the time series, this segment (periods 52 to
70) did or did not exhibit a second structural break in the continuation of the series.
Thus, there were either two similar types of structural breaks in segment 3 and
segment 4 (either two sequential upward or two sequential downward breaks) or two
different structural breaks in segment three and segment four (upward-downward or
downward-upward). In the case where no additional structural break was introduced
in segment 4, the series from the end of segment 3 remained stationary until the end

of segment 4. Forecasters continued to provide forecasts every fourth period.

FFUU - Sample Time Series FFUD - Sample Time Series

1 5 9 13 17 21 25 29 33 37 41 45 49 53 57 61 65 1 5 9 13 17 21 25 29 33 37 41 45 49 53 57 61 65

Time Period Time Period

Figure 2-4: Example time series employed in the experiment
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Series 1 Series 2 Series 3 Series 4 Series 5§ Series 6

. F-F-U-U |[F-F-U-p |[F-F-U-F |[F-F-D-D |[F-F-D-U |[F-F-D-F

Ver-1 | pace -100 units || Base-85 units Base -90 units Base -105 units || Base -100 units Base -85 units
F-F-U-D F-F-D-U F-F-U-U F-F-U-F |[F-F-D-F F-F-D-D

Ver.2 | Base-90 units Base -85units Base -85 units Base -105 units || Base -90 units Base -100 units

| R = ]

Vver.3 |F-F-U-F F-F-U-D F-F-D-F F-F-D-U F-F-U-U F-F-D-D
Base-100 units Base -105units Base -105 units || Base -90 units Base -90 units Base -85units

~ [r-F-p-p |[F-F-u-F |[F-F-u-D |[F-F-u-u |[F-F-D-F |[F-F-D-U

Ver. 4 Base-100 units Base -105units Base -105 units Base -90 units Base -90 units Base -85units

Legend: F ~ Flat; U -~ Up; D - Down

Figure 2-5: Overview of data simulation versions used in the experimental study

2.3.2 Forecasting Task
All series were displayed graphically to the subjects. After presenting the first
segment, subjects observed the series progressing over time and provided the

following judgments:

a) Break prediction - subjects’ perception regarding the occurrence of a
structural break during the last 4 observations, which was measured as a
categorical variable with three possible options (no structural break, upward
mean shift, downward mean shift).

b) Point forecast — subjects provided a single point estimate for t+1.

c) Prediction interval —subjects estimated lower and upper bounds of a 90

percent prediction interval.

In total, each subject provided forecasting judgments for all six time series
sequences. Subjects were instructed that each series may or may not contain any
number of structural breaks at unknown time periods and that one of the important

tasks for them was to pay attention to such shifts and detect them while they perform
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the forecasting task. The average time taken to provide all judgments was about 40
minutes. At the end of each time series sequence, subjects were provided with
feedback on their performance. In particular, they observed the actual time series
values in both graphical and tabular form as the series developed over time and were
provided information on their performance in terms of mean absolute percentage

error (MAPE).

2.3.3 Subjects

The forecasting task was implemented in Qualtrics using java-script and the subjects
for the study were recruited on Amazon Mechanical Turk. Eighty-four (84) subjects
(53 percent female and the average age was 34 years) were recruited for this
experimental study. A few studies (e.g., Paolacci et al. 2010; Rand 2012; Paolacci
and Chandler 2014; Lee et al. 2018) have addressed potential concerns regarding
the data quality provided by participants in web-based experiments and have
recently demonstrated that empirical findings obtained from such online platforms
generally tend to be reliable. The subjects were provided with detailed instructions
including examples and illustrations of the forecasting task®, the process of providing
forecasting judgments as well as descriptions of the terminologies used.
Furthermore, subjects began by going through a practice exercise with a sample
series lasting for two periods, which was used to familiarize themselves with the
forecasting task. The participants were also able to see their performance in terms

of MAPE at the end of the practice session. Afterwards, the actual forecasting task

*Study materials can be found in the appendix B-1
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was initiated. Subjects were remunerated for the participation, and they were also
incentivized for their performance based on their forecast accuracy. The participants
earned $0.50 for their participation and could earn up to $2.00 extra based on their

performance. The average pay-off per subject was $ 1.85

2.4 Data Analysis

To start with, a behavioral analysis of judgmental forecasting performance in
response to structural breaks in time series data was conducted by looking into the

following:

a) Average bias, representing the mean value of the difference between the
actual value of the time series and the point forecast.
b) A classification matrix, showing the frequencies of correct versus incorrect

break perception judgments.

| next analyze the prescriptive performance of the proposed ensemble methods
outlined in section 2. The analysis uses the Mean Absolute Percentage Error
(MAPE), which represents the average absolute difference between the true value
and the forecast as a percentage of the actual value, to measure the forecast
performance. In terms of group size, extant research has recommended to
aggregate forecasts of between five to nine judges as larger opinion pools only
marginally improve forecast performance (Gaba, et al, 2017; Jose & Winkler, 2008;
Lawrence et al. 2006). The opinion pool used in the main analysis consists of n =9

judges. Consistent with the trimming percentage recommended by extant studies
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(Yaniv 1997; Armstrong, 2001; Hendry & Clements, 2004; Yaniv 2004), this study
utilizes a trim size of m = 2 prior to aggregating forecast judgments.® Further, 1000
opinion pools were randomly sampled from the data set and the next section reports
the MAPE for all the aggregation rules and the proposed ensemble methods. The
performance of the Break Judgment and Past Performance Ensembles were then
compared to the following alternative aggregation rules: (i) simple averaging, (ii)

symmetric trimming, and (iii) the two asymmetric trimming rules separately.

2.5 Results

2.5.1 Behavioral Biases

As expected, individual forecasts were positively biased in segments subsequent to
upward mean shifts with a mean bias of b = 12.27 units (se= 0.33) and negatively
biased in segments subsequent to observing a downward mean shift, (b =
—13.59,se = 0.36). Hence, the data from this study confirms to a forecasters’
tendency to under-forecast in response to an upward shift and over-forecast in
response to a downward shift in the mean of the time series. An example of the bias
observed in upward and downward shifts from one of our series is illustrated in
Figure 2-6, which shows mean forecasts across all subjects. Here, the bias is
depicted by the difference in the actual (solid line) and the average forecast (dotted
line). Consistent with extant research, this study shows that prior instabilities in the

time series systematically influences judgmental performance (O’Connor, et al,

5 Different sizes for the opinion pool (n = 7 and n = 11) as well as different trim sizes (m = 1 and 2) were also
used, and qualitatively consistent results were obtained
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1993; O’'Connor, et al, 1997). The findings are also consistent with empirical studies
in the domain of macroeconomic forecasting (see, for instance, Rossi, et al., 2016)
as we see prior instabilities systematically influencing the bias of future forecasts.
While judgmental forecasts generated in segments preceding structural breaks were
also suffering from judgmental biases, they did so to a much smaller magnitude with
a mean of -1.31 (se = 0.33). Overall, the presence of systematic judgmental biases
in the data seems to support the notion that asymmetric trimming may prove to be a

valuable tool for improving combined forecast performance.

120

= actual
===» Forecast
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95+
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Figure 2-6: Bias in the form of under forecast and over forecast in a series with one
upward shift and a downward shift from our study

Table 2-1 shows the accuracy of break perception judgments. Given that the
response scale consisted of three categorical levels, by chance we would expect the

classification accuracy displayed on the diagonal of Table 1 to be 1/3. A Chi-square
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test indicates that judgments for upward and downward shifts are significantly
different from 1/3 (p<0.01), suggesting that subjects systematically detected
structural breaks better than by chance. Furthermore, it is observed that forecasters
show a tendency of being hyper-vigilant since the rate at which subjects incorrectly
judged the occurrence of a structural break was relatively high (66%). A considerable
number of forecasters detected either upward or downward shift when there actually
was none. This is in line with prior studies suggesting that forecasters are likely to
overreact in their judgments (hyper vigilant behavior) as they have difficulties
disentangling randomness from systematic change (O’Connor, et al, 1993). Also, a
considerable number of forecasters did not detect a shift when there actually was
one (29% for upward shift and 28% for downward shift) or even detected a shift in
the opposite direction (29% for upward shift and 31% for downward shift). However,

the majority of subjects (41% -42%) detected the correct direction when there is a

shift.
Actual Event

No Upward | Downward

Shift Shift Shift
No Shift 1694 123 116
(34%) (29%) (28%)
Predicted | Upward 1654 175 132
Event | Shift (33%) (42%) (31%)
Downward 1670 122 172
Shift (33%) (29%) (41%)
Total 5018 | 420 420

Table 2-1: Empirical Break Detection Accuracy
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2.5.2 Prescriptive Performance

Next, the MAPE for the two proposed ensemble methods as well as simple
averaging, symmetric trim method, and each of the trimming methods alone were
compared. Table 2-2 provides an overview of the forecast performance measure
(MAPE) for all the six different series. Paired t-test comparisons between all
forecasting methods reveal that the Past Performance Ensemble outperforms all
other aggregation rules. The Past Performance Ensemble yields a nine percent
lower MAPE compared to that of the simple averaging (p<0.01), an eight percent
lower MAPE relative to the symmetric trimming (p<0.01), and finally a seven percent

improvement (p<0.01) in MAPE relative to the Break Judgment Ensemble approach.

Forecast Method | Pre-Break Segment | Post-Break Segment | Overall
Simple Averaging | 0.1223 0.1959 0.1692
(0.0043) (0.0043) (0.0038)
Symmetric 0.1304 0.1880 0.1667
Trimming (0.0046) (0.0041) (0.0038)
(Asymmetric) Left | 0.1400 0.2195 0.1921
Trim (0.0052) (0.0059) (0.0051)
(Asymmetric) 0.1346 0.1873 0.1672
Right Trim (0.0040) (0.0032) (0.0030)
Break Perception | 0.1292 0.1853 0.1648
Ensemble (0.0043) (0.0039) (0.0037)
Past Performance | 0.1022 0.1620 0.1533
Ensemble (0.0038) (0.0041) (0.0035)

Table 2-2: Mean values of MAPE for different aggregation rules and Forecast
Ensemble
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Table 2-2 also illustrates that in the segment prior to the structural break,
symmetrically trimmed forecasts outperformed left trim forecasts (p<0.01). However,
there is no significant difference between symmetrically trimmed forecasts and the
right trim approach, which may be related to the fact that judgments in the pre-break
segment exhibited on average a marginally negative bias. In sum, these findings
demonstrate the benefits of symmetric trimming for time series which are relatively
stable. In the pre-break segment, the Past Performance Ensemble outperforms
simple averaging (p<0.01), symmetrically trimming (p<0.01) and the Break
Perception Ensemble (p<0.01). In post-break segments, the Past Performance
Ensemble outperforms simple averaging (p<0.01), symmetric trimming (p<0.01) and
the break perception ensemble (p<0.01). The Break Perception Ensemble, in turn,
also performs better than simple averaging (p<0.01) (2 percent improvement) and
symmetric trimming (p<0.01) (1 percent improvement). To sum up the key findings,
the results indicate the Past Performance Ensemble to outperform all other
aggregated forecasts in terms of MAPE across segments as it successfully
leverages the benefits of symmetric trimming during stable time-period segments

and the benefits of asymmetric trimming during post-break segments.

Further analysis looked at differences in forecast accuracy across different mean-

shift patterns (Table 2-3).
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Forecast FFUU FFUD FFUF FFDD FFDU FFDF
Aggregation
Approach
Simple 0.1017 0.1430 0.1086 0.2782 0.1787 0.2052
Averaging
(0.0037) | (0.0031) | (0.0044) | (0.0145) | (0.0019) | (0.0073)
Symmetric 0.0984 0.1388 0.1033 0.2781 0.1882 0.1934
trimming
(0.0035) | (0.0027) | (0.0041) | (0.0141) | (0.0022) | (0.0072)
Left Trim 0.0836 0.1649 0.0907 0.3330 0.1888 0.2914
(0.0029) | (0.0049) | (0.0029) | (0.0172) | (0.0021) | (0.0093)
Right Trim 0.1325 0.1371 0.1477 0.2390 0.2037 0.1434
(0.0041) | (0.0039) | (0.0063) | (0.0112) | (0.0020) | (0.0055)
Break 0.0952 0.1475 0.1051 0.2737 0.1853 0.1821
Perception
(0.0036) | (0.0033) | (0.0042) | (0.0135) | (0.0021) | (0.0066)
Ensemble
Past 0.0981 0.1191 0.0869 0.2589 0.1825 0.1745
Performance
(0.0030) | (0.0024) | (0.0024) | (0.0135) | (0.0026) | (0.0063)
Ensemble

Table 2-3: Mean values of MAPE for different forecast methods — series-wise

results

Consecutive similar mean shifts: Table 2-3 indicates that for the series with two

consecutive similar shifts (i.e., FFUU and FFDD), the respective asymmetric

trimming rules (left and right) provides value. The appropriate asymmetric trimming

rule (left trim for consecutive upward shifts and right trim for the consecutive
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downward shifts) works the best (p<0.01) as the forecast bias is systematically one-

sided (positive for upward shifts and negative for downward shifts).

Single mean shift: For the series with a single mean upward shift (FFUF), the left
trim rule performs better than both simple averaging (p<0.01) and symmetric
trimming (p<0.01). The Past Performance Ensemble outperforms the left trim
approach. This can be attributed to the longer flat segments in this type of series and
the appropriate use of the benefits of symmetric trimming. For the series with single
mean downward shift (FFDF), the right trim rule performs the best compared to all
other rules and ensembles (p<0.01). This could be attributed to the large negative
bias (a mean value of -12.61 and a std. error of 0.93) associated with this series.
This series had a negative bias across both the pre break and post break segments.
Hence the right trim rule remains to be superior. The Past Performance Ensemble
outperforms all the other aggregation rules (simple averaging, symmetric trimming,
and the left trim) and the Break Judgment Ensemble (p<0.01). Overall, the benefits

of both left and right trimming approaches in the respective cases is evident.

Consecutive different mean shifts: While forecasts for the series FFUD are on an
average negatively biased for both the pre-break segment (b = —3.08, se = 0.88)
and for the fourth segment, i.e., the segment post the downward mean shift (b =
—11.26,se = 0.83), the forecasts for the time series segment post the upward break
exhibit a positive bias (b = 10.60,se = 0.77). We can observe an overall marginally
better performance of the right trimming over simple averaging (p<0.05) and no
significant difference between right trimming and the symmetric trimming rules.
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However, the Past Performance Ensemble again clearly outperforms all other
aggregation rules (p<0.01). When considering forecasts for the FFDU series, a
negative bias is observed for the segment post the downward mean shift (b =
—13.66,se = 0.87) and a positive bias is observed for the segment post the upward
mean shift (b = 10.00,se = 0.77). However, the segment before the occurrence of a
shift is relatively unbiased (b = —0.61, se = 0.72). Though both ensemble methods
perform better than the symmetric trimming rule (p<0.01), there is no significant
difference with respect to the simple averaging rule. To sum up, the Past
Performance Ensemble offers a robust mechanism for improving forecast
performance in various time series contexts that are characterized by structural
discontinuities, particularly when the direction of structural breaks is mixed and

reversed.

Overall, the experimental study demonstrates the systematic under-forecasting and
over-forecasting biases associated with upward and downward structural shifts in
time series. Though the asymmetric trimming rule (left and right) would yield
improvements in forecast performance under biased conditions (positive and
negative), using these trimming rules appropriately is a challenge as the break
occurrence is uncertain in terms of its timing and frequency. The proposed Past
Performance Ensemble addresses this challenge by offering an approach that is
intuitively appealing and simple to implement. Also, the Break Perception Ensemble
does not perform as well as the Past Performance Ensemble and this could possibly

be attributed to the subjects’ tendency to overreact to perceived breaks and make
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inaccurate break perception judgments, affecting the weighting-scheme. | explore
other approaches to elicit break occurrence judgments in the third essay of this

dissertation.

2.5.3 Prediction Interval Accuracy

Though this study focusses on the forecast performance in terms of MAPE, since
the subjects had provided interval forecasts as well along with the point forecasts,
prediction interval forecast performance was computed based on the Hit Ratio. Hit
Ratio was computed as follows: when the predicted judgmental interval includes the
actual time series value, it is considered as a hit and then the mean hit rate for the
different heuristic methods was calculated. Higher hit rates are desirable. The
analysis revealed that the Past Performance Ensemble consistently performs better
than the simple averaging and the symmetric trimming rules by an average of 12
percent (p<0.01). The Break Judgment Ensemble model also performs better than
both the simple averaging and the symmetric trimming models by 4 percent (p<0.01).
Here again, the Past Performance Ensemble approach yields better improvement in

the interval forecast performance compared to all other prescriptive rules.

2.6 Robustness Check with Real-World Time Series

In order to test the performance of the Past Performance Ensemble method beyond
artificially generated time series data, this section aims to employ the forecast
aggregation rules and ensemble on publicly available real world data sets from the
U.S Federal Reserve Bank of Philadelphia’s survey of Professional Forecasters (US
SPF).
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Past studies (for example Stock & Watson, 1996; Pesaran, et al, 2006; Pesaran, et
al 2013; Rossi, 2013) have studied the impact of structural breaks on different macro-
economic variables spanning different time series properties. In this study, on similar
lines, | selected a diverse set of target variables to capture a broad range of different
time series properties that could differ in terms of the frequency of structural shifts,
trends, etc. Further, the time series of each of the variable selected was subject to
the Bai-Perron test (Bai & Perron, 1998; Bai & Perron, 2003) to test the presence of
structural breaks. The results of the Bai-Perron test indicated occurrence of multiple
structural breaks across all the time series used here. This led to using 16 different
macro-economic variables’. It can be observed that the time series are characterized
by multiple upward and downward breaks and are also characterized by different

time series properties such as trends and variance®.

This study uses the US SPF survey quarterly forecast data which contains individual
forecasting judgments for different quarters with number of forecasters participating
in the forecasting activity varying in each quarter. Forecasters in SPF provide

judgments regarding four consecutive quarters in each forecast-period and the

7 Real GDP (RGDP), Real Personal Consumption Expenditures (RCONSUM), Real Federal Government Consumption and
Gross Investment (RFEDGOV), Real Non-residential Fixed Investment (RNRESIN), Nominal Corporate Profit (CPROFIT),
Real Net Export (REXP), Real Change in Private Inventories (RCBI), three-month Treasury bill rate (T-bill), 10-year Treasury
Bond Rate (TBOND), Unemployment Rate (UNEMP), Nonfarm Payroll Employment (EMP) , Nominal GDP (NGDP), Real
Residential Fixed Investment (RRESINV), GDP Price Index (PGDP), Average Level of Housing Starts (HOUSING), and
Average Level of the Index of Industrial Production (INDPROD). Time series graphs with an indication of the occurrence of
structural breaks for all variables are included in the appendix B-2.

8 Tests for homogeneity of variance across segments were conducted for all time series using Brown-Forsythe tests on the
residuals obtained from the respective time series regression models. This indicated that five variables (RGDP, RCONSUM,
RFEDGOV, RNRESIN, and CPROFIT) had homogenous variance across segments (similar to the experimental set-up). These
variables also had at least two or more segments with mean shifts without any trends. The other variables had varying time
series properties (upward and downward trends) quite different from the experimental set-up and were also subject to non-
homogeneous variances across segment (time series analysis for RCBI, TBOND, TBILL, UNEMP, EMP and HOUSING
variables indicated significant ARCH effect indicating conditional heteroskedasticity and high volatility).
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analysis here uses the forecast provided for the next immediate quarter from the
forecast period for the analysis. Thus, each time-period t refers to a quarter during a
given year. For the analyses, | use forecasting judgments provided for the next
immediate quarter during a given time period. For each variable, 100 opinion pools
were randomly formed, with the pool size of n = 9 judgments and compared the
performance of the Past Performance Ensemble with the previously used
benchmark methods. The chosen trim size was 2, as in the experimental study. Note
that the Break Perception Ensemble is not relevant here because the SPF data does

not include break perception judgments.

Results

Table 2-4 reports the MAPE for different aggregation methods for all the variables.
Paired-samples t-test shows that the Past Performance Ensemble consistently
outperforms (p<0.01) simple averaging, symmetric trimming, and the asymmetric
trimming rules® (In the case of PGDP, the Past Performance Ensemble outperforms
the symmetric trim, p<0.05). The proposed Past Performance Ensemblel® yields an
improvement in the range of 2 to 7 percent over the simple averaging and symmetric

trimming rules. Table 2-4 also includes a time series statistical model forecast.

9 There is no significant difference between Past Performance Ensemble and left trimming for RCONSUM, a series which
contains sequential upward shifts over time and the asymmetric right trim rule yields the lower MAPE (p<0.01) for four variables
(PGDP, RCBI, T-Bill and T-Bond) than the Past Performance Ensemble forecasts; these four time-series are characterized by
multiple sequential down-shifts and this may lead to consistent under-forecasting and thereby the right trim may have an
advantage .

10 The Past Performance Ensemble forecasts were also computed by varying the time-windows (2 and 3 quarters) for the
past forecast squared error weight calculations. The results remain qualitatively similar.

1 The SPSS Expert Modeler (which choses the best model among different exponential smoothening and ARIMA models)
was used to generate the time series model forecasts for each time-period progressively to generate forecast for every
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Here it is observed that the performance of the Past Performance Ensemble is not
significantly different from that of the statistical model forecast for eight variables
(RFEDGOV RCONSUM, REXP, PGDP, UNEMP, TBILL, RCBI and HOUSING).
However, the statistical model forecast yields better MAPE performance for the other

remaining variables.

Past Time Series
Simple
Performance | Model
Averagin | Symmetric | Left Right
Forecast
Variables g Trimming Trim Trim Ensemble
0.0305 0.0305 0.0304 0.0309 0.0295 0.0120
RGDP (0.0004) (0.0004) (0.0004) | (0.0004) (0.0004) (0.0025)
0.0151 0.0152 0.0149 0.0157 0.0148 0.0128
RCONSUM | (0.0003) (0.0002) (0.0002) | (0.0003) (0.0002) (0.0022)
0.0265 0.0269 0.0271 0.0283 0.0261 0.0248
RFEDGOV | (0.0004) (0.0004) (0.0004) | (0.0005) (0.0004) (0.0040)
0.0368 0.0368 0.0377 0.0372 0.0359 0.0286
RNRESIN (0.0004) (0.0004) (0.0004) | (0.0004) (0.0004) (0.0041)
0.0844 0.0839 0.0919 0.0851 0.0777 0.0567
CPROFIT (0.0007) (0.0007) (0.0009) | (0.0007) (0.0007) (0.0084)
0.1548 0.1578 0.1622 0.1637 0.1520 0.0728
REXP (0.0018) (0.0018) (0.0016) | (0.0022) (0.0018) (0.0071)

subsequent period. Since statistical models needs some data to initiate the model, the first 15 observations in each time series
were used to initiate the model.
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0.0079 | 0.0082 0.0566

0.0075 0.0075 0.0074
(0.0000 | (0.0000 (0.0090)

NGDP (0.00007) | (0.00007) 7) 8) (0.00007)
0.0487 0.0479 0.0507 | 0.0489 0.0453 0.03516
RRESINV | (0.0005) | (0.0005) | (0.0005) | (0.0005) | (0.0004) (0.0053)
0.0149 0.0148 0.0155 | 0.0146 0.0147 0.0123
PGDP (0.0003) | (0.0003) | (0.0003) | (0.0003) | (0.0003) (0.0029)
0.0477 0.0480 0.0492 | 0.0476 0.0468 0.0188
INDPROD | (0.0007) | (0.0007) | (0.0007) | (0.0007) | (0.0007) (0.0030)
0.0414 0.0409 0.0512 | 0.0389 0.0372 0.0307
UNEMP (0.0002) | (0.0002) | (0.0002) | (0.0003) | (0.0002) (0.0017)
0.6247 0.5238 0.8965 | 0.3671 0.4373 0.3741
T-Bill (0.0135) | (0.0113) | (0.0196) | (0.0075) |  (0.0096) (0.0798)
1.5351 1.5423 2.031 | 1.1342 1.3527 2.2516
RCBI (0.0309) | (0.0305) | (0.0437) | (0.0196) | (0.0253) (0.7361)
0.0045 | 0.0049 0.0015

0.0047 0.0045 0.0042
(0.0000 | (0.0000 (0.0003)

EMP (0.00005) | (0.00005) 6) 5) (0.00005)
0.1425 0.1406 0.1693 | 0.1264 0.1371 0.1194
TBOND (0.0017) | (0.0017) | (0.0019) | (0.0016) | (0.0016) (0.0099)
0.0916 0.0903 0.1025 | 0.0912 0.0841 0.0784
HOUSING | (0.0006) | (0.0006) | (0.0007) | (0.0005) | (0.0005) (0.0053)

Table 2-4: Mean values of MAPE for different aggregation rules and Forecast
Ensemble (Real-world time-series)
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Overall, it is observed that the Past Performance Ensemble consistently outperforms
the symmetric trimming and simple averaging rules in the real-world time series
characterized by structural breaks. These findings, therefore, generally demonstrate
the robust performance of the Past Performance Ensemble and further highlights
that the proposed ensemble method may indeed prove to be a valuable in real world

applications.

2.7 Discussion

This chapter studies the performance of judgmental forecasts in time series
environments involving structural breaks. To start with, an experimental study relying
on artificially generated data was conducted. This study revealed those behavioral
biases that forecasters are likely to exhibit subsequent to the occurrence of upward
or downward shifts in the mean of the data series. To overcome such biases, | then
proposed a novel judgment aggregation rule (asymmetric trimming) and further
proposed two forecast ensembles that differed with regards to the criterion used for
dynamically adapting aggregation rules to the properties of the forecasting
environment. Finally, a series of real-world data contexts was used in order to test
the robustness of the key findings. Forecasters systematically under-forecasted after
observing structural breaks shifting the mean of the series upwards and over-
forecasted when the structural break shifted the time series mean downwards.
Asymmetric trimming rule is a useful means to counteract this bias while aggregating
forecasts. Further the asymmetric trimming rule is particularly useful when being

used as part of a Past Performance Ensemble, which identifies the most effective
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trimming rule based on minimizing trimming errors on the most recent observations

in the time series.

This study contributes to the descriptive research in judgmental forecasting literature
to point out potential biases in forecasting time series characterized by uncertainty
and structural shifts and demonstrate the presence of systematic biases in the form
of under and over forecasting. Such systematic bias reduces the number of
bracketing instances in forecast combination and thereby affects the benefits of
aggregation. It could be seen that symmetric trimming in such biased situations often
leads to the loss of valuable forecast values. This study also contributes to
prescriptive research by proposing a novel forecast aggregation rule — the
asymmetric trimming rule by highlighting the usefulness of the asymmetric trimming
rule in retaining the most valuable forecasts while aggregating forecasts which are
subject to systematic biases. This study further makes contribution to the prescriptive
research in the area of forecast combination of judgmental forecasting by proposing
a robust forecast ensemble approach to derive the benefits of different aggregation-
trim rules. Though the use of judgmental break predictions obtained from the
forecasters to combine different trimmed forecasts yielded improvements in forecast
performance, the accuracy of the judgmental break predictions was found to be
relatively low, and this may be the reason for only marginal improvements in the
forecast performance of the Break Judgment Ensemble. Nevertheless, the Past

Performance Ensemble method employing past forecast errors as weights to
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combine the forecasts consistently outperforms both symmetric trimming and simple

mean approach to forecast aggregation.

This study mainly contributes to the forecast combination literature by analyzing the
effectiveness of different forecast combination methods under an environment
characterized by unknown mean shifts which has been relatively unexplored in the
forecast combination research. This study aims to bridge the two streams of
judgmental forecasting and forecast aggregation by demonstrating the impact of
systematic biases associated with time series characteristics on the aggregation
process and prescribe a valuable ensemble mechanism to combine forecasts by
addressing the potential pitfalls of the existing aggregation rules under structural
shifts. The proposed forecast ensemble provides a means to enhance the use of
existing symmetric trimming heuristic. It is also seen that task decomposition (in
terms of obtaining break predictions) does not necessarily help in reducing the
hyper-vigilant behaviour observed in earlier judgmental forecasting studies. From a
methodological perspective, this study incorporates sequential breaks or
discontinuities in different possibilities, and this has not been incorporated in earlier
experimental designs. From a managerial perspective, the prescriptive forecast
ensemble can overcome the practical difficulty of identifying super performers in a
group based on post sample data and thus could be a potential valuable mechanism
to aggregate forecasts in practice. Further, the Past Performance Ensemble lays out
a mechanism that could be used as the basis of a machine learning-based algorithm

for generating adaptive forecasts in environments where judgments are common.
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This study is also subject to some limitations. The break prediction accuracy in the
experimental study was quite low. Some studies in the past (for example, Matyas &
Greenwood, 1990; Harvey, et al, 2017; Speekenbrik, et al, 2012) have observed high
levels of false alarms (like the hyper-vigilant behavior observed in this study) in the
prediction of structural shifts in time series. These studies point out that when the
time series is difficult (with high autocorrelation), forecasters tend to relax their
decision criteria in favour of change. Further, here, a simple majority-based
aggregation approach is employed to extract ‘wisdom of crowd’ while using the break
predictions. Recent research (for example, Prelec, 2017; Palley & Soll, 2018) has
highlighted the potential flaw in such an approach in shared information contexts. In
this study it was seen that some forecasters were exceptionally good, and some
were extremely bad in predicting breaks along with some moderately performing
individuals. The context of forecasting is characterised by information being shared
by many people and in such contexts the underperformance of majority opinion is
not necessarily because of a completely uniformed panel (Prelec, 2017). The simple
majority method of extracting the wisdom of crowd may not be effective in this
situation and there is some potential to use recent approaches such as surprisingly
popular algorithm (Prelec, 2017) and pivoting (Palley & Soll, 2018). The next chapter

aims to investigate this topic further.

In conclusion, in a world with constant change, understanding how to efficiently
generate forecasts is of critical importance to organizations. This study offers

insights on some of the behavioral biases and associated pitfalls, and further,
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proposes a potential prescriptive mechanism to overcome such pitfalls and improve

forecast performance over time.
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3 Chapter 3: Leveraging Task Decomposition in

Judgmental Time Series Forecast Aggregation

3.1 Introduction

This essay continues to draw upon the judgmental forecasting literature to study the
relatively unexplored area of aggregation of time series forecasts under an
environment characterized by structural change and uncertainty. The experimental
study in chapter two has demonstrated the presence of systematic biases under the
influence of structural breaks in time series, and chapter two has further detailed the
ramifications of such biases in forecast aggregation leading to the underperformance
of commonly used aggregation rules. The chapter 2 further highlights the benefits of
asymmetric trimming by demonstrating how such a trimming approach retains the
most valuable forecasts in the aggregation process. However, how to make use of
the asymmetrically trimmed forecasts remains an interesting question. As indicated
in the earlier study, eliciting human judgments about the qualitative nature of the time
series, and aggregating those judgments could be a useful method to effectively use

the asymmetrically trimmed forecasts.

This chapter further expands on the use of human judgments in forecast aggregation
by conducting two studies to elicit human judgments about the qualitative nature of
the time series. The first study elicits probability judgments about the occurrence of
a break during a forecasting period from the subjects. Specifically, the task of eliciting

the break judgments was decomposed by asking the subjects to estimate the
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chances that the series in the most recent period to their forecasting period had
shifted upward, downward, or not shifted and these probability judgments were
averaged to form the weights to ensemble different trimmed forecasts. This study
also tests all the prescriptive aggregation rules used in the earlier study under a time
series forecasting scenario characterized by three consecutive breaks. In the second
study, unlike the majority-based aggregation as in the first approach (and, also the
break judgment ensemble approach used in chapter 2), a different aggregation
approach, known as the Surprisingly Popular Algorithm (SPA) (Prelec, et al, 2017)
is employed to develop an ensemble of the different trimmed forecasts. Although the
aggregated qualitative judgments about the series in terms of the forecasters’
perception about break or shift occurrence were used as a cue to combine different
trimmed forecasts, it was observed that a majority-based aggregation rule might be
less effective and just lead to low to moderate prediction accuracies. The forecasters
show a tendency of being hyper-vigilant and hunting for discontinuities and patterns
evident by the high rate (about 66 percent) of misclassification of non-breaks as
breaks. Such behaviors have been found in earlier studies (for eg., O’Connor et al,
1993) where forecasters seem to find it difficult to differentiate between randomness
and structural shifts. It is interesting to note that in the study under chapter two, while
a few forecasters have been found to be exceptionally good at predicting the time
series behavior many are quite inaccurate at the task. Such variances have existed
in some of the earlier studies (eg., O’ Connor, 1993) as well reflective of shared
information contexts such as forecasting. The benefit of aggregation is limited by

correlation of judgment errors (Clemen & Winkler, 1985) and the benefits of
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averaging informative shared judgments is limited because the individuals in the
group tend to repeat the same information. Under a systematically biased situation
such as the one caused by the structural shifts in time series as shown in chapter
two, we plausibly face a similar ‘shared information problem’ (Palley & Soll, 2019).
The context of forecasting is characterized by information being shared by many
people and in such contexts the underperformance of majority opinion is not
necessarily because of a completely uniformed panel but due to a flawed method of
majority-based aggregation method (Prelec, et al, 2017). The second study in this
chapter thus proposes to apply a judgment aggregation method recently proposed
by Prelec, et al (2017) known as the ‘Surprisingly Popular Algorithm’ (SPA) to the

judgmental forecasting context.

Extant research has emphasized that breaking down the judgmental forecasting task
structure into a set of simple tasks can improve forecast performance (Lawerence,
et al, 2006; Seifert & Hadida, 2013). Armstrong (2001) suggests the benefits of task
decomposition and a few other studies (such as Webby, et al, 2005; Armstrong &
Collopy, 1993; Edmundson, 1990) have found decomposed judgmental forecasting
tasks to be more accurate relative to holistic forecasting tasks. Further, it is seen that
forecasting performance is improved in time series characterized by disturbances
and breaks when the task is decomposed to gather judgments separately about
special events or the causal factors (Edmundson et al, 1988; Webby, et al, 2005).
Therefore, collecting information about shifts in the form of the forecaster’s

perception about the movement of the time series might be valuable especially, in
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time series environments characterized by structural breaks. In the study in chapter
two, it was seen that task decomposition and using the additional information on
break perceptions were useful, although the accuracy of the aggregated judgments
was relatively low. Therefore, study 1 in this essay details the break elicitation
process to improve the performance of judgmental break ensemble forecasts. The
break judgment elicitation process is further detailed by seeking probability
associated with the different choices associated with a mean shift. This study tests
if these detailed probability judgments could improve the forecast performance of the

judgmental ensemble forecasts.

Study 2 in this essay, introduces an alternative elicitation procedure as suggested
by Prelec (2004) wherein, in addition to providing their own judgments, the subject
also makes a prediction of others’ response. In the context of forecasting under
discontinuities, the forecasting task is decomposed by gathering information on the
forecaster’s perception about the movement of the time series (similar to the earlier
study in chapter 2), and further by supplementing this question by seeking the
forecaster’s guess about how other forecasters might respond to the same question.
Prelec, et al, (2017) introduced an algorithm, (which they termed, the Surprisingly
Popular Algorithm) for aggregating judgments after eliciting judgments using this
alternative method. The surprisingly popular algorithm selects the choice that gains
more support (in the actual world) than the predicted. By employing this alternative

elicitation and aggregation method, this study aims to improve the collective wisdom
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about the time series characteristic. Such aggregated break predictions are further

used as a cue to combine different trimmed forecasts.

Results from the study 1 here further adds on to the robustness of the Past
Performance Ensemble approach. In support of the findings in chapter 2, the Past
Performance Ensemble yields consistent performance improvements compared to
all other aggregation rules in a time series environment characterized by three
consecutive breaks as well. Though one of the objectives of study 1 was to improve
the performance of Break Judgment Ensemble by using the detailed probability
judgments, the results from the study 1 here indicates that the detailed probability
elicitations with respect to the break judgments do not necessarily improve the
performance of the Break Judgment Ensemble. Similar to the results in the study in
chapter 2, the performance of the Break Judgment Ensemble continues to be inferior
to the proposed Past Performance Ensemble. The Past Performance Ensemble
continues to deliver robust forecast performance. The task of eliciting detailed
probability judgements associated with different break choices might have been

cognitively more demanding.

Results from the study 2 show that the proposed ensemble based on the Surprisingly
Popular Algorithm (Break Judgment Ensemble-SPA), improves the ensemble
forecast accuracy - yielding 14 percent improvement in MAPE than simple average
forecasts and 4 percent improvement in MAPE than the symmetrically trimmed
forecasts. The Past Performance Ensemble continues to yield the lowest MAPE and

remains consistent and robust in its performance across all the studies. Study 2

103



improves the Break Judgment Ensemble (an ensemble approach using the break
perceptions as a cue to weigh different trimmed forecasts) by using the SPA to

extract collective wisdom of forecasters about break occurrence.

Overall, this chapter contributes to prescriptive research by improving the proposed
Break Judgment Ensemble and also by demonstrating the robust performance of the
proposed Past Performance Ensemble method under forecasting environments
subject to structural mean shifts. The application of the SPA so far has been mainly
in contexts in which the correct answers are already established (factual propositions
such as state capitals, etc.) and there is a need to test the potential application of
the SPA in situations such as forecasting and predictions where the true answer (or
true value) is in principle not known at the time of the prediction or when the decision
is being made (Lee, Daneilko & Vi 2018). A few studies (for example, Lee, Daneilko
& Vi 2018; Rutchick, et al, 2020) have found the SPA to be effective in sports
predictions and emphasizes that more studies need to explore the performance of
the SPA under different conditions and prediction contexts. In line with this call, this
chapter tests the application of SPA in the area of judgmental forecasting and
contributes to descriptive research by demonstrating the use of SPA in distilling

crowd wisdom pertaining to prediction of unknown time series patterns.

3.2 Study 1: Detailed Break-Probability Elicitation

From the experimental study in chapter 2 it was observed that Past Performance
Ensemble yields consistent performance improvements relative to the other
aggregation methods. However, the Break Judgment Ensemble method is never the
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best in terms of MAPE performance. This study aims to further test the performance
of the ensemble methods under three consecutive structural breaks and further,
aims to improve the Break Judgment Ensemble method by eliciting detailed

probability judgments about any potential shifts in the time series.

Different to the earlier study, in this study probability judgments about the occurrence
of a break during a forecasting period were elicited from the subjects. Specifically,
the task of eliciting the break judgments is decomposed by asking the subjects to
estimate the chances that the series in the most recent period to their forecasting
period had shifted upward, downward, or not shifted. Therefore, average judgmental
probabilities for these three options (no shift, upward shift, and downward shift) are
used as the weights -W/ for the different trim forecast in the Break Judgment

Ensemble.

An experimental study was designed in which subjects provided forecasting
judgments for a wide range of artificially generated time series environments
containing structural breaks. The following section provides a detailed description of

this study.

3.2.1 Data

This study began by generating time series with three different base levels (100,
105, and 110) and a standard deviation of sd = 5 . Each time series contained three
structural breaks which shifted the base value of the series either upwards or

downwards. In this study, the base value of the series was shifted by different
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magnitudes of 25 units, 20 units and 15 units and the participants were randomly
assigned to one of these three mean shifts. Each time series was decomposed into
four segments, which were used to manipulate the sequence of movements in the
series (e.g., “flat” - “up” — “down” — “up”). Figure 3-1 illustrates two examples of the
types of time series employed. Three structural breaks were introduced in each
series with the first segment being the flat segment. Following this logic, eight
different sequences of time series were created, which contained three sequential
upward shifts, three sequential downward shifts, two upward shifts followed by a
downward shift, two downward shifts followed by an upward shift, one upward shift
followed by two downward shifts, one downward shift followed by two upward shifts,
or two different alternating upward and downward shifts. Each of these eight series
were generated with the three different base values mentioned above. These 24-
time series (eight combinations of shifts, each with three different base values) were
randomly arranged in six different sequences (versions) with each sequence
encompassing of four series, as shown in figure 3-2. All the three magnitudes of

mean shifts had a similar setup.

Each time series segment can be described as follows:

Segment 1: A stationary time series for the initial 20 periods was displayed in the
segment 1, which did not contain any structural breaks and was generated with one
of the three predetermined base values. Segment 1 was employed to enable
subjects to learn about the general characteristics of the series and no forecasting

task was required in this segment.

106



Segment 2, 3 and 4: The first structural break was introduced in segment 2. The
break was positioned in various, randomly selected time periods such that the
forecaster began by providing forecasts for the series for at least one time-period
and then observed a mean shift of the series. The occurrences of shifts were
randomized in different series so that the occurrences of the breaks are not similar
and predictable across all the series. Forecasters were required to provide forecasts
every fourth period. The segments 3 and 4 consisted of the second and the third
structural breaks, respectively. The occurrence of the shift was randomized in these

segments as well.

FUUU - Time Series FUDU - Time Series

oo el

Figure 3-1: Example time series employed in study 1
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Ver.

Ver.

Ver.

Ver.

Ver.

Ver.

(7]

Series 1

Series 2

Series 3

Series 4

F-U-U-U
Base -100 units

F-U-U-D
Base-110 units

F-U-D-D
Base -100 units

F-U-D-U
Base -105 units

F-D-D-D
Base-110 units

F-D-D-U
Base -105units

F-D-U-U
Base -100 units

F-D-U-D
Base -105 units

F-U-U-D
Base-105 units

F-U-D-D
Base-110 units

F-U-D-U
Base-100 units

F-U-U-U
Base -110 units

F-D-D-U
Base-110 units

F-D-U-U
Base -105units

F-D-U-D
Base -100 units

F-U-U-D
Base -100 units

F-D-U-U
Base-110 units

F-D-D-D
Base -105units

F-U-U-U
Base -105 units

F-D-D-U
Base -100 units

F-U-D-D
Base-105 units

F-U-D-U
Base -110units

F-D-D-D
Base -100 units

F-D-U-D
Base -110 units

Mean shift Magnitudes of 25, 20 and 15 units

Legend: F —Flat; U—-Up; D - Down

Figure 3-2: Time series sequences used in study 1

3.2.2 Forecasting Task

All time-series were displayed graphically to the subjects. After presenting the first

segment, subjects observed the series progressing over time and provided the

following judgments:

a) Break prediction - subjects’ perception regarding the occurrence of a

structural break during the most recent observations. This was captured as
the probability of occurrence of an upward shift, a downward shift or a no shift.
The subjects used a slider bar or entered the values between 0 and 100 for
the three options (upward / Downward / no — shift). The probability values for

the three options were forced to a sum of 100 percent.
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b) Point forecast — subjects provided a single point estimate for t+1.

In total, each subject provided forecasting judgments for all four time series
sequences. Subjects were instructed that each series may or may not contain any
number of structural breaks at unknown time periods and that one of the important
tasks for them was to pay attention to such shifts and detect them while they perform
the forecasting task. The average time taken to provide all judgments was about 37
minutes. At the end of each time series sequence, subjects were provided with
feedback on their performance. In particular, they observed the actual time series
values in both graphical and tabular form as the series developed over time and were
provided information on their performance in terms of mean absolute percentage

error (MAPE).

3.2.3 Subjects

The forecasting task was implemented in Qualtrics using java-script and subjects
were recruited on Amazon Mechanical Turk. A total of 539 subjects (41 percent
female and the average age was 40 years) were recruited for this study across all
the three mean shifts (magnitude 25, 20 and 15 units). The subjects were provided
with detailed instructions including examples and illustrations of the forecasting task,
the process of providing forecasting judgments as well as descriptions of the
terminologies used. This was followed up with the subjects going through a set of
guestions to ensure that they understood the terminologies used in the task.
Furthermore, the subjects also completed a practice exercise with a sample series

lasting for two forecasting periods to familiarize themselves with the task. Subjects
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were remunerated for their participation, and they were also incentivized for their
performance based on their forecast accuracy. The participants earned $1.00 for
their participation and could earn up to $3.00 extra based on their performance. The

average pay-off per subject was $ 2.10.

3.2.4 Results

This section provides an overview of the behavioral biases observed in this study
and further compares the MAPE performance for the different prescriptive rules and
ensemble methods. The opinion pool used in the main analysis here consists of n =
9 judges. Consistent with the trimming percentage utilized in the past studies, a trim
size of m = 2 was utilized prior to aggregating forecast judgments.'? A random

sample of 1000 opinion pools from the data set was used for MAPE comparisons.

3.2.4.1 Behavioral Biases

Similar to the findings in the study in chapter 2, the individual forecasts were found
to be positively biased in segments subsequent to upward mean shifts and
negatively biased in segments subsequent to observing a downward mean shift for
all the three different magnitudes of mean shifts. A mean bias of b = 11.58 units
(se= 0.51), b = 8.85 units (se= 0.48), and b = 9.71 units (se= 0.39) was observed
in segments subsequent to an upward shift in the three different treatments of mean
shift of 25 units, 20 units and 15 units respectively. A mean bias of b = —11.37 units

(se= 0.50), b = —4.28 units (se= 0.40), and b = —1.83 units (se= 0.31) was

12 The analysis was carried out using different sizes for the opinion pool (n =7 and n = 11) as well as for different trim
sizes (m = 1 and 2) and qualitatively consistent results were obtained.
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observed in segments subsequent to a downward shift for the three different
magnitudinal shifts of 25 units, 20 units and 15 units respectively. Hence, consistent
evidence on forecasters’ tendency to under-forecast in response to an upward shift
and over-forecast in response to a downward shift in the mean of the time series
were found in this study as well. The segments preceding the structural breaks had
a bias close to zero (mean bias of b = 0.35 units; se= 0.55; b = —1.05 units; se=
0.59; b = 1.11 units; se= 0.58). Overall, the presence of systematic judgmental
biases in the data supports the arguments presented in chapter 2 that asymmetric
trimming may prove to be a valuable tool for improving aggregated forecast

performance.

In this experimental setup, subjects provided break detection judgments by providing
the percentage chances associated with the occurrence of the three possible events
in the most recent periods of the time series: no mean shift, upward shift, or

downward shift.

Table 3-1 summarizes the accuracy of break perception judgments by displaying
mean probability judgments provided by subjects). Though the break (both upward
and downward) prediction accuracy is better than randomness (p<0.01), forecasters
again show a tendency of being hyper-vigilant since the rate at which subjects
incorrectly judged the occurrence of a structural break was relatively high (above 70

percent across all the three treatments).
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Actual Event
Mean Shift Magnitude - . Upward | Downward
. No Shift . _
25 units Shift Shift
No Shift 28.21% | 21.83% 25.85%
' Upward
Predicted .
Shift 37.38% | 47.30% 30.25%
Event
Downward
Shift 34.41% | 30.87% 43.90%
Total 100.00% | 100.00% 100.00%

Table 3-1: Break Detection Accuracy!?

3.2.4.2 Prescriptive Performance

Next, this section compares the performance of the two ensemble methods (Break
Judgment Ensemble and Past Performance Ensemble) to simple averaging and
each of the trimming rules. Table 3-2 provides an overview of forecast performance
for all the eight series. Paired t-test comparisons reveal that the Past Performance
Ensemble yet again outperforms all other rules. Consistent with the study in chapter
2, the Past Performance Ensemble yields lower MAPE compared to simple
averaging (p<0.01) (32 percent improvement), and a lower MAPE relative to
symmetric trimming (p<0.01) (11 percent improvement). The Past Performance
Ensemble also yields a lower MAPE relative to the Break Perception Ensemble
(p<0.01). Table 3-1 also illustrates that in the pre-break segment, symmetric
trimming outperformed both the left and right trim forecasts (p<0.01). Overall, the

Past Performance Ensemble outperforms simple averaging (p<0.01), symmetric

13 The break prediction accuracy is qualitatively similar in both the other treatments with 20- and 15-
units magnitude-shifts and the same is provided in Appendix C.
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trimming (p<0.01) and the Break Perception Ensemble (p<0.01). The Past
Performance Ensemble yields robust performance improvements under different
magnitudes of mean shifts. However, while the Break Perception Ensemble
performs better than simple averaging (p<0.01), it yields higher MAPE in comparison

to the symmetric trimming rule.

Mean Shift Magnitude - 25 units

Forecast Aggregation | Pre-Break | Post-Break
Approach Segment Segment Overall
. _ 0.0550 0.1482 0.1507
Simple Averaging
(0.0012) (0.0030) (0.0037)
S 0.0479 0.1148 0.1155
Symmetric trimming
(0.0010) (0.0020) (0.0025)
. 0.0769 0.2063 0.1962
Left Trim
(0.0018) (0.0058) (0.0069)
. . 0.0791 0.1348 0.1417
Right Trim
(0.0017) (0.0019) (0.0019)
Break Perception 0.0545 0.1312 0.1322
Ensemble (0.0012) (0.0025) (0.0030)
Past Performance 0.0374 0.1027 0.1025
Ensemble (0.0012) (0.0014) (0.0015)

Table 3-2: Mean values of MAPE for different aggregation approaches'4

To sum up the key findings, the detailed probability elicitations does not improve the
Break Judgment Ensemble approach. The performance of the Break Judgment

Ensemble is inferior to both Past Performance Ensemble and symmetric trim

14 These results are for trim size of 2 and the results for trim size 1 is qualitatively similar. Results
are qualitatively similar for mean-shifts of 20 and 15 and these are provided in Appendix C.
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approaches. This study finds that the Past Performance Ensemble appears to be

robust across segments as this approach leverages the benefits of symmetric

trimming during relatively stable time-period segments as well as the benefits of

asymmetric trimming to overcome potential biases found in the periods subsequent

to the occurrence of structural breaks.

Mean Shift Magnitude - 25 units

Forecast
Aggregation

Approach FUUU FUUD FUDD FUDU FDDD FDDU FDUU FDUD
Simple 0.1070 | 0.0921 | 0.1484 | 0.0850 | 0.3840 | 0.1757 | 0.0971 | 0.1165
Averaging (0.0047) | (0.0036) | (0.0048) | (0.0019) | (0.0150) | (0.0047) | (0.0019) | (0.0023)
Symmetric 0.0830 | 0.0801 | 0.1307 | 0.0764 | 0.2995 | 0.1268 | 0.0954 | 0.0989
trimming (0.0045) | (0.0033) | (0.0061) | (0.0023) | (0.1360) | (0.0026) | (0.0018) | (0.0021)
Left Trim 0.0469 | 0.0706 | 0.1063 | 0.0913 | 0.6483 | 0.3047 | 0.1167 | 0.1848

(0.0016) | (0.0015) | (0.0034) | (0.0019)) | (0.0257) | (0.0105) | (0.0041) | (0.0047)
Right Trim 0.1915 | 0.1624 | 0.1895 | 0.1128 | 0.1323 | 0.1190 | 0.1327 | 0.0886
(0.0076) | (0.0069) | (0.0062) | (0.0034) | (0.0027) | (0.0027) | (0.0029) | (0.0019)
Break
Perception 0.0954 | 0.0798 | 0.1365 | 0.0813 | 0.3181 | 0.1493 | 0.0902 | 0.1071
Ensemble (0.0046) | (0.0028) | (0.0049) | (0.0020) | (0.0123) | (0.0033) | (0.0015) | (0.0025)
Past
Performance | 0.0627 | 0.0752 | 0.1084 | 0.0726 | 0.1817 | 0.1235 | 0.0905 | 0.1001
Ensemble (0.0023) | (0.0029) | (0.0041) | (0.0021) | (0.0037) | (0.0022) | (0.0019) | (0.0017)

Table 3-3: Mean values of MAPE for different aggregation approaches across

different series

Table 3-3 offers a summary decomposed into the eight different time series

segments. When examining forecasting behavior in consecutive time series
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segments that are associated with the same mean shift (i.e., FUUU and FDDD),
asymmetric trimming yields the lowest MAPE (p<0.01) and the Past Performance
Ensemble outperforms the other aggregation methods by leveraging the respective
asymmetric trims appropriately. We can observe that in series with alternating
upward and downward shifts (i.e., FUDU and FDUD) the Past Performance
Ensemble takes advantage of both left and right trim approaches. As a result, it yields
better performance (p<0.01) than other aggregation rules for FUDU and FDUD
(there is no significant difference between the Past Performance Ensemble and
symmetric trimming rule for FDUD). The sequence of shifts has an impact on the
bias — similar consecutive shifts tend to sustain and increase the bias in the same
direction. For example, for FUUD, we observe a mean bias of b = 13.2 (se = 1.41)
post the first break and a mean bias of b = 21.8 (se =2.51) post the second break
and finally after the third break in the opposite direction, the bias tends to move in
the opposite direction (with a mean bias not significantly different from zero, b =
3.06; se = 1.58). A similar pattern is observed in the reverse direction with the FDDU
series and also with series with different order of break sequences like FUDD and
FDUU. We can therefore see that the left trim rule (as an example for series FUUD)
and the right trim rule (as an example, for series FDDU) yield value in these
respective cases. We can further note that the Past Performance Ensemble!® quite

aptly leverages these asymmetric trim forecasts to account for such variations in

15 past Performance Ensemble performs the best (P<0.01) compared to the simple averaging,
symmetric and both the asymmetric trimming rules for FDUU and yields the second-best
performance to the right trim (p<0.05) for FUDD.

115



break sequences to yield better forecast performance compared to that of the

commonly used simple averaging and symmetric trimming aggregation rules.

Overall, the study concurs with the observations from the study in chapter 2. This
study re-emphasises the benefits associated with all the three trimming approaches
(left, right and symmetric) depending on the shifts and the bias associated with the
forecasts. Though the Break Judgment Ensemble provides consistent improvement
in forecast performance compared to the simple averaging approach, its
performance is inferior to both symmetric trimming and Past Performance Ensemble
method. The Past Performance Ensemble yields robust forecast performance
improvements across all the treatments in this study. This study, similar to the study
in chapter 2 finds high levels of false alarms in that a break is predicted when there
was none. This reduced break prediction accuracy affects the forecast ensemble’s
weighing scheme. Some studies in the past (for example, Matyas & Greenwood,
1990; Harvey, et al, 2017; Speekenbrik, et al, 2012) have observed high levels of
false alarms in the prediction of structural shifts in time series. These studies point
out that when the time series is difficult, forecasters tend to relax their decision
criteria in favor of change. There could be different cognitive processes leading to
the high rates of false alarms (Furlong & Wampold, 1981). One of the possible
reasons for forecasters to read too much into random variations is that they often
make local assessments and judge candidate changes in isolation from the rest of
the series (Brown & Steyvers, 2005). Another explanation could be that when

forecasters assess a recognized change in the time series relative to the overall
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variability in the series by using a threshold criterion, they may ignore the positive
autocorrelation in the data series leading to an underestimation of the overall
variability and thereby an over-estimation of the likelihood of the change

(Speekenbrink, et al, 2012).

The next study in this chapter proposes an alternative approach to elicit and combine

judgmental break predictions from forecasters.

3.3 Study 2: Applying the Surprisingly Popular Algorithm

This study focusses on employing an alternative elicitation and break judgment
aggregation procedure. The break judgment aggregation approaches used earlier
have been based on a majority rule with higher weight being given to majority opinion
in a group. Under a systematically biased situation such as the one caused by the
structural shifts in time series as shown in chapter two and study 1 in this essay, we
plausibly face a ‘shared information problem’ (Palley & Soll, 2019). The context of
forecasting is characterized by information being shared by many people and in such
contexts the underperformance of majority opinion is not necessarily because of a
completely uniformed panel but due to a flawed method of majority-based
aggregation method (Prelec, et al, 2017). In such contexts the benefits of averaging
are limited because a significant part of the average judgment contains the same
information being repeated (Palley & Soll, 2019). This study aims to apply a judgment
aggregation method proposed by Prelec, et al (2017) known as the ‘Surprisingly

Popular Algorithm’ (SPA) to the judgmental forecasting context. Further, this study

117



prescribes a forecast ensemble approach by leveraging these aggregated

judgmental predictions.

The SPA combines the cognitive judgment of the decision maker and the meta-
cognitive judgment in the form of an estimate of others' judgments in a shared
information context. In the alternative elicitation procedure used in this study, as
suggested by Prelec (2004), in addition to providing their own judgments, the subject
also makes a prediction of others’ break perception. In the context of forecasting
under discontinuities, the forecasting task is decomposed by gathering information
on the forecaster’s perception about the movement of the time series, and further
supplement this question by seeking the forecaster's guess about how other
forecasters might respond to the same question. Prelec, et al, (2017) introduced the
surprisingly popular algorithm (SPA), for aggregating judgments after eliciting
judgments using this alternative method. The surprisingly popular algorithm selects
the choice that gains more support (in the actual world) than the predicted. By
employing this alternative elicitation and aggregation method, this study aims to
improve the accuracy of aggregated break predictions or the collective wisdom about
the time series characteristic. Such aggregated break predictions shall be used as a

cue to aggregate different trimmed forecasts.

3.3.1 Revised forecast aggregation method
In the revised forecast aggregation method, both symmetrically trimmed forecast and
asymmetrically trimmed forecasts are used. In the first step, we shall decide on the

direction of the trim for asymmetrically trimming the forecast, i.e., whether to use a
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left trim forecast or a right trim forecast. As seen in the earlier studies in this chapter
and chapter 2, the under-forecasting and over-forecasting behavior of a forecaster
leads to systematic biases post a break. The earlier results and bias patterns have
clearly indicated that the mean biases of the forecasters persist over certain time
periods even after the occurrence of a break. The bias reduces over time as the
series stabilizes. Earlier studies have also seen that mean forecasts typically
underreacts to new information and the direction of the bias continues over a few
time periods in the time series (for ex., Kim et al, 2000). The bias persists over a
transition phase involving several periods post a break (Becker, et al, 2009). Prior
mean forecast typically serves as a (imperfect) signal of the information common to
all forecasters and the difference between prior mean forecasts and subsequent
mean forecasts acts as a reasonable indicator of the bias in the forecasts (Kim et al,
2000). Thus, bias in the past can be used as a cue to decide between the left and
the right trimmed forecasts. As a second step we shall use the selected
asymmetrically trimmed forecast (from step 1) or the symmetrically trimmed forecast
based on the aggregated break predictions from the surprisingly popular algorithm —
i.e. if the aggregated prediction derived from the SP method indicates a break
scenario as the extracted collective wisdom, we shall use the asymmetrically
trimmed forecast or if the extracted collective wisdom indicates a no-break scenario,
we shall use the symmetrically trimmed forecast. So basically, this study proposes a

simple choice model as follows:

Step 1:
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ASH =FF,if b,_y>0o0r

AS} =FR,if b,_4<0

Step 2:

EFSP = ASf,if P, =1,

Else, EF? = F}

Where,

EFS?  denotes the aggregated forecast for the time-period t,

AS; denotes the asymmetrically trimmed forecast for time period t; + denotes the
direction of the asymmetrically trimmed forecast, i.e., left trim or right trim arrived

based on step 1 described above.

FL , FR, and F? denotes left trimmed, right timmed and symmetrically trimmed

forecasts respectively.

P; is the aggregated break prediction derived based on the SP Algorithm taking

values of 1 (a break scenario) or 0 (a no break scenario)
To illustrate the SP Algorithm, let us consider the following scenario:

Yy = aggregate percentage of subjects predicting occurrence of a break (yes, a break

occurred) while making the forecast for time-period t.
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E} = aggregate percentage of subjects’ expectation that others also predict the

occurrence of a break, while making the forecast for time-period t.
As per the SP Algorithm,
If [y, -EY1>[(1-y:)—(1- E))], P, = 1 (break occurred), else P; = 0 (no break)

3.3.2 Data

The experiment design is similar to the study employed in the chapter 2 with time
series with structural mean shifts — both upward and downward shifts. The study
incorporates six different types of time series with different structural break
combinations - series with two upward shifts, series with two downward shifts, series
with both upward and downward shifts in both the possible combinations, series with
one upward shift and finally series with one downward shift. Four different base
levels (viz., 85, 90, 100 and 105) with a standard deviation of five units were used.
Each structural break is a mean shift of 20 units in the upward or downward direction.

Each series is divided into four segments:

Segment 1: The time series for the initial 20 periods was displayed in the segment.
The time series does not consist of any structural breaks and is generated with one
of the four base values. This segment enables the forecaster to observe the time

series and assess its characteristics.

Segment 2: This segment was basically a continuation of the series displayed in the
first segment, again without any breaks. However, now in this segment, the

forecaster made forecasts for every fourth period during the periods 21-32.
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Segment 3: The first structural break was introduced in segment 3, which lasted from
period 33 to 48. The break was positioned in various, randomly selected time periods
such that the forecaster began by providing forecasts for the series for at least two
time periods and then observed a mean shift of the series. The occurrences of shifts
were randomized in different series and forecasters were required to provide

forecasts every fourth period.

Segment 4: Depending on the type of the time series, this segment (periods 52 to
70) did or did not exhibit a second structural break in the continuation of the series.
Thus, there were either two similar types of structural breaks in segment 3 and
segment 4 (either two sequential upward or two sequential downward breaks) or two
opposing structural breaks in segment three and segment four (upward-downward
or downward-upward). In the case where no additional structural break was
introduced in segment 4, the series from the end of segment 3 remained stationary
until the end of segment 4. Forecasters were required to provide forecasts every

fourth period.

Each forecaster provided forecasts for three types of series. The combination of all
the series was randomized and six random combinations of the series were formed.
This provides us with six versions, or three different series combinations and the
forecasters were assigned to these versions randomly. As shown below in Figure 3-
3, a forecaster was randomly assigned to one of the six versions, with each version
comprising of three different series. Each series consisted of four segments

described above in the form of flat segments (segments without any structural break)
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or segments with the break (upward and downward mean shifts). The different base

values used for each time series are also provided.

Series 1 Series 2 Series 3
e F-F-U-U F-F-U-D F-F-U-F
s Base -100 units Base-85 units Base -90 units
F-F-D-D F-F-D-U F-F-U-U
Ver.2 | Base-100 units Base -85units Base -85 units
Ve 3 F-F-U-F F-F-U=-D F-F-D-F
Base-100 units Base-105 units Base-105 units
— F-F-D-D F-F-U-F F-F-U-D
Lt Base-100 units Base -105units Base -105 units
— F-F-D-D F-F-D-U F-F-D-F
e Base-105 units Base -100units Base -85 units
5 F-F-U-U F-F-D-F F-F-D-U
e Base- 1035 units Base -100units Base -105 units

Legend F—Flat; U=Up; D - Down

Figure 3-3: Time-series sequences used in study 2

3.3.3 The Forecasting Task

All series were displayed graphically to the subjects. After presenting the first
segment, subjects observed the series progressing over time and provided the

following judgments:

a) Break prediction - their perception about the occurrence of a significant
shift or discontinuity in the series — Yes or No

b) Confidence - their confidence about their perception in part a (50 — 100%)
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c) Guess about other’s response — what percentage of other people thought
if there was a shift or discontinuity in part a (0-100%)
d) Point forecast — the forecasters provide an estimate of the point forecast
for the next time-period t+1.
In total, each subject provided forecasting judgments for all three time series
sequences. Subjects were instructed that each series may or may not contain any
number of structural breaks at unknown time periods and that one of the important
tasks for them was to pay attention to such shifts and detect them while they perform
the forecasting task. The average time taken to provide all judgments was about 34
minutes. At the end of each time series sequence, subjects were provided with

feedback on their performance in terms of mean absolute percentage error (MAPE).

3.3.4 Subjects

The forecasting task was implemented in Qualtrics using java-script and international
MBA students were recruited from the international MBA program at IE Business
School. These students were participants of the quantitative methods course and
were trained in basic statistics and forecasting techniques. The students had an
option to volunteer and patrticipate in this study. A total of 153 subjects (35 percent
Female, an average age of 28 years and an average work experience of 6.5 years)
were recruited for this study. The subjects were provided with detailed instructions
including examples and illustrations of the forecasting task, the process of providing
forecasting judgments as well as descriptions of the terminologies used. This was

followed up with the subjects going through a set of questions to ensure that they
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understand the terminologies used in the task. Furthermore, the subjects had a
practice exercise with a sample series lasting for two forecasting periods, which they
used to familiarize themselves with the task. The participants had an incentive to
earn 5 bonus points in their Quantitative Methods course. In addition, top five
participants (participants with the lowest MAPE) also had a chance to win Amazon

gift vouchers worth $ 50.

3.3.5 Results

This section provides an overview of the behavioral biases observed in this study
and further compare the MAPE performance for the different prescriptive rules. The
opinion pool used in the main analysis here consists of n = 9 judges. Consistent with
the trimming percentage utilized in the past studies, a trim size of m = 2 was utilized
prior to aggregating forecast judgments.'® A random sample of 1000 opinion pools
from the data set was used and MAPE and standard error for each tested

aggregation rule is reported below.

3.3.5.1 Behavioral Biases

Similar to the findings in the earlier studies, this study also found consistent evidence
on the forecaster’'s tendency to systematically under-forecast in response to an
upward mean shift and to systematically over-forecast in response to a downward
shift in the mean value of the time series. The forecasts post an upward mean shift

was positively biased with a mean bias of b = 8.53 units (se= 0.42), and the

18 The analysis was carried out using different sizes for the opinion pool (n =7 and n = 11) as well as for different trim
sizes (m = 1 and 2) and qualitatively consistent results were obtained.
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forecasts post a downward mean shift was negatively biased with a mean b = —6.54
units (se= 0.35). The forecast during the pre-break period remained to be relatively

un-biased (mean b = 0.58 units, se= 0.29).

In this experimental setup, subjects provided break detection judgments by
assessing whether a break occurred in the most recent periods of the time series:
no mean shift, or a mean shift'’. The classification matrix in Table 3-4 summarizes
the accuracy of break detection judgments. If subjects chose options by chance, we
would expect the classification accuracy displayed on the diagonal of Table 3-4 to
be 1/3. Considering this, the data shows that empirically elicited judgments lie
consistently above chance (Chi-square test significant at p<0.01), suggesting that
subjects were capable of correctly detecting a fair number of structural breaks. The
break judgment accuracy is higher than all the earlier studies (in chapter 2 and
chapter 3). Specifically, we could see that unlike the earlier studies, here we do not
see the hyper-vigilant tendency of the forecaster — indicated by the high accuracy of
predictions when there was no shift or break in the time series (accuracy of 68
percent). A possible reason for this could be the simplified ‘break-question’ (binary
in nature — break or no break). Decomposing the judgmental forecasting task into
simple steps can improve accuracy (Lawerence, 2006) and the break prediction task
here in this study is cognitively less demanding (Lee & Siemsen, 2017) compared to

the task in the earlier studies.

17 In this study, the direction of the break (if the forecaster predicts the occurrence of a shift) is determined by the change
in the point forecast made in the forecasting period with respect to the forecast made in the prior period.
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Actual Event
: Upward | Downward
No Shift | “qpis Shift
No Shift 68.00% | 34.40% 37.80%
. Upward
Préd'CtEd Shift 15.5% | 56.80% 7.30%
vent
Downward
Shift 16.5% 8.80% 54.90%
Total 100.00% | 100.00% 100.00%

Table 3-4: Break Prediction Accuracy (Study 2)

3.3.5.2 Prescriptive Performance
This section compares the forecast performance of the different aggregation rules
and (simple averaging, symmetric trimming) and the prescriptive forecast ensemble

methods.

Table 3-5 provides an overview of the forecast performance measure (MAPE) for all
the six different series. Paired t-test comparisons between all forecasting methods
reveal that the Past Performance Ensemble outperforms all other models. It can be
sees that consistent with the results in the earlier studies in chapter 2 and chapter 3,
the Past Performance Ensemble yields lower MAPE compared to that of simple
averaging (p<0.01) (19 percent improvement averaged across all the series) and
yields a lower MAPE relative to the symmetric trimming rule (p<0.01) (9 percent
improvement averaged across all the series). Though the Break Judgment
Ensemble yields a lower MAPE compared to simple averaging (p<0.01) (10 percent
improvement averaged across all the series), there is no significant difference in

MAPE compared to the symmetric trimming rule.
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This study has aimed to improve the Break Judgment Ensemble by eliciting break
occurrence judgments and aggregating the same using the Surprisingly Popular
Algorithm. This new proposed ensemble forecast method is referred to as the Break
Judgment Ensemble-SPA here. The new proposed ensemble yields improvement in
forecast performance. Break Judgment Ensemble-SPA vyields lower MAPE
compared to that of simple averaging (p<0.01) (14 percent improvement averaged
across all the series) and yields a lower MAPE relative to the symmetric trimming
rule (p<0.01) (4 percent improvement averaged across all the series). The Past
Performance Ensemble, however, is the best and yields a five percent improvement

than the Break Judgment Ensemble-SPA.

Forecast Aggregation | Pre-Break | Post-Break
Approach Segment Segment Overall
: : 0.0643 0.1001 0.0898
Simple Averagin
P ging (0.0009) | (0.0010) | (0.0007)
T 0.0564 0.0863 0.0797
Symmetric Trimmin
y g (0.0007) | (0.0009) | (0.0007)
Left Trim 0.0622 0.1155 0.1002
(0.0011) (0.0013) (0.0010)
Right Trim 0.0905 0.1170 0.1094
(0.0012) (0.0012) (0.0009)
Break Judgment 0.0597 0.0861 0.0801
Ensemble (0.0008) (0.0009) (0.0007)
Break Judgment 0.0589 0.0839 0.0767
Ensemble-SPA (0.0008) (0.0008) (0.0006)
Empirical Performance 0.0598 0.0781 0.0728
Ensemble (0.0007) (0.0008) (0.0006)

Table 3-5: Mean values of MAPE for different aggregation approaches
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As per expectations, Table 3-5 also illustrates that in the segment prior to the
structural break, symmetrically trimmed forecasts outperformed both the left and
right asymmetrically trimmed forecast (p<0.01). The benefits of symmetric trimming
for time series which are relatively stable can be observed here. Also, the proposed
forecast ensemble methods (both Past Performance Ensemble and Break Judgment
Ensemble-SPA) outperform the simple averaging, symmetric trimming, asymmetric

trimming rules and the basic Break Judgment Ensemble.

Table 3-6 offers a summary of the MAPE metric decomposed into the six different

time series segments.

Consecutive similar mean shifts: Table 3-6 indicates that for the series with two
consecutive similar shifts (i.e., FFUU and FFDD), the respective asymmetric
trimming approach (left and right) provides value. The appropriate asymmetric
trimming method (left trim for consecutive upward shifts and right trim for the
consecutive downward shifts) works the best (p<0.01) as the forecast bias is
systematically one-sided (positive for upward shifts and negative for downward

shifts).

Consecutive different mean shifts: For both the series here (FFUD and FFDU),
both the ensemble methods (Break Judgment Ensemble-SPA and Past
Performance Ensemble) outperform simple averaging, symmetric trimming and both

the asymmetric trimming rules (p<0.01).
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Forecast FFUU FFUD FFUF FFDD FFDU FFDF
Aggregation
Approach
Simple 0.0813 0.0953 0.0804 0.1022 0.0980 0.1142
Averaging
(0.0015) | (0.0018) | (0.0017) | (0.0021) | (0.0017) | (0.0027)
Symmetric 0.0678 0.0818 0.0636 0.0834 0.0943 0.0922
Trimming
(0.0012) | (0.0016) | (0.0013) | (0.0019) | (0.0018) | (0.0025)
Left Trim 0.0476 0.1215 0.0457 0.0918 0.1133 0.1879
(0.0008) | (0.0028) | (0.0008) | (0.0018) | (0.0023) | (0.0037)
Right Trim 0.1259 0.1007 0.1367 0.0700 0.1159 0.0792
(0.0025) | (0.0020) | (0.0028) | (0.0014) | (0.0019) | (0.0019)
Break 0.0691 0.0825 0.0680 0.0810 0.0969 0.1031
Judgment
Ensemble (0.0012) | (0.0016) | (0.0015) | (0.0017) | (0.0017) | (0.0027)
Break 0.0595 0.0798 0.0619 0.0702 0.0908 0.0917
Judgment
Ensemble- (0.0009) | (0.0016) | (0.0012) | (0.0014) | (0.0017) | (0.0024)
SPA
Empirical 0.0588 0.0738 0.0504 0.0733 0.0867 0.0885
Performance
Ensemble (0.0009) | (0.0014) | (0.0008) | (0.0015) | (0.0016) | (0.0022)

Table 3-6: Mean values of MAPE for different aggregation approaches across

different series

Single mean shift: For the series with a single mean shift (FFUF and FFDF), the

left trim rule (for FFUF) and the right trim rule (for FFDF) perform better than both

simple mean (p<0.01) and symmetric trimming (p<0.01) aggregation rules. The Past

Performance Ensemble outperforms all the three aggregation rules — simple
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averaging, symmetric trimming and both the Break Judgment Ensemble methods
(p<0.01). The Break Judgment Ensemble-SPA outperforms simple averaging rule,
symmetric trimming rule and the Break Judgment Ensemble (p<0.01); however, it
does not yield a significant difference in MAPE compared to the symmetric trimming

for the FFDF series.

To sum up, it can be observed that the proposed ensemble based on the Surprisingly
Popular Algorithm, improves the ensemble forecast using break judgments as cue
to combine forecasts from different aggregation rules. The novel approach to extract
crowd wisdom has been found to be useful in judgmental forecasting applications.
The Past Performance Ensemble has remained quite consistent and robust in its

MAPE performance.

3.3.6 Discussions

This chapter aimed at improving the Break Judgment Ensemble method, one of the
proposed forecast ensemble methods in this dissertation primarily. In order to
achieve this objective, two studies were conducted to explore two different
approaches to elicit judgments about occurrence of structural breaks in time series
forecasting. Study 1 used a break elicitation procedure with detailed probability
choices to obtain perceptions on the movement of the times series and these
detailed probability break judgments were used as the weighing-scheme for the
forecast ensemble. Study 2 elicited break judgments as a combination of cognitive
and meta-cognitive judgments and applied the Surprisingly Popular Algorithm to the

combine forecasts in the ensemble forecast. While the detailed probability judgments
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did not significantly improve the performance of the Break Judgment Ensemble
forecasts, the application of the SPA yielded significant improvement to the Break
Judgment Ensemble forecasts. This study also demonstrates the robust
performance of the proposed Past Performance Ensemble method under different
extended break conditions. The Past Performance Ensemble method yields the
lowest MAPE consistently across all the studies. The improved Break Judgment
Ensemble-SPA method yields consistent lower MAPE than all other commonly used
aggregation rules. Overall, the ensemble approach with prior forecast error as
weights combining the three trimmed forecasts appropriately offers a robust
mechanism to improve forecast performance in time-series environments
characterized by structural mean shifts. In addition, the proposed improvement to
the break judgment ensemble method by leveraging the Surprisingly Popular
Algorithm has yielded consistent improvement in forecast performance and provides
an approach to use judgmental predictions as a cue to combine forecasts effectively

under systematically biased environments.

This chapter primarily contributes to prescriptive research by refining and fine tuning
the proposed Break Judgment Ensemble mechanism and by demonstrating the
consistent performance of the proposed Past Performance Ensemble mechanism.
Both these forecast ensemble approaches make effective use of asymmetrically
trimmed forecasts to overcome systematic biases commonly observed in forecasting
environments characterized by structural breaks. This study contributes to the

judgmental forecasting literature by testing the application of a novel judgment-
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aggregation method, the SPA, to elicit dynamic time series characteristics in
forecasting tasks. The application of the SPA so far has mainly been limited to
contexts with factual questions in extant research (Lee, Daneilko & Vi 2018;
Rutchick, et al, 2020) and this study has extended its application to judgmental time
series forecasting aiming to address the call for testing the SPA in real world

forecasting and prediction applications.

This study has been limited to the prediction of one characteristic of the time series
(that of, the occurrence of breaks) and has been limited to a single experimental
study. | hope that the results in this study would encourage future studies to
investigate the prediction of other time series characteristics using the SPA and
further test the application of the same in different contexts. The studies conducted
here have been purely on artificially generated time series and therefore, it would be
prudent to extend these studies to real-time environments to improve the external

validity.

In conclusion, in a world of constant change, it is important to generate more
accurate forecasts and this chapter along with chapter 2 offers novel methods that
are intuitively appealing and easy to implement in real-world forecasting

environments.
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Conclusion

This dissertation aims to meet the call for growing need to study decision rules and
aggregation mechanisms used in extracting collective wisdom in wisdom of crowd
applications. The process of distilling collective wisdom is often challenged by the
cognitive limitations and systematic biases of the decision maker imposed by
decision rules and aggregation mechanisms. The main objective of my dissertation
was to understand the impact of individual biases and/or cognitive limitations on
collective judgments and to propose prescriptive mechanisms to aggregate
individual judgments. | focused on two prominent areas of wisdom of crowd
applications from both research and practice perspectives — open innovation

management and judgmental forecasting.

In the first chapter, | focused on idea evaluation and selection in the context of open
innovation. The study compared two commonly employed idea evaluation decision
rules (scoring and ranking) and provides insights into how the efficacies of these
decision rules are influenced by the number of ideas to be evaluated and the amount
of available information. At an aggregated level, the scoring decision rule can enable
higher levels of accuracy with relatively smaller crowd size as the scoring process is
more effective for evaluating ideas when there are several ideas to be evaluated.
This study contributes to descriptive research by highlighting the potential cognitive
limitations associated with the use of different decision rules used in idea evaluation
& selection, a relatively unexplored space in new product development and open

innovation. The essay further makes prescriptive contribution by providing insights
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into the design elements of open innovation environments (for example, number of

ideas to be presented, crowd size estimations, etc).

The latter two chapters focus on a relatively unexplored, yet an important area of
judgmental forecasting of time series characterized by structural breaks. These
essays bridge the two streams of judgmental time series forecasting and wisdom of
aggregated forecasts. These studies analyzed the performance of different forecast
aggregation methods and finds that commonly used aggregation methods such as
simple averages and symmetric trimming may be less effective in forecast
environments characterized by structural breaks. Further, chapter two and three
proposed a novel form of asymmetric trimming aggregation rule (for point forecasts)
to overcome the limitations of traditional aggregation methods. These chapters
collectively contribute to descriptive research by demonstrating the presence of
systematic biases in forecasts that are caused by time series discontinuities such as
structural breaks under judgmental forecasting tasks and by highlighting how the
presence of such biases can affect commonly used forecast aggregation rules.
Further, the essays contribute to prescriptive research by proposing robust forecast
ensemble methods to aggregate judgmental forecasts of time series that are
characterized by structural shifts. One of the prescribed forecast ensemble methods
was also tested on real time macroeconomic forecast variables and the results (in

terms of forecast performance) were found to be robust.

Collectively the essays in the dissertation have aimed to improve our understanding

on mechanisms and decision rules used to distil collective wisdom in different
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application contexts. Together, the studies carried out in this dissertation have
demonstrated the impact of systematic biases and cognitive limitations of the
decision maker in different contexts on the process of extracting collective wisdom.
Further the dissertation prescribes guidelines and methods to minimize the impact
of such biases (and/or cognitive limitations) while distilling collective wisdom.
Overall, the studies in this dissertation have aimed to contribute to both descriptive
and prescriptive research in aggregation of individual judgments to improve decision

quality.
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Conclusion

Esta tesis pretende responder a la creciente necesidad de estudiar las reglas de
decision y los mecanismos de agregacion utilizados en la extraccion de la sabiduria
colectiva en las aplicaciones de la sabiduria de los grupos. El proceso de
condensacion de la sabiduria colectiva se ve a menudo dificultado por las
limitaciones cognitivas y los sesgos sistematicos del decisor impuestos por las
reglas de decision y los mecanismos de agregacion. El objetivo principal de mi tesis
era comprender el impacto de los sesgos individuales y las limitaciones cognitivas
en los juicios colectivos y proponer mecanismos prescriptivos para agregar los
juicios individuales. Me he centrado en dos areas destacadas de las aplicaciones
de la sabiduria de los grupos, tanto desde el punto de vista de la investigacion como

de la practica: la gestion de la innovacion abierta y el pronostico de juicio.

En el primer capitulo, me he centrado en la evaluacién y seleccién de ideas en el
contexto de la innovacién abierta. El estudio compara dos reglas de decision para
la evaluacion de ideas comunmente empleadas (puntuacion y clasificacién) y ofrece
una vision de cémo la eficacia de estas reglas de decision se ve influida por el
namero de ideas que hay que evaluar y la cantidad de informacion disponible. A
nivel agregado, la regla de decisién de la puntuacion puede permitir mayores niveles
de precisidon con menos participantes, ya que el proceso de puntuaciéon es mas
eficaz para evaluar ideas cuando hay varias ideas que evaluar. Este estudio
contribuye a la investigacion descriptiva al destacar las posibles limitaciones

cognitivas asociadas al uso de diferentes reglas de decision utilizadas en la
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evaluacion y seleccion de ideas, un espacio relativamente inexplorado en el
desarrollo de nuevos productos y la innovacion abierta. Ademas, el ensayo
contribuye a la prescripcion al aportar ideas sobre los elementos de disefio de los
entornos de innovacion abierta (por ejemplo, nUmero de ideas que se presentaran,

estimaciones del tamafo de la multitud, etc.).

Los dos ultimos capitulos se centran en un ambito relativamente inexplorado,
aunqgue importante, de la prevision de series temporales caracterizadas por rupturas
estructurales. Estos ensayos tienden un puente entre las dos corrientes de
prondstico de juicio de series temporales y la sabiduria de los prondsticos
agregados. Estos estudios analizan el rendimiento de diferentes métodos de
agregacion de prondsticos y descubren que los métodos de agregacion
comunmente utilizados, como las medias simples y el recorte simétrico, pueden ser
menos eficaces en entornos de previsidon caracterizados por rupturas estructurales.
Ademas, los capitulos dos y tres proponen una nueva regla de agregacién de
recorte asimétrico para superar las limitaciones de los métodos de agregacion
tradicionales. Estos capitulos contribuyen colectivamente a la investigacion
descriptiva al demostrar la presencia de sesgos sistematicos en los prondsticos,
causados por discontinuidades de las series temporales como las rupturas
estructurales en tareas de prondstico de juicio, y al destacar como la presencia de
dichos sesgos puede afectar a las reglas de agregacion de previsiones utilizadas
habitualmente. Ademas, los ensayos contribuyen a la investigacion prescriptiva

proponiendo reglas robustas de conjunto de prondsticos para agregar prondosticos
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de juicio de series temporales que se caracterizan por cambios estructurales. Uno
de los métodos de conjunto de prondsticos prescritos también se prob6 con
variables de prevision macroecondémica en tiempo real y los resultados en términos

de rendimiento de prondsticos resultaron ser robustos.

En conjunto, los ensayos de la tesis han pretendido mejorar nuestra comprension
de los mecanismos y las reglas de decision utilizados para condensar la sabiduria
colectiva en diferentes contextos de aplicacion. En conjunto, los estudios realizados
en la presente tesis han demostrado el impacto de los sesgos sistematicos y las
limitaciones cognitivas del responsable de la toma de decisiones en diferentes
contextos en el proceso de obtencion de la sabiduria colectiva. Ademas, la tesis
prescribe directrices y métodos para minimizar el impacto de dichos sesgos y
limitaciones al condensar la sabiduria colectiva en diferentes contextos de
aplicacién. En general, los estudios de esta tesis han pretendido contribuir a la
investigacion tanto descriptiva como prescriptiva en la agregacion de juicios

individuales para mejorar la calidad de la decision.
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Appendix A-1

Results of the Weak Order Ranking Experiment

In this experiment, 103 newly recruited participants were provided with brief (short)
pieces of information, and 95 newly recruited participants were provided with
detailed (long) pieces of information. The IP address of each participant in the new
experiment was checked to ensure that they differ from those in the previous strong-
order ranking experiment. Resembling the previous experiment, the eight ideas were
ranked under two treatments, i.e., the detailed (long) and brief (short) information
treatments. Next, the percentage of matches was calculated for each participant with
the procedure described in Section 1.3.2. Finally, the percentage of matches in the

weak order ranking process with the results in the scoring process were compared.

Information
Average
Short Long
Ranking
(weak 26% 26% 26%
Process
order)
Scoring?8 39% 37% 38%
Average 32% 32% 32%

Table A1-0-1: Percentage of “matches’-top two ideas (weak order ranking)

18 The data of the weak order ranking experiment with long and short information were collected after the first
experiment had been conducted. Thus, the comparison with the scoring group can only be done as a quasi-
experimental design (i.e., there was no random assignment between scoring and weak order ranking). However,
a series of comparisons showed that there were no significant differences on the demographic characteristics or
on the domain awareness between the participants in the first and the second data collection. Therefore, any
differences in the accuracy or duration cannot be attributed to differences in these aspects of participants.
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ANOVA analysis was conducted, and the results are reported in Table 10. This
analysis confirms that the main effect of process remains significant (p<0.01). The
percentage of matches under the scoring process is on average 11.8% higher than
that in the weak order ranking process (p<0.01). Specifically, the percentage of
matches in the scoring process is 10.65% (12.93%) higher than that in the ranking
process (p<0.01), when the detailed (brief) information is provided. However, neither
information (p = 0.77) nor the interaction term between information and process (p =

0.68) has a significant influence on the match probability.

Variable F-ANOVA P-value

Process 18.12 <0.01***
Information 0.08 0.772
Process x Information 0.17 0.681

Table A1-0-2: ANOVA analysis (weak order ranking)
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Appendix A-2

Robustness check with varying the number of ideas

In this section, the aim is to check the robustness of the main result, i.e., the scoring
process outperforms the ranking process when eight ideas are evaluated. One
implicit assumption in the previous analysis is that there should not be any significant
idea-specific characteristics that may systematically influence all of the participants’
evaluations regarding the order of these ideas. As the dependent variable is the
percentage of matches for top two ideas, the potential existence of such unobserved
heterogeneities related with the intrinsic orders among ideas may affect the results.
To exclude this possibility, a simulation program was used to repeatedly test the
model by randomly picking different combinations of ideas from the existing data and
check the sign as well as the significance level of the key variable, process. For
example, if we pick 7 ideas out of 8 existing ideas, there will be eight different
combinations. Then, regressions were conducted on each combination of ideas
using the existing data associated with the combination and examined how likely the
results would hold among these eight combinations. After checking the 7 ideas case,
the simulation repeated the aforementioned procedure while examining 6 ideas (28
combinations), 5 ideas (56 combinations) and 4 ideas (70 possible combinations).
In this process, all ideas have equal chances of being included or excluded, which
enables us to systematically exclude the idea-specific heterogeneities and examine
the robustness of the main results. In all the regressions, the dependent variable

remains the percentage of matches for the top two ideas.

157



Coefficient of

<0. <0. ignifi
the process p<0.05 p<0.1 Not significant
Total 7 1 0
7 ideas

(8 possible idea Positive 7 1 0
combinations)

Negative 0 0 0

Total 18 3 7

6 ideas (?8 possmle Positive 18 3 7
combinations)

Negative 0 0 0

Total 28 4 24

5ideas (56 possnble Positive 28 4 0
combinations)

Negative 0 0 4

Total 25 9 36

4 ideas (_70 possmle Positive 25 9 08
combinations)

Negative 0 0 8

Table A2-0-1: The coefficients of process and associated significance levels.
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Appendix B-1

Study material for the experimental study (Chapter 2)

BRiGUGERERER
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What do you think happened in the previous period?

O There was no Structural Break O The mean moved up O The mean moved down

Provide your best guess on what the next actual value will be in the time series.

In each game, we are interested in asking you to provide the following forecasting judgments:

(1) Specify what you think happened in the previous period, i.e., no structural break, a structural break where the mean went up, or a structural break where
the mean went down.

(2) Estimate a point forecast:
Provide your best guess on what the next actual value will be in the time series.

(3) Estimate the boundaries of a 90% confidence interval: We are interested in the range of values that you believe the next actual value will fall into with a
likelihood of 90%. In other words, you should expect 90% of the actual values to lie somewhere between the upper and lower bounds that you specify. There
will be a 5% chance that the actual value will be higher than the upper bound and 5% chance that it will be lower than the lower bound.

Example: Imagine your forecast the next point to be at 100, and you are 90% sure that the value will be in the range of 110 and 90. In this case, you will enter
the value for the Upper Bound of 110, and for the Lower Bound of 90.

M'}L:‘

IRERE T

Here is a graphical representation of what a 90% confidence interval would look like.

ixeren

Figure B1: Experimental task screenshot on Qualtrics
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Appendix B-2
Description of variables used in real-world data analysis (Sec. 2.6)

1. Real GDP — We use historical quarterly forecasts (1992-2020) of real GDP.
The actual quarterly real GDP data is obtained from the real time data
research center of the Federal Reserve Bank of Philadelphia.

2. Real Personal Consumption Expenditures - We use historical quarterly
forecasts (1996-2019) of the annual level of chain-weighted real personal
consumption expenditures. The actual quarterly real personal consumption
expenditures data is obtained from the real time data research center of the
Federal Reserve Bank of Philadelphia.

3. Real Federal Government Consumption and Gross Investment — We use
historical forecasts (1996-2019) for the quarterly real federal government
consumption and gross investment and use the actual RFEDGOV data is
obtained from the real time data research center of the Federal Reserve Bank
of Philadelphia.

4. Real Non-residential Fixed Investment — We use historical forecasts (1996-
2019) from the SPF for the quarterly levels of real non-residential fixed
investment (also known as the business fixed investment) and actual
guarterly business fixed investment data is obtained from the real time data
research center of the Federal Reserve Bank of Philadelphia.

5. Nominal Corporate Profits - We use historical quarterly forecasts (2006-2020)

of the annual level of nominal corporate profits after tax. The actual quarterly
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nominal corporate profit data is obtained from the real time data research
center of the Federal Reserve Bank of Philadelphia.

6. Real Net Export - We use historical forecasts (1985-2019) for the quarterly
level of real net-exports and actual quarterly net exports data is obtained from
the real time data research center of the Federal Reserve Bank of
Philadelphia.

7. Real Change in Private Inventories — We use historical forecasts (1996-2019)
of the quarterly real change in private inventories from the SPF and actual
change in private inventories data is obtained from the real time data research
center of the Federal Reserve Bank of Philadelphia.

8. T-Bill Rate — We use historical quarterly average forecasts (1990-2015) of the
three-month Treasury bill rate. The actual three-month Treasury bill rates for
this period is obtained from the daily treasury yield curve rates provided by
the US department of Treasury.

9. 10-year Treasury Bond Rate - We use historical quarterly forecasts (1992-
2020) of the average 10-year Treasury bond rate. The actual T-Bond rate
data is obtained from the real time data research center of the Federal
Reserve Bank of Philadelphia.

10.Unemployment — We use historical quarterly forecasts (1968-2019) of
average unemployment rate. The actual quarterly average unemployment
rate is obtained by averaging the actual monthly unemployment rate data
obtained from the real time data research center of the Federal Reserve Bank

of Philadelphia.
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11.Real State Local Government Consumption and Gross Investment — We use
historical forecasts (1981-2014) for the quarterly real state and local
government consumption and gross investment. The actual quarterly RLGOV
data is obtained from the real time data research center of the Federal
Reserve Bank of Philadelphia.

12.Nonfarm Payroll Employment — We use historical forecasts (2004-2019) from
the SPF for the quarterly average level of nonfarm payroll employment in
thousands of jobs and the actual data for this variable is obtained from the
real time data research center of the Federal Reserve Bank of Philadelphia.

13.Nominal GDP — We use historical forecasts (1992-2019) from the SPF for
quarterly nominal GDP in billion dollars and actual quarterly nominal GDP
data is obtained from the real time data research center of the Federal
Reserve Bank of Philadelphia.

14.Real Residential Fixed Investment — We use historical forecasts (1996-2019)
from the SPF for the quarterly level of real residential fixed investment and
actual quarterly real residential fixed investment data is obtained from the real
time data research center of the Federal Reserve Bank of Philadelphia.

15.Real personal consumption expenditures — We use historical forecasts (1996-
2019) of the quarterly levels of real personal consumption expenditures from
the SPF and the actual total quarterly real personal consumption expenditures
data is obtained from the real time data research center of the Federal

Reserve Bank of Philadelphia.
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16.GDP Price Index — We use historical forecasts (1992-2019) of the quarterly
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GDP price index from the SPF and the actual quarterly GDP price index data

is obtained from the real time data research center of the Federal Reserve

Bank of Philadelphia.
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Figure B2: Actual Time Series Plots for the SPF Variables
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Appendix C

Break detection accuracy (shift magnitude — 20 & 15 units)

Actual Event

Mean Shift Magnitude - . Upward | Downward
20 units No Shift | “gpif Shift
No Shift 28.90% | 19.51% 17.30%
Predicted Up_ward 0 0 0
Event | Shift 37.05% | 52.91% 30.91%
Downward
Shift 34.05% 27.58% 51.79%
Total 100.00% | 100.00% 100.00%

Actual Event

Mean Shift Magnitude - . Upward | Downward
15 units No Shift | “gpis Shift
No Shift 23.46% | 16.63% 18.21%
; Upward
Predicted .
Event Shift 40.70% | 51.27% 37.59%
Downward
Shift 35.84% | 32.10% 44.20%
Total 100.00% | 100.00% 100.00%
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MAPE comparison aggregate level (shift magnitude — 20 & 15 Units)

Mean Shift Magnitude - 20 units

Forecast Aggregation Pre-Break Post-Break

Approach Segment Segment Overall
Simple Averaging 0.0590 0.1143 0.1075
(0.0014) (0.0024) (0.0021)

(0.0012) (0.0020) (0.0017)

Left Trim 0.0939 0.1541 0.1468
(0.0020) (0.0051) (0.0044)

Right Trim 0.0797 0.1344 0.1275
(0.0024) (0.0024) (0.0023)

Break Judgment 0.0580 0.1010 0.0963
Ensemble (0.0013) (0.0020) (0.0017)
Empirical Performance 0.0556 0.0744 0.0742
Ensemble (0.0024) (0.0009) (0.0008)

Mean Shift Magnitude - 15 units
Forecast Aggregation Pre-Break Post-Break

Approach Segment Segment Overall
(0.0011) (0.0009) (0.0008)

(0.0009) (0.0008) (0.0007)

Left Trim 0.0759 0.0948 0.0908
(0.0014) (0.0018) (0.0016)

Right Trim 0.0738 0.1102 0.1063
(0.0018) (0.0016) (0.0015)

Break Judgment 0.0550 0.0802 0.0765
Ensemble (0.0011) (0.0009) (0.0007)
Empirical Performance 0.0610 0.0640 0.0633
Ensemble (0.0028) (0.0006) (0.0005)

Table C-0-2: Mean Values of MAPE for different aggregation approaches (shift
magnitude 20 and 15 units)
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MAPE comparisons across different series (shift magnitudes 15 & 20 units)

Mean Shift Magnitude - 20 units

Forecast
Aggregation
Approach FUUU FUUD FUDD FUDU FDDD FDDU FDUU FDUD
Simple Averaging 0.1261 0.0920 0.0877 | 00701 | 01901 | 01482 | 00743 | 0.0716
(0.0047) | (0.0027) | (0.0031) | (0.0016) | (0.0086) | (0.0081) | (0.0019) | (0.0022)
Symmetric timming | 0.0822 0.0790 0.0664 | 00649 | 01290 | 0.1077 | 00648 | 0.0641
(0.0042) | (0.0026) | (0.0023) | (0.0013) | (0.0052) | (0.0040)) | (0.0017) | (0.0017)
Left Trim 0.0461 0.0680 0.1433 | 00836 | 03441 | 02699 | 01057 | 0.1142
(0.0013) | (0.0026) | (0.0078) | (0.0023)) | (0.0164) | (0.0168) | (0.0037) | (0.0048)
Right Trim 0.2464 0.1750 01111 | 01049 | 00990 | 00916 | 01044 | 0.1275
(0.0077) | (0.0061) | (0.0055) | (0.0038) | (0.0012) | (0.0016) | (0.0030) | (0.0023)
Ernzae';fb”lggmem 0.0934 0.0800 0.0829 | 0.0683 | 0.1602 | 01330 | 0.0707 | 0.0706
(0.0034) | (0.0024) | (0.0032) | (0.0013) | (0.0062) | (0.0062) | (0.0017) | (0.0020)
Empirical
Performance
Ensemble 0.0522 0.0557 0.0640 | 00634 | 01142 | 00977 | 00666 | 0.0720
(0.0009) | (0.0019) | (0.0015) | (0.0009) | (0.0026) | 0.0016) | (0.0014) | (0.0009)
Mean Shift Magnitude - 15 units
Forecast
Aggregation
Approach FUUU FUUD FUDD FUDU FDDD FDDU FDUU FDUD
Simple Averaging 0.0861 0.0900 0.0644 | 0.0764 | 0.0873 | 00855 | 0.0907 | 0.0762
(0.0030) | (0.0026) | (0.0015) | (0.0019) | (0.0024) | (0.0013) | (0.0013) | (0.0025)
Symmetric trimming | 0.0629 0.0658 0.0668 | 00646 | 00768 | 00783 | 00783 | 0.0677
(0.0023) | (0.0025) | (0.0012) | (0.0020) | (0.0022) | (0.0011) | (0.0011) | (0.0023)
Left Trim 0.0431 0.0558 0.0643 | 00667 | 01494 | 01365 | 01091 | 0.0879
(0.0007) | (0.0010) | (0.0018) | (0.0025) | (0.0043) | (0.0019) | (0.0019) | (0.0044)
Right Trim 0.1400 0.1554 0.0757 | 0.0882 | 0.0660 | 00713 | 0.0713 | 0.0686
(0.0043) | (0.0043) | (0.0028) | (0.0026) | (0.0014) | (0.0011) | (0.0011) | (0.0017)
EL’ZZ':an”lggmem 0.0730 0.0813 0.0596 0.0696 | 0.0.079 | 0.0807 0.0807 | 0.0703
(0.0026) | (0.0027) | (0.0011) | (0.0019) | (0.0022) | (0.0013) | (0.0013) | (0.0024)
Empirical
Performance
Ensemble 0.0487 0.0569 0.0592 | 00604 | 00656 | 00716 | 00717 | 0.0648
(0.0011) | (0.0012) | (0.0009) | (0.0019) | (0.0018) | 0.0014) | (0.0014) | (0.0020)

Table C-0-3:Mean Values of MAPE across series (shift magnitude 20 and 15 units)
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