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Abstract 
Judgmental forecasting research on superforecasters has demonstrated that individuals 

differ in their foresight. However, the concept underlying this work focuses on accuracy 

and does not fully incorporate the time dimension of foresight. We reconceptualize 

foresight as the ability to predict future states of the world accurately, where accuracy 

becomes continuously more important over time. To operationalize foresight in 

forecasting tournaments, we propose various strictly proper scoring rules and compare 

them with existing scoring rules using a simulation study and real-world forecasting 

data consisting of 414,168 scores for 9,694 forecasters on 498 questions from a four-

year geopolitical forecasting tournament. The results suggest that the linear time-

weighted Brier score should be the default operationalization of foresight and that 

probability training and teaming interventions as proposed by prior research may not 

improve foresight as we conceptualize it. We contribute to judgmental forecasting 

research by clarifying the concept, operationalization, and correlates of foresight. 

 

Keywords: foresight, time-weighted Brier score, forecasting framework, forecasting 

tournaments, judgmental forecasting, superforecasting 
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3.1 Introduction 
Forecasting is key to successful managerial decision-making as the utility of a 

decision alternative usually depends on the future state of the world. Managers can draw 

on statistical and judgmental forecasting techniques to forecast future states of the world 

(Armstrong, 2001; Bunn & Wright, 1991; Goodwin & Wright, 1993, 2014; Petropoulos 

et al., 2022): Statistical forecasting techniques employ statistical models, whereas 

judgmental forecasting techniques rely on human judgment to predict the future. Initial 

research suggested that statistical forecasting is superior to judgmental forecasting (e.g., 

Hogarth and Makridakis 1981, Makridakis 1986) because human judgment can be 

biased and noisy (Kahneman, 2011; Kahneman et al., 2021; Kahneman & Lovallo, 1993; 

Tversky & Kahneman, 1974). But later research using forecasting tournaments 

(Atanasov et al., 2017; Tetlock et al., 2014) demonstrated that some forecasters are 

superforecasters who forecast the future more accurately than others (Mellers et al., 

2014; Mellers, Stone, Murray, et al., 2015; Tetlock & Gardner, 2016). This research has 

demonstrated that individuals differ in their foresight––their ability to forecast future 

states of the world.9 

However, the concept of foresight underlying this research stream focuses on 

accuracy and does not fully incorporate the time dimension of foresight. Prior research 

in this domain has solely examined ‘forecasting accuracy’ as the focal phenomenon (see 

Table 3.1). Accordingly, prior research has operationalized foresight using scoring rules 

that mainly evaluate the accuracy of forecasters’ predictions in forecasting tournaments. 

The seminal research, for example, used Brier scores (BS; Brier, 1950) to operationalize 

foresight and classify the top 2% of forecasters as superforecasters (Mellers et al., 2014; 

Mellers, Stone, Murray, et al., 2015; Tetlock & Gardner, 2016). The BS considers the 

accuracy but omits the timing of forecasts by computing the simple average of the 

forecast errors over the days a question was forecastable starting from the initial 

predictions made by the forecasters. This enables forecasters to score better on the BS 

by delaying their predictions until more and higher quality signals become available, 

which makes forecasting easier over time.  

 
9 Building on prior research (Lawrence et al., 2006; Petropoulos et al., 2022), we consider judgmental 
forecasting to be a method for predicting future states of the world, where forecasters make predictions 
based on their causal mental models of the world and the information they possess. In contrast, we 
construe foresight as a concept describing an individual ability necessary for successful judgmental 
forecasting. Although crowds can also possess foresight (Atanasov et al., 2017, 2024; Satopää et al., 
2023; Surowiecki, 2005), we always mean the foresight of individuals when we refer to foresight in 
this paper. Note that our conceptualization of foresight is in principle generalizable to the foresight of 
crowds. 
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To remedy this issue, three studies used the mean daily Brier score (MDBS) to 

operationalize foresight (Atanasov et al., 2017, 2020; Mellers, Stone, Atanasov, et al., 

2015). The MDBS considers the accuracy and timing of forecasts by imputing the daily 

average group forecast if forecasters delayed their initial predictions and computing the 

simple average of the forecast errors over all days a question was forecastable. But 

forecasters can still benefit from delaying their predictions as the group average usually 

improves when more and higher quality signals become available over time. 

Furthermore, both the BS and the MDBS weight forecast errors equally over time even 

though forecast errors should be weighted progressively heavier: If it becomes easier to 

forecast future states of the world over time, later errors under easier conditions indicate 

worse foresight compared to early errors under more difficult conditions. As prior 

research suggests that the availability and quality of signals increase over time (Moore 

et al., 2017; Satopää et al., 2021), the current concept and operationalization do not fully 

reflect the time dimension of foresight. This limits our ability to observe and explain 

interindividual differences in forecasters’ foresight. For these reasons, the goal in this 

paper is to develop a concept and operationalization that fully integrate the accuracy 

and time dimension of foresight. 

To provide the theoretical basis of this integration, we propose a forecasting 

framework suggesting that predicting future states of the world accurately becomes 

easier over time as the availability and quality of signals generally increase over time. 

A signal represents information with predictive value that enables forecasters to predict 

future states of the world more accurately. Based on this forecasting framework, we 

conceptualize foresight as the ability to predict future states of the world accurately, 

where accuracy becomes continuously more important over time. Using this concept, 

we propose various strictly proper scoring rules to operationalize foresight in 

forecasting tournaments (Atanasov et al., 2017; Tetlock et al., 2014). After proving 

analytically that the proposed scoring rules are strictly proper (Gneiting & Raftery, 

2007), we evaluate the scoring rules under different theoretical signal trajectories in a 

simulation study. The results show that scoring rules considering the accuracy and 

timing of forecasts accurately measure the true foresight of forecasters irrespective of 

the true signal trajectory. 

We also evaluate the scoring rules empirically using real-world forecasting data 

of 414,168 scores for 9,694 forecasters on 498 questions from a four-year geopolitical 

forecasting tournament collected in the context of government intelligence analysis. 

Measures of linear association suggest that scoring rules considering the accuracy and 

timing of forecasts lead to different conclusions about the relative foresight of 
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forecasters and exhibit different correlational patterns with 29 variables compared to 

the BS. These results indicate that the different classes of scoring rules measure 

different concepts of foresight. As the linear time-weighted Brier score (TWBS) assigns 

better scores to superforecasters than other scoring rules, the results suggest that the 

linear TWBS should be the default operationalization of foresight. The results also show 

that probability training and teaming interventions as proposed by prior research may 

not improve foresight as we conceptualize it. 

We make three contributions to the literature. First, we conceptualize foresight 

as the ability to predict future states of the world accurately, where accuracy becomes 

continuously more important over time. In contrast to prior work, our conceptualization 

fully integrates the accuracy and time dimension of foresight. Second, we introduce and 

evaluate a set of scoring rules considering the accuracy and timing of forecasts. Our 

results suggest that the linear TWBS should be the default operationalization of 

foresight, which enables researchers and practitioners to better identify individuals who 

possess superior foresight. Third, we establish the correlational patterns for the different 

concepts and operationalizations of foresight. This provides the foundation for future 

research on foresight.  

The remainder of this article is structured as follows: First, we briefly review 

previous work on foresight. Second, we delineate the forecasting framework and define 

foresight as the ability to predict future states of the world accurately, where accuracy 

becomes continuously more important over time. Third, we define the scoring rules to 

operationalize our concept of foresight in forecasting tournaments. Fourth, we 

demonstrate in a simulation study that scoring rules considering the accuracy and timing 

of forecasts measure the true foresight of forecasters better than the BS under all 

theoretical signal trajectories. Fifth, we apply the scoring rules to real-world 

geopolitical forecasting data and show that they lead to different conclusions about the 

foresight of forecasters, exhibit different correlational patterns with variables 

previously examined in relation to forecasting ability, and that the linear TWBS is the 

preferable scoring rule. Finally, we discuss the theoretical and practical implications of 

our work, consider the limitations of our study, and outline opportunities for future 

research. 
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3.2 Foresight 
Judgmental forecasting research on superforecasting has demonstrated that 

forecasters differ in their foresight––their ability to forecast future states of the world 

accurately (Mellers et al., 2014; Mellers, Stone, Murray, et al., 2015; Tetlock & Gardner, 

2016). In forecasting tournaments (Atanasov et al., 2017; Tetlock et al., 2014), the top 

2% of forecasters––called superforecasters––were able to forecast future states of the 

world more accurately than the other forecasters across a variety of geopolitical 

forecasting questions three years in a row (Mellers, Stone, Murray, et al., 2015). 

Forecasting tournaments are prediction polls in which participants make probability 

forecasts on questions about the future state of the world at a specific point in time 

(Atanasov et al., 2017; Tetlock et al., 2014). As forecasters can update their probability 

forecasts over time until the question is resolved, forecasters can integrate new 

information in their forecasts. Although accurately forecasting future states of the world 

may partly be luck (Barney, 1986; Mauboussin, 2012), the superforecasters’ predictive 

accuracy across multiple questions suggests that foresight is also an ability in which 

forecasters display stable interindividual differences. 

Subsequent research has examined the aggregate profile of superforecasters to 

understand why they forecast future states of the world more accurately than others. 

Various personality traits, situational variables, and behaviors are related to predictive 

accuracy (Atanasov et al., 2020; Atanasov & Himmelstein, 2022; Karvetski et al., 2022; 

Mellers et al., 2014; Mellers, Stone, Atanasov, et al., 2015; Mellers, Stone, Murray, et 

al., 2015): Forecasters with above average fluid and crystallized intelligence, need for 

cognition, open-minded thinking, cognitive control, dialectical complexity, and 

competitiveness predicted the future more accurately than others. Furthermore, 

forecasters who participated in cognitive debiasing training, became members of teams, 

or were tracked into elite teams predicted the future more accurately than others. 

Moreover, forecasters who cultivated a scientific worldview, embraced a growth 

mindset, developed a nuanced understanding of uncertainty, collected more information 

on the questions to be forecast, and updated their beliefs and forecasts regularly in small 

steps predicted the future more accurately than others. Generally, good calibration 

(Moore et al., 2017) as well as little bias and noise in the interpretation of information 

(Satopää et al., 2021) are elements of foresight. 

Previous research has implicitly acknowledged that the availability of signals 

may increase over time. For example, research has plotted the information revelation 

over time (Arrow et al., 2008; Himmelstein et al., 2021, 2022) and suggested that an 
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increase in available signals results in a higher predictive accuracy of forecasters 

(Moore et al., 2017). Furthermore, research building on the partial information 

framework (Satopää et al., 2016) contended that some signals about the future state of 

the world may become available later, which can confine forecasters’ predictive 

accuracy in the beginning (Satopää et al., 2021). Although this work overall 

acknowledges that the accuracy of forecasts is bounded by the available signals at a 

specific point in time, neither of these studies fully conceptualizes foresight as an ability 

that is constituted by the accuracy and timing of forecasts. 

3.3 Reconceptualizing Foresight 

3.3.1 Forecasting Framework 
The extent to which future states of the world can be forecast accurately depends 

on whether the world is assumed to be a deterministic system––a system in which the 

initial states and causal mechanisms determine all future states of the system––or an 

indeterministic system––a system in which future states of the system are at least partly 

random (Lorenz, 1969). We take an indeterministic view of the world by assuming 

future states of the world to be partly determined by causal mechanisms operating in 

the world and partly created by stochastic processes. Although stochastic processes 

preclude a perfectly predictable world, forecasters can imperfectly forecast future states 

of the world by observing the present state of the world and inferring the causal 

mechanisms operating in the world that allow them to project how the present state of 

the world could evolve in the future (Lorenz, 1969; Simon, 1996). Forecasters observe 

the present state of the world by gathering information, for example, from their personal 

experiences, other individuals, or media. Forecasters infer the causal mechanisms 

operating in the world by observing changes in states of the world over time and 

interpreting these changes through the conception of causal mechanisms that can 

explain these changes (Cheng, 1997). In short, forecasters forecast future states of the 

world based on causal mental models of the world and information about the present 

state of the world. 

The entirety of information about the present state of the world and the causal 

processes operating in the world that is available at a specific point in time constitutes 

the information universe (Satopää et al., 2016). Forecasters predict future states of the 

world by sampling information from this information universe at a specific point in time 

(Satopää et al., 2016). The information universe dynamically expands over time due to 

the continuous interaction of the present state of the world with the causal mechanisms 
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and stochastic processes operating in the world, which produces more and higher 

quality information over time. This reduces epistemic uncertainty––imperfect 

knowledge (Tannenbaum et al., 2017)––over time. 

The increasing quantity and quality of signals make it easier to forecast future 

states of the world accurately over time for two reasons. First, forecasters can observe 

the present state of the world more accurately by updating their initial observation based 

on the higher quantity and quality of signals created by causal mechanisms and 

stochastic processes over time (Atanasov et al., 2020; Kapoor & Wilde, 2023). Second, 

forecasters can infer the relevant causal mechanisms operating in the world more 

accurately by evaluating the conceived causal mechanisms in light of the higher 

quantity and quality of signals in a Bayesian manner (Harrison & Stevens, 1976; West 

& Harrison, 2006). As forecasters’ predictive accuracy depends partly on the accurate 

observation of the present state of the world and partly on their accurate knowledge of 

the relevant causal mechanisms operating on the present state of the world, it becomes 

easier to forecast future states of the world accurately over time. 

It is important to recognize that it may become more difficult to forecast future 

states of the world accurately over time in some instances at least for two reasons (Van 

den Broeke et al., 2019): First, higher quantities of information may hurt forecasting 

accuracy over time due to information overload (Edmunds & Morris, 2000; Gross, 

1964). Second, forecasters may pay attention to lower instead of higher quality 

information (i.e., noise instead of signals) (Gigerenzer & Todd, 1999; Kahneman et al., 

2021; Satopää et al., 2021). While these factors may hurt forecasting accuracy over time 

in some instances, empirical evidence shows that forecasters usually predict future 

states of the world more accurately over time as the quantity and quality of information 

generally increases over time (Himmelstein et al., 2022; Moore et al., 2017). 

3.3.2 Reconceptualizing Foresight 
Based on our forecasting framework, we reconceptualize foresight as the ability 

to predict future states of the world accurately, where accuracy becomes continuously 

more important over time. According to this definition, forecasters possess perfect 

foresight if they predict future states of the world with perfect accuracy over time, for 

example, from the beginning to the end of a question in a forecasting tournament. 

Forecasters may deviate from perfect foresight in three ways: First, forecasters may 

provide inaccurate forecasts over time. For instance, one forecaster may consistently 

provide perfectly accurate forecasts at each point in time, whereas another forecaster 

may consistently make inaccurate forecasts at each point in time. Second, forecasters 
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may start forecasting at different points in time. For example, one forecaster may 

consistently forecast a question perfectly accurate from the beginning to the end of a 

question, whereas another forecaster may also perfectly forecast the question but only 

starts forecasting one day before the question ends. Third, forecasters may provide 

inaccurate forecasts at different points in time. For example, one forecaster may be 

inaccurate at the beginning but accurate at the end of a question, whereas another 

forecaster may be accurate at the beginning but inaccurate at the end of a question. In 

all these cases, the former forecasters possess superior foresight compared to the latter 

forecasters as it becomes easier to forecast future states of the world accurately over 

time (see also Figure 3.1). 

It may seem counterintuitive that a forecaster who is inaccurate at the beginning 

but accurate at the end of a question possesses superior foresight compared to another 

forecaster who is accurate at the beginning but inaccurate at the end of the question. 

This appears to contradict our forecasting framework positing that it is easier to 

accurately forecast future states of the world later rather than earlier. But if it becomes 

easier to forecast future states of the world over time, forecasting future states of the 

world accurately at the beginning but inaccurately at the end of a question suggests that 

the initial accurate forecasts were due to luck rather than true foresight. Forecasters who 

possess true foresight either update their initial inaccurate forecasts so that their 

forecasts become more accurate over time or do not revise their initial perfectly accurate 

forecast. 10  Taken together, we consider foresight to be a bidimensional construct 

consisting of an accuracy and time dimension that is revealed in the accuracy of 

forecasts over time. In the following, we will propose a corresponding 

operationalization of foresight. 

 

 

  

 
10 One may argue that an accurate early forecast is worth more than an accurate late forecast as decisions 
may be based on earlier rather than later forecasts in practice. However, only accurate early forecasts 
that are rooted in true foresight will enable managers to consistently make better decisions. In the long 
term, lucky accurate early forecasts will ensue unlucky inaccurate early forecasts resulting in poor 
decisions. Furthermore, decision makers often adjust and reverse their decisions based on later, more 
inaccurate forecasts, which often results in negative outcomes (Fildes et al., 2009; Van den Broeke et 
al., 2019). Thus, it is theoretically and practically useful to define foresight as the ability to predict 
future states of the world accurately, where accuracy becomes continuously more important over time. 
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3.4 Operationalizing Foresight 
First, we will briefly explain what forecasting tournaments are, what strictly 

proper scoring rules are, and why forecasting tournaments in conjunction with strictly 

proper scoring rules are ideal to examine foresight. Second, we will describe the Brier 

score (Brier, 1950), the mean daily Brier score (MDBS), and ignorance-prior Brier 

score (IPBS). Third, we will propose the time-weighted Brier score (TWBS) 

operationalizing foresight according to our reconceptualization. 

3.4.1 Forecasting Tournaments and Strictly Proper Scoring Rules 
Forecasting tournaments are prediction polls in which participants make 

probabilistic forecasts (Budescu & Du, 2007) on questions that each relate to a future 

state of the world at a specific point in time (Atanasov et al., 2017; Tetlock et al., 2014). 

For each question, the participants allocate probabilities to a finite number of categories 

representing an exhaustive set of answers to the question. When the participants have 
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made a probability forecast, this probability forecast is retained until they update their 

probability forecast, which they can do at any time until the question is resolved. The 

probability forecasts of each participant on a question are recorded daily. A question is 

resolved when the true state of the world at the resolution date is known. When a 

question is resolved, the forecasts of each participant can be evaluated, as it is clear 

which category is the true state of the world (see Atanasov et al. 2017, Mellers, Stone, 

Murray, et al. 2015, and Tetlock et al. 2014).  

The optimal elicitation and evaluation of probability forecasts in forecasting 

tournaments requires strictly proper scoring rules (Gneiting & Raftery, 2007; Winkler, 

1994). Strictly proper scoring rules incentivize forecasters to make careful and honest 

forecasts that correspond to their true beliefs about the future states of the world 

(Wallsten & Budescu, 1983), as they can only maximize their expected reward when 

they forecast their true beliefs (Gneiting & Raftery, 2007; Winkler, 1969). Furthermore, 

strictly proper scoring rules quantify the quality of forecasts depending on the realized 

future state of the world by rewarding forecasters for providing calibrated and sharp11 

probability forecasts (Gneiting & Raftery, 2007). Probability forecasts are calibrated if 

the empirical frequencies of the event outcomes align with the forecaster’s probability 

forecasts (Gneiting et al., 2007). Specifically, if the forecaster is calibrated, then 25% 

of all those events, for which they forecast 0.25, occur, and this alignment does not hold 

only for 0.25 but for any probability in the unit interval. Probability forecasts are sharp 

if they have high confidence (Gneiting & Katzfuss, 2014; Gneiting & Raftery, 2007). 

For instance, if forecasters allocate a probability of 1 to a category, they provide a 

maximally sharp forecast. Under a strictly proper scoring rule, forecasters receive the 

maximum reward if they are both calibrated and maximally sharp, leading to perfect 

predictions of the future state of the world (see Gneiting and Raftery 2007 for a formal 

definition). For example, if the true probability that it rains on a given day is on average 

50% and a forecaster allocates a probability of 1 to rain on days that it is actually raining 

and a probability of 1 to no rain when it is actually not raining, the forecaster is perfectly 

calibrated and maximally sharp, which corresponds to perfect predictions of future 

states of the world. 

Forecasting tournaments are the ideal research design to examine foresight, as 

both the accuracy and timing of forecasts can be measured. Accuracy can be measured 

by computing the deviations of the probability forecasts from the true state of the world. 

 
11 Mellers, Stone, Murray, et al. (2015) and Satopää et al. (2021) refer to this as the forecasters’ 
resolution. 
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Timing can be measured by recording when the forecasters made their probability 

forecasts, which is done by default in forecasting tournaments. Based on this 

information, it can be measured how accurately a forecaster predicted the future state 

of the world relative to the point in time when the question was resolved. However, 

existing strictly proper scoring rules mainly focus on the accuracy of probability 

forecasts and thus, do not fully consider the timing of probability forecasts as an 

additional quality criterion. In the following, we will generalize the BS, which has 

previously been used to measure foresight in forecasting tournaments, to the TWBS, 

which fully incorporates the timing of probability forecasts as an additional quality 

criterion. 

3.4.2 Brier Scores 
The current conceptualization of foresight is usually operationalized by the Brier 

score (Brier, 1950), which is a strictly proper scoring rule.12 The Brier score (BS) is 

formally defined as 
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where !"!" is the BS of forecaster - = 1,… , /	(/ ∈ ℕ	the	number	of	forecasters) on 

question @ = 1,… , A	(A ∈ ℕ	the	number	of	questions); %!"  is the number of time-

units (usually days) D = 1,… , %!" forecaster - had an active forecast on question @; E" 

is the number of possible disjunct classes F = 1,… , E" of question @ the event can fall 

into; (!"#$ is the probability forecast of forecaster - on question @ at time D for class F; 

and *"$ indicates whether the class F is the true state of the world at the time of the 

resolution of question @ (*"$ = 1 if yes, *"$ = 0 if not). 

The BS is a mean squared error. It measures the deviation of the forecasts (!"# of 

forecaster - on question @ at time D from the true state of the world when question @ is 

resolved. As the BS provides the smallest reward for a probability forecast of 1/E" (e.g., 

a score of 0.5 for E" = 2) and provides the largest reward for a probability forecast of 

1 on the category representing the true future state of the world to be forecast, the BS is 

a symmetric scoring rule (Winkler, 1994). Furthermore, researchers who use the BS 

typically do not penalize forecasters for providing no forecast at a specific day. In other 

 
12  Although other scoring rules exist (cf. Gneiting and Katzfuss 2014), research on forecasting 
tournaments has mainly used the Brier and related scores. For this reason, we focus on and extend the 
Brier score. 
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words, they exclude missing values, which may contain potentially valuable 

information about the foresight of forecasters. Furthermore, the forecast errors are 

equally weighted. In essence, the BS rewards forecasters for calibrated and sharp 

forecasts but does not consider the timing of forecasts. Consequently, forecasters can 

delay their initial forecasts until more information becomes available, which makes it 

easier to forecast future states of the world accurately over time. That is, the BS 

measures foresight conceptualized as the ability to consistently forecast future states of 

the world accurately. 

Partly recognizing the neglect of the time dimension, three studies used the mean 

daily Brier score (MDBS) to operationalize foresight (Atanasov et al., 2017, 2020; 

Mellers, Stone, Atanasov, et al., 2015). The MDBS is formally defined as 
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if	forecaster	-	made	no	forecast	on	question	@	at	time	D, 
where JK!"!" is the MDBS of forecaster - on question @; N"# is the set of indices of 

forecasters	who had an active forecast on question @ at time D; | ⋅ | is the cardinality of 

the set (i.e., the number of elements in the set); and (*"#$ is the probability forecast of 

forecaster Q on question @ at time D for class F. 

The MDBS extends the BS by assigning forecasters who delayed their initial 

prediction on the question with the mean daily Brier score of all forecasters who have 

provided a forecast as of that specific day. Thereby, the MDBS incentivizes forecasters 

to forecast future states of the world when they believe that they know more than the 

average forecaster. While this partly considers the timing of forecasts, this still 

incentivizes forecasters to delay forecasting until they think that they possess more 

information than the average forecaster. In the meantime, they benefit from other 

forecasters who make more accurate forecasts over time as it becomes easier to forecast 

future states of the world over time. This likely distorts the measurement of 

interindividual differences in foresight. 

To remedy this issue, one can conceive the ignorance prior Brier score (IPBS), 

which assigns a score of 1 − 1/E" (e.g., a score of 0.5 for E" = 2) to forecasters who 

provided no forecast at a day. The score of 1 − 1/E" reflects the ignorance prior as this 

score results from the assignment of equal probabilities to the potential outcomes. 
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Thereby, the IPBS incentivizes forecasters to forecast future states of the world when 

they believe that they know something more than chance. While this enables the 

undistorted measurement of interindividual differences in foresight, it still does not 

fully reflect the time dimension of foresight according to our reconceptualization and 

forecasting framework. The forecasts are equally weighted so that a forecaster who 

makes accurate early but inaccurate late forecasts is considered to have equal foresight 

compared to a forecaster who makes inaccurate early but accurate late forecasts. In the 

following, we propose the time-weighted Brier score to solve this issue. 

3.4.3 Time-Weighted Brier Score 
 To operationalize our reconceptualization of foresight, we propose the Time-

Weighted Brier score (TWBS), which is formally defined as  
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 (3.3) 

with	&((!"#$ − *"$)%
&!

$'(
= 1 − 1/E"	if	forecaster	-	made	no	forecast	on	question	@	at	time	D, 

where %R!"!" is the TWBS of forecaster - on question @; %" is the number of time-

units (usually days) D = 1,… , %" question @ was forecastable; and T# > 0 is any weight 

at time D that is strictly monotonically increasing over time D = 1,… , %". 

Extending the BS from a mean squared error to a weighted mean squared error, 

the TWBS weights the forecast error ∑ ((!"#$ − *"$)%
&!
$'(  depending on the timing of 

forecaster -’s forecast (i.e., when forecaster - made their forecast) by multiplying the 

forecast error with the value of T#  at time D  when forecaster -  made their forecast. 

Thereby, the TWBS weights the forecast error ∑ ((!"#$ − *"$)%
&!
$'(  of forecaster -  on 

question @ at time D heavier, the closer forecaster - made their forecast relative to the 

realization of the future state of the world. Errors are punished more severely over time 

as it becomes easier to forecast future states of the world over time. This incentivizes 

forecasters to update their forecasts regularly. Like the IPBS, the TWBS penalizes 

forecasters for providing no forecast at a day with a score of 1 − 1/E". Thus, the TWBS 

incentivizes forecasters to forecast future states of the world when they believe that they 

know something more than chance. The TWBS operationalizes foresight 

conceptualized as the ability to predict future states of the world accurately, where 

accuracy becomes continuously more important over time (see Appendix 3.A for a 
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detailed explanation and example). 

The TWBS is a strictly proper scoring rule that represents a mathematical 

generalization of the BS (see Appendix 3.B for the proof). The TWBS can be easily 

used in practice, as forecasting tournaments contain all information necessary for the 

computation of the TWBS by default (i.e., the forecasts (!"# of forecaster - on question 

@ at time D). Thus, the TWBS can always be calculated when the Brier Score can be 

calculated. The TWBS can be used in conjunction with mechanisms ensuring incentive-

compatible forecasting competitions as the TWBS is bounded (Witkowski et al., 2022). 

Furthermore, the logic of the time-weighted average can also be used in conjunction 

with other (e.g., ordered) scoring rules (Gneiting & Katzfuss, 2014; Jose et al., 2008). 

More generally, the TWBS can be used to measure the performance of a forecasting 

system producing time-series probability forecasts (Regnier, 2018).  

As the TWBS allows practitioners to determine the time-dependent weights T# 
themselves, they can model various theoretical signal trajectories describing the 

quantity and quality of signals that become available at a specific point in time based 

on their theoretical expectations.13 For example, practitioners may assume a linear true 

signal trajectory, which means that the quantity and quality of signals increase at a 

constant rate over time (T# = D). They may also assume a square root signal trajectory, 

which implies that signals continuously become available but the rate and quality at 

which the signals become available diminishes towards the resolution date VT# = √DX. 
Practitioners may also assume that the availability and quality of signals increases 

rapidly at a specific point in time, which corresponds to a logistic signal trajectory 

YT# =
(

(-.$%(#$'.)*)Z. % is the number of days the event is forecastable and 0.5% means 

that the rapid increase takes place after 50% of the days. Lastly, practitioners may 

assume that the highest quality and quantity of signals become rapidly available briefly 

before the event realizes, which corresponds to an exponential signal trajectory 

(T# = ]#) . Figure 3.2 illustrates these signal trajectories and provides real-world 

 
13 There are two general ways to determine the time-dependent weights of the TWBS. First, researchers 
and practitioners may assess the quantity and quality of signals a priori based on their theoretical 
expectations. For example, when forecasting stock market prices, researchers and practitioners may 
assume a linear signal trajectory and use the linear TWBS. Second, researchers and practitioners may 
assess the quantity and quality of signals a posteriori by estimating the weights of the TWBS based on 
empirical proxies like the standard deviation of the forecasts on a question at each point in time (as a 
measure of uncertainty), the number of newspaper reports, or Google trends. Although both approaches 
are feasible, we recommend the a priori approach as the purpose of strictly proper scoring rules is not 
only the evaluation but also the elicitation of forecasts, which requires researchers and practitioners to 
determine the incentive structure of the score a priori (Gneiting & Raftery, 2007).  
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examples. Taken together, the TWBS is a strictly proper scoring rule that quantifies 

how accurately a forecaster predicted the future state of the world over time. 

 

 
 

3.5 Simulation Study 
We conducted a simulation study to provide insights into three questions: First, 

do scores considering the timing of forecasts offer an advantage over the BS in terms 

of measuring foresight in a setting where it becomes easier to forecast future states of 

the world over time? Second, what is a reasonable default weight T# of the TWBS to 

measure the true foresight of forecasters under various theoretical signal trajectories? 

This question is important to answer because ex ante our forecasting framework and the 

TWBS suggest that matching the score to an anticipated signal trajectory is important. 

Third, what is the best score to measure foresight conceptualized as the ability to predict 

future states of the world accurately, where accuracy becomes continuously more 

important over time? A simulation study is the ideal design to answer these questions 
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because the data-generating population model is known to researchers. Therefore, we 

can know the true foresight of forecasters and the true signal trajectory influencing the 

difficulty of forecasting future states of the world. This allows us to evaluate how 

accurately different scoring rules measure the true foresight of forecasters under 

different true theoretical signal trajectories. To this end, we correlate each score with 

the true foresight of forecasters. 

3.5.1 Design 
The simulation study consisted of a 2x2x4 design yielding 16 conditions with 

1000 simulation trials each. In each simulation trial ^ = 1, 2, … , 1000, we generated a 

forecasting tournament where / = 200  forecasters predict A = 10  questions that 

consisted of F = 1, 2 categories and was forecastable on D = 1, 2, … , % days with % =
90. The number of forecasters, the number of questions, and the number of days the 

question was forecastable are typical of forecasting tournaments. However, the number 

of questions predicted by each forecaster is rather at the lower boundary. Although 

questions in forecasting tournaments can have more than two categories, we chose this 

value for simplicity.  

We modelled the forecast (!"#  of forecaster -  on question @  at time D  as beta 

distributed with a mean of   

 `Va!"#X =
1

1 + ]/0!12"/34!/5#67
 (3.4) 

where c!  is the true foresight of forecaster -; d"  is the discrimination of question @, 

which determines the impact of c! on their forecasts on question @ and thus captures 

natural differences in how useful forecasters’ true foresight is to forecast a question; e" 

is the difficulty of question @, which represents how difficult it is to forecast question 

@ irrespective of c!; and f# is the time effect at time D, which is subtracted from e" as it 

represents a proxy for the amount and quality of signals that become available at time 

D. This reflects the assumption that questions become easier over time. The modelling 

approach follows the logic of a two-parameter item response theory (IRT) model (see 

for the binomial case Birnbaum 1968), which is a statistical framework for modelling 

how person abilities and item characteristics influence responses to items. Although 

IRT models are primarily used to measure interindividual differences in abilities, they 

also describe the process how forecasters make predictions: Forecasters have a stable 

ability that determines the forecasts on the true category in interaction with the difficulty 

of the question. This stable ability can be interpreted as the result of underlying 



                           Individual Foresight: Concept, Operationalization, and Correlates 120 

cognitive processes, such as selecting and interpreting information from the information 

universe (cf. Satopää et al., 2021). 

We characterized forecasters by five parameters: their (1) foresight c! describing 

their ability to forecast future states of the world early and consistently accurate over 

time; (2) forecast precision g! indicating how noisy the forecasts of forecaster - are; (3) 

strategic forecast delay h!  defining to what extent forecaster -  delays their initial 

forecast until more information becomes available; (4) miscellaneous forecast delay i! 
representing to what extent forecaster - delays their initial forecast for other reasons 

(e.g., because they did not have time to make a forecast initially); and (5) updating 

behavior j! specifying the number of updates forecaster - makes. 

We sampled the person parameters from a multivariate normal distribution,  

⎝
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with means h! = 0 (high strategic forecast delay) and i! = −1 (high miscellaneous 

forecast delay) depending on the simulation condition. The covariances between the 

parameters equal medium correlations ±0.5  and reflect empirical findings that 

foresight c! should be positively related to the precision of forecasts g! and the number 

of updates j!  (Tetlock & Gardner, 2016). Furthermore, our forecasting framework 

suggests that foresight c! should be negatively related to the missing value rate i! and 

delaying behavior h! as forecasters who possess foresight should be able to accurately 

forecast future states of the world early. For the question parameters, we sampled the 

difficulties e"  and the discriminations d"  from a multivariate normal distribution, 

u
e"
d"
v~r wY01Z , Y

1
0.3 1 Z

x. The assumed correlation	between the difficulty e"  and 

discrimination d" of question @ is typical of 2 PL IRT models (Birnbaum, 1968). We 

truncated the lower bound of precision g! to 2, the lower bound of updating behavior j! 
to 0, the difficulty so that e" ∈ [−1, 3], and the discrimination so that d" ∈ [0.3, 1.5] 
via rejection sampling. This avoided trials with extreme and unrealistic parameters, 

which ensures stable simulation trials. 

We modelled four theoretical signal trajectories f ∈ {f8!*, f9":#, f8;<!#, f.=>| that 

determined f# : a signal trajectory following a linear function f8!*(D) = D ; a signal 

trajectory following a square root function f9":#(D) = √D; a signal trajectory following 
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a logistic function f8;<!#(D) =
(

(-.$%(#$'.)*), where % is the number of days the event is 

forecastable; and a signal trajectory following an exponential function f.=>(D) = ]#. f# 
was standardized so that it matched the scale of the other model parameters. The 

minimum of the standardized time effect f# was set to 0 by subtracting the minimum of 

the standardized time effect f# from the standardized time effect f# to ensure that the 

standardized time effect is positive and thus, reduces the difficulty e"  over time. 

Corresponding to our forecasting framework, all theoretical signal trajectories share the 

assumption that the availability and quality of signals regarding the specific future state 

of the world to be forecast increases over time. This ensures that forecasting future 

states of the world becomes easier over time. However, the theoretical signal trajectories 

differ in their assumption of how many high-quality signals become available on each 

day D.  
Based on these forecaster and question parameters, we simulated the manifest 

forecasts (!"#$ in two steps: First, we modelled the potential forecasts (!"#(∗  of forecaster 

- on day D on question @ and category F = 1 by drawing a random value rounded to two 

digits from a beta distribution with a mean dependent on the item parameters as shown 

in Eq. (3.4) and with forecaster -’s precision g! , so that shape parameters are } =

`Va!"#X ∗ g! and � = Y1 − `Va!"#XZ ∗ g!. g! influences how precise (i.e., variable) the 

potential forecasts (!"#(∗  are, where smaller g! create noisy and larger g! create precise 

forecasts. Second, we modeled the initial forecasts of forecasters based on their strategic 

forecast delay h!  and miscellaneous forecast delay i! . We calculated the strategic 

forecast delay h! and miscellaneous forecast delay i! by setting negative values to 0 and 

positive values to 1. If the miscellaneous forecast delay i! was 1, forecaster - made their 

initial forecast at day % ∗ Ä! rounded to integers, where Ä! is a number randomly drawn 

from a uniform distribution with bounds [0.01, 0.50]. If the strategic forecast delay h! 
was 1, forecaster - made their initial forecast at day % ∗ Ä! rounded to integers, where Ä! 
is a number randomly drawn from a uniform distribution with bounds [0.51, 1]. This 

implies that forecasters who engaged in miscellaneous forecast delay made their initial 

forecast in the first 50% of days, whereas forecasters who engage in strategic forecast 

delay made their initial forecast in the last 50% of days. Having simulated the manifest 

forecasts on category 1 (!"#(, we set (!"#% = 1 − (!"#( for the days forecaster - made a 

forecast. Generally, we chose all values because they result in realistic but conservative 

forecasts (Figures 3.C1–3.C8 in Appendix 3.C show exemplary simulation data for 

various parameter values). For example, the simulated initial forecasts occur on average 
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slightly earlier compared to the real-world forecasts. This tends to help scores mainly 

rewarding accurate forecasts. For each condition and trial, we saved the manifest 

forecasts (!"#$ to compute each score, average the scores across questions, and correlate 

the average scores with the true foresight c!. 

3.5.2 Analysis 
For each condition and trial, we computed the BS, MDBS, IPBS, and various 

versions of the TWBS for each forecaster - on question @ using the manifest forecasts 

(!"#$: 
 

Å-Q]ÇÉ	%R!"!" =
∑ D ∑ ((!"#$ − *"$)%

&!
$'(

)!
#'(

∑ D)!
#'(

 (3.5) 
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with	&((!"#$ − *"$)%
&!

$'(
= 1 −

1
E"

 

if	forecaster	i	made	no	forecast	on	question	@	at	time	D. 
 

Then, we averaged the scores across questions and correlated the average scores with 

the true foresight of forecasters c!. Thus, we obtained 1000 correlations per condition 

and per scoring rule. These correlations represent the dependent variable of our 

simulation study. We analyzed our results graphically by drawing boxplots of the 

correlations for each scoring rule across conditions. 

3.5.3 Results 
Figure 3.3 displays boxplots of the correlations between the true foresight of 

forecasters c! and each scoring rule across all 1000 trials by simulation condition. As 

larger values of c! represent a better true foresight of forecasters and lower values on 

the scoring rules indicate better forecasts, more negative correlations indicate a more 

accurate measurement of the true foresight of forecasters by the corresponding scoring 

rule.  



Individual Foresight: Concept, Operationalization, and Correlates 123 

 

 
 



                           Individual Foresight: Concept, Operationalization, and Correlates 124 

The results displayed in Figure 3.3 indicate that the MDBS, IPBS, linear TWBS, 

square root TWBS, logistic TWBS, and exponential TWBS measure the true foresight 

c! on average more accurately than the BS across all conditions as indicated by the more 

negative correlations. Although there are only small differences in the average of the 

better performing scores, there are large differences in the performance stability of the 

scoring rules: The ranges and interquartile ranges of the linear, square root, and logistic 

TWBS are considerably smaller than those of the MDBS, IPBS, and exponential TWBS 

across the simulation conditions. This indicates that the linear, square root, and logistic 

TWBS measure the true foresight of forecasters more consistently than the remaining 

scoring rules. It is striking that the performance of all scores is consistent across all 

simulation conditions. Irrespective of the true underlying signal trajectory f, strategic 

forecast delay h!  and miscellaneous forecast delay i! , the linear, square root, and 

logistic TWBS robustly measure the true foresight of forecasters accurately. In other 

words, these scores accurately extract information about the forecasters’ true foresight 

under various true signal trajectories even when forecasters delay their forecasts more 

or less often for strategic or miscellaneous reasons. 

We conducted several robustness checks to corroborate our findings (see 

Appendix 3.D): First, we presumed the correlations between the person parameters to 

be 0.3 and 0. Second, we assumed that forecasters forecast one and 20 instead of 10 

questions. Third, we assumed that the questions were forecastable 365 instead of 90 

days. Fourth, we assumed that for ten percent of the questions the quality of the signals 

decreases over time (i.e., the signals represent noise instead of information) up until the 

final day of the forecast. The robustness checks yielded the same qualitative results with 

two exceptions: First, the linear, square root, and logistic TWBS had no advantage over 

the BS, MDBS, and IPBS in average accuracy and consistency when the correlations 

between the person parameters were 0. One explanation for this finding is that the 

TWBS extracts information about the true foresight of forecasters based on the forecast 

delays. If the forecast delays are uncorrelated with the true foresight of forecasters, this 

information represents noise and cannot improve the accuracy and consistency of the 

TWBS compared to the other scores. Second, the logistic TWBS performed slightly 

worse in terms of average accuracy and consistency than the linear and square root 

TWBS when forecasters only forecast 1 question. This suggests that the logistic TWBS 

is less accurate and consistent than the linear and square root TWBS in the measurement 

of the true foresight for forecasters who only forecast one question. Therefore, both 

T# = f8!*.E: and T# = f9":# are reasonable default weights for the TWBS. Generally, 
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the advantage of the TWBS over the other scores increases with the number of questions 

the forecasters forecast as indicated by the results where forecasters forecast 20 instead 

of 10 questions. Furthermore, the TWBS outperforms the other scoring rules the longer 

the questions were forecastable as shown by the results where forecasters forecast 10 

questions each lasting 365 days. Remarkably, these results even hold when the quality 

of signals decreases over time for ten percent of the questions. Taken together, the 

results suggest that the linear and square root TWBS are the best scores to measure 

foresight defined as the ability to predict future states of the world accurately, where 

accuracy becomes continuously more important over time. 

3.6 Application to Geopolitical Forecasting Data 
To evaluate the scoring rules empirically, we conducted two analyses using 

geopolitical forecasting data gathered in the context of government intelligence analysis 

consisting of 414,168 scores for 9,694 forecasters on 498 questions over a period of 

four years: First, we computed measures of linear association between the scoring rules 

to assess whether the scoring rules come to different conclusions about the true foresight 

of forecasters. Second, we calculated measures of linear association between the scoring 

rules and 29 variables to determine whether the scoring rules exhibit different 

correlational patterns, which would suggest that the scoring rules measure different 

concepts of foresight. These analyses may also provide empirical insight into whether 

one of the strictly proper scoring rules is preferable over the others. In the following, 

we will describe the data, explain our analytical approach, and report the results. 

3.6.1 Geopolitical Forecasting Data 
We used publicly available data from a geopolitical forecasting tournament that 

was run over four years from 2011 to 2015 as part of the Good Judgment Project that 

took part in the Aggregative Contingent Estimation project sponsored by the 

Intelligence Advanced Research Projects Activity.14  Forecasters made probabilistic 

forecasts on questions, such as “Will Bashar al-Assad remain President of Syria through 

31 January 2012?” The questions were forecastable on average on 112 days ("K =
93,à]â-ÇQ = 83, ÉÇQÖ] = 548); 382 questions had two, 47 questions had three, 50 

questions had four, and 19 questions had five answer categories. All questions were 

related to politics or politically relevant events. As part of the project, participants were 

randomly assigned to various treatment groups (Mellers et al., 2014): For example, the 

 
14 The data is publicly available at https://dataverse.harvard.edu/dataverse/gjp. 

https://dataverse.harvard.edu/dataverse/gjp
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training group received a probability training, the teaming group consisted of 

forecasters who were assigned to teams, and the tracking group consisted of teams of 

superforecasters. 15  In addition, measures of various psychological constructs were 

collected as part of the project. Table 3.E1 in Appendix 3.E provides an overview 

including descriptive statistics of the treatment groups and empirical measures. For the 

sake of brevity, we refer the reader to the public data for a full description of the 

treatment groups as well as measures and to previous research for more details on the 

forecasting tournament (cf. Mellers et al. 2014, Mellers, Stone, Atanasov, et al. 2015, 

Mellers, Stone, Murray, et al. 2015, Moore et al. 2017, Satopää et al. 2021) 

3.6.2 Analytical Approach 
We fitted ordinary least squares (OLS) regressions to obtain a measure of linear 

association between the scoring rules by regressing the scores on each other (e.g., the 

linear TWBS on the BS). Furthermore, we fitted OLS regressions to obtain a measure 

of linear association between each score and the empirical measures listed in Table 3.E1 

by regressing each score on each empirical measure (e.g., the linear TWBS on training). 

We computed heteroscedasticity-consistent standard errors clustered by forecasters to 

account for the nested data structure resulting from the fact that forecasters usually 

forecast more than one question (Liang & Zeger, 1986). Furthermore, we included 

question and group fixed effects to account for differences in the scores attributable to 

forecasters deciding to forecast different questions and their assignment to different 

experimental groups during the tournament. Note that we did not include year fixed 

effects, as differences between years are indirectly controlled for by the question fixed 

effects (each question belonged to a specific year). We computed linear models with 

one predictor, because we did not have a theoretical justification for nonlinear 

relationships and the estimated regression weight is conceptually similar to the Pearson 

correlation coefficient, which is the standard measure of linear association for simple 

data structures but would yield biased estimates in this case due to the dependencies in 

the data.  

As the normal Q-Q plots of most models indicated that the errors were non-

normally distributed, we implemented a nonparametric cluster bootstrap approach to 

compute 99.92% studentized t confidence intervals based on 10,000 bootstrap 

replications as measures of uncertainty and significance of the estimated parameters 

 
15  As the superforecaster status depended on prior forecasting performance, this group was not 
randomly assigned. Furthermore, forecasters in the teaming and tracking group still made their own 
predictions even though they worked in teams. 
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(Efron & Tibshirani, 1994). We computed 99.92% confidence intervals, which 

correspond to the Bonferroni corrected alpha level } ≈ 0.08% for 29 two-sided tests 

per score, to prevent an inflation of the type I error rate. All analyses were done in-

sample. Our analytical approach is described in detail in Appendix 3.E.  

3.6.3 Results 
Figures 3.4 and 3.5 show the results of the OLS linear regressions and the 99.92% 

studentized t bootstrap confidence intervals. For the sake of brevity, we only report the 

precise quantitative results (cf. Appendix 3.F Table 3.F1) in the paper when they add 

insight to the qualitative description of the results. The results in Figure 3.4 suggest that 

all scoring rules are positively related to each other. While the BS exhibits medium 

strong positive linear associations with all other scoring rules, ranging from é = 0.63 

to é = 0.69, the scoring rules considering the accuracy and timing of forecasts exhibit 

very strong positive linear associations among each other, ranging from é = 0.94 to 

é = 1.00. All scoring rules are positively related to each other as all scores reward 

accurate forecasts. Yet, the BS differs markedly from the other scoring rules, which 

consider both the accuracy and timing of forecasts.  

Strikingly, the linear associations between the IPBS and the linear TWBS 

(é = 0.99, 99.92%	CI = [0.99; 1.00]) as well as the IPBS and the square root TWBS 

(é = 1.00, 99.92%	CI = [1.00; 1.00]) do not differ significantly from 1. This means 

that the IPBS statistically comes to the same conclusion about the relative foresight of 

forecasters as the linear and square root TWBS even though the scoring rules differ in 

their weighting of the forecast errors over time. In contrast, the linear and square root 

TWBS come to small but significantly different conclusions about the true foresight of 

forecasters (é = 0.99, 99.92%	CI = [0.99; 0.99]). Taken together, our results suggest 

that the BS comes to different conclusions about the true foresight of forecasters than 

the other scoring rules but there only seem to be small differences between the MDBS, 

IPBS, linear TWBS, and square root TWBS. 
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The results in Figure 3.5 suggest that most constructs exhibit only very small 

positive or no linear associations with the scoring rules. This means that interindividual 

differences in cognitive styles and personality characteristics generally seem to explain 

only to a very small degree why forecasters possess foresight. The update magnitude 

represents an exception because it exhibits small linear associations with the scoring 

rules, ranging from é = 0.24  to é = 0.28 . This can be explained by the fact that 

forecasters who revise their forecasts due to new information have to make larger 

updates if the new information disconfirms their initial predictions. In other words, 

forecasters only have to update their forecasts if their predictions turn out to be wrong 

over time. Thus, larger updates indicate worse foresight on all scoring rules. 

The training and teaming interventions only exhibit small negative linear 

associations with the BS but no linear associations with the other scoring rules. This 

suggests that the training and teaming interventions were successful in improving the 

accuracy of forecasts but not in continuously improving accuracy over time. More 

generally, such differential correlational patterns can also be observed with other 

variables: Actively Open-Minded Thinking, Fox-Hedgehog, Shipley-2 Vocabulary, 

Update Frequency, Working Memory, and Working Memory Word. These results 

suggest that the BS measures something different compared to the MDBS, IPBS, linear 

TWBS, and square root TWBS.  

The tracking intervention (i.e., assigning superforecasters to the same team) 

displays the strongest negative linear associations with the scoring rules compared to 

all other variables and interventions. Nonparametric 95% bootstrap confidence intervals 

of the estimated differences between the linear associations of the tracking intervention 

with the scoring rules (e.g., eì = é8!*.E:	)GHI − é9"JE:.	:;;#	)GHI)  suggest that the 

tracking intervention’s negative relationship with the linear TWBS (é =
−0.85, 99.92%	CI = [−0.92;−0.78]) is stronger than its negative associations with 

the square root TWBS Veì = −0.03, 95%	CI = [−0.03;−0.02]X , IPBS Veì =
−0.07, 95%	CI = [−0.08;−0.06]X, MDBS Veì = −0.12, 95%	CI = [−0.13;−0.11]X, 
and BS Veì = −0.29, 95%	CI = [−0.36;−0.22]X. As the tracking group consists of 

superforecasters, these results suggest that the linear TWBS assigns better scores to 

superforecasters and rewards forecasters with superior foresight more than the other 

scoring rules despite being strongly related to them. This finding provides first 

empirical evidence that there is an empirical difference between the linear TWBS and 

the other scoring rules as the tracking group is the only variable (along with the update 

magnitude), in which differences between the scoring rules are likely to become 
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apparent given that the effect sizes of the other variables were only very small (é =
−0.06  to é = 0.05 ) or statistically nonsignificant. The sensitivity analyses (see 

Appendix 3.G) further corroborated these conclusions (Katsagounos et al., 2021). 

Taken together, the simulation study and the empirical application suggest that 

the linear TWBS should be the default operationalization of foresight. The simulation 

study indicates that the linear TWBS measures the true foresight of forecasters more 

accurately and consistently than alternative scoring rules under various theoretical 

signal trajectories. The empirical application shows that the linear TWBS (1) comes to 

different conclusions about the true foresight of forecasters than the BS, (2) measures 

something different than the BS, and (3) better identifies forecasters with superior 

foresight than the BS, MDBS, IPBS, and square root TWBS. Therefore, we recommend 

the linear TWBS as the standard operationalization of foresight conceptualized as the 

ability to predict future states of the world accurately, where accuracy becomes 

continuously more important over time. 
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3.7 Discussion  
The goal in this paper was to develop a reconceptualization of foresight that 

integrates the dimensions of accuracy and time. To provide the theoretical basis for this 

integration, we proposed a forecasting framework suggesting that forecasting future 

states of the world accurately becomes easier over time as the quantity and quality of 

signals increases over time. Based on this forecasting framework, we reconceptualized 

foresight as the ability to predict future states of the world accurately, where accuracy 

becomes continuously more important over time. To operationalize foresight in 

forecasting tournaments, we proposed various strictly proper scoring rules considering 

the accuracy and timing of forecasts. Taken together, the simulation study and empirical 

application suggest that the linear TWBS should be the standard operationalization of 

foresight. In the following, we will discuss how the forecasting framework, 

reconceptualization of foresight, and linear TWBS contribute to the emergent literature 

on foresight before we acknowledge the limitations of our study, outline opportunities 

for future research, and articulate the practical implications. 

3.7.1 Contributions 
Our paper contributes to the literature by clarifying the concept, 

operationalization, and correlates of foresight. We reconceptualized foresight as the 

ability to predict future states of the world accurately, where accuracy becomes 

continuously more important over time. Our concept suggests that foresight is a 

bidimensional construct consisting of an accuracy and time dimension that is revealed 

in the accuracy of forecasts over time. In contrast, prior research has either assumed 

that foresight is completely described by the accuracy of forecasts (Mellers et al., 2014; 

Mellers, Stone, Murray, et al., 2015; Tetlock & Gardner, 2016) or only partly 

considered the timing of forecasts (Atanasov et al., 2020; Mellers, Stone, Atanasov, et 

al., 2015). As our concept of foresight describes the general situation in which one or 

more forecasters provide one or more forecasts at the same or different points in time, 

our concept generalizes the prior concept of foresight that is only applicable when 

forecasters make forecasts at the same point in time. Overall, our reconceptualization 

contributes to the literature on judgmental forecasting by integrating the accuracy and 

time dimension of foresight. It also contributes to conversations on foresight in the 

forecasting and management literature by revising our understanding of what 

constitutes foresight (Csaszar & Laureiro-Martínez, 2018; Fergnani, 2022; Gavetti & 

Menon, 2016; Hyndman & Koehler, 2006; Iden et al., 2017; Kapoor & Wilde, 2023; 

Makridakis, 1993; Marinković et al., 2022; Peterson & Wu, 2021; Rohrbeck et al., 
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2015). 

To provide the theoretical basis for this integration, we proposed a forecasting 

framework suggesting that forecasting future states of the world accurately becomes 

easier over time as the quantity and quality of signals increase over time. Prior research 

mainly relied on the partial information framework (Satopää et al., 2016, 2021), which 

proposes that forecasters predict future states of the world by sampling and interpreting 

signals from a static information universe containing all past, present, and future signals. 

Our forecasting framework extends the partial information framework by (1) suggesting 

that the signals of the information universe are created by causal mechanisms and 

stochastic processes and (2) assuming the information universe to be dynamically 

expanding over time instead of static as the causal mechanisms and stochastic processes 

create more and higher quality signals over time. Thus, forecasters also differ in the 

accuracy of their forecasts because they sample signals from the information universe 

at different times. More generally, our forecasting framework can explain on a more 

fundamental level why future states of the world are forecastable and why they become 

easier to forecast accurately over time. In this way, our framework is a step towards a 

more comprehensive theory of forecasting (Fergnani & Chermack, 2021; Gordon et al., 

2020; Lawrence et al., 2006). 

From our forecasting framework, we derived the TWBS to operationalize 

foresight. As the TWBS is grounded in an explicit theoretical rationale that matches our 

concept of foresight, it represents the theoretically preferred scoring rule to measure 

foresight conceptualized as the ability to predict future states of the world accurately, 

where accuracy becomes continuously more important over time. In contrast, the BS 

quantifies foresight conceptualized as the ability to forecast future states of the world 

accurately (e.g., Mellers et al., 2014), and the MDBS measures foresight conceptualized 

as the ability to make better forecasts than the average crowd forecast on a day (e.g., 

Atanasov et al., 2017). While these scoring rules are adequate operationalizations of 

their corresponding concepts of foresight, we argue that the linear TWBS should be the 

default operationalization of foresight as we conceptualize it. In general, researchers 

and practitioners should make the concept of foresight underlying their work explicit 

and choose a corresponding strictly proper scoring rule.  

To evaluate the empirical differences between the BS, MDBS, IPBS, and TWBS, 

we computed the relationships between the strictly proper scoring rules and various 

variables based on data gathered in the context of government intelligence analysis 

consisting of 414,168 scores for 9,694 forecasters on 498 questions over a period of 

four years. Coinciding with prior research (Mellers, Stone, Atanasov, et al., 2015; 
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Mellers, Stone, Murray, et al., 2015), we found interindividual differences in thinking 

styles and personality characteristics to be related to foresight. But these variables 

explained interindividual differences in foresight only to a small extent in our study. 

This means that the best way to predict a person’s foresight––given our present 

knowledge––appears to be a person’s past foresight, which is consistent with prior 

research findings (Atanasov & Himmelstein, 2022). As the linear TWBS rewards 

superforecasters with better scores than the other scoring rules in our study, the linear 

TWBS can be considered the empirically preferable scoring rule and consequently, 

should be the default operationalization of foresight. This finding also highlights that 

while the accuracy of forecasts can provide important information about the foresight 

of forecasters, the timing of forecasts seems to contain additional valuable information 

about the foresight of forecasters. 

Our analyses also uncovered unexpected correlational patterns. The BS suggests 

that interventions, such as providing 30 minute online probability trainings and putting 

regular forecasters in teams, improve foresight (Mellers et al., 2014; Tetlock & Gardner, 

2016). In contrast, the linear TWBS suggests that these simple interventions do not 

improve foresight. Only putting the top 2% forecasters in teams (i.e., the tracking 

condition) was positively related to foresight here conceptualized as the ability to 

predict future states of the world accurately, where accuracy becomes continuously 

more important over time. One explanation for this finding could be that the training 

and teaming treatments create latency costs (e.g., training and organizing team meetings 

requires time), which may negatively affect the foresight of forecasters in these 

conditions as measured by the linear TWBS. Taken together, the linear TWBS seems 

to be the theoretically and empirically preferred strictly proper scoring rule to measure 

foresight conceptualized as the ability to predict future states of the world accurately, 

where accuracy becomes continuously more important over time.  

3.7.2 Practical Implications, Limitations, and Future Research Opportunities  
Our theory and data suggest that foresight should be operationalized by the linear 

TWBS. The linear TWBS enables researchers and practitioners to better identify 

forecasters who possess superior foresight (Mellers, Stone, Murray, et al., 2015; Tetlock 

& Gardner, 2016). Note that the linear TWBS can in principle be used for any 

probabilistic forecasts that can be updated over time. As the results of our simulation 

study––like any other simulation study––depend on the generative model, future 

research should examine alternative generative models to further corroborate our 

conclusions. Furthermore, while our empirical analyses provided first evidence that the 
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linear TWBS is the preferred scoring rule to measure foresight conceptualized as the 

ability to forecast future states of the world early and consistently accurate over time, 

future research should conduct convergent and divergent validity analyses with 

constructs that were carefully selected based on theory to further establish the construct 

validity of the linear TWBS relative to other scoring rules that consider the accuracy 

and timing of forecasts. Such analyses may also reveal variables that are better 

predictors of the foresight of forecasters than interindividual differences in thinking 

styles and personality. In light of our surprising findings in relation to the 

superforecasting literature, future research should replicate and examine potential 

explanations for these findings. These efforts would also represent an important step 

towards an integrative theory explaining why some persons possess foresight. Such a 

theory would also enable us to design better interventions that improve foresight. 

To conclude, this study contributes to the emergent literature on foresight by 

clarifying the concept, operationalization, and correlates of foresight. The rigorous 

study of foresight using forecasting tournaments as proposed by Phil Tetlock, Barbara 

Mellers, and other pioneers is truly a ‘game changer’ (Tetlock et al., 2014: 290) for 

judgmental forecasting research. Based on subjective probability forecasts, forecasting 

tournaments enable researchers and practitioners to predict events that are important for 

decisions in public and private organizations but elude more traditional forecasting 

methods relying on objective frequentist probabilities (Mellers et al., 2023; Tetlock et 

al., 2023). Although this research has yielded many fascinating empirical findings, it 

might be time to develop a coherent theory explaining why some forecasters possess 

superior foresight. Given that judgmental forecasting is so consequential, we hope that 

our conceptualization of foresight and the linear TWBS equip researchers and 

practitioners with the conceptual and methodological tools to systematically advance 

our understanding of foresight and design interventions that improve foresight.  
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3.9 Appendices 

3.9.1 Appendix 3.A Correspondence Between Our Conceptualization and 
Operationalization of Foresight 

In the following, we will explain how our conceptualization of foresight as the 

ability to predict future states of the world accurately, where accuracy becomes 

continuously more important over time corresponds to the time-weighted Brier score 

(TWBS) using the prototypical forecasters in Figure 3.1 and Table 3.A1 as example: 

 

 
 

Forecaster A predicts the future state of the world with perfect accuracy over 

time (i.e., from the beginning to the resolution of the question). According to our 

definition of foresight, forecaster A possesses perfect foresight and receives the best 

TWBS possible. 

Forecaster B predicts the future state of the world with perfect inaccuracy at the 

beginning of the question but improves that accuracy over time until forecaster B 

achieves perfect accuracy at the resolution of the question. Based on our definition of 

foresight, forecaster B possesses worse foresight than forecaster A as forecaster B 

provided inaccurate early predictions. Although the TWBS highly rewards forecaster B 

for making increasingly accurate predictions over time as accuracy becomes 

continuously more important over time, the TWBS still punishes forecaster B to some 

extent for the inaccurate early predictions. Therefore, forecaster B receives a worse 

TWBS than forecaster A. 

Forecaster C predicts the future state of the world with perfect accuracy at the 

beginning of the question, but their accuracy deteriorates over time until forecaster C 

reaches perfect inaccuracy at the resolution of the question. According to our definition 

of foresight, forecaster C possesses worse foresight than forecaster B as forecaster C 

provided inaccurate late predictions, and accuracy becomes continuously more 

important over time. In other words, our reconceptualization allows us to rank 
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forecasters B and C. Although the TWBS rewards forecaster C to some extent for 

making accurate early predictions, the TWBS heavily punishes forecaster C for the 

inaccurate late predictions. Therefore, forecaster C receives a worse TWBS than 

forecaster B. 

Forecaster D predicts the future state of the world with perfect inaccuracy over 

time (i.e., from the beginning to the resolution of the question). According to our 

definition of foresight, forecaster D possesses the worst foresight and receives the worst 

possible TWBS. 

3.9.2 Appendix 3.B Proof that the Time-Weighted Brier Score Is a Strictly 
Proper Scoring Rule 
We define the Time-Weighted Brier Score (TWBS) as 

%R!"!" =
∑ T# ∑ ((!"#$ − *"$)%

&!
$'(

)!
#'(

∑ T#
)!
#'(

 

with	&((!"#$ − *"$)%
&!

$'(
= 1 −

1
E"

 

if	forecaster	i	made	no	forecast	on	question	@	Çt	time	D, 
and weights T#  > 0 that are (strictly) monotonically increasing over time. It is 

immediately obvious that the TWBS is a scoring rule (cf. Gneiting and Raftery 2007). 

It remains to be shown that it is furthermore strictly proper. 

For a scoring rule to be strictly proper, its expectation must be uniquely 

minimized by the “true probability.” For instance, the Brier score is known to be strictly 

proper. This means that, if ï!"# 	= 	 ((!"#(	, . . . , (!"#&)  is a vector of probabilities 

representing forecaster i's true belief about the event ñ" 	= 	 (*(	, . . . , *&) at time t, then 

the expected Brier score of a candidate forecast ï!"#K 	= 	 ((!"#(K , . . . , (!"#&K )  under the 

forecasters' true belief ï!"#  is `L"!#[∑ 	((!"#$K − *$)%
&!
$'( ]  and this expectation is 

minimized when ï!"# 	= 	 ï!"#K 	; that is, when the forecaster reports their true belief. 

Therefore, so long as the forecaster seeks to minimize the Brier score, they will report 

their true beliefs.  

To extend this discussion to our %R!"!", collect all forecaster i's predictions for 

question q into a vector ï!" 	= 	 (ï!"(, . . . , ï!")!) . The Time-Weighted Brier Score 

%R!"!"is a weighted-average of %" individual Brier scores. Given that the weights are 

non-random, the expectation of %R!"!"  for some candidate prediction ï!"K =
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	(ï!"(K , . . . , ï!")!
K )  under the forecaster's true belief ï!"  is a weighted average of the 

expectations of the individual Brier scores: 

	

`L"![%R!"!"] =
∑ T#`L"!#[∑ ((!"#$K − *"$)%]

&!
$'(

)!
#'(

∑ T#
)!
#'(

. 

 

By our earlier argument, the individual Brier score at time t is minimized when ï!"# 	=
	ï!"#K  for all D	 = 	1, . . . , %". Given that a weighted average is uniquely minimized when 

all the individual components take on their smallest values, `L"![%R!"!"] is minimized 

uniquely when ï!" 	= 	 ï!"K , showing that our TWBS is a strictly proper scoring rule.  

 

Remark 1: The above argument is not unique to the Brier score, but in fact holds for 

any strictly proper scoring rule such as the log or spherical scoring rules.  

Remark 2: By our procedure, the forecaster receives the score 1 − 1/E" at a time point 

if they do not report a forecast. The forecaster may fail to report a forecast for various 

reasons. For instance, they may be absent from the forecasting platform, had forgotten 

that forecasting for a particular question had already begun, etc. If the forecaster did not 

actively choose to abstain from forecasting, then there was no choice involved, and it 

does not make sense to discuss incentives or properness of scoring rule. If, however, 

the forecaster actively chose to abstain, the properness of the Brier score shows that 

their true belief coincided with the uniform forecast; else they would have not abstained 

and would have instead reported a forecast with a lower expected score than that of the 

uniform forecast. Therefore, our TWBS score ensures that whenever the forecaster does 

make a choice, they have the proper incentives to report truthfully.  

  



Individual Foresight: Concept, Operationalization, and Correlates 147 

3.9.3 Appendix 3.C Exemplary Simulation Data for Various Parameter Values 
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3.9.4 Appendix 3.D Robustness Checks of Simulation Study 
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3.9.5 Appendix 3.E Analytical Approach in the Empirical Study 
We computed all scoring rules based on the forecasting data so that we obtained 

each score for every question predicted by a forecaster. Then, we transformed each 

score to the real line by dividing each score by 2 (scale maximum), setting values of 0 

and 1 to 0.0001 and 0.9999, applying the probit transformation, and standardizing the 

scores to ensure the comparability of the results across the scores. We used these 

unbounded standardized probit scores in all of our analyses because we used regression 

models assuming unbounded dependent variables. Furthermore, the resulting values 

represent z-values, which facilitate the interpretation of the scores and ensure the 

comparability of the effects by standardized predictors on the scores. 

We merged these data with the data on the questions and empirical measures. 

When several measures for a psychological construct were collected during a year or 

across years, we computed the average of the percentage correct responses on each 

measure to obtain an aggregate measure for the corresponding construct (see Table 3.E1 

for details). For example, numeracy was measured with five questions in years 1 and 2, 

whereas numeracy was operationalized with the Berlin Numeracy Test in years 3 and 

4. Thereby, we obtained one measurement per construct for each forecaster if data on 

the construct was collected from the forecaster. We standardized the aggregate 

measures for the analyses to ensure the comparability of the effect sizes across 

predictors and scores in the analyses.  

We fitted ordinary least squares (OLS) regressions to obtain a measure of linear 

association between the transformed scoring rules by regressing the scores on each other 

(e.g., the MDBS on the BS). Furthermore, we fitted OLS regressions to obtain a 

measure of linear association between each score and the empirical measures listed in 

Table 3.E1 by regressing each score on each empirical measure. We computed 

heteroscedasticity-consistent standard errors clustered by forecasters to account for the 

nested data structure resulting from the fact that forecasters usually forecast more than 

one question (Liang & Zeger, 1986). Furthermore, we included question and group 

fixed effects to account for differences in the scores attributable to forecasters deciding 

to forecast different questions and their assignment to different experimental groups 

during the tournament. Note that we did not include year fixed effects, as differences 

between years are indirectly controlled for by the question fixed effects as each question 

belonged to a specific year. We computed linear models with one predictor, because we 

did not have a theoretical justification for nonlinear relationships and the estimated 

regression weight is conceptually similar to the Pearson correlation coefficient, which 

is the standard measure of linear association for simple data structures. Due to the 
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dependencies in the data, however, the Pearson correlation coefficient would yield 

biased estimates. All analyses were done in-sample. 

Normal Q-Q plots of most models indicated that the errors were non-normally 

distributed, with heavier tails indicating that errors larger than |2| deviated from the 

normal distribution. These heavy tails resulted from the fact that forecasters 

disproportionately often achieved extreme scores of 0 and 2. This suggests that 

forecasters likely cared about their performance relative to other forecasters and 

consequently, may have exaggerated their forecasts towards 0 and 1 to win the 

tournament (Lichtendahl & Winkler, 2007). Therefore, we implemented a 

nonparametric cluster bootstrap approach to compute 99.92% studentized t confidence 

intervals based on 10,000 bootstrap replications as measures of uncertainty and 

significance of the estimated parameters (Efron & Tibshirani, 1994). We computed 

99.92% confidence intervals, which correspond to the Bonferroni corrected alpha level 

} ≈ 0.08% for 29 two-sided tests per score, to prevent an inflation of the type I error 

rate. For consistency, we also applied this confidence level to the regression coefficients, 

capturing the relationships between the scores. The cluster bootstrap approach samples 

the data at the cluster (i.e., forecaster) level thereby preserving the dependency 

structures within each sampled cluster resulting from the nested data structure. We 

opted for studentized t confidence intervals because they are pivotal, which means that 

they do not depend on unknown parameters (Davison & Hinkley, 1997).16 We set the 

number of bootstrap replications to 10,000, because this allowed us to approximate the 

tails of the studentized parameter distributions reasonably well. Furthermore, this 

avoided the use of the most extreme bootstrapped parameters for the construction of the 

99.92% studentized confidence intervals. The bootstrap replications were not 

constructed from the full data but from data that did not contain any missing values in 

the predictor of interest of the corresponding model. For each bootstrap sample, we 

saved the regression coefficient and standard error estimated based on the regression 

specification described above, which are required for the computation of the studentized 

t confidence intervals. 

Nonparametric bootstrap approaches assume that the empirical distribution 

approximates the population distribution and the bootstrapped samples correspond to 

the empirical distribution (Davison & Hinkley, 1997). Although the first assumption 

cannot be tested, the large sample size suggests that the empirical distribution should 

 
16 We did not use bias-corrected and accelerated (BCa) confidence intervals as this involves jackknife 
estimation in Stata, which was computationally too costly due to the large dataset. 
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approximate the population distribution of geopolitical forecasters well. Even though it 

was practically unfeasible to check the distributions of the variables of each bootstrap 

sample, we compared tables and histograms of the variables based on independent 

randomly drawn samples with replacement to tables and histograms of these variables 

based on the empirical distribution to evaluate the second assumption. The tables and 

histograms indicated that the distributions corresponded to each other. 
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3.9.6 Appendix 3.F Precise Quantitative Results 
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3.9.7 Appendix 3.G Precise Quantitative Results of the Sensitivity Analyses 
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