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Abstract

We review the classic clinical versus statistical prediction debate as well as related

modern work on humans versus. algorithms. Despite the successes of statistical pre-

diction over clinical prediction, there is still widespread resistance to algorithms. We

discuss recent attempts to understand that resistance. Current research focuses on

when people use algorithmic predictions, how people perceive algorithms, and how

algorithms can be made more appealing. We also examine attempts to boost human

forecasting accuracy, either by spotting talent, cultivating talent via training, or devel-

oping algorithms that aggregate individual forecasts. We hypothesize that hybrid

models with both human and algorithmic predictions may encounter less resistance

than algorithms alone, especially when the algorithm is “humanized” (with anthropo-

morphic features) and the human is “algorithmized” (by reducing nose, decreasing

bias and increasing signal).

K E YWORD S

AI, algorithms, clinical versus statistical prediction debate, forecasts, predictions

1 | INTRODUCTION

This article examines the role of consumer and firm predictions in the

marketplace and beyond. As consumers, we try to predict our prefer-

ences for products, services, and experiences on an almost daily basis.

Despite the frequency of this process, forecasting is extremely hard

(Gal & Simonson, 2021). We make systematic errors, including over-

predicting the desire for future variety (Kahneman & Snell, 1992;

Simonson, 1990), underpredicting future expenses (Howard

et al., 2022; Sussman & Alter, 2012; Ülkümen et al., 2008), overpre-

dicting satiation of high-arousal product designs, such as intense

colors or patterns (Buechel & Townsend, 2018), and projecting cur-

rent desires into future states, such as grocery shopping on an empty

stomach (Loewenstein et al., 2003).

Firms make macro and micro forecasts about consumers. Macro

forecasts are about aggregate customer behavior, such as market

share of a product. Micro forecasts are about individual customers

and may involve personalized recommendations, customized images,

or tailored promotions. For example, Google News selects personal-

ized stories for customers based on the stories customers previously

read and their current locations. Amazon, Netflix, and Spotify likewise

recommend products based on customers’ purchase histories. Recom-

mendations shape both the advertising content that customers experi-

ence and the products they purchase (Adomavicius et al., 2018; De

et al., 2010; Pathak et al., 2010). The accuracy of these predictions is

necessary for the success of firms.

This paper reviews both human and algorithmic approaches to

micro and macro predictions—and the potential for hybridization.

When will people prefer algorithmic predictions or recommendations?

What factors make algorithmic predictions more appealing to use?

We also discuss advances in subjective-probability forecasting. How

much room is there to boost the accuracy of human predictions?

How reliably can we distinguish better from worse forecasters? What

are the best aggregation algorithms for combining individual

forecasts? How can we identify more accurate forecasters ahead of

time? And we discuss the broader role of prediction in science.

Prediction and decision algorithms are here to stay, and although

algorithms have yet to encroach on the decision prerogatives of the

highest-status actors in society—top corporate and government

officials—their influence will continue to grow. The sooner we

recognize and accept their predictive benefits, the more accurate our

forecasts will be.

Received: 8 October 2022 Revised: 17 November 2022 Accepted: 17 November 2022

DOI: 10.1002/arcp.1089

Consum Psychol Rev. 2023;6:109–120. wileyonlinelibrary.com/journal/arcp © 2022 Society for Consumer Psychology. 109

 24761281, 2023, 1, D
ow

nloaded from
 https://m

yscp.onlinelibrary.w
iley.com

/doi/10.1002/arcp.1089 by Stanford U
niversity, W

iley O
nline L

ibrary on [30/12/2022]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://orcid.org/0000-0001-9869-5880
https://orcid.org/0000-0003-2397-1216
mailto:mellers@wharton.upenn.edu
https://doi.org/10.1002/arcp.1089
http://wileyonlinelibrary.com/journal/arcp
http://crossmark.crossref.org/dialog/?doi=10.1002%2Farcp.1089&domain=pdf&date_stamp=2022-12-07


2 | PAST RESEARCH ON CLINICAL VERSUS
STATISTICAL PREDICTIONS

We begin with a controversy in psychology that dates back 70 years:

the debate between proponents of clinical (intuitive) versus actuarial

(statistical) prediction (Meehl, 1954). When people make predictions—

selecting among job applicants, making medical diagnoses, or spotting

students who will later act violently in middle schools or high

schools—are they more accurate if they use their intuitions (clinical

predictions) or if they base their predictions on simple models (statisti-

cal predictions)? Meehl was one of the first to ask this question, and

he established the rules for a fair competition. Both people and

methods should have access to the same objective data, and statistical

methods should be cross-validated in another sample to avoid overfit-

ting. Within those constraints, Meehl collected and compared the rel-

ative accuracies of methods for a wide range of studies. He showed

that statistical models were generally just as accurate, and quite often

more accurate, than human intuitions.

In light of Meehl’s findings, Sawyer (1966) noted that types of

data could be separated from types of aggregation methods. Data can

be subjective, such as interviews and impressions, or objective, such

as grades and standardized test scores. Aggregation methods can be

intuitive or statistical. By systematically comparing datasets and

aggregation methods, Sawyer found that statistical aggregation was

reliably more accurate than human intuition for subjective data, objec-

tive data, and combinations of both.

Many more studies compared the relative accuracies of human

versus statistical predictions. Statistical models were superior for

parole decisions (Carroll et al., 1982), applicant selection in academia

(Dawes, 1971; Schofield & Garrard, 1975; Wiggins & Kolen, 1971),

bankruptcies (Libby, 1976), cancer survival times (Einhorn, 1972),

myocardial infarction (Goldman et al., 1988; Lee et al., 1986), and neu-

ropsychological diagnosis (Leli & Filskov, 1984; Wedding, 1983). Sta-

tistical predictions continued to outperform intuitive predictions.

Meta-analyses reached similar conclusions. Grove et al. (2000)

surveyed the literature in psychology, medicine, forensics, and

finance. Statistical predictions had a small but consistent advantage

over human predictions (d = .12). Ægisd�ottir et al. (2006) gathered

human intuitions and statistical predictions of mental health practi-

tioners. Their findings resembled those of Grove et al. (2000); statisti-

cal prediction had a reliable edge over human intuition. Humans still

have a major role to play. They can provide useful input data and build

theoretical models, but algorithms are far better at aggregating the

information.

2.1 | Winning doesn’t mean acceptance

Rarely do psychological debates produce a clear winner, but this one

did. The evidence favoring statistical prediction was strong. Yet,

despite the evidence, many people continued to object to statistical

models, preferring human judgments in domains such as employee

performance (Kuncel et al., 2013), market demand (Sanders &

Manrodt, 2003), fraud (Boatsman et al., 1997), crime (Wormith &

Goldstone, 1984), consumer preferences (Swearingen & Sinha, 2001),

and medicine (Dawes et al., 1989; Eastwood et al., 2012; Grove

et al., 2000; Grove & Meehl, 1996). There were many reasons for the

opposition, including the (pre-neural-network) belief that models can-

not learn (Dawes, 1979) and humans will learn (Highhouse, 2008). In

addition to these beliefs, many people had a general lack of under-

standing about the benefits of statistical models.

3 | CURRENT RESEARCH ON HUMAN
PREDICTIONS VERSUS ALGORITHMIC
PREDICTIONS

Today, there is still resistance to algorithms, although many things

have changed. We talk about algorithms, not simply statistical models,

because algorithms perform additional operations besides prediction,

such as searching for information, filtering choice sets, giving recom-

mendations, and making decisions. Vastly more data are available, and

powerful algorithms pop up in many aspects of daily life

(Manyika, 2022).

Much of the current research on human and algorithmic predic-

tions focuses on when people prefer algorithmic predictions. Castelo

et al. (2019) surveyed the willingness of people to trust human versus

algorithmic predictions for subjective tasks (i.e., intuitive and emo-

tional) and objective tasks (i.e., quantifiable and measurable). They

found an overall trust in human predictions over algorithmic predic-

tions, but on some objective tasks, such as predicting the stock mar-

ket, forecasting the weather, analyzing data, or giving directions,

people were willing to trust algorithmic predictions.

Lee et al. (2018) found similar results while studying preferences

for human versus algorithmic decision making with social tasks

(i.e., hiring employees) and mechanical tasks (i.e., scheduling work).

With social tasks, people preferred humans to make decisions. With

mechanical tasks, there was no strong preference. People also evalu-

ated decisions based on fairness, trustworthiness, and liking. With

social tasks, human decisions were viewed as fairer, more trustworthy,

and more likable. With mechanical tasks, human and algorithmic deci-

sions were viewed as equally fair, trustworthy, and likable.

3.1 | The role of predictive accuracy

Do preferences for human versus algorithmic predictions change

depending on the relative accuracy of methods? Some studies exam-

ine scenarios with little or no information about the accuracy of one

or both methods, other studies investigate scenarios in which partici-

pants are told the methods are equally accurate, and still other studies

explore situations in which participants learn that methods differ in

accuracy. We discuss research conducted on each of these cases.

Dietvorst et al. (2015) asked participants to predict the success of

MBA applicants given GMAT scores, interview quality, work experi-

ence, and other data. Participants saw predictive variables for

110 MELLERS ET AL.
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15 MBA applicants. They were told that an algorithm to predict MBA

performance was “put together by thoughtful analysts.” Participants

were randomly assigned to groups that saw different predictions. One

group saw algorithmic predictions only, and another made their own

predictions. A third group saw algorithmic predictions and made their

own, and the fourth group saw neither algorithmic predictions nor

made their own. After each trial, participants learned how well the

applicant had performed.

Participants were then given a chance to earn bonus money

based on their predictions of 10 new MBA applicants. They could tie

their bonuses to algorithmic predictions or their own predictions.

When participants had seen both types of predictions or only the

algorithmic predictions, they preferred their own, a result the authors

called algorithm aversion. But when participants had not seen algo-

rithmic predictions either because they had made their own or

because they saw no predictions, they preferred to use the

algorithms.

Logg et al. (2019) investigated whether people preferred human

or algorithmic recommendations when asked to estimate unknown

quantities or predict events. Participants made initial responses, were

given a human or algorithmic recommendation, and were allowed to

update their responses. Half of the participants were told the recom-

mendation came from a human, and the other half were told it came

from an algorithm. Respondents were more likely to change their

guesses toward the algorithmic recommendation than the human one,

despite the recommendations being identical. These findings and

those of Dievorst et al. suggest that, with little or no information

about the accuracy of the algorithm, people prefer algorithmic predic-

tions to those of humans, a result that Logg et al. called algorithm

appreciation.

In another study with no information about the accuracy of

human and algorithmic recommendations, Kaufmann and Budescu

(2020) asked middle and high school teachers to examine student

profiles to decide which students should be given tutoring. Teachers

could obtain recommendations from algorithms or humans. They

requested and followed human guidance more often than

algorithmic guidance. Teachers are more familiar with human recom-

mendations, and without information about relative accuracy, the

familiarity of human recommendations may have determined their

preferences.

Finally, Promberger and Baron (2006) examined the willingness of

people to accept human or algorithmic recommendations in a medical

scenario when no information about predictive accuracy was pro-

vided. Participants assumed they were patients who needed to make

decisions about coronary bypass surgery. They received a recommen-

dation from a physician or an algorithm. Participants were more will-

ing to accept the recommendation from the physician than from the

algorithm. Again, with no knowledge about relative accuracies of

either type of recommendation, participants’ preferences may have

been based on familiarity.

What happens when participants are given accuracy information

about one or both methods? Longoni et al. (2019) conducted studies

in which students decided whether to take a stress test. The analysis

of their data would be performed by a human or an algorithm. Both

groups were told the accuracy rate was 82% to 85%. When physicians

and algorithms were equally accurate, participants preferred analyses

that were done by physicians. Otherwise, they preferred the most

accurate method (see also Pezzo & Beckstead, 2020).

Allen and Choudhury (2022) studied information technology sup-

port workers who had varying amounts of experience to resolve cus-

tomers’ computer problems. Workers could rely on their own

knowledge or get advice from an algorithm that was 90% accurate.

Allen and Choudhury expected workers with more experience would

use the algorithm more often due to their keener ability to judge its

accuracy. Instead, workers with medium levels of experience used the

algorithm more and performed the best. Less experienced workers

rejected the algorithm because they could not assess its accuracy, and

more experienced workers rejected the algorithm because they

believed they knew more. Perhaps not surprisingly, both of these

groups performed worse than workers with medium levels of

experience.

3.2 | Experts who use algorithms

A few studies have examined peoples’ perceptions of experts who did

or did not use algorithmic tools. Arkes et al. (2007) measured peoples’

perceptions of physicians with access to decision aids. When they

relied on their decision aids, physicians were viewed as less capable of

making diagnostic decisions. But once again, participants had no infor-

mation about the relative accuracies of physicians who used or did

not use the decision aids.

Physicians’ use of decision aids is perceived positively if the deci-

sion aid is described as more accurate than the physician. Pezzo et al.

(2022) investigated participants’ perceptions of physicians who were

said to have misdiagnosed a patient whose outcome turned out

poorly. The physician was taken to court. In one scenario, participants

were told that the physician had consulted a decision aid that was

superior to the physician. In another scenario, the physicians didn’t

use the decision aid, and in a third scenario, the physician consulted it

but ignored the advice. Use of the decision aid increased the per-

ceived innocence of the physician and had a protective effect. The

physician who used the decision aid was judged more positively than

the physician who didn’t use it or the physician who consulted it but

dismissed the advice.

3.3 | Making algorithms more appealing

Can algorithmic predictions be made more desirable? Several inter-

ventions have been tried, including giving people more control over

the algorithm, allowing people to have personalized predictions from

the algorithm, and providing people with a greater understanding of

the algorithm. Other interventions have made algorithms more

human-like, conversational, capable of learning, and able to express

degrees of uncertainty. We turn to these studies now.

MELLERS ET AL. 111
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Dietvorst et al. (2018) found that when people could exert some

degree of control over algorithmic predictions, they became more

acceptable. Dietvorst et al. asked participants to predict the math

scores of 20 high school seniors based on nine variables. Participants

were told that an imperfect algorithm had been developed (with the

average absolute error provided). They were randomly assigned to

one of four groups. The first group could only use algorithmic predic-

tions with no changes. The second group could adjust the algorithmic

predictions but only by 10 percentiles. The third group could only

change half of the algorithmic predictions but by any amount. In the

fourth group, participants could adjust the algorithmic predictions as

much as they wished.

Next, all participants except those who saw both types of predic-

tions were asked to predict math scores for another 20 high school

seniors. They could use their own predictions or the method they had

just used. Most participants chose the method that they had experi-

enced. Participants who were allowed to adjust their predictions, even

by small amounts, were likelier to use the algorithms than those who

could not change their predictions.

Providing users with a better understanding of the algorithm also

makes algorithms more appealing. Yeomans et al. (2019) found that

people were more accepting of recommender systems that predicted

the funniness of jokes when they knew more about how the algorithm

worked. Yeomans et al. gave participants either a sparse or a rich

explanation of the algorithm. The sparse explanation said, “… we are

going to feed your ratings into a computer algorithm which will rec-

ommend some other jokes that you might also like.” The rich explana-

tion said, “Think of the algorithm as a tool that can poll thousands of

people and ask them how much they like different jokes. This way,

the algorithm can learn which jokes are the most popular overall and

which jokes appeal to people with a certain sense of humor. Using the

database ratings, the algorithm will search for new jokes that are simi-

lar to the ones you liked, and dissimilar to the ones you did not like.”
Participants showed a greater preference for the algorithm when they

had the rich explanation. In a similar vein, Cadario et al. (2021) showed

that resistance to medical AI systems could be reduced by providing

people with information about the system. A one-page explanation of

the algorithm with graphics increased acceptance of an AI-based skin

cancer diagnostic tool over a human provider.

Algorithms can also be made more appealing for subjective tasks

when participants are told that algorithms can perform other subjec-

tive tasks. Castelo et al. (2019) gave participants a graph of the S&P

500 index over 1 year and asked them to predict its value in a month.

Respondents learned that the stock market was driven by emotions,

intuitions, and subjective factors. Half of the respondents learned that

algorithms could create music and art and predict the popularity of

songs. The other half learned that algorithms were incapable of per-

forming these tasks (although in reality, they can). When participants

knew that algorithms could perform other human-like tasks, the algo-

rithms became more acceptable.

Informing people that algorithms can give personalized output

also encourages their usage. Longoni et al. (2019) asked participants

to assume the role of a patient considering surgery for a heart

condition. A physician or an algorithm would analyze their data and

provide a recommendation. Some participants were told the analysis

was personalized and tailored to their unique characteristics. Others

were just told that an analysis would be done. When the analysis was

described as customized, participants were equally likely to accept the

physician’s recommendation or the algorithm’s recommendation.

Getting advice often involves interactions, especially if the person

wanting the advice has follow-up questions. Hildebrand and Bergner

(2021) demonstrated that conversational robo-advisors (as opposed

to non-conversational robo-advisors) increased perceptions of trust in

algorithmic advice of a financial services firm. Conversational robo-

advisors used a dialog-based process of inquiry that resembled

aspects of human conversations, such as turn-taking. Hildebrand and

Bergner (2021) showed that conversational robo-advisors increased

consumers’ likelihood to follow portfolio recommendations, attribu-

tions of benevolence toward the financial services, and enjoyment of

the overall experience.

Another study about the benefits of AI systems with human-like

features was conducted by Waytz et al. (2014). They investigated

driving simulations when participants either drove a normal car, an

autonomous vehicle that controlled steering and speed, or a similar

autonomous vehicle with anthropomorphic features—name, gender,

and voice. Participants who drove the anthropomorphized vehicle

were more satisfied than those who drove the other two vehicles.

They trusted their vehicle more, felt more relaxed in an accident

caused by another car, and blamed their vehicle less for the accident.

In their research, Waytz et al. (2014) used a female voice, a choice

that may have increased the acceptability of the autonomous vehicle.

Borau et al. (2021) investigated gender preferences for bots in a

healthcare context and found that people preferred female bots to

male bots because they were perceived as more human. Female bots

were also viewed as likelier to consider the unique needs of the

individual.

People are likelier to use predictions when they believe those

predictions can improve. Berger et al. (2021) asked participants to

imagine working as the manager of a call center, responsible for staff-

ing decisions. The call center had taken a new client, and the manager

needed to estimate new call volume. Participants were given esti-

mates of call volume from humans or algorithms based on six vari-

ables. Some participants saw predictions that improved, while others

did not. When giving their final estimates, participants were more

likely to use either human or algorithmic predictions when they

improved. Algorithmic predictions that improved were more accept-

able than human predictions that did not.

Using a different task, Filiz et al. (2021) further explored the

effects of algorithmic improvement. Participants predicted a future

stock price given prices on 40 previous periods. Participants made

several predictions about prices. They were incentivized to be accu-

rate, given clear feedback, and allowed repeated opportunities to

improve. Later, they were asked whether they wanted to use algorith-

mic predictions or make their own. As rounds progressed, participants

used the algorithm more often and thereby performed better on

the task.

112 MELLERS ET AL.
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Some people prefer advice expressed with degrees of uncer-

tainty. Tools that calculate confidence and display them in compre-

hensible ways can increase satisfaction with algorithms. However, this

type of information requires at least some knowledge of statistics and

probability (Goodyear et al., 2016; Kuncel, 2008; Lodato et al., 2011;

Sanders & Courtney, 1985; Whitecotton, 1996). Further understand-

ing of random and systematic errors is also important for an under-

standing of uncertainty (Kahneman et al., 2021).

4 | IMPROVING HUMAN PREDICTIONS

Since the clinical versus statistical debate, we know much more about

how to boost the accuracy of human predictions. IARPA, the research

wing of the US intelligence community, conducted a large-scale inves-

tigation of human forecasting for high-stakes geopolitical outcomes in

a series of forecasting tournaments conducted between 2011 and

2015 (Mellers et al., 2014; Tetlock & Gardner, 2015). IARPA created a

level playing field among five competing research groups by challeng-

ing them to provide forecasts of the same events over the same

period of time. IARPA scored all forecasts for accuracy using the same

Brier (1950) scoring rule, a “strictly proper” rule that incentivizes fore-

casters to report their true beliefs.

Many people, including an author of this paper, were involved in

a research group known as The Good Judgment Project. The Good

Judgment Project recruited thousands of volunteer forecasters from a

wide range of professions and countries. Each year, they were given

over 100 wide-ranging geopolitical forecasting questions that

remained open for an average of 3 months. Forecasters could update

their beliefs about questions at any time prior to the resolution of the

question. Questions included, “Will any country officially announce its

intention to withdraw from the Eurozone before April 1, 2013?,” “Will

the number of registered Syrian refugees reported by the United

Nations High Commissioner for Refugees exceed 250,000 at any

point before April 1, 2013?,” “Will the World Health Organization

report any confirmed cases of Ebola in a European Union member

state before 1 June 2015?,” and “On September 15, 2014, will the

Arctic Sea ice extent be less than that on September 15, 2013?”
Questions spanned such a wide range of topics that no single fore-

caster could possibly be an expert in all domains.

Initially, researchers in the Good Judgment Project were skeptical

about whether human geopolitical forecasting skill even existed. If

accuracy was largely attributable to luck, there would be little internal

consistency in forecasting accuracy across questions or years. To our

surprise, a gauge of internal consistency known as Cronbach’s alpha

was 0.88, which suggested a considerable degree of skill. In addition,

the correlation between accuracy scores of individuals from year to

year was as high as .71 (Mellers et al., 2014).

At the beginning of each tournament, the Good Judgment Project

gave participants a battery of psychological and political knowledge

tests (Mellers, Stone, Atanasov, et al., 2015). Cognitive ability, political

knowledge, and open-mindedness were the strongest dispositional

correlates of forecasting accuracy. Longer deliberation times, greater

frequency of belief updating, smaller steps in updating, and greater

discrimination of uncertainty along the probability scale were the

strongest behavioral correlates.

The Good Judgment Project won the tournament each year using

three interventions: (1) training forecasters in probabilistic reasoning,

(2) placing forecasters in teams to work together, and (3) selecting the

best forecasters to make predictions in elite teams (Mellers, Stone,

Murray, et al., 2015; Tetlock & Gardner, 2015). The probability train-

ing module was a 45-min interactive tutorial that, in many respects,

encouraged algorithm-like thinking, urging forecasters to look for

comparison classes and use base rates. The module also urged them

to average estimates when confronted with contradictory clues and

advice. Chang et al. (2016) showed that probability training increased

forecaster accuracy by 6% to 11% each year for 4 years.

The second intervention of team forecasting (with groups of

10 to 15 members) also improved accuracy relative to individuals who

forecasted alone. Despite the statistical argument that independent

forecasts will have errors that balance out, the information-pooling

benefits of working collaboratively exceeded those of independence.

Team members shared information, explained their rationales, and

corrected the errors of team members. The presence of other fore-

casters motivated team members who wished to perform well in the

presence of others (Hertel et al., 2000).

Finally, the third intervention of placing the best forecasters in

elite teams dramatically increased accuracy. At the end of each tour-

nament, The Good Judgment Project selected the top 2% of fore-

casters to become superforecasters. They were placed in special teams

of 10 to 15 members. This social incentive proved to be the most

potent single intervention; superforecaster teams were 30% to 40%

more accurate than regular teams and even outperformed profes-

sional analysts working for the intelligence community (Goldstein

et al., 2016).

4.1 | What caused the improvements?

To investigate how the three interventions—probability training,

teamwork, and allowing the best forecasters to work together—

improved performance accuracy, Satopää et al. (2021) developed a

Bayesian BIN model (Bias, Information, Noise) that disentangled three

processes underlying forecasts. Improvement can come from reducing

systematic bias, decreasing noise (random errors), and amplifying valid

signals. The BIN model provided a method for revealing which of

these processes were responsible for the accuracy boosts from each

of the three interventions used by the Good Judgment Project. Bayes-

ian algorithms at the heart of the BIN model made an interesting dis-

covery: The most reliable path to forecasting improvement was noise

reduction.

Prior to working on the BIN model, we had hunches about how

training, teaming, and tracking forecasters would improve accuracy.

We expected that probability training would reduce cognitive biases,

such as base rate neglect, by encouraging individuals to adopt the out-

side view (Kahneman, 2011). We expected forecasters who worked

MELLERS ET AL. 113
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collaboratively to be less biased and better informed due to the shar-

ing of knowledge. Lastly, we expected superforecasters in elite teams

to have less bias, less noise, and more information (Mellers, Stone,

Murray, et al., 2015).

The BIN model produced an unexpected set of results. With all

three interventions, noise reduction was the most important factor.

The main difference between trained and untrained forecasters was

that trained forecasters were less noisy. The main difference between

forecasters who worked alone and those who worked in teams was

that teams were less noisy, with a slight reduction in bias and increase

in signal. Superforecasters proved to be the most informed, least

noisy, and least biased.

5 | IMPROVING THE ELICITATION OF
FORECASTS

Another advance since the clinical versus statistical prediction debate

has been the focus on crowd forecasts over individual forecasts

(Sunstein, 2006; Surowiecki, 2005). The average of many forecasts,

for example, often outperforms the majority of individuals in a crowd

by canceling out noise in independent judgments. Simply averaging

forecasts does not, of course, guarantee greater accuracy. For exam-

ple, Simmons et al. (2011) showed that averaging forecasts in a sports

betting tournament did not improve crowd wisdom because many

individuals had faulty assumptions that led them to predict “favorites”
more than “underdogs.” But averaging is often an improvement over

individuals or experts.

5.1 | Prediction markets

For many years, economists have argued that the fastest way to dis-

cover the truth is to rely on self-correcting market mechanisms in

which people buy or sell shares of future contracts that pay a fixed

amount if an event occurs and nothing otherwise. The price at which

a contract trades (the market equilibrium) is, in effect, a collective

probability estimate that the event will happen.

To illustrate, imagine a contract that paid $100 if Donald Trump

were to be reelected as president in 2024 and $0 otherwise. If that

contract were trading at $30, we would say the market predicts that

Trump has a 30% chance of reelection. Someone who thinks the prob-

ability is higher should buy shares, which will increase the price. If

someone else thinks the probability is lower, that person should sell

shares, which will decrease the price.

Firms use prediction markets to estimate the likelihood of events,

such as whether the company will meet a deadline, reach a level of

product quality, or obtain a level of market share (e.g., Cowgill &

Zitzewitz, 2015). New product ideas are crowdsourced using con-

sumers and experts in a process known as innovation tournaments.

Innovation tournaments allow firms to weed out lower-quality ideas

so that only the most promising ones survive (Terwiesch &

Ulrich, 2009). Researchers have attempted to fine-tune preference

markets in several ways by exploring the effects of positive versus

negative feedback on ideas (Camacho et al., 2019) and sharing ideas

with others (Hofstetter et al., 2021).

The Good Judgment Project examined prediction markets along

with other elicitation methods. Volunteers were randomly assigned to

continuous double auction markets (with multiple buyers and sellers).

Prediction markets were generally accurate for geopolitical events

(Atanasov et al., 2017). Prediction markets did especially well with

short-term questions, perhaps because traders did not want to tie up

their assets for long periods of time. Long-term questions have oppor-

tunity costs.

Prediction markets have an impressive track record for other out-

comes, from US elections (Iowa Electronic Markets) to box office rev-

enues for newly released films (Hollywood Stock Exchange, PredictIt,

and Predictwise). They have outperformed experts on company sales

projections (Plott & Chen, 2002), journalists on Oscar winners

(Pennock et al., 2001), and professional macroeconomists on macro-

economic indicators (Gürkaynak & Wolfers, 2021).

A mechanism known as preference markets is popular among

firms for evaluating potential products (Dahan et al., 2010). In prefer-

ence markets and in securities trading of concepts (Dahan

et al., 2011), participants trade potential products that consist of bun-

dles of features to measure the strength of the crowd’s preferences.

Preference markets function like beauty contests in which the winner

is the trader who most accurately predicts the preferences of others.

5.2 | Prediction polls

Prediction polling is a popular competitor to prediction markets for

gathering crowd wisdom. Prediction polls are not the same as opinion

polls. In opinion polls, respondents are often asked about their per-

sonal preferences or intentions on one occasion. In prediction polls,

respondents make predictions for future events over an extended

period of time, as done in prediction markets. Forecasters can update

their predictions as often as they wish until a question resolves. The

Good Judgment Project tested prediction polls using individuals,

teams, and superforecasters (Mellers et al., 2014). Participants made

probabilistic forecasts, either independently or in teams, and updated

their beliefs as they learned more. When questions closed, forecasters

received feedback about their performance using the Brier scoring

rule. Prediction polls also proved to be an effective method for elicit-

ing geopolitical forecasts. Later, we will discuss the accuracy of pre-

diction markets relative to prediction polls.

6 | IMPROVING AGGREGATION
ALGORITHMS

Given the increased focus on eliciting forecasts from crowds,

researchers have explored many algorithms for aggregating individual

forecasts (Clemen & Winkler, 1999; Cooke, 1991). A simple aggrega-

tion rule is the mean or median (Keuschnigg & Ganser, 2017; Lee &
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Lee, 2017; Makridakis & Winkler, 1983). There are many variations on

those themes, such as weighted means or averages of quantiles that

can yield even sharper forecasts (Lichtendahl et al., 2013). Going

beyond a simple average, the Good Judgment Project found that the

most successful aggregation rule for prediction polls was a weighted

average that favored recent forecasts and forecasters who had either

performed well in the past or who had updated their forecasts more

frequently on the target question. The weighted average is trans-

formed by a log-odds extremizing function to reflect the diversity of

the crowd (Baron et al., 2014; Budescu & Chen, 2015; Chen

et al., 2016; Satopää, Baron et al., 2014; Satopää, Jensen, et al., 2014).

This transformation is applied because averages do not describe

all of the information in individual forecasts (Baron et al., 2014). There

is an intuitive way to think about the transformation. Imagine a variety

of groups using forecasting methods to make the most accurate possi-

ble predictions of the 2024 US presidential election. Groups could be

using prediction markets, prediction polls, opinion surveys, or election

models based on variables like the economic growth, favorability rat-

ings, and incumbency status (Abramowitz, 1988; Fair, 1978;

Murphy, 1988). Suppose that forecasts made by these groups typi-

cally disagree, but in this election, they all fall within a range of 35%

to 45% that Trump will win. The fact that groups who usually disagree

happen to agree suggests the aggregate may contain more informa-

tion than it would otherwise.

In these cases, the transformation pushes the weighted aggregate

toward the ends of the probability scale. A value of 35% to 45% might

be recalibrated to a lower value, such as one between 20% and 30%.

Conversely, if diverse groups converged on forecasts ranging from

55% to 65% for a Trump victory, the transformation would push the

weighted aggregate to a more extreme value (above 50%), such as

one between 70% and 80%. When forecasting methods that are often

uncorrelated show agreement, the aggregate should be treated as

more informative than if the same forecasting methods that typically

agree show agreement. This idea was demonstrated by Wallsten et al.

(1997) and later shown to hold under reasonable assumptions by

Wallsten and Diederich (2001).

The Good Judgment Project compared the accuracy of aggre-

gated prediction polls to the accuracy of prediction markets (Atanasov

et al., 2017; Dana et al., 2019; Mellers & Tetlock, 2019). As mentioned

earlier, prediction polls quantify uncertainty using probability judg-

ments, and prediction markets quantify uncertainty using prices that

can be converted into probability estimates. Using the Brier scoring

rule, we compared the accuracy of both methods and found that the

relative winner depended on how probability judgments from predic-

tion polls were aggregated. With simple averages, prediction markets

outperformed prediction polls (Atanasov et al., 2017). However, the

advantages of prediction markets disappeared when forecasts from

prediction polls were aggregated with a transformed weighted

average.

The Good Judgment Project conducted an even more demanding

test of the relative accuracy of prediction markets and prediction polls

(Dana et al., 2019). We used a within-subject design in which partici-

pants made a probabilistic judgment before they could buy or sell

shares. This design ensured that participants had access to the same

information while making exchanges and assigning probabilities—the

last trading price and the history of trades in the order book. Once

again, prediction markets beat prediction polls when forecasts were

combined using a simple mean. But prediction polls outperformed

prediction markets when forecasts were aggregated with a trans-

formed weighted average. We further compared a hybrid method

using both markets and polls. The hybrid approach proved to be more

accurate than the prediction market alone (Dana et al., 2019).

An important reason for the success of crowd wisdom is that indi-

viduals in the crowd possess overlapping and unique insights (Chen

et al., 2004). The problem of asymmetric information might imply that

most individuals have “shallow” information and only a few possess

the information needed to make an accurate forecast. To identify

more accurate forecasters, some researchers have turned to confi-

dence judgments. However, confidence ratings do not solve the prob-

lem because forecasters use different reference groups for evaluating

their abilities. Nonetheless, there is a different kind of information

that helps solve the problem—predictions about the beliefs of others

(Prelec et al., 2017). Such predictions allow researchers to select and

use as their forecast the “surprisingly popular answer” or the answer

that is chosen by the crowd more frequently than the crowd itself

predicts.

The intuition behind this method is that if participants select an

answer despite believing they are in the minority, they may possess

information that they believe is not widely known. The surprisingly

popular answer provides the correct answer in theory across large

samples of Bayesian respondents, as well as in practice in a wide

range of domains (Prelec et al., 2017). The surprisingly popular answer

has been successful at predicting the outcomes of NFL football games

(Lee et al., 2018) and purchase intention surveys (Radas &

Prelec, 2019). Palley and Soll (2019) have also used forecasters’ pre-

dictions of others as part of a model for forecasting continuous

quantities.

7 | MAKING PREDICTIONS IN SCIENCE

The ability to make accurate predictions is one mark of a good sci-

ence. Cognitive and behavioral sciences in general, and consumer

behavior in particular, have long been concerned with formulating and

testing theories of behavior. There is, however, a growing interest in

models that make accurate predictions in hold-out samples (Hofman

et al., 2021; Yarkoni & Westfall, 2017). Successful predictions of hold-

out samples require machine learning and cross-validation, not simply

data fitting to an in-sample model.

A related trend is for researchers to conduct competitions among

teams who predict data from a set of training data provided to all

teams (Erev, Ert, & Roth, 2010; Erev, Ert, Roth, Haruvy, et al., 2010).

Erev, Ert, and Roth organized competitions to evaluate models that

predicted three types of choices: one-shot decisions under risk, one-

shot decisions from experience, and repeated decisions from

experience.
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Another prediction competition called the “Fragile Families Chal-

lenge” required participants to predict six variables for thousands of

families based on thousands of variables measured over 15 years

(Salganik et al., 2020). Researchers predicted life outcomes in the last

wave of the data collection, including child grade point average (GPA),

child grit, household evictions, household material hardship, primary

caregiver layoff, and primary caregiver participation in job training.

Salganik et al. found that even the best models were not much better

than a baseline model, and the baseline model was not particularly

good. Despite their importance, certain outcomes are extremely diffi-

cult to predict, even with access to thousands of variables and power-

ful prediction tools.

There is also a growing interest in the predictions of experts,

especially academics, about the results of laboratory and field

experiments (DellaVigna et al., 2019). DellaVigna and Pope asked

academics to predict the outcomes of a large-scale online experiment

that tested the effects of treatments designed to motivate effort. On

average, academics provided forecasts that were more accurate than

forecasts made by nonexperts (DellaVigna & Pope, 2018a, 2018b).

However, in another large-scale study with treatments designed to

increase physical exercise, academics were no better than other

groups nor did they outperform the baseline model (Milkman

et al., 2021).

8 | LOOKING FORWARD WITH HYBRID
PREDICTIONS

Algorithmic predictions are increasingly important to modern life. In

healthcare, virtual coaches recommend activities for individuals

(Bickmore et al., 2016; Grolleman et al., 2006; Hudlicka, 2013), and AI

systems make diagnoses about individual patients, predict health out-

comes from an individual’s genome, and evaluate the risk of individual

patients (Cadario et al., 2021; Davenport & Kalakota, 2019). Judicial

and law enforcement sectors also rely on algorithms to predict those

who are eligible for bail (Kleinberg et al., 2017) and criminal sentences

(Angwin et al., 2022). A missed opportunity in the debate over clinical

versus statistical prediction was that of hybridization. Virtually all of

the research focused on the relative accuracy of clinical versus statis-

tical predictions without considering whether the combination of pre-

dictions could outperform either set of predictions alone. An

exception was Blattberg and Hoch (1990) who found that catalog

sales and customers’ coupon redemption rates were best predicted

from the combination of a statistical model and a manager’s intuitive

judgment than from either method alone. Models could predict

trends, and managers were more aware of unique cases. Blattberg and

Hoch surmised that models were too consistent and managers were

too flexible which made them an ideal combination. If more studies

had tested hybrid methods in addition to comparing relative accura-

cies, we would know more about situations in which humans and

models were complementary.

When it comes to making predictions, humans and algorithms

have strengths and weaknesses. Humans know what questions to

ask and what variables may be useful for accurate predictions.

Humans can be flexible about quickly changing conditions. Humans

might also be aware of highly unusual but diagnostic cues that are

so rare they are not incorporated into models. Yet, humans suffer

from errors. They are overconfident and sensitive to irrelevant

factors. They get tired, bored, and emotional. Algorithms are less

noisy and immune to social or organizational pressures. Algorithms

can optimally weigh and aggregate evidence. But too much consis-

tency becomes rigidity.

In the spirit of hybrid models, Steyvers et al. (2022) developed a

Bayesian framework that combines human predictions, algorithmic

predictions, and confidence measures to determine when hybrid

approaches are most likely to succeed. When the correlation between

human and algorithmic methods is low, hybrid approaches can be

advantageous. They will work best when humans and algorithms are

independent yet each has reliable and valid information.

Humans often increase errors when they simply adjust algorith-

mic predictions (Önkal et al., 2009: Khosrowabadi et al., 2022), but,

sometimes, humans and algorithms work better together. For exam-

ple, Graefe et al. (2014) examined predictions of six US presidential

elections from 1992 to 2012. They collected inputs from experts,

polls, models, and Iowa Electronic Markets. By averaging similar inputs

and predicting elections using the combination of different inputs,

they showed that a hybrid model was more accurate than any of the

inputs by themselves.

In another study, Phillips et al. (2018) tested the accuracy of

experts and super-recognizers against machine learning algorithms at

recognizing human faces. By combining the most accurate models

with the most accurate facial examiners, predictions were more accu-

rate than those based on combinations of humans or combinations of

algorithms.

In the medical domain, Patel et al. (2019) developed a collective

intelligence platform, Swarm, that combined the predictions of net-

worked radiologists working together in real time to diagnose pneu-

monia from chest radiographs. The accuracy of radiologists working

together was compared to radiologists working alone and two deep-

learning AI models. The greatest accuracy was achieved by combining

radiologists working together with the deep-learning predictions

of AI.

Lastly, Tschandl et al. (2020) examined the accuracy of human

predictions and image-based AI predictions to diagnosis skin cancer.

When image-based AI systems were used in conjunction with physi-

cians’ diagnoses, accuracy was greater than when AI systems or

physicians were used alone.We have an extraordinary opportunity

to reduce bias and noise in human predictions. Some people still

resist algorithms, especially when their professional identities are

threatened, and they will continue to resist algorithms until they

gain familiarity and trust. We view hybrid models as a natural step

in the transition to a world with widespread use of algorithms. Use

of algorithms will mean more accurate predictions. And with more

accurate predictions, both consumers and firms will be better posi-

tioned to improve decisions about both trivial and high-stakes

events.
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