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Goals for today

• distinguish clinical and statistical/actuarial judgment

• understand the lens model and learn associated terminology

• be aware of the sizeable increase in predictive accuracy of 
statistical/actuarial relative to clinical judgment

• Discuss the power of new technologies (LLMs) for scaling 
statistical/actuarial judgment
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Clinical vs. Statistical Prediction:  “A disturbing little book”

Meehl, P. E. (1954). Clinical versus statistical prediction: A theoretical analysis and a review of the 
evidence. Echo Point Books & Media.

Paul Meehl (1920-2003)

• clinician
• psychodynamic orientation
• familiar with projective tests

1954



Meehl, P. E. (1954). Clinical versus statistical prediction: A theoretical analysis and a review of the 
evidence. Echo Point Books & Media.

Meehl looked at ca. 20 studies (depending on inclusion 
criteria). In all but one case, predictions made by 
statistical/actuarial means were equal to or better than clinical 
methods

“…it is clear that the dogmatic, complacent assertion 
sometimes heard from clinicians that ‘naturally’ clinical 
prediction, being based on ‘real understanding’ is superior, 
is simply not justified by the facts to date”.

Clinical vs. Statistical Prediction:  “A disturbing little book”
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The Lens Model and Policy Capturing

Egon Brunswick
(1903-1955)

Egon Brunswik (born in Budapest, studied in Vienna, later emigrated to USA) argued that psychology 
should give as much attention to the properties of the organism's environment as it does to the 
organism itself. He asserted that the environment with which the organism comes into contact is an 
uncertain, probabilistic one, however lawful it may be in terms of physical principles. Adaptation to a 
probabilistic world requires that the organism learn to employ probabilistic uncertain evidence 
(proximal cues) about the world (the distal object). His work has influenced psychology of perception 
(cf. Roger Shepard) and judgment and decision making (cf. Ken Hammond). His focus on the 
environment also led him to argue for the need to use representative designs in psychology (i.e., 
naturalistic sampling of stimuli)

Brunswick proposed the lens model 
which describes the link between 
characteristics of the world and 
individual’s perception of these 
characteristics. 

Brunswick, E. (1955). Representative design and probabilistic theory in a functional psychology. Psychological 
Review, 62(3), 193–217. http://doi.org/10.1037/h0046845
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The Lens Model and Policy Capturing

Hammond, K. R. (1955). Probabilistic functioning and the clinical method. Psychological Review, 62(4), 255–262.
Dhami, M.K, & Mumpower, J.L. (2018). Kenneth R. Hammond’s contributions to the study of judgment and 
decision making. (2018). Judgment and Decision Making, 13(1), 1–22.

Kenneth R. Hammond
(1917-2015)
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Karelaia, N., & Hogarth, R. M. (2008). Determinants of linear judgment: A meta-analysis of lens model studies. 
Psychological Bulletin, 134(3), 404–426. http://doi.org/10.1037/0033-2909.134.3.404

The Lens Model and Policy Capturing

bootstrapping

23

1

45 G·Re

11

http://doi.org/10.1037/0033-2909.134.3.404
http://doi.org/10.1037/0033-2909.134.3.404
http://doi.org/10.1037/0033-2909.134.3.404


“Proper linear models are those in which predictor variables are given weights in such a 

way that the resulting linear composite optimally predicts some criterion of interest; 

examples of proper linear models are standard regression (…). Research summarized in 
Paul Meehl's book on clinical versus statistical prediction—and a plethora of research 

stimulated in part by that book—all indicates that when a numerical criterion variable (e.g., 

graduate grade point average) is to be predicted from numerical predictor variables, 

proper linear models outperform clinical intuition. Improper linear models are those in which 
the weights of the predictor variables are obtained by some nonoptimal method; for 

example, they may be obtained on the basis of intuition, derived from simulating a clinical 

judge's predictions, or set to be equal. 

12
Dawes, R. (1979). The robust beauty of improper linear models in decision making. American Psychologist, 
34(7), 571–582.

Clinical Prediction: Proper and improper linear models
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Clinical Prediction: Proper and improper linear models

Past Grade(s) ─┐
Conscientiousness ─┼► Weighted Sum ─► GPA
Interview Score ─┘

Model How are weights chosen?
Human judge Chosen intuitively (varies case to case)
Judge model (bootstrapping) Regression used to predict the judge’s ratings
Random model (correct sign) Random weights, but direction correct
Equal weighting All weights = 1
Optimal liner model Regression predicts true GPA

An example (admissions officer predicting student performance) 
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Dawes, R. (1979). The robust beauty of improper linear models in decision making. American Psychologist, 
34(7), 571–582.

Clinical Prediction: Paramorphic and simple models beat experts!

bootstrapping model: build a paramorphic model of the judge’s 
judgements by linking attributes to the judge’s estimated criterion 

random model: models in which weights were randomly chosen 
except for sign (which is obtained from linear model)

equal weighting model: models in which weights are 1 but sign is 
consistent with those from linear model

optimal linear model: 
linear regression of 
attributes on criterion

“This article presents evidence that even such improper linear models are superior to 
clinical intuition when predicting a numerical criterion from numerical predictors.”
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Dawes, R. M., Faust, D., & Meehl, P. E. (1989). Clinical versus actuarial judgment. Science, 243(4899), 1668–1674.

Clinical Prediction: Experts are inconsistent



Clinical Prediction: Experience helps (but not much)

Spengler, P. M., & Pilipis, L. A. (2015). A comprehensive meta-reanalysis of the robustness of the experience-accuracy 
effect in clinical judgment. Journal of Counseling Psychology, 62(3), 360–378. http://doi.org/10.1037/cou0000065

Effects of experience on judgment accuracy in clinical judgment (d ≈ .15)

discussion: heterogeneity across studies in defining “experience” is problematic; overall, effect 
of experience is small; crucially, moderator analysis that consider extreme groups (e.g., 
experts/novices) don’t find significant differences!
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Clinical Prediction: Experts are not perfectly calibrated

Miller, D. J., Spengler, E. S., & Spengler, P. M. (2015). A meta-analysis of confidence and judgment accuracy in 
clinical decision making. Journal of Counseling Psychology, 62(4), 553–567. http://doi.org/10.1037/cou0000105

Correlation between confidence and judgment accuracy in clinical judgment (r ≈ .15)

“(…) an r of .15 reflects that confidence accounts for 2% of variance in judgment accuracy (r2 = 
.0225), which by any standard seems inconsequential. If counseling and other psychologists do in 
reality have the ability to appropriately gauge the accuracy of their own judgments, one would 
expect the aggregated effect size to be much larger”

http://doi.org/10.1037/cou0000105


Clinical vs. Statistical Prediction: Meta-Analyses

Domain
Improvement
of Statistical
vs Clinical

Reference

Experimental and field studies 10%
Karelaia, N., & Hogarth, R. M. (2008). Determinants of 
linear judgment: A meta-analysis of lens model studies. 
Psychological Bulletin, 134(3), 404–426.

“Human health and behaviour”
(e.g., psychology, medicine, forensics, 

finance)
10%

Grove, W.M., Zald, D.H., Hallberg, A.M., Lebow, B., 
Snitz, E., & Nelson, C. (2000). Clinical versus 
mechanical prediction: A meta-analysis. Psychological 
Assessment, 12, 19–30. 

“Counseling psychology” 
(e.g., diagnosis, prognostic in therapy) 13%

Ægisdóttir, S., White, M. J., & Spengler, P. M. (2006). 
The meta-analysis of clinical judgment project: Fifty-six 
years of accumulated research on clinical versus 
statistical prediction. The Counseling Psychologist, 34, 
341-382.

“Employee selection and academic 
admission”

20%
(median)

Kuncel, N. R., Klieger, D. M., Connelly, B. S., & Ones, D. 
S. (2013). Mechanical versus clinical data combination 
in selection and admissions decisions: A meta-analysis. 
Journal of Applied Psychology, 98(6), 1060–1072.
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Advantages of Statistical/Actuarial Prediction

Immunity from fatigue and other limitations (forgetfulness, over-confidence)

Consistency and  proper weighting (variables are weighted the same way every 
time, according to their importance)

Feedback & base-rates ‘built-in’ to the system (clinicians rarely get immediate 
feedback and have imperfect memory)

Not overly sensitive to optimal weightings (simple linear weightings often do 
well)

Dawes, R. M., Faust, D., & Meehl, P. E. (1989). Clinical versus actuarial judgment. Science, 243(4899), 1668–1674.
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Scaling up actuarial judgment…

https://ourworldindata.org/artificial-intelligence

https://ourworldindata.org/artificial-intelligence
https://ourworldindata.org/artificial-intelligence
https://ourworldindata.org/artificial-intelligence
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Performance of LLMs in diagnostic prediction

Kim, J., Leonte, K. G., Chen, M. L., Torous, J. B., Linos, E., Pinto, A., & Rodriguez, C. I. (2024). Large language models
outperform mental and medical health care professionals in identifying obsessive-compulsive disorder. Npj Digital
Medicine, 7(1), 193. https://doi.org/10.1038/s41746-024-01181-x

“We used a zero-shot 
approach in that we did not 
prompt or finetune the 
chatbots with the goal of 
improving their 
performance. The three AI 
chatbots were asked to 
provide the three most likely 
medical diagnoses, rank 
their choice in order of 
likelihood, and offer clinical 
reasoning behind their 
diagnoses”
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Kim, J., Leonte, K. G., Chen, M. L., Torous, J. B., Linos, E., Pinto, A., & Rodriguez, C. I. (2024). Large language models
outperform mental and medical health care professionals in identifying obsessive-compulsive disorder. Npj Digital
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LLMs outperform mental health care professionals
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How CAN OR SHOULD AI REPLACE 
HUMAN PSYCHOLOGISTS?



Summary

• Clinical vs. actuarial judgment: clinical judgment as the integration of 
data in the head; actuarial judgment as the integration of data through an 
algorithm; problem of integration NOT data availability…

• Lens model and policy capturing: Lens model as a general depiction of
data integration; supplies framework and terminology to help assess the
relative benefits of clinical and actuarial judgment; formalisation of judgment
process using an algorithm (e.g., regression model)

• Why humans fail: increased experience may not be strongly related to
improved performance (lack of immediate/appropriate feedback?),
(over)confidence, incorrect or inconsistent weighting

• Empirical evidence: Meta-analyses of field studies in several domains 
(e.g., academic, mental health) suggest that actuarial judgment can 
outperform clinical judgment by ca. 20%; recent studies suggest new
models (LLMs) can already outperform clinical judgement (zero-shot
performance) promising actuarial judgment at scale…
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