Supplementary Materials
Wonderlic Job Applicant Pool Database
For national norms, as listed in Table 5 of the Wonderlic Personnel Test Normative Report (Wonderlic, 2007), the sample was based on 95,079 candidates applying to 93 occupations, derived on average from 16 different firms or industries per occupation. Accordingly, this is described as representing a “diverse sample of employers by industry, size of employment, and geographic region” (p. 3) and should begin to approximate in aggregate national norms. While estimates from a single company, despite comprising a significant number of individuals, may not wholly represent the broader occupational population, our intent was to ensure minimal sampling error in every estimate. We did identify three cases (all from Wave 2, namely, Market Research Analysts, Lawyers, and Chemists) with sample sizes below 100. Nevertheless, their exclusion resulted in an insignificant effect, leading to their retention in the study.
To validate our findings, we compared them to previous studies. According to Table 1, the overall GMA mean score was 20.7, closely aligning with the anticipated average of 20.0. The average standard deviation stood at 6.37. The distribution of these means and standard deviations appear to follow a normal curve as indicated by the histogram. This assertion is confirmed by non-significant Komogorov-Smirnov tests within each wave, once the top and bottom SD entries of 3.7 (i.e., 51-9021 from Wave 3) and 9.9 (i.e., 43-4181 from Wave 1) are removed. This exclusion led to a marginal decrease in average SD to 6.35 and produced a second-order SD of 0.805. Wave 1 was intended to replicate Sackett and Ostgaard’s (1994) results. Minor differences are largely due to our use of O*NET occupations as the organizing principle instead of the DOT, removal of outliers, and the inability to match “Train Personnel.” The reported distribution from Sackett and Ostgaard was also approximately normal, with a similar mean of 22.5 (compared to our 21.9), based on 182,248 candidates (in contrast to our 184,111). It is worth noting that our results closely resemble theirs, with average standard deviations of 7.3 and 7.4, respectively.
Furthermore, using identical methodology and the original Wonderlic data files, making easy comparisons with Sackett and Ostgaard (1994), we applied the ANOVA theorem to each Wave. We replicated Sackett and Ostgaard’s original estimate of 8.07 but observed national SD decreasing over time to 6.04, which is unexpected. Though some small changes in mean GMA may occur due to sampling error and the Flynn effect (Trahan et al., 2014), national SD is very stable across administrations (Pietschnig & Voracek, 2015). Ideally, we avoid estimating using the ANOVA theorem and calculate directly from the data, which was an option for Sackett and Ostgaard but they declined to adopt the then available Wonderlic norm SD of 7.7 being it was “based on applicant data for a single year” (p. 682).




O*NET Database
As per Steel et al. (2006) and Johnson et al. (2010), typically the prediction of means focusses on O*NET’s General Work Behaviors or General Work Activities. We accessed O*NET Version 22.2, which provides the GWAs that describe the tasks or behavior that comprise people’s performance for 965 occupations, and we associated them to the Wonderlic Data Sets through the following steps. Though the 2003 and 2014 applicant pools were already linked, the 1973/1983 applicant pools were by title only. Fortunately, the 1992 Wonderlic version provided the reference table “Suggested Minimum Test Score and Selected Occupational Characteristics by Position” that has almost the same occupational terminology as the 1973/1983 and had DOT codes, which could be crosswalked to O*NET codes. First, we collapsed if different DOT codes or job titles matched the same O*NET occupation. For three popular generic O*NET “All Other” occupations (i.e., Managers, Business Operation Specialists, Production Workers), which contain no job characteristic information, we derived job characteristic from the average of all related occupations. For other “All Other” occupations (e.g., 41-4199.00, Information and Record Clerks, All Other), we recoded to a close match. Finally, if an occupation was isolated, preventing comparisons across time, we considered whether it could be transferred to an associated but empty cell by exploring close matches using O*NET’s “Related Occupations.” For example, Billing and Posting Clerks (43-3021.00) and Statement Clerks (43-3021.01) were reclassified as Billing, Cost, and Rate Clerks (43-3021.02). Using this procedure, we were able to link 221 occupations to the O*NET codes, providing 389 unique occupation-by-norming-period datapoints. The remaining occupations were described at too general a level and as such were reported, “O*NET data is not available for this type of title.” 
We extracted the Data, People, and Things from our 42 GWAs using a Principal Component factor analysis with a Promax rotation based on each GWA level, accounting for 69% of the variance. An alternative analysis based on the GWA importance criterion was largely interchangeable, as expected (Sanchez & Levine, 2012). We developed scales for Data, People and Things by summating GWA items with loadings on a factor greater than 0.50 and cross loadings on the other factors of at most 0.40 or less. The O*NET data, associated R code, and detailed results for creating these scales are provided in a dedicated folder in our Open Science Framework repository https://osf.io/a9bjz/. 
GATB Validity Coefficient Database
Despite its pivotal role, access to the original GATB database was not public until Salgado and Moscoso (2019) sourced the foundational technical reports issued by the United States Employment Service (USES). They coded and meta-analyzed these documents, before sharing the data as a supplementary file. Notably, their reanalysis unearthed several discrepancies with previously published versions, including increased interrater reliability (0.70 as opposed to 0.60) and larger u-estimates (0.73 for G, compared to 0.67). The technical reports primarily spanned from 1950 to 1972, with 22 additional post-1972 reports. Post-1972 GATB data was compiled by Steel and Kammeyer-Mueller (2009), who researched synthetic validity based on 192 jobs. One of these positions, the Hazardous-Waste Management Specialist, was recognized as a duplicate and thus eliminated, resulting in 191 jobs. As reported in text and detailed in the Excel file “Publication Year and GATB Database Overlap,” we were able to find exact matches for 17 cases between the two GATB databases, providing cross validation. Lastly, 11 jobs that lacked sample variances were also excluded.
Of note, this new dataset largely but does not entirely duplicate the datasets that the USES provided to both Hunter (1983) and Hartigan and Wigdor (1989). Hunter received a data tape (i.e., a magnetic tape-based data storage) with 515 studies conducted prior to 1972, though just 425 of them dealt with job proficiency, with the remaining 90 focused on training success. Total sample size was 32,124, compared with the 437 studies and 32,835 participants (before eliminating studies with incomplete variance data) gathered by Salgado and Moscoso (2019). Hartigan and Wigdor also received a data tape based on 264 studies and 38,521 participants from post 1972, however, informally they report 17% of these are based on training criteria leaving approximately 219 jobs. Later, they state “No written reports are available for the most recent 200 or so of the 755 studies in the data base” (p. 160), which compares favorably with our own post 1972 database, which originally had 201 jobs based on 40,449 participants (some jobs were eliminated or collapsed to ensure each position had at least 10 employees). Given the increased sample size, this present database appears to be the more complete. As a validity check, the pre 1973 results in terms of mean effect size and SDρ are similar to that obtained by Salgado and Moscoso (2019).
Wonderlic Validity Coefficient Database (Meta-analysis)
[bookmark: _Hlk161233225][bookmark: _Hlk98789964]	On May 14, 2019, we searched the Business Source, ProQuest Dissertations, Web of Science and Google Scholar databases, using the term “Wonderlic” in conjunction with any of these words: job, occupation, employment, employee, or career. We used Harzing’s Publish or Perish software to aid in extracting articles from Google Scholar, where to keep the number under 1,000, which is the maximum extractable during a single search, we conducted two searches limited by year (i.e., prior and post 2000). Across all searches, we generated 2885 references. After deduplication, this left us with 2,419 references, including removing dissertations later published (e.g., Ramchandran, 2011; Ramchandran et al., 2016). We excluded studies that clearly did not use an employee sample (e.g., student samples), did not use Wonderlic Personnel Test, were not quantitative or did not assess a performance criterion. Title and abstract screening reduced the total from 2,419 to 1,662 articles for full-text screening, whereupon the exclusion criteria became the inclusion criteria (e.g., did use an employee sample). This screening was done twice, first by a paid PhD student, trained through weekly communications where feedback and calibration was provided. The process was replicated by one of the authors, with discrepancies resolved by referencing the full text to ensure 100% agreement. Of these 1,662 sources, 16 were not obtainable, 414 were student populations, and 1,035 did not contain empirical results in the form of employee or job applicant means, standard deviations and performance correlates. In addition, 20 were foreign language (non-English) and excluded to enhance compatibility with the original English-only GATB administrations. The remaining 177 were coded for occupation, Wonderlic mean and standard deviation, correlation with performance, type of performance criterion, and applicant or incumbent status. After initial coding by the lead author, all articles were subsequently checked by the second author with discrepancies resolved by again collectively referencing the original article, ensuring 100% agreement.
Though in all cases the correlation was provided (requiring no conversions), at times the Wonderlic scores were reported in terms of IQ, based on a national mean of 100 and SD of 15, which we then we converted back to Wonderlic’s metric using their national mean of 20 and a SD of 7.60. Supervisory performance included any supervisory rating of technical, relationship, adaptive, organizational citizenship or overall performance. For studies where multiple ratings of performance were collected, we calculated composite scores as per Schmidt and Hunter (2015). Of these 177 studies, 63 provided the relevant supervisory validity coefficients with others based on off-target criteria such as job training or peer generated. Of these 63, 15 occurred prior to 1992 and were excluded from the analyses. Of the remaining 48, seven did not provide incumbent standard deviation necessary to calculate range restriction estimates. From these, all seven authors were contacted, and one was responsive, provided the missing statistic and the remaining were excluded from analyses, leaving 42 studies containing 51 validity coefficient estimates. Figure 1 in this Supplementary Materials provides the PRISMA flowchart of these steps. Of note, one was later excluded as an outlier and 10 occupations were described insufficiently to connect to an occupation (e.g., “random employee sample”) and were given the average job applicant pool SD for calculations (national level analyses are unaffected).
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PRISMA Flowchart of Wonderlic Meta-analysis
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	Supplementary Table 1
Comparison of SD Across Administration Wave for 21 Occupations

	O*NET 
	Title
	Wave 1
	Wave 2
	Wave 3
	Wave 4

	11-9199.00
	Managers, All Other
	7.8
	6.0
	5.8
	5.7

	13-1023.00
	Purchasing Agents
	7.7
	5.7
	5.9
	5.5

	33-9032.00
	Security Guards
	8.1
	7.3
	6.9
	6.5

	41-2011.00
	Cashiers
	7.4
	6.0
	6.3
	5.7

	41-3021.00
	Insurance Sales Agents
	7.1
	6.2
	6.1
	6.1

	43-3031.00
	Bookkeeping, Accounting Clerks
	7.2
	6.3
	6.5
	5.9

	43-3071.00
	Tellers
	6.8
	6.5
	6.1
	5.6

	43-4051.00
	Customer Service Representatives
	7.3
	7.3
	6.4
	5.6

	43-4171.00
	Receptionists and Information Clerks
	7.0
	5.9
	6.0
	5.5

	43-6014.00
	Secretaries and Admin. Assistants
	6.3
	6.1
	5.7
	5.7

	43-9021.00
	Data Entry Keyers
	7.5
	6.5
	6.0
	5.8

	43-9061.00
	Office Clerks, General
	7.0
	6.2
	6.2
	5.7

	49-9071.00
	Maintenance and Repair Workers
	7.8
	7.0
	6.9
	6.7

	49-9098.00
	Installation, Maintenance Workers
	7.8
	6.5
	6.9
	5.6

	51-4081.00
	Multiple Machine Tool Setters
	7.1
	6.7
	5.5
	5.1

	51-5112.00
	Printing Press Operators
	8
	6.1
	6.0
	6.0

	51-9198.00
	Helpers--Production Workers
	8.1
	6.4
	6.7
	5.7

	51-9199.00
	Production Workers, All Other
	7.6
	6.0
	6.8
	6.3

	53-3032.00
	Heavy and Tractor-Trailer Truck Drivers
	7.7
	7.2
	6.9
	5.7

	53-7062.00
	Hand Laborers and Freight Movers
	8.3
	6.7
	6.7
	5.7

	53-7064.00
	Packers and Packagers, Hand
	8.6
	5.9
	5.9
	6.4

	
	Average
	7.53
	6.41
	6.30
	5.83

	Note. The two bolded figures are where the subsequent Wave was larger than two or more Waves previously.




	Supplementary Table 2

Correlations Among Job Applicant Pool Means, Standard Deviations and Job Characteristics by Collection Period


	
	Means
	
	Standard Deviation
	
	Job Characteristics

	Means
	1973
	1992
	2003
	2014
	
	1973
	1992
	2003
	2014
	
	Data
	People
	Things
	Educ.

	
	1973
	62
	37
	37
	45
	
	62
	37
	37
	45
	
	62
	62
	62
	62

	
	1992
	0.87**
	63
	37
	46
	
	37
	63
	37
	46
	
	63
	63
	63
	63

	
	2003
	0.78**
	0.80**
	92
	64
	
	37
	37
	92
	64
	
	92
	92
	92
	92

	
	2014
	0.77**
	0.84**
	0.81**
	177
	
	45
	46
	64
	177
	
	175
	175
	175
	174

	SD
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	
	1973
	-0.38**
	-0.48**
	-0.44**
	-0.34*
	
	62
	37
	37
	45
	
	62
	62
	62
	62

	
	1992
	-0.44**
	-0.32*
	-0.24
	-0.15
	
	0.18
	63
	37
	46
	
	63
	63
	63
	63

	
	2003
	-0.15
	-0.34*
	0.03
	-0.24
	
	0.24
	0.39*
	92
	64
	
	92
	92
	92
	92

	
	2014
	0.04
	0.12
	0.08
	0.23*
	
	0.14
	0.18
	0.34*
	177
	
	175
	175
	175
	174

	Job Char.
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	
	Data
	0.63**
	0.67**
	0.56**
	0.65**
	
	-0.32*
	-0.19
	-0.19
	0.07
	
	220
	220
	220
	219

	
	People
	0.44**
	0.56**
	0.48**
	0.46**
	
	-0.10
	-0.19
	-0.23*
	-0.04
	
	0.58**
	220
	220
	219

	
	Things
	-0.54**
	-0.54**
	-0.61**
	-0.52**
	
	0.25
	0.33
	0.27
	0.00
	
	-0.37**
	-0.18**
	220
	219

	
	Education
	0.70**
	0.82**
	0.74**
	0.76**
	
	-0.30*
	-0.15
	-0.19
	0.13
	
	0.73**
	0.51**
	-0.52**
	219

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	Note. Correlations below the diagonal and number of occupations along and above the diagonal. p<0.05 = *; p < 0.01 = **.
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