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This appendix gives further details of the procedures used for generating the graduate jobs classifier (SOC(HE)_GH) used in the paper, lists graduate and non-graduate jobs within major occupation groups 1-4, and presents several criterion validity tests of SOC(HE)2010_GH against existing graduate jobs indicators used elsewhere. 

1 Classification method: further details.

a) Choice of Occupation Coding System.

The method is applicable to any valid occupational coding system that organises jobs by required skills levels (e.g., UK SOC, ISCO). The paper uses SOC2000 so as to present consistent trends using earlier SES waves. However, in this appendix we also use SOC2010, partly so that we can compare with other classifications including SOC(HE)2010_EP, but also so as to list graduate jobs according to the latest classification code for other researchers' potential use. SOC(HE)2000_GH and ISCO(HE)88_HE for Britain are available from the authors upon request. 

b) Estimating the Graduate Skills Requirement Index.

The coefficient estimates of the estimating probit model for the Graduate Skills Requirement (GSR) index are presented in Table A1. The dependent variable is D, the self-reported educational requirement to perform the job satisfactorily. The GSR is computed as the predicted value. The first model uses the SOC2010 codes and the 2012 data, while the second uses SOC2000 and includes also waves 1997, 2001 and 2006.  

Table A1: Empirical Model of Latent Graduate Skills Requirements (SOC 2010, SCO2000)

	
	Probit_SOC2010
	Probit_SOC2000

	Variables
	coef
	se
	coef
	se

	High or Advanced Computer Use
	0.288***
	0.073
	0.314***
	0.037

	High importance of: making speeches/ presentations
	0.172**
	0.072
	0.249***
	0.037

	High importance of: persuading or influencing others
	0.048
	0.071
	0.107***
	0.030

	High importance of: analysing complex problems in depth
	0.150**
	0.074
	0.061*
	0.032

	High importance of: thinking ahead
	0.050
	0.084
	0.191***
	0.046

	High importance of: organising own time
	0.172**
	0.084
	0.105**
	0.047

	High importance of: reading long documents
	0.123**
	0.060
	0.137***
	0.046

	High importance of: writing long documents
	0.122**
	0.059
	0.178***
	0.041

	High importance of: advanced mathematics/ statistics
	0.002
	0.072
	0.065*
	0.036

	High importance of: specialist knowledge or understanding
	0.187*
	0.098
	0.171***
	0.036

	Supervising responsibilities
	0.204***
	0.064
	0.058*
	0.034

	High variety in job
	0.115*
	0.068
	0.262***
	0.048

	No/Few short and repetitive tasks
	0.170**
	0.071
	0.199***
	0.036

	Long Prior Training
	0.208***
	0.069
	0.170***
	0.031

	Degree essential (similar jobs)
	2.427***
	0.124
	2.655***
	0.080

	Number of observations
	2,994
	17,082

	note:  *** p<0.01, ** p<0.05, * p<0.1. 


As can be seen, most variables have a positive relationship with the index. There is, however, considerable multicollinearity in these estimates, owing to strong correlations between variables. An alternative approach grouping task indices into distinct scales based on factor analyses, then using factor scores or linear combinations as covariates, yields very similar results for the classifier (Green and Henseke 2014). 

c) The SOC_HE_GH2010 Classification.

Table A2 presents the outcome of our classification of minor group (3-digit) SOC2010 occupations. There are a few occupations shaded in grey, where the GSR was close to the threshold and not significantly different from it. See Green and Henseke (2014) for the classification using SOC2010 unit group (4-digit) occupations which, owing to smaller cell sizes, contains more “grey-area” occupations.

Table A2. Graduate and Non-Graduate Jobs in Major Groups 1-4, SOC2010.

	Minor Group Code
	Occupation Title
	Graduate Skills Requirement Score
	SOC(HE) 2010_GH

	111
	Chief Executives and Senior Officials*
	-0.215
	Graduate

	112
	Production Managers and Directors
	-0.368
	Graduate

	113
	Functional Managers and Directors
	0.473
	Graduate

	115
	Financial Institution Managers and Directors*
	-0.215
	Graduate

	116
	Managers and Directors in Transport and Logistics
	-0.925
	Non-Graduate

	117
	Senior Officers in Protective Services*
	-0.215
	Graduate

	118
	Health and Social Services Managers and Directors*
	-0.215
	Graduate

	119
	Managers and Directors in Retail and Wholesale
	-1.173
	Non-Graduate

	121
	Managers and Proprietors in Agriculture Related Services*
	-0.574
	Graduate

	122
	Managers and Proprietors in Hospitality and Leisure Services
	-1.301
	Non-Graduate

	124
	Managers and Proprietors in Health and Care Services
	-0.134
	Graduate

	125
	Managers and Proprietors in Other Services
	-0.305
	Graduate

	211
	Natural and Social Science Professionals
	1.332
	Graduate

	212
	Engineering Professionals
	0.665
	Graduate

	213
	Information Technology and Telecommunications Professionals
	0.108
	Graduate

	214
	Conservation and Environment Professionals*
	0.533
	Graduate

	215
	Research and Development Managers*
	0.533
	Graduate

	221
	Health Professionals
	0.988
	Graduate

	222
	Therapy Professionals
	0.580
	Graduate

	223
	Nursing and Midwifery Professionals
	0.715
	Graduate

	231
	Teaching and Educational Professionals
	0.960
	Graduate

	241
	Legal Professionals*
	0.519
	Graduate

	242
	Research and Administrative Professionals
	0.936
	Graduate

	243
	Architects, Town Planners and Surveyors
	0.346
	Graduate

	244
	Welfare Professionals
	0.808
	Graduate

	245
	Librarians and Related Professionals*
	0.600
	Graduate

	246
	Quality and Regulatory Professionals*
	0.600
	Graduate

	247
	Media Professionals
	-0.121
	Graduate

	311
	Science, Engineering and Production Technicians
	-0.194
	Graduate

	312
	Draughtspersons and Related Architectural Technicians
	0.152
	Graduate

	313
	Information Technology Technicians
	-0.682
	Graduate

	321
	Health Associate Professionals
	-0.995
	Non-Graduate

	323
	Welfare and Housing Associate Professionals
	-0.694
	Graduate

	331
	Protective Service Occupations
	-0.534
	Graduate

	341
	Artistic, Literary and Media Occupations
	-0.600
	Graduate

	342
	Design Occupations
	-0.080
	Graduate

	344
	Sports and Fitness Occupations
	-1.116
	Non-Graduate

	351
	Transport Associate Professionals*
	-0.253
	Graduate

	352
	Legal Associate Professionals*
	-0.253
	Graduate

	353
	Business, Finance and Related Associate Professionals
	0.110
	Graduate

	354
	Sales, Marketing and Related Associate Professionals
	-0.506
	Graduate

	355
	Conservation and Environmental associate professionals*
	-0.253
	Graduate

	356
	Public Services and Other Associate Professionals
	-0.365
	Graduate

	411
	Government and Related Organisations
	-1.265
	Non-Graduate

	412
	Finance
	-1.165
	Non-Graduate

	413
	Records
	-1.390
	Non-Graduate

	415
	Other Administrative Occupations
	-1.296
	Non-Graduate

	416
	Office Managers and Supervisors
	-1.430
	Non-Graduate

	421
	Secretarial and Related Occupations
	-1.198
	Non-Graduate


Note: where the entry is shaded grey it means that the GSR is not statistically different from the threshold of -.895; note also that this threshold differs by a small amount from the threshold computed using the SOC2000 coding shown in Figure 1 of the main text. Values for minor groups marked with an asterisk were inferred from the 2-digit level (sub-major group) because less than 10 observations were available for classification.

2 Further Criterion Validation.

Here we compare predictive power in terms of two further expected outcomes, in addition to the link with wages presented in the main text. First, graduates in graduate jobs are expected to have better opportunities to utilise their skills, when employed in graduate jobs. Second, even though matching processes are imperfect we would expect that graduates are more likely to be employed in graduate jobs. Against each of these outcomes, validation requires that SOC(HE)2010_GH helps to explain the outcome (i.e. does better than a random allocation classification). More powerfully, stronger validation can be inferred if it is able to explain the variation in skills utilisation and matching better than alternative classifiers. 

a) Mismatch and skills usage.

SOC(HE) 2010_GH is based on the assumption, that graduate jobs require high levels of skills use. Therefore, investigating the differences in the opportunities to use skills provides a direct test of the classifications’ validity. For this purpose, we estimate the average skills utilisation penalty for mismatched graduates, relative to matched graduates. 

The SES contains two measures of skills under-utilisation. One summarises a worker’s opportunity to utilise his or her skills on the job. The second measure refers to how much of “past experiences/ skills/ abilities” can be used on the current job. According to each measure, we estimate skill usage penalties, i.e. how much more likely mismatched graduates are to report low levels of skills utilisation. (There is no comparable information in the QLFS.)

The estimation results shown in Table A3 show rankings of indicators very similar to those found for the wage regressions. Mismatched graduates are more likely to report low skills utilisation according to both measures of utilisation. In respect of the first measure, for the total sample Major Groups 1-3 performs best, with SOC(HE) 2010_GH and Gottschalk/Hansen close behind; within the risk zone, none of the measures make a significant difference. In respect of the second measure, SOC(HE) 2010_GH picks up a skills-usage penalty for overeducated graduates, both in the overall sample and in the risk zone, and ranks first in terms of R2 , and second in terms of coefficient size.

Table A3: Skills-Usage Penalty for Mismatched Graduates, by Classification.  

	
	SOC(HE) 2010_GH
	Freq.  of Graduates
	Major Groups 1&2
	Major Groups 1-3
	Gottschalk/ Hansen
	SOC(HE) 2010_EP

	Total Sample
	Opportunity to use knowledge and skills (disagree, strongly disagree)

	Coef.
	0.113***
	0.116***
	0.092***
	0.122***
	0.114***
	0.094***

	S.E.
	(0.026)
	(0.031)
	(0.021)
	(0.028)
	(0.027)
	(0.024)

	R2 (N=1,283)
	0.029
	0.025
	0.023
	0.031
	0.029
	0.023

	
	
	
	
	
	
	

	Risk Zone
	
	
	
	
	
	

	Coef.
	0.032
	-0.008
	0.005
	0.052
	0.001
	-0.010

	S.E.
	(0.043)
	(0.057)
	(0.042)
	(0.048)
	(0.037)
	(0.036)

	R2 (N=538)
	0.002
	0.000
	0.000
	0.004
	0.000
	0.000

	
	
	
	
	
	
	

	Total Sample 
	How much of past experiences/skills/ability can be used  (Very little, a little)

	Coef.
	0.200***
	0.179***
	0.139***
	0.200***
	0.182***
	0.109***

	S.E.
	(0.032)
	(0.036)
	(0.026)
	(0.034)
	(0.033)
	(0.029)

	R2 (N=1,283)
	0.096
	0.074
	0.068
	0.091
	0.084
	0.055

	
	
	
	
	
	
	

	Risk Zone
	
	
	
	
	
	

	Coef.
	0.184***
	0.167*
	0.055
	0.201***
	0.099**
	-0.020

	S.E.
	(0.055)
	(0.088)
	(0.047)
	(0.066)
	(0.046)
	(0.045)

	R2 (N=538)
	0.057
	0.028
	0.017
	0.052
	0.028
	0.014


Estimated coefficient from linear probability models using calibrated survey weights with age, age squared and a gender dummy as control variables. Asymptotically robust standard errors in parentheses. The questions asked are: How much do you agree or disagree with ‘In my current job I have enough opportunity to use the knowledge and skills that I have’”; “how much of your past experience, skill and abilities can you make use of in your present job?”

Source: SES 2012

b) Mismatch and Skills Development.
One of the skills needed from graduates is assumed to be the ability to learn new skills in order to adapt to changing technologies; thus it is widely assumed that skilled jobs are more dynamic in their skills demands, and require more ongoing training. We therefore tested whether the classifiers contributed explanatory power to account for the distribution of training. For this purpose we focused on participation in “long” training (training that lasts 10 days or more). We expected that graduates in graduate jobs would do more long training.

Table A4 shows that all classifiers are positively related to long training within the total sample, and most are within the risk zone. In both samples, SOC(HE) 2010_GH performs better than all other classifiers.

Table A4: Skills Development Premium of Matched compared with Mismatched Graduates, by Classification Method

	
	SOC(HE) 2010_GH
	Freq.  of Graduates
	Major Groups 1&2
	Major Groups 1-3
	Gottschalk/ Hansen
	SOC(HE) 2010_EP

	Total Sample
	Participation in long workplace training 

	Coef.
	0.197***
	0.202***
	0.119***
	0.187***
	0.189***
	0.124***

	S.E.
	(0.034)
	(0.037)
	(0.034)
	(0.035)
	(0.035)
	(0.034)

	R2 (N=1,281)
	0.059
	0.054
	0.040
	0.053
	0.055
	0.041

	
	
	
	
	
	
	

	Risk Zone
	
	
	
	
	
	

	Coef.
	0.151***
	0.153**
	0.039
	0.119*
	0.086*
	0.003

	S.E.
	(0.056)
	(0.075)
	(0.057)
	(0.062)
	(0.052)
	(0.053)

	R2 (N=535)
	0.070
	0.060
	0.053
	0.060
	0.059
	0.052


Estimated coefficient from linear probability models of participation in long training in the last 12m using calibrated survey weights with age, age squared and a gender dummy as control variables. Asymptotically robust standard errors in parentheses. 

Source: SES 2012

d) The Extent of Skills Match.

Finally, we explore across classifications the outcome of the matching process. We calculate the percentage of matched graduates and non-graduate workers in the employed labour force. If there is a matching process between job demands and workers’ human capital, we expect that a large fraction of workers is employed in an occupation which matches his or her qualification level. 

Table A5 presents the matching extent for all workers and for graduates and non-graduates separately, according to each of the classification methods. (The naïve classification based on the frequency of graduates is not considered in this matching comparison since it is derived from the matching information). By construction, there will be a trade-off between the derived matching successes of graduates and non-graduates. Classification success is therefore represented foremost by the aggregate extent of matching in the whole sample. SOC(HE) 2010_GH shows a larger fraction of skill matches in the labour force than all other classifiers (with Major Groups 1-3 coming close), whether using SES or the QLFS data. 

Table A5: Skills Matching by Classification Method (% of workers who are matched)
	
	SOC(HE) 2010_GH
	Major Groups 1&2
	Major Groups 1-3
	Gottschalk/ Hansen
	SOC(HE) 2010_EP

	SES 2012 (N=3,193)
	
	
	
	
	

	Non-Graduates
	80.6%
	87.3%
	76.3%
	66.6%
	83.4%

	Graduates
	69.4%
	53.3%
	73.5%
	70.6%
	61.4%

	ALL
	75.8%
	72.6%
	75.1%
	68.3%
	73.9%

	
	
	
	
	
	

	
	
	
	
	
	

	QLFS 2013/2014 (N=227,972)
	
	
	
	
	

	Non-Graduates
	78.7%
	86.4%
	74.9%
	64.7%
	82.1%

	Graduates
	70.0%
	54.2%
	73.2%
	71.1%
	63.7%

	ALL
	74.7%
	71.6%
	74.1%
	67.7%
	73.6%


Source: SES 2012, QLFS Q(1)2013-Q(4)2014

In conclusion, we believe our classification performs well when compared with other indicators. Among existing indicators we judged that SOC(HE) 2010_EP was the best conceptually since it is based directly on the skills used in jobs. Although our classification method starts from the same principles as SOC(HE) 2010_EP, it is distinguished by using job-holders reports incorporating task-based measures of skills utilisation and by deploying formal statistical classification methods, which support the binary partitioning of jobs into a group of graduate and non-graduate jobs. These have some advantages in terms of transparency, even if there are also some limitations. Moreover, to summarise this section and the last part of section 3 of the main paper focusing on validation, our classification method meets multiple criterion validity tests well, in most cases better than other classifiers, whether for the whole sample or confined to what we have called the “risk zone” of major groups 1, 3 and 4. 

