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Investigating the baseline skills of research students using a competency-based self-assessment method

Recent government-led initiatives are changing the nature of the UK PhD to support the greater development of transferable skills. There are similar initiatives internationally. A key requirement and challenge is to effectively assess the 'baseline' skills of a cohort on entry to a research programme and then monitor their progress in personal development. This article describes an innovative methodology that combines competence model and training needs analysis theory to create an effective self-assessment tool: the Development Needs Analysis (DNA), for collection of baseline data. The DNA provides a means for effective selfassessment of skills, and is capable of highlighting particular needs of students grouped by, for example, date of birth and home vs. overseas status. The methodology is broadly applicable in determination of the baseline skills of students and allows practitioners to tailor learning and teaching to the requirements of a cohort.

Introduction

In a modern economy, based increasingly on intellectual capital, greater skills and knowledge are required of the workforce. (Sir Martin Harris, Review of Postgraduate Education, 1996) The nature of a research degree is changing from the pursuit of a scholarly piece of research focused on specialization within a discipline to a broaderbased training ground for skilled researchers who will be able to function in the modern, dynamic workplace. Within the UK, the educational funding bodies began to acknowledge this change during the 1990s based upon feedback from private sector businesses about the work skills of PhD postgraduates (Association of Graduate Recruiters, cited in [START_REF] Harris | Review of Postgraduate Education HEFCE[END_REF]. Although postgraduates were highly competent in technical expertise and problem solving, broader skills, such as communication and teamwork, were often found to be lacking.

In the UK this expanded skills agenda developed significantly in relation to research degrees, culminating in the 2002 report of Sir Gareth Roberts [START_REF] Roberts | SET for Success -The Supply of People with Science, Technology, Engineering and Mathematics Skills[END_REF]. Roberts recommended each research student should have two weeks per year of transferable skills training. Roberts' recommendations were supported with a new UK government funding scheme, acknowledged in a review of research degree programmes [START_REF] Metcalfe | Improving Standards in Postgraduate Research Degree Programmes, Higher Education Funding Councils of England[END_REF] and formalized in a revised Quality Assurance Agency Code of Practice for Research Degrees (QAA, 2004). The agenda is not restricted to the UK and is indeed international, illustrated by the Bergen Communiqué [START_REF] Bergen Communiqué | The European Higher Education Area -Achieving the Goals[END_REF] and for example the review similar to the 'Roberts' review carried out in Australia (Australian Government, 2006).

In order to clarify what skills PhD postgraduates might require, the UK Research Councils (RCUK) had produced a Joint Statement on Skills listing 36 critical skills ranging from research management to career development (RCUK, 2001). A number of universities developed skills training schemes, some integrated within degree programmes and others offering an add-on smorgasbord of training courses. However, these skills training initiatives were often implemented without a clear understanding of the effectiveness of different approaches.

A current key debate [START_REF] Team | Evaluation of Skills Development of Early Career Researchers -A Strategy Paper from the Rugby Team[END_REF]) is how to assess and monitor the effectiveness of these skills development initiatives. In order to monitor progress related to skills development it is critical to know the 'baseline' level in transferable skills of a diverse research student cohort. The questions driving the current study were:

• Can an efficient methodology be developed to obtain a valid 'baseline' assessment of transferable skills in a research student cohort? • Can differing development needs be identified in the cohort? • Can the assessment inform the university's development programme?

• Can the methodology be used to monitor progress in personal and professional development?

Building the methodology

These questions are similar to the questions an employer faces when assessing the current skills of their workforce to identify company strengths and to consider additional training needs to improve company performance. Also for consideration is the body of research on assessment in higher education [START_REF] Dochy | The Use of Self-, Peer and Co-assessment in Higher Education: A Review[END_REF][START_REF] Mcdowell | Changing Assessment Practice in Engineering: How Can Understanding Lecturer Perspectives Help?[END_REF][START_REF] Gijbels | Integrating Assessment Tasks in a Problem-based Learning Environment[END_REF]. However, assessment studies are most generally based on assessment methods in taught programmes rather than the personal and professional development of the individual.The unique approach of this study has been to review literature from the private sector reporting industrial practice in competence models and training needs analysis and apply the best practice to evaluating the effectiveness of skills development for PhD postgraduates in higher education.

There are two main approaches to workforce assessment and development: training needs analysis and competence models. Training needs analysis is seen as having a role in organizational change [START_REF] Reed | What Role Can a Training Needs Analysis Play in Organizational Change?[END_REF] and can vary in scale from a simple survey to a detailed structured process including interviews, observation and focus groups [START_REF] Mcclelland | Training Needs Assessment: An "Open-systems" Application[END_REF]. Training Needs Analysis is commonly described as a three-stage process: organizational analysis, operations analysis and personnel analysis [START_REF] Moore | Training Needs Analysis: Review and Critique[END_REF]. A whole-company approach is beyond the scope of this study as there is little opportunity for organizational or operations analysis of the university. However, personnel analysis, which looks at how well each employee is performing the tasks that make up their job, appears to be applicable. Techniques used for determining training needs include: observation -work sampling, interviews, questionnaires and tests [START_REF] Moore | Training Needs Analysis: Review and Critique[END_REF]. Within the constraints of this study the selfassessment questionnaire was considered the most viable option.

Historically, in industry, there has been an ethos that the outcome of training needs analysis is training and that performance problems are signs of deficiency. Indeed [START_REF] Gilbert | Praxeonomy: A Systematic Approach to Identifying Training Needs[END_REF] offers an equation: Deficiency ϭ Mastery -Initial Skill Repertory However, this assumption has changed with [START_REF] Wright | Needs Analysis Theory and the Effectiveness of Large-scale Government-sponsored Training Programmes: A Case Study[END_REF] pronouncing the demise of the 'needs-analysis-tied-exclusively-totraining' concept. This approach is beneficial in the case of postgraduate skills development because it can account for the wide diversity of the PhD postgraduate population. An experienced, mature PhD candidate may simply need to identify the full range of skills necessary for PhD-quality research, compare their current skills levels against these target skills and plan their own self-directed development towards improving any deficient skills. This process requires the second method of workforce assessment and development: the competence model.

Competence models are widely used in industry (e.g. in personnel appraisal and development as well as in assessment centres) to improve corporate performance through analysis of the behaviour of individuals [START_REF] Boak | Competencies for Retail Leadership: Accurate, Acceptable, Affordable[END_REF][START_REF] Boyatzis | The Competent Manager -A Model for Effective Performance[END_REF][START_REF] Dalton | Are Competency Models a Waste?[END_REF]. The starting point is for a researcher to carry out a number of 'behavioural event interviews' with individuals [START_REF] Boyatzis | The Competent Manager -A Model for Effective Performance[END_REF] and identify specific behaviours that can be related to definitions of 'more effective' and 'less effective' performing individuals. Behaviours are categorized under thematic headings which define the general 'competencies' with associated 'behavioural indicators' which clearly identify the 'level' of the competency required [START_REF] Boyatzis | The Competent Manager -A Model for Effective Performance[END_REF]. For example, a competency of 'IT proficiency' is open to interpretation: does it mean familiarity with word processing or motherboard reconstruction? Behavioural indicators can clearly specify this. There has also been work that considers 'structural' rather than 'functional' components of a competence, with competencies being considered as consisting of four elements and their relations: technology, people, organizational structure and organizational culture [START_REF] Drejer | How Can We Define and Understand Competencies and their Development?[END_REF].

In summary, with respect to a methodology for this study, the main elements of personnel assessment and development in industry which could be applicable to postgraduate skills development are competence models and training needs analysis. The present study will propose a unique methodology for dealing with the assessment of skills development and present results from the first year of implementation at the University of Manchester Faculty of Engineering and Physical Sciences (EPS), which has had a skills training programme in place since 1999 [START_REF] Barber | The Development of an Institute-wide Graduate Personal Skills Training Programme that Integrates Centrally Provided Core Skills Training with the Requirements of Individual Academic Departments, Research Councils and Professional Bodies[END_REF][START_REF] Barber | Developments in Graduate Personal Skills Training at UMIST[END_REF][START_REF] Goodison | Enhancing the Quality of Doctoral Theses[END_REF][START_REF] Bromley | An Innovative "Introduction to Research" Workshop for 1st year PhD Students[END_REF][START_REF] Brunn | Postgraduate Skills Training in Teamwork and Project Planning -A New Model Case Study on the UKGRAD TM Model[END_REF]Graduate Development Scheme, 2006).

Methods

The development needs analysis

The initial task was to develop a competence model for postgraduates. There was no need to identify the skills needed by PhD researchers from scratch through interviews because the RCUK Joint Skills Statement (JSS) provides a valid list of competencies and had the benefit of already being a recognized standard in postgraduate development. However, more detailed behavioural indicators needed to be developed for each competency. It was considered important to make the behavioural indicators clearly evidence-based, with specific examples of what type of work would have to be done to illustrate a competence in a given skill. In the interests of simplicity, it was decided to only define one level of each competency: the level that would describe the skill level expected when the researchers had completed their PhD.This level was termed that of 'an experienced PhD student'. Draft statements were generated by the authors and circulated to a panel of academics from the nine disciplines in the EPS Faculty: chemical engineering, chemistry, computer science, earth sciences, electrical engineering, materials, maths, mechanical engineering and physics. The challenge was to create behavioural indicators that were applicable to all disciplines. Of course, an additional benefit of this system could be that specific disciplines could tailor the content of the 'behavioural indicator' to the needs of their discipline, whilst still allowing generic cross-disciplinary data to be collected against the JSS competencies.

A 'skills audit' questionnaire was then developed for all new postgraduates as a form of training needs analysis. This was designed as an online tool using WebCT and asked new researchers to assess their current skills against the competencies and behavioural indicators of 'an experienced PhD student' mentioned above. Students could then rank their own skill level against the indicator on a four point scale: (1) 'good first degree graduate standard'; (2) 'a PhD student with some experience'; (3) 'an experienced PhD student'; and (4) 'a particularly able PhD student'. Thus if the new researcher felt they already had PhD-quality skills in a certain competency, they would give themselves a 'level 3' ranking (or 'Level 4' if they thought they were exceptionally skilled). If they felt they did not meet the Level 3 skill descriptor, they would have to decide, in their own interpretation, whether they were slightly skilled (Level 2) or not skilled at all (Level 1).

In light of the fact that not all training needs analysis need lead to training, the system was termed the Development Needs Analysis. This terminology reflected the variety of learning preferences in a diverse group such as this and acknowledged the importance of researchers designing their own personal development plan, which may or may not include training.

Data analysis

Data were analysed in a number of ways.The overall average score for each question was calculated for comparative purposes. The chi-square ( 2 ) goodness of fit test [START_REF] Zar | Biostatistical Analysis[END_REF] was applied to examine the distribution of scores for each question. The intrinsic hypothesis was that the overall distribution of all scores for all questions represented an average expected level of scoring for new research students which could then be used to generate expected values for the various samples being examined. These were compared to the specific observed number of each level and the chisquare statistic was calculated using the equation:

Resulting chi-square values were tested for significance for kϪ1 degrees of freedom (where kϭthe number of score levels) to determine the probability of being able to reject the intrinsic null hypothesis that the distribution of scores for any given subset of data did not vary significantly from the distribution of scores in the overall dataset. Significant differences were identified by minimum probability levels of pϽ0.05, although many differences were significant at pϽ0.001 [START_REF] Zar | Biostatistical Analysis[END_REF].

The data were also subdivided on the basis of date of birth and home vs. overseas status. The subdivisions were based on the available data recorded in the university student records system. The analyses mentioned above were then carried out on the various subdivisions of the overall dataset.

Results and discussion

Overall

The final Development Needs Analysis (DNA) is presented in Appendix 1.The 36 Research Councils' skills, or competencies, are listed in the left column and the level 3 behavioural indicators associated with each competency are listed in the right column. Each competency is referred to by the letter of the general skills area (e.g. A ϭ Research Skills and Techniques) and a number within that category. A sample screen capture from the online WebCT version of the questionnaire is presented in Figure 1.

The DNA was completed by 201 postgraduate researchers within the first three months of their research programme between October and April 2005. All 36 questions were answered by 187 students (83% of the total number of respondents).The average number of questions answered was 35.2 questions.

The overall dataset of 7067 scores (a range of 195-198 answers per question) is presented in Figure 2. The average for all scores (disregarding blanks) was 1.86, with individual student averages ranging from 1.1 to 4.0 (one student). Figure 2 shows that 64 per cent of students rated themselves above a 'good first degree graduate standard' (i.e. scores of '2','3' or '4').This could be due to the fact that many students achieve a Masters degree before beginning a PhD. However, the fact that 81 per cent of all answers were either '1's or '2's (Figure 2) shows a generally low level of scoring suggesting that students understood the basic process of the DNA in that they should not expect themselves to be expert at all PhD skills in the first stages of their research degree.

Figure 1 An example screen shot from the online Development Needs Analysis

Chi-square analysis found 12 competencies whose rating scores differed significantly from the overall score distribution (Table 1). There were six competencies in which students rated themselves significantly higher than expected from the overall dataset. It is perhaps reassuring that the area students rated themselves most highly in is Health and Safety (JSS B4). In general, students rated themselves most highly in Personal Effectiveness skills (category D: three entries) and in Research Management skills (Category C: two entries). This suggests that PhD students feel they are aware of the personal skills needed, are naturally confident that they have those skills and are highly motivated. There is an absence in the top six skills of categories A (Research Skills and Techniques), E (Communication Skills) or G (Career Management), suggesting that these are the areas in which development programmes should initially focus.

There were six competencies in which students rated themselves significantly lower than expected from the overall dataset (Table 1).They rated themselves weakest in the Communication Skill E3 (defend research outcomes) which is understandable for students at the start of their research programme.There are low rankings for understanding the Research Environment (category B: three entries) and Research Management (category A: one entry), indicating a lack of awareness from students about the context of their research nationally and internationally.

Date of birth

Date of birth was known for 194 students (Table 2). The group with the highest average rating was one of the older age classes (d.o.b.: 1970-1974; 35-39 yrs old). In fact, the three oldest groups all rated themselves significantly above the average of 1.86. The group with the lowest average rating was one of the younger age classes (d.o.b.: 1981-1982; 24-25 yrs old). This suggests that the older the student the higher their self-assessment rating. This might be expected as older students will have had more opportunity for life experience to develop their transferable skills and perhaps are generally more confident of their skills abilities.

Age does not appear to have a major effect on the rankings of specific skills (Table 2).There were only nine unique skills listed in the 30 top skills (that is, the other 21 skills were duplicated across the six age classes). Only three of [1970][1971][1972][1973][1974], A6 (progress summaries) and F2 (team-working) were unique.This suggests that the greater experience of older researchers has given them more confidence in writing and teamworking than the younger researchers, who appear to feel more creative.

There was greater variability for the bottom five self-assessed skills grouped by student date of birth (Table 2).There were 12 unique skills in the 30 skills listed by age in Table 2 and six of these were different from the overall bottomrated six skills in Table 1. The youngest age class (1982/83) had the greatest differences, with only E3 (research presentation skills) in their bottom-rated skills matching the list for the overall dataset. E3 is also the only skill from Table 1 that appears for all age classes.This is understandable since all students, regardless of age, are just starting out on their research programme and will have had little opportunity for previous experience of this competency.

Two of the unique skills listed by the youngest cohort as needing development are A4 (discipline methodologies) and C2 (library skills). A4 was also listed as a unique bottom-rated skill for the next older cohort, students born in 1981/82. These technical skills are obviously a special concern of these less experienced students. The youngest cohort (1982/83) also was the only cohort to list any skills from the Career Management section (Section G: Appendix 1). This shows a special concern of these younger students for their future careers. Again it may well be expected that more mature students have a better grasp of their career paths.

The final unique skill which appears in the bottom rankings of these age-related self-assessments is A2 (original critical thinking) which is only listed by the older students born in 1970-74. This suggests that, although having greater experience with a team-based, hierarchical workplace, they may not have had the opportunity to develop an awareness of the unique demands for highly independent PhD research.

The specific ranking order of the bottom-rated skills common to all students also varied between some age classes. B5 (understanding funding and evaluation of research) appears in the bottom five for all but the youngest group of students and is the absolutely lowest-ranked skill for two age classes (those born between 1970 and 1979). It is therefore quite clear that few research students have a good understanding of how research is funded at the start of their research programme.

Home and overseas

'Home' or 'overseas' status was only known for 52 of the respondents (Table 3). Overseas students rated themselves, on average, significantly higher than home students.

A comparison of the five top-rated skills of home and overseas students (Table 3) with those for the overall dataset (Table 1) shows little difference. Nine of the 10 skills top-rated for these students occur in the overall listing, suggesting there are no major differences between home and overseas students. The only unique skill listed was for overseas students, who felt more confident of their skills for D7 (show initiative, work independently/be self-reliant).

However, there were differences in the specific rank order of top-rated skills between home and overseas students. Home students ranked D3 (flexibility/open-mindedness) and D5 (self-discipline) in their top-rated skills, whilst overseas students ranked C3 (bibliographic skills) in their top five.

An analysis of the bottom five skills for overseas students (Table 3) is more clearly polarized than any of the other lists discussed previously. Only six of the 10 cells appeared in the overall list of bottom-rated skills (Table 1). Overseas students seemed uniquely concerned about their Career Management (G2, G4) and their knowledge of the Research Environment (B2, and uniquely, B1 and B5 in common with the overall bottom-rated skills). The listing for home students had four of the five bottom-rated skills in common with the overall dataset with the exception of G1 (professional development). This may suggest that CPD activity had not been a priority for this group in previous occupations or periods of study.
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The ranking order of the bottom-rated skills also varied between home and overseas students. Home students ranked themselves lowest in two skills from category E, Communication Skills (E3 and E4). Interestingly, overseas students gave themselves an average of 2.04 for skill E4 and 1.78 for skill E3, and thus do not appear to consider themselves deficient in communication skills in spite of potential language differences.

Conclusions

The application of competence model theory from private sector workforce assessment and development has proven useful in the context of postgraduate skills development for PhD researchers.The importance of linking behavioural indicators to the competency statements of the UK Research Councils has provided clear, evidence-based guides towards defining the skill requirements for PhD researchers. The design of the Development Needs Analysis appears to give new researchers a starting point in identifying their strengths whilst also providing an insight to skill areas in need of further development to meet the PhD standard.

The data generated by the DNA also demonstrate the efficiency of the methodology in providing an interesting insight into the baseline competence for research students on entry to a PhD programme. The data illustrates that the DNA provides an effective methodology for self-assessment and is able to highlight differences between specific groupings within a student cohort. The strengths and weaknesses of the cohort can be defined and this information can be used to inform subsequent development programmes planned by the institution. By requiring the student cohort to complete the DNA at regular intervals it should be possible to monitor progress in development against the JSS. Some further exploration is required in the verification of these selfassessments in view of known differences in how people perceive their own abilities and their actual ability levels [START_REF] Kruger | Unskilled and Unaware of It: How Difficulties in Recognizing One's Own Incompetence Lead to Inflated Self-assessments[END_REF][START_REF] Ackerman | What We Really Know About Our Abilities and Our Knowledge[END_REF][START_REF] Dunning | Why People Fail to Recognize their Own Incompetence[END_REF][START_REF] Eva | How Can I Know What I Don't Know? Poor Self Assessment in a Well-defined Domain[END_REF]. It would be of interest in future studies to qualify data through interviewing students [START_REF] Boyatzis | The Competent Manager -A Model for Effective Performance[END_REF], observing skills such as competence in presentation and applying other skills assessment techniques such as Executive Skills Profile (ESP) [START_REF] Boyatzis | From Learning Styles to Learning Skills: The Executive Skills Profile[END_REF][START_REF] Mcclelland | Training Needs Assessment: An "Open-systems" Application[END_REF]. It would also be of interest to explore links between training programmes, learning styles and personal development [START_REF] Mainemelis | Learning Styles and Adaptive Flexibility: Testing the Experiential Learning Theory[END_REF]. The Development Needs Analysis was based on generic competencies for all PhDs (RCUK, 2001). Now that the methodology has been established, it would be interesting to look at competencies created for specific disciplines and locally, working with students and academics in a given university. Within this process the effect on organizational change linked to a specific university could be considered [START_REF] Reed | What Role Can a Training Needs Analysis Play in Organizational Change?[END_REF] and more in-depth information about individuals completing the DNA could be obtained.

For postgraduate development, self-assessment is only the start of a process which should support student interactions with their supervisor. The supervisor role requires corroboration, feedback and guidance to students in planning their development needs. However, the DNA places the rightful responsibility of initially considering their own competencies with the research students themselves in order to take charge of their own development.

The methodology of combining aspects of training needs analysis with competence models to produce the Development Needs Analysis is applicable broadly to learning and teaching programmes. It is suggested that a well-designed DNA completed by a student cohort at the beginning of any study programme with a significant transferable skills element would be an extremely valuable tool in informing both the students and the 'teacher' about learning needs in comparison to the expected learning outcomes of a given programme. For practitioners, any specified learning outcomes for a learning and teaching activity may be easily expandable to form a Development Needs Analysis. Taking skills-based learning outcomes as desired competencies, with the addition of illustrative 'behavioural indicators' for each competency, may provide a simple self-assessment analysis tool in the first instance. This would be particularly useful as a method for gaining a rapid overview of the skills base of a large cohort when the opportunity for significant one-to-one interaction is limited.

Figure 2

 2 Figure 2 Distribution of answers to all 36 skills questions from 201 research students

  

Table 1 Summary of self-assessed skills for the overall data set: (A) top six skills; (B) bottom six skills

 1 

	JSS skill	Average score	Chi-square	Significance (dfϭ3)
	(A) Top-rated skills			
	B4	2.31	73.06	pϽ 0.001
	D1	2.24	45.85	pϽ 0.001
	C4	2.19	35.88	pϽ 0.001
	D3	2.09	20.06	pϽ 0.001
	D5	2.08	16.95	pϽ 0.001
	C3	2.04	12.68	pϽ 0.01
	(B) Bottom-rated skills			
	E3	1.50	41.96	pϽ 0.001
	B5	1.55	31.46	pϽ 0.001
	B1	1.57	28.10	pϽ 0.001
	B7	1.58	28.27	pϽ 0.001
	E4	1.64	14.22	pϽ 0.01
	A1	1.69	12.47	pϽ 0.01

JSS skill references are defined in Appendix 1

Table 2 Summary of self-assessed skills by date of birth: (A) top six skills; (B) bottom five skills

 2 these skills were different from the list of overall top six skills in Table1: for the youngest age group (1982/83), D2 (creativity/originality) was unique and for the second to the oldest group (

	Cohort	1982/83 1981/82 1980/81 1975-79 1970-74 1969 or earlier
	Avg. score	1.87	1.66 **	1.89	1.90 **	2.20 **	1.89 *
	Number in	15	47	50	54	18	10
	Sample						
	(A) Top-rated skills					
	1st	C4	B4	B4	D1	D5	C4
	2nd	B4	D1	D1	C4	B4	B4
	3rd	D1	D3	C4	B4	A6	D1
	4th	D3	C4	C3	D5	D1	C3
	5th	D2	C3	D3	C3	F2	D3
	(B) Bottom-rated skills					
	1st	E3	E3	B1	B5	B5	E3
	2nd	A4	B7	B5	B1	B7	B1
	3rd	G2	E4	E3	E3	E3	E2
	4th	G4	B5	B7	B7	B1	E4
	5th	C2	A4	E4	A1	A2	B5

Chi-square significance values for average score values are shown as * ϭpϽ 0.05 and ** ϭpϽ0.001. JSS skill references are defined in Appendix 1

Table 3 Summary of self-assessed skills by date of birth: (A) top six skills; (B) bottom five skills

 3 

	Cohort	Home	Overseas
	Number in sample	28	24
	Avg. score	1.68 **	2.05 **
	(A) Top-rated skills		
	1	B 4	C 4
	2	D 1	B 4
	3	D 5	D 1
	4	C 4	C 3
	5	D 3	D 7
	(B) Bottom-rated skills		
	1	E 4	B 5
	2	E 3	G 4
	3	B 5	B 2
	4	G 1	B 1
	5	B 7	G 2
	Chi-square significance values for average score values are
	shown as * ϭpϽ0.05 and ** ϭpϽ0.001. JSS skill references are
	defined in Appendix 1		
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ϭ (observed Ϫ expected) 2 expected

Appendix 1

The Development Needs Analysis (DNA) used in this study. The section titles and the reference codes (e.g. A1) refer to the JSS (RCUK, 2001) and the abbreviated skills are shortened forms of the full JSS skills. The behavioural indicator describes level 3, an experienced PhD student, on the four point scale described in the methods WILLIAM MYDDELTON is an Electronic Resources Officer in the Graduate Development Team. He is experienced in web design, the delivery of online learning materials and quality assurance. Currently, his main work involves the interpretation of traditional paper-based methods in an electronic environment. He is currently working as the Virtual Learning Environment Support Officer at the University of London.
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