
40 
 

Table 11: Effects of Values Affirmation on achievement rate, split by course type57 

 Attendance in GCSE 
courses 

Attendance in Functional 
Skills courses 

Values Affirmation 0.039 
(0.022) 

0.021 
(0.028) 

Female 0.027 
(0.020) 

0.017 
(0.024) 

Constant 0.148*** 
(0.053) 

0.398*** 
(0.069) 

N 2,503 1,822 
 

In Table 12 we partitioned our analysis depending on whether the participant identified as 
female (Column 1), or not (Column 2). We found no statistically significant effect of VA on 
achievement for either females or non-females, and the results did not meaningfully differ 
by genders. 

Table 12: Effects of Values Affirmation on achievement rate, split by gender58 

 Attendance if Female Attendance if not Female 
Values Affirmation 0.043 

(0.027) 
0.039 

(0.025) 
GCSE 0.005 

(0.033) 
-0.035 
(0.027) 

Constant 0.212*** 
(0.065) 

0.274*** 
(0.052) 

N 1,785 2,540 
 

2.2.2.7.2 Grit intervention 

Summary: The online Grit intervention significantly and positively improved attendance 
during the first half of the academic year (in comparison to a control group), but the 
impact on attendance fades away when assessed over the full academic year. We do not 
find a significant impact on achievement (qualification pass rates) for Grit. 
 

                                            
 
57 All analyses are OLS regression, including fixed effects at the college level. Standard errors are 
clustered at the level of the college (at which randomisation occurs), and bootstrapped to account for 
differential cluster sizes. *=p<0.05, **=p<0.01, ***=p<0.001. Results are robust to the use of logistic 
regression  
58 As per Footnote 57 
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Table 24: Primary effects of Study Supporter on achievement65 

 Pass rate Pass rate 
Study Supporter 0.062* 

(0.022) 
0.060** 
(0.022) 

GCSE  0.030 
(0.024) 

Female  0.043 
(0.023) 

Constant 0.241*** 
(0.041) 

0.187*** 
(0.048) 

N 1,452 1,452 
 

Figure 10: Effects of Study Supporter intervention on proportion of students passing all exams 

 

The following partitioned analyses considered whether there are differential effects of the 
intervention on pass rates by course type (GCSE or Functional Skills) or by the gender of 
the participant. 

In Table 25, below, we partition our analysis depending on whether a participant was 
taking GCSEs (Column 1), or Functional Skills (Column 2) courses. We see statistically 
                                            
 
65 All analyses are OLS regression, including fixed effects at the college level. Huber white standard errors 
in parentheses. *=p<0.05, **=p<0.01, ***=p<0.001 
 



51 
 

significant impacts of Study Supporter on achievement in Functional Skills classes 
(p=0.049), but not in GCSE classes (p=0.086). 

Table 25: Effects of Study Supporter on pass rate, split by course type66 

 Achievement in GCSE 
courses 

Achievement in Functional 
Skills courses 

Study Supporter 0.052 
(0.030) 

0.064* 
(0.032) 

Female 0.047 
(0.031) 

0.017 
(0.033) 

Constant 0.233*** 
(0.048) 

-0.021 
(0.149) 

N 853 599 
 

In Table 26 we partition our analysis depending on whether they are identified as female 
(Column 1), or not identified as female (Column 2). We find a statistically significant 
impact (p=0.037) of Study Supporter on the pass rates of female participants, but a 
smaller, and not statistically significant, effect of the intervention on non-female 
participants (p=0.069). 

Table 26: Effects of Study Supporter on achievement rate, split by gender67 

 Achievement if Female Achievement if not 
Female 

Study Supporter 0.066* 
(0.031) 

0.058 
(0.032) 

GCSE 0.074* 
(0.034) 

-0.012 
(0.034) 

Constant 0.132* 
(0.060) 

0.323*** 
(0.073) 

N 755 697 
 

  

                                            
 
66 All analyses are OLS regression, including fixed effects at the college level. Huber white standard errors 
in parentheses. *=p<0.05, **=p<0.01, ***=p<0.001 
67 All analyses are OLS regression, including fixed effects at the college level. Huber white standard errors 
in parentheses. *=p<0.05, **=p<0.01, ***=p<0.001 
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Figure 11: Project Success intervention 

 

Students were required to opt-in to consent to being part of the trial. Students were 
invited to sign up in October 2016. College staff members used standardised instruction 
materials to introduce the study survey. The introduction and completion of the survey 
required approximately 15-20 minutes of in-class time in a one off session at the 
beginning of the year.  

Learners who consented to be involved were guided through an exercise to help them 
think about people who would be ‘good’ Study Supporters. We developed this 
intervention in response to learner feedback to the previous year’s SS trial (described in 
section 2.2.2.3.3), which did not include any information or exercises to guide the learner 
choices. We found that many learners nominated their classmates, often those who were 
simply sitting close by. Learners were then prompted to nominate two Study Supporters: 
ideally one they live with, and one they do not live with. Consenting learners completed 
several questions about the people they nominated to be their Study Supporters. These 
variables helped us to understand what characteristics make a good Study Supporter. 
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Nominated Study Supporters were only contacted once they had been randomised into 
the treatment groups. Only those allocated to the ‘SS only’ or ‘SS + student’ arms receive 
communications. Study Supporters were informed of the programme in the first text 
message, see below: 

“Hi [SS first name], [learner full name] nominated you to be their 'Study Supporter'. 
Uxbridge College signed up to a project to help learners succeed in their GCSE 
maths/English course. We will send you weekly texts about the course so you can 
encourage and support [learner first name]. It's half term now, please ask [him/her] how 
assessment week went last week. Reply STOP if you don't want to receive these 
messages. Thanks, [College Name]” 

They then receive weekly texts for the full academic year, or until they opted out.  

2.2.3.5 Trial design  

Table 27: Project Success trial arms 

Arm Description 
Treatment 1: Study 
Supporter only 

Students nominated two Study Supporters who then received 
text messages 

Treatment 2: 
Learner only 

Students nominated two Study Supporters but these were not 
texted. Instead the learners themselves received text 
messages 

Treatment 3: Study 
Supporter + 
learner 

Students nominated two Study Supporters and both the 
supporters and the learners received text messages 

Control Students nominated two Study Supporters during the initial 
survey but these were not contacted 

 

Students who agreed to participate in the study were individually randomised to one of 
four conditions (Control, SS only, Learner only, SS + learner). Random assignment to 
arms was stratified by class (so that in every classroom we have Control students) and 
learners’ baseline attendance (first three weeks of maths/English attendance. Median 
split: high vs. low).  

2.2.3.6 Analytical strategy 

The two primary outcome measures, recorded for all participants, are attendance in 
maths and/or English GCSE classes, and the final grade achieved for the subject they 
received messages for (GCSE English or maths). Secondary outcome measures were 
collected via in-class surveys. Items included learners’ sense of belonging at college, 
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their feelings of closeness to their nominated Study Supporters, and levels of academic 
confidence and self-efficacy.  

2.2.3.7 Results 

Summary: The follow-up intervention of Study Supporter, which includes four trial arms, 
did not significantly impact class attendance. The combination of student + supporter 
texts improves GCSE pass rates by 5 to 9 % points depending on the analysis strategy 
we use, but not statistically significantly so when assessed in the full sample. We do 
however find that the intervention improves pass rates in English courses, and for male 
learners (but not for maths and female learners, respectively).  
 
College administrative data was collected from all four participating colleges in 
September 2017, once the GCSE results were released. Colleges supplied us with 
register data (day-by-day attendance registers) and attainment data (interim and final 
achievement scores). This data is routinely collected by colleges as part of their 
business-as-usual operations. 

912 students were randomised at the start of the academic year.  We have final 
attendance data for 864 students, and final attainment data for 883 students. This 
discrepancy arose from imperfect college reporting, where for a small number of students 
(N = 19) only attainment results were provided. See a diagram below of our sample.  
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Figure 12: Project SUCCESS trial design 

78 

                                            
 
78 Students who indicated they were not willing to participate were asked to indicate why. They could tick as 
multiple statements, therefore totals do not add up to 100%. Students who declined to take part indicated 
that they did not want to participate in research (ticked by 53%), did not want to receive messages (ticked 
by 36%), could not think of a suitable supporter (ticked by 32%), did not know the phone number of the 
person they wanted to nominate (ticked by 15%), and did not have a mobile phone (ticked by 9%). There 
may be some self-selection effects as a result of who were willing to participate. While this may have been 
addressed by comparing outcomes of those who did choose to participate with those who did not, consent 
procedures have prevented us from being able to obtain outcome data for those who did not participate. 
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We asked college administrators to list the destinations of students who did not merge 
successfully. Three out of four colleges responded to our request. The vast majority of 
non-merging students (N = 29) dropped out of college altogether. These students have 
been coded as having failed, but their attendance rate is coded as missing. Additionally, 
we have final outcome data for 13 students for the non-treated class only (e.g. they were 
treated in English, but we only have their Maths data), which is therefore set to missing. 
Full-year attendance data is missing for 5% of our sample and attainment data is missing 
for 3% of the sample. Missing data is balanced across the treatment arms. 

The eligibility criteria set at the start of the trial were (1) that students were studying 
towards a GCSE English and/or Maths, (2) that they were on a full-time course and (3) 
that they provided a valid phone number for themselves and their nominated study 
supporters. We did not randomise students who did not satisfy all three criteria. 

Table 28: Summary statistics of attendance - outcome of Interest 

 N Mean SD 
Control 215 72.14 21.64 
Supporter only 216 72.63 22.34 
Student only 218 70.42 23.59 
Supporter + student 215 73.15 22.89 
Total 864 72.08 22.61 

Table 29: Summary statistics of attainment - outcome of Interest 

 N Mean SD 
Control 218 .211 .408 
Supporter only 219 .196 .398 
Student only 223 .251 .434 
Supporter + student 223 .282 .451 
Total 883 .236 .424 
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Table 30: Treatment assignment by college   

 
Control Supporter 

only 
Student 
only 

Supporter 
+ student 

Total  Average 
baseline 
attendance 
(SD) 

Average 
baseline 
attainment 
(SD) 

College 1 11 18 8 22 59 72.1  
(25.1) 

.47 
(.17) 

College 2 41 36 42 46 165 84.5  
(28.8) 

.49 
(.18) 

College 3 57 62 64 66 249 72.4  
(24.8) 

.66 
(.20) 

College 4 109 103 109 89 410 84.0  
(16.1) 

.71 
(.19) 

Total 218 219 223 223 883 80.0 
(22.69) 

.63 
(.21) 

Notes: we exclude learners we have neither attendance nor attainment final outcomes for, but include 
learners we have one of two primary outcomes for. 

Table 31: Nominated Study Supporter categories 

Study supporter category N % 

Nuclear family 425 48.1 

Friend or classmate 300 34.0 

Extended family 49 5.6 

Colleague 4 .5 

Professional support  14 1.6 

Partner 68 7.7 

Other 23 2.6 

Total 883 100 

Notes: Nuclear family is defined as parent or sibling of participants. Partner is defined as girlfriend, 
boyfriend, husband or wife. Friends or classmates are other students at the college or friends outside of 
college, while a colleague is someone whom they work with in a job not associated with the college. 
Extended family includes grandparents, aunts, uncles, stepfamily and cousins, while professional support 
includes college tutors, social workers, and teachers from previous schools. Other indicates missing, as a 
small number of  student did not indicate their relationship to the nominated Study Supporter but did 
provide us with valid contact details. 
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Table 32, below, provides the main results of the analysis. Column 1 provides the naive 
model (treatment assignment on attendance rate) and column 2 provides the results of 
the main regression specified in the Analysis section above, and adds covariates. 
Attendance ranges between 0 (null attendance) and 100 (perfect attendance). 

We observe no significant effect of either of the treatments on attendance. This result 
deviates from the findings obtained in the supportive texting trial reported above, the  
Study Supporter intervention (2.2.2.7.3). Average attendance was considerably higher in 
the current trial (at 72%) than for example the Study Supporter trial (at 58%), and 
therefore it could be argued there was less room for improvement (i.e. ceiling effect). 
Alternatively, the text messages could simply not have addressed barriers to attendance. 
Future process evaluation will begin to explore these diverging findings.   

Table 32: Effects of treatment on attendance rate in treated subject 

 
Attendance rate  
 

Attendance rate 
 

Supporter only texts 0.494 
(2.119) 

2.488 
(1.711) 

Student only texts -1.717 
(2.175) 

-0.310 
(1.771) 

Supporter + student texts 1.007 
(2.148) 

1.548 
(1.750) 

Gender: male  1.592 
(1.275) 

Age  0.314+ 
(0.167) 

Subject: maths  -2.877* 
(1.299) 

Baseline attendance  0.552** 
(0.046) 

Constant 72.140** 
(1.476) 

19.945** 
(5.449) 

College fixed effects No Yes 
Observations 864 864 

Notes: Ordinary least squares regressions. Robust Huber White standard errors, in parentheses.  This 
analysis excludes the pilot arm due to its small sample size (N = 63). 
+ p < 0.10, * p < 0.05, ** p < 0.01, *** p < 0.001.  

Achievement is a binary pass/fail outcome variable, as described in the previous section. 
Table 33 below, provides the main results of the analysis. Column 1 provides the basic 
model (treatment assignment on achievement rate),  column restricts the sample to 
students we have baseline achievement scores for (which are missing for some of our 
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sample). This column represents our complete case analysis. This column provides the 
results of the main regression specified in the Analysis section above, and adds 
covariates. Column 3 reports analysis where  missing baseline achievement scores are 
imputed using a Multiple Imputation by Chained Equations (MICE) model.79 

Pass rates are significantly higher for students assigned to the ‘Supporter + Student arm’ 
(p = 0.026), but only when we control for baseline achievement scores (column 2). 
Although not statistically signficicant across the other model specifications, it is trending 
towards significance in the basic model (column 1; p = 0.069) and the simple multiple 
imputation models (column 3; p = 0.079). It is important to note that the complete case 
analysis (Column 3) including covariates was pre-specified in our analysis plan, but as 
we lose 30% of our sample to the lack of baseline score (i.e. these students did not sit 
the initial BKSB assessment; due to a variety of reasons), we cannot confidently 
conclude that the intervention is effective. Nevertheless, the effect size of the best 
performing arm (‘Supporter + Student texts’) is relatively robust to specification and 
comparable to earlier supportive trials reported in the sections above (the Study 
Supporter effect size was 6.1% points on achievement).

We also see a smaller and significant impact (p = 0.049) of the ‘student-only arm’ on 
achievement when we control for baseline achievement (column 3), although we note 
that the same caveat applies here. 

                                            
 
79 Multiple imputation uses relevant student-level data to impute the missing value. In this analysis, 
observed data on the student’s gender, age, college and subject are used to fill in the missing baseline 
score. 
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Table 33: Effect of treatments on pass/fail attainment of GCSE course 

 Achievement 
(basic model) 

Achievement 
(complete 

case analysis) 

Achievement 
(multiple 

imputation) 

Achievement 
(multiple 

imputation + 
covariates) 

Supporter only 
texts 

-0.015 
(0.039) 

0.039 
(0.043) 

-0.015 
(0.039) 

-0.013 
(0.037) 

Student only texts 0.040 
(0.040) 

0.086* 
(0.044) 

0.039 
(0.040) 

0.042 
(0.038) 

Supporter + 
Student texts 

0.072+ 
(0.041) 

0.099* 
(0.044) 

0.072+ 
(0.041) 

0.051 
(0.039) 

Baseline grade: 
BKSB score  

0.261** 
(0.082) 

0.098 
(0.069) 

0.186* 
(0.079) 

Baseline GCSE 
grade  

 
-0.016 
(0.012) 

0.030+ 
(0.016) 

Baseline 
attendance   

 
0.001 

(0.001) 

Gender: male  -0.021 
(0.033)  -0.038 

(0.028) 

Age  0.010+ 
(0.006)  0.015** 

(0.005) 

Subject: maths  -0.054 
(0.034)  -0.041 

(0.029) 

Constant 0.211** 
(0.028) 

-0.058 
(0.128) 

0.214** 
(0.067) 

-0.314* 
(0.155) 

College Fixed 
Effects No Yes No Yes 
N 883 621 883 883 

Notes: Ordinary least squares regressions. Robust Huber White standard errors, in parentheses. This 
analysis excludes the pilot arm due to its small sample size (N = 63). 
+ p < 0.10, * p < 0.05, ** p < 0.01, *** p < 0.001.  
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Figure 13: Impact of the SUCCESS intervention on GCSE attainment (pass/fail), complete case 
analysis (students we have baseline attainment data for) 

 

 
Figure 14: Impact of the SUCCESS intervention on GCSE attainment (pass/fail), multiple imputation 

of baseline grade. Retains full sample 
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2.2.3.7.1 Partitioned analyses 
In Table 34 we partition our analysis depending on whether students are treated in a 
maths class (Column 1) or English class (Column 2), and whether they are identified as 
female (Column 3), or male (Column 4). Pre-specified covariates are included in each 
model. We observe no significant effect of the treatments on attendance partitioned by 
subject, but we do find a statistically significant impact (p = 0.009) of the ‘Supporter only’ 
arm on the attendance rates of male participants, and no effect of the intervention for 
female participants. See Figure 15 for a graphical representation of the partitioned 
analysis by gender. In summary, one of the three trial arms works well for male students, 
and none of the intervention arms improve attendance for female students. 

Table 34: Effect of treatments on attendance rate, partitioned by subject and gender 

 Maths English Female Male 

Supporter only 1.934 
(2.340) 

3.048 
(2.549) 

-0.968 
(2.508) 

6.141** 
(2.345) 

Student only -0.872 
(2.493) 

0.365 
(2.496) 

-2.011 
(2.384) 

1.498 
(2.571) 

Supporter + Student 0.610 
(2.628) 

3.093 
(2.406) 

-1.140 
(2.503) 

3.938 
(2.424) 

Gender: male 2.403 
(1.890) 

0.362 
(1.630)   

Subject: maths   -3.156 
(1.757) 

-2.739 
(1.878) 

Age 0.540+ 
(0.290) 

0.079 
(0.166) 

0.161 
(0.163) 

0.647* 
(0.309) 

Baseline attendance 0.615** 
(0.064) 

0.471** 
(0.066) 

0.621** 
(0.058) 

0.504** 
(0.068) 

Constant 9.914 
(8.425) 

29.549** 
(6.960) 

18.182* 
(7.072) 

16.505+ 
(8.438) 

College Fixed Effects Yes Yes Yes Yes 
N 447 417 420 444 

Notes: Ordinary least squares regressions. Robust Huber White standard errors, in parentheses.  This 
analysis excludes the pilot arm due to its small sample size (N = 63). 
+ p < 0.10, * p < 0.05, ** p < 0.01, *** p < 0.001.  
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Figure 15: Impact of the SUCCESS intervention on attendance rates by gender 

 

In Table 35, we perform the partitioned analysis on our second outcome of interest, 
achievement of the GCSE qualification. As above, Column 1 conducts the analysis for 
students treated in Maths class, Column 2 for English, whether students were identified 
as female (Column 3) or male (Column 4). We only include covariates present for all 
students in our trial to preserve sample size. 

We found a borderline statistically significant negative effect of the ‘Study Supporter only’ 
arm on achievement for Maths (p = .052), but a statistically significant positive effect of 
the third treatment arm, ‘Supporter + student’ on pass rates in English class (p = 0.023, 
see Figure 16).  Finally, we find no effect of the intervention for female participants, and 
significant effects for male participants in the ‘Student only’ (p = 0.01) and Supporter + 
Student’ (p = .008) groups (see Figure 17).  
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Table 35: Effect of treatments on achievement, partitioned by subject and gender 

 Maths English Female Male 

Supporter only -0.096+ 
(0.049) 

0.073 
(0.057) 

-0.063 
(0.059) 

0.018 
(0.046) 

Student only 0.026 
(0.052) 

0.044 
(0.057) 

-0.078 
(0.057) 

0.132** 
(0.051) 

Supporter + Student -0.012 
(0.052) 

0.122* 
(0.059) 

-0.045 
(0.059) 

0.132** 
(0.051) 

Age 0.012** 
(0.005) 

0.008 
(0.005) 

0.014** 
(0.004) 

0.004 
(0.006) 

Gender: male -0.007 
(0.036) 

-0.077+ 
(0.043)   

Subject: maths   -0.070 
(0.043) 

0.003 
(0.036) 

Constant 0.021 
(0.126) 

0.088 
(0.130) 

0.131 
(0.124) 

0.031 
(0.132) 

College Fixed Effects Yes Yes Yes Yes 

N 461 422 432 451 

Notes: Ordinary least squares regressions. Robust Huber White standard errors, in parentheses.  This 
analysis excludes the pilot arm due to its small sample size (N = 63). 
+ p < 0.10, * p < 0.05, ** p < 0.01, *** p < 0.001.  
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Figure 16: Impact of SUCCESS on learners gaining GCSE qualification by subject 

 
Figure 17: Impact of SUCCESS on learners gaining GCSE qualification by gender 
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2.3 Project that was not taken forward 
BIT explored the feasibility of running one other project in FE colleges that was ultimately 
not taken forward. In the next section, we provide a brief description of this project along 
with an explanation for why it could not be progressed.  

2.3.1 The World Wellbeing Project  

2.3.1.1 Background 

The ‘World Wellbeing Project’ (WWBP) sought to gain a better understanding of people’s 
wellbeing by studying the words and phrases they use on social media. Traditionally, 
wellbeing is measured by asking questions such as ‘on a scale of 1 to 10, how satisfied 
are you with your life at the moment?’.80 81 While informative, such measures suffer from 
a number of biases. For example, people may only report how they are feeling at the 
exact moment they fill out the survey, or they may respond according to how they think 
the researcher wants them to respond.82 WWBP tries to overcome such measurement 
issues by unobtrusively measuring wellbeing using the words and phrases people use in 
their everyday lives. Exploring the text that people produce naturally on Facebook and 
Twitter over time allows for a more complete picture of people’s emotions, cognitions and 
behaviors outside the confines of a single survey.  

2.3.1.2 Theoretical motivation 

Little is known about the wellbeing of FE learners.83 Part of an FE college’s mission is to 
ensure the care and wellbeing of learners during their education. We undertook this 
research to gain a better understanding of the psychological barriers learners face in 
college everyday as expressed in real-time changes in language on Facebook and 
Twitter. We compared language profiles between learners who differed in attainment and 
attendance. This was the first study of its kind undertaken in the UK.  

                                            
 
80 Dolan, P., Peasgood, T., & White, M. (2008). Do we really know what makes us happy? A review of the 
economic literature on the factors associated with subjective wellbeing. Journal of economic psychology, 
29(1), 94-122. 
81 Kahneman, D., Diener, E., & Schwarz, N. (Eds.). (1999). Wellbeing: Foundations of hedonic psychology. 
Russell Sage Foundation. 
82 Van de Mortel, T. F. (2008). Faking it: social desirability response bias in self-report research. Australian 
Journal of Advanced Nursing, The, 25(4), 40. 
83National Union of Students (2017). Further Education and Mental Health. [online] London: National Union 
of Students. Available at: https://nusdigital.s3-eu-west-
1.amazonaws.com/document/documents/33620/Further_Education_and_Mental_Health_FINAL_2.pdf?AW
SAccessKeyId=AKIAJKEA56ZWKFU6MHNQ&Expires=1515439090&Signature=9DtkubhNZNuE6Km6nqS
uPUVvDBA%3D [Accessed 8 Jan. 2018]. 
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2.3.1.3 Method 

Learners were asked to participate in this study in November and December of 2016. In 
each class, the tutor gave an overview of the project, explaining the collaboration 
between the college, ASK, and the University of Pennsylvania. Learners were also 
shown a video about the project's background and aims, a clear explanation of 
participation and data security, and an emphasis that participation was voluntary.  

After watching the video, learners went to their individual PCs to participate. Within a 
pop-up form, they typed their learner ID number, demographic information, and Twitter 
handle. They then clicked “Agree” to share their Facebook information. Upon indicating 
their consent, a Facebook app downloaded their likes, status updates, gender and 
birthday. No information that was not shared publicly could be collected (e.g. information 
from private messages was not collected). Users were then presented with a 
personalised word cloud.  

Attendance and achievement data from students who chose to participate was collected 
in the Spring of 2017 and securely linked to their linguistic information gathered from 
Facebook and Twitter. 

2.3.1.4 Analytical strategy 

A number of analytical techniques were used to look at the language collected from the 
social media participation of those learners involved in the project. The techniques looked 
at everything from the complexity of language (e.g. single words vs phrases) to the topics 
that were discussed. These were then mapped onto different validated language models 
of words and phrases that match on to wellbeing and other psychological measures. 
Below is more detail of these analytical techniques.  

Linguistic feature extraction: We transformed the language pulled from each learner's 
social media accounts into frequencies of simpler language features that extracted two 
types of language features: words and phrases, and topics.  

Words and phrases: To extract words and phrases, we first split each of the users’ 
messages into single words. Words are defined by an emoticon-aware tokenizer,84 which 
is sensitive to conventional words, but also to non-word features like emoticons (for 
example, :-)), punctuation (for example, !!!), and non-conventional spellings and usages 
(for example, omg, wtf). In addition to single words, we extracted phrases - two- and 
three-word sequences that occur at rates much higher than chance (such as happy 

                                            
 
84 Potts, C. (2011). happyfuntokenizer (Version 1.0) [computer software]. Retrieved from: 
http://sentiment.christopherpotts.net/code-data/happyfuntokenizing.py. 

http://sentiment.christopherpotts.net/code-data/happyfuntokenizing.py
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birthday, I love you). We normalised the frequency counts of words and phrases by each 
user’s total word count.  

Topics: Topics are clusters of semantically related words created through latent Dirichlet 
allocation (LDA), a clustering method akin to factor analysis, but appropriate for the 
statistical distributions observed in natural language.8586 LDA assumes that a document 
(in this case, individual status updates) is a mixture of a fixed number of latent topics 
where each topic is a cluster of related words (this fixed number is specified in advance). 
Through an iterative procedure, LDA identifies and refines the specified number of 
clusters of words. An example of a topic identified by LDA includes the reading oriented 
words book, books, newspaper, stories, pages, review, articles, magazine, read, reading, 
reads, bible, pages, wikipedia. These words tend to co-occur with each other in status 
updates and are automatically identified by the LDA procedure. We fit an LDA model 
using an implementation provided in the Mallet package,87 setting the number of topics to 
2,000. This produced naturally occurring topics, each consisting of many words with 
relative weights. The topics were defined purely on the basis of the distribution of 
language use across statuses without consideration of wellbeing or other outcome 
variables. We then calculated each individual’s use of each topic. For example, a person 
who mentions the words reads, books, and article would have a higher probability of 
using the reading topic described above as these three words are heavily weighted within 
that topic.  

Measuring wellbeing from language: Once words, phrases, and topics were extracted, 
we applied language models previously developed by the World Wellbeing Project at the 
University of Pennsylvania. In its simplest form, these prediction models behave like 
lexica, within which each word has a weight. Wellbeing of the language user is then 
estimated based on how frequently certain words and phrases occur in the next. This 
allowed us to both measure wellbeing within learners from a certain school, as well as to 
compare aspects of wellbeing across schools. We also applied lexica to assess other 
variables of interest related to wellbeing, such as future orientation, depression, and 
personality also developed by WWBP. Finally, we included a set of psychological 
dictionaries provided by the Linguistic Inventory Word Count software (LIWC) in our 
analysis, a set of dictionaries widely used in the psychological literature.  

                                            
 
85 Blei, David M., Andrew Y. Ng, and Michael I. Jordan. "Latent dirichlet allocation." the Journal of machine 
Learning research 3 (2003): 993-1022. 
86 Atkins, D. C., Baldwin, S. A., Zheng, C., Gallop, R. J., & Neighbors, C. (2013). A tutorial on count 
regression and zero-altered count models for longitudinal substance use data. Psychology of Addictive 
Behaviors, 27(1), 166. 
87 MacCallum, R. C., Zhang, S., Preacher, K. J., & Rucker, D. D. (2002). On the practice of dichotomization 
of quantitative variables. Psychological methods, 7(1), 19. 
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Language Analysis for Psychological Insight: We conducted correlational analyses, 
in which the relative frequencies of words, phrases, and topics are correlated against the 
learner’s scores of interest (e.g. attendance and achievement data). This allowed us to 
isolate the language features, and, by inference, the psychological processes that are 
most associated with learner outcomes (like grades). We then visualised these results as 
word clouds, which showed the words most associated with learner scores. In the word 
clouds, the size of the word corresponds to the strength of the correlation coefficient with 
a given score, and color will indicate the frequency the word occurs. This technique 
allows us to gain insight into which factors are associated with high and low scores in a 
way that is easily understandable to scientific and lay audiences.  

2.3.1.5 Results 

Recruitment of classrooms involved active communication with the colleges (dozens of 
emails and calls, and at least one visit per school). Once presented to a class, 44.23 
percent of learners consented to participate (363 of 821 shared Facebook and 156 of 821 
shared Twitter handles). Out of 507 learners with complete data, 162 had more than 500 
words on Facebook, and 66 students had more than 500 words on Twitter. Those 
learners using social media posted quite actively with an average of 4,500 words on 
Facebook, and 16,800 words on Twitter. 

The number of learners did not suffice for meaningful language analysis or prediction of 
attendance or grade outcomes. Details of results obtained correlating LIWC with 
attendance data can be seen in Table 36.  

Table 36: Correlation between LIWC and attendance 

Feature  Correlation P-value 
Article .22 .00 
Function .21 .00 
Aux Verb .20 .00 
Drives .19 .00 
Reward .18 .01 
Achievement .13 .05 
Assent -.17 .01 
Netspeak -.09 .20 
Informal -.08 .25 

 
We observed tentative language signals suggesting that markers of increased language 
complexity (especially articles) were associated with higher grades and better 
attendance, while simpler, more casual language use (e.g. netspeak, contractions) was 
associated with lower grades and attendance. We observed words of an Asian language 
(Malay) as being most correlated with low attendance, suggesting the inclusion of a 
foreign-language sub-population in the sample. We further observed tentative 
correlations of drives, reward, and achievement to better attendance.  
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While this study did not yield a significant sample, it may provide insights for future 
studies involving the collection of social media data for language analysis. Most 
importantly, collecting a sufficient sample size is critical. Based on comparable studies, 
we recommend a final sample of 1,500 or more learners to draw meaningful conclusions, 
which means that 4,000-5,000 learners need to be approached during the study. 

When working with technology in colleges, the importance of piloting with existing 
facilities cannot be overstated. Before launching, it may be helpful to create an inventory 
of the types of computers and browsers available in each college, and ensuring that a 
field test is performed before introducing it to all learners. We observed noticeably lower 
consent rates in learners where technology did not function as expected. 

One of the colleges in our sample chose to present an internet safety lesson on the same 
day as the study. This lesson discouraged learners from sharing their social media 
information with anyone, on the same day that we asked the learners to share their social 
media information in our study. The consent rate was considerably lower at this college. 
For this reason, we recommend providing a class lesson that teachers can use on the 
day of participation, which can help establish the appropriate scientific context for the 
research project and data collection. This may increase participation rates, and further 
standardize the conditions of the study across schools.  

2.4 Impact and significance 
The trials run with the FE sector were some of the largest ever run in FE (or their 
equivalent) anywhere in the world. Producing a series of useful and positive findings, this 
work has garnered significant interest from colleges across England looking to implement 
the successful interventions.  

The Study Supporter intervention was scaled up to 30 colleges in collaboration with the 
Education Endowment Foundation (EEF).  

Other work has extended to the Education Training Foundation’s (ETF) ‘Outstanding 
Teaching and Learning Assessment’ training course which helps leaders in the FE sector 
to develop ideas to help make teaching and learning more effective. This work is a 
continuation of a series of webinars we ran for the ETF.  
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3. Research to improve participation in maths and 
English courses in the workplace  
In this section we present ASK’s trials and other projects in the workplace. 

3.1 Scoping 
We identified that the workplace was a key setting where people might both receive 
signals that prompted them to consider improving their skills, and have the opportunity to 
strengthen those skills. Investing in basic skills through the workplace requires motivation 
and action from both the employer (who instigates, funds and/or provides access to 
training) and the employee (who takes part in training). Both employers and employees 
potentially face a variety of barriers that influence the likelihood that investments in skills - 
and particularly in basic skills - takes place. 

The types of barriers faced by employees and employers can be grouped into four 
categories88. The first two types of barriers are structural in nature and are often cited as 
barriers to investment. These include: 

•  Institutional barriers. These relate to the wider factors beyond an individual’s (or 
individual organisation’s) control, for example the economy or the institutional 
environment that an individual is operating in; and 

• Situational barriers. These are the practical difficulties related to delivering or 
participating in skills development. 

However, we know from the behavioural science literature that there are often deeper, 
underlying reasons why individuals may not do particular things and that they are unlikely 
to state these as barriers. From a behavioural science perspective, we therefore also 
look at two additional types of behavioural barriers. These include: 

• Dispositional barriers. These relate to attitudes, perceptions and expectations 
that prevent individuals from investing in skills; and 

• Cognitive barriers. These are the barriers created as a result of the way in which 
people perceive the world around them, make decisions and respond to options.  

Further reading on these barriers and on workplace learning more generally can be found 
in section 2 of the literature review (Annex A). 

                                            
 
88 The first three are derived from Cross, K.P. (1981). Adults as learners. San Francisco: Jossey-Bass. 
These barriers are discussed earlier in this report but we repeat them here for completeness on the 
assumption many readers will only read the sections relevant to them. 
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Figure 32: Stages of the trial 

 

5.2.1.6 Analytical strategy 

This trial focused on two key outcome measures. First, we measured the amount of time 
a participant spent practicing the task in the lead up to the final test round. Second, we 
looked at the scores in the final round, which allowed us to see if increased practice 
actually resulted in better scores.  

5.2.1.7 Results  

Summary: We found that neither type of feedback (i.e. ‘input feedback’ and ‘output 
feedback’) had a statistically significant impact on the amount of time spent practicing the 
task nor on performance (correct answers) in round 2 of the ‘mod’ task (computerised 
cognitive task).  

In the condition without feedback, we find that participants spend 694 seconds (roughly 
11.5) minutes practising the task in the lead up to the final round. Directionally, both 
types of feedback increase the amount of time spent practising by roughly two minutes. 
The difference is weakly significant for the output condition.137 The time spent practising 
does not seem to differ between the two feedback conditions. 

Looking at scores in the final round, we find individuals in the feedback conditions do 
slightly better than those in the no-feedback Control, but these differences are not 
statistically significant. 

                                            
 
137 When demographic controls (e.g. gender, age, study level and confidence in maths) are included.  
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6. Conclusion 
ASK has been on a journey trialing a variety of interventions in different areas of post-16 
maths and English learning, which have historically been scarce. The research 
conducted has provided some valuable insights about areas that seem to be most 
receptive for behavioural intervention. The most successful trials were those directed at 
individuals who were already in education, particularly those enrolled in a more traditional 
education programmes, such as at a FE college. In contrast, the population that has 
proven to be more challenging for behavioural interventions are those in employment, but 
who could benefit from further participation in maths and English education. 

Through the research outlined in this report, we have learned a considerable amount 
both in terms of what works in shifting the outcomes of adult learners, but also how to run 
trials in the area of adult education. We have learnt lessons not only from one area of 
adult learning, but in a number of contexts, ranging from the more traditional FE college 
classroom (section 2) to community learning (section 4) and in the workplace 
environment (section 3). In particular, we have learnt the power of prompts that 
encourage and remind learners (section 2.2.1), as well as how impactful mobilising social 
networks can be in supporting learning (section 2.2.2.7.3). Furthermore, we have found 
that interventions that promote a sense of belonging in the classroom can have an impact 
on engagement in learning, including boosting attendance and attainment levels (section 
2.2.2.7.1). Beyond these elements, we’ve also learnt that it can also be beneficial to build 
other skills besides those being taught in students’ main programme of study. Building 
non-cognitive skills alongside a course can also have an impact on whether individual 
succeeds in education (section 2.2.2.7.2). 

For those already in a skills programme, they seem to be the most receptive of 
interventions, with several ASK interventions having an impact on attendance and 
attainment rates. Based on the qualitative work that was conducted with employers and 
employees, one conclusion that could be drawn from this is that for behavioural 
interventions to have an impact, there must be some base level of engagement in 
learning already (already being enrolled in a formal programme serves as a proxy for 
this). For those that don’t have this (for example, those already in employment), 
behavioural interventions are less likely to gain traction and overcome the institutional, 
situational, dispositional and cognitive barriers faced by individuals, even in situations 
where the gains of further education are known. This is not to say all behavioural 
interventions can’t or won’t have an impact on this population, but perhaps other 
components are required, such as greater involvement from management in the 
workplace or having the right incentives in place for both employers and employees. 
Given the focus on increasing workforce productivity in the UK, this insight  can beuseful 
in how we think about future interventions, and could be interesting area for researchers 
to pursue further. 
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Another point of reflection relates to the generally higher effects of interventions on 
learners studying maths and/or English at the Functional Skills level than those studying 
GCSEs. This may be driven by a lower baseline pass rate. However, another explanation 
may be that behavioural interventions are having a different and more powerful impact on 
lower level learners. Interventions like those tested might be having a disproportionate 
effect on lower level learners because they introduce elements that for many lower level 
learners, are more greatly needed, whether it is social support or an intervention to help 
combat anxieties about education or their ability to persist in learning. Further exploration 
of this is required though to be definitive in this conclusion. 

The medium of the interventions is also worth reflecting on. While there are a number of 
new age communication channels, text messages still appear to be an effective 
mechanism for reaching learners whether directly or indirectly (as with the ‘study 
supporter’ interventions). This may change over time, but the principle of contacting a 
learner through a channel that is personal and meaningful to them remains. Although 
face-to-face interaction is almost always preferable, it is not always feasible. Text 
messages, which are more scalable and cost effective, could be a suitable alternative 
when in-person communication is not possible.  

Using online modules also proved to be a potentially effective medium for intervention, 
with both the ‘grit’ and ‘values affirmation’ interventions using this channel. While it 
presented some logistical challenges in terms IT infrastructure in the colleges, it proved 
to be an effective way of introducing an intervention at scale. This should be of note to 
researchers, providers and policymakers as it presents a new avenue for introducing an 
intervention either for testing or for broader rollout.  

Another reflection of the work of ASK is the challenge around running empirical research 
in the post-16 maths and English educational environment. Much of this is derived from 
the availability and quality of data that is collected and held. For example, for many 
institutions, in order to help overcome the situational barriers many learners face, 
provision is often made as flexible as possible, with learners changing classes 
temporarily or permanently without this necessarily flowing through the data in the 
required time. Similarly, in a number of settings, we observed classes changing after the 
initial few weeks as students moved around in accordance with their ability or their 
personal situations. While perfectly sensible in terms of helping to address the needs of 
learners, it can make running RCTs and other forms of empirical research difficult as 
changing circumstances impacts the robustness of a trial design. Even at a more basic 
level, how courses are named in the data, the use of different learner numbers (IDs) as 
well as differences in how attendance data is recorded proved challenging. These 
challenges were even greater in our work with various community learning organisations. 
While we were able to overcome most of these once we were aware of them, having a 
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more consistent and standardised way of managing data in the skills area could help 
transform the ability to run robust empirical research in this field.   

As is evident from the array of projects outlined above, ASK has accomplished much 
since its commissioning in 2014. We have done so by working closely with several 
different organisations form the adult education sector in England, as well as with leading 
experts from some of the top universities around the world. The results included in this 
report are the product of a true collaboration, where organisations came together to help 
unpick educational barriers that learners face not only in the UK, but around the world.  
While there were challenges throughout, some of which are outlined above, it was the 
commitment to developing new approaches and empirically testing their efficacy to 
improve seemingly intractable problems that has made this collaboration a success. It is 
our hope that one of the legacies of ASK will be a continuation of this sort of collaboration 
long into the future. . 
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