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Principal  Component Analysis  (PCA)  

  

 

  

Introduction  

The process of  PRINCIPAL COMPONENT ANALYSIS (PCA)  performs dimensionality reduction  on a 

set of data, and especial ly  a scale that is  attempting to evaluate a  construct .  The point of this 

process is  to see if a multi - item scale can be reduced into a  simple structure  with fewer 

components  (Kl ine, 1994).  

For example, Sander & Sanders (2009) conducted a factor analysis of their original,  24 -item 

Academic Behavioural Confidence (ABC) Scale,  f inding that it  co uld be reduced into a 17 -item 

scale with 4 factors which they designated as  GRADES, VERBALIZING,  

STUDYING and ATTENDANCE. I  have considered both the original 24 -item scale and this reduced, 

17-item, 4-factor scale in the analysis of the data collected in m y project so far which has 

revealed interesting results that are reported elsewhere on this StudyBlog and in the project 

webpages. 

Much l ike the well -used Cronbach’s ‘alpha’ measure of internal consistency rel iabil ity,  factor 

analysis is  ascribable to the dataset onto which it  is  applied and hence, the factor analysis that 

Sander & Sanders ( ibid) used and which generated their reduced item scale with four factors 

was derived from analysis of the collated datasets they had available from previous work with 

ABC, sizeable though this became (n=865).  The factor structure that their analysis derived, 

however, may not be entirely applicable more generally despite being widely used by other 

researchers in one form or another (eg:  de la Fuente et al,  2013, de la Fue nte et al,  2014, Hilale 

& Alexander,  2009, Ochoa et al,  2012, Wil l is , 2010, Keinhuis et al , 2011, Lynch & Webber,  2011, 
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Shaukat & Bashir,  2016).  Indeed, Stankov et al  ( in Boyle et al , 2015) in reviewing the Academic 

Behavioural Confidence Scale implied tha t more work should be done on f irming up some 

aspects of the ABC Scale,  not so much by levell ing crit ic ism at its  construction or theoretical  

underpinnings but more so to suggest that as a relatively new measure (> 2003) it  would benefit 

from wider applications in the f ield and subsequent scrutiny about how it  is  built and what it is  

attempting to measure. Hence conducting a factor analysis of the data I  collected using the 

original 24-item ABC Scale is  worthwhile because it  may reveal an alternative factor  structure 

that f its  the context of my enquiry more appropriately and hence is  also a response to Stankov’s 

remarks. I  report more ful ly  below about what emerged. First ly however,  I report my f irst factor 

analysis which has been applied to the data collect ed from my Dyslexia Index scale.  

Factor analysis  of Dyslexia Index  

In my main research questionnaire,  the Likert scale that is  

attempting to evaluate Dyslexia Index is  a 20 -item scale. I want to see if  items within my scale 

are reducible into a set of  factors .  In this way, I  can identify sub -scales within the main scale 

which I  can explore independently with Academic Behavioural Confidence, thus addressing the 

main research hypothesis of my project,  that ‘ STUDENTS WITH AN UNIDENTIFIED DYSLEXIA-LIKE 

PROFILE PRESENT A HIGHER LEVEL OF ACADEMIC CONFIDENCE THAN BOTH THEIR DYSLEXIA-

IDENTIFIED PEERS AND THEIR NON-DYSLEXIC PEERS ‘ .  It  is  important to emphasize that this PCA 

process will  enable the factor sub-scales to be related independently to data acquired throug h 

my other main metric (ABC) because the scale -item dimensions of the Dyslexia Index scale each 

appear in only one factor –  hence none have cross -factoral influence.  

I  can also use PCA to help to identify scale items that I  might consider to be redundant –  that is,  

are not contributing to the evaluation of the construct in a helpful way and hence might be 

discarded. I have already interpreted the SPSS output for Cronbach’s Alpha internal rel iabil ity 

consistency analysis to do this which has tentatively sugg ested discarding 4 scale items from the 

Dyslexia Index, hence reducing it to a 16 -item scale. However this needs to be explored a l itt le 

further as even though I ’ve run a repeat Cronbach’s  α for the reduced 16 - item scale,  I have yet 
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to explore the impact o n α when  COMBINATIONS of the possibly redundant items are withdrawn. 

For the original,  20- item scale,  Cronbach’s  α = 0.842 and for the 16 - item scale α = 0.889 which 

sounds better although a value α > 0.7 of doesn’t necessari ly imply greater internal rel iab i l ity 

consistency (Kl ine, 1986).  I ’ve written about ‘more than Cronbach’s  α’ in  another post.  Suffice 

to say that effect size results for differences in ABC between research subgroups es tablished 

through the 20-point Dx scale compared to those established through the reduced, 16 -point Dx 

scale were only marginally different –  details  about this is also reported elsewhere on the 

StudyBlog. 

I  have also been reviewing the data visualization techniques that I developed earl ier in the 

enquiry to produce the profi le charts that summarize the  6 psychoeducational  constructs  that 

my QNR is also attempting to evaluate as addit ional , supporting metrics.  It is  l ikely that a 

deeper investigation of the meaning contained in those visualizations wil l  be for a later project 

but the processes that I  have learned and developed to create these profi le charts has been 

transferable to other aspects of the project.  To this end, I  have built  test charts for individual 

respondents’  Dyslexia Index profi les that display them together with their overall Academic 

Behavioural Confidence measure on the reduced, 17 -item scale together with values on the  ABC 

factors that Sander’s PCA factor analysis produced. I  wil l  reflect on these fresh data charts in 

due course and determine the extent to which they can contribute to understanding the data 

and analysis or whether these, too, are for a later project.  

Nonetheless this is important to mention because the f irst v isualization profi le was spikey and it  

seemed l ikely that an easier -to-understand profi le might be emerge were the dyslexia 

dimensions grouped by  APPARENT similarity rather than displayed in the ord er in which they 

were presented in the questionnaire. If  it  of note that this is effectively a ‘ by eye ‘  factor 

analysis and to enable this the dimensions were sifted into newly -designated categories thus:  

o  READING 

o  SCOPING, THINKING and RESEARCH 

o  ORGANIZATION and TIME MANAGEMENT 

o  COMMUNICATING KNOWLEDGE and EXPRESSING IDEAS  

o  MEMORY and PROCESSING 

Dimensions that are tentatively sifted into each factor are shown in the graphic below which is  

an example of one dyslexic respondent’s profi le: respondent #ND -18801333 who presented a 

Dyslexia Index Dx = 714 and hence is  in the research subgroup DNI, students with no declaration 

of dyslexia but who present a dyslexia -l ike profi le,  which is the research subgroup I am 

http://www.ad1281.uk/blog/2016/08/22/cronbachs-alpha/
http://www.ad1281.uk/phdQNRprofiles.html
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particularly interested in.   For this initial  inspection, my reduced 16-item Dx scale has been 

used. As in previous displays of a similar nature, each scale -item location point on the chart 

indicates the extent of acquiescence with the dimension scale -item statement. In the 

representation below this indicates ,  for example, that the respondent strongly agreed with the 

scale- item statement:  ‘AT SCHOOL I  CONSIDERED MYSELF SLOWER AT LEARNING TO READ THAN 

MY PEERS’  but disagreed strongly with the statement: ‘ AT SCHOOL I OFTEN MIXED UP SIMILAR 

LETTERS IN MY WRITING ‘ .  
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The set of profi les built  so far are available on the project webpages  here. Each page displays 

the respondent’s Dx dimensions profi le visuali zation (as above) together with their ABC -17, 

reduced item scale,  overall  value and the ABC -17 factor values. The header indicates the 

respondent ID prefixed by either ‘DI’  or ‘ND’ indicating whether their dataset is from the base 

group of dyslexic student s or the base group of non-dyslexic students respectively.  

http://www.ad1281.uk/charts/Highcharts/Dxrrespondentcharts/DI16359248Dxr.html
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‘By eye’ factor reduction is useful and may be sufficient in the context of my research but I  wil l 

only know this if  I  work through the more conventional process of factor analysis.  

  

Using SPSS:  

Laerd Statist ics  has provided invaluable guidance for executing the process in SPSS for 

extracting factors.  

Although there remains work to do in understanding more clearly the statist ical  process tak ing 

place to extract the factors that reduces the dimensions of the Dx Profi ler,  I  have enough of a 

grip on it  to be able to begin to interpret the results from several tr ials.  

Several SPSS outputs have been generated, each one to explore the results of th e dimension 

reduction that occurs by adjusting the calculation criteria. The summary of these is that using al l  

20 dimensions from the main research questionnaire and forcing SPSS to extract 5 dimensions 

has enabled an alternative to the ‘factors by eye’ g raphic to be generated (presented below) 

which has alternative factor labels to be assigned. This visualization represents the same 

respondent (as above) who, on the 20 -point scale, presented a Dyslexia Index of Dx = 683.  

(compared with Dx = 714 on the 16 -point scale.  This is  also interesting and prompted a quick 

analysis in the main, Excel data spreadsheet to explore the differences between respondents’ Dx 

values on the 16-point and 20-point scales.  What has emerged is  that overall ,  the 16 -point 

Dyslexia Index scale has the effect of lowering the Dyslexia Index of respondents at the lower 

end of the Dyslexia Index range and elevating Dx at the higher end. This appears to be 

consistent with other interpretations so far (eg using Cronbach’s alpha) that by rem oving the 

four scale items 3.03, 3.05. 3.07 and 3.13, a more effective discriminator may be established 

because when left  in the datasets,  these four dimensions appear to be  DILUTING the Dyslexia 

Index –  that is, they effectively are reducing the variance between values. This is  evidenced by 

the standard deviations of the respective sets of values:  for the 20 -point Dx scale in research 

group DI,  the SD = 149.3 and the corresponding value for the 16 -point scale is  SD = 35.58. 

However for research group ND the situation is  reversed with the corresponding standard 

deviations being:  20-point Dx scale, SD = 159.6  ,  16-point Dx scale, SD =  185.7; this is  puzzl ing. 

Does it  mean that for students with previously identif ied dyslexia, the 16 -point Dyslexia Index 

provides a more accurate determination of ‘ level of dyslexia’ whereas for everyone else,  the 20 -

point scale is keener? In due course I  wil l  refer back to the analysis of Cronbach’s Alpha for the 

research subgroups to try to interpret this apparent contradicti on more clearly).  

https://statistics.laerd.com/
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In the graphic below, which represents the same respondent’s Dx scale - item values now 

regrouped accordingly,  the dimensions that constitute each factor are displayed in order of 

factor loading in a clockwise direction around the diagram. For example, in ‘Reading, Writ ing,  

Spell ing’,  the dimension that presented the highest factor loading is  ‘ I  GET ANXIOUS WHEN 

ASKED TO READ ALOUD’  and the dimension presenting the lowest factor loading is  ‘ WEAK 

SPELLING ‘ .  This is  interesting and might be su ggesting that to some degree at least,  this dyslexic 

student at university may have developed spell ing competencies to remediate previous 

weaknesses to become less troublesome –  perhaps through use of spell ing aids or assist ive 

software applications –  and that other reading and writ ing issues are now more signif icant.  

Given the dimensional re -assignment that emerged out of this factor analysis I have also re -

labelled the factors:  

o  Factor 1:  READING, WRITING, SPELLING 

o  Factor 2:  THINKING and PROCESSING 

o  Factor 3:  ORGANIZATION and TIME MANAGEMENT  

o  Factor 4:  VERBALIZING and SCOPING 

o  Factor 5:  WORKING MEMORY 
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In interpreting the factor analysis outputs from SPSS I  am learning that the table of 

communalit ies is  the first  output that is useful.  The communalit ie s are the proportions of each 

of the variables’ variances that is  accounted for by the principal component analysis.  So for 

example, for the f irst dimension in the table below  3.20:  I  GET REALLY ANXIOUS IF I ’M ASKED TO 

READ ‘OUT LOUD’ ,  the communality value of 0.573 indicates that 57.3% of this dimension can be 

explained by the factors (components).  The  loading  is the correlation between the variable and 

the factor and this is(are) the f igure(s)  presented in l ine with each dimension. According to the 

guidance provided in Laerd Statist ics, the research convention is  to pay serious attention to 

loading factors of > 0.32 (Dewbury, 2004, p309) with Dewbury adding a reference to earl ier work 

by Comry & Lee (1992) which proposes that a loading of > 0.71 is  ‘excell ent’. Note that in the 

table below, only factor loadings > 0.3 are presented as SPSS conveniently obscures al l  the 

others when presenting its output for the analysis,  which is why the row of data for dimension 

3.20 only shows the one value of 0.829. There are loadings onto all  the other factors but they 

were small . The communalit ies extraction f igure of 0.573 is  thus the proportion of this 

dimension’s variance that can be accounted for by  ALL of the factors.  These communalit ies need 
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to be reported alongside  the Rotated Component Matrix which is  a  table that groups the 20 

dimensions into the 5 components/factors, where in each component,  dimensions are l isted in 

descending order according to the loading onto each variable. The table indicates ‘rotated’ 

components which is the mathematical  process that places the factors in the best (geometrical)  

posit ion to enable easier interpretation. SPSS uses a process it  cal ls  ‘varimax’ rotation which 

I ’ve learned is an ‘orthoganal’ rotation process and this is when the f actors are forced to be 

independent of each other (rather than taking into account correlations between them).  

What emerges from this matrix (below) is  that the factor structure isn’t  quite as ‘s imple’ as I  

would have wished because some dimensions load on to more than one factor (given the 

convention of loading > 0.32 indicating an influence that should be taken seriously).  However,  

where this occurs,  I  have assigned the troublesome dimension to the factor onto which its 

loading is greatest –  that is, where there is  the greatest correlation between the dimension and 

the factor.  I wil l reflect on this but texts I have consulted about the process of Factor Analysis 

more generally tend to agree that more often than not, a single,  s imple factor structure is  

elusive and it  remains the task of the researcher to establish the most appropriate 

interpretation of the analysis that makes sense in the context of the project.  

Rotated Component Matr ix for Dyslex ia Index, 20 -point  scale  

ITEM # 
 ITEM 

STATEMENT Factor Communal i t ies  

  

1 2 3 4 5 Extract ion 

  

reading ,  

writ ing ,  

spe l l ing  

th ink ing & 

process ing 

organ izat ion 

& t ime-

management 

verba l iz ing  

& scop ing 

working 

memory 
 

3.20 

I  get  real ly 

anxious i f  I ’m 

asked to read 

‘out  loud’  

0 .829 

    

0.573 

3 .08 

When I ’m 

reading,  I  

somet imes 

read the same 

l ine aga in or 

miss out a l ine 

altogether  

0 .809 

    

0.506 
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3.01 

When I  was 

learn ing to 

read at  school ,  

I  often fe lt  I  

was s lower 

than others in  

my class  

0 .723 

    

0.699 

3 .06 

In my writ ing I  

frequent ly use 

the wrong 

word for my 

intended 

meaning 

0 .634  0 .436 

   

0.550 

3 .09 

I  have di f f icu lty 

putt ing my 

writ ing ideas 

into a sensib le 

order 

0 .609  0 .337 0 .321 

  

0.639 

3 .02 

My spel l ing is  

general ly very 

good 

(REVERSE-

CODED 

DATA) 

0 .561  0 .315 

   

0.641 

3 .15 

My fr iends say 

I  often th ink in  

unusual  or 

creat ive ways 

to solve 

problems 

 

0 .676 

   

0.596 

3 .17 

I  get  my ‘ le f ts ’  

and ‘r ights ’  

eas i ly mixed up   

0 .671 

  

0.399 0 .697 

3 .18 

My tutors 

often te l l  me 

that  my essays 

or ass ignments 

are confus ing 

to read 

 0 .427 0 .663 

   

0.685 

3 .11 When I ’m 

planning my  

0 .543 

   

0.561 
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work I  use 

diagrams or 

mindmaps 

rather than 

l ists  or bul let  

points 

3 .10 

In my writ ing 

at  school ,  I  

often mixed up 

s imi lar letters 

l ike ‘b ’  and ‘d’  

or ‘p ’  and ‘q ’  

 0 .432 0 .521 

   

0.553 

3 .19 

I  get  in  a 

muddle when 

I ’m searching 

for learn ing 

resources or 

in format ion 

0 .479 0 .508 0 .335 

  

0.673 

3 .16 

I  f ind it  real ly 

chal lenging to 

make sense of  

a l ist  of  

instruct ions 

0 .369 0 .464 0 .406 

  

0.686 

3 .05 

I  th ink I  am a 

h igh ly 

organized 

learner 
  

-0 .789 

  

0.568 

3 .03 

I  f ind it  very 

chal lenging to 

manage my 

t ime ef f ic ient ly  
  

0.786 

  

0.519 

3 .07 

I  general ly 

remember 

appointments 

and arr ive on 

t ime 

  

-0 .602 0 .351 

 

0 .654 

3 .14 

I  prefer 

looking at  the 

‘b ig p icture’  

rather than 

focusing on the 

   

0.820 

 

0 .623 
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detai ls  

3 .04 

I  can explain 

th ings to 

people much 

more eas i ly 

verbal ly than in 

my writ ing  

 0 .353 

  

0.617 

 

0 .613 

3 .13 

I  f ind fo l lowing 

direct ions to 

get  to p laces 

quite 

straight forward 

    

-0 .764 0 .710 

3 .12 

I ’m hopeless at  

remembering 

th ings l ike 

te lephone 

numbers 

 0 .398 

   

0.530 0 .573 

This factor analysis seems reasonable and so for the moment at least,  I  am going to st ick with it ,  

which also means that I  wil l revert back to the ful l  20 -item scale for Dyslexia Index.  However,  at 

a later point I wil l explore a PCA through SPSS for  the reduced, 16-item scale to determine the 

impact that this has on identifying factors and the further implications of this when connecting 

the results to Academic Behavioural Confidence.  

  

Factor analysis  of Academic Behavioural Confidence  

Sander & Sanders’  (2009) paper indicates their revision of the original,  24 - item Academic 

Behavioural Confidence Scale into a reduced, 17 -item scale based on principal component 

analysis executed on the collected data of their previous studies.  This produced a combined  

datapool (n=865) of undergraduate responses to the ABC scale. It was suggested that the 

original, Academic Confidence Scale consisted of 6 factors:  GRADES, STUDYING, VERBALISING, 

ATTENDANCE, UNDERSTANDING and REQUESTING. The revised scale was also renamed  to include 

‘Behavioural’  to acknowledge the focus on confidence in actions and plans related to academic 

study (Sander & Sanders,  2006).  From the data I  have collected in my project,  I have explored 

the outputs that are generated from both scales,  the ori ginal 24-item, and the later 17 - item 

metrics. The table below presents these outputs for comparison:  
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Research Group  

Research 

subgroup  
n  ABC24 mean  

ABC24 

sd  
ABC17 mean  

ABC17 

sd  

DI  
DI-600  (Dx > 

592.5) 
47  57 .89 15.24 57.49 15.75 

Hedges’  g  e f fect s i ze /  Student ’s  t -

test p -va lue : 
 

g  = 0 .483 /  p  = 

0 .041 
 

g  = 0 .521 /  p  = 

0 .032 
 

ND  
DNI  (Dx > 

592.5) 
18  64 .92 12.43 65.24 12.26 

 

ND-400 (Dx < 

400) 
44  72.15 12 .35 72.25 12.66 

This reveals l itt le difference between the mean ABC24 and mean ABC17 values  for any of the 

research subgroups, showing that a slightly greater effect size is generated using the 17 -point 

ABC Scale,  this being between the sample means for research subgroups DI -600 and DNI.  In both 

cases (ABC24 and ABC17) Student’s t -test reveals that a signif icant difference (p < 0.05) is  

present between the sample means (one -tai l test,  5% level) .  It  hasn’t  escaped my attention that 

it  might be useful to determine whether this difference in  EFFECT SIZES is  s ignif icant or not, and 

hence whether to st ick with the 24-point scale or use the revised 17 -point one for my enquiry.  I  

am sti l l  to f igure out how to do this,  especially  s ince the distribution of effect sizes is unknown, 

and so it  may be neither appropriate nor statist ical ly robust to try to esta blish whether a 

signif icant difference between the values exists –  more on this later.  However in the meantime, 

I  do know how to calculate a confidence interval for the population Cohen’s ‘d’  effect size,  ‘δ’ ,  

from which I may be able to establish whether these two effect sizes are in fact (statist ical ly  at 

least)  the same. Cohen’s ‘d’  produces a sl ightly different effect size to Hedges’ ‘g’  with the 

latter being more appropriate when the sample sizes are substantial ly  different,  as mine are. 

The Confidence Interval calculation process that I can access (Cumming, 2012) only calculates 

the CI for ‘d’. For the data provided above, the confidence interval when using ABC24 emerged 

as -0.068 < δ < 1.032, and for ABC17, -0.032 < δ < 1.070 which seems to be suggest ing that to al l  

intents and purposes,  the difference in effect sizes when using ABC24 compared with using 

ABC17 is marginal.  

In any case, even though Sander & Sanders’  claim that the criterion validity of the ABC Scale is  

enhanced through their factor analysis procedure and the subsequent reduction into a 17 -point 

scale, I  felt  that a similar PCA should be conducted on my own datapool –  which is  of a 
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reasonable size (n=166) –  to explore the factor structure that emerges and which might be more 

relevant to my own analysis.  

The outcome established through several work -ups in SPSS is  a reasonable,  5 -factor structure 

that makes good sense in the context of my enquiry:  

Rotated Component Matr ix for Academic Behavioural  Conf idence 24 -point  scale  

ITEM # 
 ITEM 

STATEMENT Factor Communal i t ies  

ABC  
 

1  2 3 4 5 Extract ion 

  

study 

e f f icacy  
engagement 

academic 

output  
attendance debat ing 

 

121 

 –  p lan 

appropriate 

revis ion 

schedules  

0 .809 

    

 0 .761 

101 

 –  study 

ef fect ive ly in  

independent 

study 

0 .703 

    

 0 .637 

104 

 –  manage 

workload to 

meet 

deadl ines  

0 .695 

    

 0 .593 

113 

 –  prepare 

thoroughly 

for tutoria ls  

0 .665 

    

 0 .578 

122 

 –  remain 

adequately 

mot ivated 

throughout 

my t ime at  

univers ity  

0 .639 

    

 0 .555 

 119 
 –  make the 

most of  

un ivers ity 

0 .637 

    

0.570 

http://www.ad1281.uk/researchdata/ad1281QNRdata/PrintOutputs_Blog/ABC24_5.pdf


BlogPost #26:  PRINCIPAL COMPONENT ANALYSIS 
 
 
 

study 

opportunit ies 

114 

 –  read 

recommended 

background 

mater ia l  

0 .602 

  

0.318 

 

0 .530 

103 

 –  respond to 

lecturers ’  

quest ions in  a 

fu l l  lecture 

theatre 

 

0 .799 

   

 0 .662 

110 

 –  ask 

lecturers 

quest ions 

during a 

lecture 

 

0 .774 

   

 0 .707 

112 

 –  fo l low 

themes and 

debates in  

lectures 
 

0 .654 

   

 0 .610 

105 

 –  present to 

a smal l  group 

of  peers  

0 .624 

   

 0 .483 

102 

 –  produce 

your best  

work in 

exams 
 

0 .605 

  

0.444  0 .692 

111 

 –  understand 

mater ia l  

discussed 

with 

lecturers 

 

0 .597 

   

 0 .516 

117 

 –  ask for 

help i f  you 

don’t  

understand 
 

0 .454 

   

 0 .406 

116  –  write in  an 

appropriate   

0.819 

  

 0 .736 
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style  

115 

 –  produce 

coursework 

at  the 

required 

standard 

  

0.814 

  

 0 .805 

107 
 –  attain 

good grades  
0 .383 

 

0 .740 

  

 0 .740 

120 

 –  pass 

assessments 

at  the f irst  

attempt 
  

0.696 

  

 0 .593 

123 

 –  produce 

best  work in 

coursework 

ass ignments  

0 .492 

 

0 .511 

 

0 .344  0 .649 

106 

 –  attend 

most taught 

sess ions    

0.812 

 

 0 .739 

124 
 –  attend 

tutoria ls  
   

0.772 

 

 0 .675 

118 
 –  be on t ime 

for lectures 
   

0.676 

 

 0 .522 

108 

 –  debate 

academical ly 

with peers  

0 .435 

  

0.640  0 .652 

109 

 –  ask 

lecturers 

quest ions in  

one-one 

sett ings 

0 .321 0 .346 

  

0.632  0 .624 

  

Although this factor analysis is  valuable,  it  nevertheless reveals that the dimensional structure 

for ABC24 for my data is  also not as ‘s imple’ as I  would have wished with some dimensions 

loading onto more than one factor –  just as the PCA for Dyslexia Index also revealed (above). 
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However, grouping dimensions into factors 1 –  5 as shown above makes sense in the context of 

this enquiry and leads me to establish the 5 factors as:  

o  Factor 1 –  STUDY EFFICACY 

o  Factor 2 –  ENGAGEMENT 

o  Factor 3 –  ACADEMIC OUTPUT 

o  Factor 4 –  ATTENDANCE 

o  Factor 5 –  DEBATING 

It  is  useful to compare my factor analysis with Sander & Sanders (2009) reproduced below, 

where I  have also compared the grouping of dimensions that emerged from their PCA to my own, 

indicated by what I  have termed the ‘closest map’.  This is  where dimensions from both the S&S 

PCA and my own PCA result  in similar dimensional groupings. I have,of c ourse, had to revert 

back to Sander & Sanders original 24 -item scale to make this comparison.  

Rotated Component Matr ix for Academic Behavioural  Conf idence 24 -point  scale  

(adapted from: Sander & Sanders ,  2009, p25)  

ITEM # 
 ITEM 

STATEMENT 
Factor 

ABC  
 

1  2 3 4 5 6 

 

 SANDER & 

SANDERS’ 

FACTOR 

DESIGNATIONS: 

study ing  verba l is ing grades attendance understanding request ing 

 

 CLOSEST MAP 

TO ABC24(5)  IN 

MY DATA: 

s tudy  

e f f i cacy  
ENGAGEMENT 

academic 

output  
ATTENDANCE 

NO 

MAPPING 
NO MAPPING 

121 

 –  p lan 

appropriate 

revis ion 

schedules  

0 .80 

     

101 

 –  study 

ef fect ive ly in  

independent 

study 

 0 .72 

     

122 

 –  remain 

adequately 

mot ivated 

throughout my 

t ime at  

univers ity  

 0 .62 

     

http://www.ad1281.uk/researchdata/ad1281QNRdata/PrintOutputs_Blog/ABC24_6Sander2009.pdf
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104 

 –  manage 

workload to 

meet deadl ines  

 0 .56 

     

103 

 –  respond to 

lecturers ’  

quest ions  in  a 

fu l l  lecture 

theatre 
 

0 .85 

    

105 

 –  present to a 

smal l  group of  

peers  

 0 .81 

    

108 

 –  debate 

academical ly 

with peers  

 0 .67 

    

110 

 –  ask lecturers 

quest ions during 

a lecture  

 0 .58 

    

120 

 –  pass 

assessment at  

the f irst  attempt   

0.83 

   

115 

 –  produce 

coursework at  

the required 

standard   

 0 .74 

   

116 

 –  write in  an 

appropriate 

style  

 

 

 0 .67 

   

107 
 –  attain good 

grades  
  

 0 .66 

   

123 

 –  produce best  

work in 

coursework 

ass ignments    

 0 .55 

   

102 
 –  produce best  

work in exams 
  

 0 .51 

   

124 
 –  attend 

tutoria ls  
   

0.86 

  

106 
 –  attend most 

taught sess ions 
   

 0 .82 

  

118 
 –  be on t ime 

   

 0 .40 
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for lectures 

119 

 –  MAKE THE 

MOST OF 

UNIVERSITY 

STUDY 

OPPORTUNITIES 

 0.17  0 .24 

 

0 .29 

 

0 .21 

113 

 –  prepare 

thoroughly for 

tutoria ls      

 0 .73 

 

112 

 –  fo l low 

themes and 

debates in  

lectures     

 0 .72 

 

111 

 –  understand 

mater ia l  

discussed with 

lecturers     

 0 .68 

 

114 

 –  read 

recommended 

background 

mater ia l      

 0 .68 

 

109 

 –  ask lecturers 

quest ions in  

one-one sett ings      

0.85 

117 

 –  ask for  help i f  

you don’t  

understand      

 0 .83 

It  is  of note that scale item 119 was not attributed to any of Sander & Sanders’ factors with the 

highest loading of just 0.29 with the factor ‘attendance’.  

An attempt has been made to map these factors to  those established in my own data which has 

been possible for the first  four factors with the exception of Sander & Sanders’ (S&S) factors 5 

and 6 which draw no obvious mapping to my factors.  A deeper discussion about the similarit ies 

and differences between these two factor analyses wil l  be presented in the f inal thesis but for 

now, a cursory inspection of the two tables side -by-side shows that:  

o  My Factor 1,  ‘study efficacy’  includes al l four dimensions in S&S Factor 1:  ‘studying’,  with 

two of the remaining 3 dimensions attributed into S&S Factor 4, ‘understanding’ and the 

f inal dimension, 119, ‘MAKE THE MOST OF UNIVERSITY STUDY OPPORT UNITIES’  being 

unattributed in the S&S analysis; however with a loading factor of 0.637 in my data,  this 
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dimension should clearly be included in my Factor 1.  Where Sander & Sanders designate 

these dimensions into two factors ‘studying’ and ‘understanding’,  these two factors 

together map to my Factor 1,  so aspects of academic confidence at university that Sander 

& Sanders cal l  ‘ studying and understanding’,  I  cal l ‘study eff icacy’. This matches well .  

o  3 of S&S’s 4 dimensions in their Factor 2,  ‘verbalis ing’  map to to the same 3 out of 7 

dimensions in my Factor 2,  ‘engagement’. S&S include dimension 108 ‘debate 

academically with peers’  into their Factor 2 whereas I attribute this dimension to my 

Factor 5,  ‘debating’. Two further dimensions in my Factor 2 are attributed in the S&S 

analysis to their Factor 4, ‘understanding’ so this is  suggesting that the S&S Factors 

‘verbalis ing’  and ‘understanding’ when taken together make a close map fo my Factor 2 

‘engagement’.  

o  In S&S Factor 3,  ‘grades’,  5 out of the 6 dimensions in this factor also appear in my Factor 

3,  ‘academic output’ so this is a close mapping between the two factors.  The addi t ional 

dimension, ‘produce best work in exams’ in S&S Factor 3,  presented a higher loading with 

Factor 2,  ‘engagement’  in my analysis.  

o  My Factor 4,  ‘attendance’ contains exactly the same 3 dimensions as S&S Factor 4, 

‘attendance’ so there is  an exact mappi ng here. 

o  S&S designated a Factor 6,  ‘requesting’ which contained dimensions 109 and 117, ‘ ASK 

LECTURERS QUESTIONS IN ONE-ONE SETTINGS’  and ‘ASK FOR HELP IF YOU  DON’T 

UNDERSTAND’  whereas the former of these (109) is  grouped with dimension 108, ‘ DEBATE 

ACADEMICALLY WITH PEERS’  in my PCA with these two dimensions alone forming the f inal 

Factor 5,  ‘debating’ in my analysis.  

The extraction commonalit ies was not published in Sander & Sanders 2009 paper from which this 

data has been drawn.  

  

Interl inking Dyslexia Index and Academic Behavioural  Confidence  

What has emerged from the PCA on my data so far is that the structure of my metric,  Dyslexia 

Index broadly loads onto 5 factors which I  have designated as:  

1. Reading, Writ ing,  Spell ing  

2. Thinking and Processing  

3. Organization and Time-management 

4. Verbalizing and Scoping  

5. Working Memory 
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and that the PCA applied to data collected in my enquiry on Sander & Sanders ful l ,  24 -item 

Academic Behavioural Confidence Scale has also loaded onto 5 factors which I  have designated 

as: 

1. Study eff icacy 

2. Engagement 

3. Academic output 

4. Attendance 

5. Debating 

Exploring the interrelationships between these two sets of factors has enabled a 25 x 25 cell  

matrix to be prepared (below) which sets out Hedges’  ‘g’ effect size and Student’s t -test p-

values between the research subgroups when these are established according to each of the 

Dyslexia Index factors. So for example, in looking at the row of data for Dyslexia Index Factor 

3: ORGANIZATION AND TIME MANAGEMENT, when research subgroup DNI (from research gr oup 

ND) and research subgroup DI -600 (from research group DI) are recreated using Dx Factor 3 as 

the sole  s ift ing criteria,  a fresh group of datasets now form each of these research subgroups 

and the mean average for ABC Factor 1:  STUDY EFFICACY for the respondents in these recreated 

subgroups shows an effect size of 0.42 supported by a signif icant difference between the ABC 

Factor 1 sample means (p=0.0299).  

[Hedges ‘g’  has been used because this calculation for effect size uses a weighted mean process 

for pooling the standard deviations of each dataset being considered, and in the t -test,  a one-

tai l  test has been applied as in almost al l  cases,  the mean ABC24(5) values for research 

subgroup DNI exceeded those for the (control)  research subgroup DI -600.]  
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It  is  crit ical  to understand that Dyslexia Index Factor 3 research subgroups ND -400, DNI and DI-

600 wil l  or may contain different datasets from, for example, the Dyslexia Index Factor 2 

research subgroups respectively.  But this enables a deeper insight into  differences in academic 

confidence (at a factoral level)  between students  WITH reported dyslexia and those 

with UNREPORTED dyslexia-l ike profi les as established according to one Dyslexia Index factor or 

another. This is quite a complex analysis process in  terms of establishing which datasets appear 

in which subgroups but the results are i l luminating not the least because it  appears to be 

indicating that there may be merit  in focusing on exploration of the enquiry datapool on a 

factor-by-factor basis. As such, there is  more work to do here and this wil l  be reported 

extensively in the f inal thesis write -up. The table below summarizes the relative sample sizes of 

the research subgroups when these are sifted according to Dyslexia Index Factor. Also shown are 

the sample size mean Dx values for each factor together with t -test evidence that these can be 

considered as not signif icantly different between the two research subgroups of interest (DNI 

and DI-600).  Hence it is  appropriate to consider ABC effect sizes bet ween research subgroups on 

a Dx factor-by-factor basis.  
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Before any further discussion of these data,  it  should be noted that the boundary value for Dx 

that attributes data into the research subgroups has been amended. Whereas the designations,  

‘DNI’  and ‘DI-600’ wil l  remain unchanged in order to avoid confusion with earl ier posts,  the 

boundary value has been adjusted to Dx = 592.5. This fol lowed from a simple,  independent 

means t -test analysis of Dx data in each of the two subgroups, DNI and DI -600 which revealed 

that with the boundary value set at Dx = 600, the t -test demonstrated that the difference 

between the means was signif icant at the 5% level.  It was felt  therefore, that setting a boundary 

value of Dx = 600, principally to a) establish students wit h unidentif ied dyslexia -l ike profiles 

from research group ND and hence designate these as research subgroup DNI,  and b) to 

establish a l ike-for-l ike control (sub)group (DI -600) of students with identif ied dyslexia who 

presented a Dx > 600 was not as robust  as it could be if  the mean Dx values from each of these 

subgroups exhibited a signif icant statist ical  difference (p = 0.048). Through iterations of the t -

test,  a revised boundary value of Dx = 592.5 then presented an output p -value that 

was not  s ignif icant at the 5% level (p = 0.053),  hence indicating that for analysis purposes,  the 

mean Dx values of the two most important subgroups, DNI and DI -600, were not signif icantly 

different.  This small  s ift ing boundary adjustment attributed a sl ight amendment to th e datasets 

included into the base research subgroup DNI (established using the  overall  Dx value rather 

than any factoral variation of this)  whereby one addit ional dataset is  subsequently included 

bring the subgroup DNI up to size n = 18, and two addit ional  datasets increase the size of 

research subgroup DI -600 to n = 47.  

  

Effect size between Academic Behavioural  Confidence:  

This matrix of effect sizes and t -test p-values is  the f irst  analysis of the ABC data on a Dyslexia 

Index factor-by-factor basis.  

The important overall key f inding is that the analysis identif ies a medium effect size of 0.48 

between Academic Behavioural Confidence for the key research subgroups: DNI and DI -600 

(shown in the grid-sector extreme bottom -right).  Taken together with the t -test for significant 
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difference between independent sample means which returns a p -value of p=0.043 (t=1.743, 

one-tai l  test)  these outcomes appear to be signall ing a signif icant difference between the ABC 

sample means for these research subgroups.  

o  On this basis we can conclude for this datapool at least, students with unreported 

dyslexia-l ike profi les return on average a signif icantly higher level of Academic 

Behavioural Confidence than their dyslexia -identif ied peers which is  a key f inding of the 

research. 

By looking in more detail  at the matrix of effect size and p -value results for the component 

analysis for both metrics (Dx and ABC) it may be possible to identify where the contributing 

differences between Dx and ABC for each of the subgroups l ies.  

For example, for respondents organized according to Dyslexia Index Factor 3:  ORGANIZATION 

AND TIME MANAGEMENT,  this is  then the only Dx factor ‘s ift ’  that presents notable effect size 

differences between the research subgroups DNI and DI -600 data in al l  f ive factors of Academic 

Behavioural Confidence. Effect size ‘g’ values range from g = 0.38 in ABC factor 

5: DEBATING with the t -test indicating an albeit  only just signif icant difference between the 

sample means (p= 0.046);  to an effect size of g = 0.89 in ABC facto r 2:  ENGAGEMENT. The t-test 

returned a very highly signif icant p -value of p=0.0001 (rounded to 4 dp, the actual p -value is  p = 

0.0000569).  Given that effect size differences are effectively ‘one tai l ’ ,  that is,  are set so that a 

posit ive effect size indica tes that ABC is higher for the research subgroup DNI than subgroup DI -

600, these results seem to be indicating that students with reported dyslexia exhibit  

s ignif icantly lower levels of academic confidence when sifted according to their  ORGANIZATION 

& TIME MANAGEMENT factor of Dyslexia Index. This might be suggesting that on the basis of this 

dyslexia-indicating factor at least,  aspects of dyslexia support related to ameliorating apparent 

weaknesses in organization and t ime management may be less effective than might be supposed. 

Not knowing that you may be dyslexic appears to be better for you when it  comes down to the 

study-ski l l  attribute of organization and t ime management.  

It  is  also highly interesting to note that for this Dx Factor 3,  the effect size differences between 

students regarded as highly NON -dyslexic (that is, research subgroup ND -400) and the dyslexic 

control group are al l  negative. I think this is  therefore demonstrating that when considering a 

level of dyslexia as measured through the para meter,  ORGANIZATION AND TIM E MANAGEMENT, 

it  is  better to be a student with an unreported dyslexia -l ike profi le than it  is  to be either a 

reported dyslexic or highly non -dyslexic. This is  puzzl ing but may be indicating that very 

curiously,  some the dimensio ns of dyslexia that constitute this factor are 
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actually  POSITIVE attributes in relation to academic confidence but only in students with 

(potential ly) unidentified dyslexia.  Clearly conclusions are in relation to this datapool of 

respondents and it would be inappropriate to generalize more widely, especial ly  as research 

subgroup DNI is quite small (n=18).  

It  must be emphasized again that the Dyslexia Index factor analysis process used 

here DOES generate different cohorts of students in each research subgrou p when regarding 

Dyslexia Index (Dx) as the independent variable –  that is, the one I’ve f ixed or chosen. This is  

because the process of considering the aggregate of the values for each of the dimensions that 

together constitute a factor generates a differ ent Dyslexia Index than it  might for any other 

factor for any specif ic  student respondent. In other words,  Student X wil l have a different Dx 

value for each Dx factor which wil l  be different from their  OVERALL ( i .e.  aggregated) Dyslexia 

Index,  and this may mean that the student is  included or not in any of the research subgroups of 

interest, ND-400, DNI, and DI -600 on the basis of that factor,  where the same student may be 

included or not, when generating a Dx value through one of the other Dx factors. Perh aps I  

should build fresh diagramatic visualizations for students to show the different Dx values they 

present against each Dx factor.  

This point is  demonstrated here:  

For example, consider respondent #96408048 from research group ND who presented an overal l 

Dyslexia Index of Dx = 604.94, hence placing this respondent just above the boundary into 

research subgroup: DNI –  that is,  students with an unreported dyslexia -l ike profi le.  The Dyslexia 

Index values for each of the 5 factors of Dyslexia Index for this respondents are these:  

Dx 
overal l  

Student 
respondent  

Dx Factor  1  Dx Factor  2  Dx Factor  3  Dx Factor  4  Dx Factor  5  

  

Reading,  
Writ ing,  
Spel l ing  

Thinking & 
Processing  

Organizat ion & Time 
Management  

Verbal iz ing & 
Scoping  

Working 
Memory  

604.94  #964080 48 824.11  746.99  512.26  80.00  489.51  

The factor analysis reveals that this respondent’s Dyslexia Index is  greater than the subgroup 

boundary value of Dx = 592.5 for only two of the factors.  What it  is  interesting to note is that 

this respondent’s Dx values for those two factors is high, indicating that this particular 

individual is presenting a strongly dyslexic profi le in these two areas –  reading, writ ing,  spell ing,  

and thinking & processing –  conventionally regarded throughout decades of dyslexi a research 
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with children as being key indicators of the syndrome. Reflecting on this has caused me to 

consider the ways in which the factor Dx values are contributing to the overall Dx value and 

addit ionally, how the factor profi les of the other respondent s in research subgroup DNI (sifted 

according to the overall  Dyslexia Index value of Dx > 592.5) compare to each other.  However in 

this blog-post I want to focus on the discussion about the matrix of effect sizes above and so a 

discussion about the factor p rofi les of respondents in each of the previously established 

research subgroups DNI,  DI -600 and ND-400 is  presented in an  alternative post  and also more 

ful ly  on project webpages  here. 

TO BE CONTINUED –  GASP!  

  

http://www.ad1281.uk/blog/2017/01/04/dyslexia-index-factor-profiles-for-respondents-in-research-subgroup-dni/
http://www.ad1281.uk/dxfactors.html
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