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Abstract Spatial–temporal partial least squares

(ST-PLS) is a multivariate statistical analysis that has

improved the analysis of modern imaging techniques.

Multifocal electroretinograms (mfERGs) contain a

large amount of data, and averaging and grouping have

been used to reduce the amount of data to levels that

can be handled using traditional statistical methods. In

contrast, using all acquired data points, ST-PLS

enables statistically rigorous testing of changes in

waveform shape and in the distributed signal related to

retinal function. We hypothesise that ST-PLS will

improve analysis of the mfERG. Two mfERG proto-

cols, a 103 hexagon clinical protocol and a slow-flash

mfERG (sf-mfERG) protocol, were recorded from an

adolescent population with type 1 diabetes and an age

similar control population. The standard mfERGs were

analysed using a template-fitting algorithm and the

sf-mfERG using a signal-to-noise measure. The results

of these traditional analysis techniques are compared

with those of the ST-PLS analysis. Traditional analysis

of the mfERG recordings revealed changes between

groups for implicit time but not amplitude; however,

the spatial location of these changes could not be

identified. In contrast, ST-PLS detected significant

changes between groups and displayed the spatial

location of these changes on the retinal map and the

temporal location within the mfERG waveforms.

ST-PLS confirmed that changes to diabetic retinal

function occur before the onset of clinical pathology. In

addition, it revealed two distinct patterns of change

depending on whether the multifocal paradigm was

optimised to target outer retinal function (photorecep-

tors) or middle/inner retinal function (collector cells).

Keywords mfERG � Partial least squares �Diabetes �
Signal averaging

Introduction

Clinical electroretinography (ERG) records the elec-

trical potentials generated by the massed cells of the

retina in response to stimulation by light. The

A preliminary version of this work was presented at the XLVI

ISCEV symposia 2008 [33].
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multifocal electroretinogram (mfERG) uses a pat-

terned stimulus to simultaneously test multiple retinal

areas in the central visual field. Each retinal area

generates a complex waveform that was initially

described by three cardinal points (N1, P1 and N2) [1].

Retinal dysfunction is represented by changes in either

the amplitude or timing of these features. Typically, 61

or 103 retinal areas are simultaneously tested with

each area generating an independent waveform [2].

Typically sampled at 1,000 Hz or above, a 100-ms

recording will generate 100 data points, multiplied by

103 retinal areas generating 10,300 data points.

A difficulty common to all multifocal electrophys-

iology testing is how to analyse the tremendous amount

of data that are collected. Often, analysis involves

averaging multiple areas together, for example to

produce retinal rings or quadrants. Such averaging

reduces the spatial resolution available in the record-

ing. A single recorded electrophysiological potential is

often dominated by a few large components. These

large components may be formed by the summation of

multiple smaller electrical potentials in turn generated

by the action of many individual cells [3]. Traditional

analysis techniques summarise these data by selecting

the cardinal points of major features of interest [2, 4].

Spatial–temporal partial least squares (ST-PLS) is a

multivariate statistical analysis, introduced to the

neuroimaging community by McIntosh et al. [5].

PLS analysis has been used to characterise distributed

signals measured by neuroimaging methods like

positron emission tomography (PET), functional

magnetic resonance imaging (fMRI), event-related

potentials (ERP) and magnetoencephalography (MEG).

This statistical method allows for the simultaneous

analysis of both temporal changes, that is, changes to

the shape of the recorded waveforms and the spatial

distribution of these changes across the recorded

area (in this case, the retina). The underlying mech-

anism of the PLS analysis is the calculation of an

optimal least squares correlation between a matrix

X containing the recorded data and a second matrix

Y that contains information about the experimental

design. In this way, analysis of variations in the

recorded data is constrained to those that are affected

by the experimental manipulation [6]. An advantage of

the PLS technique is its ability to handle large

quantities of data, as such it does not require the data

to be summarised as cardinal points or spatial

averages.

The purpose of this paper is not to present the

formal mathematical description of PLS analysis,

which has been covered in depth previously [5–7].

Instead, it is to present a practical application of the

technique, namely for investigating mfERG data

recorded from patients with suspected retinal dys-

function. We have specifically looked at a population

with type 1 diabetes before the onset of any clinically

recognisable diabetic retinopathy.

Type 1 diabetes mellitus (DM) is a chronic disease

with decreased pancreatic insulin production caused

by an auto immune reaction destroying the b-cells of

the pancreas. The disease can progress sub-clinically

for many years but is usually diagnosed before age

30 years [8]. The reduced ability of the body to control

levels of blood glucose (glycemic control) can, over

time, lead to many complications affecting major body

organs including the cardiac and vascular systems,

nervous system, visual system and kidneys [9].

A common ophthalmologic complication of diabe-

tes is diabetic retinopathy (DR). Studies have reported

incidence rates of DR up to 97.5 % in people with DM

for[15 years [10]. DR is a progressive deterioration

of the retina, initially there may be no visual symp-

toms; however; if left uncontrolled, it can lead to

blindness [11]. Clinical diagnosis of early DR is made

by directly examining the retina (ophthalmoscopy) or

from photographs of the retina (fundus photography).

The earliest clinical symptoms are damage to the

vascular system of the retina, including micro-aneur-

isms and fluid leakage. Changes to the electrophysi-

ology of the retina occur before the onset of clinically

significant DR [12, 13]. The oscillatory potentials

(OPs), a complex response that is thought to originate

with the amacrine cells of the middle retina layers,

seem to be particularly sensitive [14, 15]. Studies

using the mfERG have revealed that changes to the

retinal electrophysiology are spatially localised [16–

18], correlate with glycemic control [8, 19], and may

predict areas that later develop clinically significant

features of DR [20–22]. The analysis techniques of

these previously published studies required summa-

rising the data. In the spatial domain, this involved

averaging rings, quadrants or zones of responses

together [8, 16, 18], or selecting an exemplary, ‘most

abnormal’, response from a spatial area [21–23]. In the

temporal domain, several techniques were used to

reduce the data; several studies used a template-fitting

algorithm that reduces the data to two values
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representing the amplitude and implicit times, respec-

tively [17, 19–22], other studies used signal-to-noise

ratios that have the effect of reducing the entire

waveform of interest to one value [16]. ST-PLS

analysis allows us to compare data from two groups of

patients without needing to reduce either the spatial or

temporal domains.

Methods

Sixty-two adolescent subjects (mean age 15.5 ±

1.8 years; 32 female and 30 male) with type 1 diabetes

were recruited from the endocrinology clinic at The

Hospital for Sick Children. Fifty-four control subjects

(mean age 17.5 ± 4 years; 32 female and 22 male) were

also recruited from the community. Subjects with

preexisting conditions that could affect their visual

system were excluded from the study. All subjects had 7

field stereoscopic fundus photographs taken, photo-

graphs were graded by a retinal specialist according to

the modified Arlie House classification [11] or had a

fundus examination performed by an ophthalmologist.

Subjects with any signs of diabetic retinopathy or other

retinal abnormalities were excluded from the analysis.

Blood sugar levels of patients with diabetes were

checked before starting the mfERG using a blood

glucose meter (OneTouch Ultra, LifeScan Inc., Milpi-

tas, CA, USA) to ensure blood glucose levels were

between 4 and 10 mmol/l. All research was performed

according to the tenets of the Declaration of Helsinki

and was approved by the research ethics board at the

Hospital for Sick Children. Multifocal electroretino-

gram recordings were performed using the Veris FMSII

system (EDI Redwood, CA, USA).

One eye was randomly selected from each subject

and pharmacologically dilated (tropicamide 0.5 % and

phenylephrine hydrochloride 2.5 %). All subjects

undertook two mfERG protocols. The first protocol

was a standard clinical protocol consisting of 103

hexagons. Hexagons size was scaled according to

eccentricity to produce responses with similar signal-

to-noise ratio (SNR) as previously described [24].

Frames were presented at 60 Hz in photopic condi-

tions, in every frame each hexagon had an approxi-

mately 50 % chance of being illuminated (mean

luminance 100 cd/m2) according to a pseudo-random

M sequence (M = 215 - 1) resulting in recording

sessions requiring approximately 9 min. The stimulus

was centred on the fovea and stimulated approxi-

mately 40� of the retina. Each session was split into 16

segments of equal length, subject fixation was mon-

itored and segments with fixation loss were repeated.

Retinal potentials were recorded using a bipolar

Burian-Allen electrode, amplified by a factor of

10,000 and analogue band-pass filtered 10–300 Hz.

This protocol produces retinal responses that are

thought to be dominated by potentials arising from the

photoreceptors and on- and off-bipolar cells [25].

The second protocol, referred to as a slow-flash

multifocal electroretinogram (sf-mfERG) consists of a

61 hexagon stimulus, each multifocal frame was

followed by 5 frames where all hexagons were dark.

To reduce the recording times, the M sequence length

was reduced to M = 212 - 1 resulting in a recording

time of *7 min. The mean luminance of the multi-

focal frame was 100 cd/m2, the luminance of the dark

frames was\2 cd/m2. The blank frames increased the

time between stimulating frames to 100 ms. This

allows the development of a more complex inner

retinal response. Retinal potentials were recorded as

before but an additional 75-Hz high-pass filter was

applied. The response extracted in this manner

resembles the oscillatory potentials isolated from

single flash ERGs that are thought to originate from

amacrine cells located in the middle and inner retinal

layers [16, 18].

The data were first analysed using traditional

methods: individual hexagon analysis and spatial

averaging analysis, respectively. For the individual

hexagon analysis, no spatial averaging was performed.

Data from the standard mfERG protocol were ana-

lysed using a stretch-fitting algorithm that has been

described previously [26, 27]. In summary, a template

was generated for each hexagon by averaging wave-

forms from all the control subjects. The template

waveform is then stretched in both amplitude and time

to achieve the best match between it and the target

waveform. This results in two values, the amplitude

stretch factor and the implicit time stretch factor for

each hexagon from each subject. The quality of the fit

was measured using a statfit statistic (Eq. 1). S(t)

represents the signal waveform at time point t, T(t) is

the template waveform at time t and S-bar the mean

value of the signal waveform. A statfit approaching 0

indicates a perfect fit, while a statfit approaching 1

indicates the fit is no better than to a straight line at the

waveform mean. Recordings with[2 hexagons with a
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statfit[0.8 would be rejected, 5 control recordings and

7 subject recordings were excluded for meeting this

criteria. Recordings with B2 poor hexagons were not

excluded as this often represented the attenuated

waveforms recorded from the optic disc. In addition, 3

recordings from subjects without diabetes were iden-

tified as having abnormally large mean amplitudes

([95 % CI). These tests were confirmed as outliers

using the Tietjen–Moore test [28] and were excluded.

Excluded tests were removed from all further analysis,

and a new template was generated.

statfit ¼
P ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

SðtÞ � TðtÞ
p 2

P ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
SðtÞ � S

p �2
ð1Þ

A signal-to-noise ratio (SNR) analysis was per-

formed on the sf-mfERG ring average responses. The

signal window was chosen to be between 14 and 53 ms

and the noise window between 107 and 146 ms. The

SNR was calculated according to Eq. 2 where

s = signal, n = noise and t = time point.

SNR ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Pt¼14

t¼53 ðsðtÞ � �sÞ�2 þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPt¼107

t¼146 ðnðtÞ � �nÞ2
qr

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPt¼107
t¼146 ðnðtÞ � �nÞ2

q

ð2Þ
Ring averaging and quadrant averaging was used

for the spatial averaging analysis of the mfERG and sf-

mfERG recordings, respectively. For the mfERG, ring

averaging was performed, whereby responses from the

same retinal eccentricity were averaged together

creating 6 ring responses (Fig. 1a). The stretch-fitting

algorithm described previously was then performed on

these ring responses. As the sf-mfERG responses are

not symmetrical around the retina, hexagons from

each retinal quadrant were averaged together. Hexa-

gons falling between multiple quadrants were

excluded from the averages (Fig. 1b). Again a SNR

analysis was performed as described previously.

Differences in the response amplitudes and timing

(mfERG responses) and SNR (sf-mfERG) between the

control and diabetes groups were analysed using

analysis of variance (ANOVA). Post hoc analysis of

differences significant at the 0.05 level was performed

using Tukey’s ‘‘honest significant difference’’ method.

This conventional analysis was used for comparison

with the PLS analysis.

PLS analysis was performed using the PLSGui

program (version 5.1102241) from the Rotman

Research Institute (Toronto, Canada) which runs in

the Matlab� (Mathworks, Natick, MA, USA)

environment.

PLS analysis has been described in detail previ-

ously [6]. A summary of the underlying theory is

presented in an ‘‘Appendix’’.

Results

Traditional analysis

Analysis of the individual hexagon data from the

standard mfERG was unable to identify any significant

Fig. 1 Groups used for spatial averaging analyses. a Ring analysis for standard mfERG, b quadrant analysis for sf-mfERG
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differences in the waveform amplitude stretch factors

between groups. A small but significant increase of

0.01 (p \ 0.001) was observed between groups in the

implicit time stretch factor, this is approximately

equivalent to a 0.2-ms delay at P1 for the group with

diabetes (Fig. 2b). Analysis indicated no significant

differences between the implicit time variables for

hexagons (Fig. 2d). As there was no significant

interaction between group and hexagon, this analysis

was unable to locate the changes in implicit time to

specific retinal locations. The ring averaged data also

indicated an increase in the stretch factor between

groups (p \ 0.1) with no observable difference in the

amplitude.

Analysis of the sf-mfERG SNR values showed no

difference between groups (Fig. 3); however, there

was a difference between spatial locations within a

group for both the hexagon analysis (p \ 0.001) and

quadrant analysis (p \ 0.001). Post hoc examination

of the averaged quadrants indicated that the differ-

ences were significant between quadrant 3 (inferior

temporal) and the quadrants 1 (p \ 0.01) and quadrant

2 (p \ 0.001), these quadrants represent the superior

retina.

PLS analysis

The retinal response scores of the standard mfERG’s

recorded from the subjects with diabetes and control

subjects reveal an overall difference between groups

(p \ 0.05).

When the saliences were projected back onto the

recorded data, it is possible to see both the spatial and

temporal distribution of the group differences. In

a

c d

b

Fig. 2 Spatial distribution of mean stretch factors across

mfERG. Top a, b amplitude stretch factors, bottom c, d time

stretch factors. Left column a, c control data, right column b,

d subject data. All images are shown in right eye orientation.

Lower values represent 1 standard deviation. Colour scales are

consistent across results. The red end of the scale represents the

minimum mean hexagon value for controls and subjects. Values

towards the white end of the scale represent the maximum mean

hexagon value. The colour scale is separated into 50 equal-sized

divisions spanning the entire range
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general, the waveform was delayed in subjects with

diabetes. Figure 4 shows that the waveform delays

were distributed across the entire retina possibly with a

greater proportion affecting the temporal (c.f nasal)

retinal area. In 28 retinal locations, the delays occurred

primarily on the leading edge of the principle multi-

focal component (before P1), and these delays would

be reflected as a delay in the P1 implicit time. In 20

locations, the delays occurred on the falling edge (after

P1). Thirteen hexagons showed significant delays both

before and after P1, and 42 locations showed no

significant differences (Fig. 4).

The slow-flash mfERG protocol generated wave-

forms with 2–4 peaks occurring between 10 and 50 ms

after stimulation. Examination of the retinal response

scores revealed that there was a significant difference

(p \ 0.001) between subject with diabetes and those

without. Examination of the spatial distribution of the

waveforms showed a delay in the OPs, localised to a

parafoveal ring, for the group with diabetes compared

with the control group (Fig. 5).

Discussion

Typically, analysis of mfERG waveforms involves

techniques that are designed to reduce the amount of

data, making it more amenable to traditional statistical

methods but potentially loosing important informa-

tion. The data reduction methods can be divided into

two classes spatial and temporal: spatial averaging

reduces the spatial resolution of the data. Many

averaging schemes have been used, such as ring and

quadrant averaging highlighted in this study. Which, if

any, averaging scheme is used requires careful con-

sideration? To maximise sensitivity, the chosen

scheme must match the expected pattern of response

changes. For example, changes occurring in localised

retinal regions, such as those occurring in early

Stargardt macular dystrophy, may not be identified if

affected areas of the retina are averaged together with

normally functioning retinal areas. The second class of

data reduction methods involves reducing the infor-

mation in the temporal domain. Often, a complex

waveform is reduced to 3 cardinal points (N1, P1 and

N2). In this study, we highlight two temporal reduc-

tion methods that have been shown to be sensitive to

retinal function changes due to diabetes. Data analysis

using spatial and temporal data reduction methods is

compared with a multivariate analysis technique,

ST-PLS, that requires no reduction of data in either

the spatial or temporal domains.

Template analysis was able to identify delays in the

mfERG occurring in subjects with diabetes, before the

onset of retinopathy. This finding is in accordance with

previous reports [19, 23, 29]. The technique has been

successfully used to predict sites of subsequent

diabetic retinopathy [20–22]. A study comparing the

template-stretching algorithm with the analysis of the

amplitude and implicit times of the N1, P1 and N2

components of the mfERG concluded that implicit

time measured by template stretching was the most

a b

Fig. 3 Spatial distribution of mean SNR values from sf-mfERG recordings. a Mean of control data, b mean of subject data. All images

are shown in right eye orientation. Lower values represent 1 standard deviation
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Fig. 4 a Group average standard mfERG waveforms. Average

mfERG waveforms from 103 retinal areas are shown. Red lines
are the average waveform from subjects with diabetes, and blue
lines are the average from control subjects. Circles above the

waveforms indicate time points that are significantly different

between groups. b Close-up from a hexagon in the inferior retina

(c093) with significant time points on the rising edge of P1.

c Retina response scores for LV1 associated with the 2 groups.

Whiskers indicate the confidence bars. The upper and lower
bounds for the 95 % confidence interval are the computed

percentiles of the bootstrapped distribution
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sensitive measure of changes to retinal function

occurring due to diabetic retinopathy. This study did

not find that the later components were more delayed

than the earlier components and rejected the suppo-

sition that stretching was an accurate description of the

underlying changes [30]. This is important information
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Fig. 5 a Group average slow-flash mfERG waveforms.

b Close-up of one retinal area (c22). Red lines are the average

waveform from subjects with diabetes, and blue lines are the

average from control subjects. Circles above the waveforms

indicate time points that are significantly different between

groups. c Retinal response scores for LV1 associated with the 2

groups. Whiskers indicate the confidence bars. The upper and

lower bounds for the 95 % confidence interval are the computed

percentiles of the bootstrapped distribution
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as the precise nature of changes to the mfERG

waveform can provide information about the cell

types and processes involved [25].

In this study, the sf-mfERG protocol always

followed the mfERG protocol. While the mean

luminance of the sf-mfERG protocol was higher than

that used in previous studies, it is still lower than that

of the mfERG. Since the mfOPs are thought to reflect

the interaction of the rod and cone visual systems [31],

it is possible that adaptation due to the protocol order

may have modified the responses. However, as the

order of recording was the same in both subject groups

this would not invalidate the identified group differ-

ences. SNR have previously been used to analyse the

sf-mfERG response. Using our data, signal-to-noise

analysis confirmed that responses vary according to

retinal location, but it was not able to find a group

effect. PLS analysis, however, was able to identify a

difference between the two subject groups for both the

standard mfERG and sf-mfERG,, and to display the

spatial distribution of these changes across the retinal

map.

In contrast to the traditional analysis methods

described previously, ST-PLS allows changes in the

waveforms to be examined, while making no assump-

tions about the spatial or temporal nature of the

changes. ST-PLS therefore promises to be a powerful

tool for the analysis of mfERG data. Because the

ST-PLS analysis is able to consider all the information

present in the recordings, it could in this study

distinguish significant differences between subjects

with diabetes and control subjects in both the standard

mfERG and sf-mfERG recordings. In addition,

because the PLS technique preserves the spatial and

temporal position of all the data, it is easy to visualise

the patterns of changes that occur.

This study confirms that functional changes are

observable in the retinas of subjects with type 1

diabetes before any clinical diabetic retinopathy is

visible. The use of two different multifocal protocols

targeting different retinal structures suggests different

distributions of retinal dysfunction. Qualitative anal-

ysis of the spatial distribution of changes in the

mfERG, identified by ST-PLS, suggests a greater

proportion of the changes occur in the temporal retina

(Fig. 4). Delays identified in the sf-mfERG seem to

concentrate in the para-foveal regions.

As previously reported, the slow-flash mfERG

waveforms recorded from healthy eyes are not evenly

distributed across the retina, with those generated from

more temporal retinal locations having larger ampli-

tudes [31]. The parafoveal spatial distribution of

defects in the slow-flash mfERG recorded from

patients with diabetes has also been previously

reported [15] and may represent the location of the

thickest regions of the nerve fibre layer, providing

more evidence that this stimulus protocol preferen-

tially isolated responses originating from inner retinal

structures.

The temporal pattern of changes is harder to

interpret, ST-PLS revealed changes to the leading

edge of the mfERG P1 component that could reflect

the changes identified by peak-picking analyses. In

addition, it was able to identify changes occurring in

the trailing edge that would not be identified by

analyses focused on the P1 peak. There is no clear

spatial pattern to the distribution of time points

identified by ST-PLS around the P1 peak, and it is

currently unclear why adjacent retinal areas should

show different response profiles. The leading edge of

the P1 component is formed by the interaction of

depolarising ON-bipolar cells and the recovery of the

OFF-bipolar cells, while the trailing edge is the

interaction of depolarisation of the OFF-bipolar cells

and the recovery of the ON-bipolar cells [25]. This

may suggest that diabetes-related retinal defects affect

both the activation and recovery phases of the retinal

bipolar cells.

We have demonstrated that partial least squares

analysis methods can be applied to the analysis of

multifocal electroretinogram data. While the ST-PLS

analysis does not require data reduction in either the

spatial or temporal domains, a clear limitation of the

technique is the requirement to collapse all data within

groups. While it is possible to use the technique to

measure waveform differences for individual subjects,

it is not possible to generate robust statistics for any

differences. This problem is not unique to ST-PLS and

could be overcome if multiple recordings are avail-

able. The PLS analysis provides insight into both the

spatial and temporal distribution of waveform

changes. This information is useful for identifying

differences between affected and control groups and

will also be useful in directing the development of

more traditional analyses.
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Appendix

In summary, a vector is formed containing the

concatenated waveforms from all the hexagons in a

recording. These are assembled into a matrix X where

each row represents the amplitudes of mfERG data

from a single subject: each column represents a single

time point from a single retinal location. A second

matrix Y contains information about the experimental

design. Each row represents a subject and each column

an experimental factor. For this study, the design

matrix Y contains only one variable representing the

diabetic status of each subject. The scalar product of

X and Y creates a third matrix R, the cross-correlation

matrix (Eq. 3, Fig. 6a).

R ¼ X � Y ð3Þ
This matrix R represents the correlations between X

and Y. The primary analytical tool for PLS is the

singular value decomposition (SVD), this decomposes

the data into three matrices USV (Eq. 4, Fig. 6b). The

SVD is a method for transforming the data points in R

(derived in Eq. 3) such that they are expressed along a

series of orthogonal dimensions. This allows the

identification and ordering of the dimensions along

which the data points of matrix R have the most

variation.

R ¼ USVT ð4Þ
The matrices U and V that result from the SVD of

the correlation matrix R are referred to as saliences.

a

b

c

Fig. 6 Diagram illustrating

the steps in the ST-PLS

analysis of mfERG data.

a The cross-correlation

between the experimental

design (diabetes/no

diabetes) and the mfERG

recordings (Hn hexagon, tn
time point). b The singular

value decomposition (SVD)

of the cross-correlation

matrix (LV latent variable).

c Multiplication of the

mfERG data matrix with the

singular values from the

SVD to obtain the retinal

response scores. Figure

adapted by the author from

[5]
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The design salience U represents the experimental

design factors (matrix Y), and the hexagon signal

salience V represents the features of the recordings in

time and space (matrix X) that best characterise

R. When the saliences are projected back onto the

original matrices X and Y two latent variable matrices

are created (Eqs. 5a and 5b).

LX ¼ XV ð5aÞ
LY ¼ YU ð5bÞ

The latent variable matrix LX consists of values

representing information about the recorded wave-

forms. Latent variable LY contains information about

the experimental design. Each pair of vectors from LX

and LY (LXi and LYi) represents a relationship between

the recorded waveforms and experimental design.

The third output of the SVD is a vector of singular

values S. The singular values represent the covariance

of the experimental effect with the mfERG amplitude

for each latent variable. When the singular values S are

multiplied back against original data X a single value,

the retinal response score is obtained (Fig. 6c). The

values are arbitrary; however, the sign and magnitude

indicate the relative amount of difference between the

diabetes and control groups. The greater the distance

of the value from 0, the more significant the difference

between groups. Values with the same sign would

indicate similarities between the groups. Values with

opposite sign indicate differences between groups.

Two techniques are used to determine which

saliences are statistically significant. First, a permuta-

tion test is used where the rows (i.e. subjects) in matrix

X are randomly re-ordered while matrix Y remains

unchanged. When this is repeated many times, a

distribution of possible saliences is assembled allow-

ing the likelihood of the observed salience to be

calculated. The stability of the signal recorded from

each hexagon saliences was determined using a

bootstrapping technique that samples, with replace-

ment, rows from both X and Y matrices. Multiple

repetitions of this process allow estimation of the

standard errors of the salience values. The ratio of the

salience to the bootstrapped standard deviation is

approximately equivalent to a z score [32]. Bootstrap

ratios [3 (equivalent to p \ 0.001) were taken to

indicate stable saliences, that is, time points where a

hexagon’s signal amplitude differed significantly

from 0.
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