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Demo Data and Scripts
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Standardized Measurement Error (SME) demo scripts
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We must be insane to think we can
average together a few dozen trials of
EEG data and get a stable ERP waveform

Brain

At a minimum, we should have an
objective metric of the quality of our
averaged ERP waveforms

r

M ey J,& VA r.”.__};k.* J . e \ ‘ w ¢ WAV IW() by 1"-'..‘.v.“r.','.\'.',‘.'.'..'l\.u”-’,r .'4.','\‘:’*.: o A
i | \\ . - i 1! i t"»(“ SN "'. o) i oW, ": "ﬂ'..,v,vx
-~ This would allow us to obJectlver determine:
,\.-_-‘_.:;;m «  Which subjects should be excluded T
w ¢ Which electrodes should be interpolated !‘h"
¥ B P

“wes e Which recording and analysis methods yield the best data .
»en * Whether the data from a given study are so noisy that the «\ -, \#
o Ridde results should not be taken serlously



Today’s Plan

Desirable properties of a metric of ERP data quality
- We need a measure of “precision”

Using the standard error to quantify precision
- The traditional approach (standard error of group mean)

- Standardized Measurement Error (SME): the standard error of
a single subject’s amplitude or latency “score”

Computing the “analytic” SME using ERPLAB Toolbox

- Appropriate if your score is the mean amplitude over some
time window (e.g., 300-500 ms)

The bootstrapped SME for other scores (e.g., peaks)
- Requires some simple Matlab scripting

Using SME to understand how measurement error
impacts effect size and statistical power

- Can predict exactly how the effect size or statistical power will
change if you increase or decrease the number of trials



Quantifying Data Quality

EEG from 8 trials { .\

Average of 8 trials

I.T.I.I.I.I

-200 200 400 600 800
-15 uVv

You’ve averaged N trials together. Do you now have a
reasonable estimate of this participant’s P3 amplitude?
What about the onset latency of the P27



Quantifying Data Quality

EEG from 8 trials

| “ j \

b
Average of 8 trials m—;\lﬁm

« Most ERP studies obtain amplitude or latency “scores” from
averaged ERP waveforms, ignoring trial-to-trial variation

« We will be focusing on this situation

« Different methods would be needed to quantify data quality for
single-trial analysis methods

You’ve averaged N trials together. Do you now have a
reasonable estimate of this participant’s P3 amplitude?
What about the onset latency of the P27




Quantifying Data Quality

e What do we want in a measure of data quality?

- Should quantify our confidence that the measured
value is close to the true value for that participant
. If we repeated the experiment over and over for a given
participant, how much would the score vary?
- Should reflect the quality of the specific score that

we will put into our statistical analysis

. High-frequency noise will have a large effect on peak amplitude
from 300-500 ms but relatively little effect on the mean voltage

+5 uVv
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Quantifying Data Quality

e What do we want in a measure of data quality?

- Should quantify our confidence that the measured
value is close to the true value for that participant
. If we repeated the experiment over and over for a given
participant, how much would the score vary?
- Should reflect the quality of the specific score that

we will put into our statistical analysis

. High-frequency noise will have a large effect on peak amplitude
from 300-500 ms but relatively little effect on the mean voltage

- Should provide information about data quality for
each individual participant (as well as a group)



Quantifying Data Quality: Precision

Precision: If we repeat the same measurement procedure, do we
get the same score?

High Precision Low Precision

We get similar scores every We get dissimilar scores every
time we make an average of time we make an average of
N trials from this participant N trials from this participant
and measure the mean and measure the mean
amplitude from 300-500 ms amplitude from 300-500 ms

Brandmaier et al. (2018, eLife)



Quantifying Data Quality: Reliability

* Traditional psychometric measures of reliability:
- Provide a group value but not single-subject values

- Are impacted by the range of true scores, not just by the
quality of the data

For a rant about this, see
https://lucklab.ucdavis.edu/blog/2019/2/19/reliability-and-precision

For a thoughtful paper, see
Hedge et al. (2018), https://doi.org/10.3758/s13428-017-0935-1



https://lucklab.ucdavis.edu/blog/2019/2/19/reliability-and-precision
https://doi.org/10.3758/s13428-017-0935-1
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Amplitude (uV)

Quantifying Data Quality: Standard Error

SEM for Group Mean « Make an averaged ERP waveform
SD for each of 12 subjects
SEM == « Measure P3 amplitude in each of

the 12 averaged ERP waveforms
« Take the mean of these 12 values
« Take the SD of these 12 values

« SEM = SD /\/Nsubjects

Mean P3 amplitude (x1 SEM) across

a group of 12 participants But what does the SEM

actually represent?

High Precision Low Precsion .
o, —— The SEM tells us the precision

of the group mean

If we repeated the experiment
10,000 times, calculating the group
mean for each experiment, how
much variability would there be in
the group mean?



Quantifying Data Quality: Standard Error
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Amplitude (uV)
T

SEM for Group Mean

SEM =

=[S

Mean P3 amplitude (x1 SEM) across
a group of 12 participants

SEM = SD of this distribution
—

“”Hln
0] 5

10
Distribution of means from 10,000
repetitions of the experiment

given P3 mean amplitude

Number of repetitions with a

If we repeated the experiment
10,000 times, calculating the group
mean for each experiment, how
much variability would there be in
the group mean?



Quantifying Data Quality: Standard Error

SEM for Group
““Hm

10
Distribution of means from 10,000
repetitions of the experiment

—
o
|

I =
This equation allows us to take the
observed values from a single experiment
and estimate how variable the group
mean would be if we conducted an infinite H
.nI||||mHH
5

Amplitude (uV)

number of replications

Mean P3 amplitude (x1 SEM) across
a group of 12 participants

« This equation does not assume a normal distribution
« This equation only works for the mean (not for the median, etc.)
« We can use bootstrapping for other kinds of standard errors

« Our metric of ERP data quality involves computing the standard error
of the score from a single subject’s averaged ERP waveform

« Example: Standard error of peak amplitude for the P3 wave
« Peak is complicated, so we will start with “time-window mean amplitude”



Standardized Measurement Error (SME)

Averaged ERP from a single subject 350. SEM = SD of this distribution
+10 pV- . .
o 300+ 1
& i
2 250+ I
1
D I
s 200 I
3] 1
N y 8 150}
-200 oV 200 400 60 800 5 100l
Time-window mean amplitude: mean voltage * 501
during a time period (e.g., 300-500 ms),
0 .
measured from an averaged ERP waveform 5 5 10
: . P3 Amplitude (uV)
We want to qu_antlfy the precision Distribution of means from 10,000
of this measure repetitions of the experiment
High Precision Low Precision Empirical approach

« Repeat the session 10,000 times for
this subject

« For each session, make an averaged ERP
waveform and calculate the time-
window mean amplitude (300-500 ms)

« Take the SD of these 10,000 values

« This SD is the standard error of
measurement for the time-window mean
amplitude




Standardized Measurement Error (SME)

Averaged ERP from a single subject 350. SEM = 5D of this distribution
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Time-window mean amplitude: mean voltage * 501
during a time period (e.g., 300-500 ms),
0 .
measured from an averaged ERP waveform 5 5 10
- . P3 Amplitude (uV)
We wan uantify the precision
€ want to g . y P Distribution of means from 10,000
of this measure repetitions of the experiment

Analytic approach

« Measure the time-window mean
amplitude (300-500 ms) on each trial
« Take the SD of these values

« SEM = SD /+/Ntrials

« When the SEM is used in this way, we
call it the Standardized Measurement
Error (SME)




Standardized Measuremen C E)

Averaged ERP from a single subject a5 SEM = SD of this distribution
+10 pV- —

V \,

This equation allows us to take the
observed values from a single experiment
and estimate how variable the time-window
mean amplitude would be if we conducted

an infinite number of replications
We wanttooue =TI TECTISTC

o O
o O

currences
N N

i

" \J\ A
P U\ \
-200 0
Time-windo
during a ti
measured f

7.5 10
b Amplitude (uV)
Distributign of means from 10,000
ERPLAB (v8 or later) automatically repetiffons of the experiment
calculates SME with default time
windows whenever you create an

pasure the kime-window mean
aveaged ERP waveform nplitude (FOO-500 ms) on each trial
[ v

bl R e s

I
T\ I\ -
/ o\l ,'\ «  When TAESEMTS used in this way, we

lvtic approach

LENLIA = = B

»
w
ik \.
B4 ,\Q/s«/" ’*“ | WAL call it the Standardized Measurement
v "\n' _'\" fJJ'u.A . - | P J-q
(@ “'@7/’\ “1 600/, '\ 800 Error (SME)
V

N5

p ¢




Separate SEM at Each Time Point?

Averaged ERP waveforms
from each of the 12

Single-trial EEG epochs
20uV- participants

from one participant

ke ) VA
.“ MMS i V
V W s

80ms
SEM = SD /\/Nsubjects
20UV Grand average for this time point 201V Averaged SEM = SD /v Ntrials
one participant for this time point
10“V- a/\—\‘\,\_\" 10“V- ’/\\
' aqP'ﬁ/\-\Ff\/\/ T 1 e, //l\“v/ T 1
-200 200 400 600 800ms 200 200 400 GOOV\/\&OOmS
-10pV- -10pV-

Reflects both measurement error and true
differences between subjects

Doesn’t tell us about the precision of our

score (time-window mean amplitude from
300-500 ms)

Solely reflects measurement error

Doesn’t tell us about the precision of our

score (time-window mean amplitude from
300-500 ms)



Separate SEM at Each Time Point?

Single-trial EEG epoc |
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Single-trial EEG epochs
from one participant
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Standardlzed Measurement Error
Measure the time-window mean
200V1 Averaged amplitude from 300-500 ms on SEM = SD /+/Ntrials
oné parigpant each trial before computing &, for this time point
10pV- SEM = SD / VNtrials ,
a ‘-v \\ - /J\A /
200 A 200 6(130\/\/\&(1)0ms 200 200 400 6(130\/\/\&(1)0ms
-10pV- -10pV-
Solely reflects measurement error Solely reflects measurement error
Tells us about the precision of our score Doesn’t tell us about the precision of our
(time-window mean amplitude from 300- score (time-window mean amplitude from

500 ms) 300-500 ms)
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ERPLAB Data Quality Metrics

Overview

As of ERPLAB vB.0, ERPLAB contains multiple routines designed to allow users to quantify
the quality of their data. This page provides a general overview of how these routnes work
together. Detads of mplementaton are provided in the manual pages for the Averagng
routing and the Grand Averagng routine. Here, we provide the big picture.

Data Quality Metrics

https://github.com/lucklab/erplab/wiki/
ERPLAB-Data-Quality-Metrics
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Letters, 80%, Press Left ]
Counter-

—
balanced

Digits, 20%, Press Right
The data have been preprocessed so that every
subject has 20 artifact-free rare stimuli and 80
artifact-free frequent stimuli (Fz, Cz, and Pz only)

Subject 1 Subject 12

+10 pV- +10 pV-

0 -200 0

Which subject has noisier data?
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Subject 1: Epoched EEG



Subject 12: Epoched EEG



*x* 1 datasets were averaged. »%x

Data Quality measure of aSME
Median value of 1.9915 at elec Fzx, and time-window 400:500ms, on bin 1, freq

Min value of 0.32241 at elec Pzx, and time-window -200:500ms, on bin 1, freq
Max value of 5.7883 at elec Czx, and time-window 600:700ms, on bin 2, rare



Analytic SME (aSME) Values

Subject 1, Frequent (80 trials)

Subject 1, Rare (20 trials)

Subject 12, Frequent (80 trials)

Subject 12, Rare (20 trials)




Custom Time Periods

In “Compute Averaged ERPs”

Set DQ options... ?
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Custom Time Periods

Data Quality Quantification

On - default parameters

In “Compute Averaged ERPs”

) On - custom parameters Set DQ options... ?
No Data Quality measures
Subject 1, Frequent (80 trials)
| -200:-100| -100:0 | 0:100 100:200 | 200:300 | 300:400 | 400:500 | 500:600 | 600:700 ] 300:500
Fz* v 0.3459 0.3487 0.7564 1.1523 1.3404 1.6634 1.8915 2.1447 2.310 1.7961
Cz* 0.3478 0.3511 0.8082 1.2605 1.5640 1.9147 2.3026 2.5362 2.757! 2.0850
Pz* 0.3224 0.3257 0.7975 1.2157 1.5451 1.9295 2.2783 2.4916 2.727 2.0832
Subject 1, Rare (20 trials)
| -200:-100 -100:0 | 0:100 | 100:200 | 200:300 | 300:400 | 400:500 | 500:600 | 600:700| 300:500
Fz* _ 0.7299 0.7372 1.9673 2.7913 3.3332 4.0013 4 9746 5.3089 5.598[ 4.4010
Cz* _ 0.70982 0.7170 1.9390 2.9465 3.5511 4.5744 5.4623 5.4429 5.788 4.8091
Pz* _ 0.6832 0.6914 1.8541 2.9243 3.4108 4.5021 5.2465 5.3037 5718 4.7544
Subject 12, Frequent (80 trials)
‘ -200 :-100 -100:0 _ 0:100 _ 100 : 200 200 : 300 300 :400 _ 400 : 500 500 : 600 ‘ 600 : 700 _ 300 :500 ‘
Fz* 0.2350 0.2374 0.5337 0.6038 0.7318 0.8053 0.7813 0.8005 O.BZI 0.7182
B ' 0.2522 0.2547 0.5815 0.6155 0.7281 0.8355 0.8446 0.8789 0.85 0.7685
Pz* 0.1911 0.1933 0.4553 0.5388 0.5718 0.5856 0.6734 0.6729 0.7181 0.5550
Subject 12, Rare (20 trials)
_ ~-200:-100 _ -100:0 . 0:100 100 : 200 _ 200 :300 ' 300:400 _ 400 : 500 _ 500 :600 ' 600 : 700 A 300 :500
Fz* ‘ 0.4601 0.4608 1.2430 1.4954 1.6410 1.5008 1.4717 1.3570 1.594 1.3801
Cz* 0.4489 0.4523 0.8024 1.039%8 1.2424 1.4228 1.2944 0.9571 1.068 1.2031
Pz* ‘ 0.4080 0.4105 0.5532 1.0133 1.3609 1.5455 1.3674 1.3896 1.475 1.2830




Baseline Noise in Averaged ERP

Algorithm: Take the sequence of voltages during the baseline
period of the average and calculate the standard deviation

Subject 1 Subject 12

+10 IJV}

Frequent: SD = 0.4571 uVv Frequent: SD = 0.3167 uV
Rare: SD = 1.9123 uV Rare: SD = 0.4145 uV

Mismatch Negativity (MMN)
4 — nVv

This assumes that all
variation across the
. . ) FCz
baseline period arises 2 1
from noise, which is 200 -100
often untrue

Deviant



SME for Other Measures

When we use the standard SEM equation (SD /+/N) to
calculate the SME, we call this the “analytic SME” (aSME)

The analytic SME is appropriate when our score is the
mean voltage within a time window (e.g., 300-500 ms)

However, aSME is not appropriate for other measures
(e.g., peak amplitude, peak latency, onset latency)

In these cases, we need to use bootstrapping
(“bootstrapped SME” or bSME)
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Trial 2 I~

Trial 3

&/UW 600 \f)
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Trial 4

Trial 5

| | | 1
200 400 600 80

-200

Average of

-20_
+20

/\/\/

1 | | |
200 400 600 80

Trials 1-5 200

\/\/\W

| |
200 400 600 80

-20-

Mean

Amplitude
wv)
19.3
0
-7.0
-1.9
0
19.5
0
7.6
0

I
0

Mean of Single-Trial Measurements: I

Measuring the mean
amplitudes on the single
trials and then taking the
average yields the same
value as measuring the
mean amplitude from the
averaged ERP waveform.



Mean

Amplitude Amplitude

Peak

+20- m /\ /\ W) @)
Trial 1 A /\f,\ /,\/\ I T ! 19.3 26.1
-200 4 \éoo 400 600 800
_20_
+20-
H \ /\/\ /\f-\ AL N
Trial 2 ~J T T \va v -7.0 0.3
2007 |/ %w 600 8p0
_20_
+20
Tial3 N /AN Ban 1o b6
260V \/_ s0n) \doo ME\/ v\/s((‘)o
-20- ©
+20
Trial 4 | I I I . 19.5 35.1
-200 ] 200 400 600 800
_20_
+20
4 ©
Trial 5 i I I . 7.6 11.9
-200 4 200 400 600 800
_20_
+20
Average of N/\,\V/\/\/\ | | | | 7.5
Trials 1-5 50, 1 200 400 600 800
_20_
Mean of Single-Trial Measurements: 7.5 |

Measuring the peak
amplitudes on the single
trials and then taking the
average does not yield the
same value as measuring the
peak amplitude from the
averaged ERP waveform.

The SEM calculated from the
single-trial peak amplitudes
Is the standard error of the
mean of the single-trial peak
amplitudes, not the standard
error of the peak amplitude
of the averaged waveform.

We can use bootstrapping
to estimate the standard
error of the peak amplitude.



Essence of Bootstrapping

Trial 1 350. SEM = SD of this distribution
N e S A e e e o Ay R SN F_M
300} ool
Trial 10| & i
Q 250+ I
Trial 20F 5 200} I
o 190
Trial 30|~ = S 100}
| | **
S RIS S 50}
Trial 40 e
5 7.5 10
P3 Amplitude (uV)
Trial oo - Distribution of means from 10,000

repetitions of the experiment

* |n theory, we have an infinite population of single-trial EEG epochs
for a given subject

* We could get the standard error of some measure (e.g., P3 peak
latency) by running 10,000 sessions, each with a different random
sample of trials

* For each session, we would make an averaged ERP waveform f and
get the P3 peak latency score

e The standard error would be the SD of these scores



Trial 1

Trial 5

Trial 10

Trial 15

Trial 20

Essence of Bootstrapping

# of Occurrences

350

300+

N
o)
o

~ SEM = SD of this distribution
! '

5 7.5

10
P3 Amplitude (uV)
Distribution of means from 10,000
repetitions of the experiment

* |nstead, we have a fixed number of trials (e.g., 20)

* We can simulate 10,000 sessions by sampling randomly with
replacement from our 20 trials

E.g., Trials 1,3,3,4,5,6,9,9,9,11, 13, 14, 14, 14, 14, 15, 15, 19, 20, 20
* For each simulated session, we would make an averaged ERP
waveform f and get the P3 peak latency score

* The standard error would be the SD of these scores
* Bootstrapping sounds crazy, but it works and is widely used



Bootstrap Example: P3 Peak Latency

Frequent (80 trials)

10KV 4"'
» \\}m QA\A‘ M
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il

All 80 frequent trials
10pVv

-200 0 200 400 600 800

80 random frequent trials

10pV
I I
-200 0 I

200 400 600 800

80 random frequent trials
10pV

1 443 ms
1
-200 0 200 400 600 00

To compute bSME for peak latency, we
make 10,000 bootstrapped averages,
measure the peak latency from each

average, and take the SD of these 10,000
latency values.

345 ms /
‘ bSME = 35.2 ms

The 80 trials in this average were selected

at random with replacement from the 80
available trials

This average is from a new set of 80 trials

selected at random with replacement from
the 80 available trials
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bSME = 16.6 ms
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SME_demo_3_bSME_peak_amp_peak_latency.m

(Begins with some housekeeping)

n_subs = 12;

target_time_range = [300 500]; Measurement Window
n_boots = 10000; # of bootstrap iterations

chans_to_score = [1,2,3]; Channels to score (Fz, Cz, Pz)
n_chans = length(chans_to_score);

bins_to_score = [1,2]; Bins to score (frequent, rare)
n_bins = length(bins_to_score);

artifacts_excluded = 1; Exclude trials with artifacts



SME_demo_3_bSME_peak_amp_peak_latency.m

“ Subrect loop Do this separately for each of our 12 subjects

s » L:in_subs
Load the EEG epochs for this subject
set_nase _here = ['5S' nualstre(s) °“_PF300 mini 80 29 clean.set’];
EEG_set_path = [data_folder set_name_herel;
EEG = pop loadset{EEG_set_path);
Make 10,000 averages, selecting at random

W Make Bootstrap ERr averages with replacement from the available epochs
ALLBOOTERP = make_bootstrap ERPSETS(EEG, n_boots,.set_name_here,artifacts_excluded);

Measure mean amplitude, peak amplitude, and
peak latency scores from each of 10,000 averages

% Lot mean e p fltude., peok sapilituoe. g Dk late necy 3<ores

[ALLBOOTERP, boots_sean_amp s(orcs] = pop_geterpvaloes( ALLSOOTERF, targetl _tise ran
'‘Daseline’, 'pre’, 'Erpsets’', lin_boots, 'Measure”’, "meand! )3

(ALLBOOTERF, bootls pcak anp_ scoresl = pop_geterpvalues( ALLBOOTERF, target_time ran
‘Baseline’, 'pre’, 'Crpsets’, 1:n_boots, 'Measure’, "peatangh\ ,.v.
'‘Welghborhood', O, 'PeakOnser’, 1, "Peabpolar v Toel Msitive®, "Peabreplace’,

[(ALLDOOTERP, boots_peak_lat_scores] = pop_geterpvalves( ALLBOOTIRP, target_tise_ran
‘Baseline’, ‘pre’, 'Erpsets’, 1:n_Do0OtSs, ‘Measure”, “pedkilatdl ,.ss
‘Neighborhood”®, @, "PeakOnset’, 1, "Pestpolarity”, "positive’, "Pearreploce

Calculate SME = SD of a set of 10,000 scores

% The 50 of these bootstrap scores is the OSMI Dims X Chamy

sCore_sd_mean_amp « stdiboots_mean_amp_scores, 8,.3);

score_sd_peak_amp = stdiboots_peak_amp_scores,d, ));

score_sd_peak_lat « stdiboots_peak_lat_scores, ®.3);

(Then we have a bunch of code for organizing and saving the values)



What's a “Good” SME Value?

« “It depends”

« Relative differences between subjects or between
channels

ERP CORE Experiments (http://erpinfo.org/erp-core)
P37 N400 MMN NZ2pc N170 ERN+LRP



http://erpinfo.org/erp-core

Relating SME to Effect Size & Statistical Power

Mean = 8 Mean =5
SD=447 SD =4.47
SEM =1 SEM =1

—h
T

P3 Amplitude
ik

Group A Group B
N=20 N=20

You can answer these questions
by computing SME for each
subject and combining those
values into RMS(SME)

Effect Size (Cohen’s d) =
(8-5)/4.47 =0.67

Power = 0.54

How much of the variability
across subjects reflects
measurement error?

How much reflects true
differences among subjects?

How much bigger would our
effect be if we reduced noise
in the EEG by 50%7

How would our power change
If we reduced the number of
trials by 30%



How Could You Use SME?

e Within a lab, SME could be used to..

Find subjects who should be excluded and channels that should be
mterpolated

- Rigorously test whether new recording and analysis procedures
actually improve data quality

Choose optimal parameters for signal processing

o If every paper reported RMS(SME), we could..

Have objective evidence that the data from a given study are
unusually noisy, making the results less believable

- Quantitatively assess how data quality varies among different
experimental paradigms and different subject populations

- Determine which recording and analysis procedures lead to the most
reliable scores



My Dream

In 10 years, every new ‘ERP Joc?aér. '
lty

reports a measure cf data qua |




