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Efficacious set point randomization is essential for reliable and accurate empirical mathematical
models. Thisisthe definition according to Merriam Webster Dictionary may be helpful:
Efficacious : having the power to produce a desired effect

Efficacious set point randomization is essential to achieving the desired goal of being ableto verify
that a given assortment of test set points will have the power to produce math models within a
specified number of data samples and result in information saturation. In this context, the user of
PSR Analysis needs reasonable assurances that the chosen set point matrix contains sufficient
information such that additional test samples will contribute nothing to the quality of the resulting
empirical mathematical model. PSR Analysis providesthat assurance with greater objectivity than
with sample size methods that are begun with traditional statistical methods.

Efficacious set point randomization provides a means of establishing atest sequence plan that is so
well distributed throughout the entiretest range hypercubethat it servesasanecessary and sufficient
test plan that might otherwise have been carried out with 10's or even 100's of times greater numbers
of samples. Thefinal set point array must distribute the set points throughout the test hypervolume
such that the outer limits of the testing point extremes, both minima and maxima, as well as the
interior of the test hypervolume, are sampled.

There are two reasons why the regression function does not, and cannot, fit the empirical data set
perfectly:
1. Firstisthat itisimpossibleto measurethe pump’ s performancevariableswith zero error; and
2. Second, and related to thefirst, data errors preclude any hope of perfectly identifying the real
first principles of physicsthat are at work within the pump that cause the performanceto be as
it appears from the measured data..

So to speak, the true values of the test data are buried somewherein the background noise and that
same background noise buries the true first principles. Although regression, at times, can seem to
have amystique all itsown, it's NOT magical, so there is no known way to extract the true values
nor thetruefirst principlesfromtheerror-laden measured data. Mathematical modeling of the pump
data becomes a search for the most likely first principles that can be chosen from alist of accepted
candidate hydromechanical phenomena. Conventional statistical tests are then applied to the model
resultsto eliminate such undesirable effects, such as over-fitting, collinearity, poor correlation and
poor predictive ability of the model’ s regression function.

In the end, the only basis for assessing the quality of the model is how well the model values
compare to the original source data, even knowing that the source data is laden with error. Both
random and systematic errors are present in the source data, and therefore, the coefficients of the
regressionfunction areinclusive of thoseerrors. Any better result isnot possible and the final model
can never be more accurate than the source data from which it was derived. It isindeed adilemma.

Jack L Johnson
Project Leader pro tem,
Math Modeling Project
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ABSTRACT

Test set points are amatrix of planned values for the independent variables to be used in alaboratory test
program. The matrix will have, for ahydraulic pump, data columns consisting of the planned values of test
pressure, test speed, test displacement and test viscosity. During the actual test procedure, the independent
variable values will be set into the test gpparatus as “target test points’, and after the test equipment has
stabilized at the instant steady state condition, all the independent variables and all pertinent dependent
variables will be measured and recorded and placed into an output data matrix.

In this context, efficacious set point randomization applies to the creation of the sequence of set pointsto
be used in the testing of ahydraulic pump. Latin hypercube sampling isone design of experiments method
that was appliedin theinvestigationsreported here. Efficacy of samplerandomization requiresauniformity
of distribution and penetration throughout the test plan’ s hyperspaceto sufficient density that essentially no
region is left unsampled, with some exceptions regarding combinations noted by Vose [5]. The selection
of test set points must be such that their very limited number of samples permeatesthe entirety of the hyper
volume with the same totality as would the use of the tens of thousands of possible test points. Only then
can the sampl e data set produce information saturation, which isthe desired effect. Information saturation
occurs when amodel created from a data set remains essentially unchanged if more samples are added to
thedataset. Test point sequencing, ie, experiment design, shall have taken place prior to thetest. Limited
sampling theory as a representation of atotal population is aproven, and universally accepted method of
making modeling a practical and finite endeavor. LHC efficacy was clearly demonstrated in the Sequel
Report [4] in Figure 4, Page 5.

Efficaciousrandomization shall have so thoroughly characterized the entire unlimited universe of possible
test points that no further samples are needed in order to produce a useful and accurate model from the
output datamatrix, but it shall have done so with the fewest number of samplesin that output matrix. That
is, the efficacious data set must demonstrate that it has reached information saturation. An efficacious set
point matrix shall select, sequence and distribute the set points throughout the entire test plan’s hyper
volume so asto assureinformation saturation. Progressively Sequenced Regression Analysis (PSR analysis)
[3] providesan objective meansfor assuring the testing agency that information saturation will occur within
the chosen number of data points and a sufficient number of samples has been collected so that the datais
capable of producing accurate and reliable mathematical models.

BACKGROUND

Inthe Sequel Report [4] it was shown that blocking of test data, which was created using thelatin hypercube
randomization agorithm (LHC) in Matlab, has the assured ability to create test set points that reach
information saturation predictably in 100 sampl e points, and then 50 sample points, and then, ina“ synthetic
sequencing and testing simulation”, with only 25 samples. Inall three cases, PSR analysis showed that the
RMSError trgjectoriestraversed the respectivelearning zones and reached the convergence plateau in 100,
50, and 25 samplesrespectively. The inescapable conclusion isthat latin hypercube randomization is an
efficacious test sequencing process. Indeed, the LHC agorithm has the power to create a test plan that
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produces information saturation, and PSR Analysisis the objective means for verifying it.

L atin hypercuberandomization has been shown to assureinformation saturation inthe sel ected learning zone
and has been verified with PSR Analysis [4]. Vose [5] suggests that there are likely to be other
randomi zation methodsthat might work aswell, however, they were not sought nor included in thisresearch
program. It would be an appropriate investigation for other researchers to undertake.

The condition of information saturation is important in one other aspect. It was felt at the outset that
minimum sample size would be dependent on the number of unknown regression terms, however, this
concern was disposed of in the first report [3].

Information saturation means that no more information can be forced into the sample data set. The
important consequence is that if there is information saturation, then there is sufficient information to
formulate aregression model with, say, 3 unknowns. But there is no more information that can be loaded
into the data sample set, therefore, there are enough samples to formulate a four-term regression function,
or aseven-term function or whatever, provided there are more samples than there are unknown regression
coefficients. Information saturation isakind of statistical nirvana. 1t solves more than one problem. PSR
analysis does not determine the minimum number of sample points, instead, it verifiesthat thereareenough
efficacious sample points to assure information saturation within the range of samples chosen.

LATIN HYPERCUBE SAMPLING EFFICACY ASIMPLEMENTED IN MATLAB

In many respects LHC sampling is ideally suited for performance testing of input/output devices such as

pumps, motors, generators, amplifiers, valves and the like. There is a deterministic tendency in LHC
sampling, as well as random tendency
that, together, assure akind of totality of

PRINCIPAL INPUTS AND OUTPUTS OF sampling the entire universe of possible
LATIN HYPERCUBE RANDOMIZATION ALGORITHM teSt p0| nt Val ues and at the same tl me
OUTPUT some random assignments assure non-
repeating samples. Both tendencies
LATIN reduce test point crowding thus
it reducing the model errors associated
with limited sampling. Refer to Figure
S 1 to seethe principal inputs and outputs
POINTS of the LHC sampling algorithm.
Already stated, the Sequel Report [4]

establishes the efficacy of latin

Figure 1 The normal inputs and outputs to the latin hypercube hypercube randomization and
randomization and sequencing algorithm are first, the desired sequencing, and PSR Analysis verifies
number of samples and second, the minimums and maximums of {4 sufficiency of a given LHC
all the independent variables. The output is the array of test set . nathat th .
points which constitute the test plan itself. oo sequencing by showing that theset point
sequencewill effectively span acrossthe

learning zone [4] and enter the convergence zone [3].

Latin hypercube sampling requiresthat the ranges of each of theindependent variablesbe known beforethe
test procedure begins. Thisis clearly not a problem with hydraulic pump testing. Asevery personwho is
familiar with such lab procedures knows, it is absolutely necessary to know each of those ranges because
they control and limit every other variable while conducting thetest. Additionally, it isnecessary to know,
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before the test begins, how many data
samples will be needed. Finding the
minimum sample size is the aim of this
report as well as all others that preceded it
[3] [4] [6], sOo knowing it ahead of time
may seem contradictory. Well, some trial-

and-error techniques may be necessary until a7 7]
confidence is gained in the process, et 7 N
or.unless an independent method is used to oo 5
make an inititial estimate of sample size. w 252
A

The strategy of choiceisto select adesired

SHUFFLING EACH COLUMN SEPARATELY FROM THE

eressure OTHERS CAUSES THE MINOR HYPERCUBES TO SHIFT

RECOMMENDATION: )
MANUALLY INSERT VALUES OF G
ALL 8 HYPERCUBE VERTICES

500

OFF THE MAJOR DIAGONAL AND PROVIDE BETTER
SEET POINT DISTRIBUTION
MAX, MAX,

e i )giﬁl/
B

number of samples, create and LHC o T s
experiment of that sample size, conduct the w0 | o

test according to the LHC saampling plan, vz L2 -
then perform PSR Analysis to verify that = wn % 8 8 8 8 8 8 8 8 £ ¢ seaED

information saturation has been achieved.
Figur e 2 The hypercubefor a 3-dimensiona example consists

Simple Explanation of Latin H peof a “hyper volume” with sides of
SaTn%l?ng):(p anation of - atin Hypercd e(speed)x(pressvlre)x(displa(:ment) and units are those of the

o .. _product. The Major Hypercube is segmented into Minor
The deterministic part of LHC sampling is Hypercubes by the number of samples in the final test plan.

inthefact that it beginswith theinput value The hyper volume is 10 minor hypercube units high, 10 units
of the number of samples. Thisdataitemis Wide and 10 units deep, making 1000 minor hypercubesin all.

s In the end there will be only 10 minor hypercubes (data
used to create a st of sub-rangeswithin the samples) to represent the entire 1000 possi biﬁties; only 5 are

independent variables’ ranges by dividing shown in this example. The text example uses 10. se
each respective range (maximum value -

minimum value) by the number of samples. For example, Figure 2 is a 3-dimensional sketch of the
hypercube for a 10-sample sequence with three independent variables. speed, pressure and displacement.
Viscosity isbeing omitted in thisillustration becauseit’ simpossible to make adrawing of a4-dimensional
“volume”.

Although this subranging strategy creates up to 1000 minor hypercubes, there is no need for that great
number of samplesin thefinal test plan. Only 10 will be used in the exampleillustrated here. 10 samples
may actually turn out to be more than needed, a fact that can be verified with PSR Analysis later, but
certainly 1000 are not necessary. Notein thissimplified examplethat al of the ranges begin at O, whichis
not normally the casein practical pumptesting. Morelikely, speed would rangefrom, say, 600 to 3000 rpm,
pressure from 4 Mpato 30 Mpaand displacement from 0.2 to 1.0 cm®/rev. Therangesin Figure 2 allow for
easy mental arithmetic.

Refer to the tabulations in Figure 3 for the events taking place inside the LHC sampling algorithm. The
procedure starts with the semi-randomized (SET UP STEP) and ends with the RANDOMZIED (SET
POINTS). In the assignment of valuesto the test plan samples, the individual hypercubes will be used to
“house” test sequenceset point values. For thisexample, with 10 samplesselected, therewill be 10 different
speeds selected, 10 different pressures and 10 different displacements. A speed hypercube’ s boundary is
limited by the values along the speed scale. The lowest value of speed will be arandom value, however,
the LHC agorithm constrainsit to be between 0 and 100, for example, 55. The highest speed value will be
arandom number between 900 and 1000, say 981, and so on, as shown in Figure 3, with all 10 of the minor
hypercubesfor speed being filled when done. A similar assignment of values using deterministic bounds,
but randomly selected values within each of the minor hypercubes boundaries assures that there will bea

Page 3 of 9



fairly uniform distribution over each variable’ srange and yet have random tendencies. Figure 3 showsthe
assignments of valuesto the threeindependent variablesinitially, in the* semi-randomized” tabulation, and
then the final randomization in the “randomized” tabulation.

LATIN HYPERCUBE SETTINGS AND RANDOMIZATION The next step isto randomize each one of the
10 SAMPLES TOTAL . . .
SEMI-RANDOMIZATION AND UNIFORM DISTRIBUTION columns, such as is done with shuffling, as
e e with adeck of cards. Again, Figure 3 shows
8 Slser up stes)  BE R how the individual dgta items are moved
NENEIE . N[ | D through the LHC algorithm from the set up
sof 55| 15 0.062 |, 0 0 0.000 tabulation to the randomized tabulation after
122 176 0.173 1000 | 1000 1.000 )
j‘;z 287| 247 0.207 Zz 456 | 321 0.207 the sh_uffllng process. Note that the _Ioweﬂ
ol 34| 321 0.383 | 714 | 659 | 0.759 value in the speed column, 55, occupies the
e e e R third row in the randomized tabulation, and
07 88| 659 | 0.643 | .. | 344 | 176] 0.509 the largest speed value, 981, moved to the 6"
oo 14| 774 | 0.759 | 981 | 15| 0.383 randomized row. Inthissimplecase, it’seasy
873 | 862 | 0.821 507 | 552 | 0.918 -
e — e e T2 e T o to follow how the values as originaly
e o o] o0.000 " 122 | 247| o0.821 assigned in the left tabulation are randomly
waxs | 1000 [1000] 2.000 688 | 498] 0.173 rearranged in the final randomized tabulation.

At thispoint all minor hypercubesaligned the
Figure3 Charted valuesshow how deterministicandrandom magjor diagonal axis. The fina step is to

properties are simultaneously imparted to the test plan's \anqomized, or shuffle, the second and third
sample sequencing to assure a uniformity of distribution ' ’

throughout the entire hyper volume. The latin hypercube olumns, individually. This hasthe effect of
algorithm assures it. or forcing al the data-containing minor

hypercubesto beforced of the major diagonal
axis. The result is the required efficacy in the final test plan under RANDOMZIED SHUFFLED (SET
POINTS) in Figure 3. The 10 sample set pointswill assurethat the entirelearning zoneis crossed with those
10 samples, information saturationwill result, and PSR Analysiswill thereupon enter the convergence zone.

Explanation of Twelve Samples Instead of Ten: Figure 3 shows a display of 12 samples, not the
originally stated 10. Thisisbecausethelab personnel in MSOE’ s Fluid Power Institute “manually forced”
two additional samples AFTER the basic 10 were created with the LHC algorithm in Matlab®. Thesetwo
sampleswere aimed at thelament of Vose[5], aswell as others, who noted that the pristine LHC algorithm
does not actually reach the absol ute maximaand minimafor theindependent variables. Thesetwo samples
consist of the Max, Max, Max and Min, Min, Min values of the speed, pressure and displacement. This
ensures that there will be at least two samples that contain the desired test limit extremes. In the
SHUFFLED tabulation in Figure 3, the manually forced samples were always placed first in the pertinent
data block. It is postulated that the samples of extremes will provide somewhat more assurance of
information saturation along with assuring that test extremes are reached in the laboratory.

I nformation Saturation Does Not Depend On The Chosen Regression Function: It was demonstrated
inthefirst report on PSR Analysis[1, (Figures9, 10, and 11)] that the number of samplesrequired to reach
information saturation (convergence zone) is independent of the number of terms (complexity) of the
regression function. This may seem counterintuitive, however, it is realistic upon reflection.

Information saturation occurs when that number of samplesis reached such that any further new samples
contribute nothing more to the regression coefficient synthesis. That is, both the set of regression
coefficientsand the chosen figure(s) of merit do not undergo significant changeswith further sasmples. This
simply restates the basic idea of sampling. That is, the infinite universe of measurement possibilities is
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adequately represented with the very finite number of samplesthat it took to reach information saturation.
If there is no more new information to be borne by the new samples, then thereis sufficient information to
evaluatethe coefficientsof any regression function that may be presented to the datafor coefficient solution.
Information saturationisinformation saturation. Nothing more, nothingless. Thiswasillustratedinthefirst
report on PSR Analysis[1].

The ability to reach information saturation isthe essence and therole of an efficacioustest plan. It hasbeen
demonstrated in the Sequel Report [4] that latin hypercube sampling and randomization will create an
efficacioustest plan, and information saturation will be reached in the number of samples requested of the
LHC agorithm as implemented in Matlab. It must be hastily added, here, that the minimum number of
samplesthat were confirmed in the Sequel Report was stopped at 25 because morelaboratory testing would
be needed, which was deemed to be impractical at the time of writing the Sequel Report [4]. The absolute
minimum number of samples cannot be less than one greater than the number of unknown regression
coefficients, but thisisnot apractical nor realistic minimum, because of theinevitabledataerrors. Anideal,
error-free scenario is taken up inthe next section. The absolute minimum sample size, at this stagein the
PSR research effort, is somewhere less than 25, but greater than 7, the number of terms in the “kernel”
regression function as used in the Sequel Report. Thisfirst data block isthe “learning block”.

Now, the minimalist limits having been suggested, PSR Analysis is significantly enhanced with latin
hypercube sampling. It is LHC sampling that establishes the number of samples needed for information
saturation. PSR Analysisisauseful meansfor verifying that information saturation has been achieved. For
thisreason, along with thefact that PSR isanew method, there hasto be afollow-on array of set points, also
generated with the LHC algorithm, that provides a new sample size, but exactly the same test ranges that
serve to verify that the convergence zone has been reached. This convergence zone data set (data block)
MUST be created as a separate LHC pprocess, with its own number of samples, but with independent
variablerangesthat are exsactly equal to those used in theleaning zone block. Figure4 inthe Sequel Report
had follow-on sample sets of 275, 250 and 200 samples for the convergence zone confirmation, far more
than what would be needed under regular use of thetechnique. Theauthor suggestsafollow-on samplesize
that’ sgreater than that of thelearning set, but not more than twiceasmany. Asexperienceisgained, fewer
follow-on samplesmay be possible, and it may even be possibleto eliminate PSR Analysisaltogether unless
its other benefits are needed.

“What If” Scenario For Anideal World: Another way of looking at theideaof information saturationin
the test data samples is to look at an idealized situation. ldealization eliminates the two confounding
chalenges in modeling, stated earlier: inability to make measurements without error and the resulting
inability to identify the exact first principlesthat are at work in the typical positive displacement hydraulic
pump. Thebasicfunction of the pump isto transfer aknown volume of fluid fromtheinlet port to the outl et
port. Quantifying the applied physical processiseasy. The fluid volume transfer is simply the product of
the shaft rotational speed, inrpm, typically, multiplied by theknown displacement, in volumeper revol ution,

typicaly.

In the perfectly ideal world, the volume transfer per revolution would be carried out with 100% efficiency,
that is, without any losses. That degree of ideal operationisnot quitewhat isgoing to beinvestigatedinthis
instance. Instead, wewill look at one sourceof inefficiency, internal leakage. The causesof internal |leakage
havebeenwell documented, for exampl e: spool -to-bore clearances, slipper-to-swashpl ate hydroplaning and
clearances, the tiny spaces between the barrel and port plate, to list afew causesin piston pumps. Such
phenomena are present and unavoidable, not to mention desirable, because they provide necessary
lubrication, even in the very best of piston pumps. So, in thisamost perfect world, some internal leakage
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isgoingto allowed and quantified. 1t will be assumed that thisinternal |eakage, born of required clearances,
isdirectly proportional to differential output pressureandinversely proportional toviscosity. Theregression
function that perfectly (thisis anideal world, now) characterizesthis pumpis:

P
Qo =4y +4,(ND) + Az; (Do

Now, the question becomes. How many samples arerequired to reliably evaluate the A; using regression as
the coefficient evaluating method when there are absolutely NO measurement errors? The answer comes
from a knowledge of regression, namely, that regression requires at least one more sample than there are
unknown coefficients. Inthiscase, with three unknowns, four samplesareneeded. Thismeansthat thetest
program can be terminated after taking four samples at four different operating points. The locations of
those operating points aretotally unimportant, aslong asthey areall at different operating conditions. Total
information saturation occurswith four sample measurementstaken anywherewithin the hyper volumethat
defines the universe of all possible operating conditions.

Thisiswhat’sat work here, inthisideal scenario: Thereareno measurement errorsand we know absolutely
and with equal perfection, that Equation 1 characterizesthe pump’ s output flow without error. Thereexists
aset of regression coefficientsthat will predict, perectly, theflow at any arbitrary values of speed, pressure,
displacement and viscosity. The RMS Error trgjectory from PSR Analysis would “flat line' at 0.0 at the
fourth sample and remain there through all subsequent samples. After four samples, no more information
can be imparted to the model and therefore the model will undergo no changes regardless of the number of

samples we might

take. Such is the

LHC01249.LHC SOURCE FILE WITH 7, 49 BLOCKING

TR Y oG 03071628.H18. 7 LEARNING SAMPLES CONSISTED joy of being in a
OF THE PRISTINE 5 LHC SAMPLES PLUS TWO
OVER NU Error  Constant  yagyarLy INSERTED MIN, MIN, MIN AND MAX, MAX, MAX perfect, error-free
GPM GEM GEM VALUES FOR PRESSURE, SPEED AND DISPLACEMENT .

o a3 al RESPECTIVELY. utopla_

N AN\ Alas, wedo not live

.25 | [ \\/\/‘A IR and work in an

-5 ., f — ideal world. All

2] _ / real world data has

LI B _/ errors and those

[ ~J— o errors hopelessly

-1 ] .15 |

prevent us from
knowing the exact
1] L hysics that are at
' -.a] \’\ T\ Phy

-1.5] [ — ~ work to create the
[ \/\/ internal  leakage.

.05 | -5 [ THE 1WO MANUALLY Th bl . h
o INSERIED Mil, Mil, MiN AND MAX, MAX, MAX — em
F smimés leu: ménmné A1 ‘IP};‘AERD %F IFL epro Ist at’
I LEARNING BLOCK INISEAD OF AT IFE SIARI except by rare
-2 | o -.6 ............!....!....!....!....!....!....!.... happenstance’ NO
0 5 10 15 20 25 30 35 40 45 50

real-world data

Figure 4 Even with as few as five LHC sampleSBRES i8Rtk ly forced extreme Point lies exactly
samples, the RMS error is converging on avalue of 0.16 which is about 0.6% of the on the regression
maximum measured flow of about 26.6 gpm and is very near the allowable fynction. no matter
measurement error for flow in 1SO 4409.9kk what ’physi cal

process might be selected. Finding the most likely causes of |eakage with real world rules involves the
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inclusion of possibilities from alist of candidate causes (regression terms) and then eliminating those that
result in over-fitting and/or collinearity. That has been done with the real datafrom the piston pump used
for most of the studiesin this series of reports on PSR and Sample size. The best equation isvery simple:
It's Equation 1. Supporting documentation leading to Equation 1 as the best regression function is not
included in this report.

CAN INFORMATION SATURATION BE REACHED WITH ONLY FIVE LHC SAMPLES?
The Fluid Power Institute, MSOE, arranged for additional tests to be conducted with very few numbers of
samplesin asearch for the lower limit. These tests were conducted with learning zones that were blocked
with asfew asfive samples, plusthe two that were manually forced to be at the two test program extremes.
PSR analysis was conducted on the minimal test set with the surprising that the efficacy of the LHC
sampling a gorithm was sustained with only seven samples. Figure4, Page 6, istheresult of PSR Analysis
on the 5-sample learning block. It must be pointed out that the X-Axis, labeled as “OBSERVATION
NUMBER” isaso the “Degrees of Freedom” value. Since PSR analysis started at the fourth sample (one
more than the three unknown regression coefficients in Equation 1, which was used in this example), the
value of 5 on the X-Axis correspondsto an actual sample count of 8. Thereisastrong implication that at
thissmall LHC sample size, some learning is still taking place after al 7 learning zone samples had been
regressed. Five LHC samplesisadaringly low sample size.

CONCLUSIONS

Efficacy in set point randomization using the latin hypercube assignment and sequencing algorithm is
achieved in the way that the LHC algorithm combines determinism with probabilism. This has been
demonstrated with numerous eval uations of actual hydraulic pump test datausing Progressively Sequenced
Regression Analysis [3] [4] [6]. Test data was collected using test plans created with latin hypercube
randomization method as implemented in Matlab. LHC randomization provides a means for distributing
and assigning test set points throughout the test program’ shyper volumewhichin turn gives assurancesthat
reliable models can be created from the fewest number of samples and provides an objective means for
verifying the efficacy of the collected datafor math modeling purposes. It is postulated, but remainsto be
proven, that this method of sample size verification is aided and abetted by the fact that machines, such as
hydraulic pumps, are model ed from well-established first principles and data are collected using very little
measurement uncertainty [2]. Such processes have very large deterministic parts and very small random
parts. Further to this point, it is postulated that the method would likely not produce satisfactory results if
applied to processes with large random variations such as with medical, socio-economic, climate and
political science models.

It is further postulated that other methods for creating efficacious experiment designs, such as the
Trandational Propagation algorithm of Viana, et a [7], will produce equal results, and potential
improvements.

Effective and continuing use of PSR Analysis to confirm that information saturation has been reached
requires these recommended steps:

1. Select a sample regression function as a kernel for PSR Analysis, simple is preferred, and
Equation 1 will suffice for a variable displacement pump test.

2. Generate a test set point matrix with the number of desired samples using latin hypercube
randomization algorithm and ranges of the independent variablesto be tested or other sampling
algorithm with equal uniformity of distribution and penetration depth, ie, equal efficacy. Call
data set the learning block.
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3. Generate a second, follow-on, set point matrix identical to that of step 1, above, but with more

samplesthanin thefirst, so asto provide azone where the convergence plateau can be verified.

Call it the convergence block. It MUST BE atotally new LHC algorithm creation in order to

provide objectification to the PSR convergence confirmation.

Combine the two arrays of steps 1 and 2, above, into asingle test plan matrix.

Conduct the test program with the combined set points until all set points have been reached

Perform PSR Analysis to confirm that convergence is achieved.

After confidence is gained in the method, use the experience to further reduce the number of

samples.

8. Evaluate other regression functions, if desired, but with the requirement that the total number of
test samples exceeds the number of unknown regression coefficients.

9. Once experience and confidence have been gained, laboratory personnel will no longer be
required to create a convergence zone data block. Instead, they can merely create a suitable
learning zone datablock and eval uate the regression coefficientswith the acquired datasampl es.

No gk

After convergenceis confirmed, regression functions other than the kernel function can be explored. The
kernel was a meansto an end, the end being confirmation of information saturation. It serves much like a
catalyst in achemical process.

In the end, the only thing needed is that an efficacious experiment design, LHC sampling for instance, or
equivalent other, be implemented with the desired minimum number of samples, and then conduct the test
with that set point sequence. If confidence and experience are desired, attainment of information saturation
can be verified with PSR Analysis. Thereis but one cautionary note: Be sureto giveto the LHC algorithm
enough samplesto cover no less than one more than the number of unknown regression coefficientsin the
most complex regression function that might be desired after the lab work is done.

This LHC/PSR process is NOT a method for achieving the best model. It is aimed at getting verified
information saturation with the fewest number of samples. Each regression function that is explored after
thefact hasto beevaluated for the usual unpleasantries, such asover-fitting, collinearity and poor predictive
ability of the final function. These, too, can be evaluated after the test l1ab phase is compl eted.
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