POLI 300 Handout #2 N. R. Miller

RANDOM SAMPLING

Key Definitions Pertaining to Sampling

1.

10.

11.

Populatiort the set of “units” (in survey research, usuallyividualsor householdg N in
number, that are to be studied. A typical population in political seigmwey research, such
as the National Election Studies, is the Amerigating age populatioiVAP).

Sample:any subset of units,in number, drawn from the population. Almost always
(much) smaller thaN (but, perhaps surprisingly a sample can be larger than the population).

Sampling fraction the ration/N, i.e., the size of the sample in relation to the population.
In most survey research, the sampling fractioveiry small. (In national surveys such as
ANES, it is on the order of 1/100,000.)

(Simple) Sampling Framea list of every unit in the population.

Random (or Probability) Samples sample such that each unit in the population baka-
lable (according to the laws of probability) chance of appearing-# that is, a sample
selected by a random mechanism (such as a lottery).

Non-Random Samptea sample selected in any non-random fashion, so that the probability
that a unit is drawn into the sample cannot be calculated.

Simple Random Sample (SRS sample of size such that every subsetmftinits has the
same chance of constituting the sample. This implies thatied@ridual unit has the same
chance of appearing in the sample.

Systematic Random Samplea random sample of sizedrawn from a simple sampling
frame, such that each of the fistn units on the list has the same chance of being selected
and everyN/n)" subsequent unit on the list is also selected. This implies thatavie—

but not every subset of units — in the population has the same chance of being in the
sample.

Multi-Stage Random Sampiea sample selected by random mechanisms in several stages,
most likely because it is impossible or impractical to acqaitest of all units in the
population (i.e., because no simple sampling frame is available).

(Population) Parameter a characteristic of the population, e.g., pkeecent of the popu-
lation that approves of the way that the President is handling his job, averege house-
hold income in the population. For a given population at a given thmeyalue of a
parameter idixed but is typicallyunknown(which is why we may be interested in survey
sampling).

(Sample) Statistic a characteristic of a sample, e.g., peecent of a samplihat approves
of the way that the President is handling his job, or the averagehoddisecome in the
sample. A sample statistic is typically usedgsbmatehe comparable population parameter.
The value of a sample statistickisown(for any particular sample) but it is nfoted — it
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12.

varies from sample to sample (even when the samples are all drawntfimmame
population with a fixed parameter value).

€)) Most population parameters and sample statistics we con®gereentagese.g.,
the percent of the population or sample who approve of the way thedPrers
doing his job, or the percent of the population or sample who intend to vote Repub-
lican in the upcoming election.

(b) A sample statistic ignbiasedif its expected value is equal to the corresponding
population parameter. This means that as we take repeated samples framethe s
population, the average of all the sample statistics “convergdsbores closer and
closer to) the population parameter.

(c) A sample statistic has movariability the more it varies from sample to sample.

(Random) Sampling Error: the magnitude of the inherent variability of sample statistics
(from sample to sample). There are various ways of reportimglsa error. Public
opinion polls and other surveys commonly report their sampling err@rsns bf thenargin

of error associated with sample statistics. This measure of sangliogis defined and
discussed below.

Important Points Pertaining to Sampling (with references ¢ the attached Table of Sampling
Results)

1.

Sampling is indispensable for many types of research, in parpeddic opinion and voting
behavior research, because itis impossible, prohibitively expeossedf-defeating to study
every unit in the population.

Many types of sampling (convenience, self-selected, haphazardiewer-selected, quota)
are non-random and give no assurance of producing samples that arentefiresof the
populations from which they are drawn. (Indeed, it often is not blearto define the
population from which such non-random samples are drawn.)

Random or probability sampling does providegpectatiorof producing a representative
sample, in the sense that random sampling statistics (or adustadns thereof) are
unbiasedi.e.,on averagehey equal true population parameters) and they are subject to a
calculable(andcontrollable by varying sample size and other factors) degreamipling

error, reflected in the fact that repeated random samples fromrtteegapulation produce
varying sample statistics. (See the enclosed Table of Sampling Results.)

More formally, most sample statistics are (approximatedyjnally distributedwe will
introduce this concept formally in a few weeks) withe&erage valuequal to the corres-
ponding population parameter andaaiability (sampling error) that (i) is mainly a function
of sample size (as well as variability within the population sampled) and &) becal-
culatedon the basis of the laws of probability.
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The magnitude of sampling error can be expressed atathe@ard deviatiorfanother con-
cept we will introduce soon) or tlwerage absolute deviatiaf sample statistics. (See the
enclosed Table of Sampling Results.) More commonly, however, sangiag is
expressed in terms ofraargin of errorof + X %. The margin of error X % gives the
magnitude of th®@5% confidence intervdbr the sample statistic, which can be interpreted
in the following way.

Suppose the Gallup Poll takes a random sampieedpondents and reports that the Presi-
dent’s current approval rating is 62% and that this sample &téi@st a margin of error of
+3%. Here is what this means: if (hypothetically) Gallupatertake a great many random
samples of the same siadrom the same population (e.g., the American VAP on a given
day), the different samples would give varying statistics (appratiafs), buf5% of these
samples would give approval ratings within 3 percentage points of the true popylata-
meter i.e., the Presidential approval rating we would get if we took glstenand wholly
successfullycensugo get the opinion of every member of the American VAP. Puemor
practically (given that Gallup takes just one sample), we c@8%econfident that the actual
sample statistic of 62% lies within 3 percentage points of tlegarameter; i.e., we can be
95% confident that the President's “true” approval rating ligkinvithe range of 59%
(62% 3%) to 65% (62% + 3%).

5. Considering the example above, you may well ask: how can the @abipie say that its
poll has a margin of error of + 3% when they actually tookgustpoll, not the repeated
polls hypothetically referred to above? The answer is that, garsdomsamples, such
margins of error can malculatedmnathematically, using the laws of probability (in the same
way one can calculate the probability of being dealt a paatitiand in a card game or of
getting particular outcomes in other games of chance). (Satdbked page on Theoretical
Probabilities of Different Sample Statistics.) This issaese in which theaargin of error
of random samples is calculableut that of a non-random sample is not.

6. Such mathematical analysis shows that random sampling €1f@s you would expect)
inversely(or negatively related to the size of the sample — that is, smaller sanhphee
larger sampling error, while larger samples have smaler.erlowever, this is notlanear
relationship, e.g., doubling sample size does not cut sampling errof. iRagther sampling
error isinverselyrelated to thequare roobf sample size. Thus, if a given random sample
has a margin of error of £ 6%, we can reduce this margin of erioci®asing the sample
size, but it will take a sampfeur times as large to cut the errohialf (to + 3%). In general,
if Sample 1 and Sample 2 have simegandn, respectively, and sampling err@sande,
respectively, we have this relationship (iheerse square root law

= n
(1) =

€ N,
Actually, forsimplerandom samples and sample statistics that are percentaggseieent
approving of the way the President is doing his job), the following is approximately true:



#2 — Random Sampling page 4

(2) margin of error(95 % confidence interval) 100%.
n

See the entries in first column of Table 3.4 on p. 72 of Weisberly €tfgparameters,
statistics, and errors are given as decimal fractions, rdtherpercentages, this formula
becomesmargin of error=1/ n.) Actual national surveys use random — but not simple
random — samples, and their margins of error are slightly lesgethe remaining columns
in Table 3.4.

Note The values given in Table 3.4 on p. 72 of Weisberg et al. (and given by tb&iappr
mate formula noted above) are th@ximumsampling errors associatewbn-extreme
parameter values. If the population parameter is fairly extrerg., less than 10% or more
than 90% (so that the population is quite homogeneous with respect taritigle of
interest), sampling error actually somewhat less than thah giv@able 3.4 or by the
approximate formula. At the limit, if the population parametasiextreme as possible, i.e.,
0% or 100% (so that the population is perfectly homogeneous with respieetariable of
interest), the corresponding sample statistics necessarily have zermgasmpi.

7. This inverse square root law has two important implications.

a. Increasing sample size subject tadiminishing marginal returns While one can
always reduce sampling error further by increasing samglgesiditional increments
in n “purchase” less and less in terms of reducing sampling erroite @mall
samples may have manageable sampling errors and additionatinessaurces are
usually better invested in reducing other types of (non-samplingsdigee #11
below). For some purposes, a sample of about 1000 will achieve alt¢heacy
needed (e.g., a margin or error of + 3-4%). For many purposes, a sdraptaut
2000-3000 is sufficient.

b. Sample statistics for population subgroups have larger margins of gmraarthose
for the whole population. For example, if a poll estimates thederes popularity
in the public as a whole at 62 % with a margin of error of about,#B&same poll
estimates his popularity among men (or women) only with a mafgimor of about
+ 4.5 % (the relevant sample size is cut in half, so the margimafis increased by
a factor of 2 or about 1.5) and the estimate of his popularity among African-
Americans only has a margin of error of about + 9% (the releaample size is cut
to about one-ninth, so the margin of error is increased by a facatoot 3). If
one’s research focuses importantly on such subgroups, it is desirabkedither (i)
a larger than normal sample size or (igtaatified samplésee second to last point
in #10 below).

8. There is a important a counterintuitive implication of this disons&rom the approximate
formula (2) above, and from Table 3.4 in the Weisberg book. Noticentimat of these
makes any reference to thepulation size Nor to the sampling fractionw/'N ), as opposed
to sample siza. This is because — for the most part — sampling error deperadisolute
sample siz€éas well as variability within the population sampled), aatlon sample size
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relative to population size (i.e., the sampling fraction). This statemequrecisely true if
samples are drawmith replacement.e., if it is theoretically possible for a given unit in the
population to be drawn into the same sample two or more times. @Gtbgre., if samples
are drawrwithout replacemerfivhich is the more common practice], the statement is true
for all practical purposes, unless the sampling fraction itedarge, e.g., something
likel/100 or larger. In survey research, of course, the sanmipdiapon is typicallymuch
smaller than this (for the NES, on the order of 1/100,000). Finally, if in fact we do draw a
sample without replacement and with a high sampling fraction (#®10), the only
“problem” is that sampling error will bessthan formula (2) and Table 3.4 indicate. (Of
course, if the sampling fraction is 1 [i.en,= N] and the sample is drawn without
replacement, sampling error is zero (we have takesuf the population). On the other
hand, note that, if we sample with replacement, sample sizexcesase without limit and,

in particular, can exceed population size.)

An important implication of this fact is that, if a given margireafor is desired, a local
survey requires essentially the same sample size as a hatiorey with the same margin
or error. Thus, in so far as (interviewing, etc.) costs are propaté to sample size, good
local surveys cost almost as much as national ones.

9. A random sample may be selected by drawing cases from the sampling fsaofeulits
in the population) by some random or chance mechanism. Usuallgfas#isiom numbers
is used. (See the attached Excerpt from a Table of Random Numbers.) Howeven, you ca
go the the POLI 300 web page and can click on the lifResearch Randomizer to
Statistical Appletsand sele@ P S®I 5 DQERP 6DP S®I. (The latter is recommended and
described more fully in Problem Set #2.)

10. Because simple sampling frames (lists) do not exist forlargstpopulations of individuals
(particularly including the American VAP), simple random sampdiftgn cannot be imple-
mented. (A national SRS would also entail enormous personal intangieasts, because
the selected respondents would be scattered among thousands of IQddtiirstage(and
consequentlglusteredand ofterstratified as well) samples are used instead.

Suppose we want to study the attitudes of the population of American college students, by
interviewing a representative sample of 2000 students. Noesgapipling frame exists, i.e.,
there is no list of all 12,000,000 or so American college students. Howese are (pretty
good) lists of all of the several thousand American colleges andrsitie®, and these lists
also show the (approximate) number of students enrolled in each. tbisiigt we can
select a random sample of (say, 100) colleges and universitieg @dwdr institution has a
probability of being drawn into thirst-stagesample that iproportionalto itsenroliment
Then we would contact the Registrar's Office at each of the 100 seilestieutions to get

a list of the students enrolled in that school, and we would then use each list @dirrgsam
frame to select a small simple random sample of 20 studentssi@ch of the 100 institu-
tions. (It might turn out that some of the enrollment figures wsedtermine the probability
of selecting institutions in the first stage of sampling areng. In this case, individual
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respondents might heeightedin the final sample to compensate for this error.) The final
result is amulti-stage(in this case, &wvo-stagg random sample of 2000 American college
students. The sample is atdasteredn that the 2000 student respondents are clustered on
just 100 campuses, rather than spread out over almost 2000 different catapwseuld be
true if we had a SRS of 2000 students). Clustering has the advahggatly reducing
personal interviewing costs. Statistics from such a clustetdtitstage sample are un-
biased, though they have somewhat greater sampling error than dmsedimple random
sample of the same size, which can be compensated for by incieasiplg size somewhat.
(Note that we could have selecteslrmaple random sampt# colleges, i.e., by not weighting
probabilities of selection by enroliments, and then used the samging fractiorat each
selected college. This would also produce an unbiased two-stage rsamupie; however,

its sampling error would be considerably greater than that mgudtom the procedure
recommended above.)

We might alstratify the sample by selecting separate samples of appropriafeotatiag
2000) from (for example) (a) community colleges, (b) four-yeaegel, and (c) universities,
and/or from different regions of the country, etc. Such straidicatvhere feasible, reduces
sampling error compared with non-stratified samples of the s@mae Stratification is
especially useful if we want systematicallyctampare two subgroups of unequal 2.,
whites and blacks, partisans and independents). In this event, itresbtlesd stratify by
subgroups and draw samples of (approximately) equal size for eachwguifgp that the
sampling fraction is inversely related to group size), with éisalt that statistics for each
subgroup are subject to (approximately) the same margin of error.

See Weisberg et al., pp. 49-61, for a more detailed discussion of sgumglihods used to
conduct such large-scale national surveys of the VAP as the AfiE&ntrast, the British

Election Studies use the national list of enrolled voters asdesgampling frame for a one-
stage non-clustered national sample stratified by region (Scotland, Walgg, etc

Survey research is subject to many types of error in addition to sampling error.

Suchnon-sampling errorgnclude most importantly errors resulting from a l@sponséor
completionrate. Not every person drawn into the sample by random chance can besucces
fully interviewed. Some people in the drawn sample may never dedycaay never be at
home, or may simply refuse to submit to the interview. A low complegitanreduces the
size of thecompleted samplend thus increases sampling errbtuch more importantly
non-respondents, in considerable measure selfeselectecdr otherwisenot randomly
selectedut of the drawn sample. Thus the completed sample is not a randgpia sthe
drawn sample nor a fully random sample of the population as a wholés aadhple statis-

tics may bebiasedin more or less unknown ways.

Other non-sampling errors include:

a. non-coverage errofthe sampling frame may not cover exactly the population of
interest);
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b. measurement errorslue to unambiguous, unclear, or otherwise poorly framed
guestions or poorly designed questionnaires, inappropriate interviewawmeir
stances, interviewer mistakes, etc.; and

C. data entry, coding, tabulation, or other data processing errors.

Note that all these are indeeoh-sampling errors— data based on a complete census of the
population would be subject to the same errors, which therefore canbleinbed on the
sampling process. Once sample size reaches a reasonalffehsthemay depend on the
type of research being done), extra resources are better di¢vatereasing the response
rate and reducing other kinds of non-sampling errors than to furtheasnagesample size.

Using SPSS to Draw Random Samples from the SETUPS Data wighKnown Population
Parameter

Note | have not updated this exercise using SETUPS 1972-2004 data.

The SETUPS 1972-2000 data pools together samples from each of thé&aiigimal
Election Studies in the period covered. Each NES study has a ssigglef approximately
2000. Pooled together, there are 16,438 respondents in the entire studycdostidesr this set of
units people to constitutepmpulationwith N = 16,438 (a population size comparable to the VAP
of a small city). The SPSS (Statistical Package fobtweal Sciences) computer program (to which
you have beenintroduced) has a procedure that allows the reseadchersonple random samples
of any size from the entire data set available for analysis. li8emtl of Section VIl of the SPSS
handout.)

First, let us use SPSS to calculate the value of a partmopaiation parameter— say, the
percent of respondents in the population who give the “approve” ansvier qoie¢stion “Do you
approve or disapprove of the way the President is handling his jobPeasemt of the number of
people who answered the question. This is variable V29 (PRESIDENID®.APPROVAL) in
the SETUPS Codebook. We determine the population parameter by calculating the folbowing
the basis of all 16,438 responses:

parameter= __number of respondents coddd x100% = 58.5%
number codedl”+ number coded2”

(This excludes 2385 cases coded “9” as “missing data.”)

Normally, of course, we don't know the value of a population parameteh slpcecisely
why we resort to survey research using sampling. In this eeglewever, we do know the value
of the parameter, and we sample anyway, so that we can achedk how accurate the sampling
is.

| took 20 samples of size= 15, 20 samples of size= 150, and 20 samples of size
1500. (Itook “samples of samples,” if you will.) By the inverse sgjleav, sampling error should
be greatest in the smallest samples and smallest inatbest samples. According to the
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approximate formula (2) given in #6 above, the margin of error in sarapsezen = 1500 is about
+2.6%. (The Table 3.4 in Weisberg et al. says the same.) sdimple size and corresponding
margin of error are typical of much survey research. Likewhsenargin of error in samples of size
n = 150 is about £8.2%. (The Weisberg table gives an interpolated gabbout £9%.) This
sample size is typical of a numbersafbgroupsn a VAP sample of about 1500, e.g., African-
Americans, Hispanics, non-Christians, (pure) Independents, etc., eabitbfconstitutes about
10% of the total population. The margin of error in samples ohsize5 is about + 25.8%. Such
samples are extremely small and their statistics obvious/ery high margins of error, and few
social scientists would venture to make inferences from them.

The resulting sample statistics are shown in the Table of Sajipésults at the end of this
handout. The table shows at total 60 sample statistics arranged in threess@Qrfom = 15, 20
for n=150, and 20 fon = 1500. Each of the 60 samples was independently selected, so the order
in which they are listed (and numbered) is arbitrary and thecedsnnection between (for example)
the 10th sample of size 15 and the 10th sample of size 150 (or TB@®)olumn to the right of
each sample statistic shows the amount by which the sampdéistiEtviateqdiffers) from the true
population parameter of 58.5%; the deviation is positive if the stassireater than the parameter
and negative if the statistic is smaller than the parameter.

These data clearly illustrate the two theoretical points abodbm sampling set out above
— namely that (i) such sample statisticsambiasedout also that (ii) they are subjectsampling
error that isinversely related to the square root of sample.size

With respect to the first point, we see from the data tlegardless of sample size, the
sample statistics are just about rightaverag€60.2%, 57.0%, 58.5%); equivalently the deviations
add up to just about zero. This reflects the fact that the satafikics (regardless of sample size)
are unbiased Had we taken a larger (than 20) “sample of samples” of eaeh average
performance of the sample statistics (especially those fiersrhallest samples) would be even
better. On the other hand, the fact the 20 statistics from testazamples appear todectlyright
on average is a merely coincidence (and in any event is an illiesoling from rounding to the
nearest one tenth of a percent).

At the same time, we also see that (almost) every individoghke statisticeviatesat least
a bit from the true population parameter (and even the ones that spppearght on the mark of
58.5% are really off a bit — the discrepancy doesn’t show up becauserafing), about half being
too low (negative deviations) and half too high (positive deviationsg¢ctefy the fact that sample
statistics are subject sampling error Moreover, it can be seen that this sampling error is inversely
related to sample size and very closely followsitiverse square root lawThe sample sizes are
in a ratio of 1 to 10 to 100, so by the inverse square root law theasslogampling errors should
be in a ratio of 10 to10 to 1. The ratios of either thheean absoluté.e., ignoring “+” and “”
signs)deviationsor thestandard deviationassociated with each sample size closely duplicate these
ratios.

The probability calculations described above tell us that, arttentargest samples €
1500), the margin of error is about £2.6%. Remember that this meaespect that on average
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about 19 sample statistics out of the 20 (95 %) will fall within + 2d8%he population parameter,
i.e., within the interval 58.5% + 2.6% (or 55.9-61.1%). In fact, all our sangpisties fall within
this interval, though one (#1) falls close to the upper bound of the inteh&kwise, the
calculations lead us to expect that, among the medium-sized sgmpl&S0), the margin of error
is about +£8.2%. That is, we expect that about 19 sampldistatst of the 20 will fall within

+ 8.2% of the population parameter, i.e., within the interval 56.3% + 8.2% (or 50.3—6@n 7},

all but three sample statistics (#9, #13, #16) fall within this interval. Ifinlaé calculations lead
us to expect that, among the smallest samplesl6), the margin of error is about + 25.8%. That
is, we expect that about 19 sample statistics out of the 2GlWilithin +25.8% of the population
parameter, i.e., within the interval 56.3% + 25.8% (or 32.7-84.3%). Inafhbit one sample
statistic (#5) fall within this interval. All together, wepect 95% of the 60 sample statistics (all but
three) to fall within their respective margins of error. In fact, all but fotissts do so.

This sampling data is also presented in graphical form belovh daaaple statistic is plotted
as a little box () on the horizontal line corresponding to its sample size. (The noswege into
each other where sample statistics are almost equal.) uBedpulation parameter is shown by the
vertical line at 58.5 on the horizontal axis. It is immediateigient that the boxes on the tap<
1500) line are closely concentrated around the population parameter. The boxes aloddi¢he m
(n=150) line are considerably more spread out and those on the bottalb)line are still more
spread out. However, on each line, the boxes on either side of populatimeearapproximately
balance out.
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TABLE OF SAMPLING RESULTS
Population parameter = 58.5% (V29 Presidential Approval)

Table shows samples statistics for 20 samples of ea  ch size

Sample#] n=15 (Dev)[| n=150 (Dev) n=1500 (Deu.)

1 56.3 22 | 610 | +25| e609| +24
7 58.1 04 | 619 | +34| 573 12
3 618 | +33 | 612| +27| 590 +o4
4 614 | +29 | 633| +48| 575 10
5 902 | +31.7| 59.9| +14| 587  +0]
6 398 | 187 | 603 | +18| 05| +20
7 602 | +17| 585| 00| 591  +0.4
8 641 | +56 | 542| 43| 575 | 10
9 56.0 25 | 494 | 91 | 599 | +14
10 | 765 | +180| 601| +16| 588  +0]
11 | 402 | 183 615| +30| 582| 03
12 | s78 07 | 534 | 51 | s88 | +03
13 | 762 | +177| 479| 106 582 | 03
14 | s98 | +13| s82| 03 | 575 | 10
15 | 614 | +29 | e05| +20| 585 0.0
16 | 565 20 | 496 | 89 | 580 | o5
17 | 682 | +97 | 530| 55 | 587 | +02
18 | 555 30 | s08| 77 | s66 | 19
19 || 584 01 | 563 | 22 | s570| 15
20 | 457 | 128 588 | +03| 595 +10
Mean | 602 | +17 | 570 | 15 | 585 | 0.0
Mean i 2 g 7.8 3.9 3.9 0.9 0.9
Ab.Dev.
Standard) 4, 7 | 497 4.8 4.8 11 11
Dev.




THEORETICAL PROBABILITIES OF DIFFERENT SAMPLE STATI STICS

Consider the following population : a deck of cards with N =52. In this case, of
course, we know all the characteristics (parameters ) of this population (e.g., the
percent of cards in the deck that are red, clubs, aces, etc.) we can consider what we
expect will happen if we take repeated random samples (with replacement) of size n =
2 out of this population.

Example #1. Let the population parameter of interest be the percent of cards in the
deck that are red . Suppose we try to estimate the value of this parameter using the
corresponding sample statistic , i.e., the percent of cards in the sample that are

red. While we know that the sample statistic will vary from sample to sample, we can
calculate how likely we are to get any specific sample statistic using the laws of
probability .

On any draw (following replacement on the second and any subsequent draws), the
probability of getting a red card is .5 (since half the cards in the population are red) and
the probability of getting a non-red (black) card is also .5 .

1% draw 2" draw Probability Sample Statistic  Probability
R R 5 x.5=.25 100% .25
R B 5x.5=.25 o
B R 5 x.5=.25 S0% 50
B B S5 x.5=.25 0% .25

Example #2. Let the population parameter of interest be the percent of cards in
the deck that are diamonds

On any draw (following replacement on the second or subsequent draws), the
probability of getting a diamonds card is .25 (since a quarter of the cards in the
population are diamonds) and the probability of getting a non-diamond (hearts, clubs, or
spades) card is .75 .

1% draw 2" draw Probability Sample Statistic Probability
.25 x .25 =.0625 100% .0625
0 .25 x .75 =.1875 50% 3750
0 75 % .25 =.1875
0 0 75 x .75 = 5625 0% 5625

Note that sampling with replacement greatly simplifies these calculations. If we
sampled without replacement , given that (for example) we get a red card on the first
draw, the probability of getting red card on the second draw is not .5 but 25/51 .49
and the probability of getting black card on the second draw is not .5 but 26/51 .51 .






