Many-Facet Rasch Measurement : Facets Tutorial
Mike Linacre - 1/2012

Tutorial 4. Anchoring
Dig here for treasure!
1 Subset detection and remedies
1 Anchoring, linking and equating
91 Judging plans and Generalizability Theory

This tutorial builds on Tutorials 1, 2 and 3, so please go back and review when you need to.

A. Subset Detection and Remedies

Yes, launchacetsagain

Wedll start this Tutori g
frequently arises when Raseahalyzing conventional
experimental designs and judging plans.

Lz,
H racets

Files Edit Font Estmation Output

Spedification File Mame? Cirl+0
Exit

Click on AFil esbo Finish iterating Ch:*
. ~ . . . 5 Cirl+5
Click on fASpecification i
Facform:
AW at is the Specificati .rj- 20x|
Click on ASubsets.txto 4 . Biem
. ~ [£] Meas2anc.txt
orDoubleCl i ck on ASubsets.t My Recort 3 weasuret
[
AExtra SpeclifclkcadmomO®KO
My Docurmer
iWhat is the Rep-@rti cRutoy a8
- :;) ' F‘1 Kctinter. txt
Subsets.txt is analyzed .... Fogane | [oubemin =
Files oftype: [specifcation (~ ) | Cancel

[~ Openas read-only

At the end of the analysis report in the Facets main
window, do you see:

Warning (6)! There may be 2 disjoint subsets

This is astrong warning. The results of this analysis
may bemisleading.

Table 7.3.3 Items Measurement Report (arranged by N)
Table 8. Category Statistics

Table 4.1 Unexpectecl Responses (0 residuals sorted by u)

5 2 ime of 0. 5223

'Wal:nmg {G)' There ma_v be 2 d13j|0111t subaets
TALaCeLa L AampLes\oubsets . out. byt




What are disjoint (or discorected or partially connecte New York Raters
subsets)?

Lower

Look at the Figure here. The New York Students wer Ratings

rated by the New York Raters, and the California
Students were rated by the California Raters.
The California Students were awarded higher ratings

New York Students

\ California Raters

4

Imagine the awspaper headlinest Ca |l i f or ni
perform better than New York Students! California

average: 3.7, New Yor k ¢
Sounds convincing doesn¢(

Higher
Ratings

California Students / /

The truth is that we donodt rebelcage the Califdarriaetudentsg h
perform better, or the California raters are more lenient, or a bit of both. The two sets of ratings 3
disconnected, disjoint. They are two separate subsets of thé\Giateeed to connect them upPerhapg
fly some Caliornia raters to New York and some New York raters to California. Or have some Ne
York students rated by California raters, or ....

This design reflect many judging plansly BJ(
ARater pair AO0O and Rater pair BOoO. So perhfg
the severe pair. No one will ever know. The ratings themselves are treated as thoughttigetyatre
but they are not.

AConcl usi o nlds [pedMonance] would depend on the luck of the draw ... a liberal

rater rather t h¢ghavelsonskiWelb,iGgrenalizabilitynTeeory, 1991, p. 8).

A similar situation arises when there are several tasks available, and each examingeed &ssi
chooses) to perform only one. There is no evidence in the data for comparing task difficulty.

S
g

10.

In Rasch measurement, we want all measures to be New York Raters
directly comparable in one frame of referenceSo,
whenever possible, werange for the data to be fully
linked. This means the ability of every student can be
compared with that of every other student either dire
or indirectly. Similarly for the leniency of every rater,
and the difficulty of every item, task, etc.

Lower
Ratings

Mew York Students

In compEkx judging plans and experimental designs, i
can be difficult to verify that linking has been achieve
In practice, raters fall sick, students, patients, etc. en
and leave a study. Rating sessions have to be
reschedul ed. Consepmaydd |
the rating, or a student may receive fewer ratings tha
was intended. So verification of connection (linkage)
the data is required.

Higher
Ratings

SjUapnis BILIOJED

California Raters

11.

In the Facets analysis window, Table 3: ey
Facetsperforms a scan of the data toifsethat all 1 Elements = o
possible subsets of the data are connected. [Zolidaring subscr connecrion




12.| This may take several passes through the data for validating subset conmection. .
cor_nplex designs, so the data scan is combined with e et = subeers
EStImatlon V;::i_dat:i_ng subset comnmnectiom. .

1 JrnE = 25.6451 —Z20.9 —
Consolidating 2 subsets
13.| Finally, either the data ardetermined to be fully <

. . W, i (6)! Th he 2 disjoint subset
connected (linked) or the disjoint subsets have been| 5= SRR S SRR S

identified

14.

On your windows task bar,
Click on t he -theRednis @utpst fileo (
for the analysis of Subsets.txt

orFacetsii Ed i t OEdinBulrsets.out.txt

15.| Scroll down to Table 7.1.1 I “““““““““““ ’If
The measure report tells you which elements of each) | ¢ ;i ages I
facet belong to each sulf———eemo—___ I
t hought of as fiNew Yor k(|1 3 Cavendish | in subset:|2
ﬁCaIifornia(‘) | 2 Brahe | in subkset:f1
] . ’ . | 1 Avogadro | in sumbset:f1
Looking at this Table usually provides clues_ astowhy{ | 4 pavey | in subset:]2
has happened. I n this e+ I o
raters. Perhaps the judges paitgoto perform the We can compare measures within the san
ratings. subset, but not across subsets.
16.| Scroll down to Table 7.2.1 YT N
Two subsets again! L EmEmAmee. '
Now we know what happened: the judges paired up,| | 3 i baigupatitd b
each pair of judges rated different examinees. | 3 Eowara | 1n smheeri?
This is exactly like the New YorkCalifornia example. | 1 2 pavia | in subsct: |2
] 3 Chris ] in subset: 1
1 & Fred 1 in sobset: 2

But Facets has reported measur¥sis- but those | s Frea .
measures are somewhat accideritatetsguesses at | \We can compare measures within the san
what the relationship between the subsets might be. | sybset, but not across subsets.

17.

Practical note:our experience is that rataraist be carefully monitored during a rating session. In o
instance, raters were paired to conduct oral examinations. At each break, the raters were suppo
change rating partners. But no one supervised this. So it was not until the data anedyseatjraj was

completed, that the Examination Board discovered that the raters had stuck with their first partng
the entire examination period. So the Examination Board had to assume that the pairs of raters \
equally severe, buttheyhad nomeans ver i fy this. I#9) agaira.s. Al uc

18.

RecommendatiorRun Facetsanalyses during the data collectionThen problems will be identified
as soon as they arise, antile they can be remedied. For instance, if we have 30 rater pairs, then
the first judging session we would expect our analysis to show 15 subsets of 1 pair each. Then,
first break, each rater pairs with another rater. If this is done dgrefuthe end of the second sessio
all the data should be linked together. Something will probably go wrong, so maybe three or fou
subsets are reported. Now you can act on that information for the third session and revise the ra
pairings to make se the data are fully linked.

RunningFacetssimultaneously with the data collection also has the benefit that other problems st
rater misunderstandings, data entry errors, incorrect instructions to the examinees, can be reme
beforethey threatehe validity of the examination process.
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19./Let 6s | ook at the dat a,
there:
On the Facets menu bar,
Click on AEdit Specificgé
20.| Scroll down to the bottoro f AfSubsets. t

Can you work out what

Dvalues = 3, 15

is specifying?Sure you can!

This is a 3facet analysis. In the data are the element
numbers for the first t\
AExami neesodo. Facet thHesams
5 items in eery line. So, instead of entering:
1,1,125, 5,5,3,5,3

1,2,125,9,7,5,8,5

We specify

Dvalues = 3, 15

and the facet 3 element numbers afedn every line.

Dvalues = 3, 1-5 ; put
Data=

1,1, 5,5,3,5,3 : typical pai:
1,2, 9,7,5,8,5 ; raters 1 am
1,3, 3,3,3,7,1

2,1, 6,5,4,6,3

21.

Confirm this in the Facets analysis window.
It reports that the firstlata line is:
1,1,5,5,3,5,3,

but it is analyzed as

1,1, 15,555,353

What a neat short cut!

Table 2. Data Summary Report

Asszigning models to "C:\Facets-time-limited\examgp

First active data lime is: 1,1, 3,3,3,3,3 k:
Processed as: 1, 1, 553,33,

22.

Now take a look at the data$ubsets.txt

We can see clearly that facet 1, elements 1 and 2,
combined with facet 2, element21nd 3. This is one
subset.

And facet 1, elements 3 and 4, combined with facet 7
elements 4, 5, 6 and 7. This is the second subset.
There is no mystery about this!

But what about the 5 items? They are the same 5 ite
in both subsets. They are linkedit bhey are not enoug
to link the subsets. We need all three facets linked fg
unambiguous measurement.

; typica
; raters

Wk B dWwaWwo Tl w o
VoWwe-dwawwoewow
BN DSWo <o oo,
BRNWO DWW R D W

Lo obs BN =] L2 W 0o 00 Oy L2 W n

23.

A word about conventional experimental designs and judging plans:
1. Fully crossed designs: These are linked (fully ected).

2. Nested
California.

designs:

These

are not | inked (di

3. Partially crossed designs: These may or may not be fully connected.

24,

In a big dataset, connectimmecking canake some
time, so, after you have verified it once you may wan

not want to do it in later analyses of the same data.

Facetsspecifications:
Subsets = Yes ; verify subset connection
Subsets = Bypass ;




25.

B. Connecting Data

26.| If Facetswarns that the data form subsets, there are several actions you can take:

1. Ignore the subset warninigacetsreports an arbitrary set of measures that isisbent with the data.
This one of infinitely many sets of possible measures. The measures repdfezetymay be good
enough for your purposes if all you need are fit statistics, bias analyses, or to compare measu
the same subset.

. Use only masures within the same subset. Sometimes one subset is very small or peripheral {
purposes. That small subset can be ignored.

. Collect more data using elements (raters, etc.) designed to link the subsets. This is the best 0

. Use Anchor vales to identify the locations of elements in different subsets (anchoring is comin
next).

5. Use GroupAnchoring to identify equivalent distributions of elements. So, if the examinees are
randomly assigned to raters, it is reasonable to assert thatféhemtisubsets of examinees are
equally able, on average.

27. C. User Scaling
28.| Our reports have been in logits centered at 0. Many 1 Nodel |

people have trouble understarglihese, because they| — ‘"eure s-- |

have negative numbers and decimals Umean = 0,1, 2

29.| We can convert our output to more uf@ndly 0 medel |

integers leeasure 5.E. -!_

Umean = mean values, scaling, decimals 1 fEZ) 1 Umean = 50, 10, 0

'
H 47 2|
e —

30.| You can eperiment with different values using the O Tz i Cumi e, Gopie o

Output Tables menu f?ﬁi‘éiﬁiﬁ;""ﬁ‘f&?m""“

Modify Specifications ok Qi o pr o) o s

Tab|e 7 : Mo‘;::p;;:;::sﬂnlermn Reports and Plots

(Look at Table 7) R — i

Output Tables menu

M0d|fy Specifications [atings of Sjentists (editsd 1o illustrats ambiguity in

Table 7 § N AR L

(Look at Table 7) e

_____ e Uscale:numberof ssrsceled unis perlogit

lg— Udecitn: number of decimal places for measured

[+ Total scare (includes extreme respanses) = Yes

[rz3 | Pasitvelarismecfocsts

[ Nogaivelyorientad facets

Standard enors: @ Model  Real

Table format ASCl=  No + 8 Yes + ( Webpage +

l oK ] I Cancel l Help ]
31.| Close all windows ... x|
32.




33.

D. Anchoring Element Measures

34.| We may perform one analysis, estimate measures, a
then want to impose those measures on a subseque
analysis. T8 is done witlanchoring (also called @
fifixngdo ) . Let ds take a | ook fi===
anchor values:
LaunchFacets
35./Click on AFil esbo M Facets
Click on fASpecification e e
Spedification File Name? Ctrl+0
Exit |
Finish iterating Cirl+F
Sawe progress repol Ctrl+5
Restart: facets
Facform:
36./Cl i ck on.fiMeadsaanc AOpen T
Or DOUb|eC| | C k O n ﬁ me a S 2 a n C . Hgﬁigiat [Z] round.out.bet
AExtra SpecliifécdkadonmomM@KO Bletoaon
AWhat is the Rep-xrti cQutoy Bimmoe
S awaipill ol
Tt femmsmn
) quilford. et £l t
] quiford.xds 2] rating. txt.
] GUILFSC. 1. 2] ratingdc. bet
!m Zanchd _!» Open I
Iu j Cancel
™ Open as read-only Help
A
37.| Scroll the Report Output file on your screen,
AiMeas2anc. out chtTale¢. unt i O,
It is a standard Facets measure Table. Total Total Obsvd Fair-M| Model |
Red bOX no t | c e t h e ﬁ AO | e t Score Count Awverage Avrage|Measnre S5.E. |
measuresgeen bo)are not estimated from the curre
data. They are anchored, fixed, assigned from value
given in the Specification file.
Llet 6s see where they came
38.| OntheFacetsme nu bar, click on 3 Meas2anc.bxt
Click on AEdit Specificd

o

Fies | Edit}

nt Estimatior




39.

Scroll down the Specification file toabels=

The first facet is Arithmetic:

Red box:1, Arithmetic, A

1lis Facet 1

1, or 1= mean the same in most Facets specification
Arithmetic is the facet label

, A means At he
Green boxThe first element:
1, is the element number

1, is the element labelt is the same as the element
number, so we could have omitted it

-.6079245 is the value at which to anchor the elemer
measur e. We donodt tthvo s 1
decimal places is easily enough!

val ues t ha

1,1,-.
2,2,-.
3,3, .4518689

4,4, .9676156

Notice that these values do not sum to z¢
These values cae from another analysis af
we want to make the measures in this
analysis directly comparable with those i
that other analysis (whatever it was).

40.

The second facet says it is anchored, A
but there are no anchor values for tlmrents, so the
anchor i nstruction, nAO

2,RaceA

1,Black; no values, A ignore
2,White

3,Asian

4. Hispanic

*

41.

Now we can see how dummy facets work:

When elements are anchored at 0, they contribute
nothing to the comhed measures that are modeled tc
produce the observations.

When you anchor elements, be sure #tdéast one
facet is unanchored and norcentered or the analysis
will be overconstrained, and will not estimate correct

; Dummy facet
2,RaceA
1,Black 0
2,White,0
3,Asian,0
4.Hispanic,0

*

42.

Her e 6 s a-cuhwhenrseverahedleménts are to
have the same anchor value.

You can specify the element numbers twice Badets
will accumulate the element details

; Dummy facet
2,Rae, A
1,Black
2,White
3,Asian
4,Hispanic

1-4, ,0; the anchor value
*

43.

And, if all the elements are to be anchored at O,
we can use anchawodeD.

; Dummy facet
2,RaceD
1,Black
2,White
3,Asian
4,Hispanic

*




44,

You may have noticed this in the dives.txt data.
The elements have measures, but there is no letter g
the facet label:

2, facet label
1, element label, measure

When a measure is given without an anchor letter, th
measure is used as a startuadue for the estimation
procedure. This can speed up estimation. It was

important when computers were slower. We rarely us
this now.

Starting values are usually set at the final values of a
previous analysis. You can obtain these values by
"Output File§ menu

"Anchor Output File".

When these values are used, the estimation process
starts from these estimates rather than from the
beginning.

-8.93
8.35
-8.16
-8.51
8.4
8.46

8.99

1y
2,1.7,
3,1.8,
4,2.2,
5,2.3,
6,2.4,
7,2.5,
9,2.6,
9,2.8
£

ystarting values

; unclear what dive this was




45.

E. Group Anchoring

46.

There is usually only one way to resolve disjoint (connected) subsets that are discovered after d

collection has finished:
same average as anotlgeoup of element measeas.
In the New York & California example, we could say:

The California raters are as equally severe (on average) as the New York raters,

or we could say AThe Cal

The fit of the déa to the Rasch model is the same for both statements. Bias analyses are the san

both statements. The dat

and see which report makes the most sense to communicate.dnthe x a mp | e,
sever e,

raters are equally

i g group gf eleanant rheasuresrhgsahs

i fornia students ar
us whi

pr obg

a canbot t el |

on averageo.

47.

When we want to specify that two groups of raters hg
the same average severity, we use Group Anchoring

L e tGoosp anchor two sets of raters:

Here we have two groups, "1" (California) and "2" (N¢
York). And we want the average severity of both grot
to be "50" (the Umean= usscaling value, see’#). So
we specify "50" as the measure value for eatérrave
give each rater a group number "1" or "2". And we
specify group anchoring "G".

In our output, the average severity of raters 1, 3, 4, ..
will be 50. The average severity of raters 2, 5, .. will

also be 50. We use this when the two groups of rater
have rated different people, so that the rater groups :
disconnected.

subsets.txt contains

Umean =50, 10

We have specified t
our measures is 50.

1, Raters

1, George, 50, 1
2, Mary, 50, 2
3, Fred, 50, 1

4, Harry, 50, 1
5, Anre, 50, 2

Groupanchoring Acent e
sure thatnother facet is noncentered.

48.

Anchoring raters between analyses:
Raters tend to drift (change their leniencies) betweer
rating sessions. So it is often not preal to anchor
individual raters at their previous measures. But in a
group of raters, some will become more lenient and
some will become more severe, so it may be practicé
groupanchor their average leniency.

When equating groups of raters acrossrgeeach rater
contribute his/her previous measure to the group
average..

; Group 1 are old raters with measures

; ungrouped raters are new raters.

; The average severity of the old raters wil
be maintained ....

1, Raters, G

1, George, 2.37, 1 ; 2.37psevious severity
2, Mary

3, Fred, 1.58, 1

4, Harry, 0.36, 1

5, Anne




49.| Here is what the output of & Group Anchor analysis | | gpeva obsvd obsvd rFairml model | r
looks like. | used the Kct.txt data | score count Average Avrage|Measure S.E. | Mr
The | etter nGo i1 s to rerI " 12 " a0s .95 |2
have ben groupanchored to a group average. | 11 14 .8 4.5 .95 |

| 18 14 T 3.15 .96 |

| 9 14 N 2.25 .98 |

| 9 14 .6 2.24 98 | 1
50.

1C




51.

F. Experimental Design and Judging Plans

52.

Judging plans.

obtain useful measures with much less.

Y o u 0.v Bherghad to e nkagec \Weuneed to lbe able ta plag
every element measure unambiguously in one frame of reference. For stable estimates, we nee(
30 observations of every elemeand at lest 10 observations in every rating scale category. But we

53.

For judging plans, the chief aspects are summarized
http://www.rasch.org/rn3.t
which is also in Facets Help

Judging Plans and Facets

A6 THE JUDGING PLAN

ian. Each of

54.

G. The Partial Credit Model

55.

There are many othdlodels=options. Some are show
in the Facets example files. They are dibed in the
Help file.

Look again at th&ssay testin the Help file.

| t cor r eEsspys.ixtd si nt ot Mie Fac
Each essay is rated by twelve Readers (raters, judgs

Letds |l ook more closely

Q Examples of Specifications and Data

E Two-facet dichotomy: The Knox Cube Test

2] Tworfacets with interactions: Knox Cube Test

E Three-facet dichotorny: The Knox Cube Test with [tem Biaz analysis
ﬂ Two-facet rating scale: Liking for Science

E Three-facet rating scale: Creativity [with Excel input data file)

Four-facet rating scale with bias analysis: Eszay I
+Days

ﬂ Two-facet partial credit/rank order; Sportscasting

E Orne-facet paired comparizon: League Baseball

ﬂ Paired comparizon with ties: Flavar Strength of Gels

7] Ore-facet fived effects analysis: Stiess at Thiee Mile Island
E Measuring, Ancharing and Describing: An Arthrmetic Test

56.

A useful model for exploring rater behavior is the
fiPartial Credito mo d e | This mod
or person or ...) to define their own rating scale.

l0ge(Prij / Prig-1)) =Bn - Di- Fj

(This was in Tutorial 1)

We model this using the
57.| Here are the original model specifications in Essays.| Model =
All the ratings match the first model statement. ?,7B,?B,?,R9
The second model statement is to instruct Facets to | ?,?,7B,?B,R9
perform two biadgnteractionanalyses. *
58.| But what if some Readers are using the rating scale | Model =
way that differs from the other Readers? ?,?B,#B,?,R9 ; # in facet 3
We can investigate this|?27?7?B7?BR9

model to the Readers. Rims are facet 3.

*

59.

60.

11



http://www.rasch.org/rmt/rmt74m.htm
http://www.rasch.org/rn3.htm

61.

Optional

62.

Tell the world about your Facets analyses! There are
over 2M published papers using MFRM. See Facets
Help or
http://www.winsteps.com/facetman/references.htm

You may find that one of these is a useful model for
your work. Please let me know.

If you know of any other Facets papers, please tell m

References to Many-Facet Rasch Measurement

Please cite the current version of Facets as:
Linacre, J. M. (2006) Facets Rasch measurement computer program. Chicago: Winsteps.com

MFRM means Linacre J M. Many-Facet Rasch Measurement, Chicago: MESA Press, 1983 www rasch.c
BTD means Wright B.D. & Stone M.H. Best Test Design, Chicago: MESA Press, 1979: www.rasch.org/b
RSA means Wright B.D. & Masters G.N. Rating Scale Analysis, Chicago: MESA Press, 1982: www rasc

"Measuring Second Language P by T F. , Addison-Wesley Longman, 1996_
“Applying the Rasch Model: Fundamental Measurement in the Human Sciences”, by Trevor G. Bond & C
8058-3476-1- Authors’ website

“Introduction to Rasch Measurement”, Everett V. Smith, Jr. & Richard M. Smith (Eds_) JAM Press, 2004:

Andrich D. (1978) A rating scale formulation for ordered response categories. Psychometrika, 43, 561-572
Masters G N. (1982) A Rasch model for partial credit scoring. Psychometrika 47, 149-174

Rasch G. (1960, 1980, 1992} Probabil

Other recommended sources:
T

Rasch

Models for Some Intell

- www.rasch.org/mt/

Journal of Applied Measurement: www jampress.org

and Tests. Chicago: |

References: (If you publish & paper using many-facet Rasch measurement, or know of ene not on this lit
For quick access to recent papers, search Google Scholar - as of June 2008, this produced 574 hits.

63.

Read the Paper abnstruction.pdf

This Paper will give you

1. areview of what we have covered dgrthe Course
2. a look at some judging plans. A miniredfort
judging plan is mentioned. This was part of the reaso
this methodology was developed. The first applicatio
of manyfacet Rasch measurement was for the Amer
Society of Clinical Pathologistand their certifying
examination for medical technicians.

3. a comparison of marfacet Rasch measurement an
Generalizability Theory (& heory). These are
sometimes thought to be solving the same problem.
focus of GTheory is to decompose the vamann a set
of observed ratings into its component parts. In contr,
the focus of MFRM is to estimate the set of measure
underlying the observed ratings.

JOURMAL OF APFLIED MEASUREMENT, 3(4), 484-50%

Copreright™ 2002

Construction of Measures
from Many-facet Data

John M. Linacre

Benjamin D. Wright
University of Chicago

An extension o the Rasch madel for fundamental messurement is described in which
there i3 parameterization oot only for examines ability and item difficulty but slso for
judge severity. Variants of this model are discussed and judging plans reviewed. Its use
and characteristics are explained by an application of the model to an empirical testing
situation. Acomparison with General wability Theory using a common data set is presentad
as 4 conteast in approaches o msolving judge indeterminacy.

64.

For more about manfacet Rasch measurement MFR
vs. Generalizabilityrheory, please see my comparisof
at http://www.rasch.org/rmt/rmt151s.htm

MFRM i s
theory.

an extension of

Generalizability Theory is an extension of Lee J.
Cronbachtyteoryel i abi | i

Generalizability Theory and Rasch Measurement

Inference:

Analysis stages:

Data.

Context

Generalizability Theory

Relative decisions, ignoring decision-neuiral vanance.
Absolute decisions, inchuding all vanance.

Generalizability: Colection and analysis of data from
which to generalize
Declsion. G-study resuls used to evaluate eror

Rasch Measurement

Construc ear
measures e of other facel
distribubior
Assess quartitative validity of each measure
Linear measures with standard enrors (precision),
it statistics (validity)

rame of reference is criterion by items and
normative by persons

Test conceptualization: Model enables verifying
rating plan vakdity and estimating measurement
precision prior to, during and afier data collection.

minimization and
fulure research
Raw Scores of respanses

Universe of admissible observations that test-user
accepts as interchangeable.

on ai
s from data

walidation of me

Raw responses.

Al responses intended to manifest measures on the
same variable

12



http://www.winsteps.com/facetman/references.htm
http://www.winsteps.com/facetscourse030411/construction.pdf
http://www.rasch.org/rmt/rmt151s.htm

Appendix 1. Prettying Facets Output

65.

Usually, Facets output tables are displayed with
ACourier Newo font

|Cat Step Exp. Resd StRes|

| —— e
|10.59 10.59 10.59 .00 .00 | Mean (Count: 231)

| 2.19 2.19 1.80 1.21 .98 | S.D. (Populaticn)

| 2.1% 2.1% 1.81 1.21 .%% | 5.D. (Sample)

66.

Facets has two more options:
1. Webpage

In theFacets Analysisvindow,
Click on AOQutput Tables &

Click on fiModify specifi
67./|Cl i ck on AASCI | = We bpacg 8 Hodry Output SR =lolx]
. ~ N Title: heacling line on each output takle:
C I I C k O n n O K O |1988|||innisBuy5DivingCnmpetitinn(AnneWendt)
P ™
ASC“ = Webpage ™ Left-hand placement of row labels = Yes
H H H lg— Umean: mean of centerad
can also be entered into your Facets Specifications :
lg— Udecim: number of decimal places for measures
[ Total score (ncludes extreme respanses) = Yes
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