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Statistics 101: An Overview for the Gait & Movement Analysis Community (Parametric)

Gregory S. Rash, EdD

Research data can be obtained in a variety of formats. Each of these formats has unique taracteristics that impact
on the types of statistical techniques that can be appropriately applied. Thistutorial isan overview of common
statistics used for each of these types of data. It is not intended to give everyone al thetods necessary to handle
al of their statistical needs, but to give them an overview of statistical options when dealing with the different
types of data produced in a gait lab environment. By having a better understanding of the statistical options

avail able in the planning stages, oneis ableto design a better study and have data that can be analyzed. This
tutorial describe several non-parametric and parametric statistical techniques, aswell asidentifies common
indications for their applications.

Tutorial Outline

Types of data

Nominal - No arithmetic relationship or order between different classfications. Examples: Occupation
(Clerk, Police Officer, Teacher, ...); Gender (Male, Female)

Ordinal - Data can be ordered into discrete ategories, but categories have no arithmetic relationship.
Examples: Survey Data (5 - Strongly Agree 4 - Somewhat Agree 3 - Neither AgreeNor
Disagree 2 - Somewhat Disagree 1 - Strongly Disagred; Manual Muscle Test (5 - Full Range
of Moation with Maximal Resistance, 4 - Full Range of Motion with Resistance 3 - Full Range
of Motion Against Gravity, 2 - Full Range of Mation without Gravity, 1 - Partial Range of
Motion without Gravity, O - None or Trace Movement)

Interval - Data on a measurement scale with an arbitrary zero point in which numerically equal intervals
at different locations on the scale refled the same quantitative difference  Examples:
Temperature (Fahrenheit or Celsius)

Ratio-  Dataon a measurement scale with an absolute zero point in which numerically equal intervals
at different locations on the scale refled the same quantitative difference Examples: Height,
Weight, Presaure, Temperature (Kelvins)

Types of Variables

Independent — A variable that is manipulated (the treatment variable, the cuse).

Dependent — A variable that is measured (the outcome, the dfea).

Categorical — A clasdfication variable that is analyzed (e.g. gender, race).

Control — A characteristic that is restricted in the study, but not compared (e.g. only stroke pts).

Extraneous — A variable that affeds the dependent variable, but is not part of the design, is not controll ed.
(e.g. Amount of deep).

Confounding —When an extraneous variable is s/stematicall y related to the independent variable. (e.g.
Vertical GRF & ankle compresson force).

Predictor — Another name for the independent variablein regresson.

Response - Another name for the dependent variable in regresson. Sometimes call ed the Criterion.

Dummy — Variables constructed to all ow analysis within a spedfic models framework.

Endogenous — Variables not affeded by other variablesin the study.

Exogenous - Variables that are affeded by other variables in the study.

[Il. Description

A. Central Tendency
1. Mean =2x/n
2. Median = Midde Score
3. Mode = Most frequent score
B. Variation
1. Variance= (x*-((Zx)¥n))/n-1
2. Standard Deviation=sgrt((Zx*((Zx)?/n))/n-1)
3. Minimum = Lowest Score
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Maximum = Highest Score

Range = Lowest Score to Highest Score

Quartiles = Used in sales and survey data to divide populations into groups [0% (minimum),
25%, 50% (median), 75%, 100%(maximum)].

Example: Scores of x: 85, 70, 82, 75, 83, 81, 79, 86, 74, 77, 71, 73

List in order

X
85
70
82
75
83
81
79
86
74
77
71
73

70
71
73
74
75
77
79
81
82
83
85
86

Range 70-86
Mode = No mode, or all are mode

Minimum = 70
25% = 73.75
Median = 78
Add a 90 to end & median would be 79
75% = 82.25
Maximum = 86

XZ
7225 For Mean: 2x =936, n =12
4900 936/12=78
6724
5625  s= sort((Xx*-((Ex)#/n))/n-1)
6889  s= sqrt((73336-((936)%/12))/12-1)
6561 s= sgrt((73336-(876096/12))/11)
6241  s=sort((73336-73008)/11)
7396 5= rt(328/11)
5476  s=0rt(29.82) <€ variance
5929 s=5.46
5041
5329

Sx=936 3x%’= 73336

Parametric Statistics - These methods are based on the assumptions that the parameters, mean and

standard deviation describe a normally distributed population. In normal curve = Mean, median, mode
arethe same and =1 SD = 68% of scores, +2 SD = 95% of scores, & +3 SD = 99% of scores. However,
these assumptions are robust. Can look at skewness (direction of tail) and kurtosis (height of bump) to
verify normality. However, most of the parametric statistics are robust to departures from normality,
although the data should be symmetric.

Frequency of a Score

Positive Negative
Skew Skew

More More
Peaked Flat

95%

-

9?%

3s

-2's

As WM As 25 3s /\

Score on Variable of Interest
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A. Correlation - Assssment of linear assciation between two a more variables (Pearson Product-
Moment). Association NOT Causation!!!
NZxy-(Zx)(2y) Where: X = Independent variable
r = sgrt(n=x*(2x)?) * sgre(nZy*-(Zy)?) y = Dependent variable
n = Pairs of scores
Use the x scores from before & the scores below for y

y Y Xy

90 8100 7650 (12*82710-(936)(1058

85 7225 5950 r= sqrt((12*73336-( 9362) * srt((12*93466-( 1059?)
90 8100 7380

85 7225 6375 (992520-(990289

97 9409 8051 r= sqrt(880032876096 * sqrt(11215921119364
90 8100 7290

90 8100 7110

92 8464 7912 2232

87 7569 6438 r= sqrt(3936 * srt(2229

82 6724 6314

85 7225 6035 2232 2232

85 7225 6205 r= 6274 47.20 r=206143  r=0.753

Ty=1058 >y*=934663xy=82710

Crit 1204, 4=001=0.487, thus sgnificant. However, a significant correlation isnot abig deal!!! All
significancemeansis that the slope is not zero. Look at the Coefficient of Determination or r’=
0.75% r’=0567

The descriptive meaning is “the variable y explains 56.7% of the variancein variable x.

With adf of 100ar of 0.1638is sgnificant & r? = 0.026. Only explains 2.6% of the variability...
Partial Correlation: The crrelation between the dependent variable and an independent variable
when the linear effeds of the other independent variables in the model have been removed from bath.

Craig et a found a correlation of 0.91 when lodking at the relationship of math achievement with
shoesizein grades 1-5. However, when done as a partial correlation holding age @nstant (r 1..3), he

found r=0.36.
120 . 120
110 110
° 100 | 100 [
Q
£
«
g 90 90 -
t
2
£ 80 80 |
]
= PREs
70 .. 70 |
60 .“I 1 1 1 1 1 1 1 1 1 60 I T T T T W T T A
1 2 3 4 5 6 1 2 3 4 5 6
Shoe Size
Math performance & shoe size grades 1-5

B. Regression - Prediction of dependent variables based on correlations with independent variables
(Linear, Non-linear, Logistic, Multiple). Goal isto develop aregresson eguation in the form:

Y =a+bx or fromalgebray=mx +b
Where: a= Intercept, b = Slope, y = Predicted Score, x = Predictor variable
Useleast squaresfit tofind b =» b= r (s/s)
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Where: r = Correlation s,=SDofy S = SD of x
a= isvalueof ywhen x =zero (a= y- bx)

Example: Try to use body weight as a predictor of the number of pull-ups for grades 1-6.

x = (Body wt) y = (pull-ups) 15

Xpar = 98 Yoar = 5 n
s = 9.44 s, = 4.40 " .

r =-0.54 r=0.29 u

b= r(s/s) > -0.54* (44/9.449 Sb= 0252 | ¥ _ T~
a= Vog - Xpy = 5- (-.252 *98 »a= 29.696 ™~ \.\.
| |
| |

Prediction equation = y = 29.696- 0.252x 0 ‘ ‘ ‘ : o

If yout r=>» | error of prediction. X
If you ¢ SD of criterion =» | error.

If r # 1 or —1, then get best fit & will have ERROR. Lodk at Coefficient of Determination or r?as
indicator. Interpret liker? for correlation.

Thusif a child weighs 1001bs, the equation will predict that they can do 4 pul-ups & the equation
acoounts for 29% of the variance Crit I 1gq4 4=005=0.444, thus sgnificant, but not a great predictor...

Multiple Regression: y =a+byx+b X +....b, X,

Two a more predictor variables (independent) & one dependent variable. Using more Predictors 1
acauracy (the multi ple r? will always go up). Many ways to calculate which variables are the best to
keqy: stepwiseis most common, but none of them work better than a through knowledge of the
subjed matter & understanding how the variables are related and interact.

Good example of anon linear multiple regresson equation is a body density equation or a %fat
skinfold prediction equation:

Body Density=1.112-0.0004349{= 7 skinfolds)+0.00000055¢= 7 skinfolds)?-0.000288age)
%fat=0.2928%(= 4 skinfolds)-0.0005%( 4 skinfolds)2+0.15845%age)

Time Series Data (Comparison of Waveforms) - Time-series waveforms typically cannot be
analyzed by standard statistical methods. Therefore, a statistical measure to compare waveformsis
useful in our professon. The methods that one sees used most are the Pearson product moment
correlation coefficient, the Concordance Correlation Coefficient (CCC), Coefficient of multiple
Correlation (CMC) & Intra ClassCorrelation (ICC). There are a couple of others that
mathematician’s sy may work better, but I’ ve not seen them applied to cur type datain the literature.
My preferenceis the CMC, also known as the adjusted coefficient of multi ple determination (R?,). A
R?, of 1 indicates that the waveforms are identical, whereas a R, of O denotes complete dissmil arity.

Identical & CMC?=1 +2 =» CMC?=0.6423 +5=» CMC?=0.1467
ICC?=1 ICC?=1 ICC?=1
L]
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X2 =» CMC?=0.7306 X5=» CMC?=0.2351
ICC?=0.7901 |CC? = 0.3087
"
X '\
[ |
] I
K ,
Normal Patient Bilateral Eye Bell's Palsy Bilateral Eye
Blink = CMD=0.9955 Blink = CMD = 0.0681
ICC?=0.9970 ICC?=0.3672

In the review processfor the Rash et al., 1999 aper areviewer suggested we use ICC instead of
CMC. Their reasoning was that the CMC was not normally distributed (I’ ve not seen thisin print). |
reanalyzed al the data using ICC and found no differencein the @mparisons except at the 3 or 4™
dedmal place It should be noted that all the arvesin this particular paper had CMD values abowve
0.90. The paper was published using CMC'’s. One @n seeby the amparisons above that the ICC
can't handle DC shifted deta, although it does pick upthe differences with scaled data. The ICC
yielded a higher valuein al cases © ane might deducethat the ICCis more liberal than the CMC.
Are any of these the best for time series? | must apply a quote from Thomas Payne: “ Things are not
necessarily right, just no ane has taken the time to show it’swrong.”

Inferential Statistics

Errors In Inferential Testing: There are two types of errors that can be made when testing a
hypothesis. These are:

« Typel erors (a) - Rgeding the null hypothesis when in fact it istrue.
e Typell errors (B) - Accepting the null hypothesis when in fact it should have been rejeded.

Typel (a) errors aretypically caused by two main problems. Small sample sizes or too many
analyses.

One of the most common problems leading to Type | errorsis small sample size. The best way to
demonstrate thisis to use baseball hitting as an analogy. At the beginning of the year there may be a
great number of batters who are batting either way abowve or way below their normal average. In fact,
in the erly season there may be several .400hitters.

In the early season players have had only afew “at bats’. If they have been “hot” early, they may
have a very high batting average; if they' ve been "cold" early, they may have a very low average. On
the basis of the early season averages one might be tempted to say that a particular batter is hitting
"significantly" higher or lower than his average in the previous year. In fact, as the year goes along
most of these extremesin averages will even out and .300hitterswill be hitting around .300, the.200
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hitters will be hitting around .200s, etc. The problem that led one to beli eve that a batter had
significantly changed was alow sample size, i.e., too few times at bat. As the season wears on and the
times at bat rise, this smpling error is correded and the results are no longer significant.

Other contributorsto Type | errors are variations on the theme of too many analyses: analyzing too
many variables, too many subgroups, or analyzing the datatoo dten.

Many timeswetry to look at too many variables at the same time. Asaime that we are looking at the
difference between a group that gets surgery and another that receves non-surgical options. By the
timewe include all the kinematic, kinetic and ADL variables that we fed are important, we' ve
obtained avery large list of variables. The more variables we look at, the greater the chancethat one
will show significance, when in fact the differences are may be due to sampling variations. Thus, the
more variables we lodk at, the greater the chance of committing a Type | error.

A related problem is when we have too many subgroups. Let' s say we are cmparing the surgery and
non-surgery groups again. We may not find differencesin our patients taken as a group. However, if
we start dividing them up into subgroups we may find dfferencesin a particular subgroup. Yet this
may not be atrue, reproducible difference It may have been found because of sampling variation and
analysis of many subgroups. As we increase the number of subgroups, we increase the dhancethat one
of the subgroups will show a Typel error.

Be aware that some studies ook at large numbers of variables and many subgroups, and show still
some legitimate significant differences. If the sample sizeinvolved in the variable or subgroup
population is sufficient, the significance of the study may bereal. If the subgroup istoosmall, the
differencehas a greater chanceof being a Type | error. It may require foll ow-up studies of the spedfic
subgroups to make this determination.

Anocther related cause of Typel errorsisanalysisthat istoo frequent. When the data ae analyzed
too dten, what frequently happensisthat the study is gopped as on as sgnificanceis found.
Remember that, like a batting average, the result of an experimental study may fluctuate grestly with
small sample size. If one analyzes a study frequently and stops as on asit reaches sgnificance the
chances of theresults being a Type | error are increased. It isimportant that sample size be
determined prior to a study and the entire study carried out before any meaningful analysisis
attempted. Although batting averages are @l culated deily, if we stop calculating batting averages
when a hitter is sgnificantly different from past years, we may have a Type| error.

Typell (B) errorsaso ocaur primarily because of 2 main problems. Small sample size & wide
variability of the data.

Aswith Typel errors, Typell (beta) errors can occur because of small sample size. In fact, small
sample size isthe most common cause of Typell errors. Also, aswith Type| errors, the larger the
sample sizeis, thelesschancethereisof a Typell error.

Anocther asped of small sample size hasto do with the mncept of statistical differenceand clinical
importance Let' s sy a study showed a mortality rate of 50% with traditional therapy, which was
reduced to 40% with a new therapy. Clinically, thisreduction of 10% is an important reduction in
mortality. However, dueto the small size of the sample, a statisticall y significant diff erence was not
found. In this example the differencewas clinically important, but because of small sample size, was
not found to be statistically significant. This points out the importance of asauring that the sample
size of astudy islarge enough to show differences we fed are dinically significant. In addition to
small samplesize, Typell errors can be caused by wide variability in the data.

A new surgical technique reduced post surgical therapy time from a mean of 60 days with
conventional technique to a mean of 45 days with the new technique. Thisis a 20% reduction.
However, the range of data for the conventional group was 25-95 days and 2075 days for the new
technique. Thiswide variancein the data may eliminate any chance of finding statistical
significance Wide variability of datais most often the result of a heterogeneous population or error in
technique.
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Because some aror will always creg into any study, we spedfy the amount of error that we are

willi ng to tolerate. For Typel (a) error, it is generally considered that a 5% error is acceptable. This
means that we're willi ng to accept the idea that our claim of a statistically significant difference will
be wrong 5% of thetime. Thisisnot necessarily our choice but dictated by what the journals are
willi ng to publish.

For Typell (B) error, in medicineit is generally considered that an error of between 10% - 20% is
acceptable. What this meansisthat if you report no difference between a treatment group and the
contral group, thereis only a 10%- 20% chancethat you would have missed an improvement of some
spedfic difference

Power: Closdly related to the Type Il errors and relates to the studies abilit y to deted differences.
(e.g. astudy might be "powerful” enough to deted a differenceof 30 percent changein ROM, but not
powerful enough to deted a difference of 20 percent. The power of a study is calculated by the
formula: Power = 1- B error (e.g. with 3 error of 10%, the power of astudy = 1 - 10% = 90%).

Suppose we have a study in which we are looking for a 25% improvement: however, our study does
not find it. Our [ error was 20%: thus, the power of our study was 80%. This meansthat if a 25%
improvement actually did exist, we would have deteded it 80times out of 100. Therefore, the study
had acceptable power (80%) to deted a 25% improvement, but was not of adequate power to deted a
lesser difference say 20% or 10%. Although in our example the null hypothesis was not rejeded, one
can't rule out the posshility that a 20% or 10% change @uld have occurred and they just missed it
becuse of a 20%.

A significant point hereisthat a negative study becomes much more meaningful with an
understanding of the power of the study. This approach also gives more meaning to clinical
significance over statistical significance A 10% improvement may be very important clinically, but
it may have fail ed to show statistical significance

We all want our conclusionsto be mrred and reproducible by other investigators. The most
important things you can do to reduce Type | and Typell errors are:

¢ Userespedable sample size (small sample sizeleadsto bah Typel and Typell errors).

e Don't overload your study with comparisons or subgroups and don’t take too many "peeks’ at the
data.

e Design your study to oltain "clean" data with aslittl e variability as posshle

t-test: (Independent or Dependent)

Independent: Compares means for two groups tested on the same independent variable. Idedlly, for
thistest, the subjeds sould be randomly assgned to two groups, so that any differencein responseis
dueto the treatment (or lack of treatment) and not to ather factors.

Example: We @n calculate the independent "t" statistic to test the H, that there is no significant
differencebetween x & y for the data from pages 3 & 4. Usea = 0.05.

Xoar= Y bar 78 — 882 -10.2
t = sgrt((sé/n) + (S,7/n)) = srt(5.46%/12 + 4.11%/12) = sort(29.8/12 + 16.9/12)
-10.2 -10.2 -10.2
t = sgrt(2.48 + 1.41) = sqrt(3.89) =1.97 =

df=(n+ny)-2 => df=(12+12-2 => d=22

Critical tpy @ 05= 2.074 Thusrged H, & accept Hythat they are significantly different.

Dependent: Thetwo groups are related in one of 2 general relations. Most commonly it compares the
means of two variables for asingle group (Pre/Post test). It computes the diff erences between values

of the two variables for each case and tests whether the average differsfrom 0. However, it isalso
often used when groups are matched and felt to not be independent.
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Example: We @an calcul ate the dependent "t" statistic to test the H, that there is no significant
differencebetween x (pretest) & y (posttest). Usea = 0.01. First calculate the difference (D) & D2

D D?
-5 25 2D -112
-5 25 t = sort[(nZD*<=D)d)/(n-1)] = sqrt[(12*11824-112?)/(12-1)]
-8 64
-10 100 -112 -112 -112
-14 196 t = sort[(14184-1254%11] = sort[164011] = sqrt[149.09
-9 81
-11 121 -112
-6 36 t=1221 t=
-13 169
-5 25 df=nparcl =  d=121 =  d=11
-14 196
-12 144 Critical t11 @ 01= 3.106. Thereforereged H, & accet H,that they are
¥-112 1182 significantly different

ANOVA: An extension of independent t test or the t-test isa spedal case of ANOVA. It isamethod
of testing the null hypothesis that several group means are equal in the population, by comparing the
sample variance etimated from the group means to that estimated within the groups. Uses F statistic
& only tellsus that thereis sgnificance somewherein themodel. If we find an overall significance
we nedl to then find between which means. Often used foll ow up tests. Scheffe (most conservative),
LSD, Tukey's, Newman-Keuls, Duncan (most liberal), etc. All try to keep the a at itsoriginal value,
if not the o degrades with each comparison [e.g. (a,=1-(1-a)") using o =0.05 & 10 comparisons
without corredion a1o= 0.4. Thus4 out of the 10 comparisons have probability of committing Type |
errors]. Planned comparisons are best (apriori) = must have idea of comparisons at the beginning.

Example: Using the ABC method we will construct a one way ANOVA tableto test the H, that there
isno significant difference between x, y (from pg 3& 4) and z (Use a = 0.01). Usethefollowing 12
scores as athird variable, the z variable (87, 78, 85, 78, 90, 85, 85, 79, 80, 77,78, 90. Sum of Z =
992, sum of Z% = 82269.

A=3x* A=73336+93466+82266 A=24906

B=(2x)YN B=(936+1058+992%36 B=2986/36 B=891619636
C=(Zx1)?/Ny+(ZX2) %N+ (ZX3)°INg C=(936/12)+(105&/12)+(99%/12)
C=(87609612)+(111936412)+(98406412)

C=(73008+(932803)+(820053)

Source SS df MS F

Between (True) C-B k-1 SS/dfg MS:/MSy

Within (Error)  A-C N-k SSy/dfy

Total A-B N-1

Where: X=subjeds core N=total # subjeds n=# subjedsin group k=#groups
SS Sum of Squares MS=Mean Square  df=Degrees of Freedom

Source SS df MS F
Between (True) 2482936-24767211 31 SS/dfg MSs/MSy
Within (Error) 2490682482936 36-3 SSy/dfw

Total 24906824767211 361

Source SS df MS F
Between (True) 62149 2 -621492 MS/IMSy
Within (Error) 7744 33 774.4/33

Total 139589 35
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Source SS df MS F
Between (True) 62149 2 31075 MS/MSy
Within (Error) 7744 33 2346

Total 139589 35

Source SS df MS F
Between (True) 62149 2 31075
Within (Error) 7744 33 2346

Total 139589 35

Critical Fz, 33 @ 01= 6.78 Therefore, rejed H, & accept Hythat thereis at least one group significant-
ly different than one of the others. We need afoll ow up test to find out which means are different.

Factorlal_ Design: When Frequency of Exercise

you manipulate more than 2 daysiweek 3 days/week

one Independent Variable Xrlcl Xrlcl2 Xrch XrchZ

and evaluate the dfeds on 2940 864360( 2980 8880400

asingle dependent 3070 9424900 3160 9985600

varigble. We an look & 40% | 3100 961000 3025 9150625 X,,;=30285
the main effeds & 2925 8555627 3045 9272025
Interactions. 3050 9302500 2990 8940100

Example: Using the ABC X KXoz | Xizz Koo

method & the data to the 3150 9922500 3720 1383840(

right, wewill constructa  Intensity 3020 9120400 3630 1317690C

two way (2X3) ANOVA of 60% | 2990 8940100 3570 12744900X,=33510
tabletotest theH that  Exercise 3050 9302500 3690 1361610(

thereis no significant 2980 888040( 3710 1376410(

difference between Xr3cl Xr3012 Xr3(:2 Xr3(:22

frequency of exercise 3170 1004890( 3920 1536640(
(2days/week vs 3 daysiwk) 3120 9734400 4040 1632160C

& intensity of exercise 80% = 3050 9302500 4110 16892100X,;=35620
(40%, 60% or 80% max 3110 9672100 4005 16040025

HR). We'll usethea = 3105 9641028 3990 1592010(

0.05. X 4=45830 X =53585

A=32x*> =8643600-9424906...+15920100= [A=24906

B=(=x)N =(2940+3070+3100+...+3990%/30 =99415/36 =9883342220 B=32944474

C=[(Zx)H(ZXr)*+H(ZX3)?) /N =(30285)+(33510)+(35620)
C=(917181225+(112292010p+(126878440p10 =330888572B.0  |C=330888575

D=(Sxe)’+(EXe)/Na  =[458306+53585]/15 =[2100388908287135222515
D=49717411285 |D=3314494@

E=[(ZXr1c)*H(EX 11e2) ™+ ... +(EX 132) N 1ia. =[150858+1520G+...+20065]/5

E=[22755722%231040008...+40260422§5 =1669517975%
Source SS df MS F
Row (Intensity) C-B r-1 SS/df, MS/MS
Columns (Freq) D-B c-1 SS/df, MS/MS,
RXC (E-B)-(C-B)+(D-B)  (r-1)(c-1) SSJdf,. MSJ/MS,
Error (A-B)-(E-B) (N-1)-(r-1)+(c-D)+ SS/dfe

(r-1)(c-1)
Total A-B N-1

Where: X=subjeds sore N=total # subjeds n=# subjedsin group r=#rows c=#columns
SS Sum of Squares MS=Mean Square  df=Degrees of Freedom
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Source SS df MS F
Row (Intensity) 330888573-329444741 31 SS/df, MS/MS,
Columns (Freq) 331449408-329444741 2-1 SS/df MS/MS,
RXC (333903595-329444741)- (3-1)(2-1) SS./df . MSJ/MS,
(1330888573-329444741)+
( 331449408-329444741)
Error (249068-329444741)- (30-1)-(3-1)+ SS/df.
( 333903595-329444741) (2-1)+ (3-1)(2-1)
Total 249068-329444741 30-1
Source SS df MS F
Row (Intensity) 1443832 2 1443832/2 MS/MS,
Columns (Freq) 2001667 1 2001667/1 MS/MS,
RXC 1010355 2 1010355/2 MSJ/MS,
Error 107230 24 107230 /24
Total 4566084 29
Source SS df MS F
Row (Intensity) 1443832 2 721916 721916/4468
Columns (Fregq) 2001667 1 2001667 2001667/4468
RXC 1010355 2 505177 505177/4468
Error 107230 24 4468
Total 4566084 29
Source SS df MS F
Row (Intensity) 1443832 2 721916 161.57*
Columns (Fregq) 2001667 1 2001667 448.00*
RXC 1010355 2 505177 113.07*
Error 107230 24 4468
Total 4566084 29

Start from bottom up in a factorial design. For Interactions, Critical Fy, 24 @ 0s= 3.40 Therefore
regect H, & accept H,that there is a significant difference with respect to interactions. Need a follow
up test to determine which. Since the interactions are significant, we ignore the main effects even
though significant (Intensity, Critical F,, 24y @ 05 = 3.40 & Frequency, Critical Fy, 24 @ .05 = 4.26).

Interactions

4000

3750

3500

Meters

3250

300

Frequency 3

=== 300, ==ll==60% ==lr=40%

Repeated Measure Design: When Subjects | Xo | X Xuw X2 X X
you take multiple measurements 1 5 25 7 49 9 81

of the dependent variable, 2 3 9 4 16 4 16

typically when looking at the 3 4 16 6 36 7 49

affect of the independent on the 4 5 25 5 25 7 49

dependent variable over time. 5 6 36 8 64 9 81

Example: Using the ABC method D2 23 111 30 190 36 276
& the data to the right, we will Xbar 4.6 6.0 7.2
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construct a Repeated Measure ANOVA tableto test the H, that thereis no significant difference
between subjeds or time post Botox injedion (same day, 1 week, 1 month) with resped to the amount
of dors flexion measured at the ankle. We'll usethe a = 0.05.

A=3x? =111+190+276

B=(=x)¥N =(23+30+36)%/15 =8%/15  =792115
C=[(ZX0)+(EX2) >+ ... +(Ex0)2] Iy =[217+10%+.. . +2F)/3 =[441+121+...+529/3 =16693[C=556.33
D=(ZXc1) (X)) +(EXea)?]/Ney  =[2F+30°+36%]/5 =[529+900+1296/5 =27255

Source SS df MS F
Row (Subjeds) C-B r-1 SS/dfs MS/MS
Columns (Time) D-B c-1 SS/df; MS/MS
Residual (A-B)-(C-B)+(D-B) (r-1)(c-1) SS/df,

Total A-B N-1

Where: X=subjeds ore N=total # subjeds n=# subjedsin group r=#rows c=#columns
SS Sum of Squares MS=Mean Square  df=Degrees of Freedom

Source SS df MS F

Row (Subjeds) 5563352807 51 SS/df MS/MS

Columns (Time) 54552807 31 SS/df; MS/MS

Residual (557-52807)- (5-D(3-1) SS/df,
(55633-52807)+
(54552807)

Total 55752807 151

Source SS df MS F

Row (Subjeds) 2827 4 28.27/14 MS/MS

Columns (Time) 16.93 2 16.932 MS/MS

Residual 3.73 8 3.73/8

Total 4893 14

Source SS df MS F

Row (Subjeds) 2827 4 7.07 7.07/0.46

Columns (Time) 16.93 2 8.47 8.47/0.46

Residual 3.73 8 0.46

Total 4893 14

Source SS df MS F

Row (Subjeds) 2827 4 7.07 15.36*

Columns (Time) 16.93 2 8.47 1841~

Residual 3.73 8 0.46

Total 4893 14

We don't care about differencesin subjeds, but for Time: Critical F,, g @ 05= 4.46 Thereforerged
H, & accept Hathat thereis a significant differencewith resped to time. Need a foll ow-up test to
know if it’s between initial & 1 week, initial & 1 month or 1 week & 1 month.

Follow-up test: Already stated that A prior test are more powerful statistic, but out of the scope of this
tutorial. Thus, we need Post Hoc foll ow-up tests. Many to choose from and which foll ow-up test you
chooseisatutoria initself. Most common are:

Least Significant Difference (LSD) & Proteded LSD — Basically multiple t-test

HSD — Tukey’s— OK, but lose power

Sheffeé - Ok

Newman-Keuls— Seldom use

Duncan’s Multi ple Range — Best because it keeps track of the number of means you are cmmparing
and modifiesthe a for various p values.
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ANCOVA Theanalysis of covariance (ANCOVA) is atecnique that combines the features of an
ANOVA and regresson. In aone-way ANOVA, you typically are lodking at the means of the
dependent variable with resped to some treatment variable (plus the residual s). But suppose that on
each unit we have also measured another variable that islinearly related to aur means? We @n now
have aregresgon coefficient of Y on X. Thisis basically the ANCOVA modd. If X and Y are dosdly
related, we may exped this modd to fit the values better than an ANOVA modd. The model extends
easily to more owmplex situations (two-way, randomized blocks, etc.).

Example: There are many variablesin biology & medicine that are not fully meaningful by
themsalves (e.g. O, consumption is more meaningful on a per kilogram basis than as an actual
number). Let’s asauime that we want to look at O, consumption in premature infants after giving one
of threedrugs. Sincethe value for O, consumption is affeded by gestational age & weight we would
want to corred any measures of O, consumption for gestational age & weight. Without doing so, the
values would NOT be meaningful acrossthe wide range of premature infants. The same @n be said
for analyzing joint moments acrossthe wide range of heights & weightsif the kinetics are
standardized to weight or weight & height.

Gestational age & weight would be our covariates. What the ANCOVA does is adjusts each raw O2
consumption score for gestational age & weight of each infant and then conduct an ANOVA. The
ANCOVA simply correds the raw data for the cvariates, giving the mrreded values used in the
ANOVA acommon base.

MANOVA Using morethan 1 dependent variable. The factor variables divide the population into
groups al owing you to test null hypotheses about the dfeds of factor variables on the means of
various groupings of ajoint distribution of dependent variables. Y ou can investigate interactions
between factors as well asthe dfeds of individual factors. In additi on, the dfeds of covariates and
covariate interactions with factors can beincluded. Thereis more power with univariate statistics.

So if you can combine factors without losing information, you can show significant differences easier.
You must still have anormal distribution with each variable. You lodk at a vedor of dependent
variables. To be @mnsidered multivariate normal, each variable must be univariate normal and any
linear combination of variables must be univariate normal. Hard to med & even harder totest. You
typically look at each variable separately. However, this can’t show you that it is multi variate normal,
but can show you if it isn't univariate normal, thus it isn’t multivariate normal.

We generalize the t test for multivariate: t2=((Xpa-W)/(§Sart(n)))? = (tn.1)* = Fry =T2 (Hotelling's T)

Example: | used a4 X 3 factorial MANOVA to lodk at the maximum flexion angle, maximum
extension angle, maximum angular velocity & maximum extension moment at the ankle, kneeé& hip
during walking.

Source Hotd T>  ExactF Hodf ERdf Prob

Joint 2200 165379 2 15 <0.000
Kin 15929 74337 3 14 <0.000
IXK 74698 136946 6 11 <0.000

Sincel had asignificant interaction, | didn’t look at the main effeds. | performed foll ow up teststo
find which interactions were significant (I followed upwith A Priori Bonferonni adjusted peired t test
on all posshleinteractions) Schutz & Gessaroli (1987).

| can also use a multi variate approach for repeated measure analysis. In the previous repeated
measure example, below isthe Multivariate results:

MULTIVARIATE ANALYSIS

Effed Value F Hyp df Error df Sig.
DORSl Pillai' sT 0.867 9.750@) 2.000 3.000 0.049
Wilks A 0.133 9.750@) 2.000 3.000 0.049
Hoteling' sT 6.500 9.750(a) 2.000 3.000 0.049
Roy' sLargest Roat 6.500 9.75Q(a) 2.000 3.000 0.049
a Exact statistic
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Multivariate Regresson: Regresson analysis of multi ple dependent variables by one or more factor
variables or covariates. For regresson analysis, the independent (predictor) variables are spedfied as
covariates. The procedure produces a prediction equation of the form:

Y= Bgj + ByjZyi + ByZy +...+ BiZi + g Where: each Bisa(r+1) X m matrix

each Z isar+1 vedor (age, ht, wt, tc)
each eisar+1 error vedor

Principal Component Analys's:

A principal component (PC) analysisis concerned with explaining the variance-covariance structure
through linear combinations of the original variables. Its general objedives are (1) data reduction,
and (2) interpretation.

Although al components are required to reproducethe total variahility of the system, often much of
this variahilit y can be accounted for by a small number of the principal components. In many cases,
thereis almost as much information in the small er number of components as there was using al
components. The small er number of components can then replacethe original data set.

An analysis of PC often reveals relationships that were not previously suspeded and thereby all ows
interpretations that would not ordinarily result. PC analyses are more of a means to an end rather
than an end in themselves because they frequently serve as intermediate steps in much larger
investigations. For example, PCs may be inputs to a multi ple regresson or cluster analysis. Also,
scaled PCs are one "factoring" of the mvariance matrix for factor analysis discussed later.

Algebraicaly, PCs are particular linear combinations of the variables. Geometrically, these linear
combinations represent the seledion of a new coordinate system obtained by rotating the original
system. The new axes represent the diredions with maximum variability and provide a smpler and
more meaningful description of the @variance structure.

PCs depend solely on the @variance matrix (correlation matrix). Their development does not require
amultivariate normal assumption. On the other hand, additional inferences can be made from the
sample mmponents when the population is multi variate normal

Factor Analysis

Factor analysis has provoked rather turbulent controversy throughout its history. Its modem
beginnings liein attempts to define and measure "intelli gence" Thus, primarily scientists interested
in psychometric measurement devel oped factor analysis. Arguments over several early interpretations
and the lack of powerful computing faciliti es hindered itsinitial development as a statistical method.
The advances in computer technology have helped its growth the last decade. Most of the original
tedchniques have been discarded and the erly controversiesresolved. Each application of the
technique must be examined on its own merits to determineits siccessin that field of study.

The esential purpose of factor analysisisto describe, if possble, the @mvariancere ationships among
many variablesin terms of afew underlying, but unobservable, random quantiti es call ed factors.
Basically, the factor modd is motivated by trying to show that variables can be grouped by their
correlations. That is, all variableswithin a particular group are highly correlated among themselves
but have relatively small correlationswith variablesin a different group. If thisistrue, it is
conceivable that each group of variables represents a single underlying construct, or factor, that is
responsible for the observed correlations. For example, correlations from a group of ADL task scores
may suggested an underlying "ROM" factor. A second group of variables, representing physical -
activity scores, if available, might correspond to another factor. It isthis type of structure that factor
analysis eeksto confirm.

Factor analysis can be mnsidered as an extension of PC analysis. Both can be viewed as attempts to
approximate the mvariance matrix. However, the approximation based on the factor analysis model is
more daborate. The primary question in factor analysisis whether the data ae mnsistent with a
prescribed structure.
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There are many decisions that must be made in any factor analysis study. Probably the most important
decision is the choice of the number of common factors. Although alarge sample test of model
adequacy is available for a given number of common factors, it is suitable only for datathat are
approximately normally distributed. Also, the test will most assuredly reject model adequacy for a
small number of common factors if the number of variables and observationsislarge. Yet thisis
when factor analysis provides the most useful approximation. Most often, the final choice of the
number of common factorsis based on some combination of (1) the proportion of sample variance
explained, (2) subject matter knowledge, and (3) the "reasonableness’ of the results. Thus, the choice
of solution method and type of rotation are less crucial decisions.

Factor analysis till maintains the flavor of an art form over a science. However, Johnson & Wichern

suggest the following approach.

1. Perform aprincipal component factor analysis. This method is particularly appropriate for afirst
pass through the data.
() Look for suspicious observations by plotting the factor scores. Also calculate standardized
scores for each observation and squared distances.
(b) Tryavarimax rotation.

2. Perform amaximum likelihood factor analysis including a varimax rotation.

3. Compare the factor analyses solutions.
(@) Do theloadings group in the same manner?
(b) Plot factor scores obtained for principal components against scores from the maximum
likelihood analysis.

4. Repeat thefirst three steps for other numbers of common factors. Do extra factors necessarily
contribute to the understanding and interpretation of the data?

5. For large data sets, split them in half and perform afactor analysis on each part. Compare the
two solutions with each other and that obtained from the compl ete data set to check solution
stability. (The data might be divided at random or by placing odd-numbered casesin one group
and even-numbered casesin the other group.)

Discrimination and Classification

Discriminant analysis and classification are multivariate techniques concerned with separating
distinct sets of objects (or observations) and allocating new objects (observations) to previousy
defined groups. Discriminant analysisis rather exploratory in nature. As a separation procedure, it is
often employed on a one-time basisin order to investigate observed differences when causal
relationships are not well understood. Classification procedures are less exploratory in the sense that
they lead to well-defined rules, which can be used for assigning new objects. Classification ordinarily
requires more problem structure than discrimination. The immediate goals of each are:

Discrimination: To describe either graphically (in three or fewer dimensions) or algebraicaly, the
differential features of objects (observations) from several known collections (popul ations). Want to
find "discriminants' whose numerical values are such that the collections are separated as much as
possible. A more descriptive term for this goal is separation.

Classification : To sort objects (observations) into two or more labeled classes. The emphasisis on
deriving arule that can be used to optimally assign a hew object to the labeled classes. Thisis
sometimes called allocation

A function that separates may sometimes serve as an allocator, and, conversely, an allocatory rule
may suggest a discriminatory procedure. In practice, separation and allocation frequently overlap and
the digtinction between them becomes blurred.

Clustering

Searching the data for a structure of "natural™ groupings (or clusters) is an important exploratory
technique. Groupings can provide an informal means for assessing dimensionality, identifying
outliers and suggesting interesting hypotheses concerning relationships. Exploratory procedures are
often quite helpful in understanding the complex nature of multivariate relationships.
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Clustering is distinct from the dassfication methods discussed above. Classfication pertainsto a
known number of groups, and the ohjedive isto assgn new observationsto ane of these groups.
Cluster analysisis a more primitive technique in that no assumptions are made @ncerning the
number of groups or the group structure. Grouping is done on the basis of simil arities or
dissmilarities. Theinputs required are simil arity measures or data from which simil ariti es can be
computed.

Toill ustrate the nature of the difficulty in defining a natural grouping, consider sorting the 16 face
cardsin an ordinary ded of playing cardsinto clusters of similar objeds. It isimmediately clear that
meaningful partitions depend on the definiti on of similar (same suit, same lor, same value).

In most practical applications of cluster analysis, the investigator knows enough about the problem to
distinguish "good" groupings from "bad" groupings. Why not enumerate all posshble groupings and
seled the "best" ones for further study?

For the playing card example, there is one way to form a single group of 16 face @ards; thereare
32,767 ways to partition the face @rds into two groups (of varying sizes); there are 7,141,686 ways to
sort the face @rds into threegroups (of varying sizes), and so on.' Obviously time @nstraints make it
impaossbleto determine the best groupings of similar objeds from alist of all possble structures.
Even large omputers are easily overwhelmed by the typically large number of cases, so ane must
settle for algorithms that search for good, but not necessarily the best, groupings.

Thus, the basic ohjedivein cluster analysisisto discover natural groupings of the variables. In turn,
we must first develop a quantitative scale on which to measure the association (simil arity) between
ohjeds. Even without the predse notion of a natural grouping, we are often ableto cluster ojedsin
two- or threedimensional scatter plots by eye. To take advantage of the mind's ability to group
similar objeds, severa graphical procedures are avail able for depicting high-dimensional
observationsin two dimensions.

REVIEW OF AVAILABLE STATISTICAL TESTS

Thistutorial has discussed many different statistical tests. To seled theright test, ask yourself two questions: What
type of data do you have? What is your goal ? Then refer to the table that foll ows. Maost of the tests described in this
tutorial & thetable an be performed by most advanced statistical packages.

Review Of Nonparametric Tests

Choosing the right test to compare measurements is tricky, as you must choase between two famili es of tests
(parametric and nonparametric). Many statistical tests are based upon the assuimption that the data ae sampled
from a Normal distribution. These tests are referred to as parametric tests. Commonly used parametric tests are
listed in the 2nd column of the table (e.g. t test & ANOVA).

Tests that do not make assumptions about the population distribution are referred to as nonparametric tests. We
covered some of these nonparametric testsin the tutorial. All commonly used nonparametric tests rank the outcome
variable from low to high and then analyze the ranks. These tests are listed in the 3 column of the table (e.g.

Wil coxon, Mann-Whitney test, and Kruskal-Walli stests). These tests are also call ed distribution-freetests.

Choosing Between Parametric And Nonparametric Tests: The Easy Ones

Choosing between the two types of testsis sometimes easy. Definitely choose a parametric test if you are sure that
your data were sampled from a population that foll ows a Normal distribution (at least approximately). Definitely
seled a nonparametric test in threesituations:

e Theoutcomeisarank or ascore and the population is clearly not Normal. Examplesinclude dassranking of
students, the Apgar score, the visual analogue score for pain (measured on a continuous <ale where O is no
pain and 10is unbearable pain), or a manual muscle test (measured on a continuous <ale where 0 isno
movement and 5is basically normal).

e Somevalues are "off the scale," that is, too high or toolow to measure. Even if the population is Normal, it is
impaossble to analyze such data with a parametric test sinceyou don't know all of the values. Using a
nonparametric test with these datais smple. Asggn values toolow to measure an arhitrary very low value and
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assgn values too high to measure an arbitrary very high value. Then perform a nonparametric test. Sincethe
nonparametric test only knows about the relative ranks of the values, it won't matter that you didn't know all
the values exactly.

e Thedata ae measurements, and you are sure that the population is not distributed in a Normal manner. If the
data ae not sampled from a Normal distribution, consider whether you can transform the values to make the
disgtribution beaome Normal (e.g. take the logarithm or redprocal of all values). There are often biological or
chemical reasons (as well as gatistical ones) for performing a particular transform.

Choosing Between Parametric And Nonparametric Tests: The Hard Ones
It is not always easy to dedde whether a sample wmes from a Normal population. Consider these points:

* If you colled many data points (over a hundred or so), you can look at the distribution of data and it will be
fairly obvious whether the distribution is approximately bell shaped. A formal statistical test (Kolmogorov-
Smirnoff test, not explained in thistutorial) can be used to test whether the distribution of the data differs
significantly from a Normal distribution. With few data points, it is difficult to tell whether the data ae
Normal by inspedion, and the formal test has littl e power to discriminate between Normal and non-Normal
distributions.

e Youshould lodk at previous data & well. Remember, what mattersis the distribution of the overall population,
not the distribution of your sample. In dedding whether a population is Normal, lodk at all avail able data, not
just datain the airrent experiment.

e Consider the source of scatter. When the scatter comes from the sum of numerous urces (with no ane source
contributing most of the scatter), you exped to find a roughly Normal distribution.

When in doubt, some people cdhoaose a parametric test (because they aren't sure the Normal assumption is violated),
and others choose a honparametric test (because they aren't sure the Normal assumption is met).

Choosing Between Parametric And Nonparametric Tests: Does It Matter?

Does it matter whether you choose a parametric or nonparametric test? The answer depends on sample size. Here
are four situations to give some insight:

e Large sample. What happens when you use a parametric test with data from a non-Normal population? The
central limit theorem ensures that parametric tests work well with large samples even if the population is non-
Normal. In other words, parametric tests are robust to deviations from Normal distributions, so long as the
samples arelarge. The snag isthat it isimpossble to say how largeislarge enough, asit depends on the
nature of the particular non-Normal distribution. Unlessthe population distribution isreally weird, you are
probably safe thoosing a parametric test when there are at least two-dozen data pointsin each group.

e Large sample. What happens when you use a honparametric test with data from a Normal population?
Nonparametric tests work well with large samples from Normal populations. The P values tend to be a bit too
large, but the discrepancy is snall. In other words, nonparametric tests are only dlightly lesspowerful than
parametric tests with large samples.

e Small samples. What happens when you use a parametric test with data from non-Normal populations? Y ou
can't rely on the central limit theorem, so the P value may be inaccurate.

e Small samples. When you use a nonparametric test with data from a Normal population, the P values tend to
be too high. The nonparametric tests lack statistical power with small samples.

Thus, large data sets present no problems. It isusually easy to tell if the data come from a Normal population, but
it doesn't really matter because the nonparametric tests are so powerful and the parametric tests are so robust. It is
the small data setsthat present a dilemma. It isdifficult to tell i f the data come from a Normal population, but it
matters alot. The nonparametric tests are not powerful and the parametric tests are not robust.

One- Or Two-Sided P Value?

With many tests, you must choose whether you wish to calculate a one- or two-sided P value (one- or two-tail ed).
Let'sreview the differencein the mntext of at test. The P valueis calculated for the null hypothesis that the two
population means are equal, and any discrepancy between the two sample means is due to chance If this null
hypothesisis true, the one-sided P value is the probahilit y that two sample means would dffer as much aswas
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observed (or further) in the diredion spedfied by the hypothesis just by chance even though the means of the
overall populations are actually equal. The two-sided P value a so includes the probebility that the sample means
would dffer that much in the opposite diredion (i.e., the other group has the larger mean). The two-sided P value
istwicethe one-sided P value.

A one-sided P valueis appropriate when you can state with certainty (and before wlleding any data) that there
either will be no difference between the means or that the differencewill goin adiredion you can spedfy in
advance (i.e. you have spedfied which group will have the larger mean). If you cannot spedfy the diredion of any
differencebefore mlleding data, then atwo-sided P value is more appropriate. If in doubt, seled atwo-sided P
value. Most recommend that you always calculate a two-sided P value.

Paired Or Unpaired Test?

When comparing two groups, you neead to dedde whether to use a paired test. When comparing threeor more
groups, the term paired is not appropriate and the term repeated measures is used instead.

Use an unpaired test to compare groups when the individual values are not paired or matched with one ancther.
Seled apaired or repeated-measures test when values represent repeated measurements on one subjed (before and
after an intervention) or measurements on matched subjeds. The paired or repeated-measures tests are also
appropriate for repeated laboratory experiments run at different times, each with its own control.

You should seled a paired test when valuesin one group are more dosdly correlated with a spedfic valuein the
other group than with random values in the other group. It is only appropriate to seled a paired test when the
subjeds were matched or paired before the data were @lleded. You cannot base the pairing on the data you are
analyzing.

Fisher'sTest Or The Chi-Square Test?

When analyzing contingency tables with two rows and two columns, you can use ather Fisher's exact test or the
chi-square test. The Fisher'stest isthe best choiceasit aways gives the exact P value. The ti-squaretest is
simpler to calculate but yields only an approximate P value. If a computer is doing the @l culations, you should
choose Fisher'stest unlessyou prefer the familiarity of the dhi-square test. Y ou should definitely avoid the di-
sguare test when the numbersin the antingency table are very small (any number lessthan about six). When the
numbers are larger, the P values reported by the chi-square and Fisher's test will he very similar. The di-square
test calculates approximate P values, and the Yates' continuity corredion is designed to make the approximation
better. Without the Y ates' corredion, the P values are too low. However, the crredion goestoofar, and the
resulting P value is too high. Statisticians give different reeommendations regarding Y ates corredion. With large
sample sizes, the Yates corredion makes littl e difference If you sdled Fisher'stest, the P valueis exact and Y ates
corredion is not needed and is not avail able.

Regresson Or Correlation?

Linear regresson and correlation are similar and easily confused. In some situations it makes sense to perform
bath calculations. Calculate linear correation if you measured baoth X and Y in each subjed and wish to quantity
how well they are asociated. Seled the Pearson (parametric) correlation coefficient if you can assume that bath X
and Y are sampled from Normal populations. Otherwise choose the Spearman nonparametric correlation
coefficient. Don't calculate the wrrelation coefficient (or its confidenceinterval) if you manipulated the X variable.

Calculate linear regressons only if one of the variables (X) islikely to preceale or cause the other variable (Y).
Definitely choose linear regresson if you manipulated the X variable. It makes a big dfferencewhich variableis
caled X and which iscalled Y, aslinear regresson calculations are not symmetrical with resped to X and Y. If
you swap the two variables, you will obtain a different regresson line. In contrast, linear correlation calculations
are symmetrical with resped to X and Y. If you swap the labels X and Y, you will still get the same crrelation
coefficient.
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Selecting a Statistical Test for Common Situations

Type of Data

Rank, Score, or Binomial (Two . .
M easurement from . Survival Time
Goal Normal Population M easur e from Non- Possible
P Normal Population Outcomes)
Describe one group Mean, SD Median, interquartile Proportion Kap!an Meier
range survival curve
Compare one groupto a . Chi-square or i
hypothetical value One-samplet test Wil coxon test Binomial test
Mann-Whitney test,
Nominal data: Fisher's | Fisher's (small
Compare two unpaired . Exact (small sample), sample), Chi- Log-rank test or
Unpaired t test .
groups Chi-square (large square (large Mantel-Haenszel
sample). Ordinal Data: sample)
Wil coxon Rank Sum
Wil coxon Signed Sign test (small -
Compare two paired . Rank, Sign test (small sample), Condltl_onal
Paired t test . . proportional
groups sample), McNemar's | McNemar's test .
hazads regresson
test (large sample) (large sample)
Comparethreeor more | o\ ANOVA Kruskal-Wallistest | Chi-squaretest | COX Proportiondl
unmatched groups hazad regresson
Compare threeor more | Repeated-measures Conditional
groups (matched or ANOVA or Friedman test Cochrane Q proportional
unmatched) MANOVA hazads regresson
Compare groups with ANCOVA,
pare groups MANOVA (Principle
known association to - - -
other variables Components &
Factor Analysis)
Nominal: Relative Risk
Quantify association Pearson’s Odds Ratio. Ordinal: Contingency i
between two variables Spearman Rho, coefficients
Kendall’s Tau
Predict value from S|mp|e_I| near Nonparametric Simplelogistic | Cox proportional
another measured regresson or regresson regresson hazad regresson
variable Nonlinear regresson < < 9
Predict value from Multi plg linear Multiple .
regresson or o Cox proportional
several measured or ; : - logistic .
. : . Multi ple nonli near . hazad regresson
binomial variables . regresson
regresson
Developed from: Intuitive Biogtatistics, H.J. Motulsky, Ch. 37, Oxford University Press, 1995. &

Hermansen, M. Biogtatistics: Some Basic Concepts. Caduceus Medical Publishers. 1990
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Statistical Tables

Distribution of t (two tail) Distribution of F
df 0.05 0.01 df Numerator
1 12.706 63.657 1 2 3 4
: : : 7 5.59 4.74 3.35 4.12
10 2.228 3.169 12.25( 9.55| 8.45| 7.85
11 2.201 3.106 s 5.32|  4.46] 4.07 3.84
12 2.179 3.055 11.26)/ 8.65| 7.59| 7.01
! ! ! 9 5.12| 4.26 3.86| 3.63
21 2.080 2.831 1056/ 8.02| 6.99| 6.42
22 2.074 2.819 i i i
23 2.069 2.807 24 4.26 3.4
: : : 7.82| 5.61
100 1.982 2.626 25 4.24]  3.38
120 1.980 2.617 7.77| 5.57
00 1.960 2.576 4.22 3.37
= 26
% 7.72| 5.53
£ 27 4.21 3.35
g 7.68 5.49
c 4.2 3.34
8| *® [ 764 545
Correlation Significance Levels| 5 2 4.18| 3.33
df 0.05 0.01 7.6 5.42
3 0.878 0.959 30 4.17 3.32
: : : 7.56| 5.39
18 0.444 0.561 32 4.15 3.3
19 0.433 0.549 7.5| 5.34
20 0.423 0.537 34 4.13] 3.28
25 0.381 0.487 7.44| 5.29
100 0.195 0.254 100 3.94] 3.09 2.7 2.46
300 0.113 0.148 6.9] 4.82] 3.98 3.51
500 0.088 0.115 400 3.86 3.02 2.62 2.39
6.7] 4.66] 3.83] 3.36
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