STAT 5200 Handout #19

Latin Square Example (Ch. 13)

Motivating Example: Traffic Sienal Sequence

An experiment is carried out to compare average waiting times for 5 different traffic light
sequences (that is, how long the traffic lights are “green” in each direction). Because
some intersections are busier than others it is thought that some intersections might have
longer average waiting times than others. So, 5 intersections are selected for the
experiment. Also, during some time periods of the day there is more traffic than at other
periods, and this can affect waiting times, so 5 periods of day are selected for the
experiment. There are 5 x 5 X 5 =125 combinations of traffic light sequence,
intersection, and period of day. It is simply not possible to run such a large experiment
so, instead, the following experiment is conducted. Each traffic light sequence is paired
with each intersection exactly once, and with each period of day exactly once, for a total
of 25 observations. The response variable is the average waiting time.
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This is a Latin Square design because experimental units are assigned to levelsef ¢ vu S
treatment (Sequence) in an organized fashion within two blocking factors (Period and , £ exp. wnly

Intersection) which together define experimental units, and all three factors (Sequence,
Period, and Intersection) have the same number of levels (5). Randomization is achieved
by defining [or re-labeling] treatment levels (Sequence A, B, C, D, E).

General Discussion
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Visualize this structure in a square table (here for traffic signal sequence example):
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In model, sometimes refer to Blocking factors as row or column effects:
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Recall that inference requires randomization
e In Latin Squares, achieve this by:
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e See textbook page 327 for randomizing smaller squares
Ignoring block structure increases variance (MSE) MS 1t
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Limitations of Latin Square:
e Need the same number of levels for both blocking factors and the treatment - 543 3
e With g levels of each factor, only have how many experimental units?
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Related to Latin Squares:
e (Graeco Latin Squares (p. 343) — three sources of blocking

e Crossover Design (p.. 326) — special case where a sequence of treatments (often
diets) is given to each subject over time periods
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/* STAT 5200

latin square design
traffic signal sequence data

*/

/* Define options */
ods html image dpi=300 style=journal;

/* Read in data */
data traffic;

input Intersec Period Sequence $ Time @Q;
cards;
11A15.212B33.813C13.514D27.415€E 29.1
21B16.52 2C 26.52 3D 19.2 2 4E 25.8 2 5 A 22.7
31c12.1 32D 31.433E17.03 4A31.535B 30.2
41D 10.7 4 2 E 34.2 4 3A19.544B27.245¢C21.6
51E14.65 2 A 31.75 3B16.7 5 4C 26.3 550D 23.8
run;
/* Fit Latin Square */
proc glm data=traffic plots=diagnostic;
class Intersec Period Sequence;
model Time = Intersec Period Sequence;
lsmeans Sequence / lines adjust=tukey;
titlel 'Latin Square';
run;
Latin Square
Fit Diagnostics for Time
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Dependent Variable: Time

Source DF | Sum of Squares | Mean Square | F Value | Pr>F
Model 12 1186.175200 98.847933 16.92 | <.0001
Error 12 70.095200 5.841267
Corrected Total | 24 1256.270400
R-Square | Coeff Var | Root MSE | Time Mean
0.944204 | 10.44998 | 2.416871 23.12800
Source DF | TypeIII SS | Mean Square | F Value | Pr>F
Intersec 4 18.226400 4.556600 0.78 | 0.5593
Period 41 1091.666400 272.916600 46.72 | <.0001
Sequence 4 76.282400 19.070600 3.26 | 0.0498
Tukey Comparison Lines for Least Squares Means of Sequence
LS-means with the same
letter are not significantly
different.
Time LSMEAN | Sequence LSMEAN Number
A 2488 | B 2
A
B |A 2414 | E 5
B |A
B |A 2412 | A 1
B |A
B |A 2250 | D 4
B
B 20.00 | C 3




/* What if Period and Intersection were ignored

as blocking factors? */
proc glm data=traffic plots=diagnostic;
class Sequence;

model Time
titlel
run;

Sequence;
'Ignoring blocking factors';

Ignoring blocking factors

Dependent Variable: Time

Source DF | Sum of Squares | Mean Square | F Value | Pr>F
Model 4 76.282400 19.070600 0.32 1 0.8590
Error 20 1179.988000 58.999400
Corrected Total | 24 1256.270400
R-Square | Coeff Var | Root MSE | Time Mean
0.060721 | 33.21129 | 7.681107 23.12800
Source DF | Type III SS | Mean Square | F Value | Pr>F
Sequence 4 176.28240000 | 19.07060000 0.32 1 0.8590

Fit Diagnostics for Time
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