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Introduction

@ Statistics starts with a problem, continues with the collection of
data, proceeds with the data analysis and finishes with
conclusions

@ It is a common mistake of inexperienced statisticians to plunge
into a complex analysis without paying attention to what the
objectives are or even whether the data are appropriate for the
proposed analysis

@ The formulation of a problem is often more essential than its
solution itself, which may be merely a matter of mathematical or
experimental skills, Albert Einstein.
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Formulation of the problem

Understand the physical background
Understand the Objective

Make sure what the client wants
Put the problem in statistical terms

This is a challenge step and where irreparable errors are
something made. Once that the prblem is translated into the
statistics languaje, the solution is often routine.
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Data collection

It is important to understand how the data was collected
1. Are the data observational or experimental

2. Are there missing values

3. How the data was coded

4. What are the units of measurement
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5. Beware of data entry errors.
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It is important to understand how the data was collected
1. Are the data observational or experimental

2. Are there missing values

3. How the data was coded

4. What are the units of measurement

5. Beware of data entry errors.

The last problem is all too common, almost a certainly in any
real dataset of at least moderate size. Perform some data sanity
check
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Initial data analysis

@ When doing an analysis: What can go wrong?

@ Many things, unfortunately

@ Source and quality of the data directly affects what cocnlusions
we can draw

@ Look for outliers, data entry errors and skewed or unusual
distributions
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@ When doing an analysis: What can go wrong?
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@ Source and quality of the data directly affects what cocnlusions
we can draw

@ Look for outliers, data entry errors and skewed or unusual
distributions
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Initial data analysis

("]

When doing an analysis: What can go wrong?
Many things, unfortunately

Source and quality of the data directly affects what cocnlusions
we can draw

Look for outliers, data entry errors and skewed or unusual
distributions

Are the data distributed as you expected?

@ Getting data into a suitable form for analysis by cleaning out

mistakes and aberrations is often time consuming. It often takes
more time than the data analysis itself

Gregorio Alvarado Beltrén, g.alvarado@cgiar.org Common Experimental Designs in Agronomic Research and 6/54



Frequency

200

50 100

0

Histogram of pima$diastolic

T T T
20 40 60 80 100

pima$diastolic

Gregorio Alvarado Beltrd

wy
o~ o
© o
o o
o 7 o
0 0 g
2 — ] B —_—
@ 1
® o | & !
T i !
0 i
° 1 ——
(=] 1 H
] o T T
120 negative positive

test

diabetes

00 05 10 15 20 25

40 60 80 100 120

diastolic

do@cgiar.org  Common Experimental Designs in Agronomic Research a



Frequency

200

50 100

0

Histogram of pima$diastolic

T T T
20 40 60 80 100

pima$diastolic

Gregorio Alvarado Beltrd

wy
o~ o
© o
o o
o 7 o
0 0 g
2 — ] B —_—
@ 1
® o | & !
T i !
0 i
° 1 ——
(=] 1 H
] o T T
120 negative positive

test

diabetes

00 05 10 15 20 25

40 60 80 100 120

diastolic

do@cgiar.org  Common Experimental Designs in Agronomic Research a



Frequency

200

50 100

0

Histogram of pima$diastolic

T T T
20 40 60 80 100

pima$diastolic

Gregorio Alvarado Beltrd

wy
o~ o
© o
o o
o 7 o
0 0 g
2 — ] B —_—
@ 1
® o | & !
T i !
0 i
° 1 ——
(=] 1 H
] o T T
120 negative positive

test

diabetes

00 05 10 15 20 25

40 60 80 100 120

diastolic

do@cgiar.org  Common Experimental Designs in Agronomic Research a



Frequency

200

50 100

0

Histogram of pima$diastolic

T T T
20 40 60 80 100

pima$diastolic

Gregorio Alvarado Beltrd

wy
o~ o
© o
o o
o 7 o
0 0 g
2 — ] B —_—
@ 1
® o | & !
T i !
0 i
° 1 ——
(=] 1 H
] o T T
120 negative positive

test

diabetes

00 05 10 15 20 25

40 60 80 100 120

diastolic

do@cgiar.org  Common Experimental Designs in Agronomic Research a



Basic concepts on experimental designs

Gregorio Alvarado Beltrén, g.alvarado@cgiar.org Common Experimental Designs in Agronomic Research and 8/54



Basic concepts on experimental designs

@ The subject of statistics deals with variability and how control it

Gregorio Alvarado Beltrén, g.alvarado@cgiar.org Common Experimental Designs in Agronomic Research and 8/54



Basic concepts on experimental designs

@ The subject of statistics deals with variability and how control it

@ In the planning and conduction of field research, we can use
different strategies to control the variability as:

Gregorio Alvarado Beltrén, g.alvarado@cgiar.org Common Experimental Designs in Agronomic Research and 8/54



Basic concepts on experimental designs

@ The subject of statistics deals with variability and how control it

@ In the planning and conduction of field research, we can use
different strategies to control the variability as:

o 1. Selection of homogeneous material and/or environments

Gregorio Alvarado Beltrén, g.alvarado@cgiar.org Common Experimental Designs in Agronomic Research and 8/54



Basic concepts on experimental designs

@ The subject of statistics deals with variability and how control it
@ In the planning and conduction of field research, we can use
different strategies to control the variability as:
o 1. Selection of homogeneous material and/or environments
o 2. Grouping (blocking, stratifying) material into homogeneous
subgroups (blocks, strata), and

Gregorio Alvarado Beltrén, g.alvarado@cgiar.org Common Experimental Designs in Agronomic Research and 8/54



Basic concepts on experimental designs

@ The subject of statistics deals with variability and how control it

@ In the planning and conduction of field research, we can use
different strategies to control the variability as:
o 1. Selection of homogeneous material and/or environments
o 2. Grouping (blocking, stratifying) material into homogeneous
subgroups (blocks, strata), and
e 3. Measurement of related variables and use of covariance
analysis
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:

e Why?

@ It is the only way in which we are able to get an estimate of the
experimental error

How many replications?

At least two. As higher number is better precision
Unfortunately, there are a compromise between precision and
cost

Also, the number of replications to use depends of the response
variable to be assessed
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Basic concepts on experimental designs: The three

Fisher basic principles

:
e Why?

@ It is the only way in which we are able to get an estimate of the
experimental error

@ How many replications?

@ At least two. As higher number is better precision

@ Unfortunately, there are a compromise between precision and
cost

@ Also, the number of replications to use depends of the response

variable to be assessed
e Continuous variables do not need too much replications
o However for discrete variables (diseases, counts of insects), it is
advisable to make more replications
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Basic concepts on experimental designs: The three

Fisher basic principles

"W Blocking

@ Arrangement of experimental units (or experimental material)
into similar groups reduces the sources of variation and allows
greater precision
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Basic concepts on experimental designs: The three

Fisher basic principles

"W Blocking

@ Arrangement of experimental units (or experimental material)
into similar groups reduces the sources of variation and allows
greater precision

@ The size, shape and orientation of the blocks affects the
precision in the control of environmental noise sources
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Basic concepts on experimental designs: The three

Fisher basic principles
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The three Fisher principles: Randomization

@ Reduces the bias, avoiding to favor some treatments.

@ The main assumption in all statistical linear models related to
the experimental error is

e ~ NI(0,107)
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The three Fisher principles: Randomization

@ Reduces the bias, avoiding to favor some treatments.
@ The main assumption in all statistical linear models related to
the experimental error is

e; ~ NI(0, 105) (1)

@ Therefore, the randomization guarantee that experimental units
(e.u.) are independent to each other, in a such way that is
possible to use the classical parametric statistical methodologies.
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The three Fisher principles: Randomization

@ Reduces the bias, avoiding to favor some treatments.

@ The main assumption in all statistical linear models related to
the experimental error is

e; ~ NI(0, 105) (1)

@ Therefore, the randomization guarantee that experimental units
(e.u.) are independent to each other, in a such way that is
possible to use the classical parametric statistical methodologies.

@ Randomization is one of the most important components of a
well-designed experiments.
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Basic terms and concepts

@ Factor: Are the explanatory variable (independent) variables that
the researcher are interested in evaluate their effect.

@ Levels: Are the different categories in which a factor can be
divided.

@ Treatments: Are the different procedures we want to compare.
Sometimes correspond to the combination of factors and their
levels.

@ Experimental Units (E.U.): Are the smallest physical area in
which we apply one and only one treatment.

@ Responses: Are the outcomes thet we observe after applying a
treatment to an experimental unit. Is a measure to judge what
happened in the experiment.

e Control treatment: is a standard treatment that is used as
baseline to compare with other treatments.
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@ Measurement units: Be careful do not confound with
experimental unit, Example: Fertilizer is applied to aplot of land
containing corn plants, some of which will be harvested and
measured. The plot is the experimental unit and the plants are
the meesurement units.

@ treating measurement units as experimental units, usually leads
to overoptimistic analysis, rejecting the null hypotheses more
often than we should, and our confidence intervals will be short,
do not having claimed coverage rates.

@ The usual way around this is to determine a single response for
each experimental unit. This single response is tipically the
average or total of the responses for the measurement units
within an experimental unit.
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@ y;: Is the response associated with the effect of the /"
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@ statistical Linear model

yiJ':/L—f‘T,'—i-E,'j (2)

@ y;: Is the response associated with the effect of the /"
treatment in the j™ replication

@ 2 Is the general grand mean common to all experimental units
before applying the treatments
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@ y;: Is the response associated with the effect of the /"
treatment in the j™ replication

@ 2 Is the general grand mean common to all experimental units
before applying the treatments

e 7;: Is the effect of the /™" treatment

@ ¢;;: Are the errors associated to the effect of the ith treatment in
the j replication

o Classical assumptions about the errors are: ¢;; ~ NI(0, 107)
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CRD: Test of hypotheses and analysis of variance

(ANOVA)

Source of Sum of squares mean Pr>F
variation squares

Treatments  (t-1) L. )2 (y )2 sstreat ms treat
l.
Z , tr (t—1) mserror
i=1
B t(r-1) t r t )2 ss error
Yo=Y w-n
i=1j=1 i=1
_ G r
Total tr-1 Z . _(y )2
, Yij tr
i=1j=1
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CRD: Test of hypotheses and analysis of variance
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@ We have the null hypotheses
@ Hy: 1=, for all i # j
@ H,: 7; # 7;; for at least one i # j
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_ G r
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i=1j=1
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CRD: Test of hypotheses and analysis of variance

(ANOVA)

@ With decision rule
e if [Pr > F] < threshold then we reject Hy
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Experimental Designs: Random Complete Block

Designs (RCBD)

Block 1

Gradient Block 2

Block 3
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Experimental Designs: Random Complete Block

Designs (RCBD)

@ The RCBD has as restriction that all the treatments are
replicated once and only once in each block, using an
unrestricted randomization independently in each block

D c A Block 1
Gradient C ““ Block 2
A D c Block 3
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Experimental Designs: Random Complete Block

Designs (RCBD)

@ The RCBD has as restriction that all the treatments are
replicated once and only once in each block, using an
unrestricted randomization independently in each block

D c A Block 1
Gradient C ““ Block 2
A D c Block 3

@ In the first block, the t treatments are assigned randomly to g
units; then are generated other independent randomizations,
assigning treatments to units in each of the other blocks
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RCBD

@ statistical Linear model
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RCBD

@ statistical Linear model

y,'J':M—i-Ti-i-ﬁj-i-E/j (3)

@ y;: Is the response associated with the effect of the /"
treatment in the j* replication
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RCBD

@ statistical Linear model

y,'J':M—i-Ti-i-ﬁj-i-E/j (3)

@ y;: Is the response associated with the effect of the /"
treatment in the j* replication

@ si: Is the general grand mean common to all experimental units
before applying the treatments
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RCBD

@ statistical Linear model

y,'J':M—i-Ti-i-ﬁj-i-E/j (3)

@ y;: Is the response associated with the effect of the /"
treatment in the j* replication

@ si: Is the general grand mean common to all experimental units
before applying the treatments
@ 7;: Is the effect of the it treatment
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RCBD

@ statistical Linear model

y,'J':M—i-Ti-i-ﬁj-i-E/j (3)

@ y;: Is the response associated with the effect of the /"
treatment in the j* replication

@ si: Is the general grand mean common to all experimental units
before applying the treatments

o 7;: Is the effect of the /™" treatment
e [3;: Is the effect of the j block
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RCBD

@ statistical Linear model

Vi = i+ 7 + B + € (3)

yij: Is the response associated with the effect of the /"
treatment in the j* replication

: Is the general grand mean common to all experimental units
before applying the treatments

7. Is the effect of the it treatment
B;: Is the effect of the j® block

¢;;: Are the errors associated to the effect of the /™ treatment in
the j® replication

e 6 o
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RCBD

@ statistical Linear model

Vi = i+ 7 + B + € (3)

yij: Is the response associated with the effect of the /"
treatment in the j* replication

: Is the general grand mean common to all experimental units
before applying the treatments

7. Is the effect of the it treatment
B;: Is the effect of the j® block

¢;;: Are the errors associated to the effect of the /™ treatment in
the j® replication

e 6 o

Classical assumptions about the errors are: €; ~ NI(0, 10,_-2!.)
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RCBD

@ statistical Linear model

Vi = i+ 7 + B + € (3)

yij: Is the response associated with the effect of the /"
treatment in the j* replication

: Is the general grand mean common to all experimental units
before applying the treatments

7. Is the effect of the it treatment
B;: Is the effect of the j® block

¢;;: Are the errors associated to the effect of the /™ treatment in
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RCBD: Test of hypotheses and analysis of variance

Source of Sum of squares mean Pr>F
variation squares

ss treat  ms treat
Treatments (t-1) (yl )2 (y )2 — —

1)(b- b
Blocks (t-1)(b-1) Z )z (y )z
j=1
Error t(r-1) Ss error
t(r—1)
Total tr-1 ¢
Z Z(}’ij)z =
i=1j=1
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RCBD: Test of hypotheses and analysis of variance

@ We have the null hypotheses

Source of Sum of squares mean [
variation squares

Treatments (t-1) (yi)z (y)z
£ r tr
i=1

Blocks (t-1)(b-1) b (yj)z )2
Z t  tr
j=1

Error t(r-1)

Total tr-1 T

Ss treat

t-1

ss error
tr—1)

ms treat
ms error
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RCBD: Test of hypotheses and analysis of variance

@ We have the null hypotheses
@ Hy: mi=Tj, for all i # j

Source of Sum of squares mean Pr>F
variation squares

Treatments (t-1)

(J’i‘)z _O)?
£ T tr
i=1

Blocks (t-1)(b-1) i 00 )
/ t tr
j=1

Error t(r-1)

Total tr-1 u
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@ We have the null hypotheses
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CRD: Test of hypotheses and analysis of variance

(ANOVA)
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CRD: Test of hypotheses and analysis of variance

(ANOVA)

@ With decision rule
e if [Pr > F] < threshold then we reject Hy
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@ With decision rule
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Experimental Designs: Latin Square Designs (LS)

pH

Fertility
A C D Row 1
(o D A Row 2
C D A Row 3
D A c Row 4
Col 1 Col 2 Col 3 Col 4
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Experimental Designs: Latin Square Designs (LS)

@ RCBD allows to block on a single source of variation in the
responses

@ However, there are experimental situations with more than one
source of extraneous variation
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Experimental Designs: Latin Square Designs (LS)

@ RCBD allows to block on a single source of variation in the
responses

@ However, there are experimental situations with more than one
source of extraneous variation

@ The Latin Square (LS) blocks for two gradients of variability
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LS

@ statistical Linear model
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LS

@ statistical Linear model

Yige = po+ Ti + 9 + Ok + €4k (4)

@ yii: Is the response associated with the effect of the ith
treatment in the j* row and the k™ column
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@ statistical Linear model
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@ yii: Is the response associated with the effect of the ith
treatment in the j* row and the k™ column

@ 12 Is the general grand mean common to all experimental units
before applying the treatments
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LS

@ statistical Linear model

Yige = po+ Ti + 9 + Ok + €4k (4)

@ yji: Is the response associated with the effect of the /™
treatment in the j* row and the k™ column

@ 12 Is the general grand mean common to all experimental units
before applying the treatments

o 7;: Is the effect of the it" treatment

@ 7;: Is the effect of the j row

Gregorio Alvarado Beltréan, g.alvarado@cgiar.org Common Experimental Designs in Agronomic Research and 24/54



LS

@ statistical Linear model

Yige = po+ Ti + 9 + Ok + €4k (4)

(]

yijk: s the response associated with the effect of the jth
treatment in the j* row and the k™ column

@ 12 Is the general grand mean common to all experimental units
before applying the treatments

o 7;: Is the effect of the it" treatment
@ 7;: Is the effect of the j row
@ O Is the effect of the k" column
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@ statistical Linear model

Yige = po+ Ti + 9 + Ok + €4k (4)

@ yji: Is the response associated with the effect of the /™
treatment in the j* row and the k™ column

@ 12 Is the general grand mean common to all experimental units

before applying the treatments

7;: Is the effect of the it" treatment

7;: Is the effect of the j row

d: Is the effect of the k" column

€;k: Are the errors associated to the effect of the /" treatment

in the j® row and the k" column
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RCBD: Test of hypotheses and analysis of variance

Source of Sum of squares mean squares Pr >
variation
Treatments (t-1) t oD z (y )z ss treat ms treat
Z Lt 6 t-1 ms error
i=1
Rows (t-1) & 00 B.)?
Z t  tt
j=1
Columns (t-2) ¢ O: )2
t  tt
k=1
Error (t-1)(t-2) 88 Grreir
t—-1D(t-2)
Total tt-1 L & & )
ZZ ZCV”"‘)Z T
i=1 j=1k=1
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RCBD: Test of hypotheses and analysis of variance

@ We have the null hypotheses

Source of Sum of squares mean squares Pr >
variation

Treatments (t-1) t 0.2 ss treat ms treat
Z t e t-1 ms error
i=1

Rows (t-1) & 00 B.)?
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LS: Test of hypotheses and analysis of variance

(ANOVA)
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@ When there are the suspect that two independent variables are
correlated
e The fertilization level applied to increase the performance of
genotypes
o The susceptibility/resistance of genotypes infested with some
pest
e The performance of genotypes in different environments

@ Thus, the independent variables are considered as array of factors

@ Therefore, this factors can be included in an classical
experimental designs as CRD or RCBD or more sophisticated
designs as Lattice or alpha-lattice

o If there are a levels of factor A, and b levels of factor B, then
each replicate contains all ab treatment combinations
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Factorial Design: Test of hypotheses and analysis

of variance (ANOVA)
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Experimental Designs: Split Plot Design

| Block 1 Block 2
ab, azb, ab, a,b,
ayb, asb, a.b, asb,
azb, asb, asb, ayb;
a.b; ayb; a,b; a, b,
asb, asb, asb, asb,
a,b, a.b, ab, azb;
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Experimental Designs: Split Plot Design

@ Due that the land conditions, is neccesary to use a RCBD, so
the treatments can be assigned in the next way:
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Experimental Designs: Split Plot Design

@ Due that the land conditions, is neccesary to use a RCBD, so
the treatments can be assigned in the next way:

| Block 1 Block 2
ab, azb, ab, a,b,
ayb, asb, a.b, asb,
azb, asb, asb, ayb;
a.b; ayb; a,b; a, b,
asb, asb, asb, asb,
a,b, a.b, ab, azb;

@ This array is complicated of implementing in the field, because
we cannot manage neighbor units with different irrigation
method
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Experimental Designs: Split Plot design

Replication 1 Replication 2
(R)4 (R);  (R)s (R), (R)s (R}
aib; | | ab, || asb, Asb, asb, | | Agb,
asb, azbh, azb, Ab, Ajzb; A,b,
a.b, azb, azb, Azb, Azb, A b,
asb; azb, azb; A,b, Azb, asb;
Whole plots Small plots
Split plot
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Experimental Designs: Split Plot design

@ Therefore, the split plot array could be
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@ statistical Linear model
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Split Plot

@ statistical Linear model

@ The statistical linear model depends of the experimental design
in which the whole and small plots are arranged
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@ For example, when the whole Plot (WP) and the small plots are
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Split Plot

@ statistical Linear model

@ The statistical linear model depends of the experimental design
in which the whole and small plots are arranged

@ For example, when the whole Plot (WP) and the small plots are
arranged in a CRD

Yik = p+ Ai + €ay + Bj + (AB)j + €(b)iik
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Yik =+ A + €y + B + (AB)j + €k (6)
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@ yiji: Is the response for the whole plot i, small plot j, and the
replicate k
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@ yiji: Is the response for the whole plot i, small plot j, and the
replicate k

@ 4. Is the general grand mean common to all experimental units
before applying the treatments
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@ A;: Is the effect of the treatment i over the whole plot i
@ ¢,(j): Are the random errors associated whole plot
@ B;: Is the effect of the sub-treatment j over the small plot j

(AB);: represents the interaction effect between the treatment i
and the sub-treatment |
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Gregorio Alvarado Beltran, g.alvarado@cgiar.org  Common Experimental Designs in Agronomic Research and 38/54



@ yiji: Is the response for the whole plot i, small plot j, and the
replicate k

@ 4. Is the general grand mean common to all experimental units
before applying the treatments

A;: Is the effect of the treatment i over the whole plot i
€a(i): Are the random errors associated whole plot
B;: Is the effect of the sub-treatment j over the small plot j

® 6 o o

(AB);: represents the interaction effect between the treatment i
and the sub-treatment |

@ ¢ji: Are the random errors associated to treatment i,
subtreatment j and replication r

o Classical assumptions about the errors are: e ~ NI(0, 107,)

Gregorio Alvarado Beltran, g.alvarado@cgiar.org  Common Experimental Designs in Agronomic Research and 38/54



Split Plot

Gregorio Alvarado Beltrd : do@cgiar.org  Common Experimental Designs in Agronomic Research a



Split Plot

@ For example, when the whole Plot (WP) is a RCBD and the
small plots are arranged in a CRD
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Split Plot

@ For example, when the whole Plot (WP) is a RCBD and the
small plots are arranged in a CRD

Yijk = H + B+ A+ €a(ij) + By + (AB)Jk + €(b)ijk (7)
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@ For example, when the whole Plot (WP) is a RCBD and the
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Split Plot

@ For example, when the whole Plot (WP) is a LS and the small
plots are arranged in a CRD
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Split Plot

@ For example, when the whole Plot (WP) is a LS and the small
plots are arranged in a CRD

Vil = b4 + 0 + A + €agijy + B + (AB)w + €y (8)
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Split Plot

@ For example, when the whole Plot (WP) is a LS and the small
plots are arranged in a CRD
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Split Plot

@ For example, when the whole Plot (WP) is a LS and the small
plots are arranged in a CRD

Vil = b4 + 0 + A + €agijy + B + (AB)w + €y (8)

o Now
@ 7;: Is the effect of the i*" row
@ 4;: Is the effect of the j™ column
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SPD: ANOVA, PG> RCBD, PCh>CRD

Souce —ToF 55 145 | bipeted e s

Bloque (i-1)

A (j-1)
E(a)=Bloq x A (i-1)(j-1)
B (k-1)

AB (j-1)(k-1)
E(b)=Residual (i-1)j(k-1)
Total ljk-1

o2y +(k)o? + (ik) ¥ 17"‘” Fa)
o?p+(k)o?,

o2y + (if) % Fe

2t Y % Fag)

a?

Gregorio Alvarado Beltran, g.alvarado@cgiar.org

Common Experimental Designs in Agronomic Research and 41/54



SPD: ANOVA, PG> RCBD, PCh>CRD

Souce —ToF 55 145 | bipeted e s

Bloque (i-1)

A (j-1)
E(a)=Bloq x A (i-1)(j-1)
B (k-1)

AB (j-1)(k-1)
E(b)=Residual (i-1)j(k-1)
Total ljk-1

o2y +(k)o? + (ik) ¥ 17"‘” Fa)
o?p+(k)o?,

o2y + (if) % Fe

2t Y % Fag)

a?

Gregorio Alvarado Beltran, g.alvarado@cgiar.org

Common Experimental Designs in Agronomic Research and 41/54



Experimental Designs: Strip Plot Designs
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Experimental Designs: Strip Plot Designs

@ When a split plot with i treatments A in the whole plots, |
sub-treatments inB in mean plots and, each each mean plot
divided in k small plots,
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Experimental Designs: Strip Plot Designs

@ When a split plot with i treatments A in the whole plots, |
sub-treatments inB in mean plots and, each each mean plot
divided in k small plots,

@ then when this k sub sub treatments C are ransomized, we are
speaking about a strip plot
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Experimental Designs: Strip Plot Designs

@ When a split plot with i treatments A in the whole plots, |
sub-treatments inB in mean plots and, each each mean plot
divided in k small plots,

@ then when this k sub sub treatments C are ransomized, we are
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Experimental Designs: Strip Plot Designs

@ When a split plot with i treatments A in the whole plots, |
sub-treatments inB in mean plots and, each each mean plot
divided in k small plots,

@ then when this k sub sub treatments C are ransomized, we are
speaking about a strip plot
e Example

e Whole plots: Tillage systems
e Mean plots: Irrigation systems
e Small plots: Fertilizer dosage
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\l'i Whole plots J/

Conservation tillage Traditional tillage
R,D, [R,D, |R.D, |R,D, R,D; |R,D; |R.D, |R,D,
R,D, |R,D; |R.D; |R,D, R,D; |R.;D, |R,D, |R,Dg
R1D5 R1D3 R2D3 R2D5 R2D3 R2D5 R1D5 R1D3
R,D; |RD; |R;D; |R,D, | R.D; |R.D, |R,D; |R,D;
Sprinkling drip Drip sprinkling

Mean plots  Small plots
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@ The linear model of Strip plot is:
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@ The linear model of Strip plot is:

Yijki = 1+ ﬁi + Aj + €a(ij) + By + (AB)jk + E(b)ijk+
G+ (AC)j + (BC)w + (ABC)ju + €(cyiji
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@ When a split plot with i treatments A in the whole plots, |
sub-treatments inB in mean plots and, each each mean plot
divided in k small plots,
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sub-treatments inB in mean plots and, each each mean plot
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@ then when this k sub sub treatments C are ransomized, we are
speaking about a strip plot
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After the ANOVA analyses what ?

» The ANOVA hypothesis is quite little informative

> If we didn’t reject Ho(7):7; = t; V i+ jthenthe
analysis ends here. In applied research the cheaper,
more practical, more available treatments should be

recommended

» If the ANOVA H hypothesis is rejected, then that
rejection could be due to different situations:

. T4 =Ty =u=Ti_1, but T, #T1,
T =Ty =u=T; 2 =Ty but 14, #7174
etc., etc.

* So, additional method for inquiring about the structure
of the differences among treatments are needed
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After rejecting the ANOVA hypothesis, what?

Is there a pre-planned
treatment structure?
1
I 1
NO
| YES
[

Pairwise comparisons
Is there any control?

l—%
— LsSD
YES NO
[ |
—— Tukey
Comparison against Comparisons
the control. between groups
—— Scheffe [
Dunnett Non Orthogonal
| | Duncan orthogonal contrasts
contrasts
Student -
—— Newman —
Keuls
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Pairwise comparisons methods: fundaments

» Hypothesis:

HOk: T; = Tj versus Hak: T; * Tj
where i=12,..,t—1, j=i+1i+2..,t
_ t(t-1) ty .t
k=12, 2 (2) T 211¢-2)!

» Example, for 4 treatments ; the hypotheses to test are:
> t(t-1) _ @ — 6,

2
1. Hy:ti =75 vs Hyty # 1,
2. Hy:ti =73 vs Hy:Ty # T3
3 Hp:ity =714 vs Hyity # 74
4 Hy:ty =13 vs Hy:Ty # 73
5 Hyty =14 vs HyiTy #7174
6. Hy:t3 =714 vs HyT3 # 74
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Pairwise comparisons methods: fundaments

» The Test Statistic is:
_ t(t—1)
Dy = |y — ¥ ; k=1,2,..,——
» The number of differences to calculate is equal to the

number of hypothesis to test, using the means of the
treatments involved in the corresponding hypothesis.

> So, for the above example its necessary to calculate 6
differences
» Critical Value (Threshold):

MSD = [D'ngg.«;, |[Standard Error]

» With Decision Rule :
If |¥:—¥;| = MSD - Reject Ho,,
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Least Significant Difference (LSD) method

> It is based on the Student’s t distribution
> For r; # 1} (unbalanced designs)

1 1
LSDy = [tageq,|[° /MSE(r—i +)]

» Forr; = rj = r (balanced designs)

LSD = [tdfe,a/z][zfnf”]
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Comparisonwise error rate vs Experimentwise error rate

Pr (type | error) = Pr (rejecting HO / HO is true)
= Pr (declaring differences that not exist)
= Pr (False Positive)
Experimentwise error rate:
Pr(False Positive) =1 — (1 — a)k

. . t(t-1
where k = number of comparisons realized = %

Fora = 0.05
If t=4;k=6; Pr(False Positive) =1 — (1 —0.05)° =0.4012

t=5; k=10; Pr(False Positive) =1 — (1 —0.05)'° = 0.9005
t = 10; k=45; Pr(False Positive) =1 — (1 — 0.05)*5 = 0.999

While for a = 0.01

If t=4;k=6; Pr(False Positive) =1 — (1 —0.01)° =0.0585
t=5;k=10; Pr(False Positive) =1 — (1 —0.01)'° =0.0956
t = 10; k=45; Pr(False Positive) =1 — (1 — 0.01)** = 0.3638
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Comparisonwise error rate vs Experimentwise error rate

Pr (type | error) = Pr (rejecting HO / HO is true)
= Pr (declaring differences that not exist)
= Pr (False Positive)
Experimentwise error rate:
Pr(False Positive) =1 — (1 — a)k

. . t(t-1
where k = number of comparisons realized = %

Fora = 0.05
If t=4;k=6; Pr(False Positive) =1 — (1 —0.05)° =0.4012

t=5; k=10; Pr(False Positive) =1 — (1 —0.05)'° = 0.9005
t = 10; k=45; Pr(False Positive) =1 — (1 — 0.05)*5 = 0.999

While for a = 0.01

If t=4;k=6; Pr(False Positive) =1 — (1 —0.01)° =0.0585
t=5;k=10; Pr(False Positive) =1 — (1 —0.01)'° =0.0956
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Tukey’s method (Honestly Significant Difference)
» It is based on the Studentized or Standardized Range

Distribution
» For r; # rj (unbalanced designs)

2 |MSE ,1 1
HSD; = [qtdfe,a] [ /T(r—i +)]

» Forr; = rj = r (balanced designs)

HSD = [qtdfe,a] [ZM\/E]

» The hypothesis, test statistic and decision rule, are
the same as the LSD test
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Scheffe’s method

> Like ANOVA, it is based on the Snedecor’s F distribution

> Because is a general method for both pairwise and
groups comparisons is more strict than LSD and Tukey

> For r; # 1 (unbalanced designs)

1

Sy = Z\/(t ~-1) [F(dtf_e‘g] [MSE <r1+ r—]_)]

» While for r; = r; = r (balanced designs)

s = 2\/[@] [Fg );2] [MSE]
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Comparing methods

> For alpha = 0.05 we got:

LSD (0.6268) < Tukey (0.8705) < Scheffe(0.9494)
» While for alpha = 0.01 was gotten:

LSD (0.9121) < Tukey (1.1924) < Scheffe(1.2972)
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