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Solution to home assignment 1

The solution presents one way in which the descriptive analysis could be done, but other ways are
possible as well. It is more detailed than required for a 100% mark, by including all the variables for
the descriptive analysis when only one continuous parameter was required for the assignment and by
a detailed discussion of the questions related to the randomization.

1. Descriptive analysis

The variables length, width, height, and weight are quantitative and continuous (both when measured
at the study beginning and end), cage is nominal categorical with six categories, and the variables
site and source are both dichotomous (categorical with two categories).

For simplicity the descriptive statistics and graphical display for the continuous variables will use
the Graphical Summary menu in Minitab. With the quite large sample size, the most appropriate
graphical representation of the distributions is a histogram (stemplots are useful as well), and the
display also includes a box-plot and all the commonly used descriptive statistics (plus some we won’t
consider here, such as the confidence intervals). The histograms for start and end values of the same
parameter should preferablybe displayed with the same bins (intervals); the number of bins can be
adjusted from the software default (by editing the graph) if the histograms are considered too smooth
or too rough. The cut-points for the “suspected outliers” indicated in the box-plot can be computed
manually as the Q1 — 1.5 x IQR and Q3+ 1.5 x IQR on the lower and upper side of the distribution,
respectively. In a normal distribution, we would expect close to one suspected outlier from this rule
with a sample of size 240 (calculated as 0.0035 - 240 = 0.84 ~ 1) in both the left and right tails (slide
1L—15). Some missing values occur among the measurements at the study end; these could be noted
and explored.

Summary for length1 Summary for length2
Anderson-Darling Normality Test Anderson-Darling Normality Test
A-Squared 154 A-Squared 0.65
P-Value < 0.005 P-Value 0.090
Mean 66.208 Mean 68.933
StDev 8.228 StDev 7.305
Variance 67.694 Variance 53.361
Skewness -0.15902 Skewness -0.02435
Kurtosis 1.37427 Kurtosis 1.43368
N 240 N 238
Minimum 41.270 Minimum 45.050
1st Quartile 61.953 1st Quartile 64.270
Median 66.965 Median 69.425
3rd Quartile 71.455 3rd Quartile 73.887
38 50 6 ] 86 8 Maximum 102.280 50 62 = 8 8 Maximum 101.960
95% Confidence Interval for Mean 95% Confidence Interval for Mean
.- T . 65.161 67.254 e 3 68.000 69.866
95% Confidence Interval for Median 95% Confidence Interval for Median
65.654 68.010 68.362 70.222
95% Confidence Interval for StDev 95% Confidence Interval for StDev
95% Confidence Intervals 7.552 9.038 95% Confidence Intervals 6.702 8.027
Vean Mean
Median Median
650 655 .0 5 670 75 650 ED o5 650 55 780 705
Summary for width1 Summary for width2
Anderson-Darling Normality Test Anderson-Darling Normality Test
A-Squared 0.25 A-Squared 038
P-Value 0.743 ™ P-Value 0.404
Mean 42429 Mean 45.346
StDev 5.191 StDev 5.209
Variance 26.947 Variance 27.133
Skewness -0.023183 Skewness 0.050213
Kurtosis 0.550713 Kurtosis 0.595333
N 240 N 238
Minimum 25.090 Minimum 29.080
1st Quartile 38.765 1st Quartile 42.188
Median 42,600 Median 45.540
3rd Quartile 46.078 3rd Quartile 48.445
& & £2 & = el Maximum 59.340 D D £ &3 = e Maximum 63.090
95% Confidence Interval for Mean 95% Confidence Interval for Mean
41.769 43.089 44.681 46.011
95% Confidence Interval for Median 95% Confidence Interval for Median
41.673 43.423 44.571 46.237
95% Confidence Interval for StDev 95% Confidence Interval for StDev
o
95% Confidence Intervals 4765 5702 95% Confidence Intervals 477 724
Vean Mean
Median Vedian
415 420 425 43.0 435 445 45.0 45.5 46.0




Summary for height1l Summary for height2
Anderson-Darling Normality Test Anderson-Darling Normality Test
A-Squared 075 A-Squared 039
P-Value 0.050 P-Value 0372
Mean 20,539 Mean 22489
StDev 2,965 Stev 2.886
Variance 8.791 Variance 8.326
Skewness  -0.275949 Skewness  0.000705
Kurtosis 0022771 Kurtosis ~ 0.457471
N 240 N 238
Minimum 12.600 Minimum 13.830
IstQuartile  18.800 IstQuartile 20555
Median 20.755 Median 22670
3rd Quartle 22915 3rd Quartile  24.233
15 18 2 24 27 Maximum 28.220 15 18 21 2 z 0 Maximum 31.690
95% Confidence Interval for Mean 95% Confidence Interval for Mean
—_—i T 20162 20,916 2121 22858
95% Confidence Interval for Median 95% Confidence Interval for Median
20243 20.967 2192 23.086
95% Confidence Interval for StDev 95% Confidence Interval for StDev
95% Confidence Intervals 271 3257 95% Confidence Intervals 2647 31
Mean Mean
Median: Median
202 204 206 208 210 220 22 24 26 28 230 232
Summary for weight1 Summary for weight2
Anderson-Darling Normality Test Anderson-Darling Normality Test
A-squared 082 A-Squared 129
P-Value 0.033 PValue < 0.005
Mean 35.777 Mean 43.663
Stoev 11416 Stev 12.051
Variance 130321 Variance  145.238
Skewness  1.01189 Skewness  1.04785
Kurtosis ~ 6.14890 Kurtosis ~ 6.01108
N 240 N 230
Minimum 10,610 Minimum  14.940
Ist Quartile  28.282 Ist Quartile  36.670
Median 35.855 Median 44.145
3rd Quartile  42.815 = = 3rd Quartile  51.245
15 30 5 60 75 90 105 Maximum 108.160 15 30 45 60 75 90 105 Maximum 115.780
95% Confidence Interval for Mean 95% Confidence Interval for Mean
—r 34326 37.29 — 42,097 45.229
95% Confidence Interval for Median 95% Confidence Interval for Median
34.130 37.843 42,097 45.773
. 95% Confidence Interval for StDev N 95% Confidence Interval for StDev
95% Confidence Intervals 10478 12540 95% Confidence Intervals 11042 13.266
Mean Mean
Median Median
34 35 36 37 38 a2 43 44 45 46

For categorical variables, descriptive statistics such as the mean and standard deviation and graphical
displays such as a histogram (with overlaid normal curve) are less useful. The relevant statistics are
the counts or proportions for each category, and a bar graph (or pie graph). It turns out all the
categorical variables are perfectly uniformly (i.e., equally) distributed on the categories, so we’ll just
represent the distributions by bar graphs (even though one could argue these to be little informative
because of the uniform distributions). The uniform distributions resulted from the experimental
design and are not of real interest.
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Finally, brief summaries of the distributions of the continuous variables based on the computed
statistics and graphs:

e length: unimodal; centered around 66—69 mm; fairly symmetrical with a few very extreme
“suspected outliers” in both tails of the distributions. These are the main cause of the quite
high kurtosis value (clearly > 1), but we prefer to look after the extreme observations directly



instead of the kurtosis value. The most extreme observations at the beginning and end of
the study in both tails are from the same oysters, making it more likely that these were not
errors but simply very small or large oysters (which may however not be representative of the
population and therefore still be considered as real outliers); central part of the distributions
spread fairly evenly around the medians with interquartile ranges of slightly less than 10 mm,

width: unimodal; centered around 42—45 mm; almost perfectly symmetrical with only mod-
erately extreme ‘“suspected outliers” in both tails of the distributions; overall shape close to
normal; central part of the distributions spread evenly around the median (16.8—18.0); most
extreme observations at the beginning and end correspond to different oysters, but they never-
theless don’t appear particularly extreme compared to the rest of the distributions and should
probably not be considered as real outliers, one oyster however increased from 25.09 to 41.95 —
a suspiciously large increase,

height: unimodal (despite the ruggedness of the histogram for height1); centered around 20—22
mm; fairly symmetrical despite some left-skewness for height! and a shape not too far from
normal; two “suspected outliers” in each tail for height2 but not very extreme and hardly real
outliers,

weight: unimodal; centered around 35 and 44 g, respectively; central part of the distributions
slightly left-skewed, but the distributions appear as right-skewed due to several very extreme
observations in the right tail; the two largest observations in each distribution correspond to
the same oysters and may therefore be valid values, but nevertheless very different from the
remainder of the values (and thus perhaps not representative for the population = outliers).

2. Descriptive analysis for growth in four treatment groups

The four treatment groups are the combinations of the two dichotomous factors oyster source and
growth site. Comparisons of the treatments could be based on the statistics and histograms in
graphical summaries, as shown above, but we will here use box-plots to graphically represent the
five-number summaries (and suspected outliers) of the growth distributions. The growth variables
are computed by subtracting initial values from end values, e.g. as difflength = length2 — length! (in
Minitab, using the Calc-Calculator menu).

difflength
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Brief comparative summaries of the distributions of the growth parameters between the four treatment
groups (referring also to some of the descriptive statistics in the probability plots for Question 3):

e length: Growth was larger at the low salinity site (site=2) and for oysters from the low salinity

source (source=2) when considering the medians and boxes (the middle 50% of the distributions)
in the plots. Thus, the best performing treatment group seemed to oysters from a low salinity



source grown at a low salinity site. The variability (as represented by the box size, or IQR) in
oyster growth seemed to be larger for the low salinity source within both sites. The negative
extreme values seem suspect — how can an oyster become so much smaller?

e width: Again when considering the medians and boxes (the middle 50% of the distributions) in
the plots, growth was larger at the low salinity site and for oysters from the low salinity source,
and the combination of low salinity source and site appeared to perform markedly better than
the others. The variability was pretty similar in all groups, considering that the smaller IQR
for the high salinity site and source group could be offset by several extreme observations.
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e height: The boxplots show less clear differences between sites as for the other growth parameters
although the low salinity source and site again seems to outperform all other treatment groups.
Contrasting all other parameters, one group at the high salinity site did slightly better than
one of the low salinity site groups. The variability seemed larger for this variable relative to
the group differences, and there was again a tendency of larger variability among low salinity
source oysters.

e weight: The boxes of the weight distributions appear visually smaller than for other parameters
but this due to scaling caused by very extreme observations at the low salinity site. Also here,
the largest growth was found for the low salinity source and site. Assessments of variability
will be strongly affected by whether extreme observations are considered as outliers or not; in
particular, the loss of more than 20 g for an oyster at site 2 seems suspect.

3. Normality of growth variable distributions

The best quantitative ways of assessing normality are probability plots and normality tests; these
should be computed separately for each treatment group. Minitab can display the plots in separate
windows, in separate panels of the same window (my preference) or overlaid in the same figure. In
Minitab, the probability plot includes a P-value for the A-D (Anderson-Darling) test; we interpret
low P-values as evidence against the normal distribution at a (not too strict) 0.05 significance level.
Generally speaking, it’s perfectly possible (and quite common) that the assumption of a normal
distribution does not appear equally sensible in all treatment groups. This may be due to randomness
in the data, but extreme observations in some groups can also play a role.
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For all growth parameters, at least one of the 4 treatment groups showed strong evidence (P < 0.005)
against a normal distribution. Reasons for the non-normality were either extreme observations (e.g.,
length and height for the high salinity site and source, as well as weight for the high salinity site) or
skewness (e.g., 3 treatment groups for width) or both. Three of the four distributions for the high
salinity and site group looked quite close to normal.

4. Randomization

(i) Randomization within or between cages.

If differences in growth are expected between cages, it will be more efficient to compare the two sources
within than between cages. This corresponds to considering cages as blocks. Another advantage of
having both sources in the same cage is that the design will be less affected if one or several cages are
damaged or lost. So even without knowing for sure that growth differences might occur between cages,
it is safer to distribute both sources within each cage. All this assumes that the logistical challenges
of mixing sources within each cage are manageable; it is definitely easier to have one source per cage.

(i) Randomization within a cage.

The randomization approach depends on whether it is assumed that all 32 positions in the 4 x 8
layout offer equally good growth conditions or specific assumptions are made that some positions
are potentially advantageous. In the first case, the randomization within a cage corresponds to a
completely randomized design, and the task is to randomly distribute 16 oysters from each of the low
and high salinity sources onto the 32 positions. This requires labelling of the 32 positions as 1—32
in some way, and then 16 numbers need to be selected randomly among these (for the low salinity
source, for example). Table A can be used for this or statistical software. The figure below shows
one such randomization obtained using Minitab where L and H indicate low and high salinity oysters,



respectively. These oysters should be selected randomly from pools of oysters from each of the two
sources, and the added numbers 1—16 could correspond to a numbering of oysters within each of the
two sources or the order in which these are taken from a pool, see the discussion under (iii) below.

Column

Row | 1 2 3 4 5 6 7 8
L16 HI11 H9 L7 L11 H12 L13 L6
H2 L8 L14 L5 L1 HS8 H10 H13
H16 14 L15 L3 H1 H15 L12 H14
L2 L10 Hv H5 H4 H3 H6 L9

= W N

The irregularities in the resulting desing reflect the randomness of the procedure. For example, column
6 happened to contain only high salinity oysters.

Other designs will rely on specific assumptions about the possible differences in growth conditions
within the cage. For example, one may take rows as blocks (hence randomization is done within
each row) or take columns as blocks (randomization within each column). As a slightly different
example, we will consider the possibility that oysters in the exterior positions in the cage potentially
have different conditions than those in the interior positions. For simplicity, we will form just two
blocks, corresponding to exterior and interior positions, as shown in the figure below. Note that the
two blocks are not of equal size: there are 20 exterior and 12 interior positions. This is not a concern
here because they both hold far more observations than treatments (2). Randomization then follows
within each of the two blocks, with one particular randomization shown below which in its first step
randomly selects oysters from within each of two sources for exterior and interior positions.

Column

Row 1 2 3 4 5 6 7 8
L6 H2 L8 L14 HS H10 H13 HI16
L4 L16 HI11 H9 L7 L11 H12 | L15
L3 | L13 L5 L1 H7Y H5 H3 |HI1
H15 L12 H14 L2 L10 H4 H6 L9

=~ W N

(#i) Randomization between sites.

The study sites are allocated to treatments by deciding which oysters (of either low or high salinity
source) are deposited at each of the two sites. The logistics of randomly selecting oysters from a pool,
e.g. a bag of oysters, and here to allocate them to two sites, is not totally straightforward when oysters
cannot be expected to have individual IDs. So randomly reordering numbers (or rows in a worksheet)
does not in itself help without an explanation of how the numbers (rows) are linked to the individual
oysters. Also, just picking oysters (“randomly”) out of the bag does not necessarily correspond to
simple random sampling, because the larger oysters might be picked first (or the smaller ones).

When allocating oysters into two groups (corresponding to sites) the effect of such non-random selec-
tion can be eliminated by having a randomly determined list of allocations into sites A and B, say,
based on the order in which oysters are picked from the bag. That will effectively achieve a com-
plete randomization of the order of sampling, and hence be equivalent to simple random sampling.
A commonly used and easier method than simple random sampling is systematic random sampling
(Lecture 2, slide 2L—14), which here would correspond to alternating between sites A and B for the
oysters picked out of the bag. Systematic random sampling does not achieve a full randomization
and is therefore considered slightly inferior; in practice, it should work fine as well.



