
Statistics fundamentals toolkit

Descriptive stats • Contrasts • Correlations

PLS 206



Statistics can't save...
•  a bad design: no controls, no replication, or pseudoreplication (10 plants in one pot 
are one replicate, not ten)

•  a biased sample: measuring only the plants at the easy-to-reach field edge

•  confounding: the fertilized plots were also the irrigated ones

•  bad logic: correlation isn't causation; no evidence of an effect isn't evidence of no 
effect; testing until something is significant

•  a false hypothesis: no p-value makes a wrong idea right

“To consult the statistician after an experiment is finished is often merely to ask him to conduct a post 
mortem examination. He can perhaps say what the experiment died of.”

R. A. Fisher, Presidential Address to the first Indian Statistical Congress, 1938



What statistics is for
•  Quantifying uncertainty: how sure are we? (standard errors, confidence intervals)

•  Separating signal from noise: is a difference bigger than chance alone would 
give? (tests)

•  Estimating effects: how big, in real units (effect sizes)

•  Planning: how many plants do we need? (power)

•  Seeing structure in many variables at once (PCA, clustering)

•  Predicting, with an honest measure of the error (cross-validation)

Good statistics: honest uncertainty about a well-designed question.



Goals for Today

• Distributions: normal, gamma, lognormal, Poisson, binomial
• Checking normality and transforming data
• Uncertainty: SD, SE, confidence intervals
• Test statistics, p-values, errors, and power
• Group comparisons (t-tests, ANOVA; non-parametric)
• Covariance, correlation, and categorical tests
• Effect sizes and multiple testing



Pop quiz!
Kahoot-style warm-up

Warm-up: 17 quick questions from 
your undergrad stats course. 

Not graded.

Use pseudonym if you want.

Fast and correct wins. Scan with your phone

host screen

Join on your phone or laptop: greymonroe.github.io/live-poll-test/quiz-play.html?quiz=pls206-w1-warmup

https://greymonroe.github.io/live-poll-test/quiz.html?quiz=pls206-w1-warmup
https://greymonroe.github.io/live-poll-test/quiz-play.html?quiz=pls206-w1-warmup


PLS 206 Applied Multivariate Modeling in Agricultural and Environmental Sciences

Part 1: Describing data

Means, distributions, and spread



$$$$$$$$$$$ make a bet $$$$$$$$$$

•  Guess what the 13th plant height will be. Closest bet wins
•  How do you decide what to bet?
•  Statistics makes that bet precise ...
•  ... and tells us how sure we should be (i.e how much to wager)

12 wheat plants, measured in cm



12 wheat plants



Population vs. sample

We use the sample to estimate the 
population.



The mean

Best single bet for a new plant: 82.2 cm



Expected value: the long-run average

•  You never roll a 3.5, but that's what the rolls 
average out to
•  A bet's expected value = what it pays per 
play, on average



The mean is an expected value

Pick one of our 12 plants at random: each has probability 1/12. The mean is that bet's expected value.

•  E[X]: a property of the population (μ)
•  x̄: our estimate of it from a sample



Why the mean is the best bet

•  Score each bet by its squared error: the bet with the lowest expected penalty is the mean
•  Score by absolute error instead: the best bet is the median (more on squared vs. absolute later)



Mean vs. median

•  Median = middle value (50% above, 50% below)
•  One typo moves the mean from 82 to 139; the median barely moves
•  The median is robust to outliers; the mean is not



Same mean, different spread

 = 82 cm in both fields. x̄ How do we put a number on spread?
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Variance and standard deviation



Deviations from the mean

Each red line is one plant's 
deviation: how far it is from the 
mean



Deviations sum to zero

So we can't just average them: the positives and negatives cancel.



Absolute vs. squared

mean absolute deviation mean squared deviation

Squares win: they are smooth (differentiable) and add up. Sums of squares are the 
backbone of ANOVA, regression, and PCA.



Variance, step by step



Standard deviation

•  Variance: cm²   SD: back in cm
•  SD = typical distance of a plant from the mean



Why n − 1?

•   is fit from the same data, so deviations from  are a bit x̄ x̄ too small
•  Dividing by n underestimates the variance, worst at small n



Degrees of freedom: the intuition
Degrees of freedom = how many 
values are still free to vary once you've 
estimated something from the data

•  12 plants = 12 pieces of information
•  Estimating  x̄ spends one
•  11 are left to estimate the spread

That's the n − 1 in the variance.



Degrees of freedom: the definition

Fewer df → s is less certain → fatter-tailed t → wider CIs and larger p-values



Distributions

A distribution describes how often each value occurs: center, spread, and shape.



Shapes of distributions

•  Always look at the shape before choosing a statistic or a test
•  Skew and multiple peaks make the mean a misleading summary
•  in R: hist() function!



The normal distribution

•  Two numbers describe it: μ (center) and σ 
(spread)
•  68% within 1 SD, 95% within ~2 SD
•  Many tests assume it

Heights by hand (μ = 82 cm, σ = 16 cm):

dnorm() does the same:



Reading the notation

“Height is normally distributed with mean 82 
cm and SD 16 cm (variance 256 cm²)”



Normal: many small effects add up

•  Many small, independent effects that 
add up
•  Height, yield, leaf length; 
measurement error



Distributions in R: d p q r

dnorm  density (height of the curve)
pnorm  probability below a value (area)
qnorm  quantile: value for a given probability
rnorm  random draws
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Beyond the normal distribution

Gamma, lognormal, Poisson, binomial



Waiting for 4 moths in a trap

•  Each moth arrives after a random 
wait (1.5 days on average)
•  Days until the 4th = sum of 4 waits → 
gamma



Gamma distribution

Shape 4 × scale 1.5 = mean 6 days. Same 
d/p/q/r pattern: dgamma, pgamma, 
qgamma, rgamma

Positive, right-skewed: waiting times, rainfall amounts, 
days to flowering

k = shape: how many 
events (4 moths)
θ = scale: average wait 
per event (1.5 days)



Shape controls the skew
•  shape = 1: exponential (waiting for 
one event)
•  Small shape: strongly right-skewed
•  Large shape: nearly normal
•  rgamma(5000, shape = 30) comes 
back on the normality-test slide



Live poll
Multiple choice

Shoot biomass has a long right tail. 
Which is bigger: the mean or the 
median?

Scan with your phone

host screen

Join on your phone or laptop: greymonroe.github.io/live-poll-test/submit.html?poll=pls206-w1-skew

https://greymonroe.github.io/live-poll-test/display.html?poll=pls206-w1-skew
https://greymonroe.github.io/live-poll-test/submit.html?poll=pls206-w1-skew


Seedlings that grow by a percentage each day

•  Many random factors that multiply: 
logs turn products into sums
•  Biomass, population size, 
concentrations



Lognormal distribution

•  log(y) is normal: things that grow multiplicatively (biomass, concentrations)
•  Median 20 g, mean 25.5 g: the long tail pulls the mean up



Aphids landing on leaves

•  Independent events, each rare on any 
one unit
•  Clumped events: variance > mean 
(overdispersed; GLMs, Week 3)



Poisson distribution (counts)

Counts: insects per leaf, seeds per pod. Mean = 
variance, one parameter λ.



Seeds in a pot: each germinates or not

•  n independent yes/no trials, same p, 
count the yeses
•  Germination, survival, infection; 
alleles in a genotype



Binomial distribution

Successes out of n trials: seeds germinated, plants surviving, infected leaves. Parameters: size (n) and 
prob (p).



Binomial: why not just normal?

•  Whole numbers, stuck between 0 and n
•  Variance np(1 − p) is set by p: no separate σ
•  Near 0% or 100%: skewed. Hence logistic 
regression (Week 3)



Distributions in R: cheat sheet

Every one has d  p  q  r:  dgamma(), pgamma(), qgamma(), rgamma() ...



Notation, mean, and variance

•  Each has an expected value and a variance written in terms of its parameters
•  Only the normal has separate knobs for center and spread. Poisson: variance = mean.



Parametric vs. non-parametric: the idea

•  Parametric: assume a distribution (normal, Poisson...), 
then work with its few parameters (μ, σ, λ, p)
•  Non-parametric: assume no shape; work with ranks 
or reshuffles of the data



Parametric vs. non-parametric: the math
Parametric

Non-parametric

•  Parametric: more power when the 
assumptions hold, answers in real units 
(a difference in cm)
•  Non-parametric: robust to skew and 
outliers, ~95% of the t-test's power on 
normal data

Non-parametric ≠ assumption-free: observations still have to be independent.
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Checking normality

and transforming data



What are theoretical quantiles?

•  Theoretical quantile: where the k-th smallest of n 
values should sit if the data were perfectly normal 
(in SDs)
•  Q–Q plot: sorted data vs. these. Normal → 
straight line



Is it normal? Look first

Height: symmetric, points on the line = normal.   Biomass: long right tail, points curve up at the right = right 
skew.
S-shape (both ends off the line) = heavy tails.



Shapiro–Wilk test

Height: p = 0.79 → no evidence 
against normality

Biomass: p = 0.00002 → not 
normal



Careful with normality tests

•  Large n: flags trivial departures (top: barely skewed, p = 
3e-14)
•  Small n: misses real skew (bottom: truly skewed, p = 0.45)
•  Look at the Q–Q plot. The test is a supplement, not a 
verdict.



Log transformation

After logging, biomass looks 
normal: p = 0.20



Logs and ratios

•  Raw ratios: halving sits 0.5 below 1, doubling sits 1 above: skewed
•  log2: halving = −1, doubling = +1, no change = 0: symmetric. Average ratios on the log scale.
•  Arithmetic mean 1.25: total yield up 25%.  Geometric mean 1: the typical proportional effect; a halving 
and a doubling cancel.



Zeros and negatives

•  log(0) = −Inf, log(negative) = NaN
•  log(y + c): the answer depends on c; zeros 
can become outliers
•  Many zeros or negatives: use INT, or a 
GLM (Week 3)



Common transformations



Checking the moth-trap data

log passes the test but overshoots (bends the 
other way). sqrt is the right strength.



Counts: transforming isn't enough

•  Only a handful of possible values: the Q-Q plot is a staircase, and no transformation removes the steps
•  Model them as what they are: Poisson and binomial GLMs (Week 3), or use a rank-based test



Box–Cox: let the data pick λ

•  Biomass: λ ≈ 0 → log
•  Needs y > 0
•  Yeo–Johnson extends it to zeros and negatives 
(bestNormalize package)



Standardizing is not normalizing

Centering

mean 0, units and SD kept

Standardizing = z-score

mean 0, SD 1: “how many SDs 
from the mean”

Neither changes the shape: same skew, same Shapiro p. Use them to put variables on a common scale (PCA, 
regularization), not to fix skew.



Rank-based inverse normal (INT)

•  Works on anything: zeros, negatives, any shape. Forces a normal distribution.
•  Costs: original units are gone (only ranks remain) and ties stay tied (the flat step).



Transformations change the question

•  Mean of the logs, back-transformed = geometric mean (18.9 g), close to the median
•  The arithmetic mean (23.7 g) is pulled up by the long tail
•  Differences on the log scale are ratios: "droughted plants were 30% lighter"



When do my data need to be normal?



What tests assume normality?

•  No normality needed: rank tests, permutation tests, binomial / Fisher / chi-squared, GLMs (they use their 
own distribution)
•  Even when assumed: it's for the p-value and CI, and matters less as n grows



Monday recap
Kahoot-style warm-up

14 quick questions on Monday's 
material. 

Not graded.

Use pseudonym if you want.

Fast and correct wins.
Scan with your phone

host screen

Join on your phone or laptop: greymonroe.github.io/live-poll-test/quiz-play.html?quiz=pls206-w1-recap

https://greymonroe.github.io/live-poll-test/quiz.html?quiz=pls206-w1-recap
https://greymonroe.github.io/live-poll-test/quiz-play.html?quiz=pls206-w1-recap
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Standard error and confidence intervals



One experiment = one sample

Repeat the same experiment and the 
mean changes every time.



Sampling distribution of the mean

The spread of the means is much 
narrower than the spread of the plants



Standard error

SE = how much the mean would bounce around if we repeated the experiment. It 
measures the precision of our estimate.



SD vs. SE

SD
Spread of individual plants
Property of the population
Does not shrink with n

SE
Spread of the sample mean
Property of the experiment
Shrinks with √n



Live poll

Scan with your phone

host screen

Join on your phone or laptop: greymonroe.github.io/live-poll-test/submit.html?poll=pls206-w1-means

Number: the class builds the central limit theorem

Everyone: simulate 50 plants' biomass 
(skewed!) in R. No set.seed().

Look at your histogram, then submit mean(b) in grams.

https://greymonroe.github.io/live-poll-test/display.html?poll=pls206-w1-means
https://greymonroe.github.io/live-poll-test/submit.html?poll=pls206-w1-means


Central limit theorem

Means of samples are approximately normal even when the data are not, and more 
so as n grows.



Confidence intervals

t instead of 1.96 because 
we estimated s from 12 
plants



The t distribution

•  Like the normal, but heavier tails
•  Extra uncertainty from estimating s
•  Approaches the normal as df = n − 1 
grows



t.test() gives the CI

95 percent confidence interval: 73.66 to 90.68 — same as by hand



100 experiments, 100 intervals

•  Each line: one experiment of 12 
plants and its 95% CI
•  About 5 in 100 miss the true mean
•  We never know whether ours is one 
of them



Live poll
Multiple choice

Our 95% CI for mean height is 73.7 to 
90.7 cm. Which statement is correct?

Scan with your phone

host screen

Join on your phone or laptop: greymonroe.github.io/live-poll-test/submit.html?poll=pls206-w1-ci

https://greymonroe.github.io/live-poll-test/display.html?poll=pls206-w1-ci
https://greymonroe.github.io/live-poll-test/submit.html?poll=pls206-w1-ci


What 95% means

  ✗ There is a 95% probability the true mean is in this interval

  ✓ 95% of intervals built this way contain the true mean



Which error bar?

± 1 SD  spread of plants
± 1 SE  precision of the mean
95% CI  plausible range for μ

Always say which one in your figure 
legend.
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Test statistics and p-values





P<0.05
P>0.05



H0
x
̄ one 

sample 
t-test



H0
x
̄ one 

sample 
t-test



H0
x
̄ one 

sample 
t-test



Watered vs. droughted

Is the difference real, or could it be chance 
from sampling 15 plants each?



Test statistic = signal / noise



t by hand

The difference is 2.4 SEs from zero



t.test()

Same t = 2.374. Welch's test (the default) does not 
assume equal variances; df = 21.2.

Alternate syntax: two vectors; Student's t



From t to p

The p-value is the red area: how often chance alone gives a t this extreme.



A p-value by shuffling labels
a permutation test

•  If drought did nothing, the labels are arbitrary. Shuffle them 10,000 times: red = shuffles at least as extreme 
as ours, either direction: p = 0.026 (t-test: 0.027)
•  Not a bootstrap: shuffling (no replacement) builds the null for a p-value; a bootstrap resamples with 
replacement to get an SE or CI



Paired
t-test

(Same as one sample t-test on difference)



Live poll
Multiple choice

Watered vs. droughted: p = 0.027. 
What does that mean?

Scan with your phone

host screen

Join on your phone or laptop: greymonroe.github.io/live-poll-test/submit.html?poll=pls206-w1-pvalue

https://greymonroe.github.io/live-poll-test/display.html?poll=pls206-w1-pvalue
https://greymonroe.github.io/live-poll-test/submit.html?poll=pls206-w1-pvalue


What a p-value is (and isn't)

  ✓ P(a difference at least this large | H₀ true)

  ✗ the probability the hypothesis is true
  ✗ the probability the result was luck
  ✗ a measure of how big the effect is



Type I and Type II errors

•  α = 0.05 is the false-positive rate we agree to accept
•  Power = the chance of detecting an effect that is really there



Live poll
Number: live histogram

Guess: plants per group needed to 
detect a 10 cm drought effect 80% of 
the time (SD = 12 cm)?

Scan with your phone

host screen

Join on your phone or laptop: greymonroe.github.io/live-poll-test/submit.html?poll=pls206-w1-power

https://greymonroe.github.io/live-poll-test/display.html?poll=pls206-w1-power
https://greymonroe.github.io/live-poll-test/submit.html?poll=pls206-w1-power


Power and sample size

•  To detect 10 cm with 80% power: 24 plants per 
group
•  Our 15 per group: only 60% power
•  Halve the effect: you need ~4× the plants



Live poll
Number: live histogram

Guess r for this scatterplot

Scan with your phone

host screen

Join on your phone or laptop: greymonroe.github.io/live-poll-test/submit.html?poll=pls206-w1-guessr

https://greymonroe.github.io/live-poll-test/display.html?poll=pls206-w1-guessr
https://greymonroe.github.io/live-poll-test/submit.html?poll=pls206-w1-guessr


Always plot your data

Four datasets, identical mean, SD, 
and correlation ...



Kahoot-style showdown
End-of-lecture game

12 questions on today's lecture. Fast 
and correct wins.

Scan with your phone

host screen

Join on your phone or laptop: greymonroe.github.io/live-poll-test/quiz-play.html?quiz=pls206-w1-showdo
wn

https://greymonroe.github.io/live-poll-test/quiz.html?quiz=pls206-w1-showdown
https://greymonroe.github.io/live-poll-test/quiz-play.html?quiz=pls206-w1-showdown
https://greymonroe.github.io/live-poll-test/quiz-play.html?quiz=pls206-w1-showdown


PLS 206 Applied Multivariate Modeling in Agricultural and Environmental Sciences

Part 2: The toolkit of tests

Wednesday, September 30



Wilcoxon test 
(“non parametric 

t-test”)
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Covariance and correlation

Do two variables move together?



Do height and biomass move together?

•  Each rectangle: (x − )(y − ȳ)x̄
•  Red: both above or both below the mean 
→ positive
•  Blue: one above, one below → negative
•  Covariance ≈ the average rectangle. 
Mostly red here, so positive.



Covariance, step by step

•  Variance is the covariance of a 
variable with itself
•  + together,  − opposite,  ≈ 0 no 
linear trend
•  Units: cm × g



From covariance to correlation

•  Covariance changes with the units: cm 
→ m makes it 100× smaller
•  Divide by both SDs: r has no units, −1 to 
+1
•  r = covariance of z-scores (Monday's 
scale())



What r looks like



Pearson correlation



Testing r

The t and df on the previous slide

•  H₀: ρ = 0 (no linear association)
•  Same r = 0.30: p = 0.4 with 10 plants, 
0.002 with 100
•  r² = shared variance: r = 0.70 → 49% 
of biomass variation goes with height



Correlation pitfalls: always plot

•  r only measures straight-line association: a perfect curve can give r ≈ 0
•  One point can create a correlation; groups can reverse its sign. And correlation is not causation.



Ranked >>>

Spearman correlation (non-parametric)



Ranked >>>

Spearman correlation (non-parametric)



The covariance matrix

•  Diagonal: each variable's variance
•  Off-diagonal: covariance of each pair; symmetric 
(s12 = s21)
•  p variables → p × p matrix



Covariance matrix → correlation matrix
Divide each cell by both SDs. The diagonal becomes 1.

•  Petal length has 16× the variance of sepal width: in S, big-variance traits dominate
•  cor = cov of standardized data: every trait counts equally. PCA on S vs. R (Week 7)



Many variables: the correlation matrix

•  cor() on a data frame: every pair at once
•  Diagonal = 1; the matrix is symmetric
•  cov() gives the covariance matrix: the starting 
point for PCA (Week 7)



Scatterplot matrix: pairs()

•  Every pair in one figure: the plots 
behind the matrix
•  Shows what r hides: groups, curves, 
outliers
•  Base R, no packages



ggpairs(): plots, densities, and r together

•  Lower: scatterplots; diagonal: 
distributions; upper: r overall 
and per group
•  You'll use it in Problem Set 1



corrplot(): many variables at once

•  20 variables = 190 pairs: too many for a scatterplot 
matrix
•  order = "hclust" groups similar variables: blocks of 
redundant climate variables
•  32 pairs have |r| > 0.8. That redundancy is what PCA 
(Week 7) and clustering (Week 8) use
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Analysis of variance (ANOVA)

Comparing more than two groups



Live poll
Number: live histogram (%)

5 treatments that all do nothing. You t-test 
every pair: 10 tests. Chance that at least 
one gives p < 0.05?

Scan with your phone

host screen

Join on your phone or laptop: greymonroe.github.io/live-poll-test/submit.html?poll=pls206-w1-familywise

https://greymonroe.github.io/live-poll-test/display.html?poll=pls206-w1-familywise
https://greymonroe.github.io/live-poll-test/submit.html?poll=pls206-w1-familywise


Why not just run lots of t-tests?

•  3 groups: 3 tests, 14%
•  5 groups: 10 tests, 40%
•  ANOVA asks one question first: do any of 
the means differ?



Splitting the variation



Sums of squares by hand

•  yij = plant i in group j;  ȳj = group mean;  ȳ = grand mean
•  Groups differ when between is large relative to within



F = signal / noise
•  Mean square = SS / df: a 
variance
•  k = 3 groups, N = 30 plants
•  H₀ true: F ≈ 1
•  Big F: the means differ more 
than noise would make them



Same means, different noise

Group means are identical (10, 12, 11) in both panels. F compares the spread of the means 
to the spread within groups.



From F to p

•  The F distribution has two df: k − 1 = 2 
and N − k = 27
•  Only big F counts as evidence: one-
tailed
•  p = 0.016: at least one mean differs. 
ANOVA doesn't say which.



Reading the ANOVA table

•  Every column is a step we 
just did by hand
•  Pr(>F) is the p-value



One way analysis of variance (ANOVA)



Which groups differ? Tukey HSD

•  Only trt2 vs. trt1 differs (p = 0.012)
•  Tukey adjusts for all pairwise comparisons: the 
95% is for the whole family
•  An interval that crosses 0: no evidence of a 
difference



Check the residuals
•  Assumptions are about the 
residuals: normal, similar spread, 
independent
•  Here: Shapiro p = 0.44, Bartlett p = 
0.24: fine
•  If not: transform, oneway.test() 
(Welch), or Kruskal–Wallis



ANOVA is a linear model

Each coefficient is an arrow: that group's difference from the ctrl mean. The intercept is the ctrl mean.



lm() gives the same ANOVA table

↑ by hand (sums-of-squares slides)    ↓ anova(lm()): the same numbers Two groups: F = t²

•  aov() and lm() fit the same model; summary(aov()) and anova(lm()) print the same table
•  Next week: regression uses the same machinery



Parametric vs. non-parametric
Same question asked on ranks: 
fewer assumptions, a bit less 
power. Here: p = 0.016 vs. 
0.018.



When do broken assumptions matter?
•  Skewed data: t-test gets conservative 
(fewer false positives, less power)
•  Unequal variances + unequal n: 
Student's t gives ~25% false positives
•  Welch's t (R's default) fixes it



Binomial test



Binomial test under the hood

If survival were 50:50, how likely is each count? 
Add up the red bars.

Exact: no normal curve, no approximation. Two-sided: counts as far from 15 in either direction (≥ 23 or ≤ 7).



Fishers Test



Fisher's exact test under the hood
•  Fix the margins: 10 irrigated, 10 not; 9 improved, 
11 not
•  If irrigation does nothing, how many of the 9 
improvers land in the Irrigate row?

p = sum of the red bars: every table at 
least as lopsided as ours



2 × 2: Fisher or chi-squared?

•  Chi-squared: a smooth curve for lumpy counts. 
OK when every expected count ≥ 5
•  Fisher: exact, counts the tables. Use it for small 
counts
•  Large N: they agree. Big tables: chi-squared

Here expected counts are 4.5: R warns “Chi-squared 
approximation may be incorrect”



Chi-squared test



Chi-squared under the hood

E = what each cell would hold if habitat and guild 
were unrelated



Observed vs. expected: where is the effect?
•  Red: more than expected if unrelated
•  Blue: fewer than expected
•  |residual| > 2 stands out: beetles 
love oak savanna, avoid grassland

One line in base R: mosaicplot(tab_rc, shade 
= TRUE)



Goal Parametric test Non-parametric alternative When to use parametric When to use non-parametric

Compare one sample mean vs. 
a value One-sample t-test Wilcoxon signed-rank Data ≈ normal Data skewed, ordinal, outliers

Compare two independent 
groups Two-sample t-test Mann–Whitney U (a.k.a. 

Wilcoxon rank-sum)
Normal-ish distribution, equal 
variances

Skewed, ordinal data, unequal 
variances, outliers

Compare two paired samples 
(before/after) Paired t-test Wilcoxon signed-rank Normal-ish differences Non-normal differences, small 

N, outliers

Compare >2 groups ANOVA Kruskal–Wallis Normal-ish, equal variances Skewed/ordinal, unequal 
variances

Compare >2 repeated measures Repeated-measures ANOVA Friedman test Normal-ish, sphericity 
assumption

Non-normal, ordinal, violations 
of sphericity

Test correlation Pearson correlation Spearman correlation Linear relationship, normal data Monotonic (not necessarily 
linear), skewed/outliers, ordinal

Test association in counts Chi-squared test Fisher’s exact test Large sample, expected counts 
>5

Small sample, expected counts 
<5

Test a sample proportion vs. 
expected probability

Large-sample z-test for 
proportions (normal approx) Binomial test

Large n (so normal 
approximation to binomial is 
valid, expected 
successes/failures > 5)

Small n, skewed proportions, 
exact inference needed

Rough summary and guide (green discussed in lecture):



Effect size vs. p-value

n = 400: p = 0.000001, d = 0.35 
(small)

n = 8: p = 0.07, d = 0.97 (large)

p mixes effect size with sample 
size. Report the effect size and its 
CI.



Cohen's d

d:
0.2 small
0.5 medium
0.8 large



Eta-squared (ANOVA)

Treatment explains 26% of the variation in plant weight.   η²: 0.01 small, 0.06 medium, 0.14 
large



Multiple testing



Correcting for multiple tests

•  Holm: controls the chance of any false 
positive
•  BH (FDR): controls the share of false 
discoveries; for many tests (genomics)
•  Pick the method before looking at results



PLS 206 Applied Multivariate Modeling in Agricultural and Environmental Sciences

Next week: Linear regression

Problem Set 1 due Monday, October 5, 1:10 PM
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