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What to do with spreadsheet data after ImageJ

● Use R!!!!!
● https://r4ds.had.co.nz/

https://r4ds.had.co.nz/


What is a linear model?

• A linear model is simply fitting a line to the relationship between 
two (or more) variables

• This model will take the form of a line:
• Y = slope*X + intercept
• Y = ϐ*X + intercept
• lm(Y ~ X, data = my_data)

• Here Y is the response variable and X is the explanatory variable
• Put simply: we want to use X to predict Y



Example: a2d-1 Synapse Data



Example: a2d-1 Synapse Data

• Measured variables:
• Image name
• Condition (KO or WT)
• Red Puncta Count (Continuous)
• Green Puncta Count (Continuous)
• Colocalized Puncta Count (Continuous)
• Pair (1, 2, or 3)



Step One: Data Visualization

ggplot(data_in) + geom_point(aes(x = 

Green.Puncta.Count, y = Red.Puncta.Count))



Step Two: Linear Model Fitting

model_1 <- lm(Red.Puncta.Count ~ 

Green.Puncta.Count, data = data_in)

summary(model_1)



Step Three: Viewing Results
Call:

lm(formula = Red.Puncta.Count ~ Green.Puncta.Count, data = data_in)

Residuals:

Min      1Q  Median      3Q     Max 

-4287.2 -1312.1  -217.4  1700.5  3411.0 

Coefficients:

Estimate Std. Error t value Pr(>|t|)    

(Intercept)        12507.2359   789.3662   15.85  < 2e-16 ***

Green.Puncta.Count -1.0443     0.1446   -7.22 1.76e-10 ***

---

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 2086 on 88 degrees of freedom

Multiple R-squared:  0.372, Adjusted R-squared:  0.3648 

F-statistic: 52.12 on 1 and 88 DF,  p-value: 1.763e-10



Step Three: Viewing Results

a <- model_1$coefficients[[1]]

b <- model_1$coefficients[[2]]

ggplot(data_in) + geom_point(aes(x = 

Green.Puncta.Count, y = Red.Puncta.Count)) + 

geom_abline(aes(intercept=a,slope=b), color = 

'red')



Step Three: Viewing Results



Step Four: Statistics

Coefficients:

Estimate Std. Error t value Pr(>|t|)    

(Intercept)        12507.2359   789.3662   15.85 < 2e-16 ***

Green.Puncta.Count -1.0443     0.1446   -7.22 1.76e-10 ***

---

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 
1

Residual standard error: 2086 on 88 degrees of freedom

Multiple R-squared:  0.372,Adjusted R-squared:  0.3648

F-statistic: 52.12 on 1 and 88 DF,  p-value: 1.763e-10



What is our goal?



What is our goal?

• Modeling
• What is the best model or hypothesis that explains the data?
• Which of the potential explanatory variables should we include?

• Hypothesis Testing
• Are these groups different?



Step Four: Statistics

Coefficients:

Estimate Std. Error t value 
Pr(>|t|)    

(Intercept)        12507.2359   789.3662   15.85 
< 2e-16 ***

Green.Puncta.Count -1.0443     0.1446   -7.22 
1.76e-10 ***

---

t-test for each parameter to determine if it is 
significantly greater than 1



Step Four: Statistics

Coefficients:

Estimate Std. Error t value Pr(>|t|)    

(Intercept)        12507.2359   789.3662   15.85  < 2e-16 ***

Green.Puncta.Count -1.0443     0.1446   -7.22 1.76e-10 ***

---

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 
1

Residual standard error: 2086 on 88 degrees of freedom

Multiple R-squared:  0.372,Adjusted R-squared:  0.3648

F-statistic: 52.12 on 1 and 88 DF,  p-value: 1.763e-10



What is R-squared?

• R-squared is proportional to the amount of variance explained by 
the model relative to the total variance

• Adjusted R-squared accounts for sample size and number of 
explanatory variables used



What is Analysis of Variance (ANOVA)?

• ANOVA is a linear model where the explanatory variable is a 
categorical variable, usually with 3 or more levels

• ANOVA is based on the F test which determines if the variation 
within groups is different than the variation between groups

• Put simply: is the data better explained if we take this explanatory 
variable into account?



Step Four: Statistics

Coefficients:

Estimate Std. Error t value Pr(>|t|)    

(Intercept)        12507.2359   789.3662   15.85  < 2e-16 ***

Green.Puncta.Count -1.0443     0.1446   -7.22 1.76e-10 ***

---

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 
1

Residual standard error: 2086 on 88 degrees of freedom

Multiple R-squared:  0.372,Adjusted R-squared:  0.3648

F-statistic: 52.12 on 1 and 88 DF,  p-value: 1.763e-10



Categorical Explanatory Variables

• ggplot(data_in) + geom_violin(aes(x = 
condition, y = Colocalized.Puncta.Count, color 

= condition))



Categorical Explanatory Variables



Categorical Explanatory Variables

• model_2 <- lm(Colocalized.Puncta.Count ~ 

condition, data = data_in)summary(model_2)



Categorical Explanatory Variables
Call:

lm(formula = Colocalized.Puncta.Count ~ condition, data = data_in)

Residuals:

Min      1Q  Median      3Q     Max 

-1150.0  -468.0  -145.7   283.5  2247.0 

Coefficients:

Estimate Std. Error t value Pr(>|t|)    

(Intercept)  1973.96      98.29  20.082  < 2e-16 ***

conditionKO -617.58     139.01  -4.443 2.57e-05 ***

---

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 659.4 on 88 degrees of freedom

Multiple R-squared:  0.1832, Adjusted R-squared:  0.1739 

F-statistic: 19.74 on 1 and 88 DF,  p-value: 2.574e-05



Categorical Explanatory Variables

• ggplot(data_in) + geom_violin(aes(x = 
condition, y = Colocalized.Puncta.Count, color 

= condition)) + geom_segment(aes(x = 

output_df$condition[1], y = 

output_df$estimate[1], xend = 

output_df$condition[2], yend = 

output_df$estimate[2]))



Categorical Explanatory Variables



Categorical variable with 3 levels



F-test to compare two models

• model_3 <- lm(Colocalized.Puncta.Count ~ pair, 

data = data_in)

• model_4 <- lm(Colocalized.Puncta.Count ~ 1, 

data = data_in)

• anova(model_3, model_4)#The anova function in R 

runs an F-test



F-test to compare two models

Analysis of Variance Table

Model 1: Colocalized.Puncta.Count ~ pair

Model 2: Colocalized.Puncta.Count ~ 1

Res.Df RSS Df Sum of Sq      F  Pr(>F)  

1     87 43923153                              

2     89 46841112 -2  -2917960 2.8898 0.06094 .

---

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 
0.1 ‘ ’ 1



Traditional ANOVA

• anova_1 <- aov(Colocalized.Puncta.Count ~ pair, 

data = data_in)

• summary(anova_1)



Traditional ANOVA

Df Sum Sq Mean Sq F value Pr(>F)  

pair         2  2917960 1458980    2.89 0.0609 .

Residuals   87 43923153  504864                 

---

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 

‘.’ 0.1 ‘ ’ 1



Modeling multiple factors

• ggplot(data_in) + geom_violin(aes(x = pair, y = 
Colocalized.Puncta.Count, color = condition))



Modeling multiple factors



Modeling multiple factors

• model_5 <- lm(Colocalized.Puncta.Count ~ condition + pair - 1, 
data = data_in)

• summary(model_5)



Modeling multiple factors
Call:

lm(formula = Colocalized.Puncta.Count ~ condition + pair - 1, 

data = data_in)

Residuals:

Min       1Q   Median       3Q      Max 

-1399.69  -344.56   -86.15   268.63  1997.31 

Coefficients:

Estimate Std. Error t value Pr(>|t|)    

conditionWT 1892.2      135.2  14.001  < 2e-16 ***

conditionKO 1274.6      135.2   9.431 6.51e-15 ***

pair2          -86.2      165.5  -0.521   0.6039    

pair3          331.5      165.5   2.003   0.0483 *  

---

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 641.1 on 86 degrees of freedom

Multiple R-squared:  0.8808, Adjusted R-squared:  0.8752 

F-statistic: 158.8 on 4 and 86 DF,  p-value: < 2.2e-16



Modeling multiple factors
Coefficients:

Estimate Std. Error t value Pr(>|t|)    

conditionWT 1892.2      135.2  14.001  < 2e-16 ***

conditionKO 1274.6      135.2   9.431 6.51e-15 ***

pair2          -86.2      165.5  -0.521   0.6039    

pair3          331.5      165.5   2.003   0.0483 *  

---

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 641.1 on 86 degrees of freedom

Multiple R-squared:  0.8808, Adjusted R-squared:  0.8752 

F-statistic: 158.8 on 4 and 86 DF,  p-value: < 2.2e-16



Mixed Effects Modeling

• We don’t always want to use our explanatory variables in the same 
way

• Mixed effects modeling includes two components:
• Fixed effects are explanatory variables that will have the same effect 

regardless of cofactors
• Random effects are explanatory variables that increase the variability of 

our data

• Put simply: random effects are sources of variation that our model 
will “subtract out”



Normalization to remove batch effects



Normalization to remove batch effects



Normalization to remove batch effects

t.test(fold_change_df$fold_change)

One Sample t-test

data:  fold_change_df$fold_change

t = 8.668, df = 2, p-value = 0.01305

alternative hypothesis: true mean is not equal to 0

95 percent confidence interval:

0.3524732 1.0473010

sample estimates:

mean of x 

0.6998871 



Mixed model for batch effects

data_grouped <-

nlme::groupedData(Colocalized.Puncta.Count ~ 

condition | pair, data = data_in)

model_6 <- nlme::lme(data_grouped)

summary(model_6)



Mixed model for batch effects



Testing multiple factors at once

model_7 <- lm(Colocalized.Puncta.Count ~ 

Red.Puncta.Count + Green.Puncta.Count + pair + 

condition, data_in)

summary(model_7)



Testing multiple factors at once

Coefficients:

Estimate Std. Error t value Pr(>|t|)    

(Intercept)        -1.236e+03  4.437e+02  -2.786 0.006601 ** 

Red.Puncta.Count 2.242e-01  3.138e-02   7.144 3.03e-10 ***

Green.Puncta.Count 2.407e-01  7.670e-02   3.138 0.002349 ** 

pair2               3.375e+02  2.793e+02   1.208 0.230298    

pair3               5.665e+02  1.320e+02   4.291 4.73e-05 ***

conditionKO -4.764e+02  1.190e+02  -4.003 0.000134 ***

---

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 
1



Multiple comparisons can increase false 
positives



Multiple comparisons can increase false 
positives



Multiple comparisons can increase false 
positives



Simple solution: false discovery rate

• Adjusts p-values so that the overall false positive rate is less than 
the significance level used

• Common technique in genomics and other big data projects 
where hundreds or thousands of comparisons are performed



What if we don’t want any false positives?

• Test procedures that control the family-wise error rate (FWER) 
limit the chance that any of the reported significant results are a 
false positive

• Used for an intermediate number of tests when high-confidence is 
desired



P-value adjustment in R

p.adjust(p_values, method = "fdr")

[1] 7.921712e-03 1.820020e-09 3.523037e-03 

2.302984e-01 1.418446e-04 2.689917e-04

p.adjust(p_values, method = "bonferroni")

[1] 3.960856e-02 1.820020e-09 1.409215e-02 

1.000000e+00 2.836893e-04 8.069751e-04

p.adjust(p_values, method = "holm")

[1] 1.320285e-02 1.820020e-09 7.046075e-03 

2.302984e-01 2.364077e-04 5.379834e-04



P-value adjustment in R

• Pros: easy to compute and interpret
• Cons: more powerful tests exist which can take the structure of 

the data into account
• Example: ANOVA with post-hoc Tukey’s



Multiple Comparisons using R (multcomp)

model_7_multcomp <-

multcomp::glht(model_7)summary(model_7_multcomp)



Multiple Comparisons using R (multcomp)
Linear Hypotheses:

Estimate Std. Error t value Pr(>|t|)    

(Intercept) == 0        -1.236e+03  4.437e+02  -2.786   0.0324 *  

Red.Puncta.Count == 0    2.242e-01  3.138e-02   7.144   <0.001 ***

Green.Puncta.Count == 0  2.407e-01  7.670e-02   3.138   0.0122 *  

pair2 == 0               3.375e+02  2.793e+02   1.208   0.6639    

pair3 == 0               5.665e+02  1.320e+02   4.291   <0.001 ***

conditionKO == 0        -4.764e+02  1.190e+02  -4.003   <0.001 ***

---

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

(Adjusted p values reported -- single-step method)



Multiple Comparisons using R (multcomp)
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