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In [42]: #DATA WRANGLING 
#installing packages 
suppressMessages(install.packages("tidyverse")) 
suppressMessages(library(tidyverse)) 
suppressMessages(library(nnet)) #multinomial regression 
suppressMessages(install.packages("VGAM")) #ordinal regression 

In [2]: suppressMessages(library(VGAM)) 
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In [3]: #Data: Table 9.1 (on page 201) 
 
british_docs <- data.frame(age_group=rep(c(1, 2, 3, 4, 5), 2), #nominal age vari
                           age_group2=rep(c(1, 2, 3, 4, 5)^2, 2), #square of age
                           age=rep(c("35-44", "45-54", "55-64", "65-74", "75-84"
                           smoking_status=as.vector(cbind(rep(c("smokers"), 5), 
                           deaths=c(32, 104, 206, 186, 102, 2, 12, 28, 28, 31), 
                           person_years=c(52407, 43248, 28612, 12663, 5317, 1879

In [4]: #Visualizing Death Counts and Death Rates 
 
#counts 
ggplot(british_docs, aes(x=age, y=deaths, color=smoking_status)) +  
    geom_point(size=3) +  
    scale_color_manual(values=c("blue", "red")) + 
    labs(x="Age Group", y="Deaths", title="Death Counts") 
 
#rates 
ggplot(british_docs, aes(x=age, y=(deaths/person_years)*10000, color=smoking_sta
    geom_point(size=3) +  
    scale_color_manual(values=c("blue", "red")) + 
    labs(x="Age Group", y="Deaths per 10,000 person-years", title="Death Rates")
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british_docs

Waiting for profiling to be done... 

In [5]: pr_glm <- glm(deaths ~ smoking_status + age_group + age_group2 + age_group*smoki
              family=poisson, data=british_docs) 
#summary(pr_glm)

In [6]: #Table 9.2 
 
#confidence intervals
coeff_ci <- as.data.frame(round(exp(confint(pr_glm)), 2)) 
lower <- coeff_ci[, 1] 
upper <- coeff_ci[, 2] 
 
coeff_ci2 <- c() 
 
for (i in 1:5){ 
    comb_ci <- paste(lower[i], upper[i], sep=", ") 
    coeff_ci2 = c(coeff_ci2, comb_ci) 
    } 
 
#table 
table92 <- as.data.frame(round(summary(pr_glm)$coefficients, 5)) %>%  #coefficie
                mutate(rate_ratio=round(exp(as.vector(coefficients(pr_glm))), 5)
 
names(table92) <- c("Coefficient", "Standard Error", "Wald Statistic", "p-value"
 
table92 <- as.data.frame(t(table92)) %>% select(!(starts_with("(Intercept)"))) #
table92 
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pr_glm

In [7]: #Table 9.3 
 
fitted_values = fitted(pr_glm) 
pearson_residuals <- residuals(pr_glm, type = "pearson") 
deviance_residuals <- residuals(pr_glm, type = "deviance") 
 
chisq <- sum(pearson_residuals^2) 
residual_deviance <- deviance(pr_glm) #sum(deviance_residuals^2) 
 
#data.frame(fitted_values, pearson_residuals, deviance_residuals) 
cbind(british_docs[, c(3, 4, 5)], fitted_values, pearson_residuals, deviance_res
 
#chisq 
#residual_deviance 
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pr_glm

In [8]: #Fitted vs. Observed Deaths Plot 
 
#data frame
deaths <- cbind(british_docs[, c(3, 4, 5)], round(fitted_values, 2)) 
names(deaths) <- c("age", "smoking_status", "observed", "fitted") 
 
#plot of fitted and observed against age group 
ggplot(deaths) +  
    geom_point(aes(x=age, y=observed, color=smoking_status), shape=1, size=4) + 
    geom_point(aes(x=age, y=fitted, color=smoking_status), shape=5, size=4) + 
    scale_color_manual(values=c("blue", "red")) + 
    labs(x="Age Group", y="Deaths", title="Death Counts") 
 
#plot of fitted against observed 
ggplot(deaths, aes(x=observed, y=fitted, color=smoking_status)) +  
    geom_point(size=3) +  
    scale_color_manual(values=c("blue", "red")) + 
    labs(x="Observed", y="Fitted", title="Death Counts") 



11/15/21, 11:53 PM PHP2514_Basso_HW3_2021

https://php2560.jupyter.brown.edu/user/antonella_basso/lab/workspaces/auto-c/tree/AGLM/HW3/PHP2514_Basso_HW3_2021.ipynb 7/34



11/15/21, 11:53 PM PHP2514_Basso_HW3_2021

https://php2560.jupyter.brown.edu/user/antonella_basso/lab/workspaces/auto-c/tree/AGLM/HW3/PHP2514_Basso_HW3_2021.ipynb 8/34

In [9]: #MODEL FIT 
#GoF: Chi Square Test  
#p-value for chisq statistic with 5 degrees of freedom is very high  
#we fail to reject the null hypothesis and assume that there is little differenc
#thus, the model is a good fit for the data 
 
1 - pchisq(chisq, df.residual(pr_glm)) #same as pchisq(q=chisq, df=5, lower.tail

In [10]: #MODEL ASSUMPTIONS: 
 
#plots to assess linearity, normality, outliers 
par(mfrow=c(2,2)) 
plot(pr_glm) 

In [11]: #cook's distance for influential points 
plot(cooks.distance(pr_glm), ylim=c(0,1), main = "Cook's Distance for Influentia
abline(h = 1, lty = 2) #cutoff line at 1 (degress of freedom/number of observati
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summary
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In [12]: #Models with Age as Categorical (age 35-44 = reference group) 
 
#Log-linear model without offset for all categorical covariates 
#not a significant difference from log-linear model (more of a terminology matte
ll_glm <- glm(deaths ~ smoking_status + age + age*smoking_status, 
              family=poisson, data=british_docs) 
 
#Poisson regression with offset (even with all categorical covariates), since n 
#"saturated model" assumes homogeneous assosiation 
pr_glm2 <- glm(deaths ~ smoking_status + age + age*smoking_status + offset(log(p
              family=poisson, data=british_docs) #(only interraction term needed
#summary(pr_glm2) 
 
#Poisson regression without interaction term (only the main effects) 
#assumes mutual independence of covariates 
pr_glm3 <- glm(deaths ~ smoking_status + age + offset(log(person_years)), 
              family=poisson, data=british_docs) 
#summary(pr_glm3) 

In [13]: #Is there any association between smoking status and age group (categorical cova
#with a p-value of 0.016, there is a statistically significant assosiation  
#thus, smoking status and age group are NOT independent and the interaction term
 
anova(pr_glm3, pr_glm2, test="LRT") 

In [14]: #Model Comparisons: 
 
#residual deviances - 1.64 vs. 12.13 
anova(pr_glm, pr_glm3, test="LRT") 
 
#pearson chi-square statistics - 1.56 vs. 11.16 
deaths2 <- deaths %>% mutate(fitted2=fitted(pr_glm3),  
                             pearson_residuals=residuals(pr_glm, type = "pearson
                             pearson_residuals2=residuals(pr_glm3, type = "pears
 
#deaths2 
chisq <- sum(deaths2$pearson_residuals^2) 
chisq2 <- sum(deaths2$pearson_residuals2^2) 
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#chisq 
#chisq2 

In [15]: #Second Model - Assumptions: 
 
#plots to assess linearity, normality, outliers 
par(mfrow=c(2,2)) 
plot(pr_glm3) 

In [16]: #cook's distance for influential points 
plot(cooks.distance(pr_glm3), ylim=c(0,1), main = "Cook's Distance for Influenti
abline(h = 1, lty = 2) #cutoff line at 1 (degress of freedom/number of observati
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In [17]: #Residual Densities  
 
#model from part (a) in green 
#model from part (f) in blue 
 
par(mfrow=c(2,2)) 
 
plot(density(resid(pr_glm, type="response")), col="darkgreen", main="Residual De
    lines(density(resid(pr_glm3, type="response")), col="blue")  
 
plot(density(resid(pr_glm, type="pearson")), col="darkgreen", main="Pearson Resi
    lines(density(resid(pr_glm3, type="pearson")), col="blue") 
 
plot(density(resid(pr_glm, type="deviance")), col="darkgreen", main="Deviance Re
    lines(density(resid(pr_glm3, type="deviance")), col="blue") 



11/15/21, 11:53 PM PHP2514_Basso_HW3_2021

https://php2560.jupyter.brown.edu/user/antonella_basso/lab/workspaces/auto-c/tree/AGLM/HW3/PHP2514_Basso_HW3_2021.ipynb 13/34

In [18]: #Observed vs. Fitted Densities  
 
#observed in black 
#fitted in red 
 
par(mfrow=c(1,2)) 
 
plot(density(british_docs$deaths), main='Model 1') 
lines(density(predict(pr_glm, type="response")), col='red') 
 
plot(density(british_docs$deaths), main='Model 2') 
lines(density(predict(pr_glm3, type='response')), col='red') 
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In [19]: #DATA WRANGLING 
 
#importing "vrt" data
vrt <- read.csv("/home/jovyan/AGLM/HW3/vrt.csv") 
 
#renaming values
names(vrt)[names(vrt) == "antibody.level"] <- "antibody_level" 
 
vrt$vaccine[vrt$vaccine == "Placebo"] <- "P" 
vrt$vaccine[vrt$vaccine == "Yes"] <- "V" 
 
vrt$sex[vrt$sex == "Male"] <- "M" 
vrt$sex[vrt$sex == "Female"] <- "F" 
 
vrt$antibody_level[vrt$antibody_level == "small"] <- "S" 
vrt$antibody_level[vrt$antibody_level == "moderate"] <- "M" 
vrt$antibody_level[vrt$antibody_level == "large"] <- "L" 
 
#vrt 

In [20]: #total number of subjects in study 
#sum(vrt$freq) 
 
#subject count in each antibody level group  
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#by(vrt$freq, vrt$antibody_level, sum, na.rm=TRUE) 
 
#summary of subject count in each antibody level group  
#by(vrt$freq, vrt$antibody_level, summary, na.rm=TRUE) 
 
#SD and of subject count in each antibody level group  
#sd(vrt[vrt$antibody_level == "S",]$freq) 
#sd(vrt[vrt$antibody_level == "M",]$freq) 
#sd(vrt[vrt$antibody_level == "L",]$freq) 
 
#summary of subject count in each antibody level group and vaccine group 
#summary(vrt[vrt$antibody_level == "S" & vrt$vaccine == "V",]$freq, na.rm=TRUE) 
#summary(vrt[vrt$antibody_level == "M" & vrt$vaccine == "V",]$freq, na.rm=TRUE) 
#summary(vrt[vrt$antibody_level == "L" & vrt$vaccine == "V",]$freq, na.rm=TRUE) 
#summary(vrt[vrt$antibody_level == "S" & vrt$vaccine == "P",]$freq, na.rm=TRUE) 
#summary(vrt[vrt$antibody_level == "M" & vrt$vaccine == "P",]$freq, na.rm=TRUE) 
#summary(vrt[vrt$antibody_level == "L" & vrt$vaccine == "P",]$freq, na.rm=TRUE) 
 
#summary of subject count in each antibody level group and sex  
#summary(vrt[vrt$antibody_level == "S" & vrt$sex == "M",]$freq, na.rm=TRUE) 
#summary(vrt[vrt$antibody_level == "M" & vrt$sex == "M",]$freq, na.rm=TRUE) 
#summary(vrt[vrt$antibody_level == "L" & vrt$sex == "M",]$freq, na.rm=TRUE) 
#summary(vrt[vrt$antibody_level == "S" & vrt$sex == "F",]$freq, na.rm=TRUE) 
#summary(vrt[vrt$antibody_level == "M" & vrt$sex == "F",]$freq, na.rm=TRUE) 
#summary(vrt[vrt$antibody_level == "L" & vrt$sex == "F",]$freq, na.rm=TRUE) 

In [21]: #Boxplots 
 
#spread of subject count by antibody level  
ggplot(vrt, aes(x=antibody_level, y=freq, color=antibody_level)) +  
    geom_boxplot() + 
    geom_jitter(shape=16, position=position_jitter(0)) + 
    labs(x = "Antibody Level", y = "Count", title = "Subject Count by Antibody L
 
#spread of subject count by antibody level and vaccine type 
ggplot(vrt, aes(x=antibody_level, y=freq, color=vaccine)) +  
    geom_boxplot(position=position_dodge(1)) + 
    scale_color_manual(values=c("red", "blue")) +  
    labs(x = "Antibody Level", y = "Count", title = "Subject Count by Antibody L
 
#spread of subject count by antibody level and sex 
ggplot(vrt, aes(x=antibody_level, y=freq, color=sex)) +  
    geom_boxplot(position=position_dodge(1)) + 
    labs(x = "Antibody Level", y = "Count", title = "Subject Count by Antibody L
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In [22]: #LOG-LINEAR MODEL 
#Model Selection: Backward Elimination 
 
#saturated model
ll_glm1 <- glm(freq ~ antibody_level + vaccine + sex + #main effects 
               antibody_level*vaccine + antibody_level*sex + vaccine*sex + #two-
               antibody_level*vaccine*sex, #three-way interaction 
               family=poisson, data=vrt) 
 
#model with two-way interaction terms <- assumes homogeneous assosiation 
ll_glm2 <- glm(freq ~ antibody_level + vaccine + sex + #main effects 
               antibody_level*vaccine + antibody_level*sex + vaccine*sex, #two-w
               family=poisson, data=vrt) 
 
#model without least significant two-way interaction term <- assumes conditional
ll_glm3 <- glm(freq ~ antibody_level + vaccine + sex + #main effects 
               antibody_level*vaccine + vaccine*sex, #two-way interactions 
               family=poisson, data=vrt) 
 
#model with 1 two-way interaction term <- assumes joint independence (best model
#sex is jointly independent of vaccine and antibody level 
#second smallest AIC score aside from ll_glm5 and saturated model 
ll_glm4 <- glm(freq ~ antibody_level + vaccine + sex + #main effects 
               antibody_level*vaccine, #two-way interaction 
               family=poisson, data=vrt) 
 
#model without least significant term (sex) 
#best model (if we were not only focused on association between all three variab
#smallest AIC score aside from saturated model 
ll_glm5 <- glm(freq ~ antibody_level + vaccine + antibody_level*vaccine, family=
 
#additive model (main effects) <- assumes mutual independence 
ll_glm6 <- glm(freq ~ antibody_level + vaccine + sex, family=poisson, data=vrt) 
 
#null model
ll_glm0 <- glm(freq ~ 1, family=poisson, data=vrt) 
 
#summary(ll_glm1) 
#summary(ll_glm2) 
#summary(ll_glm3) 
#summary(ll_glm4) 
#summary(ll_glm5) 
#summary(ll_glm6) 
#summary(ll_glm0) 

In [23]: #LRT: comparing models 
 
#additive model better than null model 
#anova(ll_glm0, ll_glm6, test="LRT") 
 
#joint independence model better than additive model 
#anova(ll_glm6, ll_glm4, test="LRT") 
 
#joint independence model equal to conditional independence model 
#anova(ll_glm4, ll_glm3, test="LRT") 
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 vaccineV:1          sexM:1      vaccineV:sexM:1 
  0.3819444       2.1329365            0.1217759 

 vaccineV:2          sexM:2      vaccineV:sexM:2 
  0.4871795       2.1456044            0.3221434 

 
#joint independence model equal to homogeneous association model 
#anova(ll_glm4, ll_glm2, test="LRT") 
 
#conditional independence model equal to homogeneous association model 
#anova(ll_glm3, ll_glm2, test="LRT") 
 
#saturated model better than joint independence model 
#saturated model much better than conditional independence model 
#saturated model significantly better than homogeneous association model 
#anova(ll_glm4, ll_glm1, test="LRT") 
#anova(ll_glm3, ll_glm1, test="LRT") 
#anova(ll_glm2, ll_glm1, test="LRT") 
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In [24]: #specifying reference groups and ordering response 
 
#vaccine type 
vrt$vaccine <- factor(vrt$vaccine, levels=c("P", "V")) %>% #changing ordered fac
    relevel(vrt$vaccine, ref="P") #reference group = placebo 
 
#sex 
vrt$sex <- factor(vrt$sex, levels=c("F", "M")) %>% #changing ordered factor to o
    relevel(vrt$sex, ref="F") #reference group = female  
 
#response: antibody level  
vrt$antibody_level_ord <- ordered(vrt$antibody_level, levels=c("S","M","L")) 
levels(vrt$antibody_level_ord) #reference group = small (always in the numerator

In [25]: #PROPORTIONAL ODDS 
#model with intercept 1 -> Y=log(P(small)/P(moderate+large)) 
#model with intercept 2 -> Y=log(P(small+moderate)/P(large)) 
#different intercepts, same beta coeficcients 
 
#null model
po_glm0 <- vglm(antibody_level_ord ~ 1, family=cumulative(parallel=TRUE), data=v
 
#model with main effects 
po_glm1 <- vglm(antibody_level_ord ~ vaccine + sex, family=cumulative(parallel=T
 
#model with interraction term -> saturated model 
po_glm2 <- vglm(antibody_level_ord ~ vaccine + sex + vaccine*sex, family=cumulat
 
#po_glm0 
#po_glm1 
#po_glm2 
 
#Model Selection: 
#not many options (3 models to choose from) 
#interaction term is statistically significant, we keep it and choose the larges
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#po_glm2 -> smallest residual deviance (~630) 
 
#summary(po_glm2) 
 
#lrtest(po_glm0, po_glm1) #po_glm1 is a better fit than po_glm0 
#lrtest(po_glm1, po_glm2) #po_glm2 is a better fit than po_glm1 

In [26]: #CUMULATIVE LOGIT 
#model 1 -> Y=log(P(small)/P(moderate+large)) 
#model 2 -> Y=log(P(small+moderate)/P(large)) 
#different intercepts and beta coeficcients 
 
#null model
cl_glm0 <- vglm(antibody_level_ord ~ 1, family=cumulative, data=vrt, weights=fre
 
#model with main effects 
cl_glm1 <- vglm(antibody_level_ord ~ vaccine + sex, family=cumulative, data=vrt,
 
#model with interraction term -> saturated model 
cl_glm2 <- vglm(antibody_level_ord ~ vaccine + sex + vaccine*sex, family=cumulat
 
#cl_glm0 
#cl_glm1 
#cl_glm2 
 
#Model Selection: 
#not many options (3 models to choose from) 
#interaction term is statistically significant, we keep it and choose the larges
#cl_glm2 -> smallest residual deviance (~624) 
 
#summary(cl_glm2) 
 
#lrtest(cl_glm0, cl_glm1) #cl_glm1 is a better fit than cl_glm0 
#lrtest(cl_glm1, cl_glm2) #cl_glm2 is a better fit than cl_glm1 

In [27]: #PROPORTIONAL ODDS or CUMULATIVE LOGIT? (po_glm2 or cl_glm2) 
 
#cl_glm2 has slightly greater log-likelihood than po_glm2 
#comparing log-likelihood values instead of LRT:  
#both models have the same number of predictors 
#they are non-nested 
logLik(cl_glm2) 
logLik(po_glm2) 
 
#cl_glm2 has a slightly smaller residual deviance than po_glm2 
deviance(cl_glm2) #624 
deviance(po_glm2) #630 
 
#therefore, the cumulative logit model fits the data slightly better 
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In [28]: #DATA WRANGLING 
 
#importing "vrt" data
tumor <- read.csv("/home/jovyan/AGLM/HW3/tumor.csv") 
 
#renaming values
tumor$treatment[tumor$treatment == "sequential"] <- "S" 
tumor$treatment[tumor$treatment == "alternating"] <- "A" 
 
tumor$sex[tumor$sex == "male"] <- "M" 
tumor$sex[tumor$sex == "female"] <- "F" 
 
tumor$response[tumor$response == "progressive"] <- "P" 
tumor$response[tumor$response == "no change"] <- "NC" 
tumor$response[tumor$response == "partial remission"] <- "PR" 
tumor$response[tumor$response == "complete remission"] <- "CR" 
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In [29]: #LOG-LINEAR MODEL 
#Model Selection: Backward Elimination 
 
#saturated model
ll2_glm1 <- glm(frequency ~ response + treatment + sex + #main effects 
               response*treatment + response*sex + treatment*sex + #two-way inte
               response*treatment*sex, #three-way interaction 
               family=poisson, data=tumor) 
 
#model with two-way interaction terms <- assumes homogeneous assosiation 
ll2_glm2 <- glm(frequency ~ response + treatment + sex + #main effects 
               response*treatment + response*sex + treatment*sex, #two-way inter
               family=poisson, data=tumor) 
 
#model without least significant two-way interaction term <- assumes conditional
#treatment and sex are conditionally independent given response 
ll2_glm3 <- glm(frequency ~ response + treatment + sex + #main effects 
               response*treatment + response*sex, #two-way interactions
               family=poisson, data=tumor) 
 
#model with 1 two-way interaction term <- assumes joint independence (best model
#sex is jointly independent of response and treatment 
ll2_glm4 <- glm(frequency ~ response + treatment + sex + #main effects 
               response*treatment, #two-way interaction 
               family=poisson, data=tumor) 
 
#additive model (main effects) <- assumes mutual independence 
ll2_glm5 <- glm(frequency ~ response + treatment + sex, family=poisson, data=tum
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#null model
ll2_glm0 <- glm(frequency ~ 1, family=poisson, data=tumor) 
 
#summary(ll2_glm1) 
#summary(ll2_glm2) 
#summary(ll2_glm3) 
#summary(ll2_glm4) 
#summary(ll2_glm5) 
#summary(ll2_glm0) 
 
#ll2_glm3 (95.405) and ll2_glm4 (94.635) have the smallest AIC values (very clos
#based on LRT, ll2_glm4 is better 

In [30]: #LRT: comparing models 
 
#additive model better than null model 
#anova(ll2_glm0, ll2_glm5, test="LRT") 
 
#joint independence model better than additive model 
#anova(ll2_glm5, ll2_glm4, test="LRT") 
 
#joint independence model better than conditional independence model 
#both equally good (the former is more parsimoneous) 
#anova(ll2_glm4, ll2_glm3, test="LRT") 
 
#joint independence model better than homogeneous association model 
#anova(ll2_glm4, ll2_glm2, test="LRT") 
 
#joint independence model better than saturated model 
anova(ll2_glm4, ll2_glm1, test="LRT") 
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    treatmentA
       1.78729

    treatmentA
       1.76809

(Intercept)1: -1.2167

(Intercept)2: 0.3382
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(Intercept)3: 1.3803
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In [31]: #specifying reference groups and ordering response 
  
#treatment 
tumor$treatment <- factor(tumor$treatment, levels=c("S", "A")) %>% #changing ord
    relevel(tumor$treatment, ref="S") #reference group = sequential 
 
#sex 
tumor$sex <- factor(tumor$sex, levels=c("F", "M")) %>% #changing ordered factor 
    relevel(tumor$sex, ref="M") #reference group = male  
 
#response  
tumor$response <- ordered(tumor$response, levels=c("P","NC","PR","CR")) 
levels(tumor$response) #reference group = progressive (always in the numerator) 

In [32]: #PROPORTIONAL ODDS 
#model with intercept 1 -> Y=log(P(P)/P(NC+PR+CR)) 
#model with intercept 2 -> Y=log(P(P+NC)/P(PR+CR)) 
#model with intercept 3 -> Y=log(P(P+NC+PR)/P(CR)) 
#different intercepts, same beta coeficcients 
 
#-> UNADJUSTED 
#null model
po2_glm0 <- vglm(response ~ 1, family=cumulative(parallel=TRUE), data=tumor, wei
#additive model 
po2_glm1 <- vglm(response ~ treatment + sex, family=cumulative(parallel=TRUE), d
#model with interraction term -> saturated model 
po2_glm2 <- vglm(response ~ treatment + sex + treatment*sex, family=cumulative(p
 
#po2_glm0 
#po2_glm1 
#po2_glm2 
 
#Model Selection: 
#not many options (3 models to choose from) 
#interaction term is NOT statistically significant, we choose the additive model
#po2_glm1 (~789) close in residual deviance to po2_glm2 (~788) 
 
#lrtest(po2_glm0, po2_glm1) #po2_glm1 is a better fit than po2_glm0 
#lrtest(po2_glm1, po2_glm2) #po2_glm1 is a better fit than po2_glm2 
 
 
#-> ADJUSTED FOR SEX 
#po2_glmA has residual deviance of ~792 
po2_glmA <- vglm(response ~ treatment, family=cumulative(parallel=TRUE), data=tu
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Likelihood ratio test 

Model 1: response ~ treatment 
Model 2: response ~ treatment + sex 
  #Df  LogLik Df  Chisq Pr(>Chisq)   
1  44 -396.33                        
2  43 -394.53 -1 3.5965     0.0579 . 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Likelihood ratio test 

Model 1: response ~ treatment 
Model 2: response ~ treatment + sex 
  #Df  LogLik Df  Chisq Pr(>Chisq) 
1  42 -395.64                      
2  39 -392.93 -3 5.4156     0.1438

 
lrtest(po2_glmA, po2_glm1) #po2_glmA is a better fit than po2_glm1 

In [33]: #CUMULATIVE LOGIT 
#model 1 -> Y=log(P(P)/P(NC+PR+CR)) 
#model 2 -> Y=log(P(P+NC)/P(PR+CR)) 
#model 3 -> Y=log(P(P+NC+PR)/P(CR)) 
#different intercepts and beta coeficcients 
 
#-> UNADJUSTED 
#null model
cl2_glm0 <- vglm(response ~ 1, family=cumulative, data=tumor, weights=frequency)
#additive model 
cl2_glm1 <- vglm(response ~ treatment + sex, family=cumulative, data=tumor, weig
#model with interraction term -> saturated model 
cl2_glm2 <- vglm(response ~ treatment + sex + treatment*sex, family=cumulative, 
 
#cl2_glm0 
#cl2_glm1 
#cl2_glm2 
 
#Model Selection: 
#not many options (3 models to choose from) 
#interaction term is NOT statistically significant, we choose the additive model
#cl2_glm1 (~786) somewhat close in residual deviance to cl2_glm2 (~783) 
 
#lrtest(cl2_glm0, cl2_glm1) #cl2_glm1 is a better fit than cl2_glm0 
#lrtest(cl2_glm1, cl2_glm2) #cl2_glm1 is a better fit than cl2_glm2 
 
#-> ADJUSTED FOR SEX 
#cl2_glmA has residual deviance of ~791 
cl2_glmA <- vglm(response ~ treatment, family=cumulative, data=tumor, weights=fr
 
lrtest(cl2_glmA, cl2_glm1) #cl2_glmA is a better fit than cl2_glm1 

In [34]: #PROPORTIONAL ODDS or CUMULATIVE LOGIT? (po2_glmA or cl2_glmA) 
#does the proportional odds assumption hold? 
 
#similar log-likelihood values 
#comparing log-likelihood values instead of LRT:  
#both models have the same number of predictors 
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Call:
vglm(formula = response ~ treatment, family = cumulative(parallel = TRUE),  
    data = tumor, weights = frequency) 

Coefficients:  
              Estimate Std. Error z value Pr(>|z|)     
(Intercept):1  -1.2167     0.1717  -7.086 1.38e-12 *** 
(Intercept):2   0.3382     0.1564   2.163  0.03054 *   
(Intercept):3   1.3803     0.1814   7.611 2.73e-14 *** 
treatmentA      0.5699     0.2116   2.694  0.00706 **  
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

Names of linear predictors: logitlink(P[Y<=1]), logitlink(P[Y<=2]),  
logitlink(P[Y<=3]) 

Residual deviance: 792.6531 on 44 degrees of freedom 

Log-likelihood: -396.3266 on 44 degrees of freedom 

Number of Fisher scoring iterations: 3  

No Hauck-Donner effect found in any of the estimates 

Exponentiated coefficients: 
treatmentA  
  1.768108 

#they are non-nested 
logLik(po2_glmA) 
logLik(cl2_glmA) 
 
#similar residual deviances 
deviance(po2_glmA)  
deviance(cl2_glmA) 
 
#both fit the data equally well, yet po2_glmA is more parsimoneous 
#therefore, the proportional odds assumption holds and provides the best model 

In [35]: #UNADJUSTED effect of treatment - Proportional Odds 
exp(0.5807) #exponentiated treatment coefficient 
 
#ADJUSTED effect of treatment - Proportional Odds 
exp(0.5699) #exponentiated treatment coefficient 

In [36]: #BEST MODEL
#additive proportional odds model (adjusted for sex) 
summary(po2_glmA) 
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In [37]: #INTERPRETING COEFFICIENT 
 
#getting marginal probabilities (for alternating treatment) 
logit_pYl1 = -1.2167 + 0.5699 
logit_pYl2 = 0.3382 + 0.5699 
logit_pYl3 = 1.3803 + 0.5699 
 
pYl1 = exp(logit_pYl1)/(1 + exp(logit_pYl1)) 
pYl2 = exp(logit_pYl2)/(1 + exp(logit_pYl2)) 
pYl3 = exp(logit_pYl3)/(1 + exp(logit_pYl3)) 
 
pY1 = pYl1 - 0 
pY2 = pYl2 - pYl1 
pY3 = pYl3 - pYl2 
 
#pYl1 
#pYl2 
#pYl3 
 
#sum(pY1, pY2, pY3) 
pY4 = 1 - sum(pY1, pY2, pY3) 
 
#marginal probabilities 
pY1 #progressive given alternating treatment 
pY2 #no change given alternating treatment 
pY3 #partial remission given alternating treatment 
pY4 #complete remission given alternating treatment 

In [38]: #getting marginal probabilities (for sequential treatment) 
logit2_pYl1 = -1.2167 
logit2_pYl2 = 0.3382 
logit2_pYl3 = 1.3803 
 
p2Yl1 = exp(logit2_pYl1)/(1 + exp(logit2_pYl1)) 
p2Yl2 = exp(logit2_pYl2)/(1 + exp(logit2_pYl2)) 
p2Yl3 = exp(logit2_pYl3)/(1 + exp(logit2_pYl3)) 
 
p2Y1 = p2Yl1 - 0 
p2Y2 = p2Yl2 - p2Yl1 
p2Y3 = p2Yl3 - p2Yl2 
 
#p2Yl1 
#p2Yl2 
#p2Yl3 
 
#sum(pY1, pY2, pY3) 
p2Y4 = 1 - sum(p2Y1, p2Y2, p2Y3) 
 
#marginal probabilities 
p2Y1 #progressive given sequential treatment 
p2Y2 #no change given sequential treatment 
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p2Y3 #partial remission given sequential treatment 
p2Y4 #complete remission given sequential treatment 

In [39]: #DOUBLE CHECKING PROBABILITIES ARE CORRECT 
 
#cumulative probabilities for each treatment (model 1: y<= progressive) 
cp1_tA = pYl1/(1-pYl1) 
cp1_tS = p2Yl1/(1-p2Yl1) 
 
#cumulative probabilities for each treatment (model 2: y<= progressive, no chang
cp2_tA = pYl2/(1-pYl2) 
cp2_tS = p2Yl2/(1-p2Yl2) 
 
#cumulative probabilities for each treatment (model 3: y<= progressive, no chang
cp3_tA = pYl3/(1-pYl3) 
cp3_tS = p2Yl3/(1-p2Yl3) 
 
#log of odds (cumulative probabilities for each treatment) 
#should give the same proportional odds beta coefficient (slope) for treatment 
 
#log odds - model 1 
log(cp1_tA/cp1_tS) #log((pYl1/(1-pYl1))/(p2Yl1/(1-p2Yl1))) 
 
#log odds - model 2 
log(cp2_tA/cp2_tS) 
 
#log odds - model 2 
log(cp3_tA/cp3_tS) 
 
#thus, the probabilities above are correct  
#assuming proportional odds holds and the model fits the data well 
 
#this means that, under this model, the odds of not achieving complete remission
cp3_tA/cp3_tS #=exp(log(cp3_tA/cp3_tS)) 

In [40]: #sequential odds
#exp(logit2_pYl1) 
#exp(logit2_pYl2) 
#exp(logit2_pYl3) 
 
#adjusted odds 
#exp(logit_pYl1)
#exp(logit_pYl2)
#exp(logit_pYl3)
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`summarise()` has grouped output by 'treatment'. You can override using the `.gr
oups` argument. 

`summarise()` has grouped output by 'treatment', 'response'. You can override us
ing the `.groups` argument. 

Likelihood ratio test 

Model 1: response ~ treatment 
Model 2: response ~ 1 
  #Df  LogLik Df  Chisq Pr(>Chisq)    
1  44 -396.33                         
2  45 -399.98  1 7.3148   0.006839 ** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

In [41]: #ASSESSING "BEST" MODEL FIT  
 
#fitted vs. observed 
tumor_fit <- as.data.frame(fitted(po2_glmA))  
 
tumor1 <- tumor %>%  
            select(-c("sex")) %>% 
            group_by(treatment) %>% 
            summarize(response = response, frequency = frequency, total = sum(fr
            ungroup() %>% 
            group_by(treatment, response) %>% 
            mutate(sum_freq = sum(frequency)) %>% 
            summarize(response = response, sum_freq = sum_freq, total = total, p
            distinct()  
 
tumor1$fitted <- c(0.2285115, 0.3552443, 0.2152821, 0.2009621, 0.3437053, 0.3689
 
ggplot(tumor1, aes(x = treatment, y = prop)) +  
    geom_line(aes(group = response, color = response)) +  
    geom_point(aes(color = response), size = 4) +  
    geom_point(aes(y = fitted, color = response), size = 4, shape = 18) + 
    scale_color_manual(values=c("blue", "red", "green", "orange")) 
 
#LRT: null vs. chosen model 
lrtest(po2_glmA, po2_glm0) #chosen is better 
#summary(po2_glmA) #significant coefficients 
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