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S1 AI PET GTV evaluation – Questionnaire 



 



 



 



 



 



S2_patient_characteristics 
 

# Load required libraries 
library(tidyverse) 
library(readr) 
library(tableone) 
 
# File paths 
input_path <- "path/to/data.csv" 
output_csv <- "path/to/data.csv" 
 
# Load dataset 
df <- read_csv(input_path) 
 
# Add ΔPET-GTV if not already calculated 
df <- df %>% 
  mutate(delta_tumor_volume = scan_1_x - scan_2_x) 
 
# Convert LRF_status to factor 
df <- df %>% 
  mutate(LRF_status = factor(LRF_status, levels = c(0, 1), labels = c("No LRF", 
"LRF"))) 
 
# Define variables to summarise 
vars <- c("sex", "age", "site", "histology", "ecog_ps", "ACE27_overall",  
          "smoking_status", "T_stage", "N_stage", "CTV1",  
          "scan_1_x", "scan_2_x", "delta_tumor_volume") 
 
# Create stratified Table 1 with overall column 
table1 <- CreateTableOne(vars = vars, data = df, strata = "LRF_status", 
                         factorVars = c("sex", "site", "histology",  
                                        "ecog_ps", "ACE27_overall",  
                                        "smoking_status", "T_stage", "N_stage"), 
                         addOverall = TRUE) 
 
# Convert to data frame for export 
table1_df <- print(table1, quote = FALSE, noSpaces = TRUE, printToggle = FALSE) 
 
# Add rownames as a column 
table1_df <- tibble::rownames_to_column(as.data.frame(table1_df), var = "Variable") 
 
# Indent subcategories for grouped variables 
# We'll detect these as entries where the Variable name starts with whitespace or 
special characters (like "  " or numbers) 
indent_subrows <- function(var_names) { 



  var_names <- gsub("\\.+", " ", var_names)                          # Replace .. 
and ... with space 
  var_names <- gsub("\\.\\d+$", "", var_names)                      # Remove 
suffixes like ".1", ".2" 
  var_names <- gsub("^\\s+|\\s+$", "", var_names)                   # Trim 
  var_names <- ifelse(grepl("^[0-9]|^Current|^Ex 
|^Life|^Light|^Basaloid|^Other|^Squamous|^hypo|^larynx|^naso|^oro|^unknown|^X|^1 
|^2 |^3", var_names), 
                      paste0("  ", var_names), var_names)           # Add two 
spaces for subcategories 
  return(var_names) 
} 
 
table1_df$Variable <- indent_subrows(table1_df$Variable) 
 
# Save cleaned table to CSV 
write_csv(table1_df, output_csv) 
 
 

S3 Characterization of AI-PET-GTV 
# Load required libraries 
library(tidyverse) 
library(ggplot2) 
 
# Load the dataset 
df <- read_csv("/mnt2/ext_valid/clinical_factors_with_tvols_suv_gtv_2.csv") 
 
# Summarise pre- and post-treatment PET-GTV volumes 
summary_stats <- df %>% 
  summarise( 
    n = n(), 
    pre_median = median(scan_1_x, na.rm = TRUE), 
    pre_iqr = IQR(scan_1_x, na.rm = TRUE), 
    pre_mean = mean(scan_1_x, na.rm = TRUE), 
    pre_sd = sd(scan_1_x, na.rm = TRUE), 
    pre_min = min(scan_1_x, na.rm = TRUE), 
    pre_max = max(scan_1_x, na.rm = TRUE), 
     
    post_median = median(scan_2_x, na.rm = TRUE), 
    post_iqr = IQR(scan_2_x, na.rm = TRUE), 
    post_mean = mean(scan_2_x, na.rm = TRUE), 
    post_sd = sd(scan_2_x, na.rm = TRUE), 
    post_min = min(scan_2_x, na.rm = TRUE), 
    post_max = max(scan_2_x, na.rm = TRUE) 
  ) 



 
# Print the result 
 
summary(df$scan_1_x) 
summary(df$scan_2_x) 
1 
# Perform a paired t-test 
t_test_result <- t.test(df$scan_1_x, df$scan_2_x, paired = TRUE) 
 
# Print the t-test result 
print(t_test_result) 
 
# plots 
# Prepare data for boxplot 
df_long <- df %>% 
  pivot_longer( 
    cols = c(scan_1_x, scan_2_x), 
    names_to = "ScanTime", 
    values_to = "Volume_cm3" 
  ) %>% 
  mutate( 
    ScanTime = recode( 
      ScanTime, 
      scan_1_x = "Pre-treatment", 
      scan_2_x = "Post-treatment" 
    ), 
    # Set the order of the factor levels 
    ScanTime = factor(ScanTime, levels = c("Pre-treatment", "Post-treatment")) 
  ) 
 
# Create boxplot 
ggplot(df_long, aes(x = ScanTime, y = Volume_cm3)) + 
  geom_boxplot(fill = "#A3C1DA", colour = "black", width = 0.5) + 
  labs( 
    title = "AI-PET-GTV Tumour Volumes Before and After Treatment", 
    x = "Scan Timepoint", 
    y = "Volume (cm³)" 
  ) + 
  theme_classic(base_size = 12) + 
  theme( 
    axis.text.x = element_text(size = 12),  # Increase x-axis tick size 
    axis.text.y = element_text(size = 12), 
    plot.title = element_text(size = 12)   # Decrease title size 
  ) 
 
# Save the plot 



ggsave("/mnt2/ext_valid/analysis_output/boxplot_tumour_volumes.png", width = 6, 
height = 4, dpi = 300) 
 
df_long$ScanTime <- factor(df_long$ScanTime, levels = c("Pre-treatment", "Post-
treatment"), labels = c("Pre", "Post")) 
 

# Create simplified boxplot for graphical abstract 
ggplot(df_long, aes(x = ScanTime, y = Volume_cm3)) + 
  geom_boxplot(fill = "#A3C1DA", colour = "black", width = 0.5) + 
  labs( 
    x = "", 
    y = "Tumour volume (cm³)" 
  ) + 
  theme_classic(base_size = 16) + 
  theme( 
    axis.text.x = element_text(size = 16), 
    axis.text.y = element_text(size = 16), 
    plot.title = element_blank() 
  ) 
 
# Save the plot 
ggsave("/mnt2/ext_valid/analysis_output/boxplot_tumour_volumes-icon.png", width = 
4, height = 4, dpi = 300) 
 
 

 

S4 Delta tumour volume distribution 
# Load required libraries 
library(tidyverse) 
library(readr) 
library(ggplot2) 
 
# File path 
input_path <- "/mnt2/ext_valid/clinical_factors_with_tvols_suv_gtv_2.csv" 
 
# Load dataset 
df <- read_csv(input_path) 
 
# Summary statistics 
summary_stats <- df %>% 
  summarise( 
    n = n(), 
    mean = mean(delta_tumor_volume), 
    sd = sd(delta_tumor_volume), 



    median = median(delta_tumor_volume), 
    iqr = IQR(delta_tumor_volume), 
    min = min(delta_tumor_volume), 
    max = max(delta_tumor_volume) 
  ) 
print(summary_stats) 
 
# Dichotomisation by median 
median_threshold <- median(df$delta_tumor_volume, na.rm = TRUE) 
df <- df %>% 
  mutate(delta_group = ifelse(delta_tumor_volume > median_threshold, "Above 
median", "Below or equal to median")) 
 
# Count in each group 
group_counts <- df %>% 
  count(delta_group) 
print(group_counts) 
 

print(sum(df$delta_tumor_volume < 0, na.rm = TRUE)) 
 

 

S5 Kaplan Meier and Cox models 
rm(list=ls()) 
 
# Load required libraries 
library(survival)        # For Cox regression & Kaplan-Meier analysis 
library(survminer)       # For Kaplan-Meier visualization 
library(dplyr)           # For data manipulation 
library(riskRegression)  # For Score() function 
 
# Define file paths 
merged_dataset_path <- "/my/path/clinical_factors_with_tvols_suv_gtv_2.csv" 
output_analysis_folder <- "/my/path/analysis_output" 
output_model_summary_path <- file.path(output_analysis_folder, 
"cox_model_summaries.txt") 
output_log_rank_path <- file.path(output_analysis_folder, "log_rank_tests.txt") 
output_km_plot_path <- file.path(output_analysis_folder, "KM_plots.png") 
output_km_plot_path_delta_pet_gtv <- file.path(output_analysis_folder, 
"KM_plot_delta_pet_gtv.png") 
output_roc_plot_path_delta_pet_gtv <- file.path(output_analysis_folder, 
"roc_delta_pet_gtv.png") 
 

# Load the dataset 



data <- read.csv(merged_dataset_path) 
data$scan_1_suv_max <- data$scan_1_y 
data$scan_2_suv_max <- data$scan_2_y 
data$delta_suv_max <- data$delta_suv_max 
 
# Define small pseudo-count for log transformation 
epsilon <- 0.01   
 
# Compute log-transformed tumor volumes 
data <- data %>% 
  mutate( 
    sex_binary = ifelse(sex == "Male", 1, 0), 
    log_scan_1_tvol = log(scan_1_tvol), 
    log_scan_2_tvol = log(scan_2_tvol), 
    Δ_log_tvol = log((scan_1_tvol + epsilon) / (scan_2_tvol + epsilon)) 
    ) 
 

# Define median cutoffs for stratifying groups 
median_Δ_AI_PET_GTV <- median(data$Δ_log_tvol, na.rm = TRUE) 
median_Δ_AI_PET_GTV 
 
# Categorize groups based on median values (LOW as reference category) 
data <- data %>% 
  mutate( 
    group_Δ_AI_GTV = factor(ifelse(Δ_log_tvol > median_Δ_AI_PET_GTV, "High", 
"Low"), levels = c("Low", "High")), 
  ) 
 
# Define Cox models 
cox_AI_delta_vol <- coxph(Surv(time_to_LRF_days, LRF_status) ~ group_Δ_AI_GTV, data 
= data) 
 
# Save Cox model summaries to a text file 
writeLines(capture.output({ 
  cat("\nCox Model (AI Predictors - delta - Tvol)\n") 
  print(summary(cox_AI_delta_vol)) 
}), con = output_model_summary_path) 
 
# Define custom colors (matching your preference) 
custom_colors <- c("#B30838", "#0858B3")  # Red for High, Blue for Low 
 
# Define Kaplan-Meier survival objects 
km_AI_PET_GTV <- survfit(Surv(time_to_LRF_days, LRF_status) ~ group_Δ_AI_GTV, data 
= data) 
 
summary(km_AI_PET_GTV, times = c(2*365.25)) 



 
# Perform log-rank test for significance 
log_rank_tests <- list( 
  AI_PET_GTV = survdiff(Surv(time_to_LRF_days, LRF_status) ~ group_Δ_AI_GTV, data = 
data) 
) 
 
# Save log-rank test results to a text file 
writeLines(capture.output({ 
  cat("### Log-Rank Test Results ###\n\n") 
  for (test in names(log_rank_tests)) { 
    cat("Log-Rank Test for", test, "\n") 
    print(log_rank_tests[[test]]) 
    cat("\n--------------------------------------\n") 
  } 
}), con = output_log_rank_path) 
 
 

# Save Kaplan-Meier plots to PNG file 
png(output_km_plot_path_delta_pet_gtv, width = 1600, height = 1600, res = 300) 
 
# Generate Kaplan-Meier plots with larger text sizes 
km_plot1 <- ggsurvplot(km_AI_PET_GTV, data = data, risk.table = TRUE, pval = TRUE, 
                        ggtheme = theme_minimal(),  
                        legend.labs = c("Low", "High"), 
                        palette = custom_colors, 
                        xlab = "Time (days)", ylab = "Loco-regional control 
probability", 
                        font.title = 20, font.legend = 14, font.x = 18, font.y = 
18) 
 
# Arrange plots in a 2x2 grid 
km_plot1 
# Close the graphics device to save the file 
dev.off() 
 
cat("Kaplan-Meier plot saved to:", output_km_plot_path_delta_pet_gtv, "\n") 
cat("Cox model summaries saved to:", output_model_summary_path, "\n") 
cat("Log-rank test results saved to:", output_log_rank_path, "\n") 
 
 

 

S6 Physician segmentation evaluation summary 
rm(list=ls()) 



# Load required packages 
library(ggplot2) 
library(gridExtra) 
 
# Read the data 
data <- read.csv("AI PET GTV evaluation (Responses) - Form Responses 1.csv", 
stringsAsFactors = FALSE) 
 
names(data) <- c("timestamp", "patient_id", "pet_ct_date", "planning_ct_date", 
"quality_rating", 
                 "primary_ctv_impact", "primary_ctv_explanation", 
"nodal_ctv_impact", "nodal_ctv_explanation", 
                 "dose_impact", "dose_explanation", "email_1", "email_2") 
 

# Clean and relabel quality ratings 
data$quality <- factor(data$quality_rating, 
                       levels = c("Poor Quality (Not useful, major over/under-
segmentation)", 
                                  "Acceptable Quality (Partially useful, but needs 
significant adjustments)", 
                                  "Good Quality (Mostly useful, minor refinements 
needed)", 
                                  "Excellent Quality (Fully appropriate, minimal to 
no modification needed)"), 
                       labels = c("Poor", "Acceptable", "Good", "Excellent")) 
 
# Shorter labels for primary CTV impact 
data$primary_ctv <- factor(data$primary_ctv_impact, 
                           levels = c("It would not change", 
                                      "Would result in a larger CTV", 
                                      "Would result in a smaller CTV", 
                                      "Larger in some regions, smaller in others"), 
                           labels = c("No change", "Larger", "Smaller", "Mixed")) 
 
# Shorter labels for nodal CTV impact 
data$nodal_ctv <- factor(data$nodal_ctv_impact, 
                         levels = c("It would not change", 
                                    "Would result in a larger CTV", 
                                    "Would result in a smaller CTV", 
                                    "Larger in some regeions, smaller in 
others"),  # Note the typo in "regeions" 
                         labels = c("No change", "Larger", "Smaller", "Mixed")) 
 
# Shorter labels for dose distribution impact 
data$dose <- factor(data$dose_impact, 



                    levels = c("No, the dose distribution would have remained the 
same", 
                               "Yes, it would have resulted in irradiating a larger 
area", 
                               "Yes, it would have resulted in irradiating a 
smaller area", 
                               "Yes, it would have resulted in irradiating a larger 
area in some regions and a smaller area in others"), 
                    labels = c("No change", "Larger", "Smaller", "Mixed")) 
 
# Absolute and relative frequencies 
# Segmentation quality 
cat("Segmentation Quality Ratings (absolute):\n") 
print(table(data$quality)) 
 
cat("\nSegmentation Quality Ratings (relative %):\n") 
print(round(100 * prop.table(table(data$quality)), 1)) 
 
# Primary CTV impact 
cat("\nImpact on Primary Tumor CTV (absolute):\n") 
print(table(data$primary_ctv)) 
 
cat("\nImpact on Primary Tumor CTV (relative %):\n") 
print(round(100 * prop.table(table(data$primary_ctv)), 1)) 
 
# Nodal CTV impact 
cat("\nImpact on Nodal CTV (absolute):\n") 
print(table(data$nodal_ctv)) 
 
cat("\nImpact on Nodal CTV (relative %):\n") 
print(round(100 * prop.table(table(data$nodal_ctv)), 1)) 
 
# Dose distribution 
cat("\nExpected Dose Distribution Change (absolute):\n") 
print(table(data$dose)) 
 
cat("\nExpected Dose Distribution Change (relative %):\n") 
print(round(100 * prop.table(table(data$dose)), 1)) 
 
# Create output directory if it doesn't exist 
output_dir <- "/mnt2/ext_valid/analysis_output" 
 
# Plot 1: Segmentation Quality 
p1 <- ggplot(data, aes(x = quality)) + 
  geom_bar(fill = "steelblue") + 
  theme_minimal() + 
  ylab("Number of Cases") + 



  xlab("Segmentation Quality Rating") + 
  ggtitle("AI PET GTV Quality")+ 
  theme( 
    axis.text = element_text(size = 12), 
    axis.title = element_text(size = 14), 
    plot.title = element_text(size = 16, face = "bold") 
  ) 
ggsave(file.path(output_dir, "qualitative_segmentation_quality.png"), p1, width = 
6, height = 4, dpi = 300) 
 
# Plot 2: Primary CTV Impact 
p2 <- ggplot(data, aes(x = primary_ctv)) + 
  geom_bar(fill = "darkgreen") + 
  theme_minimal() + 
  ylab("Number of Cases") + 
  xlab("Impact on Primary Tumor CTV") + 
  ggtitle("Segmentation on Primary Tumor CTV") + 
  theme( 
    axis.text = element_text(size = 12), 
    axis.title = element_text(size = 14), 
    plot.title = element_text(size = 16, face = "bold") 
  ) 
ggsave(file.path(output_dir, "qualitative_primary_ctv_impact.png"), p2, width = 6, 
height = 4, dpi = 300) 
 
# Plot 3: Nodal CTV Impact 
p3 <- ggplot(data, aes(x = nodal_ctv)) + 
  geom_bar(fill = "purple") + 
  theme_minimal() + 
  ylab("Number of Cases") + 
  xlab("Impact on Nodal CTV") + 
  ggtitle("Segmentation on Nodal CTV") + 
  theme( 
    axis.text = element_text(size = 12), 
    axis.title = element_text(size = 14), 
    plot.title = element_text(size = 16, face = "bold") 
  ) 
ggsave(file.path(output_dir, "qualitative_nodal_ctv_impact.png"), p3, width = 6, 
height = 4, dpi = 300) 
 
# Plot 4: Dose Distribution Impact 
p4 <- ggplot(data, aes(x = dose)) + 
  geom_bar(fill = "orange") + 
  theme_minimal() + 
  ylab("Number of Cases") + 
  xlab("Expected Dose Distribution Change") + 
  ggtitle("Segmentation on Dose Distribution") + 



  theme( 
    axis.text = element_text(size = 12), 
    axis.title = element_text(size = 14), 
    plot.title = element_text(size = 16, face = "bold") 
  ) 
ggsave(file.path(output_dir, "qualitative_dose_distribution_impact.png"), p4, width 
= 6, height = 4, dpi = 300) 
 
# Combine all 4 plots into one figure 
combined_plot <- grid.arrange(p1, p2, p3, p4, ncol = 2) 
ggsave(file.path(output_dir, "qualitative_combined_summary_plots.png"), 
combined_plot, width = 12, height = 8, dpi = 300) 
 
 

 

S7 Supplementary Figures 
 

Figure S1: Physician evaluation of AI-generated PET GTV segmentations (n = 60). 

Bar plot summarising physicians’ qualitative ratings of segmentation quality for AI-PET-GTV. A majority of 
segmentations (78.3%) were rated as acceptable or better. 

 

 

 

 

 



Figure S2: Example case with an AI-generated PET GTV rated as Acceptable Quality. 

The top panel shows the pre-treatment PET-CT with the AI-PET-GTV overlaid in cyan. The bottom panel 
shows the planning CT with the clinically defined GTV in red and the CTV in blue. The planning CT was 
acquired 3 days after the pre-treatment PET-CT. This patient was diagnosed with T2N0 laryngeal squamous 
cell carcinoma. The AI-generated PET GTV was rated as acceptable quality by the physician. Compared to 
the clinically defined GTV, the AI-PET-GTV extended further inferiorly, including the lower larynx and part 
of the upper trachea.  

 

 

  



Figure S3: Example case with an AI-generated PET GTV rated as Poor Quality. 

The left panel shows the PET-CT with the AI-PET-GTV overlaid in cyan. The right panel shows the planning 
CT with clinical target volumes: orange for CTVp (primary tumour), red for CTV (nodes), and blue for the 
elective volume. This patient was diagnosed with T2N2 hypopharyngeal squamous cell carcinoma. The AI- 
PET-GTV was rated as poor quality by the physician.  

 

 

  



S8 TRIPOD-AI Checklist



 



 


