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Figure S1. Size frequency histograms of straight carapace length (cm) for all capture events of green and loggerhead turtles included in the analysis, 1977–2023.

Table S1. Estimated weekly transition probabilities among latent behavioral states in green and loggerhead turtles derived from species-specific Hidden Markov Models.
Values indicate the probability of transitioning from each state in week t (rows) to each state in week t+1 (columns). Estimates are shown separately for three-state and two-state models for both species. Higher diagonal values reflect greater temporal persistence within a behavioral state. N = 8,631 green turtle capture records and 11,356 loggerhead turtle capture records.
	Three Latent State Model
	Two Latent State Model

	
	Green Turtle
	
	Green Turtle

	
	State 1
	State 2
	State 3
	
	State 1
	State 2
	

	State 1
	0.70
	0.09
	0.21
	State 1
	0.50
	0.50
	

	State 2
	0.06
	0.92
	0.02
	State 2
	0.50
	0.50
	

	State 3
	0.34
	0.03
	0.63
	
	
	
	0.63

	
	Loggerhead Turtle
	
	Loggerhead Turtle

	
	State 1
	State 2
	State 3
	
	State 1
	State 2
	

	State 1
	0.90
	0.06
	0.04
	State 1
	0.50
	0.50
	

	State 2
	0.13
	0.55
	0.32
	State 2
	0.50
	0.50
	

	State 3
	0.11
	0.41
	0.48
	
	
	
	





Table S2. Spearman rank correlations comparing posterior probabilities of state assignment derived from Hidden Markov Models (HMMs) and Gaussian Mixture Models (GMMs) for green and loggerhead turtles.
HMM and GMM states were aligned post hoc by increasing mean straight standard carapace length. Correlations close to 1 indicate that the size-only GMM closely mirrored the HMM, while lower or negative correlations indicate additional structure captured by temporal covariates in the HMM. N = 8,631 green turtle and 11,356 loggerhead turtle capture records.
	Three Latent State Model
	Two Latent State Model

	
	Green Turtle
	Green Turtle

	
	HMM State 1
	HMM 
State 2
	HMM State 3
	
	HMM 
State 1
	HMM 
State 2

	GMM 
State 1
	0.96
	-0.29
	-0.30
	GMM State 1
	0.93
	-0.93

	GMM 
State 2
	-0.25
	0.77
	-0.28
	GMM State 2
	-0.93
	0.93

	GMM 
State 3
	-0.96
	0.29
	0.30
	
	
	

	
	Loggerhead Turtle
	Loggerhead Turtle

	
	HMM State 1
	HMM 
State 2
	HMM State 3
	
	HMM 
State 1
	HMM 
State 2

	GMM 
State 1
	0.65
	-0.29
	-0.76
	GMM State 1
	0.98
	-0.98

	GMM 
State 2
	0.55
	-0.12
	-0.32
	GMM State 2
	-0.98
	0.98

	GMM 
State 3
	-0.65
	0.29
	0.76
	
	
	





Table S3. Kullback-Leibler (KL) divergence values comparing posterior probabilities from Hidden Markov Models (HMMs) and Gaussian Mixture Models (GMMs) in green and loggerhead turtles.
Higher KL divergence indicates greater dissimilarity between the HMM and the size-only GMM. Values are shown for each latent state and model configuration (three-state and two-state). N = 8,631 green turtle and 11,356 loggerhead turtle capture records.
	Three Latent States
	Two Latent States

	
	Green Turtle
	Loggerhead Turtle
	
	Green Turtle
	Loggerhead Turtle

	State 1
	993.19
	4478.91
	State 1
	727.18
	65.42

	State 2
	43.14
	8565.58
	State 2
	5640.75
	55.26

	State 3
	2705.95
	1524.17
	
	
	





Table S4. Reported mean sizes and size ranges of green turtles (Chelonia mydas) from published capture–mark–recapture studies in Florida and Gulf of Mexico coastal and pelagic habitats.
Entries include study locations, mean straight standard carapace length (SSCL), size ranges, sample sizes, and citations. These comparative field data were used to contextualize the size distributions of latent behavioral states inferred in the present study.
	Location
	Mean SSCL (cm)
	Size Range 
(cm; n)
	Citation

	Pelagic Sargassum weedlines; Gulf of Mexico
	18.4
	14.1 – 28.8; 24
	1

	Pelagic Sargassum weedlines; Gulf of Mexico
	18.6
	14.0 - 30.0; 79
	2

	Pelagic Sargassum weedlines; Gulf of Mexico
	21.0*
*median
	15.3 – 31.7; 220
	3

	Trident Submarine Basin, Brevard County, FL
	31.7
	20.0 - 52.0; 790
	4

	St. Martins Marsh; 
Citrus County, FL
	36.7
	23.9 - 67.6; 181
	5

	Nearshore Reef, 
St. Lucie County, FL
	39.0
	18.7 - 79.0; 185
	6

	Lake Worth Lagoon, 
Palm Beach County, FL
	40.4
	24.6 - 62.3; 100
	7

	Key West National Wildlife Refuge, Monroe County, FL
	41.4
	33.7 - 49.1; 80
	8

	Sebastian Inlet Reef, 
Indian River County, FL
	41.9
	24.7 - 72.3; 56
	6

	Mooney Harbor, Monroe County, FL
	44.5
	36.2 - 52.8; 51
	8

	Indian River Lagoon, 
Indian River County, FL
	50.7
	24.3 - 78.6; 310
	9

	Homosassa Inlet, 
Homosassa County, FL
	57.9
	33.0 - 82.0; 19
	5

	Eastern Quicksands. 
Monroe County, FL
	88.3
	77.3 - 99.3; 66
	8

	Archie Carr National Wildlife Refuge, Brevard County, FL (Nesting Females)
	99.8
	81.4 - 117.5; 3401
	10




Table S5. Reported mean sizes and size ranges of loggerhead turtles (Caretta caretta) from published capture–mark–recapture studies in Florida and Gulf of Mexico coastal and pelagic habitats.
Entries include study locations, mean straight standard carapace length (SSCL), size ranges, sample sizes, and citations. These comparative field data were used to evaluate the ecological plausibility of size distributions associated with model-inferred behavioral states in this study.
	Location
	Mean SSCL (cm)
	Size Range 
(cm; n)
	Citation

	Pelagic Sargassum weedlines, 
Gulf of Mexico
	18.7*
*median
	16.5 – 76.0; 18
	3

	Pelagic Sargassum weedlines, 
Gulf of Mexico
	18.8
	13.0 - 27.0; 5 
	2

	Key West National Wildlife Refuge, Monroe County, FL
	74.2
	64.9 - 83.5; 371
	8

	St. Martins Marsh; 
Citrus County, FL
	75.9
	33.9 - 97.0; 15
	5

	Keewaydin Island, 
Collier County, FL 
(Nesting Females)
	90.0
	76.1 – 112.1; 2292
	11

	Archie Carr National Wildlife Refuge, Brevard County, FL 
(Nesting Females)
	91.1
	68.1 - 114.5; 9855
	
10
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R CODE

# Load necessary libraries
library(dplyr)
library(depmixS4)
library(purrr)
library(caret)
library(ggplot2)
library(reshape2) 
library(tibble)    
library(gam)       
library(tidyr)

# Set paths and define constants
data_path <- "REDACTED"
output_directory <- "REDACTED"
model_save_path <- paste0(output_directory, "hmm_models.rds")
best_model_save_path <- paste0(output_directory, "best_hmm_fit.rds")
# Load the data
cm_weeks_captured <- readRDS(data_path)
setwd("REDACTED")


# Function to save models to disk
save_models <- function(models, path) {
  saveRDS(models, file = path)
}

# Function to load models from disk
load_models <- function(path) {
  if (file.exists(path)) {
    return(readRDS(path))
  } else {
    message("Model file not found.")
    return(NULL)
  }
}

# Define the covariates to be tested
base_covariates <- c("Year", "Average_Flow_Strength", "Recapture")
rolling_covariates <- paste0("RollAvg_", 1:13, "_Weeks")

# Generate all combinations of base covariates (Year, Average_Flow_Strength)
generate_combinations <- function(covariates) {
  lapply(1:length(covariates), function(i) {
    combn(covariates, i, simplify = FALSE)
  }) %>% unlist(recursive = FALSE)
}

# Create all valid combinations of covariates without rolling averages
base_combinations <- generate_combinations(base_covariates)

# Fit HMMs with 3 states and various covariate combinations
fit_hmm <- function(formula, n_states, data) {
  tryCatch({
    mod <- depmix(formula, family = gaussian(), nstates = n_states, data = data)
    fit_mod <- fit(mod, verbose = FALSE, emcontrol = em.control(rand=TRUE))
    return(fit_mod)
  }, error = function(e) {
    message("Error fitting HMM: ", e$message)
    return(NULL)
  }, warning = function(w) {
    message("Warning fitting HMM: ", w$message)
    return(NULL)
  })
}

# Load models if they exist, otherwise fit them
hmm_models <- load_models(model_save_path)

if (is.null(hmm_models)) {
  hmm_models <- list()
  
  # Step 1: Fit models with just Year, just Flow Strength, and both
  for (combo in base_combinations) {
    covariate_formula <- paste(combo, collapse = " + ")
    formula <- as.formula(paste("Length ~ 1 +", covariate_formula))
    model_name <- paste("HMM_3_States_", gsub(" ", "_", covariate_formula), sep = "")
    hmm_models[[model_name]] <- fit_hmm(formula, 3, cm_weeks_captured)
  }
  
  # Step 2: Fit models for each rolling average and each combination of Year, Flow Strength, or both
  for (rolling in rolling_covariates) {
    # Model with just the rolling average
    formula_rolling <- as.formula(paste("Length ~ 1 +", rolling))
    model_name <- paste("HMM_3_States_", rolling, sep = "")
    hmm_models[[model_name]] <- fit_hmm(formula_rolling, 3, cm_weeks_captured)
    
    # Models with rolling average + each combination of Year, Flow Strength, or both
    for (combo in base_combinations) {
      covariate_formula <- paste(c(rolling, combo), collapse = " + ")
      formula <- as.formula(paste("Length ~ 1 +", covariate_formula))
      model_name <- paste("HMM_3_States_", rolling, "_", gsub(" ", "_", covariate_formula), sep = "")
      hmm_models[[model_name]] <- fit_hmm(formula, 3, cm_weeks_captured)
    }
  }
  
  # Save the fitted models to disk
  save_models(hmm_models, model_save_path)
}

# Extract AIC for each model and create a data frame of model names and their AIC scores
aic_values <- sapply(hmm_models, function(model) if (!is.null(model)) AIC(model) else NA)
aic_df <- data.frame(Model = names(aic_values), AIC = aic_values)

# Remove rows with NA AIC values and sort by AIC
aic_df <- aic_df %>% filter(!is.na(AIC)) %>% arrange(AIC)

# Print AIC table
print(aic_df)

# Define the path to save the AIC CSV file
aic_csv_save_path <- paste0(output_directory, "aic_results_cm.csv")

# Save the AIC data frame as a CSV file
write.csv(aic_df, file = aic_csv_save_path, row.names = FALSE)

# Print a message indicating that the file has been saved
message("AIC results saved to: ", aic_csv_save_path)
# Load necessary libraries
library(depmixS4)
library(dplyr)

# Function to perform rolling cross-validation based on weeks (Week column)
fit_hmm_rolling_cv_cm <- function(model_formula, n_states, data, week_col = "Week", window_size = 13) {
  unique_weeks <- sort(unique(data[[week_col]]))  # Get unique, sorted weeks
  n_weeks <- length(unique_weeks)
  
  # Calculate number of rolling windows (folds)
  n_folds <- n_weeks - window_size + 1
  
  # Check if there are enough weeks for cross-validation
  if (n_folds <= 0) {
    stop("Error: Not enough unique weeks to perform rolling cross-validation with the specified window size.")
  }
  
  # Preallocate memory for log-likelihood and AIC values
  logLik_values <- numeric(n_folds)
  aic_values <- numeric(n_folds)
  
  # Define EM control settings to allow more iterations and reduce tolerance
  em_control <- em.control(maxit = 1000, tol = 1e-8, rand = TRUE)
  
  # Loop over rolling windows
  for (i in 1:n_folds) {
    # Get the range of weeks for this fold
    weeks_in_fold <- unique_weeks[i:(i + window_size - 1)]
    
    # Subset the data for the rolling window of weeks
    train_data <- data %>% filter(!!sym(week_col) %in% weeks_in_fold)
    
    # Skip this fold if there are missing weeks or if the data is insufficient
    if (nrow(train_data) == 0 || any(is.na(train_data$Length))) {
      message("Skipping fold ", i, ": Insufficient data or missing values")
      logLik_values[i] <- NA
      aic_values[i] <- NA
      next
    }
    
    # Fit the HMM model with the selected training data
    model <- depmix(model_formula, family = gaussian(), nstates = n_states, data = train_data)
    fitted_model <- tryCatch({
      fit(model, verbose = FALSE, emcontrol = em_control)
    }, error = function(e) {
      message("Error fitting model in fold ", i, ": ", e$message)
      return(NULL)
    })
    
    # If fitting was successful, collect log-likelihood and AIC, else assign NA
    if (!is.null(fitted_model)) {
      logLik_values[i] <- logLik(fitted_model)
      aic_values[i] <- AIC(fitted_model)
    } else {
      logLik_values[i] <- NA
      aic_values[i] <- NA
    }
  }
  
  # Calculate average log-likelihood and AIC, handling NA values
  avg_logLik <- mean(logLik_values, na.rm = TRUE)
  avg_AIC <- mean(aic_values, na.rm = TRUE)
  
  return(list(avg_logLik = avg_logLik, avg_AIC = avg_AIC))
}

# Define the list of models for rolling cross-validation based on Week
rolling_cv_models_cm <- list(
  "HMM_3_States_RollAvg_2_Weeks" = "Length ~ RollAvg_2_Weeks + Year + Average_Flow_Strength",
  "HMM_3_States_RollAvg_4_Weeks" = "Length ~ RollAvg_4_Weeks + Year + Average_Flow_Strength",
  "HMM_3_States_RollAvg_6_Weeks" = "Length ~ RollAvg_6_Weeks + Year + Average_Flow_Strength",
  "HMM_3_States_RollAvg_8_Weeks" = "Length ~ RollAvg_8_Weeks + Year + Average_Flow_Strength",
  "HMM_3_States_RollAvg_10_Weeks" = "Length ~ RollAvg_10_Weeks + Year + Average_Flow_Strength",
  "HMM_3_States_RollAvg_12_Weeks" = "Length ~ RollAvg_12_Weeks + Year + Average_Flow_Strength"
)


# Apply rolling cross-validation for the specified models using Week
rolling_cv_results_cm <- lapply(rolling_cv_models_cm, function(formula) {
  fit_hmm_rolling_cv_cm(as.formula(formula), 3, cm_weeks_captured, week_col = "Week", window_size = 13)
})

# Summarize rolling cross-validation results
rolling_cv_summary_cm <- data.frame(
  Model = names(rolling_cv_models_cm),
  Avg_LogLik = sapply(rolling_cv_results_cm, function(x) x$avg_logLik),
  Avg_AIC = sapply(rolling_cv_results_cm, function(x) x$avg_AIC)
)

output_directory <- "REDACTED"
# Save the rolling cross-validation results to a CSV file
output_file_cm <- paste0(output_directory, "rolling_cv_results_cm.csv")
write.csv(rolling_cv_summary_cm, file = output_file_cm, row.names = FALSE)

message("Rolling cross-validation results saved to: ", output_file_cm)



# Define the formula for the best model
best_model_formula <- as.formula("Length ~ RollAvg_6_Weeks + Year + Average_Flow_Strength")

# Function to fit the HMM with 3 states
fit_hmm <- function(formula, n_states, data) {
  tryCatch({
    mod <- depmix(formula, family = gaussian(), nstates = n_states, data = data)
    fit_mod <- fit(mod, verbose = FALSE, emcontrol = em.control(rand = TRUE))
    return(fit_mod)
  }, error = function(e) {
    message("Error fitting HMM: ", e$message)
    return(NULL)
  })
}

# Fit the selected best model
best_hmm_fit <- fit_hmm(best_model_formula, 3, cm_weeks_captured)

# Save the best model to disk
saveRDS(best_hmm_fit, best_model_save_path)

# Output a success message
message("Best model has been saved to: ", best_model_save_path)

# Function to plot residual diagnostics for the best model
plot_residuals_cm <- function(fit_model, data) {
  posterior_probs <- posterior(fit_model, type = "smoothing")
  
  # Extract coefficients for each state's response
  state_coeffs <- lapply(1:3, function(i) {
    fit_model@response[[i]][[1]]@parameters$coefficients
  })
  
  # Calculate predicted values based on covariates
  predicted_values <- rowSums(posterior_probs * sapply(1:3, function(i) {
    intercept <- state_coeffs[[i]]["(Intercept)"]
    rollavg <- state_coeffs[[i]]["RollAvg_6_Weeks"] * data$RollAvg_6_Weeks
    year <- state_coeffs[[i]]["Year"] * data$Year
    flow <- state_coeffs[[i]]["Average_Flow_Strength"] * data$Average_Flow_Strength
    return(intercept + rollavg + year + flow)
  }))
  
  # Calculate residuals
  residuals <- data$Length - predicted_values
  
  # Plot residual diagnostics
  par(mfrow = c(1, 3))  # Multiple plots in one window
  
  # Residuals vs. Fitted
  plot(predicted_values, residuals, main = "Residuals vs Fitted Values",
       xlab = "Fitted Values", ylab = "Residuals", pch = 20)
  abline(h = 0, col = "red")
  
  # Q-Q Plot
  qqnorm(residuals)
  qqline(residuals, col = "red")
  
  # Histogram
  hist(residuals, breaks = 20, main = "Histogram of Residuals",
       xlab = "Residuals", ylab = "Frequency")
}

# Call the residuals plot function
plot_residuals_cm(best_hmm_fit, cm_weeks_captured)

# Load necessary libraries
library(dplyr)
library(ggplot2)
library(reshape2)

# Define color mappings for states and separate palettes for before/after 1995
state_colors <- c("Nomadic" = "red", "Resident" = "blue", "Transitory" = "green")
before_1995_palette <- c("#E41A1C", "#FF7F00", "#FFC107", "#F4A460")
after_1995_palette <- c("#377EB8", "#4DAF4A", "#984EA3", "#00CED1", "#4682B4", "#2E8B57")

# Define color mapping for year groups, moving "1992–1996" to the after_1995 palette
year_colors <- c("1977–1981" = before_1995_palette[1], 
                 "1982–1986" = before_1995_palette[2],
                 "1987–1991" = before_1995_palette[3], 
                 "1992–1996" = after_1995_palette[1],  # Moved to "After 1995" palette
                 "1997–2001" = after_1995_palette[2], 
                 "2002–2006" = after_1995_palette[3], 
                 "2007–2011" = after_1995_palette[4], 
                 "2012–2016" = after_1995_palette[5], 
                 "2017–2021" = after_1995_palette[6], 
                 "2022–2023" = after_1995_palette[6]) 

# Helper function to create Year_Group column in the data
add_year_group <- function(data) {
  data %>%
    mutate(Year_Group = case_when(
      Year >= 1977 & Year <= 1981 ~ "1977–1981",
      Year >= 1982 & Year <= 1986 ~ "1982–1986",
      Year >= 1987 & Year <= 1991 ~ "1987–1991",
      Year >= 1992 & Year <= 1996 ~ "1992–1996",
      Year >= 1997 & Year <= 2001 ~ "1997–2001",
      Year >= 2002 & Year <= 2006 ~ "2002–2006",
      Year >= 2007 & Year <= 2011 ~ "2007–2011",
      Year >= 2012 & Year <= 2016 ~ "2012–2016",
      Year >= 2017 & Year <= 2021 ~ "2017–2021",
      Year >= 2022 & Year <= 2023 ~ "2022–2023",
      TRUE ~ NA_character_
    )) %>%
    filter(!is.na(Year_Group))
}

# Function to plot overall state probabilities by SSCL with hashmarks on Length axis
plot_overall_probabilities <- function(best_hmm_fit, data) {
  state_probs <- posterior(best_hmm_fit, type = "smoothing")
  if (nrow(state_probs) != nrow(data)) stop("Mismatch between state probabilities and dataset!")
  
  prob_df <- data.frame(Length = data$Length)
  for (i in 1:ncol(state_probs)) {
    prob_df[paste0("State", i)] <- state_probs[, i]
  }
  
  prob_df_long <- reshape2::melt(prob_df, id.vars = "Length", variable.name = "State", value.name = "Probability")
  prob_df_long$State <- factor(prob_df_long$State, levels = c("State1", "State3", "State2"), labels = c("Nomadic", "Resident", "Transitory"))
  
  ggplot(prob_df_long, aes(x = Length, y = Probability, color = State)) +
    geom_smooth(se = TRUE, method = "gam", formula = y ~ s(x, bs = "cs")) + 
    geom_rug(sides = "b", color = "black", alpha = 0.5) +  
    scale_x_continuous(breaks = seq(0, 120, by = 10)) +
    scale_color_manual(values = state_colors) +
    labs(title = "Probability of Being in Each State by SSCL", x = "Length (cm)", y = "Probability") + coord_cartesian(ylim = c(0, 1)) +
    theme(legend.position = "right")
}

# Function to plot probabilities by SSCL over year groups
plot_probabilities_by_year_group <- function(best_hmm_fit, data) {
  data <- add_year_group(data)
  state_probs <- posterior(best_hmm_fit, type = "smoothing")
  if (nrow(state_probs) != nrow(data)) stop("Mismatch between state probabilities and dataset!")
  
  prob_df_long <- transform_state_probs(state_probs, data, with_year_group = TRUE)
  
  ggplot(prob_df_long, aes(x = SSCL, y = Probability, color = State)) +
    geom_smooth(se = TRUE, method = "gam", formula = y ~ s(x, bs = "cs")) +
    geom_rug(sides = "b", color = "black", alpha = 0.5) +
    scale_x_continuous(breaks = seq(0, 120, by = 10)) +
    scale_color_manual(values = state_colors) +
    labs(title = "Probability of Being in Each State by SSCL Over Year Groups", x = "SSCL (cm)", y = "Probability") +
    theme_pub + coord_cartesian(ylim = c(0, 1)) +
    facet_wrap(~ Year_Group, scales = "free_x") +
    theme(legend.position = "right")
}

# Function to plot each state separately with distinct palettes for before/after 1995
plot_all_states <- function(best_hmm_fit, data) {
  data <- add_year_group(data) %>%
    mutate(Period = ifelse(Year < 1995, "Before 1995", "After 1995"))
  
  state_probs <- posterior(best_hmm_fit, type = "smoothing")
  if (nrow(state_probs) != nrow(data)) stop("Mismatch between state probabilities and dataset!")
  
  for (state in c("Nomadic", "Resident", "Transitory")) {
    prob_df_long <- transform_state_probs(state_probs, data, with_year_group = TRUE)
    prob_df_long <- filter(prob_df_long, State == state & is.finite(SSCL) & is.finite(Probability))
    
    print(
      ggplot(prob_df_long, aes(x = SSCL, y = Probability, color = Year_Group)) +
        geom_smooth(se = TRUE, method = "gam", formula = y ~ s(x, bs = "cs")) +
        scale_x_continuous(breaks = seq(0, 120, by = 10)) +
        scale_color_manual(values = year_colors) +
        labs(title = paste("Probability of Being in", state, "State by SSCL Over Year Groups"),
             x = "SSCL (cm)", y = "Probability") +
        theme_pub + coord_cartesian(ylim = c(0, 1)) +
        theme(legend.position = "right")
    )
  }
}

# Function to extract average SSCL, 95% CI, and sample size by Year Group and State
extract_avg_length_per_year_group_cm <- function(best_hmm_fit, data) {
  data <- add_year_group(data)
  state_probs <- posterior(best_hmm_fit, type = "smoothing")
  if (nrow(state_probs) != nrow(data)) stop("Mismatch between state probabilities and dataset!")
  
  prob_df <- data.frame(Year_Group = data$Year_Group, SSCL = data$Length)
  for (i in 1:ncol(state_probs)) {
    prob_df[paste0("State", i, "_Prob")] <- state_probs[, i]
  }
  
  avg_prob_lengths <- prob_df %>%
    group_by(Year_Group) %>%
    summarise(across(starts_with("State"), ~ weighted.mean(SSCL, w = .x, na.rm = TRUE), .names = "Avg_SSCL_{col}"),
              n_State1 = sum(State1_Prob > 0.5, na.rm = TRUE),
              n_State2 = sum(State2_Prob > 0.5, na.rm = TRUE),
              n_State3 = sum(State3_Prob > 0.5, na.rm = TRUE)) %>%
    ungroup()
  
  ci_prob_lengths <- prob_df %>%
    group_by(Year_Group) %>%
    summarise(across(starts_with("State"), ~ {
      avg_length <- weighted.mean(SSCL, w = .x, na.rm = TRUE)
      std_error <- sd(SSCL, na.rm = TRUE) / sqrt(n())
      tibble(CI_Lower = avg_length - 1.96 * std_error, CI_Upper = avg_length + 1.96 * std_error)
    }, .names = "{.col}")) %>%
    unnest_wider(State1_Prob, names_sep = "_") %>%
    unnest_wider(State2_Prob, names_sep = "_") %>%
    unnest_wider(State3_Prob, names_sep = "_") %>%
    rename(CI_State1_Lower = State1_Prob_CI_Lower,
           CI_State1_Upper = State1_Prob_CI_Upper,
           CI_State2_Lower = State2_Prob_CI_Lower,
           CI_State2_Upper = State2_Prob_CI_Upper,
           CI_State3_Lower = State3_Prob_CI_Lower,
           CI_State3_Upper = State3_Prob_CI_Upper)
  
  avg_prob_lengths %>%
    left_join(ci_prob_lengths, by = "Year_Group")
}

# Plot function for average SSCL with 95% CI
plot_avg_sscl_with_ci <- function(data, state_name, state_column, ci_lower, ci_upper) {
  ggplot(data, aes(x = Year_Group_n, group = 1)) +  
    geom_line(aes_string(y = state_column), color = "black", linewidth = 1.5) +
    geom_line(aes_string(y = ci_lower), linetype = "dotted", size = 1.2, color = "black") +
    geom_line(aes_string(y = ci_upper), linetype = "dotted", size = 1.2, color = "black") +
    labs(title = paste("Average SSCL for", state_name, "State Green Turtles with 95% CI Over Year Groups"),
         y = "SSCL (cm)", x = "Year Group (Sample Size)") +
    theme_pub +
    theme(axis.text.x = element_text(angle = 45, hjust = 1, size = 8), legend.position = "right")
}

# Generate and display all plots

avg_lengths_by_year_group_with_ci <- extract_avg_length_per_year_group_cm(best_hmm_fit, cm_weeks_captured)

state1_data <- avg_lengths_by_year_group_with_ci %>%
  mutate(Year_Group_n = paste0(Year_Group, " (n=", n_State1, ")"))
state2_data <- avg_lengths_by_year_group_with_ci %>%
  mutate(Year_Group_n = paste0(Year_Group, " (n=", n_State2, ")"))
state3_data <- avg_lengths_by_year_group_with_ci %>%
  mutate(Year_Group_n = paste0(Year_Group, " (n=", n_State3, ")"))

# Additional required plots
plot_overall_probabilities(best_hmm_fit, cm_weeks_captured)
plot_probabilities_by_year_group(best_hmm_fit, cm_weeks_captured)
plot_all_states(best_hmm_fit, cm_weeks_captured)

# Individual state plots with CI
plot_avg_sscl_with_ci(state1_data, "Nomadic", "Avg_SSCL_State1_Prob", "CI_State1_Lower", "CI_State1_Upper")
plot_avg_sscl_with_ci(state2_data, "Transitory", "Avg_SSCL_State2_Prob", "CI_State2_Lower", "CI_State2_Upper")
plot_avg_sscl_with_ci(state3_data, "Resident", "Avg_SSCL_State3_Prob", "CI_State3_Lower", "CI_State3_Upper")

ggplot(avg_lengths_by_year_group_with_ci) +
  geom_line(aes(x = Year_Group, y = Avg_SSCL_State1_Prob, color = "Nomadic", group = "Nomadic"), size = 1.2) +
  geom_ribbon(aes(x = Year_Group, ymin = CI_State1_Lower, ymax = CI_State1_Upper, fill = "Nomadic", group = "Nomadic"), alpha = 0.2) +
  geom_line(aes(x = Year_Group, y = Avg_SSCL_State2_Prob, color = "Transitory", group = "Transitory"), size = 1.2) +
  geom_ribbon(aes(x = Year_Group, ymin = CI_State2_Lower, ymax = CI_State2_Upper, fill = "Transitory", group = "Transitory"), alpha = 0.2) +
  geom_line(aes(x = Year_Group, y = Avg_SSCL_State3_Prob, color = "Resident", group = "Resident"), size = 1.2) +
  geom_ribbon(aes(x = Year_Group, ymin = CI_State3_Lower, ymax = CI_State3_Upper, fill = "Resident", group = "Resident"), alpha = 0.2) +
  scale_color_manual(values = state_colors) +
  scale_fill_manual(values = state_colors) +
  scale_y_continuous(limits = c(0, 100), breaks = seq(0, 100, by = 10)) +  # Force y-axis from 0 to 100 in 10 cm increments
  labs(title = "Green Turtle", x = "Year Group", y = "Average SSCL (cm)", color = "State", fill = "State") +
  theme_pub +
  theme(axis.text.x = element_text(angle = 45, hjust = 1, size = 16), legend.position = "right")


#____________________________________________________________________________________________________________________________________________________________
#LOGGERHEADS
# Load necessary libraries
library(dplyr)
library(depmixS4)
library(purrr)
library(caret)
library(ggplot2)
library(reshape2) 
library(tibble)    
library(gam)       
library(tidyr)

# Set paths and define constants for CC workflow
data_path_cc <- "REDACTED"
output_directory_cc <- "REDACTED"
model_save_path_cc <- paste0(output_directory_cc, "hmm_models_cc.rds")
best_model_save_path_cc <- paste0(output_directory_cc, "best_hmm_fit_cc.rds")

# Load the CC data
cc_weeks_captured <- readRDS(data_path_cc)

# Function to save models to disk
save_models_cc <- function(models, path) {
  saveRDS(models, file = path)
}

# Function to load models from disk
load_models_cc <- function(path) {
  if (file.exists(path)) {
    return(readRDS(path))
  } else {
    message("Model file not found.")
    return(NULL)
  }
}



cc_weeks_captured <- cc_weeks_captured %>%
  group_by(`Turtle ID`) %>%
  mutate(Recapture = ifelse(row_number() == 1, 0, 1)) %>%
  ungroup()

# Define the covariates to be tested (specific for CC)
base_covariates_cc <- c("Year", "Average_Flow_Strength", "Recapture", "SST")
rolling_covariates_cc <- paste0("RollAvg_", 1:13, "_Weeks")

# Generate all combinations of base covariates (Year, Average_Flow_Strength)
generate_combinations_cc <- function(covariates) {
  lapply(1:length(covariates), function(i) {
    combn(covariates, i, simplify = FALSE)
  }) %>% unlist(recursive = FALSE)
}

# Create all valid combinations of covariates without rolling averages
base_combinations_cc <- generate_combinations_cc(base_covariates_cc)

# Fit HMMs with 3 states and various covariate combinations for CC data
fit_hmm_cc <- function(formula, n_states, data) {
  tryCatch({
    mod <- depmix(formula, family = gaussian(), nstates = n_states, data = data)
    fit_mod <- fit(mod, verbose = FALSE, emcontrol = em.control(rand=TRUE))
    return(fit_mod)
  }, error = function(e) {
    message("Error fitting HMM: ", e$message)
    return(NULL)
  }, warning = function(w) {
    message("Warning fitting HMM: ", w$message)
    return(NULL)
  })
}

# Load models if they exist, otherwise fit them
hmm_models_cc <- load_models_cc(model_save_path_cc)

if (is.null(hmm_models_cc)) {
  hmm_models_cc <- list()
  
  # Step 1: Fit models with just Year, just Flow Strength, and both
  for (combo in base_combinations_cc) {
    covariate_formula_cc <- paste(combo, collapse = " + ")
    formula_cc <- as.formula(paste("Length ~ 1 +", covariate_formula_cc))
    model_name_cc <- paste("HMM_3_States_", gsub(" ", "_", covariate_formula_cc), sep = "")
    hmm_models_cc[[model_name_cc]] <- fit_hmm_cc(formula_cc, 3, cc_weeks_captured)
  }
  
  # Step 2: Fit models for each rolling average and each combination of Year, Flow Strength, or both
  for (rolling in rolling_covariates_cc) {
    # Model with just the rolling average
    formula_rolling_cc <- as.formula(paste("Length ~ 1 +", rolling))
    model_name_cc <- paste("HMM_3_States_", rolling, sep = "")
    hmm_models_cc[[model_name_cc]] <- fit_hmm_cc(formula_rolling_cc, 3, cc_weeks_captured)
    
    # Models with rolling average + each combination of Year, Flow Strength, or both
    for (combo in base_combinations_cc) {
      covariate_formula_cc <- paste(c(rolling, combo), collapse = " + ")
      formula_cc <- as.formula(paste("Length ~ 1 +", covariate_formula_cc))
      model_name_cc <- paste("HMM_3_States_", rolling, "_", gsub(" ", "_", covariate_formula_cc), sep = "")
      hmm_models_cc[[model_name_cc]] <- fit_hmm_cc(formula_cc, 3, cc_weeks_captured)
    }
  }
  
  # Save the fitted models to disk
  save_models_cc(hmm_models_cc, model_save_path_cc)
}

# Extract AIC for each model and create a data frame of model names and their AIC scores
aic_values_cc <- sapply(hmm_models_cc, function(model) if (!is.null(model)) AIC(model) else NA)
aic_df_cc <- data.frame(Model = names(aic_values_cc), AIC = aic_values_cc)

# Remove rows with NA AIC values and sort by AIC
aic_df_cc <- aic_df_cc %>% filter(!is.na(AIC)) %>% arrange(AIC)

# Print AIC table
print(aic_df_cc)

# Function to perform rolling cross-validation based on unique weeks (Week column)
fit_hmm_rolling_cv_cc <- function(model_formula, n_states, data, week_col = "Week", window_size = 13) {
  unique_weeks <- sort(unique(data[[week_col]]))  # Get unique, sorted weeks
  n_weeks <- length(unique_weeks)
  
  # Calculate number of rolling windows (folds)
  n_folds <- n_weeks - window_size + 1
  
  # Check if there are enough weeks for cross-validation
  if (n_folds <= 0) {
    stop("Error: Not enough unique weeks to perform rolling cross-validation with the specified window size.")
  }
  
  # Preallocate memory for log-likelihood and AIC values
  logLik_values <- numeric(n_folds)
  aic_values <- numeric(n_folds)
  
  # Define EM control settings to allow more iterations and reduce tolerance
  em_control <- em.control(maxit = 1000, tol = 1e-8, rand = TRUE)
  
  # Loop over rolling windows
  for (i in 1:n_folds) {
    # Get the range of weeks for this fold
    weeks_in_fold <- unique_weeks[i:(i + window_size - 1)]
    
    # Subset the data for the rolling window of weeks
    train_data <- data %>% filter(!!sym(week_col) %in% weeks_in_fold)
    
    # Skip this fold if there are missing weeks or if the data is insufficient
    if (nrow(train_data) == 0 || any(is.na(train_data$Length))) {
      message("Skipping fold ", i, ": Insufficient data or missing values")
      logLik_values[i] <- NA
      aic_values[i] <- NA
      next
    }
    
    # Fit the HMM model with the selected training data
    model <- depmix(model_formula, family = gaussian(), nstates = n_states, data = train_data)
    fitted_model <- tryCatch({
      fit(model, verbose = FALSE, emcontrol = em_control)
    }, error = function(e) {
      message("Error fitting model in fold ", i, ": ", e$message)
      return(NULL)
    })
    
    # If fitting was successful, collect log-likelihood and AIC, else assign NA
    if (!is.null(fitted_model)) {
      logLik_values[i] <- logLik(fitted_model)
      aic_values[i] <- AIC(fitted_model)
    } else {
      logLik_values[i] <- NA
      aic_values[i] <- NA
    }
  }
  
  # Calculate average log-likelihood and AIC, handling NA values
  avg_logLik <- mean(logLik_values, na.rm = TRUE)
  avg_AIC <- mean(aic_values, na.rm = TRUE)
  
  return(list(avg_logLik = avg_logLik, avg_AIC = avg_AIC))
}

# Define the list of models for rolling cross-validation based on Week
rolling_cv_models_cc <- list(
  "HMM_3_States_RollAvg_13_Weeks" = "Length ~ RollAvg_13_Weeks + Year + Average_Flow_Strength",
  "HMM_3_States_RollAvg_9_Weeks" = "Length ~ RollAvg_9_Weeks + Year + Average_Flow_Strength",
  "HMM_3_States_RollAvg_7_Weeks" = "Length ~ RollAvg_7_Weeks + Year + Average_Flow_Strength"
)

# Apply rolling cross-validation for the specified models using Week
rolling_cv_results_cc <- lapply(rolling_cv_models_cc, function(formula) {
  fit_hmm_rolling_cv_cc(as.formula(formula), 3, cc_weeks_captured, week_col = "Week", window_size = 13)
})

# Summarize rolling cross-validation results
rolling_cv_summary_cc <- data.frame(
  Model = names(rolling_cv_models_cc),
  Avg_LogLik = sapply(rolling_cv_results_cc, function(x) x$avg_logLik),
  Avg_AIC = sapply(rolling_cv_results_cc, function(x) x$avg_AIC)
)

# Save the rolling cross-validation results to a CSV file
output_directory <- "REDACTED"
write.csv(rolling_cv_summary_cc, file = paste0(output_directory, "rolling_cv_results_cc.csv"), row.names = FALSE)

# Print a message indicating successful save
message("Rolling cross-validation results saved to: ", paste0(output_directory, "rolling_cv_results_cc.csv"))


# Define the best model formula (7-week rolling average)
best_model_formula_7_weeks <- as.formula("Length ~ RollAvg_7_Weeks + Year + Average_Flow_Strength")

# Fit the HMM model (3 states)
best_hmm_fit_7_weeks <- depmix(best_model_formula_7_weeks, family = gaussian(), nstates = 3, data = cc_weeks_captured)
fitted_hmm_7_weeks <- fit(best_hmm_fit_7_weeks, verbose = FALSE)

# Save the fitted model (optional)
saveRDS(fitted_hmm_7_weeks, "REDACTED")

# Load the saved fitted HMM model
loggerhead_hmm_fit <- readRDS("REDACTED")


# Residual diagnostics function for the 7-week model
plot_residuals_cc_7_weeks <- function(fit_model, data) {
  posterior_probs <- posterior(fit_model, type = "smoothing")
  
  # Extract state coefficients
  state_coeffs <- lapply(1:3, function(i) {
    fit_model@response[[i]][[1]]@parameters$coefficients
  })
  
  # Predicted values using RollAvg_7_Weeks and other covariates
  predicted_values <- rowSums(posterior_probs * sapply(1:3, function(i) {
    intercept <- state_coeffs[[i]]["(Intercept)"]
    rollavg <- state_coeffs[[i]]["RollAvg_7_Weeks"] * data$RollAvg_7_Weeks
    year <- state_coeffs[[i]]["Year"] * data$Year
    flow <- state_coeffs[[i]]["Average_Flow_Strength"] * data$Average_Flow_Strength
    return(intercept + rollavg + year + flow)
  }))
  
  # Calculate residuals
  residuals <- data$Length - predicted_values
  
  # Plot diagnostics
  par(mfrow = c(1, 3))  # 3 plots in one window
  plot(predicted_values, residuals, main = "Residuals vs Fitted Values (7 Weeks)",
       xlab = "Fitted Values", ylab = "Residuals", pch = 20)
  abline(h = 0, col = "red")
  
  qqnorm(residuals)
  qqline(residuals, col = "red")
  
  hist(residuals, breaks = 20, main = "Histogram of Residuals (7 Weeks)",
       xlab = "Residuals", ylab = "Frequency")
}

# Plot residual diagnostics for the best model
plot_residuals_cc_7_weeks(fitted_hmm_7_weeks, cc_weeks_captured)

# Function to extract transition matrix from the fitted HMM model
get_transition_matrix <- function(fitted_model) {
  nstates <- fitted_model@nstates
  all_parameters <- getpars(fitted_model)
  
  transition_start_idx <- nstates + 1
  transition_matrix <- matrix(all_parameters[transition_start_idx:(transition_start_idx + nstates^2 - 1)], 
                              nrow = nstates, byrow = TRUE)
  return(transition_matrix)
}

# Extract transition matrix for the best HMM model
transition_matrix_7_weeks <- get_transition_matrix(fitted_hmm_7_weeks)

# Compute stationary distribution iteratively from the transition matrix
compute_stationary_distribution_iterative <- function(transition_matrix, tol = 1e-8, max_iter = 1000) {
  nstates <- nrow(transition_matrix)
  stationary_distribution <- rep(1 / nstates, nstates)
  
  for (i in 1:max_iter) {
    new_distribution <- stationary_distribution %*% transition_matrix
    if (max(abs(new_distribution - stationary_distribution)) < tol) {
      break
    }
    stationary_distribution <- new_distribution
  }
  return(stationary_distribution)
}

# Compute the stationary distribution for the 7-week model
stationary_distribution_7_weeks <- compute_stationary_distribution_iterative(transition_matrix_7_weeks)

# Print the stationary distribution
print("Stationary Distribution for 7-Weeks Model:")
print(stationary_distribution_7_weeks)

# Ensure that each row of the transition matrix sums to 1
print("Row sums of the transition matrix (should all be 1):")
print(rowSums(transition_matrix_7_weeks))

# Ensure missing data is filtered upfront
cc_weeks_captured <- cc_weeks_captured %>%
  filter(!is.na(Length) & !is.na(Year))

# Check if the dataset is empty after filtering
if (nrow(cc_weeks_captured) == 0) {
  stop("Error: Dataset is empty after filtering!")
}




# Define color mappings for states and year groups
state_colors <- c("Nomadic" = "red", "Resident" = "blue", "Transitory" = "green")
year_colors <- c(
  "1977–1981" = "#E41A1C", "1982–1986" = "#FF7F00", "1987–1991" = "#FFC107", "1992–1996" = "#377EB8",
  "1997–2001" = "#4DAF4A", "2002–2006" = "#984EA3", "2007–2011" = "#00CED1", "2012–2016" = "#4682B4",
  "2017–2021" = "#2E8B57", "2022–2023" = "#2E8B57"
)

# Helper function to add Year_Group column to the data
add_year_group <- function(data) {
  data %>%
    mutate(Year_Group = case_when(
      Year >= 1977 & Year <= 1981 ~ "1977–1981",
      Year >= 1982 & Year <= 1986 ~ "1982–1986",
      Year >= 1987 & Year <= 1991 ~ "1987–1991",
      Year >= 1992 & Year <= 1996 ~ "1992–1996",
      Year >= 1997 & Year <= 2001 ~ "1997–2001",
      Year >= 2002 & Year <= 2006 ~ "2002–2006",
      Year >= 2007 & Year <= 2011 ~ "2007–2011",
      Year >= 2012 & Year <= 2016 ~ "2012–2016",
      Year >= 2017 & Year <= 2021 ~ "2017–2021",
      Year >= 2022 & Year <= 2023 ~ "2022–2023",
      TRUE ~ NA_character_
    )) %>%
    filter(!is.na(Year_Group))
}

# 1. Overall state probabilities plot
plot_overall_probabilities <- function(loggerhead_hmm_fit, data) {
  state_probs <- posterior(loggerhead_hmm_fit, type = "smoothing")
  if (nrow(state_probs) != nrow(data)) stop("Mismatch between state probabilities and dataset!")
  
  prob_df <- data.frame(Length = data$Length, State1 = state_probs[,1], State2 = state_probs[,2], State3 = state_probs[,3])
  prob_df_long <- reshape2::melt(prob_df, id.vars = "Length", variable.name = "State", value.name = "Probability")
  prob_df_long$State <- factor(prob_df_long$State, levels = c("State2", "State1", "State3"), labels = c("Nomadic", "Resident", "Transitory"))
  
  ggplot(prob_df_long, aes(x = Length, y = Probability, color = State)) +
    geom_smooth(se = TRUE, method = "gam", formula = y ~ s(x, bs = "cs")) + 
    geom_rug(sides = "b", color = "black", alpha = 0.5) +  
    scale_x_continuous(breaks = seq(0, 120, by = 10)) +
    scale_color_manual(values = state_colors) +
    labs(title = "Probability of Being in Each State by SSCL (Loggerhead Turtles)", x = "Length (cm)", y = "Probability", color = "State") +
    theme_minimal() + coord_cartesian(ylim = c(0, 1)) +
    theme(legend.position = "right")
}

# 2. Probabilities by SSCL over year groups
plot_probabilities_by_year_group <- function(loggerhead_hmm_fit, data) {
  data <- add_year_group(data)
  state_probs <- posterior(loggerhead_hmm_fit, type = "smoothing")
  if (nrow(state_probs) != nrow(data)) stop("Mismatch between state probabilities and dataset!")
  
  prob_df <- data.frame(SSCL = data$Length, Year_Group = data$Year_Group, State1 = state_probs[,1], State2 = state_probs[,2], State3 = state_probs[,3])
  prob_df_long <- reshape2::melt(prob_df, id.vars = c("SSCL", "Year_Group"), variable.name = "State", value.name = "Probability")
  prob_df_long$State <- factor(prob_df_long$State, levels = c("State2", "State1", "State3"), labels = c("Nomadic", "Resident", "Transitory"))
  
  ggplot(prob_df_long, aes(x = SSCL, y = Probability, color = State)) +
    geom_smooth(se = TRUE, method = "gam", formula = y ~ s(x, bs = "cs")) +
    geom_rug(sides = "b", color = "black", alpha = 0.5) +
    scale_x_continuous(breaks = seq(0, 120, by = 10)) +
    scale_color_manual(values = state_colors) +
    labs(title = "Probability of Being in Each State by SSCL Over Year Groups (Loggerhead Turtles)", x = "SSCL (cm)", y = "Probability", color = "State") +
    theme_minimal() + coord_cartesian(ylim = c(0, 1)) +
    facet_wrap(~ Year_Group, scales = "free_x") +
    theme(legend.position = "right")
}

# 3. Each state separately by year group with distinct palettes
plot_all_states <- function(loggerhead_hmm_fit, data) {
  data <- add_year_group(data) %>%
    mutate(Period = ifelse(Year < 1995, "Before 1995", "After 1995"))
  
  state_probs <- posterior(loggerhead_hmm_fit, type = "smoothing")
  if (nrow(state_probs) != nrow(data)) stop("Mismatch between state probabilities and dataset!")
  
  for (state in c("Nomadic", "Resident", "Transitory")) {
    prob_df <- data.frame(SSCL = data$Length, Year_Group = data$Year_Group, State1 = state_probs[,1], State2 = state_probs[,2], State3 = state_probs[,3])
    prob_df_long <- reshape2::melt(prob_df, id.vars = c("SSCL", "Year_Group"), variable.name = "State", value.name = "Probability")
    prob_df_long$State <- factor(prob_df_long$State, levels = c("State2", "State1", "State3"), labels = c("Nomadic", "Resident", "Transitory"))
    prob_df_long <- filter(prob_df_long, State == state)
    
    print(
      ggplot(prob_df_long, aes(x = SSCL, y = Probability, color = Year_Group)) +
        geom_smooth(se = TRUE, method = "gam", formula = y ~ s(x, bs = "cs")) +
        scale_x_continuous(breaks = seq(0, 120, by = 10)) +
        scale_color_manual(values = year_colors) +
        labs(title = paste("Probability of Being in", state, "State by SSCL Over Year Groups"), x = "SSCL (cm)", y = "Probability", color = "Year Group") +
        theme_minimal() + coord_cartesian(ylim = c(0, 1)) +
        theme(legend.position = "right")
    )
  }
}

# 4. Extract average SSCL with 95% CI for each state
extract_avg_length_per_year_group <- function(loggerhead_hmm_fit, data) {
  data <- add_year_group(data)
  state_probs <- posterior(loggerhead_hmm_fit, type = "smoothing")
  if (nrow(state_probs) != nrow(data)) stop("Mismatch between state probabilities and dataset!")
  
  prob_df <- data.frame(Year_Group = data$Year_Group, SSCL = data$Length, State1 = state_probs[,1], State2 = state_probs[,2], State3 = state_probs[,3])
  
  avg_prob_lengths <- prob_df %>%
    group_by(Year_Group) %>%
    summarise(
      Avg_SSCL_State1 = weighted.mean(SSCL, w = State1, na.rm = TRUE),
      Avg_SSCL_State2 = weighted.mean(SSCL, w = State2, na.rm = TRUE),
      Avg_SSCL_State3 = weighted.mean(SSCL, w = State3, na.rm = TRUE),
      CI_State1_Lower = Avg_SSCL_State1 - 1.96 * sd(SSCL) / sqrt(n()),
      CI_State1_Upper = Avg_SSCL_State1 + 1.96 * sd(SSCL) / sqrt(n()),
      CI_State2_Lower = Avg_SSCL_State2 - 1.96 * sd(SSCL) / sqrt(n()),
      CI_State2_Upper = Avg_SSCL_State2 + 1.96 * sd(SSCL) / sqrt(n()),
      CI_State3_Lower = Avg_SSCL_State3 - 1.96 * sd(SSCL) / sqrt(n()),
      CI_State3_Upper = Avg_SSCL_State3 + 1.96 * sd(SSCL) / sqrt(n()),
      n_State1 = sum(State1 > 0.5, na.rm = TRUE),
      n_State2 = sum(State2 > 0.5, na.rm = TRUE),
      n_State3 = sum(State3 > 0.5, na.rm = TRUE)
    ) %>%
    ungroup()
  
  return(avg_prob_lengths)
}

# Generate and display all loggerhead plots
avg_lengths_by_year_group_with_ci <- extract_avg_length_per_year_group(loggerhead_hmm_fit, cc_weeks_captured)

# Run the plotting functions as required
plot_overall_probabilities(loggerhead_hmm_fit, cc_weeks_captured)
plot_probabilities_by_year_group(loggerhead_hmm_fit, cc_weeks_captured)
plot_all_states(loggerhead_hmm_fit, cc_weeks_captured)

# Individual state plots with CI
theme_pub <- theme_minimal(base_size = 18) +  
  +     theme(
    +         text = element_text(family = "sans"),  # Switch to a system-safe font
    +         plot.title = element_text(face = "bold", size = 20, hjust = 0.5),
    +         axis.title = element_text(face = "bold", size = 18),
    +         axis.text = element_text(size = 16, color = "black"),
    +         axis.text.x = element_text(size = 18, angle = 45, hjust = 1),
    +         legend.title = element_text(face = "bold", size = 18),
    +         legend.text = element_text(size = 16),
    +         legend.key = element_blank(),
    +         panel.grid.major = element_line(linewidth = 0.5, color = "gray80"),
    +         panel.grid.minor = element_blank(),
    +         strip.text = element_text(face = "bold", size = 16)
    +     )

plot_avg_sscl_with_ci(avg_lengths_by_year_group_with_ci, "Resident", "Avg_SSCL_State1", "CI_State1_Lower", "CI_State1_Upper")
plot_avg_sscl_with_ci(avg_lengths_by_year_group_with_ci, "Nomadic", "Avg_SSCL_State2", "CI_State2_Lower", "CI_State2_Upper")
plot_avg_sscl_with_ci(avg_lengths_by_year_group_with_ci, "Transitory", "Avg_SSCL_State3", "CI_State3_Lower", "CI_State3_Upper")

# Combined plot with all states and CI bands

ggplot(avg_lengths_by_year_group_with_ci) +
  # Correct mapping: Resident corresponds to State1
  geom_line(aes(x = Year_Group_n, y = Avg_SSCL_State1_Prob, color = "Resident", group = 1), size = 1.2) +
  geom_ribbon(aes(x = Year_Group_n, ymin = CI_State1_Lower, ymax = CI_State1_Upper, group = 1), alpha = 0.2) +
  
  # Correct mapping: Nomadic corresponds to State2
  geom_line(aes(x = Year_Group_n, y = Avg_SSCL_State2_Prob, color = "Nomadic", group = 1), size = 1.2) +
  geom_ribbon(aes(x = Year_Group_n, ymin = CI_State2_Lower, ymax = CI_State2_Upper, group = 1), alpha = 0.2) +
  
  # Correct mapping: Transitory corresponds to State3
  geom_line(aes(x = Year_Group_n, y = Avg_SSCL_State3_Prob, color = "Transitory", group = 1), size = 1.2) +
  geom_ribbon(aes(x = Year_Group_n, ymin = CI_State3_Lower, ymax = CI_State3_Upper, group = 1), alpha = 0.2) +
  
  scale_color_manual(values = state_colors) +
  scale_fill_manual(values = state_colors) +
  
  scale_x_continuous(
    breaks = seq(1, length(unique(avg_lengths_by_year_group_with_ci$Year_Group)), by = 1),
    labels = unique(avg_lengths_by_year_group_with_ci$Year_Group)
  ) +
  scale_y_continuous(limits = c(0, 100), breaks = seq(0, 100, by = 10)) +
  
  labs(title = "Loggerhead Turtle", x = "Year Group", y = "Average SSCL (cm)", color = "State", fill = "State") +
  
  theme_pub +  # Apply the customized theme for Loggerhead Turtles
  theme(axis.text.x = element_text(angle = 45, hjust = 1, size = 16), legend.position = "right")
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