Study 2c — Corrected dyad-level analysis of the displacement of C along X
EPS export helper
save_eps <- function(plot_object, filename, width, height) {
  if (capabilities("cairo")) {
    ggsave(
      filename = filename,
      plot = plot_object,
      device = cairo_ps,
      width = width,
      height = height,
      units = "in",
      onefile = FALSE
    )
  } else {
    ggsave(
      filename = filename,
      plot = plot_object,
      device = "eps",
      width = width,
      height = height,
      units = "in"
    )
  }
}
1. Aim and inferential structure
This analysis examines the displacement along X of the geometrical intersection point C during Tasks T1 and T2 in Sessions S2 and S3.
In the dataset, Subject = C is a pseudo-subject representing the intersection point of participants A’s and B’s action spaces. Here, unlike participant-level analyses, C is the object of interest and is therefore retained.
For C, PXpi represents its presence distribution along its X’ axis. DisX = 0 corresponds to the initial position of C at the beginning of each trial. Consequently, a weighted mean DisX different from zero indicates a displacement of C relative to its initial position.
The directional predictions are:
· Right instruction (R): C should shift toward positive DisX;
· Left instruction (L): C should shift toward negative DisX.
The dyad is the independent inferential unit. PXpi is used only to construct the weighted position of C within each trial.
2. Helper functions
weighted_quantile <- function(x, w, probs = c(.25, .50, .75)) {
  ok <- is.finite(x) & is.finite(w) & w > 0
  x <- x[ok]
  w <- w[ok]

  if (length(x) == 0 || sum(w) <= 0) {
    return(rep(NA_real_, length(probs)))
  }

  ord <- order(x)
  x <- x[ord]
  w <- w[ord]
  cw <- cumsum(w) / sum(w)

  sapply(probs, function(p) x[which(cw >= p)[1]])
}

weighted_box_stats <- function(x, w) {
  ok <- is.finite(x) & is.finite(w) & w > 0
  x <- x[ok]
  w <- w[ok]

  if (length(x) == 0 || sum(w) <= 0) {
    return(tibble(
      ymin = NA_real_, lower = NA_real_, middle = NA_real_,
      upper = NA_real_, ymax = NA_real_
    ))
  }

  qs <- weighted_quantile(x, w, c(.25, .50, .75))
  q1 <- qs[1]
  med <- qs[2]
  q3 <- qs[3]
  iqr <- q3 - q1

  lower_limit <- q1 - 1.5 * iqr
  upper_limit <- q3 + 1.5 * iqr

  tibble(
    ymin = min(x[x >= lower_limit], na.rm = TRUE),
    lower = q1,
    middle = med,
    upper = q3,
    ymax = max(x[x <= upper_limit], na.rm = TRUE)
  )
}

rank_biserial_one_sample <- function(x, predicted_direction = c("positive", "negative")) {
  predicted_direction <- match.arg(predicted_direction)

  x <- x[is.finite(x) & x != 0]
  if (length(x) == 0) return(NA_real_)

  z <- if (predicted_direction == "positive") x else -x
  ranks <- rank(abs(z), ties.method = "average")

  W_pos <- sum(ranks[z > 0])
  W_neg <- sum(ranks[z < 0])

  if ((W_pos + W_neg) == 0) return(NA_real_)

  (W_pos - W_neg) / (W_pos + W_neg)
}

format_p <- function(p) {
  ifelse(
    is.na(p), "NA",
    ifelse(
      p < .0001,
      formatC(p, format = "e", digits = 3),
      formatC(p, format = "f", digits = 4)
    )
  )
}
3. Data loading and cleaning
The original Study2c script selected C, T1/T2, S2/S3, and R/L. The same scope is retained here. Boundary values DisX = -1800 and DisX = +1800 are excluded before any descriptor is computed.
data_raw <- read.csv2("Study2_Data_a.csv", stringsAsFactors = FALSE)

data_C <- data_raw %>%
  mutate(
    Binome = as.character(Binome),
    Trial = as.character(Trial),
    Session = toupper(str_squish(as.character(Session))),
    Task = toupper(str_squish(as.character(Task))),
    Instruction = toupper(str_squish(as.character(Instruction))),
    Subject = toupper(str_squish(as.character(Subject))),
    Bias = suppressWarnings(as.integer(as.character(Bias))),
    PXpi = suppressWarnings(as.numeric(gsub(",", ".", as.character(PXpi)))),
    DisX = suppressWarnings(as.numeric(gsub(",", ".", as.character(DisX))))
  ) %>%
  filter(
    Task %in% c("T1", "T2"),
    Subject == "C",
    Session %in% c("S2", "S3"),
    Instruction %in% c("R", "L"),
    Bias %in% c(20L, 30L),
    is.finite(PXpi),
    is.finite(DisX),
    PXpi >= 0,
    DisX > -1800,
    DisX < 1800
  ) %>%
  mutate(
    Session = factor(Session, levels = c("S2", "S3")),
    Task = factor(Task, levels = c("T1", "T2")),
    Bias = factor(Bias, levels = c(20, 30)),
    Instruction = factor(Instruction, levels = c("L", "R"))
  )

knitr::kable(
  data_C %>%
    summarise(
      rows = n(),
      dyads = n_distinct(Binome),
      sessions = paste(levels(Session), collapse = ", "),
      tasks = paste(levels(Task), collapse = ", "),
      biases = paste(levels(Bias), collapse = ", "),
      instructions = paste(levels(Instruction), collapse = ", ")
    ),
  caption = "Study2c dataset retained after filtering"
)
Study2c dataset retained after filtering
	rows
	dyads
	sessions
	tasks
	biases
	instructions

	96660
	45
	S2, S3
	T1, T2
	20, 30
	L, R


4. Experimental-structure diagnostic
structure_check <- data_C %>%
  distinct(Binome, Session, Task, Bias, Instruction, Trial) %>%
  count(Session, Task, Bias, Instruction, name = "n_dyad_trials") %>%
  arrange(Task, Bias, Instruction, Session)

knitr::kable(
  structure_check,
  caption = "Observed C dyad-trials by Session × Task × Bias × Instruction"
)
Observed C dyad-trials by Session × Task × Bias × Instruction
	Session
	Task
	Bias
	Instruction
	n_dyad_trials

	S2
	T1
	20
	L
	44

	S3
	T1
	20
	L
	44

	S2
	T1
	20
	R
	44

	S3
	T1
	20
	R
	44

	S2
	T1
	30
	L
	46

	S3
	T1
	30
	L
	46

	S2
	T1
	30
	R
	46

	S3
	T1
	30
	R
	46

	S2
	T2
	20
	L
	22

	S3
	T2
	20
	L
	22

	S2
	T2
	20
	R
	22

	S3
	T2
	20
	R
	22

	S2
	T2
	30
	L
	23

	S3
	T2
	30
	L
	23

	S2
	T2
	30
	R
	23

	S3
	T2
	30
	R
	23


bias_check <- data_C %>%
  distinct(Binome, Bias) %>%
  count(Binome, name = "n_bias_levels")

stopifnot(all(bias_check$n_bias_levels == 1))
5. Descriptive weighted distributions of C along X
The original Study2c figure used uncount(PXpi) before drawing boxplots. Here, the same descriptive logic is implemented directly from the weighted distribution, without expanding the dataset.
figure_C_stats <- data_C %>%
  group_by(Session, Task, Bias, Instruction) %>%
  group_modify(~ weighted_box_stats(.x$DisX, .x$PXpi)) %>%
  ungroup() %>%
  mutate(box_id = row_number())

knitr::kable(
  figure_C_stats,
  digits = 2,
  caption = "Weighted boxplot statistics for the distribution of C along X"
)
Weighted boxplot statistics for the distribution of C along X
	Session
	Task
	Bias
	Instruction
	ymin
	lower
	middle
	upper
	ymax
	box_id

	S2
	T1
	20
	L
	-400
	-160
	-40
	0
	240
	1

	S2
	T1
	20
	R
	-260
	-20
	40
	140
	380
	2

	S2
	T1
	30
	L
	-680
	-280
	-60
	0
	300
	3

	S2
	T1
	30
	R
	-200
	-60
	0
	40
	180
	4

	S2
	T2
	20
	L
	-480
	-180
	-40
	20
	300
	5

	S2
	T2
	20
	R
	-460
	-40
	40
	240
	660
	6

	S2
	T2
	30
	L
	-480
	-180
	-20
	20
	280
	7

	S2
	T2
	30
	R
	-180
	-40
	0
	60
	200
	8

	S3
	T1
	20
	L
	-600
	-240
	-60
	0
	360
	9

	S3
	T1
	20
	R
	-540
	-40
	20
	300
	800
	10

	S3
	T1
	30
	L
	-240
	-100
	-20
	0
	140
	11

	S3
	T1
	30
	R
	-140
	-20
	0
	60
	180
	12

	S3
	T2
	20
	L
	-900
	-360
	-120
	0
	440
	13

	S3
	T2
	20
	R
	-380
	40
	160
	320
	740
	14

	S3
	T2
	30
	L
	-340
	-140
	-40
	0
	160
	15

	S3
	T2
	30
	R
	-300
	-60
	-20
	100
	340
	16


Figure_C <- ggplot(
  figure_C_stats,
  aes(
    x = Instruction,
    ymin = ymin,
    lower = lower,
    middle = middle,
    upper = upper,
    ymax = ymax,
    fill = Instruction,
    group = box_id
  )
) +
  geom_boxplot(
    stat = "identity",
    width = 0.52,
    linewidth = 0.45
  ) +
  geom_hline(
    yintercept = 0,
    linetype = "dashed",
    linewidth = 0.35
  ) +
  facet_grid(
    rows = vars(Session),
    cols = vars(Task, Bias),
    labeller = label_both
  ) +
  coord_cartesian(ylim = c(-800, 800)) +
  labs(
    title = "Distribution of C on DisX by Session, Task, Bias and Instruction",
    y = "DisX of C relative to its initial position",
    x = "Instruction",
    fill = "Instruction"
  ) +
  theme_bw(base_size = 12) +
  theme(
    plot.title = element_text(hjust = 0.5, size = 13),
    strip.text = element_text(size = 10),
    axis.text.x = element_text(size = 10),
    axis.text.y = element_text(size = 9),
    axis.title = element_text(size = 11),
    panel.spacing = grid::unit(0.5, "lines"),
    panel.grid.minor = element_blank(),
    legend.position = "right"
  )

Figure_C
[image: Study2c_Displacement-of-C-along-X_files/figure-docx/figure-C-1.png]
# Save Figure 8 as a separate vector EPS file for journal submission
save_eps(
  Figure_C,
  "Figure8_C_displacement.eps",
  width = 9.0,
  height = 6.0
)
Suggested caption. Weighted distributions of the position of C along its X’ axis in S2 and S3 for Tasks T1 and T2. DisX = 0 corresponds to the initial position of C at the beginning of each trial. Boxes show weighted quartiles and medians using PXpi as a presence weight; whiskers extend to the most extreme positions within 1.5 × IQR. Boundary positions ±1800 are excluded. The figure is descriptive; inferential tests are performed at the dyad level.
6. Weighted mean position of C for each trial
C_trial <- data_C %>%
  group_by(Binome, Session, Task, Bias, Instruction, Trial) %>%
  summarise(
    total_PXpi = sum(PXpi, na.rm = TRUE),
    mean_C_DisX = ifelse(
      total_PXpi > 0,
      sum(DisX * PXpi, na.rm = TRUE) / total_PXpi,
      NA_real_
    ),
    .groups = "drop"
  )

knitr::kable(
  head(C_trial, 12),
  digits = 3,
  caption = "Example weighted mean positions of C by trial"
)
Example weighted mean positions of C by trial
	Binome
	Session
	Task
	Bias
	Instruction
	Trial
	total_PXpi
	mean_C_DisX

	B1
	S2
	T1
	30
	L
	E2
	1090
	37.963

	B1
	S2
	T1
	30
	L
	E3
	871
	-3.812

	B1
	S2
	T1
	30
	R
	E1
	898
	-20.423

	B1
	S2
	T1
	30
	R
	E4
	690
	18.493

	B1
	S2
	T2
	30
	L
	E1
	558
	72.652

	B1
	S2
	T2
	30
	R
	E2
	584
	25.411

	B1
	S3
	T1
	30
	L
	E1
	971
	22.122

	B1
	S3
	T1
	30
	L
	E5
	175
	7.429

	B1
	S3
	T1
	30
	R
	E3
	993
	4.572

	B1
	S3
	T1
	30
	R
	E4
	1307
	13.160

	B1
	S3
	T2
	30
	L
	E1
	492
	49.472

	B1
	S3
	T2
	30
	R
	E2
	140
	-40.000


7. Trial descriptors → dyad × session descriptors
Repeated trials belonging to the same Task × Bias × Instruction condition are averaged with equal weight. PXpi therefore determines the position descriptor within a trial but does not determine the inferential weight of the trial.
C_dyad_session <- C_trial %>%
  group_by(Binome, Session, Task, Bias, Instruction) %>%
  summarise(
    n_trials = sum(is.finite(mean_C_DisX)),
    mean_C_DisX = ifelse(
      n_trials > 0,
      mean(mean_C_DisX, na.rm = TRUE),
      NA_real_
    ),
    .groups = "drop"
  )

knitr::kable(
  C_dyad_session %>%
    count(Session, Task, Bias, Instruction, n_trials, name = "n_dyads") %>%
    arrange(Task, Bias, Instruction, Session, n_trials),
  caption = "Number of usable trials contributing to each dyad × session descriptor"
)
Number of usable trials contributing to each dyad × session descriptor
	Session
	Task
	Bias
	Instruction
	n_trials
	n_dyads

	S2
	T1
	20
	L
	1
	2

	S2
	T1
	20
	L
	2
	20

	S3
	T1
	20
	L
	1
	2

	S3
	T1
	20
	L
	2
	20

	S2
	T1
	20
	R
	1
	3

	S2
	T1
	20
	R
	2
	19

	S3
	T1
	20
	R
	1
	2

	S3
	T1
	20
	R
	2
	20

	S2
	T1
	30
	L
	1
	2

	S2
	T1
	30
	L
	2
	21

	S3
	T1
	30
	L
	1
	2

	S3
	T1
	30
	L
	2
	21

	S2
	T1
	30
	R
	1
	5

	S2
	T1
	30
	R
	2
	18

	S3
	T1
	30
	R
	1
	3

	S3
	T1
	30
	R
	2
	20

	S2
	T2
	20
	L
	0
	1

	S2
	T2
	20
	L
	1
	21

	S3
	T2
	20
	L
	0
	3

	S3
	T2
	20
	L
	1
	19

	S2
	T2
	20
	R
	0
	1

	S2
	T2
	20
	R
	1
	21

	S3
	T2
	20
	R
	0
	1

	S3
	T2
	20
	R
	1
	21

	S2
	T2
	30
	L
	1
	23

	S3
	T2
	30
	L
	1
	23

	S2
	T2
	30
	R
	1
	23

	S3
	T2
	30
	R
	1
	23


8. Combine S2 and S3 with equal session weight
The primary inferential descriptor averages S2 and S3 with equal weight because both sessions allow vertical movement.
C_dyad_S2S3 <- C_dyad_session %>%
  group_by(Binome, Task, Bias, Instruction) %>%
  summarise(
    n_sessions = sum(is.finite(mean_C_DisX)),
    mean_C_DisX_S2S3 = ifelse(
      n_sessions > 0,
      mean(mean_C_DisX, na.rm = TRUE),
      NA_real_
    ),
    .groups = "drop"
  )

knitr::kable(
  C_dyad_S2S3 %>%
    group_by(Task, Bias, Instruction) %>%
    summarise(
      total_dyads = n(),
      usable_dyads = sum(is.finite(mean_C_DisX_S2S3)),
      two_session_dyads = sum(n_sessions == 2),
      one_session_dyads = sum(n_sessions == 1),
      .groups = "drop"
    ),
  caption = "Dyads contributing to the combined S2/S3 descriptor"
)
Dyads contributing to the combined S2/S3 descriptor
	Task
	Bias
	Instruction
	total_dyads
	usable_dyads
	two_session_dyads
	one_session_dyads

	T1
	20
	L
	22
	22
	22
	0

	T1
	20
	R
	22
	22
	22
	0

	T1
	30
	L
	23
	23
	23
	0

	T1
	30
	R
	23
	23
	23
	0

	T2
	20
	L
	22
	21
	19
	2

	T2
	20
	R
	22
	22
	20
	2

	T2
	30
	L
	23
	23
	23
	0

	T2
	30
	R
	23
	23
	23
	0


9. Primary synthetic contrast: effect of instruction across T1 and T2
The main manuscript tests the general hypothesis that the instructed direction shifts the position of C in the corresponding direction. Because this hypothesis is common to T1 and T2, the primary analysis combines the two tasks with equal weight within each dyad.
For each dyad and Bias, the Right-minus-Left contrast is first calculated separately in T1 and T2:


The primary synthetic descriptor is then:

Thus, T1 and T2 contribute equally, irrespective of their number of trials or amount of PXpi. To preserve this balanced contrast, a dyad contributes to the primary analysis only when both T1 and T2 Right-minus-Left contrasts are available.
The a priori directional prediction is:

A one-sided one-sample Wilcoxon signed-rank test is performed separately for the 20° and 30° Bias groups.
C_task_contrasts <- C_dyad_S2S3 %>%
  select(Binome, Task, Bias, Instruction, mean_C_DisX_S2S3) %>%
  pivot_wider(
    names_from = Instruction,
    values_from = mean_C_DisX_S2S3
  ) %>%
  mutate(
    delta_R_minus_L = R - L
  )

C_synthetic_wide <- C_task_contrasts %>%
  select(Binome, Bias, Task, delta_R_minus_L) %>%
  pivot_wider(
    names_from = Task,
    values_from = delta_R_minus_L,
    names_prefix = "delta_"
  ) %>%
  mutate(
    delta_combined = ifelse(
      is.finite(delta_T1) & is.finite(delta_T2),
      (delta_T1 + delta_T2) / 2,
      NA_real_
    )
  )

C_synthetic_results <- C_synthetic_wide %>%
  group_by(Bias) %>%
  group_modify(~{
    d <- .x %>%
      filter(is.finite(delta_combined))

    x <- d$delta_combined

    if (length(x) == 0) {
      return(tibble(
        N_dyads = 0,
        mean_delta_T1 = NA_real_,
        mean_delta_T2 = NA_real_,
        mean_delta_combined = NA_real_,
        median_delta_combined = NA_real_,
        W = NA_real_,
        p_value = NA_real_,
        r_rb = NA_real_
      ))
    }

    wt <- suppressWarnings(
      wilcox.test(
        x,
        mu = 0,
        alternative = "greater",
        exact = FALSE,
        correct = FALSE
      )
    )

    tibble(
      N_dyads = nrow(d),
      mean_delta_T1 = mean(d$delta_T1),
      mean_delta_T2 = mean(d$delta_T2),
      mean_delta_combined = mean(d$delta_combined),
      median_delta_combined = median(d$delta_combined),
      W = unname(wt$statistic),
      p_value = wt$p.value,
      r_rb = rank_biserial_one_sample(
        x,
        predicted_direction = "positive"
      )
    )
  }) %>%
  ungroup() %>%
  mutate(
    Prediction = "mean(T1, T2) of (C_R - C_L) > 0",
    p_fmt = format_p(p_value)
  )

knitr::kable(
  C_synthetic_results,
  digits = 4,
  caption = "Primary synthetic contrast: Right-minus-Left displacement of C averaged across T1 and T2"
)
Primary synthetic contrast: Right-minus-Left displacement of C averaged across T1 and T2
	Bias
	N_dyads
	mean_delta_T1
	mean_delta_T2
	mean_delta_combined
	median_delta_combined
	W
	p_value
	r_rb
	Prediction
	p_fmt

	20
	21
	144.9470
	110.7759
	127.8615
	128.3071
	173
	0.0228
	0.4978
	mean(T1, T2) of (C_R - C_L) > 0
	0.0228

	30
	23
	55.2264
	65.7395
	60.4829
	36.8132
	198
	0.0340
	0.4348
	mean(T1, T2) of (C_R - C_L) > 0
	0.0340


Diagnostic for the synthetic contrast
C_synthetic_diagnostic <- C_synthetic_wide %>%
  group_by(Bias) %>%
  summarise(
    total_dyads = n(),
    valid_T1_contrast = sum(is.finite(delta_T1)),
    valid_T2_contrast = sum(is.finite(delta_T2)),
    valid_combined_contrast = sum(is.finite(delta_combined)),
    .groups = "drop"
  )

knitr::kable(
  C_synthetic_diagnostic,
  caption = "Dyads contributing to the primary synthetic T1/T2 contrast"
)
Dyads contributing to the primary synthetic T1/T2 contrast
	Bias
	total_dyads
	valid_T1_contrast
	valid_T2_contrast
	valid_combined_contrast

	20
	22
	22
	21
	21

	30
	23
	23
	23
	23


10. Task-specific Right-versus-Left contrasts
The primary hypothesis concerns the effect of instruction on the position of C, rather than whether each instruction separately places C on one particular side of its initial position.
For each dyad × Task × Bias condition, the combined S2/S3 descriptor is therefore arranged so that the positions observed under the Right and Left instructions can be compared within the same dyad.
The primary directional contrast is:

with the a priori prediction:

A positive value means that C is located farther to the right under the Right instruction than under the Left instruction. This within-dyad contrast also controls for any dyad-specific overall offset of C relative to its initial position.
Only dyads with valid descriptors for both R and L contribute to the paired comparison.
C_RL_wide <- C_dyad_S2S3 %>%
  select(Binome, Task, Bias, Instruction, mean_C_DisX_S2S3) %>%
  pivot_wider(
    names_from = Instruction,
    values_from = mean_C_DisX_S2S3
  ) %>%
  mutate(
    delta_R_minus_L = R - L
  )

C_RL_results <- C_RL_wide %>%
  group_by(Task, Bias) %>%
  group_modify(~{
    d <- .x %>%
      filter(
        is.finite(L),
        is.finite(R),
        is.finite(delta_R_minus_L)
      )

    diff <- d$delta_R_minus_L

    if (length(diff) == 0) {
      return(tibble(
        N_pairs = 0,
        mean_L = NA_real_,
        mean_R = NA_real_,
        median_L = NA_real_,
        median_R = NA_real_,
        mean_difference_R_minus_L = NA_real_,
        median_difference_R_minus_L = NA_real_,
        W = NA_real_,
        p_value = NA_real_,
        r_rb = NA_real_
      ))
    }

    wt <- suppressWarnings(
      wilcox.test(
        diff,
        mu = 0,
        alternative = "greater",
        exact = FALSE,
        correct = FALSE
      )
    )

    tibble(
      N_pairs = nrow(d),
      mean_L = mean(d$L),
      mean_R = mean(d$R),
      median_L = median(d$L),
      median_R = median(d$R),
      mean_difference_R_minus_L = mean(diff),
      median_difference_R_minus_L = median(diff),
      W = unname(wt$statistic),
      p_value = wt$p.value,
      r_rb = rank_biserial_one_sample(
        diff,
        predicted_direction = "positive"
      )
    )
  }) %>%
  ungroup() %>%
  mutate(
    Prediction = "C_R - C_L > 0",
    p_fmt = format_p(p_value)
  ) %>%
  arrange(Task, Bias)

knitr::kable(
  C_RL_results,
  digits = 4,
  caption = "Primary paired directional Wilcoxon tests: position of C under Right versus Left instruction"
)
Primary paired directional Wilcoxon tests: position of C under Right versus Left instruction
	Task
	Bias
	N_pairs
	mean_L
	mean_R
	median_L
	median_R
	mean_difference_R_minus_L
	median_difference_R_minus_L
	W
	p_value
	r_rb
	Prediction
	p_fmt

	T1
	20
	22
	-46.0772
	98.6587
	-27.5193
	46.8081
	144.7359
	114.3666
	200
	0.0085
	0.5810
	C_R - C_L > 0
	0.0085

	T1
	30
	23
	-57.5257
	-2.2993
	-13.0356
	3.9504
	55.2264
	39.6430
	195
	0.0415
	0.4130
	C_R - C_L > 0
	0.0415

	T2
	20
	21
	-32.0201
	78.7559
	24.2307
	75.4447
	110.7759
	83.1883
	153
	0.0962
	0.3247
	C_R - C_L > 0
	0.0962

	T2
	30
	23
	-45.5307
	20.2087
	0.0000
	15.3746
	65.7395
	31.4738
	185
	0.0764
	0.3406
	C_R - C_L > 0
	0.0764


Diagnostic of paired dyads
C_RL_diagnostic <- C_RL_wide %>%
  group_by(Task, Bias) %>%
  summarise(
    total_dyads = n(),
    valid_L = sum(is.finite(L)),
    valid_R = sum(is.finite(R)),
    valid_RL_pairs = sum(is.finite(L) & is.finite(R)),
    .groups = "drop"
  )

knitr::kable(
  C_RL_diagnostic,
  caption = "Dyads contributing to the paired Right-versus-Left contrast"
)
Dyads contributing to the paired Right-versus-Left contrast
	Task
	Bias
	total_dyads
	valid_L
	valid_R
	valid_RL_pairs

	T1
	20
	22
	22
	22
	22

	T1
	30
	23
	23
	23
	23

	T2
	20
	22
	21
	22
	21

	T2
	30
	23
	23
	23
	23


Figure: paired Right-versus-Left displacement of C
The following figure displays the dyad-level S2/S3 descriptors used in the primary inference. Lines connect the Left and Right values from the same dyad.
C_RL_long <- C_RL_wide %>%
  filter(is.finite(L), is.finite(R)) %>%
  select(Binome, Task, Bias, L, R) %>%
  pivot_longer(
    cols = c(L, R),
    names_to = "Instruction",
    values_to = "mean_C"
  ) %>%
  mutate(
    Instruction = factor(Instruction, levels = c("L", "R"))
  )

ggplot(
  C_RL_long,
  aes(
    x = Instruction,
    y = mean_C,
    group = Binome
  )
) +
  geom_line(alpha = 0.35, linewidth = 0.4) +
  geom_point(size = 1.8, alpha = 0.75) +
  geom_hline(
    yintercept = 0,
    linetype = "dashed",
    linewidth = 0.35
  ) +
  facet_grid(
    rows = vars(Task),
    cols = vars(Bias),
    labeller = label_both
  ) +
  labs(
    title = "Dyad-level position of C under Left and Right instructions",
    x = "Instruction",
    y = "Mean DisX of C (S2/S3)"
  ) +
  theme_bw(base_size = 12) +
  theme(
    plot.title = element_text(hjust = 0.5, size = 13),
    strip.text = element_text(size = 10),
    axis.text = element_text(size = 10),
    axis.title = element_text(size = 11),
    panel.grid.minor = element_blank()
  )
[image: Study2c_Displacement-of-C-along-X_files/figure-docx/primary-RL-figure-1.png]
11. Sensitivity analysis
Trials for which the interactional presence of C was null (sum(PXpi) = 0) do not provide a definable weighted position and are treated as missing. In the primary analysis, if only one of the two T1 trials provides a valid descriptor, that valid trial is retained.
As a robustness check, the analysis is repeated with a stricter rule requiring both T1 trials to provide valid descriptors for each required T1 condition. Both S2 and S3, and the required T2 descriptors, must also be available for the synthetic contrast.
# Strict T1 session descriptors: exactly two usable trial-level descriptors required.
C_T1_strict_session <- C_trial %>%
  filter(Task == "T1") %>%
  group_by(Binome, Session, Task, Bias, Instruction) %>%
  summarise(
    n_valid_trials = sum(is.finite(mean_C_DisX)),
    mean_C_DisX = ifelse(
      n_valid_trials == 2,
      mean(mean_C_DisX[is.finite(mean_C_DisX)]),
      NA_real_
    ),
    .groups = "drop"
  )

# T2 session descriptors: the single valid trial is sufficient.
C_T2_session <- C_trial %>%
  filter(Task == "T2") %>%
  group_by(Binome, Session, Task, Bias, Instruction) %>%
  summarise(
    n_valid_trials = sum(is.finite(mean_C_DisX)),
    mean_C_DisX = ifelse(
      n_valid_trials >= 1,
      mean(mean_C_DisX[is.finite(mean_C_DisX)]),
      NA_real_
    ),
    .groups = "drop"
  )

C_strict_session <- bind_rows(
  C_T1_strict_session,
  C_T2_session
)

# Strictly require both S2 and S3 for each Task × Bias × Instruction descriptor.
C_strict_S2S3 <- C_strict_session %>%
  select(Binome, Session, Task, Bias, Instruction, mean_C_DisX) %>%
  pivot_wider(
    names_from = Session,
    values_from = mean_C_DisX
  ) %>%
  mutate(
    mean_C_DisX_S2S3 = ifelse(
      is.finite(S2) & is.finite(S3),
      (S2 + S3) / 2,
      NA_real_
    )
  ) %>%
  select(Binome, Task, Bias, Instruction, mean_C_DisX_S2S3)

# R-minus-L contrast within each task.
C_strict_task_contrasts <- C_strict_S2S3 %>%
  pivot_wider(
    names_from = Instruction,
    values_from = mean_C_DisX_S2S3
  ) %>%
  mutate(
    delta_R_minus_L = R - L
  )

# Equal-weight average of the T1 and T2 contrasts.
C_strict_synthetic <- C_strict_task_contrasts %>%
  select(Binome, Bias, Task, delta_R_minus_L) %>%
  pivot_wider(
    names_from = Task,
    values_from = delta_R_minus_L,
    names_prefix = "delta_"
  ) %>%
  mutate(
    delta_combined = ifelse(
      is.finite(delta_T1) & is.finite(delta_T2),
      (delta_T1 + delta_T2) / 2,
      NA_real_
    )
  )

strict_results <- C_strict_synthetic %>%
  group_by(Bias) %>%
  group_modify(~{
    d <- .x %>%
      filter(is.finite(delta_combined))

    x <- d$delta_combined

    if (length(x) == 0) {
      return(tibble(
        N_dyads = 0,
        mean_delta_T1 = NA_real_,
        mean_delta_T2 = NA_real_,
        mean_delta_combined = NA_real_,
        median_delta_combined = NA_real_,
        W = NA_real_,
        p_value = NA_real_,
        r_rb = NA_real_
      ))
    }

    wt <- suppressWarnings(
      wilcox.test(
        x,
        mu = 0,
        alternative = "greater",
        exact = FALSE,
        correct = FALSE
      )
    )

    tibble(
      N_dyads = nrow(d),
      mean_delta_T1 = mean(d$delta_T1),
      mean_delta_T2 = mean(d$delta_T2),
      mean_delta_combined = mean(d$delta_combined),
      median_delta_combined = median(d$delta_combined),
      W = unname(wt$statistic),
      p_value = wt$p.value,
      r_rb = rank_biserial_one_sample(
        x,
        predicted_direction = "positive"
      )
    )
  }) %>%
  ungroup() %>%
  mutate(
    Prediction = "strict mean(T1, T2) of (C_R - C_L) > 0",
    p_fmt = format_p(p_value)
  )

knitr::kable(
  strict_results,
  digits = 4,
  caption = "Sensitivity analysis with complete T1 trial replication required"
)
Sensitivity analysis with complete T1 trial replication required
	Bias
	N_dyads
	mean_delta_T1
	mean_delta_T2
	mean_delta_combined
	median_delta_combined
	W
	p_value
	r_rb
	Prediction
	p_fmt

	20
	16
	124.6873
	197.3234
	161.0053
	139.8850
	108
	0.0193
	0.5882
	strict mean(T1, T2) of (C_R - C_L) > 0
	0.0193

	30
	16
	61.6551
	79.0680
	70.3616
	51.1811
	103
	0.0352
	0.5147
	strict mean(T1, T2) of (C_R - C_L) > 0
	0.0352


12. Reporting notes
The descriptive boxplots show the pooled weighted presence distribution of C and are not used for inferential statistics.
The dyad is the inferential unit. PXpi is used to estimate the weighted mean position of C within each trial. Repeated valid T1 trials are averaged with equal weight; S2 and S3 are then averaged with equal session weight.
The primary inferential analysis tests the synthetic within-dyad Right-minus-Left contrast averaged with equal weight across T1 and T2, separately for each Bias group. The Task-specific contrasts are provided to show how this general instruction effect is expressed in T1 and T2.
Trials with sum(PXpi) = 0 have no definable interactional position of C and are treated as missing rather than as zero displacement. The sensitivity analysis shows that the primary conclusion remains unchanged when complete T1 trial replication is required.
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