Study 2d–e — Corrected dyad-level analysis of relative Y displacement
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 combines the former 20° and 30° DisY analyses into a single workflow.
The theoretical prediction concerns the relative Y-position of participants A and B, because opposite Y displacements can shift the geometrical encounter point C along X.
For each trial, weighted mean Y-position is first calculated separately for A and B using PYpi as a presence weight:

The trial-level dyadic descriptor is then:

The a priori directional predictions are:
· Left instruction (L): 
· Right instruction (R): 
The main instruction effect is therefore captured by:

with the prediction:

The dyad is the inferential unit. No uncount() operation is used for inferential statistics.
The 20° and 30° bias conditions involve different dyads in Study 2 and are therefore analyzed separately within the same Rmd.
2. Helper functions
w_mean <- 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(NA_real_)
  }

  sum(x * w) / sum(w)
}

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 filtering
The analysis uses Study2_Data-Ya.csv, Tasks T1–T2, participants A–B, Sessions S2–S3, both instructions, and both bias conditions.
data_raw <- read.csv2("Study2_Data-Ya.csv", stringsAsFactors = FALSE)

data_Y <- data_raw %>%
  mutate(
    Binome = as.character(Binome),
    Session = toupper(str_squish(as.character(Session))),
    Task = toupper(str_squish(as.character(Task))),
    Trial = as.character(Essai),
    Instruction = toupper(str_squish(as.character(Instruction))),
    Subject = toupper(str_squish(as.character(Subject))),
    Bias = suppressWarnings(as.integer(as.character(Bias))),
    DisY = suppressWarnings(as.numeric(gsub(",", ".", as.character(DisY)))),
    PYpi = suppressWarnings(as.numeric(gsub(",", ".", as.character(PYpi))))
  ) %>%
  filter(
    Task %in% c("T1", "T2"),
    Subject %in% c("A", "B"),
    Session %in% c("S2", "S3"),
    Instruction %in% c("R", "L"),
    Bias %in% c(20L, 30L),
    is.finite(DisY),
    is.finite(PYpi),
    PYpi >= 0
  ) %>%
  mutate(
    Session = factor(Session, levels = c("S2", "S3")),
    Task = factor(Task, levels = c("T1", "T2")),
    Instruction = factor(Instruction, levels = c("L", "R")),
    Subject = factor(Subject, levels = c("A", "B")),
    Bias = factor(Bias, levels = c(20, 30))
  )

knitr::kable(
  data_Y %>%
    summarise(
      rows = n(),
      dyads = n_distinct(Binome),
      sessions = paste(levels(Session), collapse = ", "),
      tasks = paste(levels(Task), collapse = ", "),
      biases = paste(levels(Bias), collapse = ", "),
      subjects = paste(levels(Subject), collapse = ", ")
    ),
  caption = "DisY dataset retained after filtering"
)
DisY dataset retained after filtering
	rows
	dyads
	sessions
	tasks
	biases
	subjects

	11880
	45
	S2, S3
	T1, T2
	20, 30
	A, B


4. Check the experimental structure
structure_check <- data_Y %>%
  distinct(Binome, Session, Task, Bias, Instruction, Trial, Subject) %>%
  count(Session, Task, Bias, Instruction, name = "participant-trial cells") %>%
  arrange(Task, Bias, Instruction, Session)

knitr::kable(
  structure_check,
  caption = "Observed participant-trial cells by Session × Task × Bias × Instruction"
)
Observed participant-trial cells by Session × Task × Bias × Instruction
	Session
	Task
	Bias
	Instruction
	participant-trial cells

	S2
	T1
	20
	L
	88

	S3
	T1
	20
	L
	88

	S2
	T1
	20
	R
	88

	S3
	T1
	20
	R
	88

	S2
	T1
	30
	L
	92

	S3
	T1
	30
	L
	92

	S2
	T1
	30
	R
	92

	S3
	T1
	30
	R
	92

	S2
	T2
	20
	L
	44

	S3
	T2
	20
	L
	44

	S2
	T2
	20
	R
	44

	S3
	T2
	20
	R
	44

	S2
	T2
	30
	L
	46

	S3
	T2
	30
	L
	46

	S2
	T2
	30
	R
	46

	S3
	T2
	30
	R
	46


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

stopifnot(all(bias_check$n_bias_levels == 1))
5. Weighted mean DisY for each participant × trial
participant_trial_Y <- data_Y %>%
  group_by(Binome, Session, Task, Bias, Instruction, Trial, Subject) %>%
  summarise(
    total_PYpi = sum(PYpi, na.rm = TRUE),
    mean_DisY = w_mean(DisY, PYpi),
    .groups = "drop"
  )

knitr::kable(
  head(participant_trial_Y, 12),
  digits = 3,
  caption = "Example weighted mean DisY values by participant and trial"
)
Example weighted mean DisY values by participant and trial
	Binome
	Session
	Task
	Bias
	Instruction
	Trial
	Subject
	total_PYpi
	mean_DisY

	1
	S2
	T1
	30
	L
	2
	A
	540
	-1.467

	1
	S2
	T1
	30
	L
	2
	B
	634
	-20.360

	1
	S2
	T1
	30
	L
	3
	A
	572
	-12.000

	1
	S2
	T1
	30
	L
	3
	B
	436
	-12.000

	1
	S2
	T1
	30
	R
	1
	A
	270
	-8.178

	1
	S2
	T1
	30
	R
	1
	B
	692
	9.260

	1
	S2
	T1
	30
	R
	4
	A
	357
	12.000

	1
	S2
	T1
	30
	R
	4
	B
	428
	-11.664

	1
	S2
	T2
	30
	L
	1
	A
	293
	-6.922

	1
	S2
	T2
	30
	L
	1
	B
	265
	-50.396

	1
	S2
	T2
	30
	R
	2
	A
	380
	15.289

	1
	S2
	T2
	30
	R
	2
	B
	522
	9.632


6. Construct the trial-level A-minus-B descriptor
Both participant-specific weighted means are required to compute the relative Y-position.
If A or B has no valid interactional Y descriptor in a trial, that trial is considered unusable for the A−B contrast.
dyad_trial_Y <- participant_trial_Y %>%
  select(Binome, Session, Task, Bias, Instruction, Trial, Subject, mean_DisY) %>%
  pivot_wider(
    names_from = Subject,
    values_from = mean_DisY
  ) %>%
  mutate(
    valid_A = is.finite(A),
    valid_B = is.finite(B),
    valid_pair = valid_A & valid_B,
    D_Y_A_minus_B = ifelse(
      valid_pair,
      A - B,
      NA_real_
    )
  )

trial_diagnostic <- dyad_trial_Y %>%
  count(Task, Bias, Instruction, Session, valid_pair, name = "n_dyad_trials") %>%
  arrange(Task, Bias, Instruction, Session, valid_pair)

knitr::kable(
  trial_diagnostic,
  caption = "Number of usable and unusable A−B trial descriptors"
)
Number of usable and unusable A−B trial descriptors
	Task
	Bias
	Instruction
	Session
	valid_pair
	n_dyad_trials

	T1
	20
	L
	S2
	FALSE
	11

	T1
	20
	L
	S2
	TRUE
	33

	T1
	20
	L
	S3
	FALSE
	3

	T1
	20
	L
	S3
	TRUE
	41

	T1
	20
	R
	S2
	FALSE
	7

	T1
	20
	R
	S2
	TRUE
	37

	T1
	20
	R
	S3
	FALSE
	6

	T1
	20
	R
	S3
	TRUE
	38

	T1
	30
	L
	S2
	FALSE
	9

	T1
	30
	L
	S2
	TRUE
	37

	T1
	30
	L
	S3
	FALSE
	8

	T1
	30
	L
	S3
	TRUE
	38

	T1
	30
	R
	S2
	FALSE
	12

	T1
	30
	R
	S2
	TRUE
	34

	T1
	30
	R
	S3
	FALSE
	11

	T1
	30
	R
	S3
	TRUE
	35

	T2
	20
	L
	S2
	FALSE
	4

	T2
	20
	L
	S2
	TRUE
	18

	T2
	20
	L
	S3
	FALSE
	4

	T2
	20
	L
	S3
	TRUE
	18

	T2
	20
	R
	S2
	FALSE
	4

	T2
	20
	R
	S2
	TRUE
	18

	T2
	20
	R
	S3
	FALSE
	2

	T2
	20
	R
	S3
	TRUE
	20

	T2
	30
	L
	S2
	FALSE
	1

	T2
	30
	L
	S2
	TRUE
	22

	T2
	30
	L
	S3
	FALSE
	2

	T2
	30
	L
	S3
	TRUE
	21

	T2
	30
	R
	S2
	FALSE
	4

	T2
	30
	R
	S2
	TRUE
	19

	T2
	30
	R
	S3
	FALSE
	6

	T2
	30
	R
	S3
	TRUE
	17


A relative Y-position can be defined only when both A and B have a valid PYpi-weighted Y-position. Trials for which either participant has sum(PYpi) = 0 are therefore treated as missing for the A−B descriptor; they are not assigned a Y-position of zero.
7. Trial descriptors → dyad × session descriptors
For T1, repeated usable trials are averaged with equal weight. T2 contains one trial per condition.
dyad_session_Y <- dyad_trial_Y %>%
  group_by(Binome, Session, Task, Bias, Instruction) %>%
  summarise(
    n_valid_trials = sum(is.finite(D_Y_A_minus_B)),
    D_Y = ifelse(
      n_valid_trials > 0,
      mean(D_Y_A_minus_B, na.rm = TRUE),
      NA_real_
    ),
    .groups = "drop"
  )

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

	S2
	T1
	20
	L
	0
	2

	S2
	T1
	20
	L
	1
	7

	S2
	T1
	20
	L
	2
	13

	S3
	T1
	20
	L
	0
	1

	S3
	T1
	20
	L
	1
	1

	S3
	T1
	20
	L
	2
	20

	S2
	T1
	20
	R
	0
	2

	S2
	T1
	20
	R
	1
	3

	S2
	T1
	20
	R
	2
	17

	S3
	T1
	20
	R
	0
	1

	S3
	T1
	20
	R
	1
	4

	S3
	T1
	20
	R
	2
	17

	S2
	T1
	30
	L
	0
	3

	S2
	T1
	30
	L
	1
	3

	S2
	T1
	30
	L
	2
	17

	S3
	T1
	30
	L
	0
	1

	S3
	T1
	30
	L
	1
	6

	S3
	T1
	30
	L
	2
	16

	S2
	T1
	30
	R
	0
	2

	S2
	T1
	30
	R
	1
	8

	S2
	T1
	30
	R
	2
	13

	S3
	T1
	30
	R
	0
	2

	S3
	T1
	30
	R
	1
	7

	S3
	T1
	30
	R
	2
	14

	S2
	T2
	20
	L
	0
	4

	S2
	T2
	20
	L
	1
	18

	S3
	T2
	20
	L
	0
	4

	S3
	T2
	20
	L
	1
	18

	S2
	T2
	20
	R
	0
	4

	S2
	T2
	20
	R
	1
	18

	S3
	T2
	20
	R
	0
	2

	S3
	T2
	20
	R
	1
	20

	S2
	T2
	30
	L
	0
	1

	S2
	T2
	30
	L
	1
	22

	S3
	T2
	30
	L
	0
	2

	S3
	T2
	30
	L
	1
	21

	S2
	T2
	30
	R
	0
	4

	S2
	T2
	30
	R
	1
	19

	S3
	T2
	30
	R
	0
	6

	S3
	T2
	30
	R
	1
	17


8. Combine S2 and S3 with equal session weight
For the main analysis, both S2 and S3 are required so that the combined descriptor represents the two Y-enabled sessions symmetrically.
dyad_S2S3_Y <- dyad_session_Y %>%
  select(Binome, Session, Task, Bias, Instruction, D_Y) %>%
  pivot_wider(
    names_from = Session,
    values_from = D_Y
  ) %>%
  mutate(
    D_Y_S2S3 = ifelse(
      is.finite(S2) & is.finite(S3),
      (S2 + S3) / 2,
      NA_real_
    )
  ) %>%
  select(Binome, Task, Bias, Instruction, D_Y_S2S3)

knitr::kable(
  dyad_S2S3_Y %>%
    group_by(Task, Bias, Instruction) %>%
    summarise(
      total_dyads = n(),
      usable_both_sessions = sum(is.finite(D_Y_S2S3)),
      .groups = "drop"
    ),
  caption = "Dyads contributing to the combined S2/S3 relative-Y descriptor"
)
Dyads contributing to the combined S2/S3 relative-Y descriptor
	Task
	Bias
	Instruction
	total_dyads
	usable_both_sessions

	T1
	20
	L
	22
	20

	T1
	20
	R
	22
	20

	T1
	30
	L
	23
	20

	T1
	30
	R
	23
	19

	T2
	20
	L
	22
	16

	T2
	20
	R
	22
	17

	T2
	30
	L
	23
	20

	T2
	30
	R
	23
	15


9. Descriptive figure: weighted mean Y-position of A and B
This figure reproduces the visual logic of the original 20° and 30° Rmd files, but combines both bias conditions in a single plot.
The plotted values are descriptive pooled weighted means and are not used for inferential tests.
descriptive_Y <- data_Y %>%
  group_by(Session, Task, Bias, Instruction, Subject) %>%
  summarise(
    Mean_DisY = w_mean(DisY, PYpi),
    .groups = "drop"
  )
Figure9 <- ggplot(
  descriptive_Y,
  aes(
    x = Instruction,
    y = Mean_DisY,
    group = Subject,
    colour = Subject
  )
) +
  geom_hline(
    yintercept = 0,
    linetype = "dashed",
    linewidth = 0.35
  ) +
  geom_point(size = 2.6) +
  geom_line(
    linewidth = 0.8,
    arrow = grid::arrow(length = grid::unit(0.16, "cm"))
  ) +
  facet_grid(
    rows = vars(Session, Task),
    cols = vars(Bias),
    labeller = label_both
  ) +
  labs(
    title = "Directional trend of DisY for participants A and B",
    x = "Instruction",
    y = "Weighted mean DisY",
    colour = "Subject"
  ) +
  theme_bw(base_size = 12) +
  theme(
    plot.title = element_text(hjust = 0.5, size = 13),
    strip.text = element_text(size = 9.5),
    axis.text = element_text(size = 10),
    axis.title = element_text(size = 11),
    panel.grid.minor = element_blank(),
    legend.position = "right"
  )

# Display in the knitted document
Figure9
[image: Study2d_Relative-Y-displacement_files/figure-docx/descriptive-figure-1.png]
# Save Figure 9 as a separate vector EPS file for journal submission
save_eps(
  Figure9,
  "Figure9_Vertical_positions_A_B.eps",
  width = 10,
  height = 6.5
)
10. Supplementary checks: D_Y relative to zero for L and R
These tests examine the two directional predictions separately:
· L: 
· R: 
They are supplementary because the main instruction effect is tested more directly by the R−L contrast in Section 11.
direction_results <- dyad_S2S3_Y %>%
  filter(is.finite(D_Y_S2S3)) %>%
  group_by(Task, Bias, Instruction) %>%
  group_modify(~{
    instruction_value <- as.character(.y$Instruction[[1]])
    x <- .x$D_Y_S2S3

    alt <- if (instruction_value == "R") "greater" else "less"
    direction <- if (instruction_value == "R") "positive" else "negative"

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

    tibble(
      N_dyads = length(x),
      mean_DY = mean(x),
      median_DY = median(x),
      W = unname(wt$statistic),
      p_value = wt$p.value,
      r_rb = rank_biserial_one_sample(
        x,
        predicted_direction = direction
      )
    )
  }) %>%
  ungroup() %>%
  mutate(
    Prediction = ifelse(
      Instruction == "R",
      "A - B > 0",
      "A - B < 0"
    ),
    p_fmt = format_p(p_value)
  )

knitr::kable(
  direction_results,
  digits = 4,
  caption = "Supplementary directional tests of the A−B relative Y-position"
)
Supplementary directional tests of the A−B relative Y-position
	Task
	Bias
	Instruction
	N_dyads
	mean_DY
	median_DY
	W
	p_value
	r_rb
	Prediction
	p_fmt

	T1
	20
	L
	20
	-14.5512
	-19.4502
	52
	0.0239
	0.5048
	A - B < 0
	0.0239

	T1
	20
	R
	20
	14.7790
	14.8275
	146
	0.0629
	0.3905
	A - B > 0
	0.0629

	T1
	30
	L
	20
	-23.4562
	-21.5977
	47
	0.0152
	0.5524
	A - B < 0
	0.0152

	T1
	30
	R
	19
	-8.6575
	-3.3330
	68
	0.8614
	-0.2842
	A - B > 0
	0.8614

	T2
	20
	L
	16
	-17.4324
	-20.9790
	41
	0.0813
	0.3971
	A - B < 0
	0.0813

	T2
	20
	R
	17
	17.2975
	-0.4367
	103
	0.1048
	0.3464
	A - B > 0
	0.1048

	T2
	30
	L
	20
	-21.7026
	-13.7696
	53
	0.0261
	0.4952
	A - B < 0
	0.0261

	T2
	30
	R
	15
	2.0019
	-1.2291
	63
	0.4324
	0.0500
	A - B > 0
	0.4324


11. Primary task-specific contrast: effect of instruction on A−B
For each dyad × Task × Bias, the main contrast is:

The a priori prediction is positive.
DY_RL_wide <- dyad_S2S3_Y %>%
  select(Binome, Task, Bias, Instruction, D_Y_S2S3) %>%
  pivot_wider(
    names_from = Instruction,
    values_from = D_Y_S2S3
  ) %>%
  mutate(
    delta_R_minus_L = R - L
  )

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

    x <- d$delta_R_minus_L

    if (length(x) == 0) {
      return(tibble(
        N_pairs = 0,
        mean_L = NA_real_,
        mean_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(
        x,
        mu = 0,
        alternative = "greater",
        exact = FALSE,
        correct = FALSE
      )
    )

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

knitr::kable(
  task_contrast_results,
  digits = 4,
  caption = "Primary task-specific paired directional contrasts of relative Y displacement"
)
Primary task-specific paired directional contrasts of relative Y displacement
	Task
	Bias
	N_pairs
	mean_L
	mean_R
	mean_difference_R_minus_L
	median_difference_R_minus_L
	W
	p_value
	r_rb
	Prediction
	p_fmt

	T1
	20
	19
	-16.8157
	13.5627
	30.3785
	21.3383
	145
	0.0221
	0.5263
	(A-B)_R - (A-B)_L > 0
	0.0221

	T1
	30
	17
	-20.1075
	-13.4628
	6.6447
	8.1307
	87
	0.3096
	0.1373
	(A-B)_R - (A-B)_L > 0
	0.3096

	T2
	20
	14
	-19.0164
	26.5960
	45.6124
	35.8352
	79
	0.0481
	0.5048
	(A-B)_R - (A-B)_L > 0
	0.0481

	T2
	30
	14
	-30.8148
	3.5265
	34.3413
	22.3354
	87
	0.0152
	0.6571
	(A-B)_R - (A-B)_L > 0
	0.0152


12. Synthetic T1/T2 contrast
Because the theoretical prediction is common to T1 and T2, an additional synthetic contrast averages the task-specific R−L effects with equal weight:

A dyad contributes only if both T1 and T2 contrasts are available.
This synthetic contrast may be useful for a concise main-text result, but the Task-specific results remain available in the Supplementary Material.
DY_synthetic <- DY_RL_wide %>%
  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_
    )
  )

synthetic_results <- DY_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 = "mean(T1,T2) of [(A-B)_R - (A-B)_L] > 0",
    p_fmt = format_p(p_value)
  )

knitr::kable(
  synthetic_results,
  digits = 4,
  caption = "Synthetic T1/T2 contrast of the instruction effect on relative Y displacement"
)
Synthetic T1/T2 contrast of the instruction effect on relative Y displacement
	Bias
	N_dyads
	mean_delta_T1
	mean_delta_T2
	mean_delta_combined
	median_delta_combined
	W
	p_value
	r_rb
	Prediction
	p_fmt

	20
	14
	38.1100
	45.6124
	41.8612
	33.1035
	80
	0.0421
	0.5238
	mean(T1,T2) of [(A-B)_R - (A-B)_L] > 0
	0.0421

	30
	12
	20.7423
	20.3535
	20.5479
	18.8091
	65
	0.0207
	0.6667
	mean(T1,T2) of [(A-B)_R - (A-B)_L] > 0
	0.0207


Because the synthetic analysis requires valid Right-minus-Left contrasts for both T1 and T2, its sample size is smaller than that of some task-specific analyses. The resulting complete-case samples are 14 dyads at 20° and 12 dyads at 30°.
13. Paired visualization of the task-specific R−L effect
DY_RL_long <- DY_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 = "D_Y"
  ) %>%
  mutate(
    Instruction = factor(Instruction, levels = c("L", "R"))
  )

ggplot(
  DY_RL_long,
  aes(
    x = Instruction,
    y = D_Y,
    group = Binome
  )
) +
  geom_hline(
    yintercept = 0,
    linetype = "dashed",
    linewidth = 0.35
  ) +
  geom_line(alpha = 0.30, linewidth = 0.4) +
  geom_point(alpha = 0.75, size = 1.7) +
  facet_grid(
    rows = vars(Task),
    cols = vars(Bias),
    labeller = label_both
  ) +
  labs(
    title = "Dyad-level relative Y-position under Left and Right instructions",
    x = "Instruction",
    y = "A − B weighted mean DisY"
  ) +
  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: Study2d_Relative-Y-displacement_files/figure-docx/contrast-figure-1.png]
14. Reporting notes
The former 20° and 30° analyses expanded the data with uncount(PYpi) before inferential testing. Those tests are not retained here because expanded presence counts are not independent experimental replications.
In the corrected analysis, PYpi is used only to estimate each participant’s weighted mean Y-position within a trial. The dyad is the inferential unit. A trial-level relative Y-position is defined as  and requires valid descriptors for both participants.
Repeated valid T1 trials are averaged with equal weight within each dyad × session × condition. S2 and S3 are then combined with equal session weight, with both sessions required for the inferential descriptor.
The direct instruction effect is tested by the within-dyad contrast

with the a priori prediction . Task-specific T1 and T2 contrasts are reported separately. A synthetic contrast averaging the T1 and T2 effects with equal task weight is also reported as a concise summary of the common directional prediction.
Trials with sum(PYpi)=0 for either A or B cannot define an A−B relative Y-position and are treated as missing rather than as zero displacement. Consequently, the synthetic complete-case analysis includes 14 dyads at 20° and 12 dyads at 30°.
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