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1 Model fitting

1.1 Derivation of the posterior for the Bayesian ideal observer

Here we show the derivation of the posterior distribution presented in the main paper. Note that for
the sake of space, we are using p = peoud for the mean of the dot-sampling distribution, 7 = Teoud

the precision of this distribution, and 7. = T¢pmp the combined precision.

Prior: The prior for the mean and precision of the dot-generation distribution can be defined as the

following normal-Gamma distribution:

p(u, 7) = NG (1, 7| ko, Ko, o, Bo)
= N (ulpo, (o) ")G (7|0, Bo)

(u— W) < 790 exp(—7 ). (s1)
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x 73 exp (
The parameters pg and kg relate to the normal component, and ag and Sy to the Gamma component.

Likelihood: The observer must consider two sources of uncertainty when choosing a likelihood
function, the noisy draws of N dots from the dot-generation distribution and the measurement noise
applied to each dot, aflot (precision: T4ot). These two noise sources are additive, resulting in the

combined precision per dot of
1 1

2 2 T 3 —1-
9 cloud + O dot T + Tdot

(52)

Te =

The observer must consider the information provided by all dot locations X (that are the horizontal
component of physical dot locations D corrupted by measurement noise), resulting in the following
likelihood function:

p(X“’L?T) Tdot) == p(xl‘lu’a Tc)
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where 7, is defined in Eq. S2 and we assume the observer has accurate knowledge of aczlot. Note that we

have dropped the constant terms from the equation for simplicity as they can be applied by re-scaling
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the posterior.

Posterior: As we have used a conjugate prior, the posterior is also a normal gamma of the form

NG (1, T\ fips Eps O, Bp, Taot)- However, to see this clearly, we decompose the posterior into three parts

(A, B, and C).

p(p, 7| X, Tagor) o prior x likelihood

_ N _
o exp (5 o) ) e e (5 3 s ?)

x Ax B xC. (S4)

Part A is the non-exponent term of the normal component,

[ I

A=r2. (S5)

Part B is the non-exponentiated term of the Gamma component, which can be rearranged as follows

N
B = %7172

()
T(;)%T +1

—N
= 7002 exp (2 l0g (7o T + 1))- (S6)

N
2

The non-exponent part of B will be the non-exponent term of the Gamma component, and the

remainder will be placed in Part C:

T, M0)2> exp(—7 o) exp <_2T i(mi — u)2>- (S7)

i=1

C:exp(

Thus, Part B becomes

B/ — Ta0+N/2—1 — Tap_l, (88)

with

ap = ag + N/2, (S9)
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and Part C, which now aggregates all the exponent terms, is

N
C' = exp <_ZOT(M - M0)2> exp(—7fo) exp <_2TC Z(ﬂﬁz‘ - M)2> exp (_2N 108 (7o T + 1))

i=1

N
1 N _
—exp (= g [rore - ) + 73— | = o~ toa(rdr 4 1)
=1

1 N
= exp ( — §D — 789 — 5 log(TC;%T + 1)), (S10)

which will contribute to both the normal and the Gamma components. Part D of this equation can

be simplified, by extracting Part E as follows

N
D = ko — o) + 7 3 (@i — 1)’

=1

N
= kT (1 — MO)Q + N71e(p — E)Q + T Z(ﬂ% - 5)2
N =1
=E+7) (zi— 1) (S11)
i=1
given that
N N
@i - = Yl — -z + o)
=1 zgl N N
=3 @+ D -2 2 (i ) )
i=1 i=1 i=1
N
= N(@ -+ Y (i~ 27, (512
i=1
and
N N
> (o~ - 7) = (- @(Zm - Nf) — (j—7)(Nz - N3) = 0. (13)



Afterwards, completing the square! and rearranging, we get

E = kot(pt — p10)* + N7o(p1 — 7)?

= koT(p? — 2upo + pd) + N7o(p® — 2uz + 7°)

= uz(HOT + N7.) = 2u(koTpo + N7T) + noTug + Nt.z°

(K‘OT,MO + NTc-f)2
KoT + N7e
koTpd (ko + N7o) + N7.22 (ko™ + N7e) — (koTho + N7.7)*

= (koT + N7c) (1 — ,up)Q + H()TM% + N1.2% —

= (o7 + N7e) (1 — p1p)* +

koT + N7
RONTT(Z — MO)Q
KkoT + N7,

)

= (Ko + N7e) (1 — pp)* +

where

_ KoTpo + N7eZ

Hp = KkoT + N7,
Thus, Part D can be written as
N
_ 2 KONTTC(f - MO)2 N
D = (koT + N7e) (1 — pp)” + ko7 + N7 +7'CZ(5E@ - )7,

i=1
and we can now express Part C’ in terms of two components, C; and Cs,

N
C' = exp < — =D — 718y — 5} log(TCET + 1))

= exp ( - %(mm + N7)(p — up)2> x

!Completing the square: az? + bz + ¢ = a(x + d)? + e, where d = b/2a and ¢ = ¢ — b?/4a.

(S14)

(S15)

(S16)

(S17)
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which contribute to the normal component and the Gamma component respectively. To see this, we

must arrange Part C as follows

where

Similarly, for Part Cs,

koNTT(T — po)? al
o _ _ 0 c 0 _ e a2
Cy = exp < on ror + N7.) 5 Eﬁ (x; — )

N
koNTT(Z — wo)?> 7. B N _1
= exp ( ~r [ﬁo P o) 4 og(ri 4 1)

27 (ko + NT1¢) 21 &

27 KkoT + N7,
= exp(—70,),
where
N [ koT7e(T — po)? 9 1
Bp = Po+ > (KO:' TN + 7.5° + log(1,,, 7+ 1) ),

and s? is the sample variance
1
oy 2l

To see how this is a normal-Gamma we reassemble

p(p, 7| X, Taot) < ACy x B'Cy

1
xXT2e€
T xp< 5

x Ng(,uv T|MP7 Kp, Gp, ﬁp)

N
5 log(TaET + 1))

27 (- Mp)2> x 797l exp(—7,)

(S18)

(S19)

(S20)

(S21)

(S22)

(S23)

Validation: We can check this derivation against the simpler case of p(u,7|D), which has been

documented previously in the literature [1]. The important distinction between these derivations is
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that there is no additive noise per dot in the likelihood for p(u, 7| D), with the consequence that 7. = 7.

In this case, the parameters of the posterior simplify as follows:

B KoT o + N7.2 . Koo + NZT

Hp koT + N7.  ko+ N (524)
Kp = M = ko + N, (S25)
ap = ap + N/2, (526)
and
By = Bo + g (W + o8 + log(Ty 7 + 1)>
= fo+ ’%2]2[15: J: Jl\if(;)2 N;2 (827)

These parameter equations match those reported in the derivation of p(u, 7|D) in [1].

1.2 Selecting the prior distribution parameters

We adjusted the parameters of the normal-Gamma prior (ug, ko, a9, and 5y) to the true stimulus
statistics of the dots mean p and precision 7 in the experiment. The possible centre locations of the
dots were -4, -2, -1, 0, 1, 2, or 4 deg, and the possible standard deviations of the dots spreads were
1.5, 2, or 2.5 deg. Therefore, the statistics of the mean and precision were E[u] = 0, Var[u] = 7,
E[r] = 0.2848, and Var[r] = 0.0211.

We matched the marginal distributions of the mean and precision variables to these statistics. The
marginal distribution of the precision 7 variable is the Gamma distribution with parameters («yg, 5o)-

The mean and variance of this distribution are

B[r] = % (S28)
Var|r] = gé’. (S29)

The marginal distribution of the mean p variable is the non-standardized Student’s t-distribution

with parameters (vo, po, 08) = (200, 10, B0/ (ko). The mean and variance of this distribution are

E[u] = po, (S30)
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odvy _ Bo 200 Bo
v—2 Koao200—2 Kolag—1)

Var[u] = (S31)

The match of these marginal statistics results in the following prior distribution parameters

po = E[u] =0, (532)
_ E[r] _
0 = V(B2 = Varl]) — 0% (S33)
ap = \];?i:[]j] = 3.84, (S34)
and
By = VEET[]T] — 13.48. (S35)

1.3 Computing the standard deviation of the marginal posterior distribution for

the Scaled-Distance models

The Scaled-Distance models normalised the distance-From-Criterion (DFC) of the posterior mode, /i,
by the standard deviation of the marginal posterior distribution, &, for each interval. We calculated the
scaled DFC in the model fitting procedure using an inverse cumulative normal function approximation.

i — k1
o

DFCscaled = | + 6’ ~ ‘(I)inv(p<c = R‘X, kl)) + 6" (836)

Note the additive confidence noise, € ~ N (0,02 ;).

1.4 Model-fitting procedure

Type 1 models. Type 1 models were fit first, with o4, k1, and A\ as free parameters. Models
were fit on a per-participant basis with custom MATLAB scripts that calculated the likelihood of the
model for specific parameter combinations in a dense grid of parameter values (og: 0.1 to 2 deg in
50 log-spaced steps; k1: -1 to 1 deg in 20 steps; A: 0.01 to 0.1 in 9 steps). Choice probabilities for each
parameter combination were estimated by simulation. For each trial, 1000 observations were simulated,
with choice probabilities estimated by computing the proportion of rightward choices made by the
simulated observer. This involved constructing the prior, likelihood, and posterior distributions shown
in Figure 6A of the main paper (grid resolution: u: -10 to 10 in 200 steps; 7: 0.01 to 1.00 in 100 steps).
After marginalising the posterior distribution across the 7 dimension, the choice probabilities could

be calculated using k1 and A. Because this was a computationally expensive simulation, the simulated

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

v

78



noisy observations and construction of the prior, likelihood, and posterior grids was done only once
per level of o4, (for each trial and for each participant). Thus differences in choice probabilities from
k1 and X\ were calculated using the same 1000 noisy simulations of the trial. Not taking this approach
would have increased the time to fit a single Type 1 model for an observer from hours to days or
weeks. Choice probabilities were then put into a Bernoulli model of binary choice behaviour with
the participant’s actual responses to calculate the likelihood of that specific parameter combination.
Finally, the best-fitting parameters were extracted from the 3D parameter grid by finding combination
that gave the largest the maximum likelihood value. Averages of the best-fitting parameter values are

given in Table A.

Type 2 models. The Type 2 models were fit using the same simulation-based approach combined
with Bayesian Adaptive Direct Search (BADS)[2] to find the best-fitting combination of parameters.
The number of parameters in the Type 2 model fits depended on the model. The Ideal-Confidence-
Observer model had no free parameters, the Heuristic model had 4 free parameters (51, 52, Gconf,
k2), and the remaining models had two free parameters (v or oconf, k2). The Type 1 parameters were
fixed at their best-fitting values on a per-participant basis and the Type 1 model was matched to the
Type 2 model in terms of whether the flat- or centred-prior variant was used because the location of
a biased ki can differ between the variants.

The first step in Type 2 model fits was simulating the observer. For each participant, we simulated
3000 noisy observations of each trial, and computed the marginalised posterior distribution using the
same -7 grid spacing as in the Type 1 model-fitting procedure. For each simulation, we computed
p(C = R|X, k1) of Eq. 12 as well as the mode of the posterior distribution according to the prior
variants of the Type 1 models. Each simulation was then coded as favouring a leftward or rightward
Type 1 response. We sampled with replacement from the simulations that matched the Type 1
response given by the participant to ensure the simulated observer matched the actual observer in
Type 1 choice behaviour. If all simulations were choice-consistent for a given trial we did not perform
this sampling step. If no samples were choice-consistent, the trial was flagged as a likely lapse for later
processing. Due to the mostly low difficulty of the task, the majority of samples usually favoured the
same response and it was rare for the sampling to be drawn from a small number of simulations. This
simulation procedure was performed only once per trial and observer and used for the fitting of all
Type 2 models.

In the second step, we fit each of the Type 2 models with the set of choice-consistent simulations
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using BADS. We considered the relative evidence for the Type 1 response given by the observer in each
interval, according to the Type 2 model. Likely lapses were given the lowest confidence value possible
with a tiny amount of jitter so the confidence report for comparing two lapses is entirely random.
Thus, we were able to compute the choice probabilities for selecting “Interval 1”7 and “Interval 2” from
the simulated observer. These were compared with the actual confidence forced-choice report of the
participant in a Bernoulli model of binary choice behaviour. As choice probabilities were computed by
simulation, we used the “uncertainty handling” option in the BADS package and drew 100 final samples
to compute the estimate of the negative log-likelihood value of the model for the model comparison.
The lower bound, upper bound, plausible lower bound, plausible upper bound, and starting location
settings for each model can be found in the fitType2.m file available at https://osf.io/k2nhq/.

Averages of the best-fitting parameter values per Type 2 model are given in Table A.

Table A: Summary of best-fitting parameters per model. Type 1 model fits were near identical,
so parameter values were averaged across the four models for each observer before computing the
parameter averages across observers. Type 2 models are detailed individually. Where relevant, the
parameters from fits of the flat- and centred-prior variants are both reported.

Model Parameter Mean+SEM
All Type 1 (averaged) Odot 0.97° £ 0.04°
k1 0.01° £ 0.03°
A 0.02+0.002
Ideal Confidence Observer none none
Basic Probability Veonf 6.30+1.24; 4.91+0.90
ko 0.001+£0.001; 0.001£0.001
Probability Difference Oconf 0.1940.03; 0.21+0.03
ko 0.02+0.01; 0.024+0.01
Log Probability Ratio Tconf 2.29+0.29; 2.154+0.28
ko 0.11+£0.16; 0.094+0.14
Unscaled Distance Oconf 2.08° +0.18°; 1.42° £ 0.12°
ko 0.04° £+ 0.11°; 0.03° 4 0.08°
Scaled Distance Oconf 0.984+0.11 sd; 0.94+0.11 sd
ko 0.05%0.07 sd; 0.04£0.06 sd
Heuristic Oconf 1.1240.17
ko 0.13+0.08
B1 (quantity) 0.68+0.10
B2 (quality) 0.38+0.09
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Figure A: Parameter recovery results for .o, s (blue) and ko (red). Model and prior variant indicated
by title. Data points are the mean values and error bars are +£1 SD calculated from the fits of the 10
simulated data sets per observer per model.
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1.5 Parameter recovery

To confirm that the model-fitting procedure was behaving correctly, we assessed whether refit models
in the model-recovery analysis recovered the simulated parameters. Figure A shows that the confidence
noise and bias terms were recovered well in almost all instances. The exception was the confidence-noise
parameter for the Basic-Probability model, where the magnitude of the noise was often overestimated.
We investigated this further and found that the Beta noise distribution was little changed for different
confidence noise values for extreme probability values (i.e., close to 0 or 1). Thus, the design of the

experiment likely affected the ability to fit this model.

2 Additional results

2.1 Preliminary logistic analysis to confirm that quantity and quality manipula-

tions affected confidence

We examined whether the evidence quantity and quality manipulations affected confidence judge-
ments. Observers could have ignored the sensory-uncertainty manipulations, and simply reported
whichever interval had the more extreme leftward or rightward stimulus as more confident (the Basic
model). Alternatively, the observer may modulate their confidence by information quantity and/or
quality: increasing confidence if there were 5 dots or smaller spread, and decreasing it for 2 dots or
larger spread. We considered these four possibilities (Basic, only quantity, only quality, and both)
in a nested model comparison. It is reasonable to suspect that the observer inferred the mean and
spread from the displayed dots, so we repeated the analysis for both the true mean and spread of the
generating distribution and the empirical mean and spread values according to the dots displayed. If
decision correctness is examined, observer reports better match the empirical mean of the dots (i.e.,
the centroid) as opposed to the mean of generating distribution (Figure B(A)).

All models for the preliminary analysis were a logistic function of the probability of choosing

Interval 2 as more confident,

p(choose I3) = A+ (1 — 2X)Logit(0), (S37)

with the predicted probabilities scaled according to the lapse rate, A (0.01 < A < 0.15). Here lapse
rate is the rate of unintentionally giving the opposite decision than desired. The Full model had three

predictors related to the distance of the stimuli from the screen centre, the number of dots, and the
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dot spreads in each interval:

1
Oruanl = Bo + B1A|p] + B2ANgots + B3A : (S38)

Ocloud

The constant term, (g, is the confidence bias for choosing Interval 2 and was included in all models.
The relative distance of the stimuli was parameterised as the relative absolute distance of the dot
centroids from the screen centre, A|u|, and was also included in all models. The relative number of
dots, ANgots, and the inverse of the spreads, Al/ocjouq, Were optional predictors in the nested models.
The Basic model did not consider the evidence quantity or quality manipulations when computing

confidence,

eBasic = ﬁO + 51A|M| (839)

Compared to the Basic model, the + Quantity model that included the dot-number predictor (/32) and
the + Quality model that included the dot-spread predictor (f3) provided a better fit to the data, with
the +Quantity model fitting better than the +Quality model (Figure B(B)). This was true both if
the generating distribution spread was used or if the empirical spread was used (i.e., based on the
displayed dots). The empirical version did fit slightly better overall.

The models were fit with custom MATLAB scripts that calculated the maximum-likelihood esti-
mates of the parameters using gradient decent. Corrected Akaike information criterion (AICc) scores

[3, 4] were computed for model comparison from the log-likelihood values. AICc scores explicitly

A B
1- o 400 -
N [ Kaist bq% O oaqist
+0.95 —— O Hemp i O Temp
O] —
o —— = 300 A
5 e w
O 09 2
_5 .GZ) 200 A
5 085~ & =
g 2 -
S 100 - ¢
o 0.8 S g
< M
0.75 | < 0 T T T
All Chosen Declined Basic Only-Quantity Only-Quality Full
Trials Model

Figure B: Preliminary results. A) Type 1 judgements. Task performance when decision correctness is
scored against the true mean of the generating distribution (pink) versus the empirical mean of the
dot cloud (purple). B) Type 2 Logistic regression results. Model fit is compared against the winning
model: the Full model with empirical spread. Grey: models without the quality predictor. Pink:
models with a quality predictor based on the true generating distribution spread. Purple: quality
predictor based on the empirical spread. All error bars: =SEM.
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penalise the number of parameters in a model and correct for sample size.

We also repeated this nested analysis using a restricted dataset of only trial pairs where both
Type 1 judgements were correct. The purpose of this analysis was to reduce the probability that
lapse discrimination responses were included, because the logistic regression did not consider Type 1

performance in the confidence report. The pattern of model fits, however, did not change.

2.2 Qualitative comparison of the models

To qualitatively evaluate the models, we used the simulations from the model and parameter recovery
analyses. Figure C shows the confidence choice probabilities as a function of the three stimulus
manipulations (number of dots, dot-cloud SD and distance of the dot cloud from the centre). There
are three notable differences between the models from this perspective. First, the Unscaled-Distance
model is largely insensitive to the quality and quantity manipulations of the sensory uncertainty as
it simply measures the distance between the peak of the posterior and the centrally-located decision
criterion (there will be no effect in the flat-prior variant, as depicted, and a small effect in the centred-
prior variant, which is not shown). As such, the pattern of confidence choice-probabilities is symmetric
around the vertical midline, with nearly equal confidence probabilities for the columns of different
binned inverse dot-spreads and the same or different dot-number panels. The second observation is
that the Ideal model has a greater colour saturation because the lack of confidence noise leads to more
extreme confidence choice-probability values. The probabilities near the gold confidence-indifference
contours are closer to chance levels due to the presence of Type 1 noise only. Lastly, the Heuristic model
is better able to capture the bias in confidence for comparisons of dot-clouds that differ in the number
of dots (right panel). This is due to this model’s flexibility to capture the extreme over-weighting of
the quantity of dots prevalent in the sub-group of observers best fit by the Heuristic model. All the
other models, except the flat-prior variant of the Unscaled-Distance model, are constrained by the

actual sensory uncertainty present in the stimulus.
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Figure C: Qualitative comparison of the models. A) A replication of Figure 3B-C. Raw confidence
choices, sorted by stimulus properties across the two intervals of a confidence pair. The colour code
represents the proportion of “Interval 2” as more confident choices averaged across observers. Confi-
dence choices are plotted as a function of the difference in distance from centre across intervals and
difference in inverse dot spread. The distance from centre and dot spread were calculated using the
empirical mean and SD of the dots displayed, and binned in the range +3° for plotting. Gold line: the
confidence-indifference contour, where the observer is equally likely to report Interval 1 or 2, calculated
from the Full model in the nested logistic regression analysis. B) The confidence choice data based
on the simulations of the three DFC Evidence-Strength models. There were 100 simulated datasets
per model per observer based on the observer’s best-fitting parameters for that model type. Where
relevant, only the flat-prior variants are shown due to a high similarity with the centred-prior variants.
C) The same as in B for the four Probability-metric models.
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2.3 Results of model variants 187

The base model assumed that the likelihood function was calculated from the horizontal locations of 1ss
the noisy dot measurements. In the centred-prior variant, the prior distribution was a normal-Gamma  1so
distribution matched to the stimulus statistics. These modelling choices were investigated by checking 190

whether the main experimental results were robust to changes in this general base model. 101
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Figure D: Type 2 model-comparison results when the form of the general base model was changed.
A) Models with a uniform prior on 7 instead of the normal-Gamma prior. We assume here that the
observer has perfect knowledge of the three levels of dot spread and implements a prior that gives
equal weight to each of the three corresponding 7 values. Bars: average relative AICc score. Markers:
Individual participant results. Colour: flat-prior (orange) or centred-prior (blue) variant. Heuristic
model has no prior. B) Models with the empirical spread computed from Euclidean distance instead
of horizontal distance. Both the horizontal and vertical position of the dot are used in the standard
deviation calculation. Error bars: £SEM.
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Uniform prior on the three precision levels. In this analysis, we changed the joint mean-
precision prior of the centred-prior to reflect that the observer had perfect knowledge of the three
levels of distribution spread used in the experiment. On an individual trial, the observer considered
the prior probability of the precision as uniform across these three levels. The prior probability of
the mean was matched to the stimulus statistics, N(0,7), for the centred-prior variant. The winning
model remained the Heuristic model, with the number best fit for this model unchanged (Figure D(A)).
However, the number of observers best-fit by the Probability-Difference model increased by 2, and the
number of observers best-fit with a posterior variant doubled from 3 to 6. Note that the flat-prior
variant results are unchanged in this analysis, so changes of the best-fitting model were a result of the

centred-prior variants fitting better or worse.

Empirical spread from Euclidean distance. Here we included the vertical spread of the dots.
The vertical position of the generating distribution mean was always the half-height of the screen.
Yet, the distance of the dots from this half-height reference also give an indication of the true spread
of the circular-symmetric Gaussian generating distribution. The Heuristic model remained the overall
winner of the model comparison (Figure D(B)). However, now the Scaled-Distance model has the
slightly more observers best fit compared to the Heuristic model. We do not consider this a significant

departure from the results reported in the main article.

2.4 Examining the Heuristic-model coefficients from the simulated datasets

To better understand the relationship between the best-fitting coefficients from the Heuristic model and
the best-fitting model for each observer (Figure E(A)), we examined the fits of the model simulations
from the model-recovery analysis. In particular, there appeared to be some clustering of coefficient
values based on the model type for the non-heuristic models. The model simulations, based on all
observers, confirmed this clustering (Figure E(B)). It also showed a large spread in the coefficients
for the Heuristic model simulations, consistent with the fits to the human data. A similar spread
was observed for the Ideal-Confidence-Observer model simulations (Figure E(C)), and a small spread
for the Basic-Probability models simulations. The simulated Unscaled-Distance model coefficients are
near 0, consistent with these models having little to no influence of information quantity or quality

on confidence, for the flat- and centred-prior variants respectively.
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Figure E: Comparing the Heuristic-model fit for the behaviour of observers against the Heuristic-model
fit for the model simulations. A) Replotting of observer fits from Figure 5D. Each datapoint is a single
observer, coloured according to the best-fitting model (note change in colour scheme). Prior variants
are flat (F') or centred (C). B) Same as in A for the simulations of the selected models. Each datapoint
is the fit from a single model simulation (10 simulations per observer; best-fitting parameters used).
C) The best-fitting Heuristic-model coefficients for each of the models.

2.5 Confidence agreement behaviour and model predictions

The confidence agreement behaviour of all observers, and their corresponding model predictions ac-
cording to their best-fitting parameters are shown in Figure F. The pattern of results reveals the

tendency of the observer to be more consistent than their best-fitting model would predict.
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Figure F: The 5-pass confidence agreement of all observers with the predicted confidence agreement
of each model. Model predictions were calculated from 100 simulated datasets using the participant-
specific best-fitting parameters. Error bars: +2 SD. For all observers, the Ideal-Confidence-Observer
model had the highest confidence agreement, then the Basic-Probability model, then the remaining
models. Red: confidence agreement of the observer. Green: predicted confidence agreement according
to the best-fitting model for that observer. Black: predictions of the other models. Note that different
observers had different maximum agreement counts depending on the number of repeated blocks
(Figure 1B).
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