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Section S1 presents the detailed proof for Lemma 1, 2, 4, Theorem 3, 6, 7 and 8.
Section S2 shows the results of simulation for competitive mediation under LSE-F,
LSE-Sobel and LAD-Z frameworks. Section S3 gives a brief review of the history of
the percentage contribution to total effect ¢, and adds our analysis.

S1 Technical Proofs
S1.1 Proof of Lemma 1

The invariance of F-test has been proved in Jiang et al. (2021) and we focus on the
invariance of Sobel test here. To simplify the problem, consider the following general
multivariate linear regression problem:

Y:BOXO+51X1+"‘+ﬂpo+5
with n observed data points {(X, Xs1,...,Xip, Y:)}. Define the vector of coeffi-

cients B8 = (Bo,b1,...,0p) , design matrix X = (Xo,X1,...,X,), where X, =
(X1j,...,Xn;), and response vector Y = (Y7,...,Y,)". Denote the 2-norm of a vector



as || - ||3. Then the least square estimator of 3 takes the form of
B=(X'X)"'X'Y,
and the covariance is
cov(B) = (X' X)L,

where s = ||Y — Yx||3/(n — p — 1), Yx represents projection of Y onto the space
spanned by X. As Sobel test is based on ﬁ and COV(B), it suffices to show that
for orthogonal matrix I' and constant 7, the LSE and estimated covariance of coef-
ficient of the regression problem with transformed data matrix (Xo, . ,Xp,f/) =
VI'(Xo, ..., Xp,Y) remain unchanged.

First, the invariance of LSE is easy to see as

B=(X'X)"'X'Y = (XTTX) ' XTTY = (X'X)"'X'Y = 8.
Moreover, since
1Y = Y13 = IWD(Y = Yx)Il5 = *|IY - Y5,
and
(X'X)™ = (" X'TTX)™" = (v"X'X)"",
we have
cov(B) = [¥ — Ygl3/(n—2) - (X'X)™ = (X' X)™" = cov(B).

Above all, the LSE and estimated covariance are invariant under orthogonal transfor-
mation. Hence, the invariance of LSE-Sobel test holds as well.

S1.2 Proof of Lemma 2
By definition, the test statistics in Sobel test is

ab T, T,

(aZVar(é) + EQVar(a)) VRV AT

where T? = a2 /Var(a) and T} = b2 /Var(b). Based on the transformed data matrix D,
we have

2 2
N ma 2 Y3 A m3 7 Yy
ST B (@) = . Var(b) =
‘T, ms ar(d) (n — 2)x3 ar(b) (n—3)m3



Hence, T, = v/n — 2-mgy/mg, Ty = v/n — 3 - y3/y4, and

S| = L 1 '
(/T2 + /T2 {1/[(n = 2)r?] + 1/[(n = 3)p]}1/2

As sample size n — 00, S follows standard normal distribution asymptotically. Hence,
the rejection region of a X b is

Raxs(a@) = {|S] > 242} = {(n _12)r2 + - _13)p2 < 221 }

/2

S1.3 Proof of Theorem 3

As the geometric plots of rejection regions have been shown in Jiang et al. (2021), we
only give the mathematical analysis here.

Let Rg(e | r) be the intersection of Rg(e) and the p-¢ plane P, for all § €
{a,b,d, c,a x b}. It is straightforward to see that Rg(a) = J, Rg(a | 7), and

Re(a) N Raxp(a) NRala) = U {Re(a | ) NRaxo(a | 1) NRa(a | )}
r>0
As implied by Lemma 2, Roxp(a|r) = {p > po(r)}, where

1 1 1
= —2)r? > 22 . 1
(n—2)2 + CEET G (n—2)r* > 255 (S1)

By Jiang et al. (2021), abd > 0 implies abé > 0 and Ra(a | 7) = {g > rp + pn.a(l +
r2)1/2}. Then for r? > zi/Q/(n — 2), the intersection of Ryxp(a | 1), Ra(a | r) and

Re(a|r) is

{p>po() o+ pua(l 4792 < g S mualp® + 1)}

Hence, it suffices to show that as n — oo,

P|De U {p > po(r), 70 + pra(l +12)Y2 < g <1 a(@® + 1)1/2} — 0, (S2)
r>ro(n)

where 7o(n) = 24/2/vVn — 2.
Since the probability density function of F-distribution with degrees of freedom
(1,n) satisfies

_I(n/2+1/2) 1 T\~ 1
fry () = NGYOID) 'W(H ) /2



as n — 00, we have A, _o(a) — x3(a), where x? () is the ath-quantile of x? distribu-

tion. Hence, \/)\n,g ) — \/Xl(a = 2o)2, e, V=21 0 =/ An2(@) = 2470 =
Vn —2-19(n). Therefore, {r:ro(n) <r <rypaot— 0. According to Jiang et al. (2021),

U {p >0:7p+ pnal(l +r2)1/2 < Tn.a(p® + 1)1/2} = 0.

T2Tna
Hence,

P|De U {p>po(r),rp+pn,a(1+r2)1/2<rn,a(p2+1)1/2}

r>rgo(n)

=p|pe | {p>po(7"),7’p+pn,a(l+r2)l/2 <rn,a(p2+1)1/2}

ro(n)<r<ry, o

— 0,
and the argument (S2) holds.

S1.4 Proof of Lemma 4

By Lemma 2,
~a m m —m ~ m
aid — M2ys( 32 - 2?/3)7 abe = Ma2Ys.
x5ms T5m3

Since z2 > 0 and mg > 0, conditions abd < 0 and abé > 0 imply that
mamayays < may3 and maysys > 0.

Hence, mamgyays > 0 and |msyz| < |mays|, which is equivalent to ¢ < rp as y4 > 0.

S1.5 Proof of Theorem 6

We show that there exists NV > 0 such that for any n > N, we can find some r, > 0
such that R (alrn) N Raxs(a|rn) NRa(alr,) # 0. When abé > 0, Raxp(a | 1) NRe(a |
r) N Ra(a | r) takes the form

{max {'f'p - pn,a(r2 + 1)1/270} < q < min{rn,a(p2 + 1)1/2,7"]7 +pn,a(rz + 1)1/2}717 > p(J(T)} )
and when abé < 0, the above intersection is

{0 < g <min{rna(P® + 1), —rp+ paa(r? + 1)} p > po(r )}



(a) (b)

Fig. S1 Geometry of Ro(a | ) N Rp(a | ) N Ry(e | 7) NRE(ex | ) in p-¢q plane with r > 7y, o for
competitive mediation when (a) @bé > 0 and (b) @bé < 0.

It is easy to see that R.(a|r) N Raxs(a|r) N Ra(alr) # O holds if po(r) < pn.o(r? +
1)1/2/r. As the definition of py(r) implies r > 2z,/2/v/n — 2, it suffices to show that

there exists N > 0 such that for any n > N, we can find some r,, > ZQ/Q/\/n — 2 such
that 12
Po(rn) < Pra(r2 +1)77/r,. (S3)
Let i = 222 ,/(n — 2), then Eq. (S1) implies p§(r,) = 222 ,/(n — 3). Since
VN =3 Pna — Za/2 and 7’721 — 0, there exists N > 0 s.t. for n > N, we have
VN =3 Dna > Zase/2 and r, < 1/3. Therefore, when n > N, we have
. /

\/n—3-pn7a(7“721+ 1)1/2/7"n 2 \/1O-ZQ/2/2 > \/iza/z = \/’ﬂ,—3~p0(7“n).

Above all, for n > N and r} = 227 ,/(n — 2), we have Re(alrn) N Raxs(alry) N
Ra(alr,) # 0, and thus, R.(a) N Raxs(a) N Rala) # 0.
S1.6 Proof of Theorem 7
Ra(a)NRy(a)NRy(a) NRe(a) # B can be equivalently expressed as R (o | 7) NRy(

a|
)N Ra(a | r) N Re(a | r) # O for some r > 1y o since Ro(a | ) = PN {r >
Tnat = 0 when r < 1, ,. By definition, Ry(a | ) = {p > pn,a}, and Re(a | 1) =
{(p>0,0<qg<rnap®+ 1)1/2}. When abé < 0,

Ra(o|r) = {p = 0,0 > =1p+ pualr® + D2},

and for abé > 0, Lemma 4 implies that

Rala | r) = {p >0,0<¢g< Tp—pn,a(TQ + 1)1/2} .



The geometry of R,(a | 7) N Ry(a | 7) N Rae | ¥) N Re(ar | ) is demonstrated
in Figure S1. When abé > 0, it suffices to show that r, o (p? + 1)/2 > max{0, rp —
Pr.a(r?+1)1/2} for some p > p, o, which always holds for p € (P a, Pn.o(r?+1)12/r).
When abé < 0, it suffices to show that Tn.a(p? +1)1/2 > 0 for some p > Dn,a» Which
always holds. We thereby conclude the proof of Theorem 7.

As shown in Figure S1, the intersection of Ruxs(), Ra(a) and R.(«) under a x
bx ¢ >0 is a subset of that under a x b x é < 0, which implies the total-effect test is
more likely to be erroneous for establishing competitive mediation when a X bxé<0.

S1.7 Proof of Theorem 8

We show that Re(|r) N Raxs(a|r) N Ra(alr) # 0 for some r when abd < 0. We only
consider the case where 7 > z,/5/v/n — 2 since Rqxp(a|r) = ) when this condition
doesn’t hold. The expression of R4(«|r) is the same as that under the LSE-F frame-
work. As Re(alr) = {p > 0,q < rpa(@® + 1)V} and Raxs(alr) = {p > po(r)}, the
observation that R.(a|r) N Raxp(a|r) N Ra(alr) # 0 is trivial.

S2 Simulations for Competitive Mediation

This section presents the results of Monte Carlo simulation for competitive mediation
under LSE-F', LSE-Sobel and LAD-Z frameworks.

To validate Theorem 7, we generate the simulated data from model (1) and (2) as
follows:

n ~ Unif({10,...,100}), (ir,iy,a,b,d) ~ Unif[—1,1]%,

X ~ N(0,1), o3 and 03 ~ Inv-Gamma(1, 1).

A total of 10,000 independent datasets of different sample sizes were simulated. For

each simulated dataset, the LSEs (a,b,¢,d) and their p-values (pg,Pp, Pe, Pg) under

the LSE-F' framework are calculated. If Theorem 7 holds, then when for any fixed
€ (0,1), we have {p. > a} N{abd < 0} # 0 if max(pa, Py, pa) < .

Figure S2 (a) checks the p-value condition when a = 0.1 by demonstrating each
simulated dataset with one point in a 2-dimensional space with max(p,, pp, pg) and
pe be the X and Y-axis, respectively. The solid circles stand for datasets satisfy-
ing max(pg,py,pa) < a and abd < 0, gray crossings represent data sets such that
max (P, Pb, Pd) > @ OT abd > 0, and the dark gray dashed line represents p. = «. Solid
circles above the line p. = a form an empirical version of set {p. > a}. We can see
that when max(pqa, pp,pd) < @ = 0.1, {p. > a} N {&l;ci < 0} is not empty. To check the
theoretical result for different values of «, the proportion of datasets satisfying p. > «
for 1000 evenly spaced values of a in (0.01,0.99) when max(pa, py, pa) < o and abd < 0
under LSE-F' framework is shown in Figure S2 (b). It implies that the total-effect test
will reject competitive mediation erroneously with quite large probability.

Similar analysis under LSE-Sobel framework and LAD-Z framework could be con-
ducted to test whether a similar result holds for other frameworks for establishing
competitive mediation. For LSE-Sobel framework, we calculated the LSEs (&,l;, ¢, cZ)
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Fig. S2 (a) Scatter plot of p-values with o = 0.1 under LSE-F framework: black solid circles
represent datasets with max(pa,pp,pq) < o and abd < 0, grey crossings represent datasets with
max(pa, Py, pa) > @ or dabd > 0, and the dark gray dashed line represents p. = a. (b) Proportion
of datasets satisfying p. > « for different o when max(pa,pp,pq) < a and abd < 0 under LSE-F
framework.
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Fig. S3 (a) Scatter plot of p-values with a = 0.1 under LSE-Sobel framework: black solid cir-
cles represent datasets with max(pgp,pq) < o and abd < 0, grey crossings represent datasets with
max(pgp,pq) > « or abd > 0, and the dark gray dashed line represents p. = a. (b) Proportion of
datasets satisfying p. > « for different @ when max(pqp,pq) < @ and abd < 0 under LSE-Sobel
framework.

for each simulated dataset using the same group of simulated datasets. p-values (p., pa)
of F-test as well as the p-value pg; of Sobel test for a x b are calculated. If a similar
result holds for LSE-Sobel framework, we could expect to see for any fixed a € (0, 1),
when max(pas, pa) < o, we have {p. > a}N{abd < 0} # 0, which is supported by the
results in Figure S3.

For LAD-Z framework, The LAD estimator a, lA), d, ¢ as well as their corresponding
p-values under Z-test are calculated. Similarly, If {p. > o} N {abd < 0} # 0 for any
fixed a € (0,1) when max(pqa, ps, Pa) < @, the same conclusion can be reached under
LAD-Z framework. Results are shown in Figure S4.
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Fig. S4 (a) Scatter plot of p-values with a = 0.1 under LAD-Z framework: black solid circles
represent datasets with max(pa,pp,pq) < o and abd < 0, grey crossings represent datasets with
max(pa, Py, pa) > a or ébd > 0, and the dark gray dashed line represents p. = . (b) Proportion
of datasets satisfying p. > « for different o« when max(pa,pp, pa) < o and abd < 0 under LAD-Z
framework.

S3 Percentage Contribution to Total Effect

To help dissect the product, discern the parts, and divine the process, PAPA calculates
percentage contribution to total effect (t,), the contribution of each elemental part,
i.e., the a, b, ab, d, or ¢ path, to the IV — DV total effect, ¢, as detailed in Table 2.
This section gives a brief review of the history of the ratio and adds our analysis.

S3.1 Proportion Mediated vs Percentage Contribution
S3.1.1 Proportion Mediated

Alwin and Hauser (1975) introduced the core concept of the ratio, which they named
the proportion of the total effect mediated by X and the proportion of the total effect
unmediated by X (p. 43). Sobel (1982) recommended it under the same label (p. 305).
MacKinnon and Dwyer (1993) recommended it after renaming it the percentage of the
total effect that is mediated (p.152). Ditlevsen et al. (2005) advocated it as mediation
proportion. Huang et al. (2004) applied it to logistic mediation model under the label
relative indirect effect (RIND). Freedman et al. (1992) and Freedman (2001) raised its
significance by renaming it validation ratio and using it to validate clinical treatment.

MacKinnon (1994) also used the ratio, referring to it as proportion mediated
(p-137), for prevention intervention research. Barreto and Ellemers (2005) applied the
ratio to study sexism and gender inequality. Ao et al. (2023) and Zhu et al. (2025)
were among the latest to further develop and apply the ratio, which they call percent
contribution (c,), to study the impact of social media or e-health use on health.

Two simulation studies (MacKinnon et al. 1995; Tofighi et al. 2009) found the ratio
unstable with small sample sizes, where “small” means 50, 100, 200, 500, 1,000 or
2,000, depending on effect sizes and other factors. Preacher and Kelley (2011) critiqued



this ratio among other effect size indices, before introducing a new index, mazimum
possible indirect effect (k?).

S3.2 Percentage Contribution ¢,

Alwin and Hauser (1975) intended the ratio ab/c for models without counteraction,
aka competition or suppression (Note 3, p. 43). In these directionally complementary
(di-plementary) models, indirect path (ab) or the direct-and-remainder path (d) does
not exceed the total effect (¢) in strength (|ab| < |¢| and |d| < |c|), therefore the ab/c
ratio stays within 0 ~ 100% (0 < ab/c < 1, and 0 < d/c < 1). The word “proportion”
is a proper descriptor for the ratio in di-plementary models.

However, one of the real-data examples we report is directionally competitive (di-
petitive), where |ab| > |c| and |d| > |c|, hence ab/c ratio ranges between —oo and co
excluding the range 0 ~ 1. That is, let ¢,; = ab/c, tp; < 0 or t,; > 1 for abd < 0. A pro-
portion does not go below 0% or above 100% according to the common understanding
of the English word “proportion” (Cambridge Dictionary 2025). “Proportion” is not
an accurate descriptor of ¢, in directionally competitive models.

In contrast, “percent” or “percentage” can exceed 100%, e.g., an increase of 200
percent means doubling (Cambridge Dictionary 2025). They can also be negative, e.g.,
a -50 percent means a reduction of half of the base amount. We therefore consider the
ratio as a percentage, as MacKinnon and Dwyer (1993) did, or as percent, as Ao et al.
(2023), and Zhu et al. (2025) did. The term “percentage” is chosen over “percent” as
the general descriptor of the concept, because “percentage” is more of a general term
while “percent” is expected to be preceded by a particular number, such as 50 percent
(JAMA Network Editors 2020).

Accordingly, we will refer to the ratio as Percentage contribution to total effect
and denote it as ¢, for general use, covering the contribution of both indirect and
direct-and-remainder paths, and possibly direct paths in more complex models. In
a one-mediator simple mediation model, we will use ¢,; to represent the percentage
contribution of the indirect path (Eq. (S4)) and ¢,q to represent that of the direct-
and-remainder path (Eq. (S5)).

where

tpq =percentage contribution to total effect by indirect effect,

t,; =percentage contribution to total effect by direct-and-remainder effect,
a =regression coefficient for the first leg of the mediated path,

b =regression coeflicient for the second leg of the mediated path,

d =regression coefficient for the direct-and-remainder path,

¢ =regression coeflicient for the total effect,

tp = tpi OF tp = lpq.



S3.3 Directional Typology of Models Involving Mediation
(MIM)

S3.3.1 P-based Typology and P&D-based Typology

The distinction between proportion mediated and percentage contribution suggests the
need to differentiate two types of models involving mediation (MIM), those with abd >
0, and those with abd < 0, regardless of p values or statistical acknowledgeability. It
further implies the need for a supplemental system of MIM typology.

Two systems of typology are available. Baron and Kenny (1986) devised a typology
of three types, i.e., complete (full) mediation, partial mediation, and no mediation.
which continues to be highly influential in many disciplines. It is a p-based typology. P
values, which indicate the level of statistical significance, serve as the partition lines
between types. Zhao et al. (2010) used two criteria, p values and the direction of effect
indicated by regression coefficient, to be the partition lines for a typology that includes
three types of mediation and two types of non-mediation. This is a pédirection-based,
or péd-based, typology.

Both systems rely on p values as partition lines. To fully understand the behavior of
percentage contribution (t,), aka proportion mediated, in models involving mediation,
we need another typology that uses the direction of effect as the only criteria of
demarcation.

S3.3.2 Directional Typology of Models Involving Mediation (MIM)

Table S1 shows a typology of models involving mediation (MIM). These types are
inclusive and mutually exclusive. This is a directional typology, or d-based typology, as
the direction of the regression coefficient is the only criterion for partitioning.

While seven types were included, five (Lines 3 ~ 7) are expected to be rare,
especially for large samples. That’s because each of the five types requires at least
one parameter, e.g., ab, d, or ¢, to be exactly zero, which rarely occurs. Data analysts
may expect to regularly encounter the other two types, directional complement (di-
plement) and directional competition (di-petition), as shown in Lines 1 and 2 of Table
S1.

Unlike the other two typologies, the directional typology is not designed to help
establish mediation. That is, the typology does not attempt to identify the models
of established mediation, although it does differentiate models of potential mediation
from classified non-mediation (Column H, Table S1). The d-based typology is to sup-
plement the p&d-based typology, to help better understand the parts, process, and
product of models that may involve mediation (MIM).

S3.4 Differential Functions of Percentage Contribution (t,)

S3.4.1 Two Functions of Statistical Indices: Comprehension and
Comparison

A statistical index has two general functions, which are to aid comprehension and to
aid comparison (Zhao et al. 2022, 2024; Zhao and Zhang 2014). To comprehend, one
needs to interpret a measured number against the unit of the measurement scale, e.g.,
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interpreting a ¢, score against unit 1, which represents the 0 — 100% percentage scale.
To compare, one needs to contrast one measured number against another measured
number on the same scale, e.g., contrasting two ¢, scores against each other. To be
useful, an index needs to regularly perform one or both of the two general functions.

S3.4.2 t, May Aid Comprehension & Comparison in
Complementary Models

Alwin and Hauser (1975) designed the proportion mediated for models in which direct
and indirect effects do not “counteract one another” (ab x d > 0, Note 3, p. 43),
regardless of p values. These are directionally complementary (di-plementary) models.
In these models, ¢, is a true proportional measure ranging between 0% and 100% (0 <
tp < 1). That means ¢, would be stable, therefore may informatively and consistently
perform both general functions.

In other words, in a di-plementary model, a ¢, index may be interpreted against
the 0 ~ 100% percentage/proportional scale, aiding comprehension to perform the
first function, and two or more ¢, indices may be contrasted against each other, aiding
comparison to perform the second function.

S3.4.3 t, May Aid Comparison in Competitive Models

Instability of ¢, occurs when direct and indirect effects counteract each other, regard-
less of p values. These are directionally competitive (di-petitive) models. In these
models ¢, indices are not proportional measures, as they range between positive and
negative infinities (—oo < ¢, < 00). That’s because “the total effect is less than
the sum of the absolute effects, and some components may be larger than the total
effect” (Alwin and Hauser 1975, Note 3, p. 43). The difference of a major compo-
nent effect (ab or d) over the total effect (¢) could approach infinity of either direction
(=00 < (ab—¢) < 00, —0 < (d —¢) < 00). The larger the difference, the less sta-
ble the ¢, indices are when referenced against the 0 ~ 100% percentage/proportional
scale, and the less informative the ¢, indices are aiding comprehension. The underly-
ing cause is that, when |c| is small due to competition and offsetting between ab and d,
the ab/c and d/c ratios can approach positive or negative infinity, and tiny changes in
¢ can produce drastic swings in ab/c and d/c. That can make the two ratios unstable
and uninformative in reference to the 0 — 100% percentage scale.

In other words, in a di-petitive model, a ¢,, index may be unstable when interpreted
against the 0 ~ 100% percentage/proportional scale, depending on the differential
sizes between |c| and |ab|, and between |c| and |d|. The smaller is |c| relative to |ab]
and |d|, the less stable is t,, and the less effective it is to perform the first function of
aiding comprehension.

However, even with di-petitive models, ¢, indices can still perform the second
function of aiding comparison, according to an extension of the analysis above. As
said, the instability of ¢, is attributed to ab/c and d/c being drastically affected by
c¢. The drastic effect is consequential only when one interprets ab/c and d/c against
a conceptually fixed scale, such as the 0 ~ 100% percentage/proportional scale, for
the first function of aiding comprehension. It would not be as consequential when one

11



compares two or more t, indices with each other, which is for the second function
of aiding comparison. In this situation ¢ would have proportionally equal effects on
all ratios being compared (ab/c, d/c and possibly other ¢, indices if there are more
indirect paths), because ¢ is the only denominator in each ratio. Thus, the relative
sizes of t, indices would be stable when compared with each other.

In other words, in a di-petitive model, ¢, indices are stable when compared with
each other. Thus, two or more ¢, indices can perform the second function of aiding
comparison in a di-petitive model.

S3.5 Two Real-Data Examples

The two examples we report in the text also illustrate the differential functions of
percentage contribution (t,) in different models, as discussed below.

S3.5.1 Roles of t, in Competitive Models

Model 1 (Figure 10) presents a directionally-competitive complete (di-petitive-lete)
mediation, which is a subtype of directionally competitive (di-petitive) mediation. As
said, in di-petitive models, ¢, for ab and d can be large or huge when c is small or
tiny, i.e., equal or near zero. Figure 10 shows a real-data example of this phenomenon,
which is ¢, =118K% for ab, t, = —119K% for d, and b, = 0.000014 for c.

In situations like this, small changes in ¢ may produce large swings of t,, for ab and
d, which would make ¢, appear unstable compared to the 0 — 100% percentage scale.
The huge ¢, values (e.g., t, =118K% for ab and t, = —119K% for d) indicate a tiny c
(b, = 0.000014); other than that, the exact numerical value of ¢, for ab or d is not very
informative when referenced against the 0 ~ 100% scale. For example, ¢, = 118,001%
vs t, = 118,559% does not necessarily indicate a large difference despite the difference
of almost 500%. That’s the reason for rounding off at a high level like 1,000, e.g.,
118K% and —119K%.

Despite the low ability to aid comprehension, however, ¢, indices can still be
informatively compared with each other, thereby aiding comparison. Comparing
t, =118K% for ab with ¢, = —119K% for d, for example, one may obtain important
information, such as: 1) The opposing signs of the two ¢, indices indicate a direc-
tionally competitive relation, even though the d path fails to pass the statistical test
(p = .6411). 2) The direct and indirect paths are about equal in strengths (118K% vs
—119K%), indicating approximately even competition. 3) The about even competition
explains the tiny total effect (b, = 0.000014 for ¢).

S3.5.2 Roles of t, in Complementary Models

Model 2 (Figure 11) presents a directionally-complementary complete (di-plementary-
lete) mediation, which is a subtype of directionally complementary (di-plementary)
mediation. As seen in Figure 11, the total effect is positive (b, = .0243, t, = 100%,
p = .2704). Of the total effect, indirect path contributes a little below 30% (¢, =~ 29%)
and the direct-and-remainder (di-remainder) path contributes a little over 70% (¢, ~
71%). Notably, the path that contributes comparatively more (71%, di-remainder
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path) failed the statistical test (p = .2704), while the path that contributes compara-
tively less (29%, indirect path), passed the statistical test with margin (p < .001). In
our experience, this has been often-seen phenomenon with this subtype of mediation,
i.e., directionally complementary complete (di-plementary-lete) mediation.

The analysis above utilizes 1) the comprehension function of ¢,, which requires
to reference the t, scores, namely t, = 29% and t, = 71%, against the percentage
scale, and 2) the comparison function of ¢,, which requires to contrast the ¢, scores,
tp, = 29% and t, = 71% against each other. Alwin and Hauser (1975) intended the
proportion mediated for this type of mediation, i.e., the di-plementary mediation (p.
43, Note 3). It is not surprising that ¢,, which is an extension of proportion mediated,
can informatively and effectively perform both functions to aid comprehension and
comparison.

S3.6 Conclusion

The unstableness of percentage contribution (t,), aka proportion mediated, occurs
in directionally competitive models, where abd < 0. Larger differences between |ab|
and |c| (Jab] — |¢]) produce higher unstableness, assuming abd < 0, hence |ab| > |¢].
Unstableness affects comprehensibility, but not comparability, of ¢, scores. Therefore,
in directionally competitive models, percentage contribution (¢,) may aid comparison
more effectively than it may aid interpretation. That is, in a competitive model, 1)
comparing two t, scores would be informative, but 2) interpreting a ¢, score against the
0 ~ 100% percentage scale would be less informative, especially when the difference
between |ab| and |c| is large, therefore the ratio |t,;| = |ab/c| is far above 1 (100%).

The unstableness of ¢, is not expected to occur in directionally complemen-
tary models, where abd > 0. In these models, percentage contribution (¢,) may aid
comprehension and comparison both effectively.
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