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Abstract

Probabilities of causation are fundamental to modern decision-making. Pearl first
introduced three binary probabilities of causation, and Tian and Pearl later de-
rived tight bounds for them using Balke’s linear programming. The theoretical
characterization of probabilities of causation with multi-valued treatments and out-
comes has remained unresolved for decades, limiting the scope of causality-based
decision-making. In this paper, we resolve this foundational gap by proposing a
complete set of representative probabilities of causation and proving that they are
sufficient to characterize all possible probabilities of causation within the frame-
work of Structural Causal Models (SCMs). We then formally derive tight bounds
for these representative quantities using formal mathematical proofs. Finally, we
demonstrate the practical relevance of our results through illustrative toy examples.

1 Introduction

In fields such as healthcare, finance, and energy, probabilities of causation can enable effective,
accurate, and explainable decision-making in complex scenarios. This causality-based approach
addresses key challenges, including selection bias, counterfactual reasoning, individualized decision-
making, and proper credit assignment—ensuring that outcomes are attributed to the treatments
or factors that actually caused them. For example, |[Li and Pearl| [2019] proposed a unit selection
framework that uses a linear combination of probabilities of causation to identify individuals who are
most likely to respond as desired, while also evaluating the associated rewards and costs. Similarly,
Mueller and Pearl| [2022] demonstrated how probabilities of causation can guide personalized medical
decisions in alignment with the ethical principle of “do no harm.”

The development of probabilities of causation began in the early 2000s, when |[Pearl| [1999] first
introduced three key binary measures: the probability of necessity (PN), the probability of sufficiency
(PS), and the probability of necessity and sufficiency (PNS) in the Structural Causal Models (SCMs)
[Galles and Pearl, 1998 [Halpern, |2000]. [Tian and Pearl [2000] then derived tight bounds for these
quantities using Balke’s linear programming method [Balke} [1995]]. Decades later, |Li and Pearl
[2019} 2022b|| formally proved the validity of these bounds. Building on this foundation, Mueller
et al.| [2021]], along with Dawid et al.|[2017]], further narrowed the bounds by incorporating covariate
information and leveraging underlying causal structures.
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The aforementioned studies are all restricted to binary treatments and outcomes, which poses signifi-
cant limitations for real-world applications. In contrast, extending probabilities of causation to the
non-binary case enables a more detailed and informative assessment. For example, in a binary setting,
physicians can only determine whether a medication is effective or not, leading to a simple yes-or-no
prescription decision. However, with multi-valued treatments x; (e.g., different dosage levels, where
1 <7 < mnandn € N), doctors can evaluate which dosage level yields the optimal therapeutic effect
for a particular patient. This finer-grained understanding supports more personalized and effective
treatment decisions.

Efforts to address non-binary cases have continued in recent work. [Zhang et al.| [2022], as well as|Li
and Pearl| [2022al], proposed numerical methods for computing non-binary probabilities of causation
using nonlinear programming techniques. More recently, L1 and Pearl| [2024] introduced the recursive-
form and un-tight theoretical bounds for these probabilities. However, numerical methods are
constrained by computational complexity, and recursive forms often lack sharpness—particularly in
high-dimensional settings—indicating that this line of research still requires substantial advancement.

In this paper, we present tight, non-recursive, closed-form theoretical bounds for arbitrary non-binary
probabilities of causation without imposing any structural restrictions. We further verified these
bounds using Balke’s linear programming framework [Balkel [1995] in low-dimensional settings
(specifically, when the number of values for the treatment and outcome are three or four). Our
approach first identifies a small set of powerful non-binary probabilities of causation that are sufficient
to represent any others, and then derives tight bounds for this representative set.

1.1 Key Contributions
The contributions of our paper are summarized as follows:

* We provide a complete characterization of all nonbinary probabilities of causation in Struc-
tural Causal Models (SCMs) through a small set of representative probabilities.

» We first derive tight, closed-form bounds for these representative probabilities of causation
using formal mathematical reasoning.

» We offer the first theoretical insight into the equivalence classes of probabilities of causation.

* We establish the complete theoretical foundation for discrete probabilities of causation,
laying the groundwork for causality-based decision making.

2 Preliminaries

We begin by reviewing the basic definitions of probabilities of causation and the associated notation in
Structural Causal Models (SCMs) [|Galles and Pearl, 1998 Halpernl 2000]. Readers already familiar
with SCMs may choose to skip this section.

Counterfactuals are well defined within the SCM framework. A counterfactual statement such as
“Variable Y would have the value y had X been z” is denoted as Y,, = y. Here, the subscript x refers
to a hypothetical event, which is well-defined in SCMs. For brevity, we will use y, y., y.,, and yg,
throughout the paper to represent the events Y, =y, Y,» =y, Y, = ¢/, and Y,» = ¢/, respectively.
Unless otherwise specified, we assume that experimental data are available in the form of causal
effects (e.g., P(y.)), while observational data are provided as joint probabilities (e.g., P(x,y)). In
our notation, X denotes the treatment variable and Y denotes the outcome or effect.

Let X and Y be two binary variables in a causal model M, where = denotes the proposition
X = true, o’ denotes X = false, y denotes Y = true, and y’ denotes Y = false. The three basic
binary probabilities of causation—PN, PS, and PNS—are defined as follows [Pearl, |1999]:

Definition 1 (Probabilities of Causation). [|[Pearl, |1999]

PN £ P(y,|x,y), PS £ P(y.ly',2’), PNS £ P(ys,y,)

PNS stands for the probability that y would respond to = both ways, and therefore measures both the
sufficiency and necessity of x to produce y.



Tian and Pearl [2000]] then derived tight bounds for the PN, PS, and PNS using Balke’s linear
programming approach [Balke| |[1995]. These bounds were later given a formal theoretical proof by
Li and Pearl [2019,[2022b].

The tight bounds for binary PNS,PN, and PS, are given as follows:
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Regarding non-binary probabilities of causation, |Li and Pearl|[2024] recently provided eight theorems
establishing theoretical (though not tight) recursive-form bounds for cases where both the treatment
and the effect are non-binary. Specifically, when the treatment variable X takes m values and the
outcome variable Y takes n values, the following set of non-binary probabilities of causation are
defined and bounded. (We omit the detailed bounds here; interested readers may refer to [Li and
Pearl,, 2024] for full derivations.)

Probability of preservation(i, j): P(Yig,+ i)
st,1<i<mn1<j<m
Probability of replacement(i, j, k): P (yizj Uk
st,1<ik<n1<j<m,i#k
Probability of substitute(i, j, k): P (yimj L Tk,
sty 1<i<n1<jk<m,j#k
Probability of necessity(i, j, k, p): P(yixj Yk Tp),
sty 1<i,k<n,1<jp<m,j#p
Probability of necessity and sufficiency(k): P(y;, wy 0 Yina, ),
st 1 <iip, . ip <,
L<j1, 0k Smyj1 # oo # Ji
Probability of substitute(k,p): P(y;, vy Yina, Tp)s
st 1 <y, ip <m,
L<J1s o0k S J1 # oo F e D
Probability of replacement(k,q): P(y;, 2y Yina Yq),
st 1 <id1,...,0k,q<n,
L<j1, ek Smyji # o # Ji
Probability of necessity(k, p, q): P(y;, wyy 0 Yika, o Tps Yq),
st 1 < ity eyin, g <1 < J1s s s
p<m,j1 # ... # jk # D
In this paper, we will provide closed-form tight bounds for a subset of the modified probabilities

defined above and demonstrate that these selected probabilities are sufficient to represent all discrete
probabilities of causation within SCMs.

3 Main Results

In this section, we first simplify the definitions of the Probability of Necessity and Sufficiency(k),
Probability of Substitute(k,p), Probability of Replacement(k,q), and Probability of Necessity(k,p,q)



defined by [Li and Pearl|[2024] into their most concise forms, while retaining their ability to represent
all discrete probabilities of causation in Structural Causal Models (SCMs).

3.1 Probability of necessity and sufficiency(k)

The Probability of Necessity and Sufficiency(k) is simplified to the form P(y1, ..., Yk, ). Where
|X| = |Y| = n, and the values of X and Y are arranged in increasing order within the probability
expression. This simplification yields the most straightforward closed-form representation. We will
later demonstrate that this simplification preserves generality. The tight bounds for the modified
Probability of Necessity and Sufficiency(k) are presented in the following theorem, where “tight”
indicates that for every value within the bounds, there exists at least one SCM compatible with the
data that realizes it. This interpretation of tightness will apply throughout the remainder of the paper.
All theorem proofs are provided in the appendix.

Theorem 2 (Probability of necessity and sufficiency(k) (PNS(k))). Suppose variable X has n values
T1,...,ZTn and Y has n values yi, ..., yn, k < n, then the probability of necessity and sufficiency(k)
P(Y14ys s Yk, ) IS bounded as following:
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Note that PNS(k) is a nonbinary, higher-order generalization of the original PNS. For example,
PNS(2)—which reduces to the binary PNS—represents the probability that y; would respond to 1
and g2 would respond to 2, formally written as P(y1 ., , Y2, ). Bounds for similar probabilities, such
as P(y2,,,Y1,,) can also be derived by leveraging the replaceability property of the probabilities of
causation, as described in Theorem[7]

The proof of tightness—that is, the conditions under which the bounds are achieved with equality—is
provided in the appendix. We will also present toy examples to illustrate how tightness enhances
decision-making capabilities. While some may argue that the previous definition of PNS(k) is more
general, we will later demonstrate their equivalence in expressive power in Theorem [6]

3.2 Probability of substitute(%, p)

Similar to the Probability of Necessity and Sufficiency(k), the Probability of Substitute(k, p) is
simplified as stated in the following theorem:
Theorem 3 (Probability of substitute(k, p) (PSub(k, p))). Suppose variable X has n values x1, ..., T,
and Y has n values y1, ..., yn, k < n, then the probability P(ylml,...,ykmk,xp), s.t., p # j for
1 < 5 < kis bounded as following:
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3.3 Probability of replacement(k, q)

Then, the Probability of replacement(k, q) is simplified as stated in the following theorem:

Theorem 4 (Probability of replacement(k, q) (PRep(k, q))). Suppose variable X has n values
Ty, .o, Ty and Y has novalues yy, ..., yn, k < n, then the probability P(y1 ., -, Yk, > Yq) is bounded
as following:
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3.4 Probability of necessity(k, p, q)

Finally, the Probability of necessity(k, p, ¢) is simplified as stated in the following theorem:

Theorem 5 (Probability of necessity(k, p,q) (PN(k,p, q))). Suppose variable X has n values
T1, .y Ty and Y has n values yy, ..., Yyn, k < n, then the probability P(y1,, ;. Yks, > Tps Yq):
s.t., p#£ j for1 < j < kis bounded as following:
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3.5 Equivalence Class in Probability of Causation

We now proceed to demonstrate the generality of the above modified probabilities of causation
through the next two theorems.

Theorem 6 (Equivalence classes in probabilities of causation). Suppose variable X has n values
T1,.eey Ty, Y has mvalues yi, ..., Ym:

* Case 1: Let Y' have n values i, ..., y,,. W.L.O.G., let k < m < n.
Then the bounds of the probability, P(y1,,, ..., Yk, ), is exactly the same as the bounds of
the probability, P(y . ;- Yy, )» where

P(y;xj) =0,P(y)=0,form+1<1<n,1<j<n,
and, Py}, ) = Plui,,), P(es,4) = Plajym), for 1 <1<m, 1<) <n,

* Case 2: Let X' have m values x',, ...,x},. WL.O.G., letk < m < n.

Then the bounds of the probability, P(y1,,, ..., Yk, ), is exactly the same as the bounds of
the probability, P(y ., - Yj,, )» Where

P(yjzl) = O,P(ymxl) =1,P(x;))=0,form+1<1<n,1<j<m-1,
and, P(y;, ) = P(ij;),P(fl,yj) = P(xzy,y;) for1 <1 <m,1<j<m.



3.6 Replaceability in Probability of Causation

Theorem 7 (Replaceability in probabilities of causation). Suppose variable X has n
values x1,...,xn, and Y has n values yi,...,Yyn, then the bounds of the probability,
P(yig,, - Yi-la, 1 Yig,> Yitla,yr o Yk, )» can be obtained by replacing y;,,, with Yie, for any 1,
such that 1 < i < n, in the bounds of the probability, P(y1,,, - Yk, )-

Note that both theorems apply to the cases of PNS(k), Psub(k, p), PRep(k, q), and PN(k, p, q).
For instance, to derive the bounds for P(y,, .,y | x,y), we can first apply PN(3,1,1) to
obtain P(yz, yh,yin,x,y). If | X| # |Y|, we should first apply Theorem [6| Then, using the
replaceability property of probabilities of causation (Theorem(7), we can convert P(ya, Y%, yltn, ©,y)
into P(yy, Yo, Yor, x,y). Finally, dividing by P(z,y) yields the desired conditional probability:
P(yra Yz y:/L{“ | €L, y)

4 Examples

In this section, we will discuss several examples to demonstrate the effectiveness and usefulness of
our results.

4.1 Bundled Marketing Strategy

A beverage company is preparing to launch their new summer drinks, which are peachy-peachy,
melonnon and durianna. Due to budget constraints, they will choose one of the drinks as the main
product to promote this summer and determine an appropriate promotional strategy. Hence, the
company implemented a soft launch of these new refreshments to evaluate user responses. A group
of users was targeted with in-app advertisements, enabling the company to collect both experimental
and observational data before the official release. Customers can choose to exit the app without
taking further action, add the selected drink to their shopping cart and stop there, or proceed directly
to purchase. One industry research expert suggests that peachy-peachy may be the most popular
drink. So the company wants to know the probability that customers will pay directly if they choose
peachy-peachy, that they will do nothing if they choose melonnon, and that they will just add drink
into their cart if they choose durianna.

Let X denote the options of new summer drinks, where x; indicates peachy-peachy, o indicate
melonnon, and x3 indicates durianna. Let Y denote the outcome of customers’ reaction, where y;
indicates no further reaction, y, indicates adding the selected drink into cart, and y3 indicates do the
payment directly. The probability that the company desires is P(y3,,, Y1, Y2, )-

The marketing researchers provided an experimental study of 900 people in which each participants
was exposed to only one of the three new beverages during the soft launch. The results are shown in
Table[Tl

Peachy-peachy | Melonnon | Durianna
Inactive 46 270 40
Add to cart 23 8 223
Make a payment 231 22 37
Overall 300 300 300

Table 1: Experimental data collected by the marketing department. Here, 300 people were forced to
choose Peachy-peachy, 300 people were forced to choose Melonnon, and 300 people were forced to
choose Durianna.

The experimental data provide the following estimates:
P(y1,,) = 46/300, P(y2,,) = 23/300, P(y3,,) = 231/300,

P(ylm) = 270/300,P(y212) = 8/300,P(y3m2) = 22/300,
P(ylxg) = 40/300,P(y2x3) = 223/300, P(ygm) = 37/300.
Here, all three experimental estimates, P(y3,, ), P(y1,,) and P(y2,, ), in the target probability of

causation are higher than 0.5, which may give us the sense that the target probability of causation,
P(Y34,>Yleys yzxs), would be high.



The marketing researchers also conducted an observational study of 900 people in which all partici-
pants were exposed to all new beverages during the soft launch. They were willing to make selections
and chose the flavor among three options themselves. The results are shown in Table 2]

Peachy-peachy | Melonnon | Durianna
Inactive 131 45 38
Add to cart 68 22 483
Make a payment 1 51 61
Overall 200 118 582

Table 2: Observational data collected by the hospital. Here, 900 patients were free to choose one
of the three treatments by themselves; 259 patients chose surgery, 142 patients chose chemotherapy,
and 598 patients chose radiation.

The observational data provide the following estimates:
P(z1,y1) = 131/900, P(x1,y2) = 68/900, P(z1,ys) = 1/900,
P(xq,y1) = 45/900, P(x2,y2) = 22/900, P(z2,ys) = 51/900,
P(x3,y1) = 38/900, P(x3,y2) = 483/900, P(z3,y3) = 61/900.

We then plug the estimates into Theorem 2] and Theorem 7] (see appendix for detailed calculations).
We obtain the bounds of the target probability of causation as follows:

0.509 < P(y34,+ Y1gys Y20,) < 0.588

In Li and Pearl’s paper[Li and Pearl, [2024], the probability lies in the range
0.428 < P(y3,,, Y14, Y2r,) < 0.588,

we narrower the bounds and diminish the ambiguity about whether the probability will fall in the
range above or below 0.5.

In conclusion, the probability that customers would pay if they chose peachy-peachy, that they would
act inactive if they chose melonnon, and that they will add the drink to the cart if they chose durianna
is above 0.509 and below 0.588, implying that the company should promote peachy-peachy, and
consider offering coupons for durianna to incentive purchasing power (for example, offering half
off peachy-peachy if the customer has purchased durianna). For personalized promotions, once
considering the groups that share the same characteristics and conducting studies on the selected
subgroups, we can tailor promotional strategy base on customers’ preferences.

4.2 Personal Decision-Making on Supplement Use

Molly had just celebrated her 50th birthday, and she heard from a friend about a trending wellness
product that claims to help people stay youthful. Intrigued but cautious, she made an appointment
with her personal physician to ask for professional advice. Her doctor was trying to provide an honest
and informed answer, thus he did some research online and found the company announced that this
health supplement causes zero harm to the human body and people can safely double the dose of
pill if they want to be more energetic. Based on his past clinical experience and some online reviews
about the product, the doctor began to wonder if the health supplement will have some negative
impacts on people.

Let X represent the daily intake, where x1 indicates the person takes four pills a day, x5 indicates two
pills per day, z3 indicates one pill per day, and x4 indicates the person does not take the pill (people
like Molly who have not tried it yet). Let Y represent the physical condition of the individual, where
y1 indicates poor health, y, indicates fair or stable condition, and y3 indicates excellent health. Now,
the doctor’s question becomes the following probability of causation, P(y1 ., Y2, Y24, |4, Y2). In
words, among individuals like Molly who have not tried the wellness product and is under fair health
condition, what is the probability that they would stay fair if they tried one or two pills daily, but
would have experienced negative effects if taking four pills daily.

The physician obtained data from the company, which recorded changes in health conditions among
elderly individuals over a six-month period during which they took different doses of the supple-
ment while with a similar diet and routine. The physician subsequently summarized the results of
experimental and observational studies into Table[3|and Table 4]



Four pills | Two pills | One pill | None
Poor 195 11 80 100
Fair 51 266 198 147
Excellent 54 23 22 53
Overall 300 300 300 300

Table 3: Experimental data summarized by Molly’s physician. Here, 300 older people were forced to
take four pills per day, 300 older people were forced to take two pills per day, 300 older people were
forced to take one pill per day, and 300 older people were forced to not take the pill.

Four pills | Two pills | One pill | None
Poor 67 11 53 46
Fair 129 17 53 436
Excellent 193 87 70 38
Overall 389 115 176 520

Table 4: Observational data summarized by Molly’s physician. Here, 1200 older people were open to
all choices, 389 people chose to take four pills per day, 115 people chose to take two pills per day,
176 people chose to take one pill per day, and 520 people chose to not take the pill.

The experimental data provide the estimates:
P(y1,,) = 195/300, P(y2,,) = 51/300, P(ys,,) = 54/300,
P(y1,,) = 11/300, P(y2,,) = 266/300, P(ys,,) = 23/300,
P(y1,,) = 80/300, P(ya,,) = 198/300, P(y3,,) = 22/300,
P(y1,,) = 100/300, P(y2,,) = 147/300, P(ys,,) = 53/300

The observational data provide the estimates:
P(x1,y1) = 67/1200, P(z1, y2
P(xzq,y1) = 11/1200, P(z2, y2
P(z5,y1) = 53/1200, P(z3, y2
P(xz4,y1) = 46/1200, P(z4, y2

129/1200, P(x1,ys) = 193/1200,
17/1200, P(x2, y3) = 87/1200,
= 53/1200, P(x3,y3) = 70/1200,
436/1200, P(z4,13) = 38,1200

— — — —

Based on the observational study, the company reported that among elderly individuals taking four,
two, or one pill per day, improvements in wellness were observed with estimated increases of 16%,
7.3%, and 5.8%, respectively. These findings suggest that the health supplement may have a beneficial
effect.

Now, consider the following probability of causation:
P(ylwl y Y2259 Y2245 T4, 92)

P(x4,y2)
What is the probability that taking more health supplement would negatively affect people?

P(y1m17y2z25y2m3 | $47y2) =

By applying the experimental and observational estimates to Theorem [5] and Theorem [7] (see the
appendix), we derive the following bounds:

0.0125 < P(y1117y2m25y2z37x47y2) < 0.363
This range is tighter than the prior bounds reported in|Li and Pearl| [2024]:
0< P(ylml Y Y2059 Y2245 T4, y2) < 0.363

Given that P(z4,y2) = %, we can further compute:
34.4% < P(Y14,, Y20, Y2u, | T4,y2) < 100%
which provides more informative bounds compared to:

0% < P(Y12,5Y2uys Y20y | T4, Y2) < 100%
as shown in|Li and Pearl| [2024]].

As a result, the physician can now confidently inform Molly that there is a significant risk associated
with taking the supplement at higher doses.



5 Conclusion

This paper presents a complete representation of probabilities of causation using experimental and
observational data, without imposing assumptions on the underlying data-generating process. We
introduced the concept of equivalence classes among probabilities of causation, which not only
simplifies their representation but also leads to more intuitive and compact formulations of their
bounds. These bounds were proven to be tight and represent the fundamental limits of what can be
inferred statistically. We verified our results using Balke’s linear programming in low-dimensional
settings (specifically for n = 3 and n = 4), where our derived values matched exactly. However,
Balke’s method becomes computationally infeasible for higher dimensions due to exponential growth
in the number of variables.

Our examples demonstrate the practical value of multi-valued probabilities of causation in real-world
scenarios, such as bundled marketing strategies and personalized decision-making. Unlike binary
settings, multi-valued treatments allow for richer and more nuanced policies—such as targeting
combinations of products or uncovering hidden user preferences. This helps reduce unnecessary
marketing expenditures and supports more informed decisions. While the numerical improvements in
our examples over existing bounds (e.g., [Li and Pearl, 2024]]) may appear modest due to the ternary
structure used, the advantages become more pronounced as the dimensionality of the treatment and
outcome spaces increases. Moreover, such nonbinary frameworks can empower individuals to better
interpret promotional claims and make decisions aligned with their interests.

Beyond marketing, real-world applications of probabilities of causation span complex domains such
as policymaking, finance, energy, and education—where binary treatments are often insufficient.
In these cases, cross-world counterfactual conjunctions and multi-level treatments offer a more
realistic modeling tool. Incorporating covariates and explicit causal graphs may further refine these
probabilities, leading to tighter bounds and more individualized inference. This direction—especially
analyzing how bounds shift under covariate adjustment—remains an important avenue for future
research.

Finally, although monotonicity assumptions have enabled identifiability in the binary case, extending
such assumptions to nonbinary settings reveals that point identification is generally not achievable.
One promising future direction is to apply the Monotonic Incremental Treatment Effect (MITE)
framework to simplify and tighten the bounds in nonbinary settings. Altogether, this work lays a
theoretical foundation for tight, closed-form, and interpretable bounds of probabilities of causation in
multi-valued domains, enabling more effective, efficient, and explainable decision-making across a
variety of real-world applications.
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A Appendix / supplemental material

A.1 Proof of Theorems
A.1.1 Probability of necessity and sufficiency(k)

Theorem(Probability of necessity and sufficiency(k) (PNS(k))). Suppose variable X has n values
T1,...,ZTn and Y has n values yi, ..., yn, k < n, then the probability of necessity and sufficiency(k)
P(Y1,4y5 s Yk, ) IS bounded as following:

0,
k
j=1
max < P(ylac y oo Yk )
> [Ps,,) + Plag) = Plag )] + v
1<j<k
i#
+P(xi,y:) —k+1, ie{l,..,k}
k n
> Plaj,y)+ Y Play),
=1 j=ht1
P(y; ), e {1, .k,
i . (¥,,) jef } S P ven,)
1
E Z‘P(ytjxt_)_P(‘rtjvytj) ) m€{177k_1}7
7=0 ’
tj € {1,,k}

Proof. By Fréchet Inequalities, we have,

P(Ay,...,A,) > max{0,P(A;)+..+P(4,) —n+1},
P(A1,...,A,) < min{P(4),..,P(A,)}.

Thus, we can easily derive the first two lower bounds and the second upper bound,

k

P14, Yky,) = max O,ZP(ijj)—k—i—l
j=1

Py, Ykay) < lgljlgk{P(ijj)}-

The equality of the first lower bound holds when 35 € [1, k], that P(y; ) = 0.

The equality of the second lower bound holds when 3 € [1, k], P(yjzj) =1forVj e [1,k],j #i.

The equality of the second upper bound holds when 35 € [1, k], P(y;,,,) = 1 for Vi € [1, k], # j.

To proof the remaining lower bound El%é?k [P(yjmj) + P(z;) — P(z;, y])} + P(xg,y) —k+1,
we start from

n
P(ylzpla"'aykxk) = Zp(ylxlw-'vykmk’xj)
j=1

n

k
= Zp(ylm17"'7ykzk7xj) + Z P(ylzla"'aykmk7xj)
j=1 j=k+1

Y%

k
ZP(ylaj17"'7ykwk’xj)
j=1

here, the equal sign holds when Vz; = 0 for j € [k + 1,n].
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For Vi,s.t.,i € {1,...,k},

P(ylzlv""ykxkvzi) + Z P(ylmlv'--vykxkamj)
1<i<k
i#£j

k
Z P(ylmlv "'7ykzka'rj)
=1

Y

P(Y1yys s Yhay» Ti)
here, the equal sign holds when Vz; = 0 for j € [1,k| and j # i.
thus, we have
P(W1zys - Yhay)
> P(Yigys s Ykay,» Ti)
= PWig, - Yi-lag, »Yitla, s Ykay Tir Yi)

n

= P(ylx17"'7yi—lzi_17yi+1xi+17"'7y/€mk?'riayi) + ZP(I]) -1
j=1
n n
+Zzp(ylw17"'7yi—lzi_17yi+1xi+17"'7yk:};ka$j7yq)
j=1q=1
n n
_Zzp(ylxlv"'7yi—lxi_17yi+1xi+17"'7yk;ck7xj7yq)
j=1q=1
= PWig, - Yi-lag, »Yitla, s Ykay Tir Yi)
n
+ > P(zj)+Pla)+ > P(z;)—1
1<j<k j=ht1
J#i

FP Yoy s Yimlg; oo Yitlaysys - Ykay, )

- § P(ylmla"'ayi—lxi_17yi+lmi+1a"'aykzkaxjayj)
1<j<k
J#i

n
- Zp(yla;17"'7yi—lzi_17yi+1mi+l7 "'7ykrg;ka-riayq)
q=1

n n

- E E P(ylzlv"'7yi71$iilvyi+1mi+1v"'7ykmkaxj7yq)
j=k+1q=1

= P(ylxlv"'7yi—lzi_17yi+11:i+17 "'7yk;ck) -1
+ Z P(x])_ Z P(ylzlv"‘7yi711171ayi+1wi+17°"7ykzk7xj7yj)

1<k 1< <k
J#i J#i
n
+P(xz) - E P(ylzlv°"7yi71$iilvyi+1zi+1v"'7yk;pk7xi7yq)
q=1

FPWY1ays s Yimlg; s Yitlayyys - Yy Tis Yi)

n n n
+ Z P(x]) - Z Zp(ylwlv"'7yi—1:n7;_17yi+1xi+17"'7ykwk"rj7yq)
j=k+1 j=k+1g=1

= P(ylzlv "'7yi71$i717yi+1$i+17~'°7yk;pk) -1
+ Z P(x;) — Z P(Y1a, o Yimtu, o Yitlayy o Yhay Ti Yj)

1<j<k 1<j<k
J#i JFi
+P(xl) - E P(yl:};l?"'ayi—lxi_lvyi+1mi+1’"'aykzkaxiayq)
1<g<n
qFi
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n n
+ Z P(mj)_ Z P(ylzla"'7yi71$i717yi+13;i+17"'7yk;pku$j)

j=k+1 j=k+1
> Y Py;,,) —(k=2) -1+ > P(zj)— Y Playy;)
1<j<k 1<j<k 1<j<k
i#] #i #i
+P(z;) = Y P(zi,yy) + > Plz;)— Y P(a))
1§q?£§n j=k+1 j=k+1
q7

here, the equal sign holds when 3i € [1, k], and P(ijj) =1forVj e [1,k],j # 1.

= > [P(ijj) + P(z;) — P(xj,yj>] + P(as,y) — k+1
i#£j

The equality of the third lower bound holds when

e Vz;=0forje[l,n]and j # ¢
* and 3 € [1, k], and P(yjzj) =1forVj e [1,k],j #i.

To proof the first upper bound,

n
P(ylxlw'vykxk) = Zp(ylxlv'"aykxka'rj)
j=1
k n
= Z‘P(ylzN?ykmk?‘rJ)—'_ Z P(ylzla“'vykzk?xj)
Jj=1 Jj=k+1

k
= Z P(yl_j[;17 "'ayj—lmj_17yj+1zj+1a "'aykxk7xjayj)
+ P(Y1zys s Ykay, > Tj)

P(zj,y;) + > Plx;)

j=1 j=k+1

M-

The equality of the first upper bound holds when P(yjl_j) =1forVj € [1,k].

To proof the remaining upper bound -1 {ZT_O P(ytmt ) = Py, ytj)] ,form e {1,....,k — 1},

t; € {1,...,k}, we can first write PNS(k) into

P(Y1pys s Yhay,) = ZP(ylxla'“aykmk’Ij)
j=1
= %x (m) P(y1$17...,ykwk,wj) )
j=1
Form =1,
1 m 1
~ jzo Pys,,, ) = Plae, )| = JZO Plys,,, ) = Plar, 9,

= P(ytouo) + P(ytlwtl) - P('rto?ytﬂ) - P(It17yt1)
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W.LOG,letl <tyg<t; <k:

IA

P<y1w1a ey ykxk>

n
> Py Yk T5)

Jj=1
k n
E P(ylmla“'aykxkvxj)—’_ E P(ylzlv"'vykmkaxj)
Jj=1 j=k+1
to k—t1+to
) PYto0,,+Tis Yitti—tog, ., ) T > P(Yto2,,T5s Yitti—toa, ., )
=1 j=to+1
ti—to n
+ E : P(yto$t07$k7t1+to+juijj)+ § P(ylzlv"’vyk:ck7xj)
Jj=1 j=k+1

here, the equal sign holds when 31 < ¢y < t; <k,
and P(y;,, ) = LforVi € [1,k],i # to,i # j +t1 —to for j € [1,k —t1 + to].

to k—t1+to
E P(ytOmto,l‘yyj+t1—t0zj+t17to) + E P(ytmto,x]‘,yj+t1—t0xj+trt0)
j=1 j=to+1
t1—to n
+ E P(ytowt07xk—t1+to+jayjmj)+ E P(Y1gys s Yk, > Tj)
j=1 j=k+1
J'_P(ytozto) + P(ytlztl) - P(xtovyto) - P(xt17yt1)
_ E P(yilzl, ...7yit0—1x1/0717yt0mt01yit0+1xt0+17-~o7yikmkal'ik+1ayik+2)
{15 ity —1,0tg+1,0rik+2}
{1, n}p !
- E : P(yhxla -~-7yit1—1mt1_l7yt1g;tlayit1+1xt1+17"'7yikmk7xik+17yik+2)
{81, 08ty — 15087 +15-s0k42}
e{l,....,n}**1
+ E P(yi1ml7~'~7yit,071wt0715ytoxtovyit0+1wt0+la "-ayikxkaxtoayto)
{015eensBtg— 1,0t +1,0-s0k }
e{1,...,n}F 1
+ E P(yilmla...7yit1_1wt171aytlrtlvyitl-uwtlJrl, ...,yikwk,xtmytl)
{15ty 1,587 41,0000k }
e{1,...,n}* 1
P(ytomo) + P(ytlmtl) - P(xtmyto) - P(ztuyh)
to—1
+ E :P(ytozto7l.jayj+t1*toa;j+t17t0) +P(ytoxt07xto7yt1mtl)
Jj=1
k—t1+t0 tl_t()
+ ) PYto s Yitti—tog, )+ > P(Ytog,,» Th—tr+tots» Yig,)
Jj=to+1 j=1
n
+ P(ylz 7"'7yk:v.7‘rj)
1 k
j=k+1
_ E P(yi1$l7 ..~7yit0—1x10717yt0mt07yit0+1xto+17~~~7yikxk7xik+1ﬂyik+2)
{15 ity —1,0tg 41,0 rik4+2}
{1,..n}H
- § P(yhzla-~-ayitlflxt1_17yt1g;t1ayit1+1xt1+17~-~7yikxk7xik+1’yik+2)
{81, 08ty =158t +15-s0k42}
e{l,....,n}k*1
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+ E P(yhmlv~~~7yit0—1xt0717ytoztovyitOJA "'7yikxk7xt07yto)

)
Ttg+1
{15ty —1,5t0 41,00k }

e{1,...n}*?*
+ E P(yhzlv~-~7yit1—1zt1_1ayt1xtl7yit1+1ztl+l7 "'ayikmkaxtuyh)
{80,eesBty — 1508y 41,050k }
e{l,...,n}F1
= P(ytoxto) + P(yhztl) - P(mtmyto) - P(‘Thvyh)
_ E P(yi1$17 ..~7yit0—1x10717yt0mt07yit0+1xto+17~~~7yikxk7xik+1ﬂyik+2)
{15 ity —1,0tg 41,0 rik+2}
{1,..n}H !
to—1 k—ti1+to
+ E P(ytozto7$j,yj+t17t0xj+t17t0) + E P(ytmto,Ij,yjﬂlftoxjﬂrto)
j=1 j=to+1
t1—1o n
+ E P(ytowt07xk—t1+to+j7ijj)+ § P(ylwlv"'vykwkﬂxj)
Jj=1 j=k+1
+ E P(yi1a;17~-~7yit0—1zt0715ytowt07yit0+1zt0+l7 "'ayikg;kaxtovyto)‘|
{81, s8tg— 150t +1,---s0k }
e{1,..,n}F1
_ g P(yilwl, ...,yitl_lwtﬁl,ytutl;yit1+1$tl+l7...,yimk,xikﬂ,yik“)
{815 sBty =158 41500 s0k 2}
e{1,...,n}F 1
+ P(yt()mtovxtovytlrtl)
+ g P(yilxl’"'7yif‘1_11t171’yt1xi17yit1+11t1+1’ ...,yikwk,$t1ayt1)‘| (2)
{81500yt — 150t +1500050k }
e{1,..,n}F 1
< Py, ) + PWig, ) = P2t y10) — Py, 1) 3)

here, the equal sign holds when 91 < ¢ty < t; < k, and P(ytwto) =0.

(this is just a sufficient condition illustrating tightness, while the equality can also hold in other cases)

For m = 2, by applying equation (I)), we can get:

1 n
P(ylxlv"'aykzk) = 5 X 2Z‘P(yla:17"‘vykzk7$j)
j=1
1 [ n n
= 5 X P(ylzlv'“vykmk?xj) +ZP(y1m17“'ayk1k7xj)
j=1 j=1

Then W.L.O.G., let 1 <ty < t; < t5 < k. By applying equation (2), we have

P<y1wla ey ykxk>

|
— X
2

IN

P(ytoxto) + P(Z/tmtl) = P(45,Yt,) — P(@4y, Y1)

_ E P(yilwla..-’yito—lxto_l7ytOgth)yit0+1xt0+l7~-~7yikmk7xik+1ayik+2)
{31, yitg— 1500+ 15 0Bk 2}
e{l,....,n}F*1
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IN

to—1 k—ti1+to
+ E P(yt()ztoal'jayj+t17tgz].+t17t0)+ E P(ytgmto7$j7yj+t17towj+tlfto)

i=1 j=to+1
t1—to n
+ § P(ytoggtoaxkft1+to+jayjmj)+ E P(Y1z,s s Ykay,» Tj)
j=1 j=k+1
+ E P(yilmN...7yit0—1xt0717ytomtovyit0+1$t0+la ~-~,yikwk7$t07ytg)
{81, sBtg =150 415000k
e{1,...,n}*"*
- § P(yhzla-~-ayit171xt1_17yt1g;t1ayit1+1xt1+17~-~7yikxk7xik+1’yik+2)
{81,eesBty — 1,0ty 4150k t2}
e{1,..,n}F*?
+ |:P(ytr)zt07$t07yt1mtl)
+ E P(yha;lv~-~7yiz1—1zt1_1ayt1zt17yit1+1ztl+17 "'ayikmkaxtuyh)
{805eesBty — 15088y 41,0050k }
e{1,..,n}F1
+ P(ytzwtz) 7P(l‘t27yt2)
- E P(yz&wla-~-ayit271xt2717ytzit2ayiz2+1xt2+17"-7yikzk71‘ik+1’yik+2)
{i1,e sty — 14010 +1,sikt2}
e{1,...,n}F*1
+ E P(yilxla..-7yitz_lmtzilayt2xt27yit2+1mt2+l, ...,yikxk,xtmytg)
{15 itn —1,5t0 41,0000k }
e{1,...,n}* 1

+ Z P(yla;17"'7ykwk’xj) +P(y1w17"'7yt27193t2+17yt2mt27yt2+lz+17"'aykg;k>xt27yt2)

1<j<k
J#t2
n
+ E : P(y1$17"'7ykwk7a’.j)
j=kt1
1
5 X P(ytoxto) + P(yhztl) - P(xtovyto) - P($t17yt1)
_ E P(yi1$l, ..~7yit0—1x1/0717yt0mt07yit0+1xto+17~~~7yikxk7x’ik+1ﬂyik+2)
{15 ity —1,0tg 41,0 r0k+2}
e(1,..n}*+
to—1 k—t1+to
—&-[ > P(Ytow,,» Tjr Yitti—tog,,, )+ ) P(Ytor,y T Yitti—tog,,, )
j=1 j=to+1
t1—1o n
+ E P(ytowt07xk—t1+to+j7ijj)+ § P(ylwlv"'7ykwk’xj)
=1 G=k+1
+ g P(yilxl,..-7yit0_11t071)ytoxtovyit0+1mt0+1) u.,yikwk,xtoayto)
{15ty —1,5tg 41,00k }
e{1,..,n}* 1
_ E P(yi1z17 ..-7yit1—1rtl_17yt1xt1)yit1+1rtl+17~-~7yikxk7$ik+17yik+2)
{81,0esBty — 1,08y 415 Tk t2}
€{1,..n}*+
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+ |:P(yt0xt0 y Tty s ?Jtmtl)

+ E P(yi1x17..-7yitl_lwt1715yt1$t17yit1+1
{81500 yity — 150t +1500050k }
e{1,...,n}F 1

wt1+1’ aylkwka tlaytl)

+ P(yt21t2) _P("Ttgvytz)

_ E P(yi1£1,...;yit2_1lt2717ytzxtzayit2+1lt2+17«..,yikikal'ikJruyikJrQ)
{81, 5Bty — 150t 41500 sikt 2}
€{1,...,n}*H!
+ E P(yi1x17...7yit2—1zt2_1aytzthayit2+1$t2+1;-~-,yikzk7xt27yt2)
{81,0esltg—1,tg 41,050k }
efl,..n}tt
n
+ E P(ylxlv"'vyk;ck’xj)+P(yt1wtlaxt2ayt2$t2)+ § P(y1x17"'aykxk7xj)
1<j<k Jj=k+1
J#t2
here, the equal sign holds when 31 < t; <ty < k:,VP(yjmj) =0forj e [1,k],j #t1.
1
5 % P(ytog;to) + P(Z/tmtl) + P(yt2ajt2) — P(xt0,Yto) — P(xt,,91,) — P(Ty, Yt,)
- § P(yhggla-~-ayit071mt0717ytoa;toayi¢0+1xt0+17"'7yikxk7xik+1’yik+2)
{i1,yitg— 1500+ 1, slk 2}
e{l,....,n}k*1
to—1 k—t1+to
+{ ) P(Ytow,,» Tjs Yitti—tog, )+ ) P(Ytor,, s Yitti—tog, 0, )
j=1 Jj=to+1
tl—to n
+ E P(yto;ctovxk—t1+to+jayjzj)+ E P(ylmla-“aykzkaxj)
j=1 j=k+1
+ E P(yilzl7...7yito—lzto_laytoztoayit0+1$t0+1;-~-,yikmk7$toyyt0)
{81, yltg —1sbtg+15-es0k b
e{1,..,n}* 1
- ‘ ‘ E ‘ P(thla"-ayitlflxtlilvyhitlayiz1+1xtl+l7"-7yikzk71‘ik+1’yik+2)
{711:~'~7'Lt1—1774t1+17~~;7fk+2}
e{1,...,n}F 1

+|:P(yt01t0’$to’yt1mtl) +P(ytlztl7$t27yt2:6t2)

+ E P(yi1x17"'7yit171zt1715yt1wtlvyit1+1wtl+la "'ayikxkaxtuyh)
{005eeesBty — 1,887 41,0050k }
e{1,...,n}F 1
_ g P(yilxl, ...,yit2_1zt2717ytzmtzayif,2+1zt2+17~..,yiklka$ik+1ayik+2)
{15 itn —1,0tp 41, rik+2}
€{1,...,n}*H1
+ E P(yilzla..-7yit2—1wt2717yt2xt27yit2+1xt2+17n~,yikxk;$t2ayt2>
{150ty —10tn 41,0000k }
€{1,..,n}F "
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n
+ Z P(ylzl,...7ykzk,xj)+ Z P(ylml,...,ykmk,xj)

}

1<5<k j=k+1
J#t2
1
< 5% [PWn) + PWa,,) + PWta,,) = P o) = Pt un,) = Pl uis)]

here, the equal sign holds when 91 < ¢, < t; < k, and P(ytmto) = P(ytmtl) =0.

(this is just a sufficient condition illustrating tightness, while the equality can also hold in other cases)

For3 <m <k—1,WLO.G.,letl <t; < ... <ty < k. By applying equation (I, we can get

1 n n
P(yl:nlv"'vyka:k) = E X Zp(ylmla"'aykxk7xj)+(m_]‘)Zp(ylxla"'vykzkvxj)
j=1 j=1
By applying equation (3), we have

1
P(ylzla'“aykwk) < E X

P(ytoxto) + P<yt1xt1) - P(xtmyto) - P(xt17yt1)

+(m—1) Z P(ylzl,...7ykzk7xj)]

Jj=1

Similar to the proof when m = 2, we can derive results for 3 < m < k — 1:

1
P(ylxlv"'vykmk) < E X P(ytoxto) +P(yt1xtl) 7P(xtoayto) 7P(xt1ayt1)

3 [Pl, ) - Pl

j=2
1 m
= —X P(yt]‘x ‘)7P(xtj?ytj)
m ° t
7=0
Overall, we have proved the third bound for m € [1,k — 1]. O

A.1.2 Probability of substitute(k, p)

Theorem (Probability of substitute(k, p) (PSub(k, p))). Suppose variable X has n values x1, ..., T,
and Y has n values yy, ..., yn, k < n, then the probability P(y1,, , ..., Yy, Tp), 8., p # j for
1 < 5 < kis bounded as following:

0,

<P
DY [P(ijj) + P(x;) 7P(‘Tj7yj):| +P(ay) —k (S PW1an o bha )
j=1

. P(xp)a
mm{ P(y;, ) = P(aj,y;), j€{l,....k} } 2 P(Yiays s Ykays Tp)

Proof. By Fréchet Inequalities, we have,
P(Ay,...,A,) > 0,
P(Aq,...,A,) < P(A)), forvl<j<n.
Thus, we can obtain the first lower bound and the first upper bound,
PW1gys o Ybay, Tp) = 0
P(ylzla-"aykmkazp) < P(zp)-
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The equality of the first lower bound holds when 35 € [1, k], that P(ijj) =0orz, =0,p#j.

The equality of the first upper bound holds when P (ijj) =1forVj € [1,k], j # p.

For the second lower bound

v

P(ylgpla ey ykxk7xp)

n n
P(ylxla"'aykxkvxl))+ZP(y1x15' s Ykgy s Tj ZP Yigyr - Ykayr T )
j=1 j=1
n
P(ylmla"'?ykxk) +P(y1fc1?""ykxk7 Z ylxla' 5 Ykx T )
n n
P(ylzla aykrk) + P(ylfla "'aykrkvxp) + ZP(IJ) -1- ZP(ylxla '--aykmk7xj)
j=1 j=1
P(ylmlﬂ"'vykxk)_1+P(y1x17“'7ykwk7 p)
k k n n
+Z}D(Q:J) 7zp(y1z17"'7ykxka‘rj)+ Z P($]) - Z P(ylmlw“aykmkaxj)
j=1 j=1 j=k+1 j=k+1

P(ylwla aykxk> -1

E

+ZP(£L']) - Zp(ylzlv "'7yjflzjilvyj+1wj+17 "'7ykmkaxj7yj)
— =

+ Z P(.’E]) - Z P(yla:17~~wykzk7xj) +P(ylzl7“'7ykxkaxp)
j=k+1 Jj=k+1
P(ylxla "'aykxk) -1

k k

+ Z P(wj) - Z P(ylxla EE) yjfle71 ) yj+1$j+1a EE) yk;pkamja yj)

j=1 Jj=1
+ Z P(mJ) - Z P(ylwla »ykxk7$g)

Jj=k+1 k+1<j<n,

J#p

k k k n
D Plyi,,) —(k=1) =14 Plx;) =Y Plajy)+ » Play)— > Play)
j=1 j=1 j=1 j=k+1 k+1<j<n,

i#p
here, the equal sign holds when 3;j € [1,7], and P(y;,,) = 1 for Vi € [1,k],i # j.

k k k
Zp(yjmj)_k"‘zp(xj prjvyj )+ P(zp)
j=1 j=1 j=1

> [Pls,,) + Plag) = Plag, )] + Play) — k

J=1

The equality of the second lower bound holds when 3j € [1,n], P(y;,,) = 1 for Vi € [1,k],i # j.

For the remaining upper bounds, Vj € [1, k]:

P(Yig,s s Yhay s Tp)
= P(y1w17"'7ykwk’xp) + P(y]xj) - P(y]]'J)
= P(ylxlw'vykxk?xp) +P(y]m7)
_ Z P(yi1m17""yijfla:j_l’yjfﬂj’yij+lmj+l7".7yikmk’mik+l)

{iaseti—1ydj 40,0k }
e{1,...n}"*
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Since p # jfor1 < j <k,

P(ylzlv "'ayka:k7xp)

< P(ijj) — Z P(Yiy 4, s o Yijag, 0 Yie Yisig,, o coos Yin gy Tj)
{il,...,ij_l,i_j+1 ..... ik}
e{1,...,n}*1
here, the equal sign holds when P(z;) = 0 for Vj € [k + 1,n].
= Pi,,) — P, ;)
= Ply,,) — Pl y;)
The equality of the second upper bound holds when P(x;) = 0 for Vj € [k + 1, n]. O

A.1.3 Probability of replacement(%, q)

Theorem E| (Probability of replacement(k, q) (PRep(k, q))). Suppose variable X has n values
Ty, ..., Ty and Y hasn values yy, ..., yn, k < n, then the probability P(y1,,,, ..., Yk s Yq) is bounded
as following:

max < P(yla:17 "'aykxk’yq)
> [Plus,,) + Pla) = Plas,y)] +
1<j<k
Jj#4q
+P (24, yq) — (k= 1), qe{l,...k}
P(yq,,); ge{l,... k},
. P(zq,yq) + P(xj,yq),
min k+§§n 2 P(ylxla ) ykzkqu)
J#4q
P(yj,,) — Pz, y5), je{l,...ktj#q

Proof. By Fréchet Inequalities, we have,

P(Ay, ..., Ay)
P(Ay, ..., Ay)

0,
P(A;), forVl < j <n.

IN IV

Thus, we can obtain the first lower bound and the first upper bound,

P(ylzla"'ayk’xkayq) > 0
P(ylxla "'aykxkayq) S P(quq)7 forV1 S q S k

The equality of the first lower bound holds when 35 € [1, k], that P(ijj) =0ory, =0.

The equality of the first upper bound holds when P(ijj) =1,y,=1forVj € [1,k],j #q.
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For the second lower bound

P(ylzl7 "'7yk:ck7yq)

n o n
= P(yla;17"'7ykxk’yq) +P(ylx17~-~7ykwk) - Zzp(ylwv "'aykxkvxj7yl)
j=11=1
= P(ylml7"'7ykxkayq) +P(y1m1>"'7yk:vk)
k n n
_Zp(ylxlv---vykxkamﬁyj) - Z Zp(ylxlv"'7ykxkaxj7yl)
j=1 j=k+11=1

= P(y1x17"'7ykxkayq) + P(y1x17"'7ykzk) + ZP(:E]) -1
j=1
k

n n
_Z‘P(ylzlv"wykxkﬂxjvyj) - Z Zp(ylzlv'“vykzk?‘rjayl)

j=1 j=k+1 =1

= Zp(ylajlv"wykwk?:tjayq) + P(yl;pla ~-~ayk$,€) -1

j=1
k k
+ZP xJ ZPylxla"'7ykxk7xj7yj)
j=1 j=1
n n n
+ Z P Zpylacl?"'vykmkamjvyl)
Jj=k+1 j=k+11=1

If g € [1,k],

P(ylxla'“,ykxkqu)
- P(y1x17"'7ykack)_1

x>

—I—ZP(LL'J) - ZP<y1w17 "'7yka:k?xj7yj) + P(ylacl’ ""ykwkamquq)

+ Z P Z Zp(ylx17“'7ykmkawj7yl)+ Z P(ylmla"'aykwk7xj7yq)
Jj=k+1 Jj=k+11=1 j=k+1
= P(y1x17~ 7ykzk) 1
k
+ZP(J:J Z qu;la"wykwk?xjayj)
j=1 1<5<k,
J#q
n
+ Z P(Z'])— Z Z P(ylxlﬂ"'aykxk7l‘jayl)
j=k+1 j=k+11<I<n,
l#q
k
> Y P, )~ (k—=1)—1
j=1
k n
PP - 2 Pt Y Pe) - 3 S Pl
j=1 1<5<k, j=k+1 j=k+11<I<n,
J#q T#q
here, the equal sign holds when 35 € [1,7n], and P(y;,,) = 1for Vi € [1,k],i # j.
k k k n
= ZP(ijj)_k“‘ZP(xJ ZP zj,95) + P(2q,yq) + Z P(zj,y,)
Jj=1 J=1 J=1 Jj=k+1
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Il
.Mw

(Pli,) + Pls) = Plaju)| + Y Plaj,ua) + Plagv) ~
k+1<j<n,
J#4q

~
Il
-

Ifge[k+1,nl,

P(ylrclr"vykzkqu)
= P(ylmla"'vykmk)_l

k
+ZP(.’bJ) - ZP(ylxla'“aykxkvxjvyj)
— =

+ ) P@) = DY PWrays o Yke T U) T D PWiays s Yhey %55 Ya)

j=k+1 j=k+11=1 j=k+1

k
= P(ylajl)"'vyk;ck) -1 + ZP(xJ) - ZP(ylxlv "'7ykxk7xjayj)
— =1

+ Z P(x;) - Z Z Py s Yhay» Tjs Y1)

j=k+1 j=k+11<I<n,
l#q
k k k
> ZP(ijj) —(k=1) =14+ P(x;) = > _ P(z;,y5)
j=1 j=1 j=1
+ D Pla)= > > Pl
j=k+1 j=k+11<i<n,
l#q
here, the equal sign holds when 35 € [1,7], and P(y;,,) = 1 for Vi € [1,k],i # j.
k k k n
= ZP(ijj)—k—i—ZP(xJ pr];yj Z P(x;5,yq)
7j=1 j=1 j=1 j=k+1
k
= Y|P, + P = Plagu)] + Y Plagy) + Pleg.y) — k
j=1 k+1<;<n,

Jj#q
To summarize

P(ylzlv . 7yk:ck7yq)

k
> Z{ (j,,) + Plz;) —P(Ijvyj)] + Y P(xj,yg) + Plag,y) —k
j=1 k+1<j<n
J#4q
and the equality of the second lower bound holds when 3j € [1,7], and P(y;,,) = 1forVi
[1,K],i # j.

For the third lower bound, if 1 < ¢ < k

P(ylgpla ey yka:k>yq)
n

= ZP(ylwla"'aykxk7xjayq)
j=1
n
Iq+1a'~'aykxk7xq7yq)+ Z P(y1m17"'7ykxkaxj7yq)
j=k+1
n
= P(ylmla"'ayq—lzq_lqu+1mq+la"'aykmkazquq)+ Z P(ylxlw'vyk’zkv‘rﬁyq)
j=k+1

= P(y1x1,...,yq_1$q_1,yq+1
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Y

+P(yla;1>---7yq71wq71ayq+1 "'7ykajk)

Tg+1’

n o n
- E E P(ylmla ""yq_lmq,l’yq“’lxq+17 "'7ykxkaxj7yl)
j=11=1

n
+ZP(£L'j) — ].
j=1
P(ylxla "'ayq—lﬂqilayq+1mq+1a "'aykg:k) -1

k
+ZP($]) - Z P(yly;la"'ayq—lmq_lqu+1mq+17"'7yk?,7;ka'rj7yj)
=1 1<j<k,
J#q

n
- ZP<y1x1’ "'7yq—1mq_1ayq+lxq+1a "'aykxk7xq7yl)

=1

+P(ylrcl?"'7yq—193q_17yq-‘rl "'aykmk7xqayq)

Tgt1’

n n n
+ Z P(‘/I;J) - Z ZP(ylzﬂ""yq—lmqfl’yq+1xq+1’"'7ykmk7$jayl)
j=k+1 j=k+11=1

n
+ Z P(y1x17"'7ykzkaxj7yq)
j=k+1

P(ylmla "'ayqflwq717yq+1 7yk:1:k) -1

Tgt1’

k
+ZP($J) - Z P(ylgh?"'7yq71$qilqu+lmq+lv~~'7ykxk7xjvyj)
j=1

1<;<k,
J#aq
- Z P(ylzla"'7yq71$q717yq+lxq+lv"'7ykzk7xq7yl)
1<i<n,
l#q
n n
+ Z P(.’L'])— Z Z P(y1w17"'7yQ*1a;q717yq+11q+17"'7ykmk7xj7yl)
flnit j=ht11<1<n,
l#q
S Ply,) - (-2 -1
1<;<k,
J#q

n n

k
+ZP($J')— > Plaj,y)— Y, Plagy)+ Y, Pla)— Y

1<5<k, 1<i<n, j=k+1 j=k+11<I<n,

i#q I#£q I#q
here, the equal sign holds when 3¢ € [1, k], and P(y;,,) = 1 for Vi € [1,k],i # q.

S Ply,) - (k- 1)

1<j<k,
J#4q
n
+ > Plxj)+Plag) — Y Plaj,y)— Y Plagy)+ > Plzj,y,)
1<j<k, 1<j<k, 1<i<n, Jj=k+1
J#q J#q l#q
> [P, + Play) - Pl - (- 1)
1<j<k,
J#q
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1<i<n, j=k+1
l#q
= Z |:P(yja: )+ P(z;) —P(xj,yj)} —(k=1)+ P(zq,yq) + Z P(x;,yq)
1<j <k, Jj=k+1
J#q
> > [Plys,,) + Plag) = Plag,y)] + Plegyg) — (k= 1)
1<5<k,
J#q

here, the equal sign holds when P(x;) = 0 forVj € [k + 1,n].

The equality of the third upper bound holds when 3¢ € [1, k], and P(y;,,) = 1, P(x;) = 0 for Vi €
1,k],j €[k+1,n],i#q.

For the second upper bound

n
P(ylxlv"'aykmkayq) = Zp(ylmla"wykmkaxjayq)

.
I
—

n

P(ylzpl)"'aykxk7xj’yq) + Z P<y1w17"'7ykmk?$j7yq)

[
™=

j=1 j=k+1
n
P(ylxla---aykxkqu) = P(ylxlv'-'aykq;kaxquq)+ Z P(yla:l,"'vyk;ckvxj)yq)
j=k+1
n
< P(xquq)+ Z P('rjqu)
j=k+1
here, the equal sign holds when P(y;,,,) = 1 for Vi € [1, k].
= P(zquq)+ Z P(xjqu)
k+1<j<n,
i#q
P(ylzla"'aykmk7yq) = Z P(ylzla"'aykrkazjayq)
J=k+1
< Z P(z;,yq)
Jj=k+1

here, the equal sign holds when P(y;,,,) = 1 for Vi € [1, k].
= P(zg,yq) + Z P(z;,yq)

k+1<j<n,
Jj#q
To summarize

P(ylxla"'aykxk7yq) S P(quyq)+ Z P(xjqu)
k+1<j<n
J#q

and the equality of the second upper bound holds when P(y;,.,) = 1 for Vi € [1, k].
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For the remaining upper bounds, Vj € [1, k:
P(ylajl v Ykay s yq)

n
= > Py Yoy Tirya) + Plys, ) — Plys,)

=1
n
= § P(ylgpl?"'vykmk7xi7yq)+P(ijj)
i=1
- E P(yilxla"'7yij_1xjilaijjvyij+13:j+1a"'ayikwkaxik+17yik+2)
{it,esij—1,8541, Ty}
{1, m}E L

Since ¢ # jfor1 < j <k,

P(ylzlw'wykmkﬂyq)
P(ij]) - - Z - P(yilzl7"'7yi1711j717ijjayij+1zj+l7"'7yikmk7xjayj)

IN

here, the equal sign holds when P(z;) = 0, P(y;) = 0 and P(z¢,,y:,) =0
forVj € [k +1,n],Vt1,ta € [1,k] and t1 # to.

= PWi,,) = P, s)

= Pyi,,) — P(jy;)

The equality of the third upper bound holds when P(x;) = 0,P(y;) = Oand P(z,,y1,) =
0forVj € [k+1,n],t1,t2 € [1,k] and t; # to. O

A.1.4 Probability of necessity(k, p, q)

Theorem |§] (Probability of necessity(k, p,q) (PN(k,p,q))). Suppose variable X has n values
T, ...,y and Y has n values yi, ..., yn, k < n, then the probability P(y.,,, ...,ykrk_,zp,yq),
s.t., p# j for1 < j < kis bounded as following:

0,

k
<
- [P(ym) + P(x;) —P($j7yj)] + P(ayyyg) —k [ S PWier - Yoo T ba)
=1

J

. P(xpayq)a
mm{ Plys, )~ Pajyy), € {1k} | 2 PWtan o Uhan o)

Proof. By Fréchet Inequalities, we have,

P(Ay, ..., Ay)
P(Ay, ..., Ay)

0,

>
< P(4;), forvVl < j <n.

Thus, we can obtain the first lower bound and the first upper bound,

P(ylzlw'wykmkﬂ‘rP?yCI) 2 0
P(ylzlw“aykxwxpqu) < P(‘Timyq)‘

The equality of the first lower bound holds when 35 € [1, k], that P(yjmj) =0orx, =0o0ry, =0,
pF#J
The equality of the first upper bound holds when P(y; wj) = 1forVj € [1,k].

25



For the second lower bound

Y

P(y1w17'“7yk:1;kﬂ‘rp7yq)
P(ylzla oy Yk xpayq) + P(ylmla ) ykmk) - P(ylmla aykxk)

n

P(ylwla '“7yk;1;k) + P(y1$17 "'7y}€zk7xp7yq) - Z P(ylzla ---7ykwk,l’j7yl)
j=11=1
n
P(ylwla -"aykwk) + P(y1z17 ""ykwk7xp’yQ> + ZP(‘TJ) -1
j=1
k n n
_Zp(ylmla""ykxkazj?yj) - Z Zp(ylmlv"'aykxkamjvyl)
j=1 j=k+1 I=1
P(Yigys s Ykay,) — 1
k k
+ZP($]) - Zp(ylm17"'7ykzk7xj7yj)
=1 j=1

n n

n
+ Z P(:BJ) - Z ZP(ylﬁla“'aykmkajayl) +P(ylmla"'aykxk7mpqu)
j=k+1 j=k+11=1

k
P(ylmla "'aykxk) -1

k k
+ZP($]) - ZP(y1117”'7ykzk7xj7yj)
j=1 j=1
+ Z P(irj) - Z Zp(ylzla"wykxkuxjayl) - Z P(ylmla"'aykzkvxp7yl)
j=k+1 k+1<j<n, I=1 1<i<n,
J#p I#p
k
Ply;,) —(k—1)— 1
j=1
k k n
+Y Pla) = > Plajy)+ Y, Plag)— > Play)— Y. Pla,y)
j=1 j=1 j=k+1 k+1<j<n, 1<i<n,
J#p l#p
here, the equal sign holds when 35 € [1,7n], and P(y;,,) = 1 for Vi € [1,k],i # j.
k k k
D Py, —k+ Y Play) =Y Plaj,y;) + Play) = > Plag,y)
j=1 j=1 Jj=1 1<i<n,
I#p
k
[Py, + Plas) = Plaj,u)] + Play, ya) — k
j=1

The equality of the second lower bound holds when 3j € [1,n], P(y;,,) = 1 for Vi € [1,k],i # j.

For the remaining upper bounds, Vj € [1, k]:

P(ylmp"'?ykmkvxpayq)
PW1zys 0 Ykay> Tpr Yg) + Ps, ) — PYi,,)
P(ylajl)"'vyk‘xkvxpayq) +P(y]m7)

_ E P(yilml,.--7yij—1m]._17yja;jay’ij+1xj+1,-..,yik1k7$ik+17yik+2)
{81, y85 1,05 41,- k2 }
kil
e{1,....n}*"
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Since p # jfor1 < j <k,

P(ylxla "'7ykxkaxp7yq)

IN

P(ijj)— E P(yilzl,..-7yijflmj_1vijjayij+1mj+17...,yikwk,fl,'j,yj)
{81,085 = 1,054 1,000k )
e{1,...n}F "

here, the equal sign holds when P(z;) =0, P(y;) = 0 and P(x4,,ys,) =0
forVj € [k + 1,n],Vt1,ta € [1, k] and ¢ # to.

= Ply,,) = PWi,,» i ¥s)

= P(yi,,) — P(xj,y;)

The equality of the second upper bound holds when P(z;) = 0,P(y;) = 0and P(zs,,yt,) =
OfOI'VjG[k—Fl,n],tl,th[l,k] andtl#tz. [

A.1.5 Equivalence Class in Probability of Causation

Theorem [6] (Equivalence classes in probabilities of causation). Suppose variable X has n values
L1y .oy Ty, Y has mvalues yi, ..., Ym:

* Case 1: Let Y' have n values ', ..., y,,. W.L.O.G., let k < m < n.
Then the bounds of the probability, P(y1,,, ..., Yk, ), is exactly the same as the bounds of
the probability, P(y . ;- Yj,, )» Where

P(y,,) =0,P(y) =0, form+1<1<n1<j<n,

and, P(y}, ) = P(yi,, ), P(a;.yf) = Pl ), for 1 <1< m,1<j<n.

* Case 2: Let X' have m values x',, ...,x},. WL.O.G., letk < m < n.

Then the bounds of the probability, P(yTx L5 s Yk, ) 18 exactly the same as the bounds of
the probability, P(y . ;- Yj,, )» Where

P(yj,) =0,P(Yms,) =1,P(x)) =0, form+1<1<n1<j<m-—1,
and, P(y;,,) = P(yj,,), P(z1,y;) = P(zy,y;) for1 <1<m,1<j<m.

Proof.

Case 1:

Following (Tian and Pearl [2000]], the bounds of PNS are determined by a corresponding linear
programming formulation. Therefore, to prove this theorem, we will show that the two probabilities
share exactly the same linear programming formulation.

First, the bounds of PN S of treatment X with outcome Y are determined by the following Linear
programming formulation:

+min § : P12~~-kjk+l-~jnjn+1

{Gk+152dnsdn+1}
€{1,..,n}nFH

and along with linear constraints:

E Pijseninin = 1

{G1ssdnsdn+1}
e{1,...,n}" 1t

P;

Vv
o

1J2--Jnint1
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> Plsjujen
{j27~-jn7jn+1}
e{1,....n}"
2 : P2j2mjnjn+1
{425 sdndns1}
e{1,....n}"
> Prjs.jnjnia
{j27---7jn7jn+1}
e{1,....n}"
E Pii1js..gninsa
{41,98s-sJn>dn+1}
e{1,....n}"
§ Piin—1js..jnjnia

{j17j37---1jn ;jn+1}
e{1,....n}"

E Piija o 11Gnia

{71, dn—1,dn+1}
e{1,..n}"

>

{J1,Jn—1,dn+1}
e{1,....n}"

lejZ---jnfln_ljnﬁ»l

Pan--'jnl =

{j2s--sdn}
e{1,...,n}" 1

E: Pii1js.gu2 =

{J1:93--2dn}
e{1,...,n}"" 1

28

= P,,)

= P(ys,,)

= P(yéflwl)

= P,,)

= P(y;—lm)

P(y1,,)

P(xlvyll)

P(xlvyé)

P(xlay;z)

P(anyi)



E: len.j3"'jn2 =
{41:335+-25n}
e{1,...,n}"" 1
E: lejz»--jn—ﬂn =
{J1sdn-1}
e{1,..,n}" "1
§: lejZ“‘jn—ln*ln =
{G1sosdn—1}
e{l,....,n}" 7t

P(mQay;L)

P(zn,y1)

P(mrn yizfl)

Second, the bounds of PN S of treatment X with outcome Y are determined by the following Linear

programming formulation:

+min

>

{Jk+1sdn} Jnt1=1
e{1,...,m}""*

and along with linear constraints:

E : § : PJ1]2 Jnin41

{le 7.771} Jn+1=1
e{1,..
P oo gngnir
E , E , PlJz-»-jnjn+1
{j2,--Jn} Jn+1=1
e{1,...,myn~1!
E , E , P2J2-»~jnjn+1
{]2 Jn} Jn+1=1
G{l }n 1
E : E : PmJ2~~jnjn+1
{42s0sdn}  Jner=1
e{1,...my~1*
E : E : J11j3. . Jnin+1
{41:335--5dn} dnt1=1
e{1,..,my"!
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n
> Pio kjsir s

P(ylzl)

P(yQIl)

P(ymx1>

P(y1,,)



n
Z : : PJImJSJan+1

{J1,48,--2dn} Jn+1=1

n
§ , E  Piadutin

{71, dn=1} Jnt+1=1
e{1,....m}" 1

n
> 2 Phseedeiminn

{71, dn-1} In+1=1

§ P1j2...jn1 =
{j21-~~jn}
e{1,...,myn1*
E: P2j2 jnl =
{j21-“7jn}
e{1,...,myn1*
> Prjpja =
{j2,sdn}
e{1,....,m}""!
> Pitjsje2 =
{J1,J3,sdn }
e{1,....,m}""!
§ lemj3jn2 =

{J1:935--2dn}
e{1,...,myn"1!

2

{j1,sdn—1}
e{1,....m}" "1

Pjjsjnin =

30

P(yma:z)

P(ylxn)

P(ymmn )

P(wl»yl)

P(fl»yz)

P(xlaym)

P(332>y1)

P($27 ym)

P(x'fhyl)



Z lejz...jn,lmfln = P(xnvymfl)

{J1,dn—1}
e{1,....,m}""!
E: Pjijojuamn = P(zn, Ym)
{j17"~7j7171}

e{1,....,m}" !

By setting
P(y,,) =0,P(y;) =0
form+1<I<nand1 < j <n,andkeeping
PWi,,) = PWix,), P(xj,y;) = Plaj, u)
for1 <!l <mand1 < j < n, the two formulations are identical.

Case 2:

Again the bounds of PN S of treatment X’ with outcome Y™ are determined by the following Linear
programming formulation,

m
+min g E Pra. kjpir . dmne. g

{Jk+1:-Jm} Int1=1
{1 mim

and along with linear constraints:

m
E E Pj1j2~-~jmn~-~njn+1 =1

{jl"--wjm,} jn+1:1
ef1,...mym

v
o

Pjja.jmn..njnia

m
Z Z P1j2-~-jmn...njn+1 = P(yla:’1>
1

{j2,---dm} Int1=
L)t

m
Z Z P2-j2"'jmn"'njn+1 = P(y2$,1>
1

{j2,sdm}  In1=
e{1,...,m}pm=1

m
Z Z Pm_1j2<~~jnzn---njn+1 = P(ym—lz’l)

{j?v"'f.jm} jn+1:1
e{1,...m}m~1t

m

> > Pitjsdmnmine = P

{jl:st"'7j17L} Jnt1=1
el m)m

m

E E Pjim—1js.jmn.mjny = PUm-141)

{71,935--2Jm} Int1=1
6{1,4..,m}""’1
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m

POEEDY

{j1ssfm—-1} Jn+1=1
e{1,...mym-1!

P;

m

PR

{j1ssdm—1} Jny1=1
e{1,...,mym-1

P:

Z P,
{j2s-dm}
6{1, ’m}m,—l
Z Paj,
{G2ssdm}
e{1,...m}™ 1
. Pu
{j27"-ajm}
6{1,4..7?’”}7"71
Y. P
{71,33,--2m }
6{1,4..,7’71}""71
Z Pjimjs..

{51,935+ 20m }
e{1,...m}ym1*

>

{jlvn-vjwz—l}
e{1,...,m}m!

>

{J1sdm—1}
6{1,-4.,7’71}7"71

Jmmn..

Jmme...

Pj1j2~~jm_11n...

Pj1j2~~jm71mfln..‘
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J1J2---Jm—11ln...

Jij2.-Jm—1m—1n...

nl

nl

nl

.n2

n2

Njn41

Njn41

P(ylx/ )

m

P(ymflﬂn)

P(xlayl)

P(xllﬁyZ)

P(z}, ym)

P(xévyl)

P(x, ym)

P(x;nvyl)

P(x;nn ymfl)



Z Pj1j2~»jm—1mnmnm = P(x;naym)

{J1sosdm-1}
e{1,....m}m1!

And the bounds of PN S of treatment X and outcome Y are determined by the following Linear
programming formulation:

n
+min z : E : P12'~-k7jk+1-'-jnjn+1

{Jkt1502dn} Int1=1
e{1,..m"~*

and along with linear constraints:

Z : z : J1j2-- jnjn+1 = 1

{J1ssdn} Int1=1
e{1,....m}"

P.

J1J2--Jnin+1

Z Z Pl]2~~-jnjn+1 = P(ylml)

{j2,---dn} Jn41=1
efl,...,m}n?

Z Z P2]2~~-jnjn+1 = P(y2m1)

{.7‘2)~~7]‘n} Jn+1=1
{1, om}n?

v
o

Z Z P 2. Jnint1 P(ymflwl)

{.727 7Jn} Jn+17
6{1 m}n 1

Z Z P11J3~-jnjn+1 = P(y1Z2)

{J1:935--2dn} Jn+1=1
e{1,mynt

Z Z lem 1j3. Jnjnt1  — P(quxz)

{J1,335,dn} Int1=1
6{1 m}n 1

Z Z Pjjocgnitiny = P(ylxn)

{71, dn-1} Int1=1
e{1,....m}" 1
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By setting

n
E E P im—1jn

{1, dn-1} Jn+1=1
e{l,...,m}"1

Z P77Lj2..

{J2s2dn}
ef{1,...,m}" "

> P

{J1:93--3dn}
e{1,...,m}"""

> Pimis.

{41:93,--,0n}
e{1,...,myn1

2. 1

2. 1

'j’VLl

'j7l2

n2

E  Pjjyejuiin

{jl:--vjnfl}
e{1,....m}" "1

E : Pj1j2~-jn—1m—1n

{J1,-sdn—1}
L my

= P(ymflzn)

P(xhyl)

P(z1,y2)

P(xlaym)

P(9€27y1)

P(x% ym)

P(xnvyl)

P(fruym—l)

P(‘rl) = O,P(ijl) = Ovp(ymx,) =1
form+1<I<nand1 < j <m — 1and keeping
P(yi,,) = PYj,), Plx,y;) = Plar, y;)

for1 <1 <m,1 < j < m,the two formulations are again identical.

The proofs of equivalence for the other three theorems (Psub(K, p), PRep(K, q), and PN(K, p, q))
O

can be derived using similar steps outlined above.

A.1.6 Replaceability in Probability of Causation

Theorem [7] (Replaceability in probabilities of causation). Suppose variable X has n

values x1,...,xn, and Y has n values y1,...,Yn,
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P(ylwl, o Yiolg, > Yig, Yitla, oo ykwk), can be obtained by replacing y; .. with Yiu, for any 1,
such that 1 < i < n, in the bounds of the probability, P(y1,,, - Yk, )-

Proof. By replacing each term of y;,, withy; in P(y1,,, ..., Yk, ), and following the same steps
used in the proof of Theorem 2] (see |AT1_T|) we obtain exactly the same upper and lower bounds as
the bounds of P(y1,, 5 Yi-1,, . Yig,» Yitlay 1o Ykay)-

The proofs of replaceability for the other three probabilities of causation (i.e., Psub(K, p), PRep(X, q),
and PN(K, p, ¢)) can be derived by replacing the term y;,, with Yie, first and then following the

same steps (as in[A 1.2} [A.1.3|[A.T.4) outlined above. O

A.2 Calculation in the Examples
A.2.1 Marketing strategy

The experimental data provide the following estimates:
P(y1,,) = 46/300, P(ya,, ) = 23/300, P(ys,,) = 231/300,
P(y1,,) = 270/300, P(y2,,) = 8/300, P(y3,,) = 22/300,
P(y1,,) = 40/300, P(ya,,) = 223/300, P(ys,,) = 37/300.

The observational data provide the following estimates:
P(x1,y1) = 131/900, P(x1,y2) = 68/900, P(x1,ys) = 1/900,
P(xa,y1) = 45/900, P(x2,y2) = 22/900, P(z2,ys3) = 51/900,
P(x3,y1) = 38/900, P(x3,y2) = 483/900, P(z3,y3) = 61/900.

By Theorem [2and Theorem 7] we derive the following bounds of the target probability of causation
P(ylml y Y2455 y3m3):

0,
P(y3m1) + P(ylwg) + P(y2m3> — 2’

( )P(y?,gzl);‘P(fﬂ(ﬂ —1;(5514{3) )
+P(Y1,,) + P(x2) — P(x2,y1) + P(x3,92) — 2,
max T2 S P(Y30,1 Yz Y22,)

P(y3x1)+P(x1) 7P(x1>y3) r? 2 o3

+P(y2z3)P+( P(I)B) *PI(D(JS)&ZJQ;(JF P(ﬂﬂ)%yl) -2,
Yiz,) T E(22) — P(T2,91

+P(y2,,) + P(x3) — P(z3,y2) + P(z1,y3) — 2

P(x17y3) +P(:EQayl) +P(x37y2)7
P(y?)a;l)a
P ylxz)a
P(y21:3)7
min P(y311)+P(y1m2) (w17y3) P(x27y1)7 > P( )
P(y3,,) + P(y2,,) — (xl,y3§ ]12(953;212)7 = Y3215 Ylasr Y2as

P(y1,,) + P(y2,,) — P(z2, 11 (73,12),
3 Pse,) + Plyra,) + Ploe,)

—P(z1,y3) — P(22,91) — P($3,y2)}

Thus,
0,
(231 + 270 + 223) /300 — 2,
max ¢ (2314 270)/300 + (131 + 68 + 22 + 51 + 483)/900 — 2, < P(y3x1,y1x2,y2x3)
(231 + 223)/300 + (131 + 68 + 38 + 61 + 45)/900 — 2,
(270 + 223)/300 + (22 4+ 51 + 38 + 61 + 1)/900 — 2
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(1 + 45 + 483) /900,
231/300,
270/300,
223/300,

min (231 + 270) /300 — (1 + 45),/900, > P(Y3z,» Ylay» Y2u,)

(231 + 223)/300 — (1 + 483),/900,
(270 + 223)/300 — (45 + 483) /900,

1 [(231 + 270 + 223)/300 — (1 + 45 + 483) /900}

Overall,
0.509 < P(y3m17y1z2,y2m3) < 0.588

A.2.2 Personal Decision-Making on Supplement Use

The experimental data provide the estimates:
P(y1,,) = 195/300, P(y2,,) = 51/300, P(ys,, ) = 54/300,
P(y1,,) = 11/300, P(y2,,) = 266/300, P(ys,,) = 23/300,
P(y1,,) = 80/300, P(y2,,) = 198/300, P(ys3,,) = 22/300,
P(y1,,) = 100/300, P(y2,,) = 147/300, P(ys,,) = 53/300

The observational data provide the estimates:
P(z1,y1) = 67/1200, P(x1, yo
P(z9,y1) = 11/1200, P(z2, yo
P(z3,y1) = 53/1200, P(x3, yo
P(zy4,y1) = 46/1200, P(x4, yo

1
17/1200, P(24, y3) = 87/1200,
53,1200, P(x3,y3) = 70/1200,
436/1200, P(x4,ys) = 38/1200

~— — — ~—

29/1200, P(z1,y3) = 193/1200,

We plug the experimental and observational estimates into Theorem [5|and Theorem|[7]to obtain the

following bounds:

0,
P(yi,,) + P(21) — P(z1,y1)+ p
1 <
max P(wa ) P(xg) _ P(l‘g,yz) > (y1x17y2x27y2x37x4?y2)

+P(y2,,) + P(x3) — P(x3,y2) + P(x4,y2) — 3

P(x
(ylxl)
P(yz.Lz)
(y213)

Y2),
($1791)>
(($27y2)7

,J>

7

min Z P(y1x17y2x2a3123;373347y2)

Thus,

0,
max { (195 + 266 + 198)/300+ < P(ylwl Y Y2250 Y2245 T4, y?)
(

+(129 4193 4 11 + 87 + 53 4 70 + 436) /1200 — 3

436,/1200,
195/300 — 67/1200
266/300— 17/1200 > P(y1x17y2127y2x3,$4ay2)
198/300 — 53/1200
Overall,

0.0125 < P(y1z17y2m25y2z37$47y2) < 0.363
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