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ABSTRACT

The study explores the application of Grobner bases theory to

medical statistics, specifically in the context of confounding relationships in epidemiological studies.

Grobner bases provide a method for analyzing whether certain effects in experimental designs are

confounded. The methodology involves constructing a linear combination model within a polynomial ring,

where the confounding relationships can be analyzed using Grébner bases. The study illustrates this with

examples, showing how confounded interactions can be identified and how certain parameters cannot be

determined simultaneously due to these confounding effects. The discussion emphasizes the importance of

considering confounding in study design and analysis to accurately estimate causal effects. The study

concludes by suggesting that the generalized approach to confounding relationships could be applied to

real-world data, potentially improving the understanding and application of these models in medical

statistics.

Keywords: Real-World Data, Administrative Claims Database, Grobner basis, Groebner basis, Grobner

basis, Statistical Design, Confoundings, Linear Combination Model
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1  Introduction

Application of Grdobner bases theory to experiments is an topic in medical statistics, which is
called computational algebraic statistics.(Cox et al., 1997; Aoki et al., 2012) The confounding relation can
be generalized designs and expressed concisely using the Grobner bases theory. In fact, the problem of
judging whether two effects are confounded or not is equivalent to the problem of ideal membership. The
ideal membership problem is solved by calculation of a reduced Grébner basis of the design ideal. (Aoki
and Takemura, 2012)

Grobner bases theory is applied to such as polynomial equation solving and algebraic relations.
(Bose, 1995). The purpose of this study is to generalize confounding relations of epidemiology in linear

combination models.

2 Methodology
This study was approved by the Ethics Committee of Nara Medical University (approval no. 1123-7,
October 8th, 2015). The need for consent was waived by the ethics committee. In polynomial ring

K[xy, ..., X, ], we constructed a linear combination model as follows. (x; lying in {0, 1}, a, E R y € R)

2(2M)-1

y= Z {akﬁ(bi)kxi}

i=1

where (b;); is defined
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Here, consider 2™ possible combinations of values of xj, ..., x,,. Thus, we have

Suppose that s elements of the jj,...,js lines are unobservable and the other (Z(Zn) — 5) elements are
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observable. In this case, xq, ..., X, satisfies the following relation fi, ..., f,,.

For a set of polynomials F = [fi, ..., fo, x,(x; — 1), ..., x,,(x, — 1) ], Grobner basis G=sp.groebner(F)

based on any monomial ordering describes exactly the confounding relationship in the model

3 Example

(1) Example 1

In the model

n

fi= H{xi + (), —1}=0

=1

fS = l_l{xi + (xl-)js - 1} =0

2(2M)-1

-

k=0

{ak ﬁ(bi)kxi}

o
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if  (xq, x5, %3) = (0,0,0)(0,0,1)(0,1,0)(0,1,1)(1,0,0)(1,0,1)(1,1,1) are observed, and (x;,%,,%3) =

(1,1,0)

is not observed, then we have

xle(X3 - 1) =0

For F = [x;x,(x3 —1),%;(x; — 1), x5(x, — 1), x3(x3 — 1) ], and G=sp.groebner(F), we have the

Boolean Grobner basis G based on the lexicographic ordering as follows.

G = [x1(xg — 1), x1%5%3 — X125, X5 (x5 — 1), x3(x3 — 1) ]

and if we focus on x;x,x3 — X;Xx,, we can see that the third-order interaction X, x,x;and the second-order

interaction x;x, are confounded in this model. Therefore, a; and a, cannot be obtained simultaneously

in the model

=Qg+ a1X3 + Ay Xy, + A3X,X3 + AxX1 + AcsX X3 + AgX1X; + A7 X1 XX
0 1X3 2X2 3X2X3 4X1 5X1X3 6X1X2 7X1X2X3

(2) Example 2

In the model

=qg+ a1X3 + Ay Xy + A3X,X3 + AxXy + AsX1X3 + AgX1 X, + A7 X1 XX
0 143 242 34243 441 54143 6142 741243

lf (xll xZ' x3) = (OIOIO)(Olllo)(Ollll)(11()!0)(1'0)1)(1!1!1) are Obsel’VCd, and (xll xz,X3) =

(1,1,0)(0,0,1) are not observed, then we have
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xle(X3 - 1) = 0

(1 = D(x; = Dx3 =0

FOI‘ F = [xle(x3 - 1), (xl - 1)(x2 - 1)X3, xl(xl - 1), xZ(xZ - 1),X3(X3 - 1) ], alld

G=sp.groebner(F), we have the Boolean Grobner basis G based on the lexicographic ordering as follows.

G = [x1(xg — 1), %1% — X1X3 — XpX3 + X3, X2(X2 — 1), x3(x3 — 1) ]

and if we focus on x;x, — x1X3 — X,X3 + X3, we can see that (x5 + x;X,), and (x,x3 + xyx3) are

confounded in this model.

In the model,

YV =09+ a;x3 + ayXy + A3XX3 + AgXq + A5X1X3 + AgX1 Xy + A7X1X3X3

Y= ag+ a;(x3 + x1%) + ax; + az(xx3 + x1x3) + ayx; + (as — az)x x5 + (a6 — a)xx;

+ a;x1xX,x3

a,, and ascannot be obtained simultaneously.

4 Discussion

Consideration of confoundings is fundamental to the design, analysis, and interpretation of

studies in order to estimate causal effects. (Greenland and Morgenstern, 2001) In this study, I generalized

confounding relations of epidemiology in linear combination models. This allows confounding in a binary

variable model to be expressed concretely, as illustrated by the above examples. Furthermore, by using the
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dummy variable concept, confounding in models with more than three values can also be expressed

concretely.

5 Conclusions

In this study, I generalized confounding relations of epidemiology in linear combination models.

Future application of this method to real-world data is expected to enhance understanding of the model.
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