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University, Otsu, Japan an analysis of temporal higher-order networks of ingredients derived from such recipe

streams by focusing on the framework of simplicial complex. Previous work found
interesting properties of temporal simplicial complexes for the human proximity
interactions in five different social settings by examining the configuration transi-
tions before and after triplet interaction events corresponding to 2-simplices. In this
paper, as an effective extension of the previous work to the case of higher dimensional
n-simplices corresponding to newly published recipes, we propose a novel method
of configuration transition analysis by incorporating the following two features. First,
to focus on changes in the topological structure of temporal simplicial complex, we
incorporate analyzing the transitions of boundary-based configurations. Next, to focus
on the temporal heterogeneity in usage activities of ingredients, we incorporate
analyzing the transitions of active configurations by introducing the activity degree

of configuration. Using real data of a Japanese recipe sharing site, we empirically
evaluate the effectiveness of the proposed method, and reveal some characteristics
of the temporal evolution of Japanese homemade recipes published in social media
from the perspective of ingredient co-occurrences.
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Introduction

The increasing popularity of social media platforms for sharing cooking recipes is ena-
bling us to investigate creative homemade recipes of ordinary people. Recently, the
interest in food science and computing has been growing (Min et al. 2019), and the data
analysis methods from network science have also been used to explore the co-occur-
rence properties of ingredients in recipes (Ahn et al. 2011; Teng et al. 2012; Jain et al.
2015). Here, networks provide a fundamental framework for modeling complex systems,
and network-based analysis has been successfully applied to various areas including
social media analytics and behavioral and social sciences (Barabdsi 2016). In traditional
network-based models, graphs have been widely used, where vertices represent the ele-
mentary units of the underlying system, and edges encode their pairwise interactions
and relationships. However, in many real-world systems, it can be important to analyze
interactions among more than two units (Benson et al. 2019. For instance, people mostly
communicate in groups, more than two species can interact in an ecosystem, social top-
ics can often be explained by multiple keywords, and a cooking recipe usually consists of
more than two ingredients. For modeling such higher-order interactions, attention has
recently been devoted to using hypergraphs and simplicial complexes since traditional
graphs cannot give faithful representations (Preti et al. 2021). Hypergraphs are one of
the most natural generalizations of graphs, where the concept of an edge is generalized
to a hyperedge described as a subset of vertices. Simplicial complexes are a special case
of hypergraphs, satisfying the downward closure property (Preti et al. 2021), where the
generalization of an edge is called a simplex. Theory of simplicial complexes has a close
relation with algebraic topology (Croom 2007), and modeling frameworks based on sim-
plicial complexes have been successful in developing new insights into several research
problems including brain organization (Saggar et al. 2018), protein interaction (Estrada
and Ross 2018) and social influence spreading (lacopini et al. 2019). In this paper, by
focusing on the framework of a temporal simplicial complex, we consider the dynami-
cal properties of higher-order relationships among ingredients appearing within a recipe
stream, consisting of recipes with time-stamps, that is generated through diverse user
interactions on a social media platform dedicated to sharing homemade recipes (see
the “Datasets and experimental settings” section in the “Experiments” section for more
details on such recipe stream data).

For an analysis of growing simplicial complexes, Benson et al. (2019) explored a higher-
order link prediction problem for 19 datasets from various domains in terms of simpli-
cial closure, and revealed fundamental differences between higher-order networks (i.e.,
simplicial complexes) and traditional dyadic networks (i.e., traditional graphs). Unlike
link prediction such as simplicial closure, Cencetti et al. (2021) found interesting proper-
ties of the temporal simplicial complexes derived from human proximity interactions for
five different social settings in terms of configuration transitions. More specifically, for
each event corresponding to a 2-simplex (i.e., an interaction among exactly three peo-
ple), they analyzed the configurations among the three people involved one step before
the interaction and one step after it, and revealed the characteristics for transitions of
the configurations. However, in the case of n-simplices with # > 3, such configuration
transition analysis was not performed. In fact, this analysis method can intrinsically suf-
fer from combinatorial explosion, i.e., the number of possible configurations can become
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very large as the dimension # of simplices to be considered gets increasingly larger. Thus,
it is desirable to develop an effective and efficient approach for configuration transition
analysis.

In this paper, we effectively extend the previous work to higher dimensional #-sim-
plices, and consider the problem of analyzing configuration transitions for a temporal
simplicial complex of ingredient co-occurrences derived from a recipe stream. Here,
first assuming that nice homemade foods can be made through fascinating combinations
of ingredients, we focus on each combination of the # ingredients for a recipe consist-
ing of (n + 1) ingredients as a first-step. Next, assuming that ingredients used in reci-
pes can strongly depend on season and trend, we also take temporal usage patterns of
ingredients into account. We thus present a novel method of configuration transition
analysis from the following perspectives: First, aiming at effectively capturing changes in
the basic qualitative features of ingredient combinations in recipes, we focus on changes
in the topological structures of simplicial complexes before and after occurrences of
n-simplices corresponding to newly published recipes, and propose analyzing the tran-
sitions of boundary-based configurations according to homology theory (Croom 2007)
from algebraic topology, instead of examining all possible configurations. Next, for the
n-simplices corresponding to new recipes, we propose analyzing the transitions of active
configurations around them by introducing the activity degree of configuration to focus
on the temporal heterogeneity in usage activities of ingredients in the recipe stream.
Using real data from a social media site for sharing Japanese recipes, we empirically
evaluate the proposed method for configuration transition analysis, and extract charac-
teristics of the temporal evolution of Japanese homemade recipes in terms of ingredient
combinations.

This paper extends our conference paper (Fujisawa et al. 2023) in which we pre-
sented the basic idea for analyzing the transitions of boundary-based active configura-
tions between the preceding and forthcoming periods for occurrences of n-simplices,
and showed the analysis results for a part of the dataset of Japanese recipe sharing site
“Cookpad” only in the cases of 3-simplices (i.e., # = 3) and 4-simplices (i.e., # = 4) by
setting one month as the preceding and forthcoming periods. In this paper, we first
provide the explanation of our configuration transition analysis method in more detail.
By improving the analysis method, we further propose such a framework that is able
to effectively analyze the whole picture of the configuration transitions around #z-sim-
plices over all dimensions #. We also evaluate the proposed analysis framework in other
parts of the Cookpad dataset instead of repeating the experimental evaluation for the
same dataset as in the conference paper (Fujisawa et al. 2023). To show the significance
of incorporating the activity degree of configuration, we newly compare it with a base-
line method derived as a straightforward extension of the previous work (Cencetti et al.
2021). Moreover, we examine the effect of the length of the preceding and forthcoming
periods, which is an important parameter for analysis.

The paper is organized as follows. The “Related work” section briefly mentions related
work. As preliminaries, the “Preliminaries” section briefly describes the previous work
(Cencetti et al. 2021) for configuration transition analysis of human social interactions,
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explains the temporal simplicial complexes derived from recipe streams, and introduces
several notations used in the later sections. The “Analysis framework” section explains
the proposed analysis framework in detail, and the “Experiments” section reports the
experimental results for real data. The “Conclusion” section summarizes the main

achievement and future plans.

Related work

Food science and computing have been attracting attention in recent years (Min et al.
2019). As an analysis from the perspective of complex network science, pairwise rela-
tionships between ingredients or cuisines were explored. Several researchers investi-
gated dyadic networks of ingredients for various cuisines in terms of flavor compounds
(Ahn et al. 2011; Jain et al. 2015; Park et al. 2021; Makinei and Hazarika 2022). For exam-
ple, Jain et al. (2015) analyzed ingredient networks in terms of spices for Indian cui-
sines. To make a comparative analysis of cuisines in the world, Sajadmanesh et al. (2017)
examined cuisine networks in terms of ingredients and flavors. On the other hand, West
et al. (2013) investigated population-wide dietary preferences from recipe queries on
the Web, Jiang et al. (2017) compared food cultures in the world by jointly visualizing
recipe density and ingredient categories, and Min et al. (2018) made a cross-region anal-
ysis of culinary culture by automatically extracting cuisine-course topics of recipes on
the basis of ingredient combinations. Also, a variety of food-oriented applications are
being explored. For example, complement and substitute networks of ingredients were
analyzed toward recipe recommendation (Teng et al. 2012), and it was investigated how
algorithmic solutions relate to the healthiness of recipes (Trattner and Elsweiler 2017).
However, as far as we know, there have been few attempts to analyze higher-order rela-
tionships among ingredients for home recipes. In this paper, we explore the character-
istics for the temporal evolution of higher-order relationships among ingredients for
Japanese homemade recipes published in social media.

This paper is also related to link prediction tasks. Much effort has been devoted to
studying link prediction for traditional dyadic-networks (Liben-Nowell and Kleinberg
2007; Leskovec et al. 2010; Lu and Zhou 2011). However, only a few attempts have been
made at higher-order link prediction for large real-world data since it can be computa-
tionally challenging. For example, Xu et al. (2013) provided HPLSF which is a method
of predicting higher-order links of an arbitrary order for social networks using latent
features. By restricting a set of candidate higher-order links, Zhang et al. (2018) pre-
sented Coordinated Matrix Minimization (CMM) which is a higher-order link predic-
tion method based on adjacency space, and empirically showed that CMM outperforms
several baselines including HPLSFE. As mentioned before, to reduce the computational
load of analyzing growing simplicial complexes, Benson et al. (2019) focused on sim-
plicial closure phenomena and examined higher-order link prediction in terms of sim-
plicial closure. On the other hand, there is an increasing interest in analyzing simplicial
complexes from the perspective of data science. In fact, such an analysis framework has
been successfully applied to various real problems (Saggar et al. 2018; Estrada and Ross
2018; Iacopini et al. 2019), and novel generalizations of methods for traditional graphs
are being developed for simplicial complexes. For instance, Shaub et al. (2020) studied
diffusion processes, random walks and Laplacians on simplicial complexes, and Preti
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et al. (2021) developed an efficient algorithm for truss decomposition of simplicial com-
plexes. Also, random simplicial complex models have been mathematically investigated
(Bobrowski and Krioukov 2022). In this paper, as with Cencetti et al’s work (2021), we
analyze the configuration transitions in a temporal simplicial complex that are associ-
ated with new higher-order events.

Preliminaries

We consider a recipe stream R from a social media platform of sharing recipes, where
R is a set of recipes with time-stamps. For each recipe r € R, let #(r) denote the time-
stamp of . Here, we measure £(r) by using one day as unit of time. We explore the evo-
lution of higher-order relationships among ingredients obtained from the discrete-time
event history R through a configuration transition analysis before and after the publica-

tion of a new recipe in R.

Previous work
We begin with revisiting the previous work (Cencetti et al. 2021) for configuration tran-
sition analysis of temporal evolution of higher-order social interactions.

Unlike link prediction tasks such as simplicial closure (Benson et al. 2019), Cencetti
et al. (2021) explored the temporal evolution of the higher-order structure of human
proximity interactions in terms of configuration transition. They said that a group of #
individuals is formed if there are all pairwise interactions among them during some time
period. Here, higher-order interactions among people happen in a group of them. For
each event corresponding to the formation of a group of # individuals, they addressed
the relational structures around the n people at the preceding and forthcoming periods.
In particular, they focused on group formations involving exactly three individuals (i.e.,
triplet interaction events), and investigated the transition rates of the relational structures
around three people before and after a triplet interaction event. Here, as for possible con-
figurations around three individuals, there are the following four classes. In the first class,
there are no pairwise interactions among them, i.e., there are no groups including two
of them. In the second class, there is only a single pairwise interaction among them. In
the third class, there are only two pairwise interactions among them. In the fourth class,
there is a group including all of them. For five different social settings, they empirically
demonstrated that the configuration transitions towards and from social triplet interac-
tion events are characterized by the above second and third classes (Cencetti et al. 2021).

Vo Vo

V1 VU2 %1 V2
(a) Geometric realization of g (b) Geometric realization of 1

Fig. 1 Example for topological structures of simplicial complexs. Consider 2-simplex S = {vo, v1,v»}, and its
boundary-faces So = {v1,v2}, S1 = {vo,v2}, S2 = {vo, v1}. Suppose that simplicial complexes at time-step 0
and time-step 1 are Ko = {So, 51,52, {vo}, {v1}, {v2}} and KCy = {S, S0, 51, 52, {vo}, {v1}, {v2}}, respectively. Then,
the first homology groups are given by H1 (KCo) = Z and Hy (K1) = {0}. Namely, [KCo]has one 1-dimensional
hole, while [/C1]1has no 1-dimensional holes. This implies that the topological structures of [KColand [/C1]are
different, and Ko and KCyare qualitatively distinct
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Temporal simplicial complex from recipe stream

Given a finite set of vertices V, a k-simplex S is a subset of V with |S| =k + 1 for a
non-negative integer k < |V, and a simplicial complex K is a set of simplices which
satisfies the following downward closure property (see Schaub et al. 2020; Preti et al.
2021): For every simplex S € K, all subsets of S belong to K. Here, for each subset
S’ of simplex S with |S'| =k’ + 1, §' is called a k’-face of S, and S is called a coface
of §'. Also, for a k-simplex S, k is referred to as the dimension of S. Simplicial com-
plex IC corresponds to a polytope [K] called its geometric realization, and is studied in
the field of algebraic topology (Croom 2007). For an integer k with 0 < k < |V]and a
k-simplex S = {vgp,v1,..., v}, the boundary dS of S consists of its (k — 1)-faces

S():{Vl,...,vk}, Sl = {V(),Vz,...,vk}, I SkZ{V(),V1,...,Vk_1}

which are (k — 1)-simplices in K (see Fig. 1). We refer to S; as boundary-face of S for each
j=0,1,...,k. By algebraically examining the simplices in K and their boundaries, the k’
th homology group of K, Hy (K), is defined for any integer k' with 0 < k' < |V|as a global
geometric structure of the polytope [K] corresponding to K (Croom 2007). It is known
that Hy(KC) algebraically expresses information of the connected components in [K], and
Hjs(K) algebraically represents information of the k’-dimensional holes (i.e., the holes
with a k’-dimensional boundary) in [K] for each k' > 1 (see Fig. 1). In this paper, for con-
figurations around new simplices appearing in a temporal simplicial complex, we con-
sider focusing on their boundary-faces from the viewpoint of the topological structures
of simplicial complexes through the homology theory.

As for recipe stream R, we choose a set of ingredients as V, and consider the set of
recipes at each time-step ¢,

R = {reR|t@r) =t}

We focus on a simplicial complex K;, which is defined from R; through ingredient
co-occurrences in the following way: A subset S = {vp,..., v} of Vwith [S| =k + 1is
called a k-simplex at time-step t if there is an r € R; such that ingredients vy, . .., v are
included in recipe r. IC; is defined as the set of all simplices at time-step £. We refer to
{Kt} as the temporal simplicial complex derived from recipe stream R.

For an arbitrary recipe r € R, let o(r) denote the set of all the ingredients included
in recipe r. We refer to o (r) as the simplex corresponding to recipe r, or a recipe sim-
plex. Note that o (r) € Ry (). We investigate the configuration transitions associated with

occurrences of recipe simplices in temporal simplicial complex {/C;}.

Boundary-based configuration for recipe simplex
For a recipe simplex

O'(l") = {VO(I”),V}(V), .- .,Vn(}")}

of dimension # in temporal simplicial complex {K;}, we focus on a period of time just

before the occurrence of o (1),

By = [ter) — 7, t(r) — 1]
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Fig. 2 lllustration of temporal change for recipe simplex o (r)

and a period of time just after it,
M) = ) +1, 60 + 7],

where a positive integer 7 is a parameter of our analysis, and indicates the length of
investigation periods IB(r) and IA(r) (see Fig. 2). Let ICB(r) and KA(r) be the simplicial
complexes during periods IB(ryand I (r), respectively,

KEry = |J K KAy = | K

telB(r) teldA(r)

(1)

For temporal simplicial complex {/C;}, we consider the configurations around o (r) within
investigation periods I(r) and I4(r), respectively. Note that if we straightforwardly
apply the idea of the previous work (Cencetti et al. 2021) to this case, we must examine
the k-faces of o (r) for any integer k with 0 < k < n and all the cofaces of o (r). To avoid
this combinatorial issue, we choose not to examine all the possible configurations. Alter-
natively, aiming to make a connection with the topological structures of K5 (r) and KA(r)
through homology theory, we focus on its boundary-faces oo(r), o1(r), - - -, 0, (r) for the
configurations around o (r) (see Fig. 3), where

oo(r) = n@),...,vy(n)}, o1(r) = {vo(r), va(r),...,vu(r)}, ...,
on(r) = (vo(r), vi(r), ..., vu—1(r)}.

To this end, we introduce a configuration feature vector within 1% (r) (see Fig. 2), which is
defined as

PP = (B0, o),

and a configuration feature vector within I* (r) (see Fig. 2), which is defined as

Pr0) = (PO, p o)),

Now, we define p?(r) and p”(r) in explicit detail. First, pf (r) and pﬁ(r) are the prob-
abilities that a recipe simplex including o (r) occurs within IB(r) and I4(r), respec-
tively. Next, for each j =0,1,...,n, p]B (r) and p]A(r) are the probabilities that a recipe
simplex including only one o0j(r) among oo(r), o1(r), ..., 0,(r) occurs within IB(r) and
I4(r), respectively (see Fig. 3). Finally, pf (r) and p?(r) are the probabilities that a recipe
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1) vy(7) v3(r) v, (1)
v2(r) © v3(r) oo(1) o1(r) a3(1) o3(r)

(a) Recipe simplex (b) Boundary-faces

Fig. 3 Example for the boundary-faces of a recipe n-simplex o (r) (n = 3)

simplex including none of oo(r), o1(r), ..., 0,(r) occurs within I8(r) and I“(r), respec-
tively. As for the probabilities described above, we empirically estimated them in our
experiments.

To take into account the temporal heterogeneity in usage activities of ingredients in
recipe stream R, we also introduce a concept of activity degree. To this end, we consider
a sufficiently long period of time before the occurrence of o (),

o) = [ty -7, 1) -1,
and introduce a configuration feature vector within I8 (r), which is defined as
PP = @RLBG(, ., B (1), B (1)

(see Fig. 2). Here, the length 7 of investigation period I5(r) is a positive integer with
7 > 1, and pP(r) is defined within 75 (r) in the same way as p®(r) within I8(r). Note that
unlike pB(r), pE(r) represents the ordinary feature for the co-occurrence of ingredients
vo(r), V1(r), - - - vu(r) in recipes before time-step #(r) if I5(r) is a sufficiently long period.
In the experiments, we set T to 365 days (i.e, one year). We are also interested in how
configuration feature vectors pB(r) within I8(r) and 133 (r) within I8 (r) affect configura-
tion feature vector p“ (r) within I4(r) (see Fig. 2).

Analysis framework
For temporal simplicial complex of ingredient co-occurrences {K;} derived from recipe
stream R, we propose an analysis framework of configuration transition.

Transition analysis of active configurations

For each positive integer n with 0 < n < |V, let R(#n) denote the subset of R such that
o (r)is an n-simplex for any » € R(n). We first provide an analysis method of configuration
transition associated with occurrence of o (r) in {/C;} for any r € R(n) under fixed #, and by
appropriately improving it, we propose an analysis framework of configuration transition
for the whole R.

For any recipe n-simplex o (r) = {vo(r), vi(r),...,vu(r)} (r € R(n)), we explore bound-
ary-based configurations around o (r) within investigation periods 72 (r) and I (r) by meas-
uring the activity degree of configuration on the basis of the configuration feature vectors
pB (), pA(r) and jaB (). First, for IB(r) which is the time period just before the occurrence
of o (r), we consider the decomposition of R(n),
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n+1
R(m) = Ri(m) U | JRE(m) U RE(m) (disjointunion),
=1

and define the boundary-based active configuration C(o (r); IB(r)) around o (r) within
IB(r) as follows: If pf r) > [95 (r), thenr € R}f (n) and we say that the boundary-based
active configuration around o (r) within I8(r) is o (r) itself, i.e., C(o (r); IB(r)) = {0 (r)}.
Note that r € Rf (n) means that simplices including o (r) actively occur within / B(r), and
thus o () itself is active within I8(r). In the case of r ¢ Rf (n), we examine the inequality
pfg(r) > 13]5(;') for each boundary-face o;(r) (j = 0,1, ..., n), and set

Clor): 1°(r) = {oj(r) (i =0,1,...,m) | p}(r) > p (r)}. 2)

Let A denote the number of the boundary-faces belonging to C(o (r); I5(r)), ie, A =
IC(o(r); IB(r)|. If . > 0, thenr € Rf (n) and we say that the boundary-based active con-
figuration around o (r) within I8(r) is the set of / active boundary-faces C(o (r); I5(r))
obtained by Eq. (2). Note that 7 € Rf (n) implies that /1 boundary-faces of o (r) actively
occur within I2(r). If 2 = 0, then r € RE(n) and we say that the boundary-based active
configuration around o (r) within / B(r) is the empty set, i.e., C(o (r); ] B(r))=0. Note that
re Rf (n) means that none of the boundary-faces of o (r) actively occur within / B(p).

Next, for I (r) which is the time period just after the occurrence of o (r), we define the
decomposition of R (n),

n+1
Rn) = Rﬁ(n) U U R‘;}(n) u R?(n) (disjointunion),

=1

and the boundary-based active configuration C(o (r); I*(r)) around o (r)within I*(r)
in the same way as the case for I5(r). Here, if pﬁ(r) > ﬁf(r), we define r € R‘z (n) and
C(o(r); I*(r))={o (r)}. In the case of r ¢ R‘z (n), we set

Clor): I (M) = {oj(r) G=0,1,...,m) | pi'(r) > p} (1)} (3)

and 1 =|C(c (r); IA(r)|. If 2 > 0, we define r € Rj‘ (n), and say that the boundary-based
active configuration around o (r) within IA(r) is the set of 1 active boundary-faces
C(o (r); I'(r)) obtained by Eq. (3). If . = 0, we define r € R‘lf‘ (n), and C(o (r); IA(r))=1.

Therefore, for any recipe n-simplex o (r) = {vo(r),vi(¥),...,vu(r)}, we divide each
of boundary-based active configurations C(o (r); IB(r)) and C(o (r); IA(r)) into the fol-
lowing (n + 2) classes in the proposed analysis framework (see Fig. 4): First, we say that
C(o(r); IB(r)) is in class h if r € Rf(n), and C(o(r); IA(r)) is in class h if r € R‘;(n).
Next, for each k = 1,...,n + 1, we say that C(o (r); IB(r))isin class . =k if r € Rf(n),
and C(o (r); I*(r)) is in class 2 = k if r € R‘lj (n). Finally, we say that C(o (r); IB(r)) is in
class Lif r € ’Rf(r), and C(o (r); I*(r)) is in class L if r € R‘Z‘ (r). Note first that o (r) itself
is active within 72(r) and I4(r) if C(o (r); IB(r)) and C(o (r); I*(r)) are in class h, respec-
tively. For each k = 1,...,n+ 1, o (r) has k active boundary-faces within IB(ryand I4(r)
if C(o (r); IB(r))and C(o (r); I4(r)) are in class A = k, respectively. Moreover, o (r) has no
active boundary-faces within IB(r) and IA(r) if C(o (r); IB(r)) and C(o (r); I4(r)) are in
class ¢, respectively.
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Fig. 4 Five classes of the boundary-based active configurations for a recipe 2-simplex

For a fixed integer n with 0 < n < |V|, we make a detailed analysis for the transition of
boundary-based active configurations associated with occurrences of recipe n-simplices

by using the transition matrix T(n),

RE(n) VR ()

R (n)| xy=4¢41,...,n+1h).

Tx,y(”l) =
To effectively analyze the whole picture of the configuration transitions around recipe
n-simplices across all dimensions #, we propose an analysis framework of using the

aggregated transition vector

AT(”) = (A Tb(l’l), Th,h (I’l), Th,[ (Vl), T[,h (l’l), TZ,E (I’l)), (5)
where
n+1 n+1
ATym) = Y Top(m)+ Y {Tin0m) + Tia(n) Tie(n) + Ty p(m) ). ©6)
A =1 =1

Note that ATy (n) indicates the occurrence probability of recipe n-simplices around
which the configuration transitions are comprehensively characterized by their active
boundary-faces. We examine each component of AT(#) as a function n.

Influence analysis

We arbitrarily fix the dimension # of recipe simplices to be considered, and explore
the relationship of configuration feature vector p(r) within I (r) with configuration
feature vectors pB (r) within IB(@r) and ﬁB (r) within I8(r) for each recipe n-simplex
o(r) = {vo(r),vi(r),...,va(N}

In view of situations before and after occurrence of o(r), we naturally specu-
late that we might have p(r) ~ p2(r), pA(r) NﬁB(r), or pA(r) apB(r)/ﬁB(r) (i.e.,
P =vpp /B, prr) =vpl)/pP () (j=0,1,...,n), and pi(r) = vpf () /BE ()
for some v > 0). In this paper, we examine the influence of p?(r) and pE(r)on pA(r) by
modeling
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s = e} (ol
i =c{ppm}" (o) G=01..m, ?)
o =e{pto) {#e)"
where ¢ > 0, and
w = (Wy, Wy, Wp, Wy, We, Wy)

is the model parameter called the weight vector

By assuming a multinomial model within I (r) based on the probability vector p*(r)
defined by Eq. (7), we estimate the weight vector w from the observed data vector within
(),

m(r) = (my(r), mo(r), my(r), ..., mu(r), me(r)),

for any o (r) = {vo(r), v1i(r),...,v4(r)} € R(n) according to the MAP estimation frame-
work. Here, let S4(r; n) be the set of such recipes in R(n) that are published within
IA(r), ie.,

SArim) = {r’ e R(n) | t(r) e IA(r)}.
Then, m(r) is defined as follows:
my(r) = ‘Sfl‘(r; rz)', mj(r) = ‘SjA(r; n)‘ G=0,1,...,n), m(r)= |S€‘(r; n|.

First, Slf (r; n) is the set of recipes r’ € S4(r; n) such that recipe simplex o (') includes

o(r),ie.,
Strin) = {r’ eS4rin) o) D a(r)}.
Next, for each j=0,1,...,n, S]A(r; n) is the set of recipes r' € S4(r; n) such that
r ¢ SZ‘ (r; n) and recipe simplex o (') includes boundary-face o;(r), i.e.,
Strim = {r e SArm\ St im 1007 D 5 }.
Finally, S;‘ (r; n) is the set of recipes ¥’ € S (r; n) such that 7’ ¢ Sﬁ (r;m)andr’ ¢ S}f“(r; n)

foranyj=0,1,...,nie,

Sf(r; n) = S4r;n) \ S;:‘(r; n) \ USIA(r; n).
j=0

In the assumed generative model, the probability P(m(r) | w) of observing m(r) = (my, (r),
mo(r), my(r), - - -, my(r), me(r)) within I4 (r) is given by

rnyiw) o« (o} T o)™ (o)™ .
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We assume a Gaussian prior for w and estimate weight vector w by maximizing the

function
1
F(w) = L(R(n); w) — T/ﬂnwn% 9)

where p > 0 is a hyper-parameter, |w| stands for the Euclidean norm of w, and
L(R(n); w) is the log-likelihood of R (n) for weight vector w,

LRm:w) = > my(r)logpp(r) + > mj(r) log pf (r) + my(r) log pit (r)

reR(n) j=0
(10)
(see Eq. 8). Here, by Eq. (7), we have
AN B ~ ~B
py,(r) =c exp {wh log py, (r) + wy, log py, (r)},
p}“(r) =c exp {wb logpf(r) +wp log[af(r)} G=01,...,n), (11)

p? (r) =c exp {W@ logpf(r) + Wy log[al‘? (r)},

where ¢’ > 0. Note that maximizing F(w) reduces to a sort of softmax optimization
problem in neural network [see Egs. (9), (10) and (11)]. In the experiments, we employed
a gradient-based method (Bishop 1995).

Experiments

We conducted an empirical evaluation of the proposed analysis framework using actual
temporal simplicial complexes of ingredients obtained from Cookpad, a Japanese recipe-
sharing service. Our analysis focuses on the dynamical properties of higher-order rela-
tionships involving more than two ingredients.

Datasets and experimental settings

We utilized Cookpad data from Jan 1, 2010 to Feb 28, 2013, and constructed datasets for
recipe stream R, which correspond to the recipe categories of Cookpad, a social mei-
dia platform dedicated to sharing Japanese homemade recipes. In particular, we focused
on the three main categories of Cookpad, “Dessert’, “Meat-dish” and “Vegetable-dish’,
and explored the temporal evolution of higher-order relationships among ingredients
for recipes appearing within R. In Cookpad, users can post their original recipes. Also,
for each posted recipe, other users can send a “Thank You” message with a dish’s photo
when they actually cooked and loved it, and this type of message is called a Cooksnap.
Since the number of Cooksnaps for a recipe is seen as a measure of its popularity, it is
natural for Cookpad users to aspire to create their own original recipes that receive a
large number of Cooksnaps. Thus, they should try to create unique and fascinating reci-
pes by taking into account seasonal variations and current trends. Moreover, when they
come across a recipe that has received several Cooksnaps, they may be inspired to cre-
ate similar ones. Consequently, it is considered that Cookpad users are likely to interact

in this manner. To confirm the presence of such interactions among users for each of
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Fig. 5 Trends in the number of recipes posted and the number of Cooksnaps received for the Dessert,
Meat-dish and Vegetable dish datasets. The number of such posts within each week is displayed for the
period from Jan 1, 2010 to Feb 28, 2013

the Dessert, Meat-dish and Vegetable-dish datasets, we examined the temporal nature of
recipe stream R. Figure 5 shows the number of recipes posted and the number of Cook-
snaps received within each week as a function of week for the three datasets. We see that
the number of Cooksnaps received is much larger than the number of recipes posted for
the three datasets. These results suggest that there are active interactions among Cook-
pad users through Cooksnaps for all three datasets. Therefore, we can assume that the
three datasets for R are generated through such interactions among Cookpad users, and
it can be important to investigate the characteristics of recipe streams for the three data-
sets in terms of revealing the evolution of Japanese homemade recipes.

We separately investigated the configuration transitions for the recipes » published in
2011 and the recipes r published in 2012. In our conference paper (Fujisawa et al. 2023),
we presented the analysis results for the 2011 Cookpad datasets in the cases of n = 3,4
for the dimension # of recipe simplex o (r) and T = 30 days for the length 7 of investiga-
tion periods / B(r)and I4(r), while in this paper, we have conducted more detailed inves-
tigations. To avoid duplication, we only report the results for the 2012 Cookpad datasets,
“Dessert (2012)’, “Meat-dish (2012)” and “Vegetable-dish (2012)’, in this paper. For each
recipe stream R, we adopted the set of its major ingredients? as a set of vertices V. Then,
we had |V| =976, |V| = 753, and |V | = 1, 023 for the Dessert (2012), Meat-dish (2012)
and Vegetable-dish (2012) datasets, respectively. Fig. 6 displays the number of recipe
n-simplices as a function of # for the three datasets.

On the other hand, the length t of investigation periods is an important parameter for
our configuration transition analysis since varying the value of 7 can generally affect the
emergence of active boundary-faces within I2(r) and I (r) for any recipe simplex o (r).
However, we only investigated the case of t = 30 days in our conference paper (Fujisawa
et al. 2023). In this paper, we examine the effect of t for the cases of r = 14 days, t = 30
days and t = 60 days. Also, in the previous work of Cencetti et al. (2021), social interac-
tions among three people (i.e., for the case of # = 2) were only explored for configura-

tion transition analysis. In this paper, we thus focus on the case of n > 3.

2 First, general-purpose ingredients typically used in Japanese cuisines such as soy sauce, salt, sugar, water and edible oil
were excluded. Next, the ingredients that appeared in at least five recipes were identified as a set of major ingredients.
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Fig. 6 Number of recipe n-simplices for the Dessert (2012), Meat-dish (2012) and Vegetable-dish (2012)
datasets

Results for transition analysis of active configurations

We first analyze the whole picture of the configuration transitions around recipe sim-
plices by using the aggregated transition vector AT(n) over all dimensions #n (see Eq. 6).
Next, compared with a baseline method straightforwardly derived from the previous
work (Cencetti et al. 2021), we describe the detailed analysis results for a particular
dimension # in terms of the transition matrix T(n) (see Eq. 4).

Analysis results for aggregated transition vectors

For the real recipe stream R, we examined the aggregated transition vectors {AT (n)}.
Fig. 7 shows the results for the three datasets, where each component of AT(n) is dis-
played as a function of the dimension # of a recipe simplex. As for the length 7 of each of
the investigation periods IB(r) and I4(r) for any recipe r € R(n) (see Fig. 2), we exam-
ined the cases of T = 14 days, r = 30 days and t = 60 days.

We first see from Fig. 7 that as # increases, AT}, (n) tends to decrease and Ty ¢ (1) tends
to increase. In particular, AT (n) and T (1) are dominant when # is relatively small,
and Ty ¢(n) is only dominant when # becomes larger. Note that the exact value of # that
marks this shift in dominance can vary depending on the specific datasets and the value
of . We also observe that Ty j,(n), Ty, ¢(n) and T}, (n) are usually small. These imply that
when # is relatively small, there are a significant number of recipe n-simplices around
which the configuration transitions are comprehensively characterized by their active
boundary-faces. However, when # is relatively large, the configuration transitions around
recipe n-simplices are no longer able to be comprehensively characterized by their active
boundary-faces (i.e., classes A = 1,...,n + 1) and themselves active (i.e., class /). These
results suggest that for such a Japanese recipe that consists of relatively small number of
ingredients and is published on a social media platform, there is a high probability that
some of the ingredient combinations obtained by excluding only one ingredient from
the recipe can actively appear in recipes within the period before or after its occurrence.
This demonstrates the effectiveness of the proposed framework for analyzing boundary-
based active configurations.

Next, we consider the effect of 7. In view of the activity degree, Ty (1) = 1 and
the other components of AT(n) are zero if t becomes equal to T (i.e., one year). On
the other hand, as 7 increases, the simplicial complexes C2(r) and K4(r) for each
r € R(n) (see Eq. 1) should become including more diverse simplices since there are an
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Fig. 7 Results of aggregated transition vector AT(n) for the Dessert (2012), Meat-dish (2012) and
Vegetable-dish (2012) datasets. The results for t = 14 days, T = 30 days and T = 60 days are displayed, where
7 is the length of each of the investigation periods /£(r) and /(r) for any reciper € R

increasing number of recipes contained within IB(r) and I“(r). From Fig. 7, we see that
as 7 increases up to 60 days, AT} (n) tends to increase and Ty ¢ (n) tends to decrease. Note
that the magnitude of the changes observed can depend on the datasets. These results
suggest that in a reasonable range of t such as 14 days <t <60 days, it is highly likely that
the configuration transitions around recipe simplices of small dimensions can be com-

prehensively characterized by their active boundary-faces.

Analysis results for transition matrices
For the real recipe stream R, we made a detailed analysis of the configuration transi-

tions for each dimension # in terms of the transition matrix T(n). We also evaluated the

significance of incorporating the concept of activity degree through an ablation study,
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Fig. 8 Visualization results of transition matrix T(3) for the Dessert (2012) dataset (r = 30 days)

where we consider a baseline method of only examining the presence or absence of its
boundary-faces and cofaces within investigation periods I8(r) and I (r) for each recipe
n-simplex o (r). Note that the baseline method is obtained by ignoring the activity degree
of configuration through only setting PP (r) to the zero vector 0 in the proposed analysis
framework, and is regarded as a straightforward extension of the previous work (Cenc-
etti et al. 2021). In this paper, we only report the results for the Dessert (2012) dataset
in the case of n = 3 and T = 30 days. Fig. 8 shows the visualization results of transition
matrix 7T(3), where the results of the proposed and baseline methods are displayed in
Figs. 8a and b, respectively.

As for the proposed method, we see from Fig. 8a that various entries of T(3) contrib-
uted to AT, (3). This implies that the configuration transitions characterized by active
boundary-faces can have various types. For this dataset, those configuration transitions
were mainly related to one or two active boundary-faces (i.e., classes A =1 and 1 = 2.).
Thus, it is possible to extract interesting phenomena of configuration transitions in the
recipe stream as illustrated later in this section. This also indicates the effectiveness of
the proposed analysis framework.

From Fig. 8b, we observe that the entry T}, 5 (3) obtained by the baseline method was
large. This means that for the Dessert (2012) dataset, there were many recipe 3-simplices
satisfying the condition that there exist recipe simplices including them before and after
they occur. Note that this result of configuration transitions for ingredient co-occur-
rences is different from the properties of human interactions found by the previous work
(Cencetti et al. 2021).

We also see from Figs. 8b and b that the transition matrix 7(3) obtained by the pro-
posed method was completely different from that obtained by the baseline method. For
example, we focus on the entry T}, 4(3) = IRf;3 3N Rj} (3)|/IR(3)| (see Eq. 4). By the base-
line method, we have a recipe ' € R¥(3) N R{(3) such that o (') = {vy(r') = “cocoa”,
v1(r) = “butter”, v»(r') = “chocolate”, v3(r') = “honey”}. However, the boundary-face
o3(r') of o (') is not active within I4(r') since p?(r’) = 0.33% and fag(r’) = 1.97%. This
means that it is quite usual to employ the combination of cocoa, butter and choco-
late in a desert recipe. Thus, we have 1’ ¢ Rfl‘ (3) by the proposed method. This exam-
ple clarifies the difference between the proposed and baseline methods for T}, 4(3). On
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the other hand, by the proposed method, we can extract a recipe r” € R‘fl 3)N ’RZ‘(S)
such that o(r”) = {vo(r”") = “egg”, v1(r") = “cakeflour”, vo(r") = “cream cheese”,
v3(r") = “fresh cream”}. This example reveals an interesting phenomenon as men-
tioned below. In fact, the configuration transition around o (") is described as follows:
Just before o (r”") occurs, recipe simplices including o () actively occurred in simpli-
cial complex CB(r"). Furthermore, just after o (") occurred, the 3-simplex o () decays
into its four active boundary-faces oo (r”), 01 ("), o2 (r"") and o3(r”) in simplicial complex
KA (") (see Fig. 3). Namely, all the four boundary-faces actively occurred in B (), but
recipe simplices including o () did not actively occur in X4 (+”). These results demon-
strate that incorporating the concept of activity degree can be significant for exploring
the ingredient co-occurrences in the recipe stream, and imply that we can find several
interesting properties of temporal simplicial complex {K;} by examining boundary-
based active configurations.

Evaluation of influence analysis model

For each recipe n-simplex o (r) = {vo(r), vi(r),...,vy(r)} (r € R(n)), we assess the influ-
ence of the configuration feature vectors p® (r) within I8 (r) and PP (r) within I2(r) on the
configuration feature vector p® (r) within 14 (r). We first conducted an empirical evalua-
tion of the proposed influence analysis model [see Egs. (7) and (8)] in terms of predictive
performance. We divided R(#) into a training set R () and a test set R'*'() along
the time-axis, with a 7 : 3 ratio, and evaluated the predictive performance of the learned
model on R™3" (1) using a prediction log-likelihood ratio PLR defined by

PLR = L(R™'n); w) — LIR™ (n); 0)

(see Eq. 10). Here, PLR indicates the difference in log-likelihood between the learned
model and a uniformly random model, and quantifies the relative performance of the
learned model versus the random guessing on R'(#). Note that the uniformly random
model is obtained by settingw = 0, i.e., w, = w, = wy = w, = wy, = wy = 0 (see Eq. 7).

We compared the proposed generative model against four baseline models referred
to as baselines 1, 2, 3, and 4, which are defined as follows: First, the baselines 1 and 2
are obtained by “wy=w,=wy =1, wpy=w, =w, =0’ and “Wy,=wy=w; =1,
wp = wy = wp = 0, respectively (see Eq. 7). Namely, the baseline 1 model sup-
poses p?(r) = pB(r), and the baseline 2 model supposes p?(r) = [73 (r). Next, the
baselines 3 and 4 are obtained by “w, =w, =w, =1, wp =w, = w, = —1’, and
“wp =wy =wp = —1, w=w, =w, = 1" (see Eq. 7). Namely, by considering active and
inactive situations, the baseline 3 model assumes p(r) « p2(r) /[93 (r), and the baseline
4 model assumes p(r) faB (r)/p®(r), where the elementwise division of two vectors
is used. In this paper, we only present the results of influence analysis for small # and
7 = 30 days according to the analysis results of aggregated transition vectors (see Fig. 7).

Figure 9 indicates the evaluation results of the proposed, baseline 1 and baseline 2
models for the Dessert (2012), Meat-dish (2012) and Vegetable-dish (2012) datasets in
terms of the PLR metric. Here, the baseline 3 and 4 models are excluded since they were
on par with the uniformly random model. First, it is evident that the proposed, baseline
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Fig. 9 Evaluation results of the proposed influence analysis model for the Dessert (2012), Meat-dish (2012)
and Vegetable-dish (2012) datasets (n = 3,4 and t = 30 days)

1 and baseline 2 models significantly outperformed the random guessing, while the value
of PLR can vary depending on datasets. It should be noted that the baseline 2 model
exhibited marginally better prediction performance than the baseline 1 model. However,
the baseline 3 and 4 models derived from the simple ratios of p?(r) and faB (r) in view
of active and inactive situations were quite ineffective. In contrast, the proposed model
consistently outperformed the other models. These findings show the effectiveness of

the proposed model, prompting us to utilize it for our subsequent influence analysis.

Results for influence analysis

By applying the proposed influence analysis model [see Egs. (7) and (8)], we
examined the influence of pB (r) and ﬁB (r) on pA(r) for any recipe n-simplex
o(r) = {vo(r),vi(r),...,vy(r)} (r € R(n)) in terms of the weight vector w. In this paper,
we in particular describe the analysis results for » = 4 and 7 = 30 days.

Figure 10 indicates the results of w for the Dessert (2012), Meat-dish (2012) and Veg-
etable-dish (2012) datasets. Regarding the five boundary-faces 0j(r) (j = 0,1,...,4), the
features [7;3 (r) (j =0,1,...,4) within long-term period I?(r) had a stronger influence
on pA(r) than the features pf(r) (j=0,1,...,4) within short-term period I5(r) (see
the results of wj, and wy,). For the ingredient relationships including o (r) (called higher
dimensional relationships), the influence of the feature ﬁf (r) within 78(r) was stronger
than or comparable to that of the feature pf (r) within I8 (r) (see the results of wy, and wy,).
Moreover, we see that which of the boundary-faces and the higher dimensional relation-
ships had a stronger influence on p”(r) depended on the datasets. On the other hand,
as for the ingredient relationships lower than boundary-faces (called lower dimensional
relationships), both the feature [7? (r) within 78(r) and the feature pf (r) within I8 (r) had
a relatively weak influence on p(r), compared to the other features (see the results of
we and wy). In general, this can be attributed to the smallness of dimension #. It is worth
noting that the observed properties can necessarily vary depending on the datasets to
be considered. These findings suggest that the proposed influence analysis method has a
potential for uncovering intriguing properties of ingredient co-occurrences in the recipe

stream of social media
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Fig. 10 Results of influence analysis for the Dessert (2012), Meat-dish (2012) and Vegetable-dish (2012)
datasets (n = 4and t = 30days)

Conclusion

We addressed the problem of exploring configuration transitions associated with
occurrences of recipe n-simplices in a temporal simplicial complex derived from a
recipe stream in social media. By extending the previous work of Cencetti et al.
(2021), we have proposed a novel framework of analyzing the transitions of boundary-
based active configurations for the preceding and forthcoming investigation periods.
First, we gave an analysis method of using the transition matrices, and by improving
it, we further devised a method of employing the aggregated transition vectors so as
to effectively analyze the whole picture across all dimensions n. Next, by introduc-
ing a probabilistic generative model for influence analysis, we provided a method of
examining how the configuration feature vectors within the preceding periods affect
the configuration feature vector within the forthcoming investigation period.

Using real data from a Japanese recipe sharing site, we empirically evaluated the effec-
tiveness of the proposed analysis framework. We first showed that for the investigation
periods of a reasonable length, the configuration transitions around recipe simplices of
relatively small dimensions # are comprehensively characterized by their active bound-
ary-faces. Next, compared with a baseline method straightforwardly derived from the
previous work (Cencetti et al. 2021), we demonstrated the significance of incorporating
the concept of active degree. Moreover, we revealed some interesting category-specific
properties for the temporal evolution of Japanese homemade recipes published in social
media from the perspective of ingredient co-occurrences.

In this paper, we focused on temporal simplicial complexes obtained from recipe
streams. Clearly, the proposed framework for analyzing configuration transitions
has the potential to be applied to temporal simplicial complexes for datasets from
other domains. Our immediate future work is to evaluate it for other kinds of data-
sets. Inspired by homology theory in algebraic topology, we focused on the boundary-
based active configurations before and after occurrences of simplices. Our future work
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includes examining changes in the topological structures of simplicial complexes in
terms of homology groups for temporal simplicial complexes in various domains.
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