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Supplementary Information

1 Details of analogy tasks

1.1 Analogy tasks for drug-gene pairs.
1.1.1 Pathway-wise setting
For easy comparison with Eq. (5), Eq. (14) is rewritten as the difference of mean vectors:

Vp :E%p{ug}—E%{ud}, (S1)
E%p{ud} |% ‘ ” %, Uy, Ejp{ug} |% | « Zj Ug. (Sz)
8)ES 8)€EY

In Eq. (14), the estimator ¥, for the relation vector v, is calculated from the embeddings of the drug-gene pairs (d,g) € %),
while, similar to Eq. (5), the estimator for v, can also be calculated from the embeddings of d € Z,, and g € ¢,,. The following
equation gives a naive estimator for v,,:

Q’p,naive = E(f {ug} - E]p {lld}, (83)

1
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In Eq. (S4), E@p{} and E%{} are the means over the set of all drugs & and the set of all genes ¢, respectively. Equation (S3)
represents the vector difference between the mean vectors of &, and ¥,. However, similar to ¥y in Eq. (5), the definition of
Vp.naive in Eq. (S3) includes the embeddings of unrelated genes and drugs. Therefore, in Supplementary Information 2.1.1, we
compare ¥ and Vyaive, as well as V), and ¥, paive.

Note the following in setting P2:

* Since D, C 9 and D), = g, (%)) = y(%)p) C y(#) = D, it follows that D, C 2, N D. For d € 9, N D, there may
be g € [d]\ [d],. Therefore, in Eq. (13), we consider d € &, D and g € [d], instead of (d,g) € %,,.
Fig. S1 shows a specific example to illustrate the differences between settings P1 and P2. For drug-gene pairs with drug-gene

relations, setting P1 focuses on drugs and genes categorized in the same pathway, while setting P2 considers those genes as
well as genes not categorized in the pathway.



1.2 Analogy tasks for drug-gene pairs by year

1.2.1 Global setting by year

Similar to the estimator v in Eq. (7), we define an estimator ¥ for the relation vector v’ as the mean of the vector differences
—uy for (d,g) € #°:

1
12 (ug —uy), (S5)

(d,g)er”

vV =Ezp{u,—u;} =

where Ezy {-} is the sample mean over the set of drug-gene pairs %”. For easy comparison with Eq. (5), Eq. (S5) is rewritten as
the difference of mean vectors:

¥ =Egp{ug} —Egp{ug}, (S6)
1
Ep{ust= —= us, Egp{ug}= u (S7)
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Similar to ¥ in Eq. (7), to measure the performance of the estimator ¥ in Eq. (S5), we prepare the evaluation of the analogy
tasks. Using the projection operations in Eq. (10), we define DY := gy (#”) C 2” and G := nyy (%#”) C 9.

Similar to Eq. (11), we define [d]” C ¢ as the set of genes that have drug-gene relations with a drug d € D”, and [g]’ C 2”
as the set of drugs that have drug-gene relations with a gene g € G”. These are formally defined as follows:

[d} :={g[(d,g) e#’} C¥", g :={d[(d,g)e#} C P (S8)
Given the above, we perform the analogy tasks in the following setting.

Setting Y1. In the analogy tasks, the set of answer genes for a query drug d € D” is [d]’. The predicted gene is §; =
argmax,cqy cos(ug + V', ug) and if g4 € [d], then the prediction is considered correct. We define gfi’” as the k-th ranked g € 4~

based on cos(uy + ¥¥,u,). For the top-k accuracy, if any of the top k predictions g;”, e gA((jk) € [d]’, then the prediction is

considered correct.

1.2.2 Global setting to predict unknown relations by year

Similar to the estimator v in Eq. (7), we define an estimator ¥ Ly for the relation vector v’y as the mean of the vector differences
u, —uy for (d,g) € b

1

] Y  (ug—uy), (S9)

(d.g)e@ |y

QI}"L‘V = E,@y\Ly {ug - ud} =

where E 1, {-} is the sample mean over the set of drug-gene pairs Z2\br . We define the estimator $/5 in Eq. (S9) by using

2°' instead of Z” in the estimator ¥ in Eq. (S5). For easy comparison with Eq. (5), Eq. (S9) is rewritten as the difference of
mean vectors:

b = E%)'\Ly {ug} - E@Wo‘ {ua}, (510)
| |
Bpwluat= Zm L e Epu{ud= W, Z ;. (S11)
(d.g)e'y YLy

Similar to ¥ in Eq. (7), to measure the performance of the estimator %"/ in Eq. (S9), we prepare the evaluation of
the analogy tasks. For I € {L,,U,}, using the projection operations in Eq. (10), we define D"/ := 5y (#"!) C 2* and
Gl = myy(2N) Cc 9.

Similar to Eq. (11), for I € {Ly,U,}, we define [d]"// C 4 as the set of genes that have drug-gene relations with a drug
de DV, and [g] I < 2 as the set of drugs that have drug-gene relations with a gene g € G’/ These are formally defined as
follows:

@ = {g|(d.g) ey g, [V i={d|(dg) eV} C 7. (512)

Given the above, we perform the analogy tasks in the following setting.
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BioConceptVec  Our embeddings

2| 136 129
Y e Dyl 4087 3612
Y e Gl 1251 1178
Y e |2, (D) 4091 3614
Y e |9, NGl 3463 3186
Epe #{Eacp, {I[d]p|}} 1.965 1.990
Epeﬂ{Eger{Hg]pH} 5.050 4.847
Epc #{EBaca,npllld]|}} 2738 2.776
Epe#{Egeq,nc{llell}} 7.131 6.714

Table S1. Statistics for settings P1 and P2.

Setting Y2. For the target genes that have drug-gene relations with a drug d, only genes whose relations appeared after year y
are considered correct. In other words, for a query drug d € D"!U, the set of answer genes is [d)Y Ur. The search space is not
the set of all genes %, but the gene set 4” \ [d*!>. The predicted gene is g4 = AGMAX oy (0 cos(uy + ¥/ uy), and if
84 € [dPUr, then the prediction is considered correct. We define gfl’” as the k-th predicted gene, based on cos(ug + %2, u,) for

g €9\ [dP!Lr. For the top-k accuracy, if g;k) € [d"'Y, then the prediction is considered correct.
Note the following in setting Y2:

* In setting Y2, the search space is ¥\ [d]” ILy_ This ensures that predicted target genes have the relations that appeared
only after year y.

1.2.3 Pathway-wise setting by year
Based on the analogy tasks in settings P1, P2, Y1, and Y2, we consider the analogy tasks in the pathway-wise setting by year,
where drugs and genes are categorized based on pathways in datasets divided by year.

Consider a fixed year y. When learning embeddings using PubMed abstracts up to year y as training data, we define
Py C 2Y and 95 C 4 as the sets of drugs and genes that are categorized in each pathway p € & and appeared up to year y,
respectively. We then restrict the set %2” in Eq. (16) to each pathway p and define the subset of the set % as follows:

B = {(d.g) € R |d € D g € G} C Ty x . (S13)

For drug-gene pairs (d,g) € %5, we consider the analogy tasks for predicting the target genes g from a drug d. To solve
these analogy tasks, we use the relation vector v},, which represents the relation between drugs and target genes categorized in
the same pathway p. We predict u, by adding the relation vector vy, to u,:

udJrvf7 R Ug. (S14)

Similar to equations (13) and (17), Eq. (S14) corresponds to Eq. (4). Therefore, an estimator 0{, for the relation vector Vf) in

Eq. (S14) is defined as follows:

W= E%-{ug—ud} = (ug —uy). (S15)

where Et%,; {-} is the sample mean over the set of drug-gene pairs ;. Similar to Eq. (7), Eq. (S15) defines the estimator ¥}, as

the mean of the vector differences u, —uy for (d, g) € . For easy comparison with Eq. (5), Eq. (S15) is rewritten as the
difference of mean vectors:

v, =Eg{ug} —Egp{ud}, (S16)
1 1

Eg{ug} = i Y w, Ep{u}= A Y u, (S17)
Pl (d.g)ez) Pl (d,g)e
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Figure S1. Differences between settings (a) P1 and (b) P2 using a specific example. We set 9 = {d,,d>,d3,d4,ds,ds },

9= {gl7g2ag3ag47853g67g7?g8}’ and # = {(d17g1)7 (dl 7g2)’ (dl ;g3>7 (d27g4)7 (d3ag5)’ (d47g6)}' According to the definitions
of Dand G, D = {d;,d>,d3,ds} and G = {g1,82,83,84,85,86 }. For the pathway p, we set 7, = {d|,d>,d3,ds} and

4, ={81,82,84,87}. According to the definition of Z,,, Z, = {(d1,&1),(d1,82),(d2,84)}. The definitions of D, and G, then
give D, = {dy,d»} and G, = {g1,82,84}, based on Z,,. In setting P1, the query set is D, = {d,d>»}, where the set of answer
genes for d; is [d1], = {g1,82} and for d5 is [d>], = {g4}. In setting P2, the query set is Z, "D = {di,d>,d3}, where the set
of answer genes for d; is [d1] = {g1,82,83}, for dy is [da] = {ga}, and for dj is [d3] = {gs}.

Similar to ¥ in Eq. (7), to measure the performance of the estimator V;, in Eq. (S15), we prepare the evaluation of the
analogy tasks. Using the projection operations in Eq. (10), we define D), := 71: 7 (%) and G), := Ty (%5).

Similar to Eq. (11), we define [d]}, C ¥, as the set of genes that have drug-gene relations with a drug d € D}, and [g]), C Z,,
as the set of drugs that have drug-gene relations with a gene g € G),. These are formally defined as follows:

]}, :={gl(d,g) € Z)y} €9, gl ={d|(d,g) e Z,} C 7). (S18)
Similar to settings P1, P2, Y1, we perform the analogy tasks in the following four settings.

Setting P1Y1. For the target genes that have drug-gene relations with a drug d, only genes categorized in the same pathway
p as the drug d are considered correct. In other words, for a query drug d € D)}, the set of answer genes is [d]},. The search
space is the set of all genes %47, not limited to &, the set of genes categorized in the pathway p. The predicted gene is
q = argmax ¢y cos(ug + ¥, u,), and if g4 € [d]},, then the prediction is considered correct. We define g A(k) as the k-th ranked

g € 9 based on cos(uy + ¥, u,). For the top-k accuracy, if gfi ) € [d]}, then the prediction is cons1dered correct.

Setting P2Y1. The gene predictions g; and ggc) are defined exactly the same as those in setting P1Y 1, but the answer genes

are defined the same as in setting Y1. That is, for the target genes that have drug-gene relations with a drug d, genes are
considered correct regardless of whether they are categorized in the same pathway p as the drug d or not. In other words, for a
query drug d € D7, the set of answer genes is [d]”, and the prediction is considered correct if §; € [d]”. For the top-k accuracy,

if gAEIk) € [d)”, then the prediction is considered correct. Note that the experiment is performed for d € 25, N DY for each p.

1.2.4 Pathway-wise setting to predict unknown relations by year
For (d,g) € %), we define two subsets of Z), based on whether y(; o) <y 0ory < y(4,). Similar to 2\ and 2% in Eq. (18),

using L, = (—oe,y] and U, = (y,°), we define the set %,{‘L"" and %,{‘Uy as follows:
Ly U
Ty = (d.0) € B [0 € Lo} = {(d.) € B | yag) €U} C ), (519)

The set of drug-gene pairs that satisfies y(g4) <y is ,%,y,lL", and the set of drug-gene pairs that satisfies y <y o) is %’;Wv. By
definition, %;IL"' ﬁ%’%wy =0 and %%‘Ly U%,{lu" C %y.
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In analogy tasks, we use “known” %, " and then predict the target genes g from a drug d for (d,g) in “unknown” %, 1%

Using the vector x),,‘l“, which represents the drug-gene relations and is derived from %,},‘l“, we predict ug by adding the relation

vector vﬁLy to uy:
u+v)" ~u,. (520)

Similar to equations (13) and (19), Eq. (S20) corresponds to Eq. (4). Therefore, an estimator ﬁ,'L" for the relation vector VZ‘L’V in
Eq. (S20) is defined as follows:
WY|Ly
o= R Y (ug—uy). (S21)

ylLy
v| Ly
‘ (d.g)eay"™

p

where E%,.‘Ly {-} is the sample mean over the set of drug-gene pairs %;ll‘". Similar to Eq. (7), Eq. (S21) defines the estimator
P

{,;IL,V as the mean of the vector differences u, —uy for (d,g) € %’f;lLy . For easy comparison with Eq. (5), Eq. (S21) is rewritten
as the difference of mean vectors:

Ly
Vi; — E%\L) {ug} - E%‘Ly {ud}7 (822)
1 1
Emfut= —5— ) s Bgunfugd= —ps Y ou (523)
’ B e 207 g gy

Similar to ¥ in Eq. (7), to measure the performance of the estimator ffy Ly in Eq. (S21), we prepare the evaluation of the
analogy tasks. For I € {L,,U,}, using the projection operations in Eq. (10), we define Dy, "~ 7 (%), ‘1) and G‘V = Ty (%), ‘1).

Similar to Eq. (11), for I € {L,,U,}, we define [d]f,l C ¥ as the set of genes that have drug-gene relations with a drug

de Df,ll, and [g]f,‘l C 9 as the set of drugs that have drug-gene relations with a gene g € Gf,‘l. These are formally defined as
follows:

@y =gl @g)e By g [gh' = {d|(d.g) e} C 7, (s24)
Similar to settings P1, P2, Y2, we perform the analogy tasks in the following four settings.

Setting P1Y2. For the target genes that have drug-gene relations with a drug d, only genes that are categorized in the same
pathway p as d and whose relations appeared after year y are considered correct. In other words, for a query drug d € D) "U" he

set of answer genes is [d]), % The search space is not the set of all genes %”, but the gene set 4 \ [d]}, " The predicted gene is

cea\ cos(uy + ¥, 1Ly ,ug), and if g, € [d]}, 1% , then the prediction is considered correct. We define gil) as the
k-th predicted gene, based on cos(uy + %‘ Y u,) for g € Y\ [d]i,‘ ”. For the top-k accuracy, if gfl ) e [d]%‘ ”, then the prediction

is considered correct.

84 = argmax

Setting P2Y2. For the target genes that have drug-gene relations with a drug d, only genes whose relations appeared after
year y are considered correct, regardless of whether they are categorized in the same pathway p as the drug d or not. In other
words, for a query drug d € 2, N DU the set of answer genes is [d)Y Uy, The search space is not the set of all genes ¢”, but the

gene set @7\ [d]'l. The predicted gene is §; = argmax cos(ug + \Aff,lLy ,ug), and if g4 € [d]"'V, then the prediction is

ge@\ [Py
considered correct. We define g;k) as the k-th predicted gene, based on cos(uy + V%‘Ly ,u,) for g € 97\ [d]Y Ly For the top-k

accuracy, if gfj” € [d]y‘Uy, then the prediction is considered correct.

Note the following in settings P1Y2 and P2Y2:

* In setting P1Y2, the search space is 47\ [d]i‘Ly . This ensures that predicted target genes, which are categorized in the
same pathway p as the drug d, have the relations that appeared only after year y.

* In setting P2Y2, since Dy‘ Y C @‘ and D)‘ V= = Ty (%yl ’) = Ty (%}‘ ) C gy (@y\uy) = DU it follows that

DL'U‘ C 2ynDY. For d € 2N DIV, there may be g € [d]/V \ [d]i,‘U’. Therefore, in Eq. (S14), we consider

d € 25N DY and g € [d]1Y, instead of (d,g) € %;\u The search space is 4 \ [d]’!L. This ensure that predicted
target genes have the relations that appeared only after year y.
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Setting  Query Answer Set  Search Space

G deD d] g
Pl deD, s g

P2 de 2,nD [d] %

Y1 deD [d) @y

Y2 d e DUy [d]!Uy @\ [dPIbs
PIYI deD) [}, @y

P2Yl deZinD  [dP @y

PIY2 deD)” P} @\ [}
P2Y2 de ZynD  [aPlV @7\ [\

Table S2. Query, answer set, and search space for each setting for predicting genes from drugs.

Setting  Query Answer Set  Search Space
G geG [g] 9
P1: g€G, g, 2
P2 g€9%,NG g 2

Table S3. Query, answer set, and search space for each setting for predicting drugs from genes.

1.3 Comparison of experimental settings

Table S2 shows the settings for predicting genes from drugs, as used in the main text. Similarly, Table S3 shows the settings for
predicting drugs from genes. In Table S3, we adapted the notations used for predicting genes from drugs in Table S2 to those
used for predicting drugs from genes, denoting them as G,P1’,and P2

1.4 Embeddings

Figure S2 shows the distribution of the sizes of the answer sets for each drug d in settings G, P1, and P2 for BioConceptVec
and our skip-gram embeddings. Similarly, Fig. S3 shows the distribution of the sizes of the answer sets for each gene g in
settings G, Pl and P2 for BioConceptVec and our skip-gram embeddings. The hyperparameters used to train our skip-gram
are shown in Table S4.

1.5 Datasets

In the BioConceptVec vocabulary, genes are represented by gene IDs! and drugs are represented by MeSH (Medical Subject
Headings, https://www.nlm.nih.gov/mesh/meshhome.html) IDs. Therefore, a conversion from IDs to names
is necessary when performing experiments. In addition, in the data obtained from AsuratDB and the KEGG API, genes are
represented by gene IDs and drugs are represented by KEGG IDs. Therefore, a conversion from KEGG IDs to MeSH IDs is
also required for use with BioConceptVec. The procedures for converting these IDs are described in the following sections.

1.5.1 Conversion from MeSH ID to drug name

The BioConceptVec vocabulary registers drugs using MeSH (Medical Subject Headings, https://www.nlm.nih.gov/
mesh/meshhome.html) IDs. This is due to the normalization of drug names using MeSH IDs in PubTator. Therefore,
we explain the procedure for converting MeSH IDs to drug names. We used MeSH SPARQL (https://hhs.github.
io/meshrdf/spargl-and-uri-requests) to obtain the MeSH headings corresponding to the MeSH IDs in the
BioConceptVec vocabulary. We used these headings to convert MeSH IDs to drug names. We also applied this conversion to
drugs in the vocabulary of our trained skip-gram model.

1.5.2 Conversion from gene ID to gene name

The BioConceptVec vocabulary registers genes using gene IDs. Therefore, we explain the procedure for converting gene
IDs to gene names. We used the KEGG API to obtain the names corresponding to the gene IDs in the BioConceptVec
vocabulary. This API allows for batch requests; for example, to process gene IDs 20, 21, 22, 23, 24, the data is available at
https://rest.kegg.jp/list/hsa:20+hsa:21+hsa:22+hsa:23+hsa:24. If multiple names corresponded to

6/15


https://www.nlm.nih.gov/mesh/meshhome.html
https://www.nlm.nih.gov/mesh/meshhome.html
https://www.nlm.nih.gov/mesh/meshhome.html
https://hhs.github.io/meshrdf/sparql-and-uri-requests
https://hhs.github.io/meshrdf/sparql-and-uri-requests
https://rest.kegg.jp/list/hsa:20+hsa:21+hsa:22+hsa:23+hsa:24

Hyperparameter Values
Training epochs 10
Down-sampling threshold 1073
Learning rate 0.025
Window size 5
Negative samples 5
Minimal word occurrence 30
Dimension 300

Table S4. Hyperparameter for our skip-gram.

Setting G Setting P1 Setting P2
1200
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(b) Our embeddings

Figure S2. Distribution of the sizes of the answer sets for each drug d in the settings for predicting genes from drugs. The
mean values are also shown: for setting G, the value of Eycp{|[d]|} from Table 2; for setting P1, the value of
Epc#{Bacp,{|[d]p|}} from Table S1; and for setting P2, the value of E)c »{Eqc,np{|[d]|}} from Table S1.

a single gene ID, we chose the first name. We also applied this conversion to genes in the vocabulary of our trained skip-gram
model.

1.5.3 Conversion from KEGG ID to MeSH ID

In AsuratDB and the KEGG API, which is used to obtain drug-gene relations, genes are represented by gene IDs, while drugs
are represented by KEGG IDs. Therefore, to use the data in BioConceptVec, we need to convert the KEGG IDs to MeSH IDs.
We followed a four-step procedure (I), (I), (IIT), and (IV) to convert KEGG IDs to MeSH IDs.

(I) KEGG ID to PubChem SID or ChEBIID Some drugs in KEGG are manually linked to external databases such as PubChem
(https://pubchem.ncbi.nlm.nih.gov/) and ChEBI (https://www.ebi.ac.uk/chebi/), which are larger
databases than KEGG. Therefore, we used these databases to link their IDs to MeSH IDs.

Since PubChem is maintained by the NCBI (National Center for Biotechnology Information, https://www.ncbi.nlm.
nih.gov/) that also maintains the MeSH database, we prioritized the conversion of KEGG IDs to PubChem Substance IDs

715


https://pubchem.ncbi.nlm.nih.gov/
https://www.ebi.ac.uk/chebi/
https://www.ncbi.nlm.nih.gov/
https://www.ncbi.nlm.nih.gov/

Setting G Setting P1' Setting P2’

500
ool | Egeoflloll} =10.008 | [ ]I Eper{Egeq,{llglpl}} =5.050 12009 | § Eper{Egegnalllgll}} =7.131
400 1000
> > >
g'150 2 300 g 800
g g g
600
g 100 © 200 ]
& &= & 400
50
100 200! bk
0 : T . l‘ . 0 . s . l‘ . 0
0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100
[[9]] [[9]sl [[9]]
(a) BioConceptVec
Setting G’ Setting P1’ Setting P2’
—————— Egeclllgll} =9.413 - Eper{Egec,{Ilglol}} = 4.847 - Eper{Egegncillgll}} =6.714
200 400
> > >
o150 ©'300 o
] ] ()
=] =] >
$ 100 9 200 5
e e s

1
0 20 40 60 80 0 20 40 60 80
|Lgll Lglol ILgll

(b) Our embeddings

v
o o
=
o
o o

Figure S3. Distribution of the sizes of the answer sets for each gene g in the settings for predicting drugs from genes. The
mean values are also shown: for setting G , the value of Egc{|[g]|} from Table 2; for setting P1', the value of

E e #{Eqcc,1l[g]p|}} from Table S1; and for setting P2, the value of Epe #{Egey,nc{|[g]|}} from Table S1.

Model Version

GPT-3.5 gpt-3.5-turbo-0125
GPT-4 gpt-4-turbo-2024-04-09
GPT-40  gpt-40-2024-05-13

Table S5. Version of each GPT model.

(SIDs). If we could not convert KEGG IDs directly to PubChem SIDs, we converted them to ChEBI IDs. The conversion from
KEGG IDs to PubChem SIDs is available at https://rest .kegg. jp/conv/pubchem/drug, and the conversion to
ChEBI IDs is available at https://rest.kegg. jp/conv/chebi/drug.

() PubChem SID or ChEBI ID to PubChem CID  Next, we converted PubChem SIDs and ChEBI IDs to PubChem Compound
IDs (CIDs), which are associated with MeSH IDs. The conversion from PubChem SIDs to PubChem CIDs is available
athttps://pubchem.ncbi.nlm.nih.gov/rest/pug/substance/sourceall/KEGG/cids/ json. To con-
vert ChEBI IDs to PubChem CIDs, we used the PubChem API. For example, for ChEBI ID 39112, the corresponding data can
be obtained at https://pubchem.ncbi.nlm.nih.gov/rest/pug//compound/xref/RegistryID/chebi:
39112/cids/ json.

(llf) Convert CIDs to MeSH Headings We used the Entrez (https://www.ncbi.nlm.nih.gov/Web/Search/
entrezfs.html) System API provided by NCBI, and obtained the MeSH headings associated with each CID. This API
allows for batch requests. For example, for CIDs 5328940 and 156413, the corresponding data can be obtained from the fol-
lowing URL: https://eutils.ncbi.nlm.nih.gov/entrez/eutils/esummary.fcgi?db=pccompoundé&
1d=5328940, 156413&retmode=7json.
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https://eutils.ncbi.nlm.nih.gov/entrez/eutils/esummary.fcgi?db=pccompound&id=5328940,156413&retmode=json
https://eutils.ncbi.nlm.nih.gov/entrez/eutils/esummary.fcgi?db=pccompound&id=5328940,156413&retmode=json

Role Prompt

system  You are a biologist specializing in drug-target interactions. Your responses should be formatted as JSON, with data listed under the key ‘target_genes’.
user List the top 10 potential target genes for the drug drug name.

Table S6. Prompt template used for the GPT series to predict the top 10 target genes for each query drug. Here, drug name is
a specific name such as Bosutinib.

Model Setting Method Centering Topl Topl0 MRR
Random 0.020 0.140 0.065

Vnaive 0.067 0.197 0.111

G v 0.125 0.381 0.209

\ 0.206 0455 0.289

v 0.300 0.686 0.426

Random 0.020 0.142  0.066

. ¥V p.naive 0.364 0.661 0470
Ourembeddings - p, v 0455 0810 0581
\f 0.521 0.788 0.615

v 0.589 0.862 0.685

Random 0.023 0.164 0.074

¥V p.naive 0376 0.682 0.484

P2 v 0473 0.837 0.601

\f 0.530 0.803 0.626

v 0.600 0.880 0.700

Table S7. Results of the naive estimators and the centering ablation study for settings G, P1, and P2.

(IV) MeSH Headings to MeSH ID  Since we had already obtained the correspondence between MeSH IDs and MeSH headings
in Supplementary Information 1.5.1, we could match MeSH IDs with the MeSH headings obtained through the Entrez system
APIL. In this way, we converted the original KEGG IDs to MeSH IDs. Note that multiple KEGG IDs may correspond to the
same MeSH ID. In such cases, we chose the smallest KEGG ID to associate with the MeSH ID.

1.6 Details of predictions using random baseline

This section describes the sets used for sampling in the random baseline across different settings. For settings G, P1, and P2, the
set used was G. Similarly, D was used for G/, Pl/, and P2l, while G” was used for settings Y1, P1Y1, and P2Y 1. For settings
Y2, P1Y2, and P2Y2, G*'&» U G*IY was used instead of G*'U; This was intended to prevent extremely high random baseline
performance when the size of GV is very small.

1.7 Details of predictions using the GPT series
In this study, we used GPT-3.5, GPT-4, and GPT-40 as baselines for generative models. The details of the models are shown in
Table S5. The prompts are shown in Table S6.

1.8 Details of predictions by TransE

This section describes the details of the experimental settings for TransE. Embeddings are learned for each of settings G,
P1, and P2. In our experiments, we utilized TransE with the following hyperparameters: a batch size of 1024, embedding
dimensions set to 500, a learning rate of 0.0001, and a total of 800 iteration steps. Additionally, we adopted the self-adversarial
negative sampling method from RotatE?, configuring the negative sampling size to 512 and the sampling temperature to 0.5.
For each setting, the triplets of drug d, gene g, and drug-gene relation (d, g) are used to evaluate performance in analogy
tasks and are then split into 60% training, 20% validation, and 20% test data. In setting G, only a single type of relation, the
drug-gene relation, is considered. In settings P1 and P2, the drug-gene relation (d, g) is distinguished based on each pathway
p € &, resulting in | Z?| different relations. For entities in the validation and test data that do not appear in the training data,
random embeddings are simply used. Since KGE typically uses the entire set of head and tail entities as its search space, we
similarly define the search space for TransE as the entire set of drugs and genes that have drug-gene relations for each setting.
Additionally, note that in Table 3, while random baseline, GPT series, and our method evaluate performance on the entire
dataset, TransE evaluates performance on the 20% test data.
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Metric

Model Setting Method Topl Topl0 MRR

G Random 0.011 0.075 0.036

¥ 0233 0560 0345

. /' Random 0010 0065 0032
BioConceptVee — P1 ¥, 0426 0679 0515
by  Random 0009 0066 0031

¥, 0248 0507 0337

G Random 0.010 0.078 0.037

¥ 0240 0577 0351

. /' Random 0012 0070 0034

Our embeddings P ¥, 0478 0751 0571
by  Random 0009 0070 0033

¥, 0279 0516 0359

Table S8. Gene prediction performance in settings G, P1’, and P2'.

2 Details of experimental results

2.1 Analogy tasks for drug-gene pairs

2.1.1 Comparison of estimators and centering ablation study

For settings G, P1, and P2, Table S7 shows the results of the naive estimators defined in equations (5) and (S3) and the centering
ablation study, using our skip-gram. In all settings, the results of the estimators ¥ and V,, calculated from drug-gene relations
outperformed those of the naive estimators Vpaive and ¥, naive. We also observed performance improvements due to centering.
Based on this, we showed the results using the estimators calculated from the drug-gene relations with centering applied in
Table 3.

2.1.2 Prediction of drugs from genes

As seen in Supplementary Information 1.3, Table S3 defines settings G, P1l', and P2 for the analogy tasks for predicting drugs
from genes. We then define estimators to perform the analogy tasks in these settings. Similar to the estimator ¥ in Eq. (7) for
setting G, we define the estimator V' for setting G:

1
V:=—V=Ez{us—u,} = 7 Z (ug—uy). (S25)
1] (d.g)eZz
Similar to the estimator ¥, in Eq. (14) for settings P1 and P2, we also define the estimator V;, for settings P1' and P2":
R R 1
v, =¥, =Bz, {us—ug} = 7z Z , (ug —uy). (S26)
Pl (dg)eR,

For settings G,P1,and P2, we performed the analogy tasks using ¥ and ¥/, and Table S8 shows the results. Similar to
Table 3, the estimators calculated from the drug-gene relations outperformed the random baseline.

While Table 3 shows higher scores for setting P2 compared to setting P1, Table S8 shows higher scores for setting P1’
compared to setting P2’. To explain these results, we focus on the sizes of the query and answer sets, using actual values
from BioConceptVec. As shown in Table S1, the sizes of the query sets for settings P1 and P2 are ¥ ,c » |D,| = 4087
and ¥ ,c » |2, N D| = 4091, respectively. The ratio is ¥ ,c » |%, N D|/ ¥ ,c.» |Dp| = 1.001. On the other hand, for settings
P1’ and P2, the sizes of the query sets are Yper |Gyl = 1251 and ¥ e » |9, N G| = 3463, respectively, with a ratio of
Y ez |9 NG|/ Lpes |Gyl = 2.768. For settings P1, P2, P1’, and P2', the answer sets defined in Tables S2 and S3 are [d],,,
[d], and [g],, [g], respectively. By definition, the sizes of the answer sets satisfy |[d],| < |[d]| and |[g],| < |[g]|. In fact,
the expected values of them are E,c »{Euep,{|[d],|}} = 1.965, Bucp{|[d]|} = 2.938, E)c 2 {Eqeq, {l[8]pl}} = 5.050, and
Egcc{|[g]|} = 10.008, respectively. In settings P1 and P2, the sizes of the query sets are nearly identical, but the larger answer

sets in setting P2 probably make the task easier. On the other hand, the sizes of the query sets in setting P2’ are more than twice
. / . . . . . . . /
as large as those in P1 , which likely contributes to the lower evaluation metric scores in setting P2 .
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Metric

Vocabulary Setting LLM Topl ToplO
GPT-3.5 0.611 0.785
G GPT-4 0.665  0.795

GPT-40 0.718 0.848

, GPT-35 0581 0.780
BioConceptVec GPT-4  0.633  0.792
GPT-40 0689 0.855

GPT-3.5 0.627 0.803
P2 GPT-4 0.685 0.813
GPT-40 0.742 0.873

GPT-3.5 0.637 0.804
G GPT-4 0.693  0.818
GPT-40 0.741 0.867

, GPT-35 0604 0.796
Our embeddings  p, GPT-4 0654 0.808
GPT-4o 0703  0.868

GPT-3.5 0.653 0.821
P2 GPT-4 0.710  0.832
GPT-40 0.760 0.887

Table S9. Gene prediction performance for GPT models.

F4000

Ll 3614 1.04 Topl Random Top1l == Number of Queries
. =580 = | == Top10 -4+ Random Top10 1800 £
W c —m~ MRR -@- Random MRR 5
0.8] - e 3000 3 08y - * :
: - 0.700 o oS 8
(0] .\\.___._.___.-74:"'_'/.\'—' ] 008
5 0.61 s % ° :
5 T 2000 S, 1400 &
(%] 0.4] 4 /i'/:.L. 8 '8
P ey 1000 % 200 3
0.2 e T Ak A o R
. M., a..... n ;
- B g
0.0— S & o o o . o © 0
N N N N N YN N Yy
Year
(a) P2Y1

Figure S4. Gene prediction performance and the number of queries for each year in settings P2Y1 and P2Y2.

2.1.3 Predictions by GPT models

The prediction results from the GPT models are shown in Table S9. The set of query drugs and the set of correct target genes
depend not only on settings G, P1, and P2 but also on the vocabulary set. Here, we conducted experiments using vocabularies
obtained from BioConceptVec or our skip-gram embeddings. The best accuracies for all combinations of vocabularies and
settings are summarized in the Table 3 in the main text.

2.2 Analogy tasks for drug-gene pairs by year
2.2.1 Global setting by year
Tables S10 and S11 show the statistics for settings Y1 and Y2. As seen in Table S2, in setting Y1, the query is d € D”, and the
search space is ¢”. In setting Y2, the query is d € D*!¥», and the search space is %” \ [d]” Ly In Table S10, D¥ and ¢ show
a monotonic increase over the years. On the other hand, Table S11 shows that DY Iy has increased since 1975 and started to
decrease after 1995.

We showed the plots of the results for settings Y1 and Y2 in Fig. 3. For settings Y1 and Y2, Table S12 shows detailed
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Year
1975 1980 1985 1990 1995 2000 2005 2010 2015 2020 2023

| 27| 3275 5059 7125 9387 11748 14044 16827 19758 22717 25431 28284
|97 725 1782 3413 5976 10533 16949 24784 32264 39961 47509 51057
|22 128 429 807 1251 2337 3282 4054 4849 5551 5909 5968
|DY| 104 343 666 904 1253 1436 1566 1708 1875 1961 1980
|G| 21 47 75 125 228 348 430 521 590 630 634

Esep{|[d]]} 1231 1251 1212 1384 1865 2286 2589 2839 2961 3.013 3.014
Eceor{llg]]} 6095 9.128 10760 10.008 10250 9.431 9428 9307 9408 9379 9413

Table S10. Statistics for setting Y.

Year
1975 1980 1985 1990 1995 2000 2005 2010 2015 2020
|2 | 37 117 256 499 859 1269 1637 1978 2354 2603
|72\ | 53 183 296 344 515 473 379 281 189 61
| D1 48 154 272 288 369 325 256 189 131 48
ey 14 34 55 89 137 173 153 140 115 44

E, o {|[@B]} 1028 1.104 1.133 1188 1372 1500 1613 1.665 1722 1.760
{[[@P'%[} 1104 1188 1.088 1.194 1396 1455 1480 1487 1443 1271
P} 2467 4179 5020 5940 5335 4789 4547 4425 4467 4591
E. o {[lgP10]} 3786 5382 5382 3865 3759 2734 2477 2007 1.643 1386

Table S11. Statistics for setting Y?2.

results used in Fig. 3.

2.2.2 Pahtway-wise setting by year
Tables S13 and S14 show the statistics for settings P1Y1, P2Y1, P1Y2, and P2Y2. As seen in Table S2, the query is d € Df,

in setting P1Y1, d € .@% N DY in setting P2Y 1, d € D};‘Uy in setting P1Y2, and d € “@,{ N DY in P2Y2. In Table S13, D%

and 2, N D’ show a monotonic increase over the years. On the other hand, Table S14 shows that Df,‘U'" and Z) N D*% have
increased since 1975 and started to decrease after 1995.

We showed the plots of the results for settings P1Y1 and P1Y2 in Fig. 3. Fig. S4 shows the plots of the results for settings
P2Y1 and P2Y2. For settings P1Y1, P2Y1, P1Y2, and P2Y?2, Table S15 shows detailed results used in Fig. 3 and Fig. S4. As
shown in Table 3, settings P1 and P2 show roughly the same trends. Similarly, in Table S15, settings P1Y1 and P2Y1, as well
as P1Y2 and P2Y2, each show similar trends.

2.3 Correlation between answer set sizes and predicted ranks

Fig. S5 shows scatter plots and correlation coefficients between the answer set sizes for each drug d and the ranks of the
predicted genes obtained by adding relation vectors in settings G, P1, and P2. Since smaller answer set sizes are more frequent
(see Fig. S2 in Supplementary Information 1.4 for the distribution of answer set sizes), we calculated a weighted Pearson
correlation coefficient, where the weight is the reciprocal of the frequency of each answer set size.

2.4 Details of comparison of analogy computation and TransE

This section provides details regarding the experiments presented in Fig. 4, comparing our analogy computation with TransE.
We conducted experiments under setting P1, which is a simple setting and involves multiple drug-gene relations. For drug-gene
relations in Setting P1, we fixed 20% of the data as validation data and another 20% as test data, following the same setting for
TransE in Table 3, and used them consistently across both methods. From the remaining 60% of the data, we created training
subsets ranging from 10% to 60%, ensuring that each smaller subset is contained within the next larger subset. Formally, if we
define the 10% to 60% training sets as J], - - -, Js0, then F9 C Ty C Fa0 C Tao C Ts0 C Feo-
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Year

Metric ~ Setting  Method 1975 1980 1985 1990 1995 2000 2005 2010 2015 2020 2023
Y1 Random | 0.143 0.066 0.054 0.036 0.027 0.022 0.024 0.022 0.022 0.019 0.019
Topl v 0.365 0.262 0249 0.236 0.247 0272 0275 0.287 0.323 0.301 0.300
P v2 Random | 0.104 0.081 0.043 0.028 0.016 0.012 0.013 0.006 0.009 0.004 -
PILy 0.333 0.208 0.165 0.132 0.076 0.092 0.062 0.090 0.107 0.021 -
Y1 Random | 0.830 0.554 0426 0.317 0236 0.196 0.185 0.165 0.153 0.137 0.140
Topl0 A4 0.837 0577 0563 0.562 0.578 0.652 0.691 0.651 0.714 0.693 0.686
p v2 Random | 0.835 0.538 0.382 0.253 0.157 0.123 0.098 0.064 0.062 0.081 -
PILy 0.625 0.487 0438 0410 0.347 0397 0352 0344 0.328 0.271 -
Y1 Random | 0.340 0.204 0.167 0.127 0.100 0.084 0.081 0.073 0.069 0.064 0.064
MRR A 0.534 0370 0353 0.346 0.363 0399 0410 0410 0455 0430 0426
v Random | 0.305 0.211 0.150 0.104 0.070 0.055 0.049 0.034 0.034 0.032 -
PILy 0438 0304 0253 0214 0.163 0.182 0.147 0.173 0.188 0.103 -
Table S12. Gene prediction performance in settings Y1 and Y2.
Year
1975 1980 1985 1990 1995 2000 2005 2010 2015 2020 2023
Y e \D¥,| 85 536 1092 1668 2271 2609 2897 3122 3447 3578 3612
Y e G%| 15 76 127 234 444 634 765 916 1088 1167 1178
Yew | ZpNDY| 397 1015 1559 2055 2394 2690 2909 3132 3458 3581 3614
Yoer |9 NG| 25 136 271 553 1242 1896 2325 2570 2952 3174 3186
Eper{Egep {|[dl}|}} 1078 1446 1289 1341 1.603 1.803 1.841 2.027 1.983 1.979 1990
Epey{EgeG;{Hgm}} 6.143 8.485 8.084 7.485 7.027 6.032 5.607 5.529 4.973 4.830 4.847
EPEE@{E%@;OD},{HdM}} 1.078 1430 1.356 1.616 2.211 2.532 2.724 2.902 2.749 2.759 2.776
11.633 8.815 7.163 6.968 6.505 6.525 6.692 6.714

Epe o {Byeqpne {l[eP1}} 10.000 13.496 12.787

Table S13. Statistics for settings P1Y1 and P2Y]1.

We explain the experimental settings of our method. We used our skip-gram embeddings. At test time, for pathways present
in the training data, we used the relation vector v, defined in Eq. (14). For pathways not present in the training data, we used the
relation vector v computed from all drug-gene relations in the training data, as defined in Eq. (7). The search space consisted of
all genes appearing in the training, validation, and test data.

The experimental settings for TransE follow those described in Supplementary Information 1.8.
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Search Result Rank

Search Result Rank

Year

1975 1980 1985 1990 1995 2000 2005 2010 2015 2020
Y e )" 40 253 419 448 565 500 426 303 195 66
Yo |GIY 10 58 90 154 272 295 250 218 163 6l
Y e |2y N D] 42 275 464 492 681 612 511 387 257 96
Yoz |9 NG| 14 68 121 250 531 607 589 549 496 206
Epeor 1B _ s {‘[d}f,'”y }} 1.034 1.445 1.247 1285 1.477 1.571 1.596 1.724 1.648 1.614
4
Bpe | Byt {’[g];‘l’y }} 4.194 7.157 6.560 5.761 5.107 4.329 3.924 3.884 3.538 3.443
Epe# { Bgeapapes /[P }} 1.034 1427 1301 1.497 1.925 2.126 2.288 2.376 2.176 2.113
Epe \Egegrnori 111" }} 7.000 10.525 9.027 7.890 5.667 4.729 4.392 4.155 4.096 4.249
Table S14. Statistics for settings P1Y2 and P2Y2.
Setting G Setting P1 Setting P2
Weighted Spearman's p: -0.201  Weighted Spearman's p: 0.054  Weighted Spearman's p: -0.102
V4 4
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Figure S5. Scatter plots of the answer set sizes for each drug d and the ranks of the predicted genes.

14/15



Year

Metric ~ Setting Method 1975 1980 1985 1990 1995 2000 2005 2010 2015 2020 2023
PIY1 Random | 0.151 0.086 0.062 0.044 0.028 0.025 0.022 0.021 0.021 0.019 0.020
fff, 0.706 0.621 0.613 0.592 0.589 0.588 0.588 0.587 0.614 0.582 0.589
oY1 Random | 0.178 0.083 0.060 0.043 0.034 0.030 0.027 0.029 0.023 0.021 0.022
Tool @; 0.638 0.562 0.568 0.570 0.581 0.581 0.596 0.597 0.626 0.591 0.600
P PIY?2 Random | 0.147 0.079 0.054 0.033 0.017 0.012 0.013 0.007 0.004 0.006 -
L 0350 0482 0442 0366 0290 0266 0254 0244 0272 0.258 -
PoY2 Random | 0.107 0.074 0.051 0.032 0.019 0.014 0.009 0.007 0.005 0.003 -
%‘L’ 0.333 0444 0.399 0.333 0.244 0221 0213 0.202 0.226 0.177 -
PIYI Random | 0.906 0.602 0486 0.351 0.245 0.214 0.186 0.165 0.146 0.140 0.142
{;{7 1.000 0.871 0.862 0.835 0.847 0.881 0.889 0.867 0.886 0.869 0.862
PY1 Random | 0.862 0.601 0.492 0366 0278 0.243 0.214 0.199 0.171 0.162 0.170
Top10 ffﬁ 0915 0.797 0.812 0.811 0.842 0.877 0.899 0.881 0900 0.884 0.880
oP PIY? Random | 0.922 0.583 0448 0269 0.156 0.118 0.098 0.068 0.061 0.076 -
Q';‘L" 0.625 0.648 0.704 0.621 0.586 0.564 0.620 0.558 0.662 0.606 -
P2Y?2 Random | 0.898 0.558 0450 0274 0.173 0.129 0.104 0.076 0.064 0.057 —
‘A/“;‘Ly 0.595 0615 0.655 0.575 0.530 0495 0562 0506 0.560 0.479 -
PIY1 Random | 0.366 0.231 0.186 0.140 0.102 0.090 0.080 0.073 0.068 0.064 0.065
0}’2 0.849 0.724 0.712 0.684 0.680 0.690 0.694 0.688 0.713 0.684 0.685
oY1 Random | 0.369 0.228 0.186 0.144 0.115 0.101 0.091 0.088 0.076 0.072 0.074
MRR Vf, 0.772 0.658 0.664 0.661 0.673 0.684 0.704 0.700 0.726 0.696 0.700
P1Y2 Random | 0.358 0.224 0.169 0.113 0.071 0.054 0.049 0.034 0.031 0.034 —
%‘L" 0488 0.555 0.547 0459 0392 0370 0384 0362 0400 0.382 -
P2Y?2 Random | 0.308 0.215 0.170 0.113 0.076 0.058 0.049 0.038 0.033 0.029 -
ffz‘L" 0466 0514 0499 0423 0340 0316 0333 0312 0.333  0.277 -

Table S15. Gene prediction performance in settings P1Y1, P2Y1, P1Y2, and P2Y?2.
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