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Mass Spectrum Preprocessing

We consider several procedures involved in mass spectrum preprocessing, each
representing a type of mass spectrum transformation. These procedures include
filtering, weight-factor transformation, low-entropy transformation, centroiding,
noise removal, and matching. In the PyCompound package, they are abbreviated
using single-letter codes: F, W, L, C, N, and M, respectively. Among these
six procedures, centroiding and matching apply only to high-resolution mass
spectrometry (HRMS) data.

Let z = (z1,23,...,2,) denote the ordered m/z values of a mass spec-
trum of length n. We represent the corresponding intensity vector by I =
(z1,22,...,2y), where each intensity satisfies z; > 0. Thus, a mass spectrum is

characterized by the m/z vector z and the intensity vector I.

e Filtering (F): Given user-defined parameters (Zmin,Zmax) and (Zmin,
ZTmax) and a spectrum I, the transformed spectrum I'* = (z7,z3,...,2})
is defined by

Ly, lf Zmin S 2 S Zmax and Lmin S s S Tmaxy

0, otherwise.

o Weight-factor transformation (W): Given user-defined parameters
(a, B) and a spectrum I, the transformed spectrum I* has the same m/z
values as I and intensities

* a B a, B o B
1 —(zlxl,zsz,...,zna:n).
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Low-entropy transformation (L): Given a user-defined low-entropy
threshold T and a spectrum I, define

Lq

Z;L:1 z;’

a; = i:l,...,n7

and the Shannon entropy

HShannon(I) - *Zai ln(ai).
i=1

The transformed intensities I* = (z3,z35,...,x}) are given by
A;, if HShannon (I) Z Ta
.
Ti =\ +Hsnannon® i=1...,n
- 1i+T :
a; ) if HShannon (I) < T,

Centroiding (C; HRMS only): Given a user-defined window-size pa-
rameter Weentroiding ad a spectrum I, the transformed spectrum I* merges
adjacent peaks (z;, ;) and (2z;41,x;+1) into a single peak

Z2iTi + Zi41Tit1
(7 Ti+ Tiy1
Ti+ Tip1
whenever |2; —z;41| < Weentroiding for @ € {1,2,...,n—1}. This centroiding

procedure generalizes naturally to cases where more than two peaks have
m/z values within Weentroiding Of One another.

Noise removal (IN): Given a user-defined parameter r and a spectrum
I, this procedure removes all peaks whose intensities satisfy

xj <r-max{zi,Ts,..., Ty}, je{l,2,...,n}.

Matching (M; HRMS only): Given a user-defined window-size pa-

rameter Wmatching and two spectra with intensities I = (21, 29,...,2y)
and J = (y1,¥y2,---,Ym), and corresponding m/z values (z1,22,...,2,)
and (v1,vs,...,0n), the goal is to produce two spectra I* and J* that

contain the same number of peaks and share identical m/z values. For
each peak (z;,x;) in I:

— If there is no peak (v;,y;) in J satisfying |z; — v;| < Wmatching, then
(zi,2;) is included in I'* and the peak (z;,0) is included in J*.

— If there is at least one peak (vj, y;) in J satisfying |2;—v;| < Wmatching,
then (z;,x;) is included in I* and the peak

(2, E )
Jt|2i—vj| <Wmatching
is included in J*.

The same procedure is then applied after swapping the roles of I and J.



Implementation details for centroiding and peak matching. In Py-
Compound, centroiding uses a greedy, intensity-priority procedure. Peaks are
first sorted by m/z and then processed from highest to lowest intensity. For
each peak with positive intensity, neighboring peaks satisfying

|Am/z| < Weentroiding

are merged. The m/z value of the resulting peak is calculated as the intensity-
weighted mean, and its intensity is calculated as the sum of the merged intensi-
ties. Merged peaks are assigned zero intensity so that they are not reused. If no
centroiding is required, the original spectrum is retained. If centroiding leaves
fewer than two peaks, the implementation returns the placeholder spectrum
[10,0]].

Peak matching aligns the query and reference spectra through a two-pointer
merge of peaks sorted by m/z. Peaks satisfying

|Am/z| < Wmatching

are matched, whereas peaks outside the matching window are treated as un-
matched and assigned an intensity of zero in the other spectrum. When multi-
ple peaks fall within the same matching window, their intensities are summed
according to the implemented matching procedure. The resulting aligned repre-
sentation contains three columns: m/z, query-spectrum intensity, and reference-
spectrum intensity. If no aligned rows are produced, the implementation returns
the placeholder row [ [0,0,0]].

Within the spectral-library matching workflow, infinite intensity values gen-
erated during transformation are reset to zero. Centroiding, peak matching,
and subsequent transformations are performed only when both spectra contain
more than one peak. If either spectrum contains fewer than two peaks after
preprocessing or either aligned intensity vector has a total intensity of zero, the
similarity score is set to zero. Thus, these empty or degenerate spectra do not
produce undefined similarity values.

These preprocessing steps are also documented in the PyCompound GitHub
repository (https://github.com/hdlugas/pycompound).

Boundedness of entropy-based similarity measures

We denote the spectra whose similarity we wish to compute by Ig = (a1, a2, ..., ax)
and Ir = (b1,b2,...,b,), where > a; => " b =1 and 0 < a;,b; <1 for
all . Each spectrum therefore represents a discrete probability distribution. All
logarithms denote the natural logarithm.

Within this probabilistic framework, the generalized Jensen—Shannon diver-
gence [3], JSx(I1,...,In), quantifies dissimilarity among N probability distri-
butions Iy, ..., Iy with weights 7 = (m1,...,7n):

N N
JST{(117 s 7IN) = Hshannon (Z 7Tili> - Z TG HShannon(Ii)a

=1 i=1
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where Hspannon(I) = — > iy a; In(a;) is the Shannon entropy of I = (az, ..., ay).
All three entropy-based similarity measures (Shannon, Tsallis, and Rényi) in this
work arise from the special case N = 2 with 7 = (1/2,1/2). The Tsallis and
Rényi versions are obtained by replacing the Shannon entropy in this expression
with the Tsallis or Rényi entropy, respectively. Note that the Shannon-based
and Tsallis-based measures were introduced in [2] and [1], respectively, whereas
the Rényi-based measure is newly introduced in this work.

In what follows, we show that the three entropy-based similarity measures
used in this work are bounded between 0 and 1. A value of 1 occurs exactly
when the query and reference spectra are identical, and a value of 0 occurs
when they have disjoint support, meaning that the spectra share no m/z values
with nonzero intensity in common. For the Tsallis and Rényi measures, the
parameter ¢ denotes the usual entropy order appearing in their definitions. In
the Rényi case, boundedness in [0, 1] holds when ¢ € (0,1), whereas the Tsallis-
based measure is bounded in [0, 1] for all ¢ > 0, ¢ # 1.

Shannon

The Shannon entropy of a probability distribution I = (aq,...,a,) is
HShannon(I) = - Z a; ln(ai).
i=1

To verify concavity, define f(z) = zIn(z) for z > 0 and set f(0) = 0 to ensure
continuity on [0,00). Since f is convex, the function —z In(x) is concave, and
therefore Hsnannon is concave on the space of probability distributions.

Definition 1 ([2]). The Shannon entropy similarity measure between spectra
Ig =(a1,...,an) and Ig = (b1,...,by) is

JS'hannon (IQ7 IR)
In(4) ’

SShannon(IQ7IR> =1-

where

Jshannon (I, Ir) = 2JSx(1g,IR)

I I
=2 HShannon (m

9 > - HShannon(IQ) - HShannon(IR)a

and ™ = (1/2,1/2).
We now establish its basic boundedness properties.

Theorem 1. The Shannon entropy similarity measure Sspannon(lQ,Ir) lies
in [0,1]. Furthermore, Sspannon(lg,Ir) = 1 if and only if I = Ig, and
Sshannon (g, Ir) = 0if and only if I and I have disjoint support (i.e. a;b; =0
for all 7).



Proof. Since Hgspannon is concave, Jensen’s inequality gives

Ig+1 1 1
HShannon (Q2R> > §HShannon(IQ) + iHShannon(IR)a
implying JShannon(IQij) > 0 and therefore SShannon(IQa IR) < 1. If IQ = IR;
then JShannon(IQ; IR) =0, so SShannon(IQa IQ) =1

To show Sshannon(lg,Ir) > 0, it suffices to prove that Jspannon ({0, Ir) <
In(4). A direct computation gives

- a; bl
JShannon(IQ»IR) - Z(az 1n<ai + bz> + bz 1n<ai + bz> + (ai + bz) 111(2))

=1

= Xi+In(4),
i=1
where
PP MY (RN P WY (L
a; + b; a; +b;
Since 45—, afﬁbi € (0,1] and In(z) < 0 for z € (0,1], and adopting the

convention 0ln0 = 0, each X; < 0. Hence Z?:l X; < 0, which implies
Jshannon(IQ, Ir) < In(4) and therefore Sspannon (I, Ir) > 0.

Equality Jshannon(Ig,Ir) = In(4) holds exactly when all X; = 0, which
occurs if and only if a;b; = 0 for every ¢. This corresponds to disjoint support,

and yields Sshannon (I, Ir) = 0. This completes the proof. O

Tsallis

The Tsallis entropy of a probability distribution I = (ay,...,a,) is defined by
1 - Z?:l af

Hrsauis(1,q) = , g>0, q#1.

q—1

As ¢ = 1, Hpsanis(1,q) converges to the Shannon entropy Hshannon(l). For
each fixed ¢ > 0, ¢ # 1, Hrsanis(I,q) is concave on the space of probability
distributions. Let A € (0,1). The concavity inequality

HTsallis(AIQ + (1 - /\)IR7Q) Z )\HTsallis(IQ7Q) + (1 - )\)HTsallis(IR7Q)

is equivalent to

n n

D Aai+ (1 =Xb)? = A> al +(1—=X)D b forge(0,1),
=1 =1 =1

n

> Aai+ (1 =Nb)?T <AY al +(1—=N)> b forg> 1.
=1

=1 i=1



These inequalities follow from applying Jensen’s inequality to the function z?,
which is concave on [0, 1] for ¢ € (0,1) and convex on [0, 1] for ¢ > 1, in each
coordinate and then summing over 3.

The Tsallis entropy—based similarity measure, in direct analogy with the
Shannon case, is defined as follows.

Definition 2 ([1]). For ¢ > 0, ¢ # 1, the Tsallis entropy similarity measure
between spectra Ig = (a1,...,a,) and Ig = (b1,...,b,) is

Jrsaitis(1g, IR, q)
NTsallis(IQv IRv Q) '

Stsaitis(1g, Ir,q) =1 —

where

IQ+IR

Jrsanis(Ig, Ir, q) = 2HTsallis< 5

7(]) — Hrganis(1g,9) — Hrsauis(Ir, q)

and

NTsallis(IQ>IR7q) =

The quantity Nrseuis(Ig, IR, q) is always positive. Indeed,

q
2 (@)q _otmage. o (%) Zoi-gp
2 2 0

(217(1 - 1) (Z?:l af + Z?:l )
1—gq '

SO

NTsallis(IQa IRa Q) =

The factor i, a?+>"" | b? is strictly positive. For ¢ € (0,1) we have 279 > 1
and 1 — ¢ > 0, so the quotient is positive. For ¢ > 1 we have 2179 < 1 and
1 — ¢ < 0, so numerator and denominator are both negative and the quotient is
again positive.

Theorem 2. For every ¢ > 0, ¢ # 1, the Tsallis entropy similarity measure
Stsaitis(1g, Ir, q) lies in [0,1]. Moreover, Srsquis(Ig,Ir,q) = 1 if and only if
Ig = I, and Srsauis(Ig,Ir,q) = 0 if and only if I and I have disjoint
support (i.e. a;b; =0 for all 7).

Proof. Since Hrgqp1i5(1, q) is concave for every g > 0, ¢ # 1, Jensen’s inequality

gives

Io+ IR 1 1
HTsallis <Q2’ Q> > §HTsallis(IQv Q) + §HTsallis(IR7Q)a



50 Jrsaiis(Ig, Ir,q) > 0. Since Nrsauis(Ig, Ir,q) > 0, this implies

Jrsais(1q, IR, q)
NTsallis (IQv IRv Q)

Stsaitis(1g, Ir,q) =1 — <1.

If IQ = IR, then (IQ—I—IR)/Q = IQ, SO JTsallis<IQ7 IQ, q) = (0and STsallis(IQ7 IQ, q)
=1.

To show Stsauis > 0, it suffices to prove that Jrsauis(Ig, Ir, ¢) < Nrsauis(Ig,
IR, q). A direct calculation shows this is equivalent to

() <565 (3) wecon
i=1

)

i=1 i=1
Z(ai;bi)qZZ(?)q—%Z(%)q for ¢ > 1.
i=1 i=1 i=1

These inequalities follow from the concavity of 2¢ for ¢ € (0,1) and its convexity
for ¢ > 1, applied coordinatewise and summed over 1.

Finally, we characterize when Stsquis(lg, Ir, ¢) = 0. By definition, Stseis =
0 if and only if Jrsaiis = NTsairis, which is equivalent to

S () = () ()

For ¢ € (0,1), the function z9 is strictly concave on [0,00), so whenever

a; > 0 and b; > 0,
a; + b; q<(%)q+ bi a
2 2 2 '

For ¢ > 1, the function z9 is strictly convex, and for a;,b; > 0,

(25> (9 ()

In either case, whenever a; > 0 and b; > 0, the i-th term of the left sum
is strictly unequal to the corresponding sum of terms on the right. Therefore,
equality

- a; + b; 4 ~ a;\ 4 - b; 1
(") =2 (3) 2 (5)
i=1 i=1 i=1
can hold only if for each index i at least one of a; or b; is zero. That is,

a;b; =0 for all 4,

which means I and Ir have disjoint support. This completes the proof. O



Rényi
The Rényi entropy of a probability distribution I = (aq,...,a,) is defined by
1 n
, — a
HRényz(Iaq)_1q1n<i_Zlai>7 q>0aq7é1

As ¢ = 1, Hpenyi(1, q) converges to Hsnannon(I). For ¢ € (0,1), the function
a? is concave on [0, 1], so

is concave in I. The function In(x) is concave and nondecreasing on (0, c0), and
the composition of a concave, nondecreasing function with a concave function
is concave. Thus, for ¢ € (0,1), the function

In (i af)
i=1
1

is concave, and multiplication by the positive scalar T, breserves concavity.
Therefore, Hpenyi(1,q) is concave on the space of probability distributions for
every g € (0,1).

The Rényi entropy—based similarity measure, a novel measure introduced in
this work and constructed in direct analogy with the Shannon case, is defined

as follows.

Definition 3. For g > 0, g # 1, the Rényi entropy similarity measure between
two spectra Ig = (a1,...,a,) and Ip = (b1,...,b,) is

JRényi(IQ7 IR; Q)

NRényi(IQ, IR» q) ’

SRényi(IQaIRaQ) =1-

where
Iop+ Ip
Jrényi(1g, Ir,q) = 2HRényi<QQ7q> — Hreényi(10,q) — Hrényi(Ir, q)
and
1 "L saN\g " b\ ¢
Nrengi(Io, Irva) = (—— ) |21 (%) 2
el o) (1_q)[ ( 2 +;(2))

(5 (59

For g € (0,1), the normalization factor Nrenyi(Ig, IR, q) is strictly positive.
Let



Then

Nrenyi(Ig, Ir,q) = 1%(; (2In(27%(X +Y)) —In(X) — In(Y)) .

By the arithmetic mean—geometric mean inequality, X +Y > 2v/XY. Since
277 > 0 and the function In(x) is increasing on (0, c0),

In(27%(X +Y)) > In(27¢(XY)/?).

For g € (0,1), we have 1 — ¢ > 0, so

NRényi(IQv IRv Q) > % (2 ln(2iq+1(XY)1/2) - hl(X) - 111(Y)>
- q

= 1%(1(2(1 —q)In2)
=1In(4) > 0.

For ¢ € (0,1), the Rényi entropy Hpgenyi(1,q) is concave on the space of
probability distributions, and this concavity underlies the boundedness of the
resulting similarity measure. In contrast, for ¢ > 1, Hprenyi(L,¢) is no longer
concave in general. When ¢ > 1, the quantity Jrenyi(Ig, Ir, ¢) may become neg-
ative while the normalization factor Nrenyi(Ig,Ir,q) remains positive, which
can produce similarity values exceeding 1.

As an explicit illustration for ¢ > 1, consider ¢ = 2 and

Io = (0.77,0.12, 0.11),
Ir = (0.99, 0.005, 0.005).

A direct computation shows

Ig +1Ip

5 s 2) — HRényi(IQ, 2) - HRényi(IRa 2)

Jrényi(1g, IR, 2) = QHRényi(
< 0.
Since Npgenyi(Ig,Ir,2) is strictly positive, the corresponding similarity value
satisfies

JRényi(IQa [Ra 2)

Srenyi(lo, Ir,2) =1 —
rényil1Q, Ik, 2) Nrényi(Ig, Ir,2)

> 1.

Thus, when g > 1 the term Jgeny: can be negative, and the resulting similarity
measure may lie outside the interval [0, 1].

We now state the boundedness result for the range ¢ € (0,1), where the
Rényi entropy is concave.



Theorem 3. For g € (0,1), the Rényi entropy similarity measure Sgenyi (10, Ir, q)
lies in [0,1]. Moreover, Sgrenyi(lg,Ir,q) = 1 if and only if Ig = Ig, and
Sreényi(Ig, Ir, q) = 0if and only if I and I have disjoint support (i.e. a;b; =0
for all 7).

Proof. For q € (0,1), Hpreny:i(1, q) is concave, so Jensen’s inequality gives

Iop+1 1 1
HReényi <QQR7Q> > iHRényi(IQaQ) + iHRényi(IR»Q)’

Thus Jrenyi(Ig, Ir,q) > 0. Together with Npenyi(Ig, Ir,q) > 0, this shows
that

JRényi(IQa IRu CI)
NRényi(IQa IR; Q)

SRényi(IQv-[R?q) =1- <1

If Igp = Ig, then (Ig + Ir)/2 = Ig and hence Jpenyi(Ig,Ilg,q) = 0, so
SRényi(IQ7 IQ7 Q) =1

To show Sreny: > 0, it suffices to prove that Jrenyi (1o, Ir, q) < Nrényi(Ig, IR, q)-
This inequality is equivalent to

s () ) (@S G))

Since the natural logarithm is increasing on (0, 00), it is enough to show that
n q n n q
a; + b; (ai)q b;
iRl < il N
EEENCIEONE
=1 =1 1=1
For ¢ € (0,1), the function z? is concave on [0,00), and one obtains for all
z,y >0,
(x+y)? <af 4yl

Applying this with x = a; and y = b; and then multiplying by 277 yields

a; + b; 1 a; \ 4 b; 1
) < (22 i
("57) =(5)"+(3)
Summing over ¢ gives the desired inequality, so Jrenys < Npeény: and hence
SRényi > 0.
Finally, we identify when Sgepny: = 0. By definition, Sgenyi(Ig, Ir,q) = 0 if

and only if Jrenyi (10, Ir, §) = Nreényi(1g, IR, ¢), which is equivalent to equality
in

n

> (43 =) (5)

i=1 i=1 =1

10



that is,

() - (5) ()

=1

For ¢ € (0,1), the function z9 is strictly concave on [0,00), so for any
a;,b; > 0 with a; > 0 and b; > 0,

a; + b; q<(ﬂ)q+ E q.
2 2 2
Thus, each index ¢ with a; > 0 and b; > 0 contributes a strict inequality in

the sum. Therefore, equality of the total sums can only hold if there is no such
index, i.e. if for every i at least one of a; or b; is zero. Equivalently,

a;b; =0 for all 4,

which means that Ig and Ir have disjoint support. This completes the proof.
O
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Shiny Application Workflow

PyCompound is distributed as a Python package and command-line interface
for scripted and batch analyses, and as an interactive Shiny web application
for graphical exploration of spectral-library matching workflows. The publicly
hosted Shiny application is available at https://connect.posit.cloud/fy73
92, and a local version can be launched from the GitHub repository using shiny
run --launch-browser app.py. Video tutorials demonstrating installation,
data upload, analysis-mode selection, and result interpretation are available at
https://www.youtube.com/@PyCompound. The Shiny application imple-
ments the same preprocessing procedures, similarity measures, and parameter-
optimization strategies described in the main text and supports both NRMS
(e.g., GC-MS) and HRMS (e.g., LC-MS/MS) workflows. Table S2 summarizes
the four analysis modes, required inputs, primary outputs, and labeled-data
requirements.

Plot and compare spectra

Users upload or select a query spectrum and a reference spectrum from a user-
provided library. PyCompound displays the spectra before and after the selected
preprocessing workflow, enabling visual assessment of peak alignment, intensity
redistribution, and the effect of preprocessing order on spectral appearance.
This mode is useful for inspecting preprocessing settings prior to library match-
ing or parameter optimization. When compound identifiers are available, the
interface provides direct links to PubChem entries for external chemical anno-
tation and metadata.

Compound identification

Users upload query spectra and a reference spectral library, select the chro-
matography platform (NRMS or HRMS), choose one or more similarity mea-
sures, and specify preprocessing parameters and their execution order. PyCom-
pound preprocesses each query spectrum, compares it against the reference li-
brary, and returns a ranked list of candidate matches with similarity scores. For
each query spectrum, the top matched reference spectrum is displayed together
with the query spectrum for visual inspection. PubChem links are provided
when compound identifiers can be mapped to PubChem entries.

Parameter tuning by grid search

This mode requires labeled query spectra with known compound identities.
Users specify discrete candidate values for one or more preprocessing or simi-
larity parameters, and PyCompound evaluates all combinations of the selected
parameter grid. For each parameter configuration, the complete identification
workflow is executed and classification accuracy is computed as the proportion
of query spectra correctly identified by the top-ranked library match.
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Parameter tuning by differential evolution

This mode also requires labeled query spectra with known identities.
select continuous parameters to optimize and specify lower and upper bounds
for each parameter. PyCompound applies a differential evolution (DE) strat-
egy to identify parameter values that maximize annotation accuracy without

enumerating all possible combinations.

Example datasets for each analysis mode are provided in the tests/data
directory of the PyCompound GitHub repository (https://github.com/hdl
ugas/pycompound). Full reference libraries are available from the associated

Zenodo repository (https://zenodo.org/records/12786324).

Table S2. Analysis modes implemented in the PyCompound Shiny application

Users

Analysis mode Primary purpose Required inputs Primary outputs Labeled
query data
required?

Plot and compare Visual inspection of query Query spectrum; reference Mirror-style spectrum plots; No

spectra and reference spectra be- spectrum or library; prepro- preprocessing summary; Pub-

fore/after preprocessing cessing settings Chem links (if available)

Compound identifica- Ranked spectral-library Query spectra; Tofor- Ranked candidate matches; No

tion matching and candidate ence library; platform similarity scores; top-match
annotation (NRMS/HRMS); similar- spectrum plot; PubChem links
ity measure(s); preprocessing (if available)
settings
Parameter tuning (grid Exhaustive evaluation of dis- Tabeled query spectra; refer- Accuracy for each parameter Yes
search) crete parameter combina- ence library; parameter grid; combination; best parameter
tions similarity measure(s); prepro- set; identification results un-
cessing settings der optimal settings
Parameter tuning (dif- Optimization of continuous Labeled query spectra; refer- Optimized parameter values; Yes

ferential evolution)

parameters without exhaus-
tive enumeration

ence library; parameters to
optimize; parameter bounds;
similarity measure(s); prepro-
cessing settings

maximized accuracy; identifi-
cation results under optimized
settings

NRMS, nominal-resolution mass spectrometry; HRMS, high-resolution mass spectrometry; DE, differential evolution.
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Table S3. Maximum Accuracies, 95%

Confidence Intervals, and Optimal Parameters for ESI-based

identification
Preprocessing Order Configuration Cosine Shannon Tsallis Rényi (unbounded) Rényi (bounded)
Al 65.31% [63.41%,67.34%]  67.74% [65.97%,69.55%]  67.96% [06.15%,69.82%] 68.05% [66.20%,70.08%] 67.48% [65.58%.69.51%]
! (0.70.0.00,3,1.30,0.55) (0.70,0.00,3,0.00,1.00)  (0.70,0.00,3,0.00,1.00,1.10)  (0.70,0.00,3,0.00,1.00,1.10)  (0.70,0.00,3,0.00,1.00,0.95)
No NR 65.31% [03.41%,67.34%]  67.74% [65.97%,09.55%]  67.96% [06.15%,09.52%] 68.05% [66.20%,70.08%] 67.48% [65.58% 09.51%]
: (0.70,0.00,3,1.3 (0.70,0.00,3,0.00,1.00)  (0.70,0.00,3,0.00,1.00,1.10)  (0.70,0.00,3,0.00,1.00,1.10)  (0.70,0.00,3,0.00,1.00,0.95)
No WET 67.74% [65.97%.69.55%]  67.96% [66.15%69.82%] G8.05% [66.20%,70.08%] 67.48% [65.58% 69.51%]
(0.70,0.00,3,0.00,1.00)  (0.70,0.00,3,0.00,1.00,1.10)  (0.70,0.00,3,0.00,1.00,1.10)  (0.70,0.00,3,0.00,1.00,0.95)
No LET 65.58% [63.68%,67.44%] 6633V [64.52%,68.18%] 65.67% [63.63%,67.65%] 65.67%% [63.63% 67.65%]
FWONML (0.70,0.01,0,1.30,0.55)  (0.90,0.01,0,0.00,1.00,0.50)  (0.70,0.01,0,1.30,0.55,0.90)  (0.70,0.01,0,1.30,0.55.0.90)
. No NR or LET ¥ 65.537% [63. 9% 66.15% [64.34% 68 01%] 65.627% [63.63%.67.79%] 65.58% [63.59% 67.52%]
- (0.70,0.00,0,1.30,0.55) (0.70,0.00,0, 55)  (0.70,0.00,0,0.00,1.00,0.50)  (0.70,0.00.0,1.30,0.55,1.05)  (0.70,0.00,0,1.30,0.55,0.90)
No NR or WET 5047 [62.70%,66.42%]  67.74% [65.97%.69.55%)]  67.96% [66.15%,69.82%] 68.05% [66.20%,70.08%] 67.48% [65.58%.69.51%]
: (0.70,0.00,3,0.00,1.00) (0.70,0.00,3,0.00,1.00)  (0.70,0.00,3,0.00,1.00,1.10)  (0.70,0.00,3,0.00,1.00,1.10)  (0.70,0.00,3,0.00,1.00,0.95)
No LET or WET 60.54% [58.55%,62.40%]  64.83% [62.97%,66.65%]  66.33% [64.52%68.18%] 65.31% [63.37%,67-35%] 65.31% [03.377%07.35%]
(0.70,0.01,0,0.00,1.00) (0.70,0.00,0,0.00,1.00)  (0.90,0.01,0,0.00,1.00,0.50)  (0.70,0.00,0,0.00,1.00,0.50)  (0.70,0.00,0,0.00,1.00,0.50)
No NR. LET. or Wi 0049% [58.55%.6231%] G487 [62.977%,66.68%]  G6.15% [64.34% 68.0L%] 3.37%67.35%] 65.31% [63.37%67.35%]
T (0.70,0.00,0,0.00,1.00) (0.70.0.00,0,0.00.1.00)  (0.70.0.00,0,0.00.1.00.0.50)  (0.70.0.00,0.0.00,1.00,0.50)  (0.70.0.00.0,0.00,1.00,0.50)
Al 68.98% [67.21%,70.93%]  67.87% [65.93%,69.73%]  68.94% [67.03%,70.79%] 68.54% [66.64%,70.53%] 67.83% [65.93% 69.56%]
(0.70,0.00,3,1.30,0.55) (0.50,0.00,3,1.30,0.55)  (0.50,0.01,3,1.10,0.53,1.50)  (0.50,0.00,3,1.30,0.55,1.15)  (0.70,0.01,0,1.30,0.55.,0.95)
No NR 68.98% [67.21%.70.93%]  67.87% [65.93%,69.73%]  68.89% [66.95%,70.79%] G8.54% [66.64%,70.53%] 67.61% [65.71%69.55%]
o (0.70,0.00,3,1.30,0.55) (0.50,0.00,3,1.30,0.55)  (0.50,0.00,3,1.10,0.53,1.50)  (0.50,0.00,3,1.30,0.55,1.15)  (0.70,0.00,0,1.10,0.53,0.95)
No WET 64.47% [62.70%.66.42%]  67.74% [65.97%,69.55%] 67.96% [66.15%.69.82%] 68.05% [66.20%,70.08%)] 67.48% [65.58%.,69.51%]
(0.70,0.00,3,0.00,1.00) (0.70,0.00,3,0.00,1.00)  (0.70,0.00,3,0.00,1.00,1.10)  (0.70,0.00,3,0.00,1.00,1.10)  (0.70,0.00,3,0.00,1.00,0.95)
No LET 66.24% [64.30%,68.10%]  67.87% [65.97%,69.86%]  67.92% [66.02%,69.91%] 68.10% [66.20%,70.13%] 67.83% [65.93% 69.86%]
FONWAML - (0.70,0.00,0,1.10,0.51) (0.70,0.01,01.10,051)  (0.70,0.01,0,1.10,053,0.95)  (0.50,0.01,0,1.10,0.53,1.15)  (0.70,0.01,0,1.30,0.55,0.95)
: No NR or LET 66.24% [64.30%,68.10%]  67.79% [65.84%,69.77%]  67.83% [65.93%,69.82%] 67.96% [66.02%.69.95%] 67.61% [65.71%.69.55%]
0.70,0.00,0,1.10,0.51) (0.70,0.00,0,1.10,0.51)  (0.70,0.00,0,1.10, 5)  (0.70.0.00,0,1.10,0.51,1.05)  (0.70.0.00.0,1.10,0.53,0.95)
No NR or WFT 64.A7% [62.70%,66.42%]  67.74% [65.97%,69.55%]  67.96% [06.15%,09.82%] G8-05% [66.20%,70.08%] 67.48% [65.58% 09.51%]
: (0.70,0.00,3,0.00,1.00) (0.70,0.00,3,0.00,1.00)  (0.70,0.00,3,0.00,1.00,1.10)  (0.70,0.00,3,0.00,1.00,1.10)  (0.70,0.00,3,0.00,1.00,0.95)
No LET or WET 60.54% [58.55%,62.40%]  64.83% [62.97%,66.68%] /o [64.52%,68.18%)] 65.31% [63.37%.67.35%] 65.31% [63.37%67.35%]
(0.70,0.01,0,0.00,1.00) (0.70,0.00,0,0.00,1.00)  (0.90,0.01,0,0.00,1.00,0.50)  (0.70,0.00,0,0.00,1.00,0.50)  (0.70,0.00,0,0.00,1.00,0.50)
No NR. LET. or WET  00-19% [58.55%.62.31%]  GA83% [62.977%,66.68%]  G6.157% [64.31%68.01%] 65.31% [63.37%,67.35%] 65.31% [03.377%,07.35%]
A (0.70,0.00,0,0.00,1.00) (0.70,0.00,0,0.00,1.00)  (0.70,0.00,0,0.00,1.00,0.50)  (0.70,0.00,0,0.00,1.00,0.50)  (0.70,0.00,0,0.00,1.00,0.50)
Al 69.07% [67.26%.7L.01%]  67.92% [66.02%,69.95%]  68.94% [67.03%,70.84%] 68.63% [66.72%,70.66%] 67.87% [65.97%69.86%]
(0.70, (0.70,0.01,0,1.10,051)  (0.50,0.00,3,1.10,0.53,1.50)  (0.50,0.00,3,1.30,0.55,1.15)  (0.70,0.01,0,1.30,0.55,
No NR 69.07% [67.26%.71.01%]  67.87% [65.03%,69.73%]  68.94% [67.03%.70.81%] 68.63% [66.72%.70.66%] 67.70% [65.80%.69.
: (0.70,0.00,3,1.30,0.55) (0.50,0.00,3,1.30,0.55)  (0.50,0.00,3,1.10,0.53,1.50)  (0.50,0.00,3,1.30,0.55,1.15)  (0.70,0.00,0,1.10,0.51,0.95)
No WET 64.A7%, [62.70%,66.42%]  67.74% [65.97%,69.55%]  67.96% [06.15%,69.82%] G8.05% [66.20%,70.08%] 67.48% [65.58% 09.51%]
0.70,0.00,3,0.00,1.00) (0.70,0.00,3,0.00,1.00)  (0.70,0.00,3,0.00,1.00,1.10)  (0.70,0.00,3,0.00,1.00,1.10)  (0.70,0.00,3,0.00.
No LET o [64.31%.68.18%]  67.92% [66.02%,69.95%]  67.96% [66.11%,69.95%] 68.10% [66.20%,70.13%] 67.87% [6
FONMWL 10,0.51) (0.70,0.01,0.1.10.0.51) 0.01,0,1.10,0.51,1.05)  (0.50.0.01.0,1.10,0.53,1.15)  (0.70,0.01,0,1.30.0.

No NR or LET

No NR or WFT

No LET or WFT

No NR, LET, or WFT

7 [64.34% G3.181]
(0.70,0.00,0,1.10,0.51)

67.83% [65.89%69.820]
(0.70,0.00,0,1.10,0.51)

67.87% [65.977%,60.86%]
(0.70,0.00,0,1.10,0.53,0.95)

64.47% [62.70%.66.42%]
(0.70,0.00. 00,1.00)
60.54% [58.55%.62.40%]
(0.70,0.01,0,0.00,1.00)
60.10% [58.557% 62.31%]
(0.70,0.00,0,0.00,1.00)

67.74% [65.97%.69.55%]
(0.70,0.00,3.0.00,1.00)

67.96% [66.15%,69.827%]
(0.70,0.00,3,0.00,1.00,1.10)

68.01% [66.067%,70.00%]
(0.70,0.00,0,1.10,0.51,1.05)
68.05% [66.20%,70.08%]
(0.70,0.00,3.0.00,1.00,1.10)

67.70% [65.50%60.60%]
(0.70,0.00,0,1.10,0.51,0.95)
67.48% 65587 69.51%]
(0.70,0.00,3,0.00,1.00,

64.83% [62.97%.06.68%]
(0.70,0.00,0,0.00,1.00)

66.33% [64.52%.68.18%]
(0.90,0.01,0,0.00,1.00,0.50)

65.31% [63.377%,67.35%)]
(0.70,0.00,0,0.00,1.00,0.50)

65.31% [63.37%67.35%]
(0.70,0.00,0,0.00,1.00,0.50)

G4.83% [62.97%,66.68%]
(0.70,0.00,0,0.00,1.00)

66.15% [64.34%68.01%]
(0.70,0.00,0,0.00,1.00,0.50)

65.31% [63.37%,67.35%)]
(0.70,0.00,0,0.00,1.00,0.50)

65.31% [63.37%67.35%]
(0.70,0.00,0,0.00,1.00,0.50)

FWCNML: filtering — weight factor transformation

low-entropy transformation.

FCNWML.: filtering — centroid — noise removal —

low-entropy transformation.

FCNMWTL: filtering — centroid — noise removal —

low-entropy transformation.

NR: noise removal.

WFT: weight factor transformation.
LET: low-entropy transformation.

The number outside of square brackets and parentheses represent accuracy.
The numbers in square brackets represent 95% confidence interval.
The numbers within the parentheses represent the optimal parameters.
Parameter order: (window-size, NR, LET, WF-m/z, WF-intensity, entropy dimension).

Entropy dimension only applies to Tsallis and Rényi Entropy Similarity Measures.
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Table S4. Maximum Accuracies, 95% Confidence Intervals, and Optimal Parameters for EI-based

identification

F ing Order Confi; i Cosine Shannon Tsallis Rényi (unbounded) Rényi (bounded)
Al 84.28% [83.75%,84.73%]  80.69% [R0.17%,81.25%]  81.68% [SL.15%,82.19%)]  81.09% [30.56%,81.63%]  80.30% [79.78%,80.83%]

(3,1.30,0.55 (3,0.00,1.00) (3,1.30,0.55, 1.5 (3,1.30,0.55,1.50) (3,0.00,1.00,0.95)
No WET 75.94% [75.36%,76.56%]  80.69% [R0.17%,81.25%]  80.84% [8 80.97% [80.44%81.50%]  80.30% [79.78%,80.83%]

WL B (3,0.00,1.00) (3,0.00,1.00) (3,0.00,1.00,1.10) (3,0.00,1.00,1.10) (3,0.00,1.00,0.95)

84.19% [83.65%,84.64%)| 80.13% [79.64%,80.68%)| 81.46% [80.91%.81.95%]  81.00% [80.45%,81.53%] 9.

No LET (0,1.30,0.55) (0,0.00,1.00) (0,1.30,0.55,1.50) (0,1.30,0. 5) (0,0.00. )
No WET and no LET 7274% [12127% T334%]  80.13% [19.64% 80.G8%]  80.13% [19.61%80.6T%]  80.28% [79.76%,80.82%]  79.9% [19.137%.80.19%]

- ° (0,0.00,1.00) (0,0.00,1.00) (0,0.00,1.00,0.95) (0,0.00,1.00,1.10) (0,0.00,1.00,0.95)

WL: weight factor transformation — low-entropy transformation.

WFT: weight-factor transformation.
LET: low-entropy transformation.

The number outside the square brackets and parentheses represents the annotation accuracy.
The numbers in square brackets represent the 95% confidence interval.

The numbers in parentheses represent the optimal parameter settings.
Parameter order: (LET, WF-m/z, WF-intensity, entropy dimension).

The entropy dimension applies only to the Tsallis and Rényi entropy similarity measures.

For the El-based GC-MS dataset, centroiding, noise removal, and peak matching were not applied
because the reference library spectra were already centroided and denoised, and fragment-ion m/z
values are represented as nominal (integer) masses. Consequently, the preprocessing workflow
consisted only of weight-factor transformation (W) followed by low-entropy transformation (L),

i.e., WL.
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Figure S1: Top-n annotation accuracy for the GNPS LC-MS/MS dataset un-
der the optimized preprocessing workflows and parameter settings. A query
spectrum was considered correctly annotated at rank n if its correct compound
appeared among the n reference-library compounds with the highest similarity
scores. The preprocessing workflows were (a) FWCNML, (b) FCNWML, and
(c) FCNMWL. F, filtering; W, weight-factor transformation; C, centroiding;
N, noise removal; M, peak matching; and L, low-entropy transformation. The
Rényi results shown in this figure correspond to the original unrestricted anal-
ysis, in which the entropy dimension a was optimized without restriction to
0 < a < 1. Results from the bounded Rényi analysis, in which a was restricted
to 0 < a < 1, are provided in Figure 1D, Table S3, and Supporting Information
2.
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Figure S2: Top-n annotation accuracy for the WebNIST GC-MS dataset un-
der the optimized preprocessing workflow and parameter settings. A query
spectrum was considered correctly annotated at rank n if its correct compound
appeared among the n reference-library compounds with the highest similarity
scores. The Rényi results shown in this figure correspond to the original un-
restricted analysis, in which the entropy dimension « was optimized without
restriction to 0 < a < 1. Results from the bounded Rényi analysis, in which «
was restricted to 0 < a < 1, are provided in Figure 1D, Table S4, and Support-
ing Information 2.
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