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Public repositories of metabolomics mass spectra encompass more than
1billion entries. With open search, dot product or entropy similarity,
comparisons of a single tandem mass spectrometry spectrum take more

than 8 h. Flash entropy search speeds up calculations more than 10,000
times to query 1billionspectrainless than2 s, without loss in accuracy. It
benefits from using multiple threads and GPU calculations. This algorithm
can fully exploit large spectral libraries with little memory overhead for any
mass spectrometry laboratory.

Nontargeted analyses of complex samples by mass spectrometry are
usedinhundreds of laboratories to enumerate exposome compounds,
metabolites and lipids". Thousands of tandem mass spectrometry
(MS/MS) spectra are generated per sample. The complements of such
spectraare compiled in public repositories such as MassIVE* withmore
than 6 billion spectra and its small molecule portion, MassIVE/GNPS
with around 1.2 billion spectra®*. For compound identification, such
experimental mass spectramustbe matched against spectrallibraries.
We here present aFlash entropy search that enables users to query their
own datasets against all publicly available spectra on personal comput-
ers,includingadvanced queries such as neutralloss and hybrid searches.

To comprehensively query large numbers of experimental spectra
against libraries creates a large computational problem. MassBank.
us lists over 2 million spectra, NIST 23 includes 2.4 million spectra and
mzCloud has over10 million spectra, plus spectrainthe Metabolomic-
sWorkbench® and MetaboLights®. Notably, MS/MS spectra contain
information beyond direct matches (identity search, for example via
MASST’), which can be revealed by open search®, neutral loss search’
or hybrid search options'®" (Fig. 1a-d). Such searches find clusters of
structurally related compounds such as illicit drug variants or modi-
fied natural products'>'®. Hybrid search similarity networks are also
empowered by the ‘molecular network’ using GNPS*. MSFragger soft-
ware proposed omitting non-matching ions in MS/MS searches™ for
open search analysis of proteomics data'; however, this software
cannot be applied for metabolomics data. It cannot perform entropy
similarity and it is unable to perform neutral loss and hybrid search.
Currentalgorithmsin metabolomics are far too slow to performopen
similarity searches on awhole database level. For example, the classic
dot-product similarity algorithm takes 25 sto perform an opensearch
of a single MS/MS spectrum against a library of 1 million spectra™**
(Supplementary Table 1), which extends to approximately 7 hto query

1billion spectra. This is not a practical solution in the era of big data
and machine learning.

Classic dot-product similarity has recently been shown to be less
accurate than entropy similarity searches”°. This improvement in
accuracy may be partly due to the additional weight for low-abundant
fragmentions that are particularlyimportant in metabolomics MS/MS
spectra, as has been shown even for fragment-rich peptide spectra’®.
Unfortunately, entropy similarity-matching requires even more com-
putational time than dot-product searches, because experimental
andlibrary spectraneedtobe merged for calculations. We here, speed
up computations by exploiting the sparse nature of small molecule
MS/MS spectra; most spectrado not have any common fragmentions.
Such comparisons would therefore yield zero spectral similarity and
should be avoided. We therefore propose a new formula to calculate
entropy similarity (Supplementary Note 1), skipping comparisons
between query spectraand library spectrathat have nocommon frag-
mentions (Fig. 1e). The Flash entropy algorithm is mathematically
equivalent to the original formula of the entropy algorithm but much
easier to compute. First, spectraare centroided, denoised and precur-
sorionsareremoved. Normalized spectraare compiledintoiontables
and sorted by m/z. Spectracomparisons use these sorted iontables to
find matchingions. Contributions of matchingion pairs to the entropy
similarity are calculated using equation (1) and added to the final simi-
larity value. Mismatching ions contribute to final similarities only via
the normalization method (Extended Data Fig.1and Methods).
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Fig.1| Overview of Flash entropy searches. a-d, Types of MS/MS similarity
searches supported by the Flash entropy search algorithm. Fragmentions are
showninblue and precursor ions are represented by orange lines. Comparisons
performed by the algorithms are symbolized by dashed green lines. e, Workflow
for the Flash entropy search algorithm. Spectra are cleaned and normalized to

2.1 = 0.5. Alllibrary fragment ions are sorted by m/z. Query spectraare used to
look up library spectra with matching fragment ions within Am/z =20 mDa.
Subsequently, entropy similarity contributions are calculated only for these
matchingions, greatly enhancing the overall search speed. Finally, this similarity
contributionis added to the similarity table for each library query.

To evaluate the computation time of different similarity algo-
rithms, we randomly sampled between 100 and 1,000,000 posi-
tive and negative electrospray ionization (ESI) MS/MS spectra from
Massbank.us, GNPS and public repositories. Distributions of spectral
entropies show differences between these three sets of benchmark
spectra with entropy interquartile ranges from S 0.8-1.4 for MassBank.
ustoS1.2-2.7 foracombination of experimental spectra from public
repositories (Extended Data Fig. 2). When we performed an open
search of 100 query spectra against spectral library sized from
100 to 1 million spectra, we found that both dot-product search
in MatchMS" and the original entropy similarity search linearly
increased in computation time by the size of the search libraries
(Fig. 2a and Extended Data Fig. 3). Recently, an MS/MS similarity
method was proposed that approximates dot-product searches
(BLINK'). BLINK approximates similarities by blurring mass spectra
into bins, similar to hashing strategies used in proteomics®. When
implementing BLINK, we confirmed it to be about 50-times faster than
MatchMS; however, while Flash entropy showed a median search time
of <1 ms per spectrum when searching the MassBank.us library of 1
millionentries, BLINK needed nearly 0.6 s per spectrum and MatchMS
used 25 sof computation time (Fig. 2a). This comparison showed that
the Flash entropy algorithm is around 500 times faster than BLINK
and about 30,000 times faster than MatchMS for both entropy and
dot-product similarity calculations (Extended DataFigs.3 and 4 and
Supplementary Table1).

Next, we compared the speed for identity search, open search,
neutralloss search and hybrid search using 100 query spectra against 1
millionspectra (Fig. 2b, Extended Data Figs. 5 and 6 and Supplementary
Table 2). For open and neutral loss searches, the Flash entropy search
was 25,000 times faster than MatchMS and 1,500 times faster for hybrid
searches. Of note, the Flash entropy search can be used for hybrid
searches, unlike the original entropy similarity algorithm. BLINKis not
optimized foridentity searches and cannot be used for hybrid searches
either.Identity searches are generally faster than open, neutral loss or
hybrid searches because the search space can be constrained by the
precursor ions. Still, the Flash entropy search proved to be 5-10-times
faster than MatchMS or the original entropy similarity tool (Fig. 2b).
Wethentested the calculation times to compare spectra with different

complexity levels. When searching 100 spectra between entropy lev-
els 1-4 against one million MassBank.us spectra, we confirmed that
query times increased with the spectral entropy level; however, even
at entropy S > 4, the Flash entropy algorithm yielded results within
10 ms. These results demonstrated the high efficiency of Flash entropy
searches even when querying complex spectra against large spectral
libraries (Extended DataFig. 7).

The Flash entropy search produces highly accurate results. To
compare accuracy against the BLINK fast algorithm, we used the results
fromthe open search above and calculated the maximum errors rela-
tive to MS/MS similarity results given by the classic similarity search
tools (Fig. 2c and Extended Data Fig. 8). Unlike BLINK, Flash entropy
searches always generated the same result as the classical algorithm.

Next, we tested whether Flash entropy searches could be acceler-
ated by multi-threading calculations. Anopensearch of 100,000 spec-
traagainst1,000,000 spectrarequired using an average time of 100 s
onasingle core (Fig. 2d). Computation times decreased almost linearly
with the number of threads. With eight central processing unit (CPU)
cores, the Flash entropy search needed about 15 s, with anincrease in
memory usage of just 17% (Fig. 2d). These results demonstrate that the
Flash entropy search has excellent multi-threaded performance with
minimal memory usage overhead.

Last, we demonstrated that Flash entropy is suitable for searching
against all publicly available mass spectra, even for open and neutral
loss search tests. We tested Flash entropy speed for 100 negative ESI
and 100 positive ESI spectra against >938 million spectra accumu-
lated from public repositories. Without compression, such a library
is >30 TB. After compacting, the library size was 318 GB, which is too
much memory space for a personal computer. We therefore stored this
library on a hard disk, limiting memory usage to 4-16 GB. The Flash
entropy search had amedium time of <1 s per spectrum for searching
the negative ESllibrary and <10 s for searching the larger positive ESI
library (Fig. 2e). This result shows that the Flash entropy search does
notrequire loading the entire dataset into memory. In fact, the Flash
entropy search can be further accelerated by using graphic process-
ing units (GPUs) instead of CPUs. GPUs finished searches against the
full negative ESI and positive ESI libraries 3.6-6.7-times faster than
CPUs, withamedian time of 0.25 s per negative ESI spectraand <1.5s
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Fig. 2| Benchmarking Flash entropy searches for speed and accuracy. a,
Calculation time to search 100 positive ESIand 100 negative ESIMS/MS spectra
against randomly picked samples of the MassBank.us library. Dots represent
calculation times per spectrum. b, Calculation times to performidentity, open,
neutral loss and hybrid searches for 100 positive ESI and 100 negative ESl spectra
against1,000,000 MassBank.us spectra with different algorithms. ¢, Accuracy
of MS/MS similarity results comparing Flash entropy to regular entropy searches
and BLINK to MatchMS dot-product scores. d, Total computation times and
memory usage for conducting an open search 0of 100,000 spectra against a

(-) ESI : 237,185,147 spectra, (+) ESI: 701,996,947 spectra

library 0of1,000,000 spectra. e, Comparison of computation times when using
CPU versus GPU for Flash entropy searches. The 100 negative ESl and positive
ESIspectrawere searched against 237,185,147 publicly available negative ESIMS/
MS spectraand 701,996,947 positive MS/MS spectra. Box plots display medians
as horizontal lines inside the boxes that delineate interquartile ranges (IQRs).
Whiskers extend to the lowest or highest data point within 1.5 x IQR of the 25%
and 75% quartiles. n = 200 independent MS/MS spectrarandomly sampled

from MassBank.us library (a,b). n =100 independent MS/MS spectra randomly
sampled from public repositories (e).

for positive ESI spectra (Fig. 2e). In comparison, MSFragger cannot
beboosted by GPUs.

We developed, implemented and evaluated Flash entropy to
calculate similarity-matching of millions of accurate mass MS/MS
spectra within less than 10 ms (or a billion spectrain <2 's), using clas-
sic low-memory personal computers. Flash entropy presents ultra-
fast computing on a big-data scale to every laboratory. It extends
similarity-matching from simple identity searches to include open,
neutral loss and hybrid searches. This method has five benefits over
alternative approaches: (1) It greatly improves computation efficiency
when comparinglarge spectrallibraries; (2) it does not require binning
ofthe productions and does notalter the accuracy of similarity results;
(3)itcanberunin parallel using multiple cores with minimal overhead;
(4) it retains high performance when analyzing spectral libraries that
are too large to be entirely loaded into the memory; and (5) its speed
can be boosted by GPUs (Supplementary Note 2). As a cautionary
remark, best practice in compound annotations requires additional
data complementing MS, such as chromatographic retention time or
collision cross section.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author contri-
butions and competinginterests; and statements of dataand code avail-
ability are available at https://doi.org/10.1038/s41592-023-02012-9.
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Methods
Entropy similarity
The entropy similarity”” between two spectra A and B is defined as:

2% Sag —Sa—Sg

1
In4

(2)

S, and S represent the spectral entropy of spectra Aand B. S, is
the spectral entropy of the 1:1 mixed spectrum A and B. lon intensities
are weighted by equation (3) with 7 as the intensity of each ion.
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3

Equation (2) can be transformed as given in the Supplementary
Note 1. If spectra A and B are normalized to give a },/; =1, only the
intensities of matched peaks are needed to calculate entropy similarity.
Entropy similarity can then be calculated as:

L 0 if m/zy; # m/zg
Similarity = = .
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Calculations are slightly faster if the spectra are normalized to
Y;li = 0.5, then using entropy similarity as:

0 if m/zy; # m/zg
Similarity = ), )
i Uf(Iag +1s,j) —f(Iai) —f(lg ;) if m/zp; = mizg )
Withf(x) = xlog,x, 3 15, = % Y= %
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Here, I, ;istheintensity of peakiinspectrumA, / ; is the intensity
of peak /; ; in spectrum B and j represents the mass/charge ratio of
productions.

MS/MS spectrasearch

MS/MS spectra can be compared against spectra libraries by four
different methods: identity search, open search, neutral loss search
and hybrid search. For identity searches, scientists seek to find the
direct hit thatidentifies aquery spectrum againstalibrary spectrum.
This searchisusually the fastest search because library entries can be
constrained to those spectrathat match the precursor ion of the query
spectrum within the mass accuracy range of a mass spectrometer.
Although modern high resolution mass spectrometers today typically
yield amasserror of Am/z <2 mDa, we here selected awide search range
of £10 mDa to simulate cases where experimental mass accuracies
might be compromised by local noise ions or by low-ion statistics for
low-abundant molecules.

The ‘open search’ mode, compares all MS/MS spectra without
constraining precursorion masses. This search modeis used to match
experimental spectra to any other molecule that shares critical sub-
structures, such as aglycones and aglycones-glycosides. ‘Open search’
insmall molecule MS/MS similarity is slightly different from the ‘open
search’ method used in proteomics field, as proteomics still uses pre-
cursorion constraints, but at wide ranges. Next, ‘neutral loss’ searches
are performed in a similar way as open searches, but transform all
searchspectra by subtracting the fragmention m/zfromthe precursor
ion m/z values. In effect, neutral loss searches require similar search
times as open searches. For ‘hybrid search’ (also called ‘modified
cosine search’), every ion in the query spectrum must match either
theidentical fragmentions oracorresponding neutralloss ions. In this
sense, hybrid searches are amixture of open searches and neutral loss
searches. Therefore, hybrid searches require the largest computational

time. For Flash entropy hybrid searches, we clarified the algorithm
by mandating that each query ion can only be used to match either
anopen search fragmention or a neutral loss ion, but cannot be used
for both matches. We further prioritize matching fragment ions over
matching neutral lossions.

Flash entropy algorithm

Bothlibrary spectraand query spectraare normalized before aFlash
entropy search. First, the non-fragmented portion of precursorions
and any ion larger than the precursor ion are removed from MS/MS
spectra by filtering out m/z > (precursor m/z - 1.6). The accurate
mass of the precursor ion is known for each MS/MS spectrum and
can be used for searches, but its abundance is not useful in MS/MS
matching. Removing the precursor ions improves the performance
of library searching' and we here used the 1.6 Da window settings
as implemented in the NIST MS search v.3.0 software. MS/MS spec-
tra may also contain varying abundance and number of noise ions,
depending on the abundance of the precursor ion, the complexity
of co-eluting ions within the ion isolation window during precur-
sor ion selection, tuning, parameters and operation of the mass
spectrometer itself. While noise is therefore hard to define, pos-
sible fragment ions at <1% the maximal fragment ion abundance
carry a high probability to stem from other sources than the pre-
cursor ion and are removed. Notably, the fragment intensities are
normalized by applying the entropy weights according to equa-
tion (3) and afterwards, MS/MS spectra are normalized to 0.5 for
the sum of all peak intensities. Spectra are listed consecutively for
library spectra entries so that all fragment ions are represented as
atuple: (spectrum identifier by continuous numbering from zero,
fragment ion m/z, ion intensity) in a large list. Next, all ion tuples
in the library spectra are sorted by the fragment ion m/z (step 1in
Fig. 1). To speed up the m/z lookup processes, we created an index
of all fragmention m/zvalues. This step can be omitted if the library
is small, but for very large libraries with billions of fragment ions,
indexing is advantageous.

For querying spectrain an ‘open search’ against library spectra
(ignoring precursorions), we first initiated zero similarity for all library
spectra. We then found all matching fragment ions within the library
spectrawithin adefined + mass tolerance (step 2). As maximum mass
errors may occur for low-abundant ions at 10-mDa difference, we
select a generous 20-mDa-wide window for fragment ion-matching
to also account for possible measurement errors in library spectra.
Lowering this window may speed up calculations even further. Then,
for each matchingion pair an entropy similarity value contribution is
added, as per equation (6).

Entropy similarity contribution = f(Iy; + Is ;) = f(In;) = f (s ;) f(X) ©

= xlog,x

)

This process is given as step 3 in Fig. 1. Here a is query spectrum
ionintensity and bis the library spectrumion intensity. When all ions
inthe query spectrumare fully queried against the library, the similarity
score calculation is completed.

Variations of Flash entropy similarity searches

The Flash entropy search can be easily adopted for other types of
MS/MS spectral searches. For ‘identity searches’, library spectra are
restricted to hits within user-defined mass accuracy windows of the
precursor ion accurate mass. For the benchmark tests, we used a
wide search window withup to 10 mDaerror. Here, all library spectra
are sorted by their precursor m/z and then indexed as given above.
Because thelibrary spectraare sorted, the continuous spectral library
numbers give the search range within £10 mDa. Only spectra within
the search range are calculated with equation (5) to yield spectral
similarities. Hence, only spectra within the search range have nonzero
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spectral similarities. For ‘neutral loss’ searches, the fragment ion
m/z values are replaced by the mass of molecular neutral losses.
These are calculated as precursor ion m/z minus fragment ion m/z.
Allother stepsincludingindex and search steps are the same as given
in ‘open search’. For ‘hybrid search’ we transform search libraries in
the following way: first, all fragment ions in the spectral library are
represented as a tuple: (spectral number, fragment ion m/z, neutral
loss mass and ion intensity). Then all entries are sorted from the
lowest fragment ion to the highest fragment ion m/z value. Entries
are copied and recorded by the simplified tuple (spectral number,
fragmention m/zand peakintensity). This is the fragmention table.
This list is only used for fragment lookups. All ions are given an ion
continuous number, toreflect the sorted list. Next, the original tuple
listis sorted by neutral loss masses, generating anew list with a tuple
(spectral number, neutral loss mass, ion intensity and ion number).
Thisis called the neutral loss table. Now, allions from the query spec-
trumare first compared to the ionsinthe fragmention table. Match-
ing ion pairs are recorded by their original ion continuous number.
Subsequently, the query fragment ions are compared to the neutral
loss table. If a query ion/neutral loss pair is already present in the
matching fragmentiontable, thisionwillbeignored in the neutral loss
match. Finally, all matching fragmentions and all matching queryion/
neutral loss matches are calculated to yield entropy similarity using
equation (6).

Memory and time usage of the Flash entropy algorithm

During library searching, the Flash entropy search uses very little
memory, withaminimum requirement of O (s + p), where sisthe total
number of spectrain the library and p is the maximum number of
matched peaks. This process enables the algorithm to run onlow con-
figuration computers, even when processing large spectral libraries.
The Flash entropy search has a time complexity of O(nma), where nis
the total number of peaks in the query spectra, mis the total number
of peaks in the library spectra and A is the matching tolerance. The
more accurate MS measurements become, the smaller the user-defined
matchingtolerance gets. Smaller mass windows resultin correspond-
ingly shorter run times for the Flash entropy search algorithm.

Benchmark

Spectra from MassBank.us and GNPS were downloaded on 3 March
2023. Additional MS/MS spectra from public repositories were
downloaded from the MassIVE/GNPS, MetabolomicsWorkbench.
org, MetaboLights and the West Coast Metabolomics Center in
December 2022. In total, more than 939 million spectra were avail-
able (237,185,147 negative ESI and 701,996,947 positive ESI MS/MS
spectra). As library and query spectra, between 100 to 1,000,000
spectra were randomly sampled from those repositories using the
function ‘numpy.random.choice’ from Numpy package, v.1.23.5
(ref. 22). All spectra were centroided, summarizing ion intensities
with Am/z < 50 mDa. Spectra were denoised by removing ion intensi-
ties at <1% of the most abundant fragment ion. lon intensities were
normalized to a sum of 0.5. Spectra were indexed before testing for
computational times.

The spectral similarity calculation time is measured as wall clock
time. The algorithm is implemented in Python and tested on major
CPU architectures such as x86_64 and ARM from Intel, AMD and
Apple. It was also verified in different operating systems, including
Linux, Windows and MacOS. All benchmark tests were performed
on a personal computer with an AMD Ryzen 9 3900 x 12-Core Pro-
cessor, 64 GB memory, Nvidia Geforce RTX 2060 Super GPU and
2 TB WD_BLACK SN850X NVMe SSD, installed with a KDE neon 5.26
operation system and Python v.3.9. To benchmark the accuracy of
similarity queries, the Flash entropy search was compared to the
original implementation of entropy similarity. The native entropy
similarity is calculated using the code downloaded from GitHub

at https://github.com/YuanyuelLi/SpectralEntropy, v.1.0.0. The
BLINK package is downloaded from https://github.com/biorack/
blink on 9 February 2023. Dot-product score results obtained by the
BLINK algorithm were compared to the CosineGreedy function in
the MatchMS package, v.0.18.0. We used the recommended bin size
for BLINK at 1 mDa. Precursor ion matching tolerances were set to
<10 mDa and the MS/MS ion matching tolerance was set to <20 mDa.
Memory usage was measured using the command ‘/usr/bin/time -v’
and limited memory with the command ‘systemd-run-scope -p
MemoryMax = 4G (16G)’.

Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability

All spectra from MassBank.us (https://massbank.us/) and GNPS
(https://gnps-external.ucsd.edu/gnpslibrary/ALL_GNPS.mgf) were
downloaded on3 March2023. Additional MS/MS spectra from public
repositories were downloaded from the MassIVE/GNPS (https://gnps.
ucsd.edu/ProteoSAFe/datasets.jsp#%7B%22query%22%3A%7B%7D%2
C%22title_input%22%3A%22GNPS%22%7D), MetabolomicWorkbench.
org (https://www.metabolomicsworkbench.org/) and MetaboLights
(https://www.ebi.ac.uk/metabolights/) in December 2022. In total,
more than 939 million spectra were available (237,185,147 negative
ESland 701,996,947 positive ESIMS/MS spectra). All the spectra from
those sources were used in this study. Source data are provided with
this paper.

Code availability

The original source code and benchmark data for the Flash entropy
search are available under the Apache License 2.0 on GitHub
(https://github.com/YuanyueLi/FlashEntropySearch) and Zenodo
(https://doi.org/10.5281/zenodo.7972082), as well as on CodeOcean
(https://doi.org/10.24433/C0.8809500.v1). The GUI can be down-
loaded from the GitHub repository: https://github.com/YuanyueLi/
EntropySearch. Flash entropy search is also integrated into
the ‘MSEntropy’ package, available for download from https://
github.com/YuanyueLi/MSEntropy. Comprehensive documentation
for the ‘MSEntropy’ package can be found at https://msentropy.
readthedocs.io.
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Extended Data Fig. 1| Examples for calculating Flash entropy similarity.
(a) Example when allions match between query spectrum (top) and library
spectrum (bottom). in the two spectra are matched. (b) Example when only

one pair of ions matches between query and library spectra. Note that the sum

Entropy similarity
= [f(0.3+0.3) — f(0.3) — f(0.3)] +
[£(02 +0.2) - £(02) - £(0.2)]
= [£(0.6) — £(0.3) — £(0.3)] +
[£(0.4) - £(0.2) - £(0.2)]
=[0.6log, 0.6 — 0.3log; 0.3 — 0.3log, 0.3] +
[0.410g, 0.4 — 0.210g; 0.2 — 0.2 log, 0.2]
=1

Entropy similarity

= f(0.34+0.3) — £(0.3) — f(0.3)

= f(0.6) — f(0.3) — £(0.3)

= 0.6log, 0.6 — 0.3log, 0.3 — 0.3log;, 0.3
=0.6

intensities of ion abundances in each spectrum are normalized to equal 0.5 (see
Supplementary Note 1for equations). Hence, mismatched ions do not contribute
themselves into the calculations, but are considered during the normalization

process.
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Extended Data Fig. 2| Distributions of spectral entropies when sampling spectra from different MS/MS repositories for benchmarking studies. (a)
MassBank.us, (b) GNPS for annotated compounds (library), (c) all combined experimental public MS/MS repositories including MassIVE/GNPS, MetaboLights,
MetabolomicsWorkbench and West Coast Metabolomics Center.
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Extended Data Fig. 4 | Computation time required to perform ‘opensearch’
queries using dot product similarity for 100 positive ESIand 100 negative
ESImass spectra against spectral libraries of different sizes. MS/MS spectra
were sampled from (a) MassBank.us, (b) GNPS, (c) public repositories. Box plots

display medians as horizontal lines inside the boxes that delineate interquartile
ranges (IQR). Whiskers extend to the lowest or highest data point within 1.5x IQR
ofthe 25% and 75% quartiles. N =200 independent MS/MS spectra randomly
sampled from (a) MassBank.us, (b) GNPS, (c) public repositories.
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Extended Data Fig. 5| Computation time required to perform ‘neutralloss’
searches with entropy similarity for 100 positive ESI and 100 negative ESI
mass spectra against spectral libraries of different sizes. MS/MS spectra
were sampled from (a) MassBank.us, (b) GNPS, (c) public repositories. Box plots
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display medians as horizontal lines inside the boxes that delineate interquartile
ranges (IQR). Whiskers extend to the lowest or highest data point within 1.5x IQR
ofthe 25% and 75% quartiles. N = 200 independent MS/MS spectra randomly
sampled from (a) MassBank.us, (b) GNPS, (c) public repositories.
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Software and code
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Data collection No software is used for data collection.

Data analysis We used version 1.0.0 of the code from https://github.com/YuanyuelLi/SpectralEntropy for calculating the Native entropy similarity. For
MatchMS, we used version 0.18.0. The code for BLINK was downloaded from https://github.com/biorack/blink on February 9, 2023. All the
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Spectra from MassBank.us (https://massbank.us/) and GNPS (https://gnps-external.ucsd.edu/gnpslibrary/ALL_GNPS.mgf) were downloaded on March 3, 2023.
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22%3A%7B%7D%2C%22title_input%22%3A%22GNPS%22%7D), MetabolomicWorkbench.org (https://www.metabolomicsworkbench.org) and Metabolights
(https://www.ebi.ac.uk/metabolights) in December 2022. In total, more than 939 million spectra were available (237,185,147 negative ESI and 701,996,947 positive
ESI MS/MS spectra). All the spectra from those sources were used in this study.
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populations (given because of the finite size of search libraries), average results of statistical tests are also normally distributed. We therefore
used randomly selected 100 spectra to ensure that the prerequisites of applying the central limit theorem are met.

Data exclusions  Spectra without any fragment ions were excluded from our analysis since they do not provide useful information for molecule identification.

Replication As a replication, we measured the time used for searching 100 positive ESI and 100 negative ESI spectra, respectively. All the attempts were
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Randomization  We used entropy distributions for all library tests that ensured that or random selections had the same distributions. Hence, there were no
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