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• NMN unify positive and negative MS/ 
MS spectra.

• Unique polarity-independent workflow 
for untargeted data.

• NMN improves clustering reliability and 
annotation.

• NMN favoured the discovery of novel 
toxin derivatives.
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A B S T R A C T

Untargeted mass spectrometry-based metabolomics generates large-scale fragmentation data, typically analyzed 
separately in positive and negative ionization modes. The fragmentation patterns of the same molecule usually 
capture distinct but complementary structural information across polarities. Evaluating them simultaneously, 
rather than in separate molecular networks, can enhance the overall informativeness and speed the analysis. In 
this paper, we introduce the Neutral Molecular Network (NMN) concept, a novel strategy that unifies comple
mentary fragmentation patterns from both polarities into a single "neutral pseudo-spectra”. NMNs outperformed 
polarity-specific networks on several large-scale publicly available MS/MS libraries in terms of chemical reli
ability of spectral matches and clustering capability. The improved performances were further confirmed 
through the analysis of a biological untargeted dataset of Alternaria fungal extracts, where this approach facil
itated the identification of previously uncharacterized toxin derivatives. NMN offers a polarity-independent 
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framework for the structural interpretation of untargeted MS/MS data. This method can improve the efficiency of 
metabolite annotation pipelines and can be applicable to diverse metabolomics workflows.

1. Introduction

Untargeted mass spectrometry-based metabolomics aims to provide 
the chemical profile of biological systems, offering quantitative insights 
on the chemical bases of biological complexity by profiling hundreds or 
even thousands of small molecules [1–3]. However, translating the vast 
and complex datasets generated by mass spectrometry into biological 
knowledge remains a challenge [4]. Data-dependent acquisition (DDA) 
offers a valuable approach to enhance compound characterisation by 
fragmenting detected ions to generate MS/MS spectra. These spectra 
play a central role in compound identification, which continues to be the 
most demanding step in untargeted metabolomics [5,6]. To navigate 
this complexity, Molecular Network (MN) has emerged as a powerful 
computational strategy that organizes spectral data into maps where 
nodes represent molecules and edges connect structurally similar com
pounds. This framework enables researchers to explore chemical re
lationships across complex datasets and facilitates the annotation of 
unknowns through their proximity to known molecules [7,8]. In prac
tice, molecular networks are constructed by calculating similarities be
tween MS/MS spectra. One of the most used similarity score calculations 
is the one implemented by the Global Natural Products Social Molecular 
Networking (GNPS), which computes spectral similarity based on both 
shared m/z values and neutral losses [9,10], enhancing annotation of 
structurally similar molecules [11] that are expected to have similar 
functions.

In a comprehensive untargeted metabolomic analysis, the entire 
workflow is performed separately for positive and negative ionization 
modes [12], creating two disconnected networks from the same bio
logical samples [13]. Because molecular fragmentation depends on po
larity [14], identical compounds may occupy different positions and 
cluster memberships in the two networks, introducing redundancy and 
polarity-related bias [15,16]. While this separation complicates MN 
interpretation and often requires extensive manual inspection [17,18], 
the resulting fragmentation patterns are frequently complementary, 
each concerning distinct structural regions of the molecule. Assessing 
both ionization modes together provides a more complete and chemi
cally informative view; at worst, the information overlaps, reinforcing 
structural interpretation. Although complementary in principle, positive 
and negative ionization data are rarely integrated effectively. Previous 
integrative strategies, such as multi-layer networks combining molecu
lar and biochemical data [19,20], can partly mitigate single-polarity 
biases by expanding contextual coverage, but they do not directly 
integrate information across ionization modes and remain complex and 
not suited to untargeted analyzes [21].

Here, we present the Neutral Molecular Network (NMN) concept, a 
molecular network constructed from neutral pseudo-spectra that merges 
the fragmentation spectra from both positive and negative ionization 
modes into a single representation. By integrating complementary 
fragmentation profiles, NMNs reduce the need for subjective polarity 
selection while increasing chemical informativeness. This holistic rep
resentation of molecular structure promises to contain ambiguities in 
compound annotation and reveal chemical relationships previously 
obscured by polarity-dependent biases. After providing an overview of 
neutral pseudo-spectra, we evaluated NMNs against polarity-specific 
networks using publicly available spectral libraries and subsequently 
validated the approach on a biological case study of Alternaria alternata 
extracts, where this application enabled the identification of previously 
unreported toxin derivatives.

2. Materials and methods

2.1. Publicly available libraries data

Fragmentation spectra from GNPS, HCD Natural Product Library 
(HCD-NPL), and Vaniya/Fiehn Natural Products Library (VF-NPL) were 
downloaded from the MassBank of North America (https://mona.fieh 
nlab.ucdavis.edu/downloads, 20 April 2025). Only compounds with 
both [M+H]+ and [M − H]- spectra and chemical classes with ≥10 
members were retained. Spectra with >30 ions were cleaned according 
to Dalla Valle et al. [22]; spectra with ≤30 ions were considered 
pre-cleaned. Data were organised by instrument type (Orbitrap or ToF), 
resulting in a total of 5 datasets (Table S1). Between multiple spectra of 
the same compound within a dataset, the lowest entropy spectrum was 
used [23]. Results for the largest dataset considered (VF-NPL-Qex) are 
shown in the main text, while results for the remaining datasets are 
presented in the Supplementary Information.

2.2. Alternaria sample preparation and data acquisition

Thirty Alternaria alternata strains (Table S2) were analyzed with 
LC–MS using a reversed-phase water/acetonitrile gradient with 0.1% 
formic acid. Data-dependent acquisition was performed for all samples. 
QC samples were injected every 10 biological samples, with six addi
tional concentrations of pooled QC in triplicate (Table S3). Thirty 
Alternaria alternata strains were grown on potato dextrose agar (PDA) 
plates for 4 days at 25 ◦C (8 h light/16 h dark). Three biological repli
cates per strain were cultured in 50 mL Czapek-Dox Broth +0.5% yeast 
extract for 14 days, respectively. Culture supernatants were filtered 
(22–25 μm) and stored at − 80 ◦C. For each analysis, 2.5 μL of the 
Alternaria extract was injected into the LC–MS system (Orbitrap Exploris 
240, Thermo Fisher Scientific, Bremen, Germany). Chromatographic 
separation was performed on an ACQUITY UPLC HSS T3 column 
(2.1 × 150 mm, 1.8 μm particle size; Waters, Milford, MA, USA). 
Chromatographic separation was carried out at a flow rate of 0.4 mL/ 
min. The mobile phase consisted of water with 0.1% formic acid (phase 
A) and acetonitrile with 0.1% formic acid (phase B). The gradient started 
at 5% B and was held for the first minute, followed by a linear increase to 
100% B over the interval 1–10 min. The composition was maintained at 
100% B until 13.5 min, then returned to 5% B between 13.5 and 
14.5 min, and finally held at this condition until 19 min. The instrument 
was operated in DDA mode, scanning an m/z range of 90–1350 Da. 
Stepped normalized collision energies of 20, 40, and 60 were applied. 
The MS1 resolution was set to 60,000, and the MS2 resolution to 30,000. 
The time window between consecutive MS1 acquisitions was 0.7 s. To 
avoid redundant fragmentation, a dynamic exclusion of 5 s was applied 
for ions already fragmented twice. A prefilter threshold of 50,000 was 
used. For each strain, three biological replicates were analyzed. The 
sample injection order was randomized to minimize analytical bias. A 
blank and two quality control (QCP5) samples were injected after every 
10 biological samples.

Feature extraction and representative MS/MS selection were per
formed with XCMS [24], and feature linearity across QC dilution series 
was assessed using a linear model.

2.3. Alternaria compound identification

Compounds were first matched by exact mass against a predefined 
candidate list, initially derived from the Alternaria metabolite catalogue 
of Lou et al. (2013) [25] and subsequently expanded using additional 
literature. Identification levels were assigned as: Level 2 – match with 
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MS/MS spectra from publicly available libraries (spectral similarity 
>0.7 with matching precursors m/z) or putatively annotated via 
experimental MS/MS comparison with reference spectra [26,27]; Level 
3 – supported by in silico fragmentation (MetFrag, Compound Discov
erer 3.3) when no reference spectra were available. A total of 157 fea
tures were identified with the following confidence partitioning: 2: 101; 
3: 56. Putative identifications are listed in Table S4. Chemical subclasses 
were assigned to identified compounds using the ClassyFire taxonomy 
according to their InChIKey, previously extracted via MS/MS annotation 
and manually refined. For features lacking identification, chemical 
classes were predicted using the SIRIUS software [28], where for each 
feature the chemical subclass with the highest probability considering 
ClassyFire lineage was considered.

2.4. Neutral pseudo-spectra creation

Positive and negative MS/MS spectra corresponding to the same 
molecule were merged using the Spectra R package [29]. Before merg
ing, the intensity values of each spectrum were normalized to the 
maximum peak intensity (set to 100) and m/z were adjusted according 
to polarity (difference of 1.00728 Da) to align both spectra to the neutral 
mass. Duplicate ions were averaged within a 0.0005 m/z tolerance. 
Precursor m/z and retention time values were averaged across polarities.

For MS/MS libraries, neutral spectra were generated by merging pre- 
selected [M + H]+ and [M − H]- ions of the same compound. The 
resulting library sizes are reported in Table S1. For Alternaria samples, 
complementary [M + H]+ and [M − H]- were merged following the ion 
identity molecular network (IIN) approach [30]. After peak picking and 
feature extraction (xcms package), only features with at least one 
MS/MS spectra and a retention time between 0.5 and 10 min were 
selected. Chromatographic groups were created according to retention 
time tolerance (5 s), correlation across samples (calculated on log2-
transformed area values) and peak-shape correlation, both using a 
threshold of 0.7 (MsFeatures package). Within each chromatographic 
group adduct species were identified by considering the most common 
adducts (positive ESI: [M+H]+, [M+Na]+, [M + NH4]+,[2 M + H]+, 
[2 M + Na]+, [2 M + K]+, [M+K]+; negative ESI: [M − H]-, [M+Cl]-, 
[M+Br]-, [M + HCOO]-,[M + CH3COO]-, [M-2H + Na]-, [2M − H]-, 
[2 M + Cl]-, [2 M + HCOO]-), neutral losses (H2O, 2*H2O, 3*H2O, CO, 
COOH, CO2), and +1, +2 and + 3 isotopes. For groups containing only 
one feature, or groups where none of the described adduct species was 
explicitly identified, all features were treated as potential 
[M+H]+/[M − H]-. Only identified [M+H]+/[M − H]- species were 
considered for neutral mass calculation, applying the appropriate 
theoretical mass offset (e.g., subtracting or adding 1.00728 Da). 
Cross-poslarity pairs were then matched considering the neutral mass 
(±5 ppm) and retention time (±5 s). Only pairs with a correlation 
(calculated on log2-transformed area values) across samples of both 
polarities above 0.7 were considered as species generated from the same 
chemical entity. In case of duplicated matches, the one with the stron
gest correlation was selected.

Importantly, single-polarity MS/MS denoising is a crucial step in 
creating neutral pseudo-spectra [22]. Without this process, merging 
spectra from both polarities would result in an overcrowding of noisy 
peaks, increasing the likelihood of random ion matches and potentially 
compromising the reliability of MS/MS comparisons.

2.5. Code and computational efficiency

The script for the creation of the 544 neutral pseudo-spectra for the 
Alternaria biological dataset took 18 h, using a standard performance PC. 
This includes chromatographic group formation, adducts recognition 
and neutral pseudo-spectra creation. The analysis started from 3093 to 
4969 features from negative and positive XCMS data processing, 
respectively, in line with the expected size of a relatively complex 
untargeted dataset. Almost the entirety of the time was necessary for 

chromatographic group creation. Full code for neutral pseudo-spectra 
and related MN creation is available at: https://github.com/NicolaDa 
lla/Neutral_Molecular_Network.

2.6. MNs creation and topology evaluation

Only the subset of compounds/features successfully merged into the 
NMN was used to reconstruct different modes of MNs, maintaining an 
identical node set across all comparisons. Modularity [31] and assorta
tivity [32] metrics were used for MNs structure comparison.

Fragmentation similarity matrices were computed using MsCoreUtils 
[29] R package (tolerance = 0.01), considering absolute m/z and neutral 
loss matches (GNPS similarity score). MNs were generated and analyzed 
with iGraph [33]. Network topology was evaluated with 25 resampling 
iterations on 80% stratified subsets. Edge thresholds ranged 0–1 (step 
0.025). Local modularity (LQ) was calculated as described by Clauset 
et al. [34]. Node membership was defined by compound chemical 
classes. For the Alternaria dataset, only chemical subclass assignments 
that remained consistent across both positive and negative ionization 
modes were considered valid for subsequent modularity analysis.

2.7. Chemical structural comparison

Molecular similarity was assessed using Tanimoto and Overlay 
scores via fmcsR [35]. SDF inputs were generated from SMILES using the 
smiles2sdf function from ChemmineR [36].

2.8. Declaration of generative AI and AI-assisted technologies in the 
writing process

During the preparation of this work, the authors used Google Gemini 
to improve grammar and spelling. After using this service, the authors 
reviewed and edited the content as needed and take full responsibility 
for the content of the publication.

3. Results and discussion

To evaluate the advantages of a complementary dual-polarity ar
chitecture, we benchmarked the NMN workflow against six diverse 
datasets. First, five public spectral libraries were sourced from the 
MassBank of North America (MoNA), including the GNPS library, the 
HCD Natural Product Library (HCD-NPL), and the Vaniya/Fiehn Natural 
Products Library (VF-NPL), which were further separated by instrument 
type (ToF vs. Orbitrap) to ensure the concept's robustness across 
different platforms. For these benchmark datasets, defined chemical 
classes and subclasses were used as the ground truth for measuring 
network performance. To validate the concept in real-world complexity, 
we generated an untargeted LC-HRMS dataset from Alternaria alternata 
fungal extracts, a species known for its diverse and complex secondary 
metabolome [25–27].

Since neutral-pseudo spectra have the aim to merge complementary 
chemical information from positive and negative ionization modes, it is 
essential to align ion species from both polarities. In this study, we 
focused on [M+H]+ and [M − H]- pairs. This selection was made for 
several reasons: these ions are almost ubiquitous in untargeted metab
olomics and they are generally transversal across diverse chemical 
classes. Moreover, alternative adducts may exhibit variable fragmenta
tion behaviors which reflect adduct-dependency rather than the chem
ical structure [30]. To accurately isolate these specific pairs within 
untargeted datasets, we started from the IIN approach [30]. First, fea
tures with an MS/MS spectra were merged into chromatographic groups 
based on retention time similarity, chromatographic and intensity cor
relations. Within each group, various adducts, isotopes and in-source 
fragments were recognized. From these annotated groups, only the 
[M+H]+ and [M − H]- species were considered for inter-polarity pairing 
to generate neutral pseudo-spectra creation. Limitations related to 
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inter-polarity pairing are discussed in section 3.4.

3.1. Neutral pseudo-spectra

The core of the NMN architecture lies in the synthesis of neutral 
pseudo-spectra, an approach that merges fragmentation information 
from both positive and negative ionization modes into a single repre
sentation, capturing complementary structural insights as demonstrated 
in Fig. 1. The plot shows the neutral pseudo-spectrum of folic acid: the 
negative-mode spectrum reveals small, specific fragment ions corre
sponding to individual subunits, while the positive-mode spectrum re
tains larger, less fragmented ions reflecting the overall molecular 
structure. Ions representing the dihydropteridine moiety appear in both 
polarities, suggesting it is a core structural motif consistently shown 
across ionization modes. Because the spectra are intensity-normalized 
before merging, the polarity that produces a richer fragmentation 
pattern naturally contributes more ions and carries greater relative 
weight in the final pseudo-spectrum. This combined approach enhances 
chemical informativity, offering a balanced fragmentation profile that 
can improve structural annotation and compound identification.

To assess whether neutral pseudo-spectra yield more chemically 
informative matches, we randomly selected 50 compounds and matched 
their MS/MS spectra against their original public spectra library with 
the self-spectrum excluded, across positive, negative and neutral modes. 
In library searches, strong library matches are expected to be between 
similar compounds, so only strong spectral similarity scores (score ≥0.8) 
were considered. For each query compound, we evaluated the chemical 
similarity between the library match and the query using Tanimoto and 
Overlay scores, which quantify overall structural overlap and sub
structure alignment, respectively. Results for the VF-NPL-Qex library are 
shown in Fig. 2. Neutral pseudo-spectra provide significantly more 
reliable matches, with higher Tanimoto and Overlay scores, reflecting 
greater overall chemical similarity. Similar trends were observed across 
most of the considered libraries (Fig. S1), where neutral pseudo-spectra 
either outperformed both single polarities or were comparable to the 
best-performing one. As can be expected, considering all spectral 
matches regardless of their spectral similarity score, the chemical sim
ilarity increases with stronger spectral matches. Notably, this effect is 
particularly pronounced for neutral pseudo-spectra (Fig. S2), high
lighting the enhanced confidence of pseudo-spectra matches with a high 

similarity score.

3.2. Public libraries molecular networks

While neutral pseudo-spectra yields more informative matches, 
demonstrating superior network quality requires quantitative metrics. 
We employed assortativity and modularity metrics [31,32] to evaluate 
how well the networks group related compounds. Assortativity mea
sures the tendency of nodes to connect within the same category, while 
modularity quantifies the strength of separation between distinct com
munities. For both metrics, higher values indicate superior clustering 
performance. Using chemical class and subclass metadata as node labels, 
we computed both metrics across all five public datasets by incremen
tally increasing the spectral similarity threshold from 0 to 1, retaining 
only edges exceeding the cutoff.

Fig. 3 shows results for the VF-NPL-Qex dataset at subclass-level. In 
all cases, modularity and assortativity of the networks increase as the 
similarity threshold increases. This is in agreement with the expected 
presence of stronger connections between structurally related com
pounds. Interestingly, the increase was larger for the networks built 
from neutral pseudo-spectra. In particular, NMNs turned out to be more 
structurally informative in the range of commonly used thresholds for 
MNs analysis (i.e., 0.6–0.8). This indicates that neutral pseudo-spectra 
preferentially capture chemically meaningful edges, especially when 
considering relatively “strong” connections. Going towards higher sim
ilarity thresholds, assortativity and modularity of the NMN showed a 
clear decrease. A likely explanation is that since neutral pseudo-spectra 
integrate more fragment ions from both polarities, similarity values 
close to 1 are rare in NMN. This leads to fewer edges for the higher part 
of similarity thresholds (Fig. S3), which at its extreme, can affect 
assortativity and modularity, although the remaining connections are 
expected to be more structurally meaningful. These trends were 
consistent across all datasets and for both class- and subclass-based 
analyses (Figs. S4 and S5).

The visual impact of an improvement in the network structure in 
terms of modularity and assortativity from single polarity to NMN is 
illustrated in Fig. 3B, which shows MNs from the VF-NPL-Qex dataset at 
a similarity threshold of 0.7. In the figure, the chemical subclasses 
flavonoid glycosides and carbohydrates and their conjugates are high
lighted. The NMN exhibits a clearer and more interpretable organization 

Fig. 1. Neutral pseudo-spectrum of folic acid from the VF-NPL-Qex dataset (positive spectrum ID: VF-NPL-QEHF027649, negative spectrum ID: VF-NPL- 
QEHF027654). Fragments from negative ionization mode are shown in blue, those from positive mode in red and fragments shared in both modes in green. The 
molecular substructures corresponding to the most intense fragments are annotated through MetFrag website. (For interpretation of the references to color in this 
figure legend, the reader is referred to the Web version of this article.)
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than the single-polarity MNs, showing better subclass separation and 
fewer, but more meaningful, connections (Fig. 3B). Among the single 
polarity MNs, the negative-mode network shows the poorest organiza
tion, with extensive overlap and crowding of subclasses, leading to 
reduced interpretability. This figure provides a visual example of the 
higher assortativity and modularity described above, in agreement with 
Fig. 3A.

To compare network structural quality independently of similarity 
thresholds, we constructed MNs for positive, negative, and neutral 
spectra at matched assortativity values. NMNs achieved comparable 
assortativity requiring a lower similarity threshold (Table S5, Fig. S6; 
Supplementary Note 1), maintaining the informativity of the best- 
performing single-polarity MN while preserving overall network struc
ture. This indicates that the lower edge count in NMNs, generally 
observed across datasets (Fig. S3), results from stricter filtering rather 
than a loss of structural information, retaining only the most chemically 
meaningful connections.

Observed assortativity and modularity trends were further supported 
by subclass-prediction analyses, which investigate the network's ability 
to predict chemical subclass annotations for unknown compounds. In 
these analyses, each node was treated as ‘unknown’ and its subclass was 
predicted from the annotations of its nearest neighbors, ranked by 
spectral similarity. Across all datasets, neutral pseudo-spectra matched 
or exceeded the prediction performance of single-polarity networks, 
particularly when only the strongest spectral matches were considered 
(see Supplementary Note 2 and Fig. S7).

Considered network metrics (i.e., assortativity and modularity), as 
previously mentioned, are edge-based metrics, so they do not take into 
consideration the community size. To completely understand the gen
eral architecture of the molecular networks, singletons and communities 
size of different MNs were considered for all datasets. Results are pre
sented in Fig. S8, and they clearly indicate that the NMN approach 
effectively addresses the “hairball” problem by decreasing the node 
density of the largest community. In addition, as far as the singletons are 

concerned, an increase in the absolute number of singletons is generally 
observed in NMN. This is not unexpected due to the higher specificity 
required for cross-polarity connection. Interestingly, however, this in
crease does not result in a disproportionate sparse network since the 
proportion of singletons relative to the total number of communities 
remains comparable to that of single-polarity MNs because the NMN 
simultaneously generates a higher overall number of distinct commu
nities. This suggests a topological balance where the NMN achieves a 
more refined separation of nodes, avoiding the overcrowding of the 
biggest communities without over-isolating individual nodes.

3.3. Alternaria extracts molecular networks

To evaluate the performance of NMN in a real-world bioanalytical 
scenario, this workflow was applied to an untargeted metabolomics 
dataset of 30 Alternaria fungal strains (Fig. 4A, Fig. S9), in which we 
were able to identify 544 feature pairs used for neutral pseudo-spectra 
creation. Given the absence of a comprehensive ground truth for the 
Alternaria metabolome, we constructed a validation framework based on 
chemical subclass consistency, where subclass definitions were derived 
through a two-layer identification strategy (spectral library matching 
and in-silico structural annotation) supplemented by SIRIUS chemical 
subclass predictions for previously unannotated features. Beyond global 
modularity metrics, we also assessed local modularity for the most 
prevalent chemical subclasses in order to quantify the clustering density 
of nodes relative to their first neighbors, where higher values indicate 
superior group cohesiveness and better-defined structural clustering. To 
assess the intrinsic variability of the network structure, we constructed 
25 independent networks by randomly selecting different MS/MS 
spectra among the ones available for each feature. This estimate of the 
variability is expressed as standard deviation in the plots presented in 
Fig. 4B. The plots clearly demonstrate that across the commonly utilized 
similarity thresholds (0.6–0.8), the NMN achieves global modularity 
performance that is equal to, or significantly superior to, the best- 

Fig. 2. Tanimoto and Overlay chemical similarity scores of 50 randomly selected compounds for strong spectral matches (compounds considered with a spectral 
similarity match equal or higher than 0.8). Mann–Whitney p-value: ** <0.01, *** <0.001.
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performing single-polarity network (Fig. 4B I), in line with what is 
observed in public libraries analysis. Regarding local modularity metric, 
results for the three most prevalent chemical subclasses are shown in 
Fig. 4B II. The NMN provided significantly enhanced grouping for amino 
acids and peptides compared to both positive and negative ion modes. 
For other chemical subclasses such as Sesquiterpenoids and Terpene 
lactones, the results were comparable to the best-performing single 
polarity, which in this case was the positive ESI. This is consistent with 
the ionization chemistry of these metabolites. For terpenoids structure, 
the neutral pseudo-spectra are generally primarily influenced by the 
positive ionization mode, where fragmentation is more informative, 

representing the majority of m/z signals. For instance, for Tricy
cloalternarene 2b (Fig. S10), over 70% of the fragment ions in its neutral 
pseudo-spectra originate from the positive mode. Consequently, the 
positive polarity acts as the primary driver of similarity scores within the 
NMN for these specific compounds.

3.4. Limitations and methodological considerations

It is important to point out that our current feature-pairing protocol, 
by focusing on neutral pseudo-spectra created by merging [M+H]+/ 
[M − H]- species, represents a trade-off between metabolic coverage and 

Fig. 3. Results from analysis of VF-NPL-Qex dataset across the three MNs. A) Modularity and assortativity values based on all chemical subclasses. Wider lines 
represent the average values calculated from 25 stratified resampling iterations, with the corresponding standard deviation shown as colored low-opacity areas. 
Results from the NMN are shown in yellow, while blue and red indicate negative and positive ionization modes, respectively. Vertical dashed lines are relative to the 
commonly used MN similarity score interval threshold (i.e., 0.6-0.8). B) MNs for similarity threshold of 0.7 built using: I) positive MS/MS spectra, II) negative MS/MS 
spectra and III) neutral pseudo-spectra. “Flavonoid glycosides” and “Carbohydrates and their conjugates” subclasses are highlighted. For better visual interpretation, 
only subgroups with more than 3 nodes are shown. Global assortativity and modularity values for the entire networks are present in the bottom-left corner. (For 
interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)
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network structural accuracy. Features corresponding to other common 
adducts, in-source fragments, or to molecules that ionize in only one 
polarity are excluded from the NMN construction. To a certain extent, 
their elimination can reduce redundant signals in the final network, 
indeed, feature selection following the pairing process for neutral 
pseudo-spectra creation have a positive influence in modularity and 
assortativity metrics of single polarity MNs (Supplementary Note 3, 
Fig. S11), but a certain level of information loss is inherent to this choice.

The primary limitation of the proposed workflow is related to 
chemical entities that ionize exclusively as alternative adducts or that 
are detected only in a single polarity. The latter will be inevitably 
excluded in this framework, while for the former the pairing protocol 
can be tailored to merge specific alternative adducts if a study requires a 
targeted focus on chemical classes, which are detectable under specific 
adducts (e.g., [M+Na]+; [M + NH4]+). In this study, we specifically 
focused on [M+H]+ and [M − H]- pairs because they are the most 
frequently present and transversal across the diverse chemical classes 
commonly found in complex untargeted datasets but the NMN idea can 
be applied to different scenarios where the two ionization modes can be 
linked. As a general comment we would like to remark that many of the 
considerations which are valid for NMN, regarding adducts and ioni
zation, are also valid in classical MNs. Alternative adducts often fail to 
connect with parent ions due to divergent fragmentation behaviours 
[30], and chemical classes can be biased by the specific ionization ef
ficiencies of the considered polarity [37]. The pairing protocol, with the 
discussed related limitation, can lead to a loss of annotation coverage 

compared to the single polarities. For instance, in the Alternaria dataset, 
the pairing protocol excluded 21 of the 157 features initially annotated 
across the separate polarities.

Another aspect that it is important to emphasise is that neutral 
pseudo-spectra are not developed to maximize the exact spectral 
matching scores against reference libraries. A neutral pseudo-spectrum 
indeed merges fragments from both ionization modes, so the resulting 
similarity score against a reference typically reflects a compromise of the 
positive and negative performances. Within the single spectrum, the 
results are largely driven by whichever polarity generates the highest 
number of informative fragment ions. Consequently, in direct library 
matching scenarios, the optimal single-polarity spectrum will frequently 
yield an absolute superior similarity score compared to the merged 
neutral spectrum (Supplementary Note 4, Fig. S12). This limitation 
could potentially be addressed by modifying the standard cosine simi
larity metric implemented within the GNPS ecosystem, which may not 
be perfectly calibrated for neutral pseudo-spectra. This improvement 
goes beyond the scope of our research and may represent an interesting 
direction for future developments.

The fundamental aim of NMN is to capture the widest possible 
chemical informativity by integrating complementary structural frag
ments. For this reason, its application is particularly suitable in the MN 
context, as we have shown in the case of the Alternaria dataset. 
Considering the identified features, the neutral pseudo-spectra, despite 
showing a lower number of connections, provide a more robust and 
reliable foundation for MN analysis in clustering compounds that are 

Fig. 4. Neutral Molecular Networking analysis for the Alternaria untargeted dataset. A) Workflow used for the analysis of an untargeted dataset. The number of 
retained features/pairs after each step is shown. B) Comparative evaluation of network grouping performance based on chemical subclass labelling: I) Results for 
modularity calculated across the entire network as a function of the similarity threshold; II) Local modularity scores through different similarity thresholds for the 
three most prevalent chemical subclasses. Variability, visualized as shaded areas, is expressed as standard deviation and has been calculated with 25 MNs repetition 
randomly selecting differnt MS/MS spectra of the same feature.
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chemically similar (i.e., belonging to the same chemical subclass, 
Fig. S13), confirming the general results of modularity investigation. In 
addition, the global distribution of [M+H]+ and [M − H]- features 
across the m/z and RT range (as shown in Fig. S14) confirms that the 
neutral-pseudo spectra maintain a coverage across the majority of the 
chromatographic run, likely capturing pairs across a wide range of 
different chemical polarities. As a further check of the reliability of the 
retained features, we evaluated their signal linearity across a dilution 
series, an established indicator of genuine metabolite signals [38]. Most 
NMN features showed strong linearity (92% with R2 > 0.7, Table S7), 
confirming that they likely represent real metabolites rather than noise 
signals. Moreover, the overall NMN workflow demonstrates a limited 
false discovery rate for both inter-polarity feature pairing protocol and 
network connectivity (Supplementary Note 5).

For all the mentioned reasons, NMN can be used as a valuable tool for 
a faster and more robust initial annotation and interpretation stage, 
where NMN provides the primary, structurally coherent MN which can 
then be supplemented with the exploration of remaining single-polarity 
features to maximize compound discovery.

3.5. Identification of unknown toxin derivatives

The NMN approach facilitated a comprehensive understanding of the 
Alternaria metabolome. Annotation propagation using the NMN enabled 
the sequential (tentative) identification of previously unknown de
rivatives. The anchor of the annotation propagation was a known 
Alternaria toxin (LT = 3,6-dihydroxy-8-oxo-9-eremophilene-12-oic 
acid), for which 3 isomers were detected (Fig. S15).

Detailed neutral pseudo-spectral analysis of an unknown compound 
(blue node in Fig. 5A; C17H24O6; M: 324.1571 Da) alongside the known 
LT-toxin enabled its identification as an O-acetylated LT-toxin derivative 
(7′-O-Ac-LT). This discovery was facilitated by the synergistic contri
butions of both ionization polarities. The positive ionization mode (red 
ions in Fig. 5B) provided essential structural context, revealing shared 
core scaffold fragments that linked the unknown node to the LT-toxin 
family. However, on its own, the positive mode lacked the diagnostic 
resolution to understand the specific modification. Conversely, beyond 
providing an additional match (NL 62 Da), the negative ionization mode 
revealed the essential functional fingerprint, contributing critical evi
dence of the acetoxy moiety (–O–CO–CH3) through a diagnostic frag
ment at m/z 60.0211 (CH3COOH). While these negative fragments were 
modification-specific, they lacked the scaffold data required to connect 
the molecule back to the LT-toxin family in a negative MN (involved 

subregion comparison in Fig. S16). By merging information from both 
polarities, the NMN created a unified pseudo-spectrum where the 
positive-mode scaffold and negative-mode acetylation were evaluated 
together.

Further structural elucidation focused on a node connected to the 7′- 
O-Ac-LT, with a neutral mass of 306.1466 Da (purple in Fig. 5), repre
senting a mass difference relative to a water moiety. This feature rep
resents an independent compound. According to the neutral pseudo- 
spectral mirror plot (Fig. S17), it was identified as the dehydrated 
form of 7′-O-Ac-LT (anhydro-7′-O-Ac-LT). These identifications are 
consistent with the sequential increase in hydrophobicity and retention 
time: LT-toxin (4.07 - 4.17 min) < 7′-O-Ac-LT (5.60- 
5.84 min) < anhydro-7′-O-Ac-LT (6.76 min).

From a biosynthetic perspective, acetylation represents a critical 
post-synthetic modification in fungal secondary metabolism that is often 
essential for biological functionality [39]. Secondary metabolites mod
ifications, which modulate molecules' polarity, can function as a 
mechanism for self-protection, stabilize the toxin against oxidative 
stress, or influence its cellular transport [40,41]. The discovery of these 
derivatives could represent a step forward in understanding the toxicity 
of the Alternaria genus. These modifications could play a role in the 
self-protection and transportation of the LT-toxin, a compound previ
ously demonstrated to be harmful for apple plants [26]. However, the 
specific effects of the acetylated and anhydro forms are not yet 
confirmed. Therefore, future studies are required to test their phytotoxic 
activity compared to the parent toxin.

This annotation propagation cascade highlights the advantage of the 
NMN approach. By overcoming the limitations of single-polarity anal
ysis, where critical functional group data can be separated from scaffold 
information, the NMN strategy effectively navigates the complex 
Alternaria metabolome.

4. Conclusion

In this study, we introduced the Neutral Molecular Network (NMN) 
concept, a new strategy that merges fragmentation spectra from both 
positive and negative ionization modes into unified neutral pseudo- 
spectra. By integrating complementary spectral information, NMNs in
crease chemical informativeness, yielding higher-quality spectral 
matches and improved structural relevance compared with single- 
polarity networks. The resulting networks exhibit greater interpret
ability, forming more coherent clusters of structurally related com
pounds. In the Alternaria case study, NMNs facilitated the discovery of 

Fig. 5. Annotation propagation using NMN on the untargeted Alternaria dataset. A) NMN sub-region highlighting an uncharacterized compound and its isomer (blue 
node, M: 324.1571; RT: 5.60 & 5.84) and their connections (dark edges) to two LT-toxin isomers (brown nodes) and to another node with mass of 306.1466 (purple 
node). Known chemical structures are shown for the LT-toxin and a putative structure is provided for the acetylated and anhydro-acetylated derivatives. B) The 
mirror pseudo-spectrum illustrates the relationship between the first unknown compound (top) and LT-toxin I (bottom). Peaks are colored by their ionization source: 
red for positive mode, blue for negative mode, and green for fragments detected in both polarities. Matched ions, for either m/z or neutral loss match, are highlighted 
with top dots. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)
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two previously uncharacterized derivatives, which may play a biological 
role in Alternaria phytotoxicity.

Overall, NMNs offer a more interpretable and structurally mean
ingful representation of molecular relationships, serving as a faster data 
inspection tool that can be complemented by traditional single-polarity 
analyses. Although the approach inevitably excludes features that do not 
ionize in both modes, the retained signals represent high-confidence 
metabolites, reducing redundancy and spectral noise. By streamlining 
annotation and improving network quality, this approach can accelerate 
untargeted metabolomics workflows and help researchers transition 
more efficiently from raw spectra to biological insight and chemical 
discovery.
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