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Abstract. This work addresses the challenge of determining chemical sum formu-
las from mass spectrometry data through a three-fold approach: establishing a formal
problem framework, analyzing its computational complexity, and developing an ap-
proximate algorithm that synergizes reference database integration with functional
group property analysis to enable accurate compound identification and structural
characterization. By bridging theoretical foundations in computational complexity
with practical solutions for chemical structure elucidation, the proposed methodology
advances analytical capabilities in mass spectrometry data interpretation.
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1. Introduction

Recent developments in mass spectrometry have significantly increased the volume
of data generated during the analysis of metabolites and lipids. Metabolomics and
lipidomics, which focus on the characterization of small-molecule compounds in bio-
logical systems, now face substantial challenges in processing and interpreting these
complex datasets. Computational approaches, including optimization and machine
learning techniques, have been successfully applied in related fields, such as protein
structure prediction [3], demonstrating their potential for handling high-dimensional
biological data. In this study, we present an advanced algorithm designed to facilitate
the analysis of mass spectra associated with metabolomic and lipidomic investigations.

A key approach to characterizing an unknown compound involves determining its
sum formula, that is, its elemental composition and the number of atoms of each
element present. Given a measured mass, a set of candidate sum formulas can be
generated – a problem analogous to sequence identification in proteomics [6]. The
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size of this set depends on the elements considered and the precision of the mass
measurement. Although increased mass accuracy can reduce the number of possible
formulas, it does not necessarily lead to a unique solution. This limitation underscores
the importance of leveraging additional information encoded in the mass spectrum,
similar to how structural constraints refine predictions in protein analysis [12]. Con-
sequently, the determination of the sum formula represents a critical initial step in
the de novo identification of metabolites.

2. Related work

Accurate determination of chemical sum formulas from mass spectrometry data is a
longstanding challenge in analytical chemistry and metabolomics. Numerous compu-
tational strategies have been developed to address the ambiguity inherent in formula
assignment, especially as the molecular mass increases and the number of plausible
formulas grows rapidly.

Early approaches relied primarily on high-precision mass measurements and el-
emental constraints to generate candidate formulas. However, even with sub-ppm
mass accuracy, the number of chemically plausible formulas can be substantial, par-
ticularly for larger molecules [17, 11]. To address this, additional information such as
isotopic patterns and heuristic chemical rules are routinely incorporated into formula
prediction workflows.

A prominent example is the Rdisop package [17], which determines sum formu-
las using both exact mass and isotope patterns, leveraging algorithms developed by
Böcker et al. (2006, 2008, 2009). Rdisop integrates with Bioconductor tools and
applies rules such as the nitrogen rule and double bond equivalents (DBE) to filter
candidates. Similarly, MZmine 2 offers a universal formula prediction tool that com-
bines heuristic rules, MS/MS fragmentation analysis, and isotope pattern matching
to improve accuracy. In evaluations with Orbitrap MS data, this approach correctly
ranked the true formula first for 79% of the compounds tested, outperforming earlier
methods in many cases [19].

Recent advances have introduced machine learning and deep learning to further
refine formula prediction. For example, FIDDLE is a deep learning framework that
predicts chemical formulas directly from tandem mass spectra, dramatically reduc-
ing the candidate formula space and improving classification accuracy compared to
traditional computational methods and other tools such as SIRIUS and BUDDY [9].
These methods benefit from the ability to learn complex MS/MS feature relationships
and to leverage large spectral libraries.

Exact algorithms, such as integer linear programming (ILP), have also been ap-
plied to related problems such as de novo peptide identification [7]. In the context
of sum formula identification, constraint-based solvers (e.g., SCIP) and metaheuristic
approaches (e.g., tabu search, genetic algorithms) have been explored for their abil-
ity to efficiently search large solution spaces while adhering to chemical plausibility
constraints.

Despite these advances, limitations remain. The high mass precision alone is in-
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sufficient for the determination of unique formulas, especially for compounds of high
mass [17, 11]. Heuristic and machine learning approaches can improve ranking and
reduce candidate lists, but often require extensive training data and careful validation.
The integration of multiple orthogonal data types (e.g. isotope patterns, MS/MS frag-
mentation, retention time) is increasingly recognized as essential for robust formula
assignment.

Our work builds on these foundations by formally framing the sum formula identi-
fication problem as a constrained optimization task and developing both exact (SCIP)
and heuristic (tabu search) algorithms. We benchmark these methods against real
metabolomic data, demonstrating their strengths and limitations relative to existing
approaches.

Building on these prior works, we now formalize the sum formula identification
problem and present our computational approach.

3. Mass spectrometry

Mass spectrometry is an analytical technique used in fields such as chemistry, bio-
chemistry, medicine, or pharmacy [8]. It involves the separation of ions according to
their mass-to-charge ratio (m/z), enabling an accurate measurement of atomic masses
and chemical compounds. It is versatile and can detect the presence of specific ele-
ments or compounds in samples.

Due to its precision, mass spectrometry also helps to determine the structure
of chemical compounds, such as the structure of proteins [21, 22]. Although samples
tested by this method are destroyed, the technique is irreplaceable due to its accuracy
and wide applicability.

Modern mass spectrometers analyze complex samples, making this technique cru-
cial in scientific research. In the following chapters, we discuss its application in data
analysis and advanced algorithms to aid in the interpretation of the results [8].

3.1. Construction

A mass spectrometer allows the statistical distribution of the atomic masses of el-
ements and compounds in a sample to be obtained. It consists of an ionizer, an
analyzer, and a detector, operating under high vacuum conditions to avoid collisions
with air molecules, which would interfere with the measurements of [8].

The ionizer is the part of the spectrometer where the ionization of molecules takes
place. Ionization methods are divided into those that cause a chemical compound to
fragment into smaller fragments and those that give the molecules a charge without
fragmenting them. Ionization can be positive or negative. In positive ionization,
protons from dissociated acids [21] are most frequently present.

The analyzer splits the ion beam according to the mass-to-charge ratio (m/z), and
the detector records the ions, allowing qualitative and quantitative analysis. Data
from the detector are visualized as a mass spectrum, showing the signal intensity
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as a function of m/z. The mass spectrum illustrates the characteristic peaks of the
different ions, crucial for the identification of the substances under investigation [22].

Figure 1 shows example mass spectra of a metabolite from Axyris amaranthoides,
illustrating differences between positive and negative ionization modes.

Figure 1. Example spectrum of a metabolite from the Axyris amaranthoides plant,
taken in positive ionization mode (top spectrum) and negative ionization mode (bot-
tom spectrum) of MZAB16.

Due to their high precision, modern mass spectrometers analyze complex samples,
making this technique indispensable in scientific research. In the following chapters,
we discuss the analysis and interpretation of spectrometric data and advanced algo-
rithms that support these processes.

3.2. Mass spectra

A mass spectrum is a graphical representation of the dependence of the signal intensity
on the mass-to-charge ratio (m/z), where mass is the mass number and charge is a
multiple of the elemental charge of the ion [15]. Fragments of a certain mass form
peaks in the spectrum, allowing the mass of individual fragments to be read off. For
singly charged fragments, the value of the spectrum corresponds to the mass of the
fragment.
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The process of decomposition of a chemical compound into fragments recorded by
the spectrometer is divided into several steps [13]. Figure 2 presents the proposed
fragmentation steps based on the negative ionization spectrum, highlighting the main
fragment ions detected.

Figure 2. The proposed fragmentation steps based on the spectrum in negative
ionization mode of the metabolite shown in Figure 1 which are described in [13].

Each fragment can be described by a summary formula which can be determined
from its mass from the spectrum (Figure 1). Figure 3 shows the sum formulas of the
fragments in Figure 2.

Figure 3. The summation patterns of the fragments shown in Figure 2 which are
described in [13].
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4. Definition of the problem

Database studies of [10] show that it is not possible to unambiguously identify the
sum formula of a metabolite based on the error in its mass measurement. In this
work, this problem will be extended to the identification of all possible sum formulas
of a metabolite. Examples of methods for the identification of the sum formula are
available in the literature [4, 5, 18, 16]. The problem of identifying potential sum
formulas will be formally presented as Problem 1.

Problem 1. Let the data be a set P of ordered pairs (mi, wi), where mi ∈ Q+ and
wi ∈ Z+, i = 1, 2, . . . , k, number M ∈ Q+ and precision δ ∈ Q+. Find the set of
vectors x = (x1, x2, . . . , xi, . . . , xk) of integer nonnegative values, where each vector
in this set satisfies the assumption:

M − δ ≤
k∑

i=1

mixi ≤M + δ, (1)

k∑
i=1

wixi = 2n, n ∈ N, (2)

k∑
i=1

(wi − 2)xi + 2 ≥ 0, (3)

k∑
i=1

wixi − 2 max{wi | xi > 0} ≥ 0, (4)

In the definition of the problem 1, the set P consists of pairs where mi is the
mass of the i -th element and wi is its valence, determining the number of chemical
bonds of an element. Elements can have different valences depending on the reaction
conditions, e.g. nitrogen and phosphorus can occur as multiple pairs with the same
mi, but different wi.

The vector x determines the number of pairs occurrences in a chemical compound
of mass M and meets the conditions (1) - (4). The condition (5) ensures that the mass
of the selected elements is within the range of M ± δ. Conditions (1) - (4) concern
the structure of a compound that is not an ion. Chemical compounds must form a
whole, and atoms must form all possible bonds.

Condition (2) ensures the uniformity of the sum of valencies, preventing the pres-
ence of unpaired electrons and the formation of ions. The condition (3) requires the
structure to be completely connected. Condition (4) requires that the sum of the
valence of all elements, except the largest, be sufficient to form all bonds.

For example, the summary formula C2H5, C2H8 and PH3, where phosphorus is
pentavalent, does not adequately meet the assumptions of (2) - (4).

A vector belongs to the set of solutions if it satisfies all the assumptions. Condition
(1) ensures that the mass calculated from the vector is close to the given mass. For
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a large mass of a chemical compound, all vectors satisfy condition (4), which follows
from the inequality.

(max
i
{wi}+ 1) ·max

i
{mi} < M − δ, (5)

The maximum value in a set of elements is denoted by maxi{wi}, and the maxi-
mum mass is denoted by maxi{mi}.

Vector x can be transformed into a sum formula by adding up the number of pairs
occurrences with the same masses but different values.

5. Algorithms

The algorithms receive as input a set P representing the acceptable elements that can
be present in the compounds sought, the mass M of the metabolite concerned and
the precision δ. The error, which is understood as the difference between the mass
of the metabolite and the mass of the selected solution, is minimized. An admissible
solution is a vector of element counts.

5.1. SCIP Solver

SCIP (Solving Constraint Integer Programs) [1] is a programming platform for integer
programming with constraints [2].

SCIP was chosen because of its ability to exhaustively enumerate all solutions
that satisfy complex chemical constraints, providing a comprehensive reference for
comparison with heuristic methods. However, its computational cost increases rapidly
with the number of elements and the size of the molecule.

The problem 1 can be formulated as a mathematical programming task and solved
using a solver. Since the experimental data analyzed in the next section satisfy the
condition (4), it is not included in the formulation of the problem 1 as a linear integer
programming task. A problem without this constraint can be represented as an error
minimization, which is understood as the difference between the mass of the chemical
compound under study and the mass of the compound with a given integer formula.
The problem can be written as the following integer linear programming task:

Problem 2. For a given set P of ordered pairs (mi, wi), where mi ∈ Q+ and wi ∈ Z+,
i = 1, 2, . . . , k, number M ∈ Q+ and the precision δ ∈ Q+ d assuming that the
restrictions are met:

n∑
i=1

wixi − 2n = 0 (6)

n∑
i=1

wixi −
n∑

i=1

xi + 2 ≥ 0 (7)
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n∑
i=1

mixi + d ≥M (8)

n∑
i=1

mixi − d ≤M (9)

d ≤ δ (10)

Where x1, x2, ..., xn are numbers with integer nonnegative values.
The SCIP also makes it possible to obtain, in addition to the optimal solution, all

admissible solutions satisfying the given conditions.

5.2. Tabu Search

A tabu search algorithm has been designed to solve the problem 1. Its main goal is to
avoid local minima by remembering and avoiding previous moves (forbidden moves -
tabu). Here are the most salient features of this algorithm for the problem 1:

Tabu search was selected as a practical alternative to exhaustive search, capable of
efficiently exploring large solution spaces and identifying most valid candidates within
reasonable computation times. The trade-off is that some solutions may be missed
compared to the exact enumeration.

• Input: Set of ordered pairs (mi, wi), number M , accuracy δ, calculation time t

• Output: A set of pairs (x, |
∑

imiwi| meeting the conditions of the Problem 1

The process of finding a solution is initiated by preparing a vector of elementary
movements. These movements involve substitutions that make minimal changes to
the total mass while maintaining the total mass value. The procedure ensures that the
total mass is consistent with the search. The resulting interval includes all suitable
solutions for a given mass.

The procedure calculates additional properties, including density, to characterize
the solutions obtained. This allows for the determination of the minimum and maxi-
mum bond number values for a given mass. The tabu search algorithm is run for all
bond numbers within the specified interval, keeping the total mass number. The tabu
list stores elemental moves and directions of change to prevent elemental substitution
in an undesirable way.

Before determining the next neighborhood solution, the feasibility of the elemen-
tary move is checked. The function checks that the subtraction of the appropriate
number of primes will not result in a negative number of these primes in the solution
and thus the satisfiability of the constraints of problem (1) - (4).

The tabu search algorithm runs for a set amount of time. Browse through the
solution space and save those that meet all the conditions. The functions of the algo-
rithm check the conditions of the problem accordingly and finally write the solutions
that meet the conditions into the resulting file.
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Next, we evaluate these algorithms using real spectrometric data from plant metabo-
lites.

6. Research

The actual spectrometric data of selected metabolites of the plant Axyris amaran-
thoides [13] (Table 1 lists the monoisotopic masses of the 29 metabolites analyzed in
this study) were studied in a computational experiment.

summary monoisotopic summary monoisotopic
lp. formula mass [Da] Lp. formula mass [Da]
1 C22H20O12 476.0954 16 C38H36O22 844.1698
2 C22H20O13 492.0904 17 C39H40O21 844.2062
3 C23H22O13 506.1050 18 C39H38O22 858.1854
4 C28H28O18 652.1275 19 C40H40O22 872.2011
5 C28H28O19 668.1224 20 C39H38O23 874.1803
6 C29H32O18 668.1588 21 C40H40O23 888.1960
7 C29H30O19 682.1381 22 C42H42O24 930.2066
8 C30H32O19 696.1537 23 C43H44O25 960.2171
9 C34H34O21 778.1592 24 C43H44O26 976.2120
10 C36H34O20 786.1643 25 C44H46O26 990.2277
11 C37H34O20 798.1643 26 C45H50O26 1006.2590
12 C37H34O21 814.1592 27 C45H48O27 1020.2383
13 C38H38O20 814.1956 28 C49H48O25 1036.2484
14 C38H36O21 828.1749 29 C49H48O26 1052.2433
15 C39H38O21 842.1905

Table 1. Data set analyzed. Actual monoisotopic masses expressed in Daltons of 29
compounds, measured with a mass spectrometer.

The set of available elements in the compounds analyzed was limited to those
shown in Table 2 - this table details the elemental composition, monoisotopic masses
and valences used in our computational analysis.

The experiment was carried out on a PC with an Intel Core i5-4590 3.30 GHz
Haswell processor, 16 GB of DDR3 1600 MHz RAM, and an SSD, running the Linux
operating system.

Figure 4 shows the dependence of the number of solutions found as a function
of the monoisotopic mass (expressed in Daltons) of the selected metabolites. The
calculations were performed multiple times for the same data set, but with different
sets of elements in the instance. The sets of elements considered were defined above the
respective graphs. In creating these sets, only the most common elemental valences
in organic chemistry were considered, with valence II always assumed for sulfur (for
simplicity).

Figure 5 shows an analogous relationship for the results obtained in the tab al-
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Figure 4. Results obtained from the SCIP analysis.
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monoisotopic
lp. name symbol mass [Da] valence
1 hydrogen H 1.0078250 I
2 carbon C 12.0000000 I, II, III, IV
3 nitrogen N 14.0030740 I, II, III, IV, V
4 oxygen O 15.9949146 I, II
5 phosphorus P 30.9737620 I, II, III, IV, V
6 sulphur S 31.9720712 I, II, III, IV, V, VI

Table 2. Selected elements were considered in data analysis with their monoisotopic
masses and valences.

gorithm experiment - the number of solutions found depending on the monoisotopic
mass (expressed in Daltons) of the selected metabolites. The calculations were re-
peated for the same data set but with different sets of elements in the instance. The
graphs are information about the considered set of elements for the instance.

Figure 6 shows graphs showing the dependence of the percentage of missing solu-
tions in the results obtained with the tabu search algorithm compared to the exact
results obtained with the SCIP solver.

The above analysis demonstrates that the constraints formulated in the problem
1 allow the determination of a large number of potential sum formulas for the single
metabolite under investigation. In addition, the results show that the number of these
formulas is very large, highlighting the complexity of the problem and the potential
diversity of solutions.

7. Discussion

Our results confirm that the challenge of identifying the sum formula persists even
with high mass accuracy, as previously reported [17, 19, 11]. The SCIP-based ex-
act algorithm provides comprehensive candidate sets, but computational demands
increase rapidly with molecular size and the number of allowed elements. The tabu
search heuristic offers a practical alternative, efficiently exploring the solution space
and recovering most valid candidates, though some may be missed compared to ex-
haustive search. Compared to established tools such as Rdisop and MZmine 2, our
methods are distinguished by their formal mathematical framework and flexibility
in accommodating custom chemical constraints. Although deep learning approaches
such as FIDDLE show promise in further narrowing candidate lists and ranking solu-
tions, they require extensive spectral libraries and may not generalize to all compound
classes.

Our findings highlight the importance of integrating multiple sources of information-
accurate mass, isotopic patterns, fragmentation data, and chemical rules-to improve
formula assignment. Future work could explore hybrid strategies that combine the
strengths of constraint-based optimization, heuristic search, and machine learning, as
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Figure 5. Results obtained from the analysis of the Tabu search algorithm.
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Figure 6. Results of a comparison of the results obtained from testing the SCIP and
Tabu algorithms.
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well as the inclusion of retention time and other orthogonal data.

8. Conclusions

In this study, we addressed the NP-hard problem of sum formula identification from
mass spectrometry data by developing and benchmarking both exact (SCIP) and
heuristic (tabu search) algorithms. Our approach formally encodes chemical plausi-
bility constraints and demonstrates robust performance on real metabolomic datasets.

The analysis demonstrated that measurement error alone is insufficient to unam-
biguously identify a unique sum formula. The large number of possible formulas
corresponding to a given mass highlights the need for additional constraints or com-
plementary analyzes to narrow down the candidate set, a challenge similar to that
observed in clinical lipidomics research, where integrated analytical approaches have
proven to be most effective [14].

Compared to existing methods, our algorithms offer a transparent and flexible
framework for candidate generation and filtering. However, as with previous work,
we find that unique formula assignment remains challenging for larger molecules,
underscoring the need for multimodal data integration and further methodological
innovation. Future research should focus on:

• Incorporating machine learning models, such as deep neural networks, to im-
prove candidate ranking and reduce false positives.

• Integrating additional experimental data types (e.g., retention time, MS/MS
fragmentation) for more confident formula assignment.

• Extending the approach to broader classes of compounds and larger datasets.

Our work contributes to the ongoing development of computational tools for
metabolomics and analytical chemistry, supporting more accurate and efficient com-
pound identification from complex mass spectrometry data.
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