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Abstract—Interpretation and classification of mass spectra is
usually performed using a list of peaks as their mathematical
representation. This fact makes peak detection a bottleneck of
mass spectra analysis, since quality and biological relevance of
any results strongly depends on the accuracy of peak detec-
tion process. Many algorithms utilize intensity to differentiate
between peaks and noise and thus bias the detection process
to the high abundant peaks. However important information
may also be contained in the lower-intensity peaks that are
more difficult to discover. We present an algorithm specifically
designed for detection of low-abundant peaks.

I. INTRODUCTION

Mass spectrometry (MS) techniques are being used in-

creasingly for proteomic analysis of biological fluids or

tissue samples in order to identify disease-related proteins or

peptides that can be used as biomarkers for early diagnosis,

disease progression or response to treatment [1], [2], [3], [4],

[5], [6], [7].

The MS instruments commonly utilized for analysis of

biological samples measure the time-of-flight (TOF) of ac-

celerated ions produced by matrix assisted laser desorption

ionization (MALDI) or surface enhanced laser desorption

ionization (SELDI), in order to estimate amounts (or intensi-

ties) of particles with specific mass-to-charge ratio. A typical

mass spectrum, is a rough estimate of mass-to-charge ratio

distribution in the analyzed sample. Proteins and peptides are

represented in the spectrum by local maxima, often called

peaks.

Interpretation and classification of mass spectra is com-

monly performed using a list of peaks as their mathematical

representation. Because quality and biological relevance of

statistical analysis, classification, or clustering strongly de-

pends on the quality of analyzed data, peak detection is the

bottleneck of the analysis and hence needs to be done with

care.

Peaks are often detected as maxima of intensity bins [8],

maxima in a local neighborhood higher than the average

intensity in a broader neighborhood [6], high intensity values

with a given number of progressively lower intensities on

both sides of potential peak [9], intensity sequences that

correlate with a Gaussian template [10], local maxima of

a wavelet-smoothed spectrum [11], or intensities exceeding

locally estimated noise level [12], [13].
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Intensity pattern in relatively narrow neighborhood of peak

centroid is the most common feature utilized by automatic

methods to differentiate between peaks and noise. While

abundance is very distinctive feature for peaks that are much

higher than the level of noise, the task becomes difficult for

low abundant peaks. In high-resolution mass spectra proteins

and peptides are represented by a series of isotopic peaks,

in case of low-abundant peaks very narrow, similar to noisy

spikes in intensity, and thereby difficult to detect.

While detecting peaks, a human expert analyzes a broader

neighborhood of peak centroid, searches for isotopic peaks,

and similar pattern of local intensities in other spectra.

We propose a peak detection algorithm that utilizes those

techniques. The presented algorithm combines information

about local variance of intensities with likelihood that there

are other isotopic peaks.

The paper is organized as follows. The next section

presents formal representation of mass spectra and the

proposed algorithm. The results of experiments that assess

performance of our method are described in Sec. III. Sec.

IV provides discussion and conclusions.

II. ALGORITHM DESCRIPTION

A. Representation of Mass Spectrum
Let us assume that we observe n spectra fi(t) of the
following form (similarly to [11], [7]):

fi(t) = Bi(t) + NiSi(t) + εf (t), (1)

where i = 1, 2, . . . , n, t = 1, 2, . . . ,m is the clock tic of
the TOF detector that is used to compute mass-to-charge

ratio M . Bi(t) denotes the systematic artifact, known as
baseline. Estimation of baseline is beyond this scope of

this paper. Methods that compute baseline can be found

in [14], [12], [11]. Si(t) represents peaks (the true signal),
scaled in each spectrum by Ni. Noise is represented by ε(t).
We assume that ε(t) is distributed according to the normal
distribution N(0, σf (t)) with mean 0 and standard deviation
σf (t), which is a smooth function of t.
The relationship fi(M) is of larger scientific interest,

because masses of differential peaks are utilized for identifi-

cation of proteins and peptides. The mass-to-charge ratio is

a function of TOF. We assume thatMi(t) is of the following
form:

Mi(t) = Ai + c(t) + εz(t), (2)

where Ai is the systematic shift with respect to one spectrum

in the studied group, c(t) denotes the relationship between
M and TOF (model of c(t) can be found in [15]), and
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εz(t) represents Gaussian noise. Often Mi(t) is estimated
by software that operates mass spectrometer. In this paper

we assume that each Mi(t) is given.

Prior to detection of peaks all spectra are normalized with

respect to their sum of intensities:

f̂i(t) =
fi(t)∑m

t′=1
fi(t′)

. (3)

This normalization is believed to be valid, because the sum

of intensities corresponds to the total number of particles per

spectrum that hit the TOF detector [15].

B. Peak Detection

The presented method examines the likelihood that each

of the local intensity maximum is a peak. The maxima can

be simply detected as locations where the first derivative of

spectrum changes sign and the second derivative is negative.

We assume that all spectra belong to one experimental

group and we aim at selecting the set of peaks that is

representative of the whole group, i.e. peaks that appear in

the majority of the studied spectra. Thus we select a target

spectrum fi∗ that is likely to contain the smallest number of

true peaks among the group as follows:

i∗ = arg min
i=1,...,n

m∑
t=1

f̂i(t). (4)

Let Mij denote mass-to-charge of the j-th maximum in the
i-th spectrum. The true mass-to-charge value of a potential
peak is estimated by averaging the closest intensity maxima

from all spectra:

M̄j =
1

n

⎛
⎝Mi∗j +

n∑
i=1, i�=i∗

Miĵ

⎞
⎠ , (5)

where

ĵ = arg min
j′=1,...,m

|Mi∗j − Mij′ |. (6)

Thus the set of potential peaks Q = {M̄j} is created.
The following subsections present methods that assess the

likelihood that each M̄j is a true peak.

1) Change of intensity variance: The Change of Intensity
Variance (CIV) approach is based on the assumption that the

intensity variance σf is a smooth function of t and M . The
CIV method measures change of intensity variance between

two consecutive parts of a spectrum. Let us divide the spectra

into short disjoint parts fk
i of length w:

fk
i = (fi(t

k
i ), fi(t

k
i + 1), . . . , fi(t

k+1
i − 1)), (7)

where k = 1, 2, . . . ,K, tki indicates the first element of the
k-th part and is given by:

t0i = 1, tki = ti, such that

Mi(ti + 1) > min
i=1,...,n

Mi(t
k−1
i ) + w,

(8)

so that the parts are aligned across spectra with respect to,

and have constant length in terms of M . Mass-to-charge
ratios are also partitioned along with intensities such that:

Mk =
1

n

n∑
i=1

Mi(t
k). (9)

Because the noise variance is a smooth function of t, we
assume that variance of fk

i should also change smoothly as

a function of k, and sudden changes indicate that the k-th part
contains peaks. Small w is required for good discrimination
between noise and peaks. However reliable estimation of

statistical properties usually requires large number of sample

points. Therefore corresponding parts fk
i from all spectra are

combined into one set fk as follows:

fk = {fk
i − f̄k

i }
n
i=1 (10)

where f̄k
i represents the mean of fk

i . Let var(fk) indicate
variance of fk, then |Δvar(fk)| given by:

|Δvar(fk)| = |var(fk) − var(fk−1)| (11)

can be used to measure likelihood that there is a peak

betweenMk−1 andMk. The measure (11) can be computed

for each j-th potential peak in Q as follows:

V (j) = |Δvar(fk)|, s.t.Mk−1 ≤ M̄j ≤ Mk. (12)

Then the probability that the j-th potential peak in Q is a
true peak, given V (j) is given by:

P (j|V (j)) = exp(−(max
j

V (j) − V (j))2/σv), (13)

where σv = 3maxj V (j) so that P (j|maxj V (j)) = 1 and
P (j|0) → 0. Our preliminary experiments revealed that the
best w is equal to 2 Da.
2) Isotopic peaks: Existence of other Isotopic Peaks (IP)
is one of the main feature of true peaks utilized by human

experts. Therefore incorporating this information into the

detection process should result in better performance. Be-

cause of natural occurrence of isotopic elements, a peptide

in the mass spectrum is represented by a series of peaks with

masses increased by 1, 2, 3, . . . [Da]. Depending on the mass
and abundance, 3 to 8 isotopic peaks can usually be detected

by human eye in the mass spectrum.

Let P (Ij) denote the probability that there is one isotopic
peak on the left and one to the right side of M̄j ∈ Q. This
probability can be computed as follows:

P (Ij) =
1

2|Q|

|Q|∑
l=1

P (l)(P (D|Mj − Ml − 1)+

+ P (D|Mj − Ml + 1)),

(14)

where |Q| represents the number of local maxima in spec-
trum fi∗ , P (l) denotes the probability that the M̄l ∈ Q is a
true peak, computed, for example, as P (l|V (l)) with (13),
P (D|M) is the probability that M is the correct location of

potential isotopic peak and is given by:

P (D|M) exp(−(M2/σI), (15)
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where σI should be close to standard deviation of εz .

Assuming statistical independence of the following events:

1) the M̄j ∈ Q is a true peak given V (j), and 2) there are
other peaks at locations Mj − 1 and Mj + 1, the probability
that both events are true is given by:

P (j|V (j), I(j)) = P (j|V (j))P (I(j)). (16)

Thus the P (j|V (j)) is updated by the information provided
by P (Ij). The resulting probability P (j|V (j), I(j)) can be
again utilized in (14) as P (l) and updated again with the
new P (Ij) so that isotopic peaks of isotopic peaks are also
taken under consideration. Hence we propose the following

iterative procedure for updating the probability that the j-th
maximum is a true peak:

P 0(j) = P (j|V (j))

P r(j) = P r−1(j)P (Ij),
(17)

where P r(·) denotes the value of P (·) in the r-th step of the
algorithm. In each r-th iteration the likelihood P r−1(j) is
updated by the information about isotopic peaks at locations

Mj − r and Mj + r. If a majority of peptides in the
spectrum are represented by a series of 2r∗ isotopic peaks,
then according to P r∗

+1(j) peaks are indistinguishable from
noise. Therefore the detection performance increases for

r = 0, 1, . . . r∗, and decreases for steps r∗ + 1, r∗ + 2, . . ..
Hence the best detection performance is yielded by P r∗

(j).
The lower bound for the number of isotopic peaks in the mass

spectrum depends on mass and abundance of the chemical

compound. Thus parameter r∗ can be estimated theoretically
based on mass range of the spectrum, or experimentally

utilizing a spectrum that contains known masses.

III. EXPERIMENTAL RESULTS

The proposed peak detection procedure was examined

on simulated mass spectra generated by the virtual mass

spectrometer described in [15]. Spectra for the following

masses were generated: 900, 950, 1001, 1023, 1050, 1200,

1250, 1400, 1503, 1600, 1750, 2000 [Da]. The number of

molecules was chosen as 500 for all masses. The resulting

centroid intensity for mono-isotopic peaks are equal to 275

and 255 for the smallest mass and largest mass, respectively.

Each of the simulated peptides is represented by a series of

5 to 10 isotopic peaks. Other parameters of the virtual mass

spectrometer were set to the following values: length of the

drift tube = 1 m, acceleration voltage = 20000V, mean initial

velocity = 350 m/s, standard deviation of initial velocity = 5

m/s, time resolution = 4E-09 s. Software defaults were used

for all other parameters.

The virtual mass spectrometer produces an ideal mass

spectrum with no noise. Mass-to-charge ratios, correspond-

ing to all peak centroids present in the spectrum were labeled.

An artificial set of mass spectra was generated according to

(1) and (2), similarly to [7], with the following parameters:

Bi(t) = N(178, 34), Ni = N(1, 0.3), εm = N(0, 0.02),
several values of n and σf (t) were utilized. The baseline is
assumed to be flat, because the non-linear baseline can be

estimated and subtracted with baseline correction algorithms.

σf (t) is assumed to be constant. The parameters were
estimated from MALDI mass spectra, obtained from blood

serum, collected from patients that took part in the coro-

nary arteries disease study in the University of Louisville.

The mass spectra were acquired in the Clinical Proteomics

Center, University of Louisville.

The peak detection performance was assessed and com-

pared to the Cromwell package 1 that implements Undec-
imated Discrete Wavelet Transform on the mean spectrum

(MUDWT) denoising and peak detection, described in [7].
The performance of both methods was assessed by calcu-

lating the area under the Receiver Operating Characteristic

Curve (ROC). Because both methods return a list of peak

centroids rather than classify each element of the spectrum,

we modified counting of true positives, true negatives, false

positives, and false negatives to make them suitable for

computation of ROC. A detected peak is considered a true

positive if the smallest difference between its location and

locations of the labeled peaks is smaller that the accuracy,

here set to 0.02% of M location (similarily to our mass

spectrometer). Thus the number of true positives TP is given
by the number of correctly detected peaks. We compute the

number of false positives FP as the number of incorrectly
detected peaks:

FP = R − TP, (18)

where R is the number of peaks returned by a peak detection
method. On the other hand, the number of false negatives

FN is computed as the number of true peaks that were not
detected:

FN = L − TP, (19)

where L is the number of labeled true peaks. We compute
the number of true negatives TN as number of all TOF clock
ticks in the spectrum that were neither returned as peaks nor

labeled:

TN = m − R − FN. (20)

The experiments were repeated 50 times for several values

of number of spectra n and standard deviation of noise σf .

The resulting areas under ROC curves (AUC) are summa-

rized in Tables I and II. The columns of Table I present

number of generated spectra (n), standard deviation of noise
(σf ), mean AUC computed for the CIV method (P (j|V (j)),
mean AUC computed for the MUDWT algorithm, and

statistical significance of the fact that CIV outperforms

MUDWT, expressed as the paired t-test P-value. Similarly,

the columns of Table II show the mean AUC computed

for the IP method (with r∗ = 4), where probabilities are
initialized with CIV (CIV-IP), mean AUC computed for the

MUDWT, and significance of the fact that the CIV-IP method

outperforms MUDWT. Values of both tables are computed

for the same data sets. The performance of CIV and isotopic

peaks methods that is at the level of 0.95 significantly better

than the AUC of MUDWT is shown in bold in both tables.

As expected, the AUC’s presented in Tables I and II

increase with n and decrease as σf increases. Table I reveals

1available at http://bioinformatics.mdanderson.org/software.html
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TABLE I

AREAS UNDER ROC CURVE COMPUTED FOR PEAK DETECTION WITH

THE CIV AND MUDWT METHODS

n σf CIV MUDWT P-value
10 20 0.9598 0.9490 < 0.001

20 20 0.9637 0.9557 < 0.001

40 20 0.9655 0.9631 0.107
60 20 0.9720 0.9662 0.003
10 30 0.9591 0.9399 < 0.001

20 30 0.9611 0.9478 < 0.001

60 30 0.9567 0.9600 0.905
10 40 0.9543 0.9318 < 0.001

20 40 0.9530 0.9410 < 0.001

40 40 0.9523 0.9498 0.136
60 40 0.9418 0.9525 0.999

TABLE II

AREAS UNDER ROC CURVE COMPUTED FOR PEAK DETECTION WITH

THE CIV-IP, MUDWT METHODS

n σf CIV-IP MUDWT P-value
10 20 0.9707 0.9490 < 0.001

20 20 0.9714 0.9557 < 0.001

40 20 0.9698 0.9631 < 0.001

60 20 0.9744 0.9662 < 0.001

10 30 0.9650 0.9399 < 0.001

20 30 0.9685 0.9478 < 0.001

60 30 0.9643 0.9600 0.030
10 40 0.9628 0.9318 < 0.001

20 40 0.9652 0.9410 < 0.001

40 40 0.9658 0.9498 < 0.001

60 40 0.9577 0.9525 0.017

that CIV outperforms MUDWT for small n. Averaging
larger number of spectra results in cleaner signal and thus

performance of MUDWT is in those cases similar or better

than CIV. Note also that P-values in the right-most column

increase no only with n, but also with σf . Thus CIV is more

sensitive to noise than MUDWT.

All P-values in Table II show statistical significance,

hence the CIV-IP method outperformed MUDWT in all

experiments. The P-vale increases for the largest n and σ,
however the difference in performance is still significant.

IV. CONCLUSIONS

A novel approach to detection of low-abundant peaks

in high-resolution mass spectra that mimics the techniques

utilized by human expert was presented in this paper. The

performance of the proposed algorithm was assessed with

simulated mass spectra and compared with existing peak

detection method. The proposed methodology outperformed

the existing algorithm on the simulated set of mass spectra.

The simulated mass spectra did not represent a real mass

spectrum as accurately as those in [7]. Our goal was to assess

the performance of the presented algorithm specifically for

low-abundant peaks. Experiments with more representative

simulation and real mass spectra will follow. However, even

if the proposed method does not perform as well on more

general mass spectra, it could be a good addition to an

existing peak detection method that does not detect low-

intensity peaks very well. Combination of two or more

methods such that each is specialized in detection of certain

types of peaks would yield better performance than each of

those methods separately.
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