VS — peak detection

Detecting peaks in observed data is a common task in many fields.

Program for today:

- Principles of peak detection

- Peak detection in biomedical 1D-data
- ChlP-seq data
- MS data

- Peak detection in biomedical 2D-data

- breathomics
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Peak detection - basics

Computer scientists 1D Peak Fllldll’lg
(-> Cormen book)
are mostly interested in devising * Given an array A[0..n — 1]:

methods to determine peaks

most efficiently K1 2 6537 4

-> Divide & Conquer strategy 0123456
« Ali] is a peak ifitis not smaller than its
Noise is often irrelevant to neighbor(s):
computer scientists. Ali = 1] < Ali] = Ali + 1]
where we imagine
Instead, bioinformaticians are Al=1] = A[n] = —oo
interested in detecting peaks in * Goal: Find any peak

noisy data most precisely.

https://courses.csail.mit.edu/6.006/
spring11/lectures/lec02.pdf
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Peak detection in ChiP-seq data

H3K36me3

Regions are scored by the number |
of tags in a window of a given size.

: B
s B
fhdl

I. _,'n..‘ ) ——— o A - ' B . ! S ] A0,

FBXO7

Then they are assessed by
enrichment over control.

Different ChlIP-seq applications ——H—t—H
. Sl o— ]
produce different type of peaks. BPIL2 SYN3
o il.éOlﬁ,dOJ ‘3'1.5261.().00 - .3.1,240‘0‘0(5. | 3ll.2‘66.0‘00v o
Most current tools have been Nature Reviews | Genetics

designed to detect sharp peaks
(TF binding, histone modifications
at regulatory elements)

Alternative tools exist to detect
broader peaks

(expressed/repressed domains).

Park J, Nature Reviews Genetics, 10,
669 (2009)
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MACS: popular for detecting peaks in ChiIP-seq data

( Remove redundancy) (Remove redundancy)

v

Select 1,000 regions with a 10-
to 30-fold enrichment relative

to the genome background

Bulld model and estimate
DNA fragment size d

((shift reads towards 3' end by d )

( Scale two libraries )

( Call candidate peaks relative to genome background )

( Calculate dynamic lambda for candidate peaks )

\

(Calculate p-value and filter candidate peaks)

( Calculate FDR by exchanging treatment and control )

MACS slides a window of size 2d across
the genome to identify regions that are
significantly enriched relative to the genome
background.

MACS models the number of reads from a
genomic region as a Poisson distribution
with dynamic parameter A,

f(n,2) = (A"e™")/n!

Based on A,,.,, MACS assigns every
candidate region an enrichment p-value.
Those regions passing a user-defined
threshold (default 107°) are reported as the
final peaks.

Zhang et al. Genome Biol. (2008)
9, R137
Feng et al. Nature Prot 7, 1728 (2012)
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Intensity

Peak detection in MS data: workflow

5 i , An example of the peak
Spectrum:; . Baicliiie o EPeak list .
§ Smoothing SO EtoE Peak picking E detection process.

----------------------------------------------------------------------- (a) A raw spectrum,

. (@ — (6) (b) the spectrum after
smoothing,

8000 8000

_— e (c) the spectrum after

4000 G J q smoothing and baseline
2000 L 2000 \\JLLL’Q | correctlon and

(d) final peak detection

Intensity

Intensity

0 1 2 3 4 5 0 1 2 3 4 5
i x10° m x10' result where peaks are
8000 = 8000 3 N marked as circles.
6000 6000
4000 g 4000 ®
2000 2000 b b "
; l L N J\ ; Um[ L e ™ A‘ Yang et al. BMC Bioinformatics
0 1 2 3 4 5 0 1 2 3 4 5 (2009) 10:4
m'z % 10* miz x 10°
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Peak detection in MS data

Table |: Open source software packages for M5 data analysis
¢ Peak Finding Criterion

Program S B P
P1: SNR
Cromwell [12] 57 Bl Pl, P4 * Smoothing P2: Detection/Intensity threshold
LCMS-2D [20] - BS Pl, P2 S1: Moving average filter P3: Slopes of peaks
) P4: Local maximum
LIMPIC [21] 54 B2 PI, P3 S2: Savitzky-Colay filter
P5: Shape ratio
LM5 [22] a3 B2 Pl, P4 S3: Gaussian filter
P6: Ridge lines
MapQuant [16] 51,5253 - F7 54: Kaiser window P7: Model-based criterion

S5: Continuous Wavelet Transform p

CWT [10] S5 B4 Pl, P& 8: Peak width
S6: Discrete Wavelet Transform

msinspect [23] s B2 Ps S7: Undecimated Discrete Wavelet Transform
mzMine [24] 51,52 - Pl,F2, P8 * Baseline Correction
OpenMS [15] 55 B4 P7 B1: Monotone minimum Yang et al. BMC
: . : Bioinformatics (2009) 10:4
B2: Li t |
PROcess [13] S| B2, B3PI, P2 PS medr interpoation
B3: Loess
PreM5 [25] s7 Bl Pl, P4
B4: Continuous Wavelet Transform
XCMS [8] 53 - Pl, P4 0

B5: Moving average of minima




Peak detection in MS data: smoothing

Aim: remove high-frequency (likely umimportant) variations from the data

Approach: replace current value x(n) by an average taken over its neighbor points.
k

Moving average filter [n] = x[n] * wln] = ! Z x|n —1ij
’ 2k+1
i=—Fk
2k +1 is the filter width wn] = }1 - Je<n<h
= = +Do
GaUSS|an fllter y(t) — x(t) 3 w(t) — J x(f)w(t —_ T)dT
e
LU([) = 20 ’ Yang et al. BMC Bioinformatics (2009)
2” ‘7 10:4
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Peak detection in MS data: continuous wavelet transform

CWT
10 =30 () =[xty

=T
(1) = ﬁwg)

y(t) is a wavelet function,

).rf’r

(1

(d) Scaled Mexican Hat wavelet

e.g. a Mexican-hat wavelet ‘ ; E———
(an inverted parabola, that is squeezed (in the 5
middle) and flattened (at the sides) by 5 *\ ___________________
multiplication with an exponential function) 4 oos U
2 N S BN

w(t) = L S VA Y e S—

ﬁﬂ_]/cl

Yang et al. BMC Bioinformatics (2009)
10:4
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Peak detection in MS data: peak identification
Signal-to-noise ratio (SNR)
Different methods define noise differently. E.g. noise may be estimated as:

» 95-percentage quantile of absolute continuous wavelet transform (CWT)
coefficients of scale one within a local window.

» the median of the absolute deviation (MAD) of points within a window.

Slopes of peaks
This criterion uses the shape of peaks to remove false peak candidates.

» A peak candidate is discarded if both left slope and right slope are smaller
than a threshold.

» This threshould may e.g. taken as half of the local noise level

Yang et al. BMC Bioinformatics (2009) 10:4
V5 Processing of Biological Data 9



Peak detection in MS data: peak identification

Local maximum

A peak is a local maximum of N neighboring points.

Shape ratio

A “peak area” is computed as the area under the curve within a small distance
of a peak candidate.

A “shape ratio” is then computed as the peak area divided by the maximum of
all peak areas.

The shape ratio of a peak must be larger than a threshold.

Yang et al. BMC Bioinformatics (2009)
10:4

V5 Processing of Biological Data 10



Peak detection in MS data: continuous wavelet transform

(b) False discovery rate around 0.25 (b) False discovery rate around 0.25

.

0.8 0.8}
z - Z —
2 = |
2 06 T 06} | 1
3 _ @ . 1
4] i) I
g 0.4} 2 E 0.4} \ L 1
@
= | = - < =
< < | 1
0.2} | 0.2} 1+ :

O . . . . £ 0
Cromwell CWT PROcess LMS LIMPIC

|
|
- I i i i + -
Cromwell CWT PROcess LMS LIMPIC

Performance on simulated data that was
generated using a model that incorporates ~ Aurum Dataset is a high resolution

some characteristics of real MALDI-TOF data set, which contains spectra from

mass spectrometers. 246 known, individually purified and
trypsin-digested protein samples with

CWT performed best in this comparison. an ABI 4700 MALDI TOF/TOF mass
spectrometer.

The reason is likely that its shape matches Yang et al. BMC Bioinformatics (2009)

best the shape of experimental MS peaks. 10:4
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V5

Peak detection - basics

2D Peak Finding

 Given n X n matrix
of numbers

« Want an entry not
smaller than its (up to)
4 neighbors:

https://courses.csail.mit.edu/6.006/
spring11/lectures/lec02.pdf
Processing of Biological Data 12



breathomics

MCC/IMS: lon mobility (IM) spectrometry (IMS), coupled with multi-capillary
columns (MCCs) is gaining importance for biotechnological and medical

applications.

With MCC/IMS, one can e.g. measure the presence and concentration of volatile
organic compounds in the air or in exhaled breath with high sensitivity.

1000 2000
L 1

flow / mL/s
2 O

|
volume / L
Retention Time (s)

2000 -20000
1

Inverse Ion Mobility (Vs/em2)

Kopczynski, Rahmann,

Algorithms for Molecular Biology
(2015) 10:17

PhD thesis Ann-Christin Hauschild,
Saarland University (2016)
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MCC/IMS experiments: output

In an MCC/IMS experiment, a mixture of several unknown volatile organic
compounds is separated in two dimensions:

(1) by retention time r in the capillary column (the time required for a particular
compound to pass through the column). The retention time is proportional to
the substance's affinity for the stationary phase.

(2) by drift time d through the ion mobility spectrometer.

Instead of the drift time itself, one uses a quantity normalized for pressure and
temperature called the inverse reduced mobility (IRM) .

This allows comparing spectra taken under different or changing conditions.

Kopczynski, Rahmann,
Algorithms for Molecular Biology
V5 Processing of Biological Data (2015) 10:17 14



MCC/IMS experiments: inversed reduced mobility

According to this model,’ the reduced mobility of an ion drifting
through a buffer gas in an electric field is given by

K = (3q/16N)Q2r /ukT)V2(1/Qp) (1)

where g is the charge of the ion and m its mass, /V is the density
of the neutral molecules and M their mass, u is the reduced mass

u=mM/(m+ M), k is the Boltzmann constant, 7 is the effective
temperature, and Qp is the collision cross section. As noted

From K, one derives the
reduced (normalized) ion mobility:

Ko = K(273/T)(P/760)

and the inversed reduced ion mobility (after some rearrangement)

Ko™ = 1.697 X 107%(uT)!/2Qp

Karpas et al. JACS 111, 6015 (1989)

V5 Processing of Biological Data
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IM spectrum-chromatogram

r . set of (equidistant) retention time points
t . set of (equidistant) IRMs where a measurement is made,
e.g. 12500 time points every 0.4 x 10 s -> 50 ms in total)

Then the data is an || X |[{| matrix of measured ion intensities,
which we call an IM spectrum-chromatogram (IMSC).

The matrix can be visualized as a heat map.

An IM spectrometer uses
an ionized carrier gas.
These ions are present
in every spectrum in
addition to the analyte
ions, and they create the
reactant ion peak (RIP).

0.4 0.5 0.6 0.7 0.8 0.9 1
reduced inverse mobility / Vs/fem?

The reduced inverse ion mobility (x-axis) is proportional to the drift time.
The colors reflect the signal height:

[white (low) < blue < purple < red < yellow (high signal)].

Kopczynski, Rahmann,
Algorithms for Molecular Biology
V5 Processing of Biological Data (2015) 10:17 16



breathomics
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'"*Inve'i;se Ion Mdbiiityp ‘Inverse Ion Mo'bility”
Example of a processing strategy of MCC/IMS data involving

(Step 1) RIP-detailing (removal of RIP peak)

(Step 2) denoising and baseline correction

(Step 3) peak picking.

PhD thesis Ann-Christin Hauschild,
Saarland University (2016)
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Breathomics Work flow

Preprocessing Peak Detectionand Postprocessing Machine Leamingand Evaluation

s

Homogenizing:
Drift gas flow
Sample gas flow
Carrier gas flow
Retention time
Polarity
Narmowed RIP
MCC temp.

(et )

Preprocessing:
RIP Compensate
Low-pass filter
Gaussian blur

Savitzky-Golay-Filter

e s

MCC/IMS measurements

V5

Peak Detection:
Manual Peak Detection
VisualMNow

IPHEx

Local Maxima Search
Peak Model Estimaion

e

Merging:
Per List
Tolerance for t
Tolerance for r

Peak Lists

==

Evaluation:
ROC-curve
Accuracy
Sensitivity
Specificity
PPVE& NPV

Machine Learning
Linear SVM
Random Forest

[ oo ]

Clustering:
Over all Lists
Tolerance for t
Tolerance for r

PeakAn Files
(PeakCluster)

Robuistness
Evaluation:
Data Robustness
Tuning

[ movstoases |

PhD thesis Ann-Christin Hauschild,
Saarland University (2016)
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Manual Peak detection

The easiest and most intuitive way of peak detection is manual evaluation of a
visualization of the measurement.

The human eye and visual cortex is optimized for pattern recognition in 3D.
Therefore one can immediately spot most of the peaks in the measurement.

There are several drawbacks of the manual approach:
- it is time consuming and therefore inappropriate in a high-throughput context,

- the results depend on a subjective assessment, and are therefore hardly
reproducible.

Nevertheless, manual evaluation is still the state of the art for the evaluation of
smaller MCC/IMS data sets.

Manually created peak lists are used as “gold standard" in MCC/IMS studies.

PhD thesis Ann-Christin Hauschild,
Saarland University (2016)
V5 Processing of Biological Data 19



Local maxima search

According to this criterion, a point is a local maximum if all 8 neighbors in the
matrix have a lower intensity than the intensity at the central point.

We call the neighborhood of a point “significant” if
- its own intensity,

- the intensity of its 8 neighbors, and

- that of A additional adjacent points (e.g. A = 2),
lie above a given intensity threshold I.

PhD thesis Ann-Christin Hauschild,
Saarland University (2016)
V5 Processing of Biological Data 20



Merged peak cluster localization (MPCL)
The MPCL consists of two phases: (1) clustering and (2) merging.

(1) each data point in the chromatogram is assigned to one of 2 classes,
either peak or non-peak.

For this, one uses a clustering method that is based e.g. on the Euclidean
distance metric of the intensity values.

(2) neighboring data points that belong to the peak-label and therefore to the
same peak are merged together.

(3) each peak of the analyzed measurement is characterized by the centroid
point, i.e. that data point, which has the smallest mean distance to all other
points in the peak region

PhD thesis Ann-Christin Hauschild,
Saarland University (2016)
V5 Processing of Biological Data 21



Watershed algorithm

Here, the IMS chromatogram is treated like a landscape including hills and valleys.

The algorithm starts with a water level above the highest intensity followed by a

continuous lowering of the level while uncovering more and more of the local maxima.

In each step, the new uncovered data points are annotated by the label of adjacent
labeled neighbors. Those data points that remain unlabeled are identified as a new

peak and receive a new label.

The highest data point among a set of new labeled positions denotes the peak
coordinate.

The algorithm stops if all data points are labeled or the level drops below a denoted
threshold.

PhD thesis Ann-Christin Hauschild,
Saarland University (2016)
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Watershed algorithm: implementation

The watershed algorithm can be implemented as a priority queue to sort all data
points.

(1) The largest data point is extracted and labeled first.
(2 - n) This is followed by the next largest point in the queue and so on.
- Each point drawn out of the queue is compared with its neighbors.

- If the neighbors are of equal or larger value, the extracted point is given the
same label as its largest neighbor.

- In contrast, if the data point is larger than its neighbors (i.e. the neighbors have
not been labelled sofar), the data point is given a new label to indicate that it is
part of another peak.

(n + 1) This procedure is repeated until the queue is empty.

Latha et al. Journal of
Chromatography A, 1218 (2011)
V5 Processing of Biological Data 6792—- 6798 23



Peak model estimation

In the PME method, the expectation maximization (EM) algorithm is used to
optimize the parameters of a mixture model from a given set of starting values.

The algorithm requires a given set of “seed" coordinates for each peak to be
modeled.

In general, any peak detection method is suitable to provide these initial " seeds”".
However, the quality of the results strongly depends on the chosen seed-ding
approach.

Utilizing the EM algorithm, each peak is described by a model function consisting
of two shifted Gaussian distributions and an additional peak volume parameter.

Finally, the set of model functions plus a noise component describe the whole
MCC/IMS measurement.

PhD thesis Ann-Christin Hauschild,
Saarland University (2016)
V5 Processing of Biological Data 24



breathomics

Linear SVM Random Forest

100
100

Boxplots of 100
runs of the ten-
: L T fold CV for the
| o _ = _ i 5 5~ linear SVM and
: the random
forest method.

a0
20

|

|
{
|

|
|
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|

AUC
AUC
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50
S0

I'\'1a||1ua thls MPICL WIST PI-IJE Mar:ual Lh!‘IS MPICL WIST PhldE
LMS : Automated local maxima search

WST : Automated peak detection via water shed transformation implemented
in IPHEX,

MPCL : Automated peak detection via merged peak cluster localization
supported by VisualNow

PME : Peak model estimation approach by the PeaX tool.

PhD thesis Ann-Christin Hauschild,
Saarland University (2016)
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Automated metabolite detection

Aim: annotate peaks to chemicals (not only detecting peaks)

JJLJMJL MS Data

Step 2

OpenChrom

1

Peak List IMS Layer

NIST/EPA/NIH
Mass Spectral
Library

MCC/IMS
Substance
Database

Collect reference IMS data for compound library

Run IMS experiment on sample of interest - compare against reference data

PhD thesis Ann-Christin Hauschild,
Saarland University (2016)
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Proof of principle

Amplity 50 1
Lowest Displayed Irtensity -1 0000

Compensate RIP-Talling

Baselne Conection

Smocthed
Aligned: C.850

Retention time [s]

®

7 (3Menthol 1, Levomenthol

_Heptanon  Heptanal

o L B 3152 0 g B o B 5 i

08 (273 0. 08

Reduced inverse idon mobility [Vs/cm?]

R 2 i o i i [ e
-} 08 095 1

Test on a mixture of 7 reference compounds

17 signals in the measurement could be matched

Table 7.1: Automatically identified signals

No. | CAS compound

1 112-44-7 | undecanal

2 104-46-1 anethol (trans-anethol)
3 6485-40-1 | carvon (monomer)

4 6485-40-1 | carvon (dimer)

5 112-31-2 | decanal

6 2216-51-5 | (-)menthol {monomer)
rf 2216-51-5 | (-)menthol (trimer)

8 821-55-6 2-nonanon (monomer)
9 821-55-6 2-nonanon (dimer)

10 5989-27-5 | D-limonen (monomer)
11 5989-27-5 | D-limonen (dimer)

12 110-43-0 2-heptanon (monomer)
13 110-43-0 | 2-heptanon (dimer)

14 111-84-2 n-nonan (Inonomer )

15 111-84-2 n-nonan (dimer)

16 111-71-7 | heptanal (monomer)
17 111-71-7 | heptanal (dimer)

12 of the 17 signals originate from the reference compounds

(including dimers and trimers)

V5

Processing of Biological Data

PhD thesis Ann-Christin Hauschild,

Saarland University (2016)
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Application: can one detect COPD in exhaled breath?

Chronic obstructive pulmonary disease (COPD) is an umbrella term used to
describe chronic lung diseases that cause a permanent blockage of airflow from
the lungs, which is not fully reversible (WHO).

The most prominent symptoms are
- Dbreathlessness,

- a chronic cough, and

- excessive sputum production.

Airways and lungs react to noxious particles or gases, like smoke from cigarettes
or fuel, with an increased inflammatory response.

The World Health Organization (WHO) reported COPD as one of the four most
frequent causes of death.

PhD thesis Ann-Christin Hauschild,
Saarland University (2016)
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Application: can one detect COPD in exhaled breath?

Westhoff et al. (2011) took MCC/IMS breath proles of 42 COPD patients as well
as 35 healthy volunteers (HC).

1

COPD Patients

-

BioScout

E DATA Preprocessing:

— - Denoising

= Smoothing

SpiroScout(® - Peak detection

& mcc/ims®
Healthy Control Grouping Information
m— W
- . r
Machine Learning: COPD vs. Healthy
Robust - Naive Bayes
obus
<= | - Neural Networks H Healthy

Evaluation - SVM vs. COPD-BC

- Random Forest L vs. COPD+BC

PhD thesis Ann-Christin Hauschild,
Saarland University (2016)
V5 Processing of Biological Data 29



Application: can one detect COPD in exhaled breath?

Table 5.1: Results of the two-class-classification problem, evaluating the differences be-

tween COPD and the HC. )
e = J I
Method AUC  Accuracy Sensitivity  Specificity
Decision Tree 81 85 91 71 &7
Linear SVM 83 87 92 74
Naive Bayes 79 82 87 71 s
Neural Net 86 89 93 80 < !
Radial SVM 87 89 92 83 g
Random Forest 92 94 98 86 “e-
Distinguishing COPD patients from healthy N
controls based on IMS spectra of exhaled el vesrlow ety
alr Works rea”y We”' o | | | — Ra?domForlest.A;:;C=9$,3‘AIJC¥?S

Specificity (%)

Distinguishing COPD patients from
patients that also have breast cancer did

not work equally well.

PhD thesis Ann-Christin Hauschild,
Saarland University (2016)
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