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Based on accumulating evidence of a role of lipid signalinghimany physiological
and pathophysiological processes including psychiatric ideases, the present data
driven analysis was designed to gather information neededotdevelop a prospective
biomarker, using a targeted lipidomics approach covering ifferent lipid mediators. Using
unsupervised methods of data structure detection, implemeted as hierarchal clustering,
emergent self-organizing maps of neuronal networks, and fmcipal component analysis,
a cluster structure was found in the input data space comprigg plasma concentrations
of d D 35 different lipid-markers of various classes acquired in D 94 subjects with the
clinical diagnoses depression, bipolar disorder, ADHD, daentia, or in healthy controls.
The structure separated patients with dementia from the otér clinical groups, indicating
that dementia is associated with a distinct lipid mediator jasma concentrations pattern
possibly providing a basis for a future biomarker. This hygbesis was subsequently
assessed using supervised machine-learning methods, impmented as random forests
or principal component analysis followed by computed ABC aalysis used for feature
selection, and as random forests, k-nearest neighbors, suport vector machines,
multilayer perceptron, and naive Bayesian classi ers to ésnate whether the selected
lipid mediators provide suf cient information that the dignosis of dementia can be
established at a higher accuracy than by guessing. This su@eded using a set of
d D 7 markers comprising GluCerC16:0, Cer24:0, Cer20:0, Cerl®, Cer24:1, C16
sphinganine, and LacCerC16:0, at an accuracy of 77%. By comast, using random lipid
markers reduced the diagnostic accuracy to values of 65% orelss, whereas training the
algorithms with randomly permuted data was followed by comete failure to diagnose
dementia, emphasizing that the selected lipid mediators we display a particular pattern
in this disease possibly qualifying as biomarkers.
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Gurke et al. Lipid Marker Patterns in Dementia

|NTRODUCT|ON TABLE 1 | Demographic parameters of the subjects, temporal disease
characteristics, and medication.
Accumulating evidence supports a high relevance of lipid_ ,
: . . . Diagnosis Parameter Mean SD Count (n)
molecules, including so-called lipid mediatorg),( for the

regulation of many dierent biological processe?—l).  pepression Sex [count] m/f 9/11
Lipidomics has therefore become one of the latest omics- Age [y] 231 14 20
technologies used in the search for biomarkei}s {.e., de ned BMI [kg/m?] 26.2 6.9 18
characteristics of biological systems measured as irfaf Duration* (months) 8.7 112
normal biological processes, pathogenic processes, or respons Medicated patients ) ** 19
to an exposure or (therapeutic) interventiorS)_( A possible_ Bipolar disorder  Sex [count] m/f 119
advantage of lipidomics over some other omics-technologies Age ] 437 127 20
such as genomics, is the close temporal linkage of lipid marker BMI [kg/m?] 264 54 19
concentrations with individual clinical phenotypess, ( 6). Duration* (months) 19 ”7
Lipidomics includes several thousands of dierent molecules Medicated patients () * 19
(7) found in biological uids at highly variable concentratis,
. . . ADHD Sex [count] m/f 6/6

assayed using untargeted approach&s6( 7) which aim to Age by 286 156 1
quantity the whole lipidome in a single analytical run but lack ) ' '
sensitivity for molecules in the low concentration rangedan BMI [lfg/m] 291 92 1
selectivity for di erences among isomeric or isobaric molles Duration* (months) 09 05
(3, 7). On the other hand targeted approaches are used. They are Medicated patients () ™ 2
focused on a limited number of analytes at comparatively higfeme"@ Sex [count] m/f 1076
sensitivity and selectivity3]. Age 1] 699 93 16

Consistent to the nearly ubiquitous involvement of lipid BMI [kgim’] %2 37 16
mediators in physiological and pathophysiological processes, Duration* (months) 51 154
lipid markers have been linked to neurological disordersices, Medicated patients ) ** 2
the metabolic syndrome, painl,(2, 6-8), and other clinical Healthy Sex [count] m/f 15/11
settings. Neuropsychiatric disorders have also been proposed Age Y] 89.6 131 26
as novel applications for lipidomics based diagnosties ( BMI [kg/m?] 236 22 26

This agrees with altered ||p|d pro les observed in dememla*Duration: for depression and bipolar disorder: average duration of current epse; for
or Alzheimer's diseasel() 11), depression 12), and bipolar ADHD and Dementia: average time since diagnosis.

disorder (l2) The present investigation was designed to gatheWedicated patients: number of patients treated with disease-speci c medicationat
. . . . . time of blood sampling (Depression: treatment with antidepressants, Bipolar sbrder:
|nformat|o.n.nee(.jed to develop a pr(.)speptlve b'(?marker’ .uang treatment with mood stabilizers; ADHD: treatment with methylphenidate or atooxetine;
targeted I|p|d0m|CS approaCh covering di erent ||p|d mediators pementia: treatment with cholinesterase-inhibitors or memantine)
Therefore, a data-driven approach was preferred to an explicit

hypothesis about suitable psychiatric settings and lipid raueals.

the patients with bipolar disorder (F31, including manic,

METHODS hypomanic, mixed, or depressive episodel, 19 received mood
_ _ stabilizing medication, including lithium, valproate, latnigine,
Subjects and Study Design carbamazepine, and antipsychotics. Patients ful lling disfit

The study followed the Declaration of Helsinki and wascriteria for moderate or severe depressive episode (F32, F33)
approved by the Ethics Committee of the Medical Faculty ofeceived antidepressant treatment with selective serptoni
the Goethe—University Frankfurt am Main, Germany (protocolreuptake inhibitors (SSRIsn(D 8), dual serotonergic drugs
number 425/14). Informed written consent was obtained from(trazodone) i D 1), serotonin, and noradrenalin reuptake
all subjects. Patients with depressionld 20), bipolar disorder inhibitors (n D 6), mirtazapine 1§ D 2), tricyclic antidepressants
(n D 20), attention-de cit hyperactivity disorder (ADHDn D (n D 1), or monoamineoxidase-inhibitorsa(D 1). In addition,
12), or dementiarf D 16) were consecutively recruited from n D 6 patients received mood stabilizers. Of the patients with
outpatients and inpatients of the Department of Psychiatryheft attention de cit disorder (F90.0 and F98.8),D 2 were treated
University Hospital Frankfurt am Main, Germany. Controls ( with stimulants approved for this disease (methylphenidate,
D 26) were enrolled from medical students and sta membersaatomoxetine) at the time of blood sampling. The dementia
of the hospital who routinely reported to the institutional group (W D 16) was comprised of patients with probable
occupational health service. Inclusion criteria were agd8 Alzheimers dementian D 10; G30.1 and F00.1) and mild
years, for patients, a clinically veri ed diagnosis accogdio  cognitive impairment (MCI) 6 D 6; F06.7). Of these patients,
ICD-10 criteria and for controls, no current medical condit  n D 2 received antidementia drugs at time of blood sampling
queried by medical interview, and no drug intake for at lehst (memantine or cholinesterase-inhibitors). In most demiant
week except contraceptives, vitamins, and L-thyroxin. and ADHD cases blood sampling was done shortly after
Demographic data including time since diagnosis and currentliagnosis, which explains why only few patients were already
disease-speci ¢ medication are summarized Table L Of ondisease-speci ¢ medication. Moreover, no antidementisydr
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are approved for the treatment of MCI, which additionally samples and therefore, these lipid mediators were excluded from

explains why a large fraction of this group was untreated. further analysis. Following published recommendatiorisg])(
values below the validated LLOQ were veri ed by the respdasib

Lipid Mediator Plasma Concentration analyst and values above the limit of detection were used in

Analysis the data set. Using this technique, seven values below LLOQ

A venous blood sample (2.7 ml) was collected into a K3EDTAOr Cerl16:0 and 12 values below LLOQ fd{53-cGMP were
blood collection tube (Sarstedt, Nirmbrecht, Germany)included giving full data sets for both analytes. For degiigine
and centrifuged at 2,000g for 15min at@ within 30min  only eight out of 17 values below LLOQ were replaceable lgavin
after sample collection. Plasma was separated and froz&# remaining nine as missing values.

at 80 C until assay. A total ofn D 41 dierent lipid Data preprocessing included (i) data transformation, (i)
mediators and other metabolites was analyzed from théutlier detection and elimination, (iii) imputation of migsg
plasma samples. Plasma concentration analyses were perfornfda, and (iv) corrections for possible confounding in uersc
using ||qu|d Chromatography-e|ectrospray jonization-tama of the patients' age, sex, or BMI. Data transformation was
mass spectrometry (LC-ESI-MS/MS) as described in detaperformed following exploration of the data distribution of
in the Supplementary Material The selected methods the d D 35 features (i.e., the remaining lipid mediators) by
included sphingolipids (sphingosine, sphingosine-1-phosphaténeans of Kolmogorov-Smirnov testsd), applied to the original
sphinganine-1-phosphate, C16 sphinganine, C18 sphinganingdata and after application of log, square root, or reciprocal
C24 sphinganine, C24:1 sphinganine, Cerl4:0, Cerl6:@ata transformation. Kolmogorov-Smirnov tests obtaingec
Cer18:0, Cer20:0, Cer24:0, Cer24:1, GluCerC16:0, GlaggrC 0.05 in 12, 2, 5, and 3 parameters when not transformed or
GluCerC18:1, GluCerC24:1, LacCerC16:0, LacCerC18¥en log, square root or reciprocal transformation was applied,
LacCerC24:0, LacCerC24:1), lysophosphatidic acids (LBA16Fespectively. As log-transformation is most frequently adui
LPA18:0, LPA18:1, LPA18:2, LPA20:4), endocannabinoidar transformations of blood-concentration datéf), this was
[arachidonoyl ethanolamide (AEA), oleoyl ethanolamideEgg), ~ chosen for dD 33 parameters. For the two remaining parameters,
palmitoyl ethanolamide (PEA), 1-arachidonoyl glycerolXG), ATP and GTP, in which log transformed data signi cantly
1-arachidonoyl glycerol (2-AG), docosahexaenoy! ethamide ~ di ered from normal distribution (p D 0.044 ancb D 0.00044,
(DHEA)], nucleosides (cytidine, deoxycytidine, guanesin respectively), reciprocal transformation was applied, which is
thymidine, uridine), nucleotides [guanosine triphosphated common transformation for plasma concentrations applied,
(GTP), adenosine triphosphate (ATP)] and cyclic nucleotidedor example, to creatininel(/). This resulted in non-signi cant
[30,50_(:yc|ic guanosine monophosphate O]@.cGMP)' é),50_ results of KO'mOgOfOV'SmirnOVtestS also for ATP and G]ﬁFD(
cyclic adenosine monophosphate’ 88cAMP)]. Because lipid 0.737 ancp D 0.327, respectively).

mediators represent the major part of investigated metagslit ~ Subsequent to data transformation, outlier in both direat
hereafter the lipid mediators will be used as general ternivere detected by means of Grubbs tedt§.(Speci cally, each

comprising all investigated metabolites. outlier was replaced with a missing value. The procedure was
iteratively repeated as long as signicant results of Grubbs
Data Analysis tests were obtained. A total of 9 outliers was detected and

Data ana|ysis was performed using the R software packawﬂaced with miSSing values in the 35 ||p|d mediators. These
[version 3.4.4 for Linux; http://CRAN.R-project.org/i$] on  calculations were performed using the R library “outliers”
an Intel Core i computer running on Ubuntu Linux 18.04.1 [https://cran.r-project.org/package=outliers;19]. Following
64-bit). The acquired parameters, subsequently calledufest outlier elimination, the data set included 18 missing value
initially included d D 41 lipid mediators assayed from the Imputation was performed using the k-nearest neighbor
participants' venous blood plasma. The analysis was performeédgorithm (20). These calculations were performed using the
in three main steps comprising (i) data preprocessing, (iR library “DMwR” [https://cran.r-project.org/package=DMwR;
hypothesis generation using unsupervised lipid mediator patte (21)]. Subsequently, a 94 35 sized complete matrix of lipid
analysis to assess whether the lipid mediator patterns awedai Mediator concentrations was available for further analysi

a cluster structure separating patients with particular dizsgs Di erences with respect to age, body mass index (BMI), or
from other patients, and (jii) hypothesis testing using suiged ~ S€x among the diagnostic groups (four psychiatric diagnosis
lipid mediator pattern analysis aimed at identi cation of lipi and controls) were assessed by means of univariate analysis

mediators important fordiagnosis group assignment_ of variance. This resulted in signi cant age di erences (@f
4.85F D 16.49,p D 3.84 10 19 did not di er signi cantly
Data Preprocessing (df D 4,85,F D 2.206,p D 0.0751). The sex distribution

The original data set comprised B 41 lipid mediators. In  was equal among diagnostic groups as indicated by a non-
six mediators (sphingosine, Cerl4:0, guanosine, 1-AG, 2-AGigni cant $2 test £2) ($2 D 1.3443, dfD 4, p D 0.85). As
DHEA), more than 20% of the measurements across all diagnosage between groups potential confounders of subsequentsesul
were below the lower limit of quanti cation (LLOQ) while the correlation of lipid mediator plasma concentrations wéthe
most of the other measurements of these mediators were onlyas explored by calculating Pearson correlation coe cigat3.
narrowly above LLOQ. This was considered as an indicatioin the controls (age range 21-67 years), 17 lipid parameters
of insu cient assay sensitivity for the present set of plasmawere found to be signi cantly correlated with age. Subsedye
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robust linear regressions of lipid parameter concentrativas that renders the greatest di erence in stability score conepap
age were calculated in the controls only. Slopes and intescepts neighboring numbersZ7).

were used to correct, in the whole data set, the concentratio  Lipid mediator-based cluster structures were again explored
of lipid mediators found to be age-correlated in the contyds by means of unsupervised machine learning. Specically, a
age. During this procedure, the respective parameters wese al®pology-preserving self-organizing map (SOM) of the Kohonen
normalized to the median age of subjects. This eliminatedate type (31, 32) was trained with the lipid mediator concentration
correlation as indicated by non-signi cant Pearson coat&@n  information. SOM are based on a topology-preserving projectio

tests in the control subgroup. of high-dimensional data points; e R® onto a two-dimensional
self-organizing network consisting of a grid of neurons. The

Hypothesis Generation Using Unsupervised Lipid neural network consisted of a two-dimensional toroid gridsof

Mediator Pattern Analysis called neurons with 50 rows and 80 columms[) 4,000 units,

Hypothesis generation with respect to which of the candidatéor SOM size determination, se&3)]. Each neuron holds, in
psychiatric diseases was associated with altered lipid meedia addition to a position vector on the two-dimensional grid, a
patterns was pursued via structure detection in the preprockesséurther vector carrying “weights” of the same dimensiongtes
data. Speci cally, structures hinting at subgroups of sufsjec input dimensions. The weights were initially drawn randomly
were sought in the data spa€e D f.xi/jx 2 X,iD 1,:::,ng from the sets of data variables and subsequently, adaptdtkto t
comprising plasma concentrations df D 35 lipid mediators data during the learning phase with 30 epochs. Following tregni
acquired inn D 94 subjects. Data structures were assessed the neural network, a SOM was obtained that represented the
by means of unsupervised methods including (i) Wardsubjects on a two-dimensional toroid map as the localizetiof
hierarchical clustering, (ii) emergent self-organizingaps their respective “best matching units” (BMU) that are neurons
of articial neurons (ESOM), and (iii) classical principal on the grid that which after SOM learning carried the vectoat
component analysis. was most similar to a subject's data vector. To obtain clsster
Following the standardization of all features into aan extension of the Kohonen SOM aimed at enhancing a cluster
numerical range of [0,...,100], the data space was explorettucture and consisting of the so-called U-matri®4), was
for possible subgroups of subjects sharing similar lipid media added. The U-matrix displays the distances between the neurons
concentration patterns by means of hierarchical clusteringn the high dimensional space as a third dimension onto the
using the Ward algorithm Z4) and the Euclidean distance. To two-dimensional SOM projection grid. Large heights indeda
identify the optimum number of clusters in the data spacearge gap in the data space, whereas low U-heights indicagd th
cluster stability scores were computed addressing the ognse the points were close to each other in the data space, indigatin
in cluster assignments across multiple runs of the clustgrinstructure in the data set. Using a topographic map analogy of
algorithm on data sets created by repeated random resampliraloring, on the U-matrix appeared valleys, ridges and basins
from the original data set25). That is, the stability scores thatenhanced the visibility of clusters. For example, a “maunt
capture the average proportion of observations not placed in theange” separated two regions indicating clusters which appeare
same cluster during the repeated ruz$); Clustering, including as “valleys” surrounded by the “mountains.” These caldnret
stability assessments was performed using the progenytigori were performed using the R package “Umatrix” [https://cran.r-
(27), which selects the optimum cluster number that rendersroject.org/package=Umatrix3§)].
the most stable clustering by evaluation of clustering iitab To explore associations between clusters and diagnosis
starting with an initial clustering of the full dataset, lfmlved by groups, the respective contingency tables were analyzed
bootstrapping 28) and repetitive clustering. The idea is that awith respect to overrepresentation or underrepresentation
meaningful valid cluster shouldn't disappear easily if théada of diagnosis groups in clusters. Speci cally, the permutation
set is changed in a non-essential way)(such as by drawing distributions of the two-way tables were obtained and thesu
a random subsample of the cases. Cases belonging togetlérsquares of the Pearson residuals were calculated asghe te
to the same cluster should keep shared cluster membershgatistic of independence3). Test signi cance was assessed
when the case composition of the data set is slightly modi edusing Pearson$2 test ¢2). This allowed to associate particular
During resampling, the algorithm randomly sampled featurediagnoses with Ward or U-matrix based clusters. Clusters
values with replacement to construct new samples, so-calléd which a particular clinical diagnosis was overrepresented
“progenies,” rather than directly sampling existing samples agrovided hypotheses for further assessments. These cabndati
with common algorithms. A number of D [2,...,5] clusters were done using the R library “vcd” [https://cran.r-projecgb
was tried using 10 progenies in 10 randomly created datasegpsckage=vcd3()].
and 100 iterations, which corresponds to the defaults of the R As an independent approach for internal validation of the
package “progenyClust’ [https://cran.r-project.org/package suitability of the data transformations and of the detected
progenyClust; §0)] used for these calculations. To obtain structure in the data, principal component analysis (PCAJ)(
standard deviations of the stability measures, the proocesiur was performed. PCA3Q) uses a rotation of the data, to project
were repeated 10 times. The nal number of clusters was choséhe data to a subspace of so-called principal components. The
on the basis of both criteria o ered in the progeny clustering rst principal component has the largest possible variance in
algorithm, i.e., the stability score criterion and in addit, the the data. Each succeeding orthogonal component is chosen for
so-called “greatest gap” criterion that selects the clustenber the highest possible remaining variance. PC-corr analy&is (

Frontiers in Psychiatry | www.frontiersin.org 4 February 2019 | Volume 10 | Article 41


https://cran.r-project.org/package=progenyClust
https://cran.r-project.org/package=progenyClust
https://cran.r-project.org/package=Umatrix
https://cran.r-project.org/package=Umatrix
https://cran.r-project.org/package=vcd
https://cran.r-project.org/package=vcd
https://www.frontiersin.org/journals/psychiatry
https://www.frontiersin.org
https://www.frontiersin.org/journals/psychiatry#articles

Gurke et al. Lipid Marker Patterns in Dementia

provides an algorithm that permits to nd the best results of actual training sample and nally, the forest was applied to
a PCA. PC-corr uses various data transformations and armlysthe actual test sample. The calculations were done using the
group separations by quantitative evaluations expressept as R library “randomForest” [https://cran.r-project.org/pacie=
value, AUC and AUPR, using any types of normalization andandomForest; 47)]. Precedent hyperparameter testing had
dimension. As it calculates various quality measures faryev indicated thatsqrt(d) parameters for each tree, which is the
combination of PC, normalization and centering, it allowset standard procedure implemented in the R library, provided
optimal selection of PC for data projection and was therefore a similar classi cation performance as alternative seginn
suitable method to verify both, the applied data transformati  addition, using this setting the out-of-bag error remainatits
and results indicating that the data support a group structurelowest level of 27.77% starting from forests sizes of 2Jdstre
This analysis was performed using an R script provided with th@owever, forest sizes of 1,500 trees were used in furtheysesl
description of the PC-corr analysis [pccorrv2.R, https:Hgh.  As a measure against over tting, this random forest analygis

com/biomedical-cybernetics/PC-corr_nedd]. repeated on 1,000 di erent training and test data sets, ranigom
drawn from the original training data set.

Hypothesis Testing Aimed at Identi cation of Most Identi cation of the most relevant lipid mediators was based

Relevant Lipid Mediators on the mean decrease in classication accuracy, when the

Following identi cation of a hypothesis about which of respective feature was excluded from random forest building.
psychiatric diseases was associated with altered lipid mark€he extent of this decrease indicated the importance of the
concentrations, subsequent analysis aimed at identiozatdf particular feature in a single random forest run. Hence, rafte
the most relevant lipid mediators among tldeD 35 candidate each random forest analysis, the values for the mean decrease
features. Hence, dimension reduction or of feature sedacti in tree classi cation accuracy, when the feature was exdude
(40) procedures were implemented as usually conducted whefnom random forest analysis, were subsequently submitted to
a large number of candidate variables are present in order tcomputed ABC analysistg). This is a categorization technique
narrow the focus to the most relevant lipid mediators. Of notefor the selection of the most important subset among a larger s
this analytical step aimed at selecting a subset of theimgist of items. It was chosen since it tted the basic requiremenits
features without a transformation further to the simple nunioal ~ feature selection using ltering techniqueg(j. Thus, it easily
transformation based on the distribution of each individilipid  scales to very high-dimensional datasets, is computatipnall
marker. By contrast, feature extraction was not the nalget; simple and fast, and independent of the classi cation algaonith
i.e., transforming the existing features (lipid mediator gptea  ABC analysis aims to divide a set of data into three disjointed
concentrations taken at a single time point) into some dative subsets called “A;” “B,” and “C%0). Subset “A’ contains the most
variable with lower dimensions. This is not contradicted bypro table features %0, 51) and was therefore, chosen for classi er
the intermediate use of PCA, which can be used for featurestablishment. These calculations were done using our R gacka
extraction; however, in the present implementation, the P€saw “ABCanalysis” [http://cran.r-project.org/package=ABCaysid;
used to obtain the most informative lipid mediators but they(48)]. For each of the 1,000 runs using Monte-Carld5)
were not further used in subsequent analyses (see beloaturiee resampling to split the original data set into a training (2/3loé
selection was performed using (i) machine learning techegu data) and test (1/3 of the data) data set, the size and mendbers
implemented as random forests and (ii) by assessing the PCihe ABC set “A’ were retained. The nal size of the feature/sas
results for features that provided most relevant contribng for  equal to the most frequent size of the set “A’in the 1,000 ransl
data variance explanation. the nal members of the feature set were chosen in decreasing
Random forests4l, 42) is a method of supervised machine order of their appearance in the ABC set “A’” among the
learning ¢3) aimed at nding a mapping from inputs to output 1,000 runs.
y, given a labeled set of input-output paits D , composed of Applying the most suitable PCA parameter settings as
class assignmens Y D N comprising diagnoses or groups identi ed by means of PC-corr analysis, PCA was used for featu
of diagnoses, and of valu@s X comprising thed features, selection. Speci cally, features were analyzed with respéaciw
respectively plasma concentrations of lipid mediators, aegui much of the variance of a given PC was explained by the original
from n > 0 cases (subjects). Random forests is a method efriable. This was obtained by calculating Pearson's lativa
ensemble learning and creates sets of dierent, uncorrdlate (52 and taking the square? of the correlation coe cient
and often very simple decision trees with conditions of feasu between the variable and the PC. Subsequently, valués\afre
shown as vertices and classes as leaves. The splits of tiregeatsubmitted to ABC analysis as described above. Again, For each
are random and the classi er relates to the majority vote forof 1,000 runs using Monte-Carlo4f) resampling to split the
class membership provided by a large number of decision .treegriginal data set into a training (2/3 of the data) and test3(1
Random forest learning was performed following the concepof the data) data set, the size and members of the ABC set “A’
of a nested cross-validation analysi&4)( Specically, using were retained. The nal size of the feature set was equal ¢o th
Monte-Carlo @5 resampling, the original data set was splitmost frequent size of the set “A’ in the 1,000 runs, and thel na
into a training (2/3 of the data) and test (1/3 of the data) alat members of the feature set were chosen in decreasing order of
set, using the R library “sampling” [https://cran.r-projexg/  their appearance in the ABC set “A’ among the 1,000 runs.
package=sampling#¢)]. Subsequently, random forest analysis Following the identi cation of lipid markers relevant to the
was performed using randomly drawn sub-samples from thg@roup structure among lipid mediator plasma concentrations
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that had emerged from data structure detection analysisrduri analytical steps, to the output space, given by the classes ethtain
hypothesis generation, the sets obtained by either randoasts  during hypothesis generation, was performed. The mapping was
or PCA, followed by computed ABC analysis, were comparedddressed by random forests classi er building applied on the
A nal set was created from the set intersection as this waseriginal data set and on a negative control data set obtained
considered to comprise lipid markers that by two independenby random permutation of the lipid mediator concentration
methods had emerged as most relevant in the present context. pattern in the respective training data subsets. The expectati
The selected lipid mediators were assessed with respectwas to observe a prediction of the subjects’ class membeltship t
their utility for class assignment, i.e., to correctly ptdii erent  was better when using the original lipid mediator concertat
groups of patients as established in the hypothesis generatigattern than when using the permuted patterns, which should
step of the analysis. Therefore, a mapping of the input spacprovide a classi cation performance not superior to guessing.
given by the selected features prepared during the precedeint addition, the procedure was repeated with randomly chosen
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FIGURE 1 | Plasma concentrations ofd D 35 lipid mediators (raw data). The data are shown in alphabieal order of lipid mediator names and for each mediator,
separately for group membership to the ve diagnoses (coded a A to E for depression, bipolar disorder, ADHD, dementia, atontrols, respectively). The widths of the
boxes are proportional to the respective numbers of subjeat per group. The quartiles and medians (solid horizontal Enwithin the box) are used to construct a “box
and whisker” plot. Single data are shown as dots. The whiskeradd 1.5 times the interquartile range (IQR) to the 75th perctile or subtract 1.5 times the IQR from
the 25th percentile and are expected to include 99.3% of the dta if normally distributed. The gure has been created usinghe R software package [version 3.4.4 for
Linux; http://CRAN.R-project.org/; (L3)].
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FIGURE 2 | Data structure found obtained by means of Ward clusteringZ¢) of the data space ofd D 35 plasma lipid mediator concentrations acquired im D 94
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adjacent matrix plot displaying the transformed concentréions of d D 35 lipid mediators (columns) acquired fronrn D 94 subjects (rows) with color coding for the
scaled data. (B) Silhouette plots §0) for 2 or 3 clusters, which indicate how near each sample is tids own relative to the neighboring clusters. Positive vaéis indicate
that the sample is away from the neighboring clusters whileegative values indicate that those samples might have beensaigned to the wrong cluster because they
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FIGURE 2 | are closer to neighboring than to their own cluster. The lowithouette coef cients of 0.11 or 0.13, however, indicate a wek cluster structure.(C) The
optimal cluster number was identi ed based on cluster stabity criteria assessed using the progeny algorithm2({7, 30). The optimal cluster number was chosen based
on the two criteria: “greatest score” and “greatest gap”(C) top and bottom, respectively, which both indicated three alisters. The error bars indicate standard
deviations calculated from 10 runs of the progeny algorithm(D) Mosaic of the contingency table between diagnosis groups (a@linate) and clusters (abscissa). The
size of the cells is proportional to the number of subjects itluded. (E) Association plot visualizing the residuals of an independee model for the diagnosis vs.
clusters contingency table ¢1). Each cell of the contingency table is represented by a reahgle that has (signed) height proportional to the signed adribution to
Pearson's $ for the cell and width proportional to the square root of expeted counts corresponding to the cell. Hence, the area of eah box is proportional to the
difference in observed and expected frequencies. The rectayles in each row are positioned relative to a baseline inditing independence, i.e., if the observed
frequency of a cell is greater than the expected one, the boxises above the baseline, and falls below otherwise. Each dimosis (lines) is plotted vs. the Ward derived
clusters (columns) as a result of a contingency table analis indicating the relative representations of each clustén across the tree nodes. The Pearson residuals are
colored according to a perceptually uniform Hue-Chroma-Lminance (HCL) given at the right margin of the associationql (62). The gure has been created using the
R software package [version 3.4.4 for Linux; http://CRAN.Rproject.org/; (13)]. Speci cally, for drawing the silhouette plots, the R litary “cluster” was used [https://
cran.r-project.org/package=cluster; ©£3)] and, tree and association plots were drawn using the R padge “vcd” [https://cran.r-project.org/package=vcd; (37)]
including the “strucplot” framework 87) and residual-based shadings6), and the results of progeny cluster number detection are #ngraphical output of the R library
“progenyClust” [https://cran.r-project.org/package=progenyClust; 30)].

sets of lipid mediators that were not selected as best suitexhe or multiple other arti cial neurons. In the present analgse
for classi cation in the preceding analytical steps, with thea multilayer perceptron was used with a number of input
expectation that this selection provided a poorer classiaati neurons equaling the number of lipid mediators selected miyiri
performance than when using the selected features. Furtbieym the feature selection step, three hidden layers composed of 35
the procedure was run again with the full set@f 35 lipid neurons, and the output layer comprising as many neurons
mediators to further establish that the best suited featurad as classes the output space of the analyses. The number of
been selected for the reduced set. neurons in the hidden layers was determined during exhaasti

As random forests had been used for feature selectiomssessments of perceptrons with one to three hidden layers
which could have provided sets of lipid mediators only suitedsized between two neurons each and the maximum number
for class assignment when this particular method was usedf lipid mediators included. Standard back propagation was
analyses of the classi cation performance were repeatedjusimised for the learning function. The analyses were done using
further methods of supervised machine-learning comprising kthe R library RNNS [https://cran.r-project.org/package=RSNNS
nearest neighbors (KNN)20), support vector machines (SVM) (57)]. Finally, naive Bayesian classi ers were used that provide
(53, multilayer perceptronss4), and naive Bayesian classi ers.the probability that a data point being assigned to a specic
This provided di erent types of classiers. Speci cally, while class calculated by application of the Bayes' theoréfh (The
random forests confers a decision tree based ensembldrgarn calculations were done using the R package “klaR” [https://
classi er, KNN provide a prototype based classier, supportcran.r-project.org/package=klaR5d)]. The performances of all
vector machines and multilayer perceptrons use supervisediassi ers were assessed using the test data set drawn up at
arti cial neuronal-network based classi ers, howevergdéntly  the start of the data analysis and comprised the calculation
constructed, and naive Bayesian classi ers represent pilidieto  of standard measures of test performance (e.g., sensitivity,
classi ers based on the Bays theorerd5( and including speci city, precision, positive and negative predictive vaJuel
independency assumptions. measure, balanced accuracy) as implemented in the R library

During kNN classi cation the entire labeled training da&ds “caret” [https://cran.r-project.org/package=caret]. In ddiibn,
is stored while a test case is placed in the feature space in tf@ the area under the ROC curve (AUC-ROC) and the area
vicinity of the test cases at the smallest high dimensioiséadce. under the precision-recall curve (AUPRC) were calculated for
The test case receives the class label according to theityajoithe results obtained with the selected lipid mediators and th
vote of the class labels of thetraining cases in its vicinity. original data, using the R libraries “pROC” [Robin X, https://
In the present implementation, the size bfwas established in cran.r-project.org/package=pROGY].
resampling experiments, and considering the small groupisize
Lh;ncohort, withk set ‘fit 3. These"calculatlc.)ns. were per.formechE SULTS

g the R package “KernelKnn” [Mouselimis L, https://cran.

r-project.org/package=KernelKnn]. Support vector machires a

supervised learning methods that classify data mainly based were available fronm D 94 subjects with the clinical diagnoses

geqmetrlcal' a}nd statistical approaches employed for nding ar(]jepressiom( D20), bipolar disorderif D 20), ADHD (n D 12),

optimal decision surface (hyper-plane) that can separate tkee da .
. . _ ~ “dementia ( D 16), or healthyij D 26).

points of one class from those belonging to another classén th

high-dimensional feature spacgd). These analyses were done . . .

using the R library “kernlab” [https://cran.r-project.omgckage= HypOtheS!S Generathn Usmg )

kernlab; 66)]. Unsupervised Analysis of Lipid Mediator
Furthermore, a perceptron5¢) was built from articial Patterns

neurons that are provided with several input channels, @\pplying the progeny algorithm 47), three clusters were
processing level, and an output level that connects a neuron fgenti ed as the most stable solution of hierarchical clustg

Plasma concentrations al D 35 lipid mediators Figure 1)
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of the lipid mediator plasma concentration pattern observeccompared to its neighboring numbersPY). The diagnostic

in the 94 subjectsHigure 2). This result was based on both, groups were unequally distributed among clusters (Peafsdn
the “greatest score” criterion (i.e., the most stable elisy D 22.843, dD 8, p D 0.00357). Nevertheless, the distribution
solution as detailed out in the methods section) and theof diagnoses often agreed with the expectation from a random
“greatest gap” criterion (i.e., the criterion that seletts tluster distribution (Figure 2). The only signi cant deviation from this
number that renders the greatest di erence in stability ®cor expectation was observed with the diagnosis of dementia that w

FIGURE 3 | Data structure found obtained by means of SOM based clustenyg of the data space ofd D 35 plasma lipid mediator concentrations acquired im D 94
subjects. (A) 3-dimensional display of the U-matrix visualization of diance based structures of the lipid mediator plasma conceration pattern (transformed and age
corrected data rescaled to a range of [0,...,100]) observed im D 94 subjects. The gure has been obtained using a projection othe data points onto a toroid grid of
4,000 neurons where opposite edges are connected. The dotsridicate the so-called “best matching units” (BMUs) of the sit-organizing map (SOM), which are those|
neurons whose weight vector is most like the input. A single@uron can be the BMU for more than one data point or subject, hece, the number of BMUs may not be
equal to the number of acquired measurements. The U-Matrix @as colored as a geographical map with brown (up to snow-covezd) heights and green valleys with
blue lakes. Valleys indicate clusters and watersheds indite borderlines between different clusters. The BMUs are dored according to the two clusters identi ed on
the basis. (B) Top view of the same U matrix,(C) Top view of the same matrix with BMUs color coded for the diagasis groups. This indicates that the small cluster
separated from the other data by a circular “mountain ridgetontained in particular patients with dementia(D) Silhouette plot §0) for the 2 cluster solution. Positive
values indicate that the sample is away from the neighboringlusters while negative values indicate that those samplesight have been assigned to the wrong cluster
because they are closer to neighboring than to their own clusr. The silhouette coef cient of 0.22 indicates better cluger sedation than observed with the Ward based
clusters Figure 2). (E) Mosaic of the contingency table between diagnosis groups (alinate) and clusters (abscissa). The size of the cells asqportional to the
number of subjects included.(F) Association plot visualizing the residuals of an independee model for the diagnosis vs. clusters contingency table5(l). Each cell of
the contingency table is represented by a rectangle that hagsigned) height proportional to the signed contribution t®earson's $2 for the cell and width proportional
to the square root of expected counts corresponding to the cdl. Hence, the area of each box is proportional to the differ&ce in observed and expected frequencies.
The rectangles in each row are positioned relative to a basek indicating independence, i.e., if the observed frequey of a cell is greater than the expected one, the
box rises above the baseline, and falls below otherwise. E&cdiagnosis (lines) is plotted vs. the Ward derived clustergolumns) as a result of a contingency table
analysis, indicating the relative representations of eaatiuster in across the tree nodes. The Pearson residuals areotored according to a perceptually uniform
Hue-Chroma-Luminance (HCL) given at the right margin of thassociation plot £2). The gure has been created using the R software package [veion 3.4.4 for
Linux; http://CRAN.R-project.org/; (L3)]. Speci cally, the U matrix was drawn using our R package “Uratrix” [https://cran.r-project.org/package=Umatrix; ¢5)], for
drawing the silhouette plots, the R library “cluster” was usd [https://cran.r-project.org/package=cluster; 3)] and tree and association plots were drawn using the R
package “vcd” [https://cran.r-project.org/package=vcd; (37)] including the “strucplot” framework §7) and residual-based shadings%6).
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with the diagnosis of dementia display a lipid plasma mediator
pattern that diers from that of all other included patients
or controls.

Results of unsupervised data analysis aimed at hypothesis
generation, thus consistently indicated that of the ve diagtic
groups, lipid mediator plasma concentration patterns in patent
with dementia di ered from those found in any other enrolled
group of subjects. Applying the PC-corr algorithm to the
back-transformed data, i.e., to the antilog or reciprocals o
the transformed, outlier curated and age corrected data,
suggested a non-centered PCA and log transformation of
the data Supplementary Table L This produced a signi cant
segregation of the patients with dementia from other sulgject
along the rst dimension (PC1). Indeed, the sample segregatio
along PC1 hagb-value< 0.001, AUC-ROC of 0.84, AUC-PR of
0.77, and explained 99% of the varian&gg(re 4). Hence, log
transformation of most of the data, as it had resulted frontada
exploration during the preprocessing step, was supported by the
results of the PC-corr analysis.

Based on these results the hypothesis was generated that lipid
mediator concentration patterns di er between patients with
dementia and all other subjects enrolled in this stuBig(re 5).
Subsequent data analyses were designed accordingly.

FIGURE 4 | Data structure found in the input space ofd D 35 lipid mediator
plasma concentration acquired from patients with dementigyellow dots) or
from patients with either bipolar disorder, depression, ABD, or enrolled as
healthy controls (blue dots). The data structure has been dhined by means of
principal component analysis on the log-transformed data s.suggested by
the results of the PC-corr analysis39). The PCA plot associated to this
analysis shows the sample separation in the rst and second component (PC1
vs. PC2) as explaining most of the variance in the data. In adébn, the

Identi cation of Most Relevant Lipid

Mediators

For the 1,000 runs of random forest building followed by ABC
analysis of the feature importance measure, i.e., of the mean
decrease in classi cation accuracy when the lipid mediatas w

group-wise marginal distributions of the data are shown. Té gure has been
created using the R software package [version 3.4.4 for Liny http://CRAN.R-
project.org/; (13)] and the library “ggplot2” [https://cran.r-project.org/

omitted from forest building, the ABC set “A’ had sizes of
4-12 items. The most frequent size |{ABC set B}|8 lipid
mediators, i.e., the most pro table items from the set of cialade

package=ggplot2; 65)].

features Figure 6), was chosen for further analysis. The eight
lipid mediators that during the 1,000 runs have been most
frequently members of ABC set “A’ comprised GluCerC16:0,
Cer24:0, Cer20:0, sphingosine-1-phosphate, Cer16:0, Cer24:1
signi cantly overrepresented in cluster #3. Thus, resuftédard  C16 sphinganine, and LacCerC16:0. Applying the parameters
clustering suggested that patients with the diagnosis ofetdia identied by the PC-corr analysis to the PCA, a signi cant
display a lipid plasma mediator pattern that di ers from that of segregation of sample emerged along the rst dimension (PC1)
all other included patients and controls. that explained 99% of the variance. Hence, the main criterion
A trained self-organizing map of the Kohonen type wasof feature importance was chosen to be the squared Pearson
obtained with the U-matrix providing a visible separation of acorrelation coe cient of the lipid maker concentration dataith
small cluster from most of the neuron&igure 3). Speci cally, the loadings on the rst principal component. For the 1,000 runs
using the topographical map analogy a circular mountain rangef PCA followed by ABC analysis of this feature importance
was visible that surrounded a “valley,” which indicates theneasure, the ABC set “A’ had sizes of 9-15 items. The most
emergence of two clusters in the dat&l), Superimposing onto frequent size [{ABC set AP 13 lipid mediators, i.e., the most
the cluster structure the class labeling into diagnostiougs pro table items from the set of candidate featurdsigure 6),
indicated the separate small cluster was mainly populated byas chosen for further analysis. The 13 lipid mediators that
patients with dementia, whereas the data structure did ngber ~ during the 1,000 runs have been most frequently members
coincide with the structure of the diagnoses groups. Indeed)f ABC set “A’ comprised Cerl6:0, GluCerC18:0, Cer20:0,
although the diagnostic groups were unequally distributedCer24:1, GluCerC24:1, Cer24:0, Cerl8:0, GluCerC16:0, C16
among the two clusters (Pears83 D 32.99, dD 8,pD 1.2 sphinganine, LacCerC18:0, C24 sphinganine, GluCerC18d1, an
10 ©), the distribution of diagnoses agreed with the expectationLacCerC16:0. From these results, a nal set of lipid mediators
from a random distribution except for the diagnosis of demiant relevant for the generated hypothesis was created from the se
that was signi cantly overrepresented in cluster #gure 3).  intersection of the random forests and PCA derived features
Thus, results of SOM-based clustering suggested that patiergssigned by ABC analyses to set “A’ that contains the most
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FIGURE 5 | Plasma concentrations ofd D 35 lipid mediators (transformed and age corrected data) aagjred from patients with dementia (yellow) or from patientaith
either bipolar disorder, depression ADHD or enrolled as hdihy controls (gray). The data are shown in alphabetical oed of lipid mediator names and for each mediator,
separately for group membership to either or not the diagnds of dementia (dementiaD 1, others D 0). The widths of the boxes are proportional to the respecti
numbers of subjects per group. The quartiles and medians (diwl horizontal line within the box) are used to construct a ‘tx and whisker” plot. Single data are shown
as dots. The whiskers add 1.5 times the interquartile rangd @QR) to the 75th percentile or subtract 1.5 times the IQR from #125th percentile and are expected to
include 99.3% of the data if normally distributed. The gure ks been created using the R software package [version 3.4.5f Linux; http://CRAN.R-project.org/; (L3)].

relevant items of a set. This intersection comprised> 7 mediators. All sets of mediators were trained (i) with thégamal
markers, i.e., GluCerC16:0, Cer24:0, Cer20:0, Cerl6r24Qe data and (ii) with data in which the lipid mediator concentias
C16 sphinganine, and LacCerC16:0. had been randomly permuted along the subjects, i.e., disrgptin
Validation of the suitability of the selected lipid mediatawas the association between lipid mediator and class label.
performed using ve di erent methods comprising (i) random  Acrossthese3 5 2 validation scenario (three data sets, ve
forests, (ii) k nearest neighbors (kNN), (iii) support vectoralgorithms, original/permuted data), it was consistently ridu
machines, (iv) multilayer perceptrons, and (v) naive Bayesiathat when using the selected feature set of lipid mediatdevesnt
classi ers. They were applied on (i) the set of most relevamidli to the present classi cation problem into subjects with derti@n
mediators applied to the original data, (i) equally sizedss#t vs. other subjects enrolled in this study, the performance
lipid mediators randomly chosen from those not included ireth in correct class assignment was similar or sometimes better
set of most relevant mediators, and (iii) the full setldd 35 lipid  to that obtained with the full feature set. The performance
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FIGURE 6 | Feature selection based on random forests analysis folloveeby computed ABC analysis, for the diagnosis of dementia thawas consistently identi ed to
display a lipid mediator plasma concentration pattern thadliffered from that of the other subjects.(A) Display of the mean decrease in classi cation accuracy whenhte
respective feature (lipid mediator concentration) is exafled from the random forest analysis. The plot displays oneypical example out of the analyses of 1,000
bootstrap resampled data subsets.(B) Subsequent to random forest-based feature ranking, the mea decrease in accuracy associated with each item was submigd
to computed ABC analysis, which is an item selection procedte aiming at identi cation of most pro table items from a large list of items. The ABC plot (blue line)
shows the cumulative distribution function of the mean de@ases in accuracy, along with the identity distributiong; D constant (magenta line), i.e., each feature
contributes similarly to the classi cation accuracy [for frtther details about computed ABC analysis, see4@8)]. The red lines indicate the borders between ABC sets
“A,” “B,” and “C.” Only set “A” containing the most pro table tems was selected as the diagnosis-relevant subsets(C) Bar plot of the number of lipid mediators found
in ABC set A during the 1,000 runs.(D) Bar plot of the features' importance in descending order oftieir appearance in ABC set “A” during the 1,000 runs. As set “A
had most frequently a sized D 8, the eighth features (blue bars) found most frequently ine$ “A” were selected as the most relevant lipid mediators fothe diagnosis of
dementia in this model. The gure has been created using the Raftware package [version 3.4.4 for Linux; http://CRAN.R-poject.org/; (13)] and our R package
“ABCanalysis” [http://cran.r-project.org/package=ABCanalysis; ¢8)].

measures are shown ifable 2 the mean areas under the ROC contrast, when training the algorithms with randomly perredt
curves were 0.78, 0.77, 0.8, 0.8, and 0.8 obtained with nrandadata, the class association was not better than by ipping a,coi
forests, k-nearest neighbors, support vector machines,jleydtr i.e., was obtained at a mean balanced accuracy of around 50%.
perceptrons, and naive Bayesian classi ers, respectivelingdur

the 1,000 iterations with randomly resampled disjoint tragi D|SCUSSION

and test data subsets. An example is showrFigure 7. The

performance measures were substantially better than thogerole of lipids and lipid mediators, i.e., bioactive lipid moldes
obtained when used similarly sized sets of lipid mediatomseim  involved in di erent biological signaling eventd)( has already
among those that had not passed the feature selection step. Bgen shown for several diseases; however, a possible etiguoita
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Indeed, data exploration was used with its goal of generatingementia using seven lipid mediators, all belonging to thaugr
promising leads that can be pursued in the present data sef sphingolipids.
comprising lipid mediator plasma concentrations acquirediro
a small sample of patients with di erent psychiatric diagnoseC ONCLUSIONS
or controls. Following data transformation and applicatioh o
unsupervised and supervised methods of data exploration andim of this study was the creation of a (complex) biomarker
modeling, a hypothesis could be obtained that pointed at p&tien for the di erentiation of a psychiatric disease within a group o
with dementia as a group of psychiatric patients that displaypatients with di erent psychiatric diseases namely depression,
the most distinct lipid mediator plasma concentration patternbipolar disorder, attention-de cit hyperactivity disordemr
among a mixed cohort of healthy subjects and patients witldementia and a control group. No concrete hypothesis like a
depression, bipolar disorder or ADHD. Although the presentsingle metabolic pathway was taken as basis for the selection
data set was small and with diagnostic accuracies of onigf analytes but a broad range of 41 lipid mediators and other
close to 80% a useful biomarker was not obtained, resultmetabolites was analyzed. Using a data-science based approach
nevertheless encourage further research on a plasma lipibe identi cation of patients diagnosed with dementia in the
mediator concentration-based complex biomarker for dengent examined group by a complex biomarker including seven lipid
Whether others of the included psychiatric diseases alggalis mediators was possible. Because of the limited number of gatien
distinct lipid mediator patterns is discouraged by the presenfurther investigations including higher numbers of parfiaints
results, however, considering the small sample size thisatannas well as an age-matched control group are necessary.
be excluded. For dementia, among 35 candidate lipid medsator
a subset of seven lipid mediators provided a better diagnostisUTHOR CONTRIBUTIONS
performance than similarly sized sets of randomly chosen
lipid mediators. AR and GG conceived and designed the experiments. SE, DP,
In the present study, a targeted approach to quantify lipidand AR conducted the clinical part of the study and collected
mediators was chosen because it was expected to provide a mbteod. RG, DT, and SF processed the samples and assayed
robust numerical basis for testing of the possibility to depea  the lipid concentrations. RG performed data and preparation
lipid mediator based biomarker in psychiatric diseases than afor bioinformatics analysis. JL conceived, programmed, and
untargeted approach’( 6, 7). In addition, it was non-redundant performed the data analysis. RG, JL, and DP wrote the paper. GG
to previous untargeted approaches conducted for investigatinand AR discussed the manuscript. All authors have approved the
lipid proles in dementia/Alzheimers diseasel( 11), nal version of the manuscript.
depression 12), and bipolar disorder 12). In these studies
lipids of several dierent classes were investigated incdgdi FUNDING
lysophosphatidylcholine, lysophosphatidylethanolamine,
phosphatidylcholine, phosphatidylethanolamine, phosphatidhis work has been funded by the Landeso ensive zur
ylinositols, sphingomyelins, diacylglycerol, and trigtyterol Entwicklung wissenschaftlich—okonomischer Exzellenz
but not covering the group of lipid mediators present in (LOEWE), LOEWE-Zentrum fur Translationale Medizin und
lower concentrations. Alterations in the lipid metabolisnere Pharmakologie and by the German Research Association (DFG)
found in dementia/Alzheimer's disease, depression and hipol SFB 1039/Z01. The funders had no role in study design, data
disorder, supporting lipidomics as a reasonable, and promisingollection and analysis, decision to publish, or preparatiornef t
approach to biomarker creation for neurological disordersmanuscript.
However, a nal biomarker composition was not provided while
several lipids were suggested to merit further studies. Agtbe SUPPLEMENTARY MATERIAL
rarer targeted approaches to the detection of lipid mediators i
neuropsychiatric patients is a report of an altered sphingolipidrhe Supplementary Material for this article can be found
metabolism in Alzheimers diseas@(), which is consistent online at: https://www.frontiersin.org/articles/10.388syt.
to the present results that suggest identifying patients wit2019.00041/full#supplementary-material
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