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ABSTRACT: Advancements in molecular separations coupled with mass spectrometry have enabled metabolome analyses for 
clinical cohorts. A population of interest for metabolome profiling are patients with rare disease for which abnormal metabolic 
signatures may yield clues into the genetic basis, as well as mechanistic drivers of the disease and possible treatment options. We 
undertook the metabolome profiling of a large cohort of patients with mysterious conditions characterized through the Undiagnosed 
Diseases Network (UDN). Due to the size and enrollment procedures, collection of the metabolomes for UDN patients took place 
over two years. We describe the study design to adjust for measurements collected over a long time-scale and how this enabled 
statistical analyses to summarize the metabolome of individual patients. We demonstrate the removal of time-based batch effects, 
overall statistical characteristics of the UDN population, and two case-studies of interest that demonstrate the utility of metabolome 
profiling for rare diseases.

Untargeted metabolomic and lipidomic analyses offer a 
methodology to capture a global view of the physiologic state 
of an individual. The metabolome, which includes both 
metabolites and lipids, is responsive to multiple factors such as 
genetics, environmental exposures, lifestyle, and disease. Thus, 
the metabolome is a highly informative source of information 
to understand the drivers of metabolic diseases1-3. The 
application and impacts of global metabolome profiling of 
study populations with common conditions such as type 2 
diabetes, heart disease, as well as rare diseases, have 
demonstrated important findings4-8. Rare and undiagnosed 
diseases are particularly challenging because in these cases the 
phenotype being evaluated is typically limited to only one or a 
few patients, which does not allow for a balanced study design. 
Gaining insight into underlying mechanisms driving disease in 
undiagnosed patients can offer clues for diagnosis and care, but 
requires analyses of single samples, or “n of 1 studies”9. 

The Undiagnosed Diseases Network (UDN) offers a unique 
challenge, where multiple biofluids, such as urine and blood 
plasma, are collected from many patients with mysterious 
illnesses10. These patients live with symptoms for which their 
healthcare providers are unable to identify the cause through 
standard metabolic screening11, 12. Thus, a global metabolome 
profiling of these patients may yield new clues to aide 
healthcare providers in treatment options.  However, there are 
two core challenges that need to be addressed to successfully 
perform metabolome profiling of the UDN population. The first 
challenge is scale and time. The metabolome profiling will take 
place over the course of years as patient samples are collected, 
which can introduce batch effects due to instrument drift13-15. 
The second issue is inferring metabolome changes in a single 
patient with a unique phenotype. A healthy normal reference 

population of adequate size is needed to enable statistical 
analysis and identify specific metabolites or lipids of abnormal 
abundance for an individual patient. Since samples are collected 
and sent for metabolome profiling dynamically as patients are 
enrolled, the statistical analysis must be able to yield reliable 
results across a broad time scale without regeneration of a 
reference profile.

Here we establish a strategy for collecting and statistically 
analyzing metabolomics data from UDN samples under the 
scenario of single sample statistics. We utilize a standard 
analytical process to address the batch-effect normalization via 
incorporation of quality control samples (QC)13, 14. Within this 
context we studied the utilization of different QC sample types 
to determine if there are significant differences between using a 
sample pooled from many individual study samples versus a 
National Institutes of Standards and Technology (NIST) QC 
sample for plasma-based analyses16. In addition to the 
utilization of QC samples to enable normalization, our 
metabolome processing incorporated a reference of healthy 
individuals in the first batch of analyses specifically to establish 
ranges of normal metabolite and lipid abundance values and 
enable statistical inference of UDN patients. The analytical 
process employed is a demonstration of a platform for 
individual patient metabolome profiling from studies when 
samples are collected ad hoc rather than collected as a single set 
for experimental analysis. The methodology is utilized 
successfully on multiple sample types, including plasma, urine 
and cerebral spinal fluid (CSF).
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METHODS

Metabolome profiling of the UDN participants described 
here was performed on urine metabolites, plasma lipids and 
CSF lipids. To enable statistical analysis of the UDN 
participants, two additional sample types were included in the 
experimental design: 1) QC samples to enable normalization 
addressing batch effects and 2) a reference normal healthy 
control background population to identify specific metabolites 
or lipids that show statistically significant variation, Figure 1. 
There were 281 UDN samples consisting of 148 patients that 
suffer from unknown diseases (probands) and 133 relatives of 
the probands. Not all of the 281 participants had adequate 
collection for all sample types and the total number of QC 
samples and reference samples varied according to 
experimental platform and sample types (Table 1). 

Table 1. Number of analytic runs associated with each 
sample type

UDN Reference QC
Metabolites 220 (232a) 102 127 (pool)
Plasma Lipids 273 (296a) 136 162 (NIST)
CSF Lipids 6 149 64 (pool)

aTotal instrument runs, some samples were either 
evaluated multiple times for data reproducibility or had 
draws at multiple time points.

UDN Samples
The 281 UDN samples were collected at six different 

clinical sites within the UDN. Since each sample will be 
compared to the healthy reference population for statistical 
analysis all UDN participates were treated as cases as many 
were identified to have common genetic disease markers as 
their proband relative. Blood samples for plasma were collected 
in one 10 ml purple top EDTA Vacutainer tube that was 
centrifuged at 2500 RPM (1-1.3 x 103g) for 10 minutes at 4C.  
Three 0.05 ml aliquots were frozen for metabolomics analysis.  
Urine samples were requested to be the first morning void and 
were collected in a polypropylene container and centrifuged 
100 x g for 5 minutes at 4C to remove any cells and 
particulates. Three 0.1 ml aliquots (in Sarstedt Biosphere® SC 
Micro 0.5ml Tubes) were frozen and saved for metabolomics 
analysis. CSF was collected by lumbar puncture in the L3/L4 or 
the L4/L5 inter-space, and three 0.2 ml aliquots were frozen for 
metabolomics analysis. The samples were shipped to the Pacific 

Figure 1: The overall workflow of the UDN sample processing is defined by three core steps.  (1) The collection of the normalized 
reference metabolome dataset for which all probands and associated relatives can be assessed against.  (2) Metabolome 
profiling of a batch of UDN patients utilizing the same quality control samples as the reference dataset to enable normalization.  
For both (1) and (2) quality control processing to identify outlier samples using robust Mahalanobis distance Panomic 
Abundance Vectors (rMd-PAV) and Quality Control-based Robust LOESS Signal Correction (QC-RLSC) for normalization are 
required to attain high quality normalized data for statistical analysis.  (3) Statistical comparison of all samples in a batch to the 
reference data collected in (1).  Steps (2) and (3) are repeated as each new UDN batch is collected.
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Northwest National Laboratory (PNNL) in dry ice and stored at 
-70˚C. Samples were collected and shipped to PNNL across a 
broad time period, ranging from September 2016 to October 
2018 for metabolomics and lipidomics analyses.
Reference Samples

To enable statistics, a separate set of samples that consisted 
of similar ethnic, gender and age characteristics to the UDN 
samples were also evaluated in addition to the 281 UDN 
samples.  The numbers of reference samples were selected 
based on a power analysis assuming a t-test, a type one error 
rate of 0.05, a 2-fold detectable change and power set to 0.8 on 
exemplar data available in-house. Based on the power analysis 
102 samples from this reference population were analyzed for 
the urinary metabolome and 136 for the plasma lipids. 
Supplemental Figure 1 gives the detailed simulated power 
curves. Exemplar data was not available for CSF; however, 
given the power analysis for the urine and plasma the CSF 
analysis proceeded using all 149 available samples. The data for 
this reference population in all cases was collected in the first 
batch of the experiment. 

The reference population for adult plasma and urine 
included samples collected from the Oregon Clinical & 
Translational Research Institute, Clinical and Translational 
Research Center, Research Volunteer Registry. The adult CSF 
samples were provided by the Oregon Health & Science 
University Layton Aging and Alzheimer’s Research Center 
Biorepository and BioIVT. Juvenile CSF came from the Mayo 
Clinic, Clinical Biochemical Genetics Laboratory. Juvenile 
plasma and urine samples were provided by the Vanderbilt 
University Medical Center. The urine samples were split about 
54% female and 47% male with ages ranging from less than 6 
months to over the age of 60.  The plasma samples were split 
about 49% female and 51% male with ages ranging from less 
than 2 years to over the age of 60.  Lastly, the CSF was 53% 
female and 47% male covering the full age range from less than 
6 months to over the age of 60.
Quality Control Samples and Batching

As was previously indicated, UDN samples were sent for 
analyses across approximately two years. Thus, the analyses 
required data collection in batches. For plasma lipidomics, there 
were 15 distinct batches of samples for which liquid 
chromatography tandem mass spectrometry (LC-MS/MS) 
analyses were performed. For urinary metabolomics, there were 
12 batches of samples analyzed by gas chromatography-mass 
spectrometry (GC-MS).  CSF only consisted of one batch due 
to a limited number of samples. Analytical processing over a 
long-time window with multiple batches is known to introduce 
batch effects.  A standard approach to manage this issue is to 

utilize the same QC samples repeatedly over the analysis to 
perform normalization to remove these batch effects. All 
samples were batched and preparation and instrument analysis 
run orders were randomized based on age, sex, clinical site, and 
ethnicity (if available) prior to extraction. 

QC samples were placed between every 5 to 7 reference or 
UDN samples13, 14. Figure 2 gives the overall schema for the 
utilization of Blanks, QC samples, and a mixture of fatty acid 
methyl esters (FAMES) during either LC-MS/MS or GC-MS 
analysis. The blanks minimize carry-over, the FAMES enable 
retention time alignment between samples and the QC samples 
allow for QC-RLSC normalization across batches13, 14. 

For the urine metabolomics, the QC sample was a pool of 
the 102 reference samples, and for CSF lipidomics a pool of the 
149 reference samples (Table 1). For the plasma lipidomics the 
final QC used was the NIST SRM 1950, which is composed of 
plasma from 100 healthy individuals between 40-50 years old, 
of equal numbers of men and women and consists of a race 
distribution of the US population (QC-NIST). This was selected 
after comparison with the standard approach, which was a pool 
of the 136 reference samples (QC-POOL). The QC-NIST is a 
commercially available reference material (certified until year 
2023) and preferred due to the multi-year nature of this study 
and the limited quantity of reference sample plasma. For urine 
and CSF, as no similar reference material was commercially 
available, only the pooled QC samples from the reference 
population were used. 
Metabolome Generation

Single aliquots of plasma (50 µl), urine (100 µl), and CSF 
(200 µl) were thawed and extracted for analysis by MS.  
Metabolites and lipids were extracted from the same samples 
using the MPLEx method17.  To the urine 50 µl of GC-MS 
internal standards (malonic acid-d4, fructose 13C6, L-
tryptophan-d5, lysine-d4, alanine-d7, stearic acid-d35, benzoic 
acid-d5, octanoic acid-d15, octanoic acid-d15 at a final 
concentration of 1 μg/μL each) were added. For the plasma and 
CSF 10 µl of LC-MS internal standards (SPLASHTM 
Lipidomix® Mass Spec Standard, Avanti Polar Lipids, Inc.) 
were added. For CSF lipids, 10 µl of LC-MS internal standards 
((PC(17:0/14:1) at 1 μg/μL, LPC(19:0) at 0.01 μg/μL, and 
TG(17:0/17:1/17:0)-d5 at 0.01 μg/μL) were added.

Extracted metabolites were dried in vacuo and stored at -20 
C until analysis.  Chemical derivatization of metabolites 
followed previously published standard approaches18. 
Metabolites were analyzed with an Agilent 7890A GC coupled 
with a single quadrupole Mass Selective Detector 5975C. The 
GC-MS analysis was described previously18. Metabolite 
identification was performed using the Metabolite Detector 
software (Version 2.0.6 beta)19.

Extracted lipids were stored at -20°C in 2:1 
chloroform/methanol until LC-tandem MS (MS/MS) analysis. 
Prior to analysis, total lipid extracts (TLEs) were again dried in 
vacuo, and then plasma TLEs were reconstituted in 200 µl of 
methanol20 and CSF TLEs in 50 µl of methanol. LC-
electrospray ionization (ESI)-MS/MS analysis was performed 
with a Waters Acquity Ultra Performance LC H class system 
interfaced with a Velos-Electron Transfer Dissociation (ETD) 
Orbitrap mass spectrometer, operated in both positive and 
negative mode. Lipids were identified using the Lipid 
Quantification and Identification (LIQUID)21 software. All 
lipid identifications made using LIQUID were verified by 
manual evaluation of MS/MS spectra. Lipids data from both the 

Figure 2: The structure of blanks (X), FAMES (F) and QC 
(Q) samples distribution within a batch for (A) LC-MS 
analysis of the plasma and CSF lipids and (B) urine 
metabolomics. The QC sample placement is representative of 
the QC sample placement used for normalization for each 
sample type. Under the pilot project comparing the pooled 
and NIST-based QC samples they were placed adjacent to one 
another in the design.
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positive and negative mode are processed separately through 
subsequent statistical analysis.
Data Analysis

Normalization was performed on a per-batch basis using 
Quality Control Robust Loess Signal Correction (QC-RLSC)13, 

14. In this approach, a LOESS curve of first or second degree is 
fitted to the QC samples with respect to the order of injection 
for one feature at a time.  The LOESS curve is fitted using 
weighted least squares and smoothing and polynomial degree 
parameters optimized with leave-one-out cross-validation.  A 
feature-specific normalization curve for the entire batch is then 
interpolated using cubic splines from the fitted LOESS model 
and data for the respective feature (lipid or metabolite) is 
normalized to the estimated LOESS model. 

From the normalized data for each metabolite or lipid feature 
the statistical significance for a UDN proband or relative was 
computed as a standard z-score22 relative to the reference 
population. That is, the mean abundance for a specific 
metabolite or lipid for the reference samples was subtracted 
from the observed abundance for the UDN sample and lastly 
divided by the standard deviation of the reference samples. If a 
metabolite or lipid feature does not have adequate coverage it 
cannot be analyzed because each UDN proband and relative are 
being evaluated singly against the reference population. The 
presence or absence from one or the other group does not offer 
adequate information to assign statistical significance. Thus, all 
features that are not observed in at least 10% of the samples are 
removed.  For the urine metabolomics this reduced the number 
of metabolites from 128 to 116 and from 457 to 402 and 210 to 
152 for the plasma and CSF lipids, respectively. For the 
remainder of the features that included missing values these 
were ignored in the computation of the parameters from the 
reference population to compute the z-score.  The percent of 
missing data ranged for each dataset from about 4 to 8 percent. 

RESULTS AND DISCUSSION
The metabolome profiling of the UDN subjects required a 

design to adjust for measurements collected over a long time-
scale and enable statistical analyses to summarize the 
metabolome of an individual patient. We present results on the 
removal of time-based batch effects, statistical summaries of 
the UDN population, and several case-studies that demonstrate 
the impact of the metabolite and lipid profiles on several 
exemplar probands from the UDN.
Establishing QC for Reference Baseline

The choice of the QC sample for normalization purposes can 
affect the ability to both reduce variability and to profile the full 
identifiable metabolome14. In addition, the availability of the 
same QC sample throughout the entire experiment is necessary 
and ideally is a pool of the samples being analyzed. The 
combination of a large experiment and a sample of limited 
quantity, such as plasma, makes this a challenge and therefore 
the identification of a commercially available QC, such as the 
QC-NIST, is attractive. To determine the potential effect of the 
QC sample on the UDN data processing, two types of QC 
samples were analyzed in the initial batch of reference samples; 
QC-NIST and QC-POOL. In this first batch, 50 QC samples of 
each type were processed according to the schema in Figure 2 
where each (Q) in the figure has a QC-POOL and a QC-NIST 
adjacent for this first batch. 

Figure 3A shows the overall distribution of each of the 50 
QC-NIST and QC-POOL samples as a boxplot for the positive 
mode lipidomics data as returned from the first batch. The 
similarity of these two QCs was of interest. As previously 
mentioned, the QC-NIST is preferable because there is not 
enough plasma from individual samples to generate the QC-
POOL, which is the standard approach, for the full experimental 
design. From Figure 3A, they have very similar overall 
abundance profiles of the 342 lipids represented in this data. To 
determine if there was an appreciable difference between the 
QC types, we compared the average intensity of each lipid 
across the QC samples of each type. As seen in Figure 3B the 
abundances estimated for the two types of QCs are highly 
correlated, with a Pearson correlation of > 0.98. The QC-POOL 
samples are slightly higher in average abundance, but they also 
have higher variability in relation to the mean as measured by 
the coefficient of variation (CV), Figure 3C. The CVs for the 

Figure 3: The first batch of samples included both QC-NIST and 
QC-POOL samples that showed similar (A) abundance profiles 
visually, (B) average abundance per lipid, and (C) CVs per lipid. 
For the abundance and CV similarity is shown as the positive 
coefficient of correlation (R).

Page 4 of 10

ACS Paragon Plus Environment

Analytical Chemistry

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



QC-POOLs are statistically larger (p <2.4E-15; paired t-test); 
however, the median CVs are small, 1.06% and 1.26% for the 
QC-NIST and QC-POOL samples, respectively. The maximum 
CV was also similar, 11.16% and 10.52%, respectively, for the 
QC-NIST and QC-POOL samples. The negative mode 
lipidomics data yielded similar results, with a correlation of 
0.95 for the mean intensity and 0.96 for the CVs. Again, the 
average CVs for the QC-NIST are significantly smaller (p < 
5.8E-4), with a median of 2.23% and 2.29% for the QC-NIST 
and QC-POOL, respectively. The lower CV values for the NIST 
could be due to many factors, such as sample preparation or the 
underlying sample population. However, given the similarity of 
the abundance and variability profiles the QC-NIST samples are 
utilized for the full plasma-based lipid analysis.
Normalization

A major challenge with multi-batch metabolomics studies is 
data normalization13-15. The collection of the metabolomics and 
lipidomics data for all UDN samples spanned nearly two years. 
The samples were processed in batches (B), but the QC-RLSC 
normalization approach allowed data from UDN samples to be 
processed throughout the study rather than only at the end. The 
plasma data were collected in 15 batches, denoted as B1-B15 in 
Figure 4. The urine samples were analyzed over 12 batches, 
and the CSF data was limited to only 1. All data were subjected 
to sample-level quality assurance23 processing prior to 
normalization. Any sample identified as having a potential 

quality issue was followed up with manual inspection. For both 
the lipid and metabolite measurements, QC-RLSC-based 
normalization13 was utilized to adjust for instrument drift. 
Subsequently total abundance adjustments were made with 
standard median based centering within each sample.

Figure 4 shows an example of the pre- and post-
normalization batch effects visualized through a Principal 
Components Analysis (PCA) plot of the plasma log2-
transformed lipidomics data collected in negative mode. Similar 
effects are observed for the lipidomics data collected in positive 
mode and the urinary metabolomics data. Multiple CSF projects 
were not possible; however, the inclusion of the QC samples 
allows later evaluation and comparison of more CSF samples. 
In Figure 4 there is a clear separation on the first and second 
principal components based on when the samples were 
processed. Figure 4A and Figure 4B show the PCA plot of the 
QC samples pre- and post- normalization. As expected after 
normalization the QC samples are in a tight cluster in the center 
of the PCA plot.  Figure 4C and Figure 4D show the pre- and 
post-normalization for the UDN samples with the reference 
samples used to compute the z-score highlighted as well.  Again 
prior to normalization there is a clear separation by time and 
batch effects are visible as well as the reference samples 
clustering with the first batch of UDN samples, with which they 
were collected. After normalization there is no clear visible 
batch-effect observed and the reference samples now separate 

Figure 4: Pre- and post-normalization PCA plot shows dramatic decrease in batch effects on the (A) QC samples before and (B) after 
normalization.  The UDN samples show a similar batch effect in (C) prior to normalization, which is no longer visible after 
normalization in (D). Also shows in the the reference population (+), which clusters with the first batch in (C), but is dispersed across 
all samples after normalization in (D) removing the visible batch effect.
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across the entire space rather than clustering with the initial 
batch.

To evaluate the removal of the batch effect a standard 
Analysis of Variance (ANOVA) was performed for each of the 
plasma lipids and urine metabolites to test the hypothesis of 
equal abundance of that molecule in the QC samples across the 
projects. The p-values were highly skewed to the very small 
side, especially in the raw data prior to normalization; thus the 
visualization of the p-value results again from the lipidomics 
data (Figure 5) is on the log10 scale. The log scale improved 
the overall distributional properties of the p-values, but they still 
are not normally distributed and therefore a non-parametric 
sign-rank test was utilized to determine if the p-values for the 
normalized data were statistically smaller than the raw data. 
From Figure 5 it is clear the Raw data had significant batch 
effect compared to the normalized data and over 92% of the 
markers showed a decrease in bias for the normalized data.

  
UDN Sample Analyses 

The lipidomics data included results from one UDN proband 
that was analyzed 9 times across three distinct batches. In 
addition, the mother of this proband was also analyzed multiple 
times (4 total) across two batches. This offered the opportunity 
to evaluate intra-subject and intra-family variability. The 
Pearson correlation of the 9 biological replicates of the proband 
sample to one another were computed, as well as the correlation 
of the 9 replicates with the mother’s four samples. Finally, each 
of the 9 replicate samples were also correlated to five randomly-
chosen samples from the entire UDN cohort. These three sets 
of correlations were compared using ANOVA (p < 3.4E-18) 
and a Tukey’s post-hoc test was employed to determine which 
of the groups of correlations were statistically significant from 

one another. Figure 6 demonstrates that the intra-subject 
correlation is significantly higher than both the intra-familial 
(proband-mother) correlation, as well as the correlation with 
random samples (all significant at p < 0.05). 
UDN Case Study Insights

Statistics were computed for all of the UDN patients by 
calculating a z-score as the difference between the observed 
abundance for an individual lipid or metabolite to the reference 
mean divided by the reference standard deviation22. This 

generated thousands of z-scores, one per UDN subject/marker. 
The majority, over 90% for all three datasets, are not significant 
(|z-score|<2). This is expected, since a large majority significant 
would indicate a bias comparing back to the reference data 
generated at the start of the study. However, the extreme z-
scores can identify metabolites or lipids of potential relevance 
to the patient’s symptoms and/or diagnosis that can be further 
explored for individual patients

The first UDN case we highlight was a 17-year-old 
Caucasian female with symptoms that included a peripheral 
neuropathy, retinopathy, and muscle weakness. Urine 
metabolomics analysis identified an isolated, extreme elevation 
of urine lysine (un-corrected z-score ~4.5, p-value < 6.7E-6). 
Figure 7 shows the distribution of z-scores for urine lysine level 
for all UDN subjects based on a Benjamini-Hochberg 
correction of the p-values24. This proband’s urine lysine level 
(black bar) was higher than all other UDN subjects, 
representing a q-value of less than 0.01. This finding supported 
the suspected diagnosis of 2,4-dienoyl coenzyme A reductase 
(DECR) deficiency, which is known to be associated with 
elevation of urine lysine25, 26, which was then confirmed via 

Figure 5: P-values testing for project effects within the lipids 
and metabolite data show a clear increase in p-values.

Figure 6: Tukey’s post-hoc test demonstrates that the 
correlation between replicates from the same subject are 
significantly larger than intra-family and random sample 
relationships.

Figure 7: Bar graphs showing the number of patients in each 
z-score bin for the metabolite lysine where the bin represents 
the number of subjects with the defined z-score range. The z-
scores 1.28, 1.64,1.96, 2.57 correspond approximately 
to q-values of 0.2, 0.1, 0.05 and 0.01, respectively. Only one 
UDN patient (black bar) has an extreme elevated amount of 
lysine in comparison to the full population. 
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whole genome sequencing, which identified two mutations in 
the Mitochondrial NAD kinase 2 (NADK2) gene27.  DECR 
deficiency results from mutations in the NADK2 gene and is 
inherited as an autosomal recessive disorder.  

Our second example was a UDN proband who was found to 
have a unique profile of CSF lipids, with over 8-times more 
significantly increased or decreased lipid species than any other 
UDN subject (Figure 8, red squares).  This included a 
generalized decrease in diacyl-phosphoglycerocholines (PCs), 
alkyl-PCs (PCO), and sphingomyelins (SMs), and a surprising 
increase in triglycerides (TGs). A corresponding plasma 
signature of these lipids was not observed, highlighting the 
uniqueness of the CSF lipid signature.  The proband’s CSF was 
collected while fasted, and symptomatic with tremors and 
dysarthria.  Clinical MRI spectroscopy noted a decrease in N-
acetylaspartate and an increase in choline, consistent with a loss 
of normal neural tissue. A specific evaluation of brain lipids was 
not performed. PC and SM lipids have been noted to be 
associated with neurological disease markers identified in 
CSF28-30.  This finding along with the high amount of TGs, 
which are rarely identified in CSF, suggest a potential problem 
with the blood brain barrier; however, further analysis will be 
required to confirm this hypothesis and define a medical 
designation.  

CONCLUSIONS
The presence of metabolic outliers may provide significant 

clues regarding the pathophysiology and etiology of rare or 
undiagnosed diseases.  Metabolome profiling presents a 
possible solution to the identification of these changes in a rapid 
and robust manner.  We have demonstrated a protocol for 
evaluating such patients in an individual manner via the 
inclusion of both QC samples to manage batch effect issues and 
a reference population for identification of significant changes 
for individual metabolites and lipids within a single patient. We 
demonstrated both the overall analytical strategy as well as two 
case studies that returned interesting findings, enabling 
clinicians to hypothesize potential mechanisms associated with 
the rare disease
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