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Abstract Isovaleric acidemia (IVA, MIM 248600) can be
a severe and potentially life-threatening disease in affected
neonates, but with a positive prognosis on treatment for
some phenotypes. This study presents the first application
of metabolomics to evaluate the metabolite profiles derived
from urine samples of untreated and treated IVA patients as
well as of obligate heterozygotes. All IVA patients carried
the same homozygous c.367 G [ A nucleotide change in
exon 4 of the IVD gene but manifested phenotypic diversity. Concurrent class analysis (CONCA) was used to
compare all the metabolites from the original complete
data set obtained from the three case and two control
groups used in this investigation. This application of
CONCA has not been reported previously, and is used here
to compare four different modes of scaling of all metabolites. The variables important in discrimination from the
CONCA thus enabled the recognition of different metabolic patterns encapsulated within the data sets that would
not have been revealed by using only one mode of scaling.
Application of multivariate and univariate analyses
disclosed 11 important metabolites that distinguished
untreated IVA from controls. These included well-established diagnostic biomarkers of IVA, endogenous
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detoxification markers, and 3-hydroxycaproic acid, an
indicator of ketosis, but not reported previously for this
disease. Nine metabolites were identified that reflected the
effect of treatment of IVA. They included detoxification
products and indicators related to the high carbohydrate
and low protein diet which formed the hallmark of the
treatment. This investigation also provides the first comparative metabolite profile for heterozygotes of this inherited metabolic disorder. The detection of informative
metabolites in even very low concentrations in all three
experimental groups highlights the potential advantage of
the holistic mode of analysis of inherited metabolic diseases in a metabolomics investigation.
Keywords Isovaleric acidemia  Data pre-treatment 
CONCA  Urinary organic acids  Metabolic profile 
Dietary treatment

1 Introduction
Metabolites are widely used as diagnostic and/or prognostic indicators of inherited metabolic diseases (IMDs).
The prognosis for a number of treatable disorders has been
shown to be increasingly encouraging, pending early
detection, preferably by newborn screening. Isovaleric
acidemia (IVA, MIM 248600) is one such example of a
treatable condition, although it is still considered to be a
severe and potentially life-threatening disorder in acutely
affected neonates (Sweetman and Williams 2001). IVA is
an autosomal recessive disorder of leucine catabolism
caused by a deficiency of isovaleryl-CoA dehydrogenase
(IVD, EC 1.3.99.10), which catalyses the conversion of
isovaleryl-CoA to 3-methylcrotonyl-CoA. IVA is currently
recognized as a disorder with a heterogeneous phenotype,
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ranging from acute neonatal metabolic acidosis (often
fatal) to a mild, chronic disease (Vockley and Ensenauer
2006). The nature of the IVD gene mutations, located on
chromosome 15q14-15, is likewise highly heterogeneous,
showing many missense and frame-shift mutations in its
coding region as well as splice site mutations (Ensenauer
et al. 2004). IVA patients involved in the present metabolomics study were, however, genotypically homogeneous as all carried the same homozygous c.367 G [ A
nucleotide change in exon 4 of the IVD gene (Dercksen
et al. 2012). Nevertheless, they did show the characteristic
phenotypic diversity associated with IVA.
The first identification of IVA (Tanaka et al. 1966) was
achieved by the analysis of urine organic acids using gas
chromatography (GC). The subsequent introduction of mass
spectrometry (MS) and application of GC–MS in the
investigation of IMDs have greatly facilitated the recognition and metabolic description of novel IMDs (Scriver et al.
2001). These technological advances contributed to the
identification of many secondary metabolites as well as
conjugates of isovaleric acid (Sweetman and Williams 2001;
Loots et al. 2005; Loots 2009) in the nearly fifty years since
the first description of IVA. Apart from the routine identification of IMDs by chromatographic analysis of metabolites,
the metabolomics analysis of IMDs are advocated to illuminate further the relationship between the biochemical
aberrations and their resultant clinical conditions (Pan et al.
2007; Mamas et al. 2011; Knerr et al. 2011). This application
may also benefit drug development, the treatment of these
disorders as well as the understanding of drug toxicity
associated with IMDs (Vangala and Tonelli 2007).
Many metabolomics investigations are based on only
two experimental groups, namely, controls and patients. In
this investigation, five experimental groups were selected to
compare the metabolite profiles associated with different
manifestations of IVA, as follows: (1) The first group
consisted of children with the homozygous mutation of the
IVD gene (homozygotes), but showing clinical variability
(Dercksen et al. 2012). (2) The second group comprised the
same patients, treated for variable lengths of time since their
diagnosis of IVA, in order to alleviate the clinical manifestations of the disease. (3) The third group comprised
obligate heterozygotes, with no apparent symptoms of IVA.
Because age influences the urinary excretion profiles of
endogenous metabolites (Guneral and Bachman 1994), we
included two control groups: (1) infants and children under
the age of 13 years as controls for the IVA homozygotes,
and (2) an adult control group for the heterozygotes.
We conducted three kinds of multivariate analysis in this
investigation: (1) unsupervised principal component
analysis (PCA, Jolliffe 2002), (2) supervised partial least
squares discriminant analysis (PLS-DA, Barker and
Rayens 2003), and (3) concurrent class analysis (CONCA,
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Koekemoer et al. 2012). A generally recognized limitation
of PLS-DA is its tendency to over-fit the data (Van den
Berg et al. 2006); the outcomes of PCA (the loadings) are
often not intuitive, and the optimized function (capturing
variance) is not necessarily ideal for the discovery of biomarkers (Styczynski et al. 2007). Several approaches have
been made to overcome these limitations, including the
development of a disjoint PCA (DPCA, Wold 1976) and
CONCA (Koekemoer et al. 2012). CONCA was specifically devised to analyze simultaneously data arising from
more than two groups, by providing a traditional PCA
model with the added benefit of an ability to identify which
variables are responsible for group separation. Hence it
attempts to explore the natural separation of groups given
the metabolomic profile. Using the CONCA model it was
shown to be possible to rank a limited number of variables
associated with three experimental groups according to
their discrimination power [designated as variables
important for discrimination (VIDs) (Koekemoer et al.
2012)]. It was also noted in the latter investigation that
some metabolites of relatively low concentrations might be
of significance in a metabolomics study of IVA. We thus
did not eliminate any of the variables from the original data
set and introduced four different modes of scaling of the
data. In this study, a new application of CONCA was thus
used in comparing different modes of data scaling. Furthermore, the significance of perturbations under consideration was evaluated by three univariate methods [effect
size (ES), t tests and Mann–Whitney tests] applied to the
components identified by PCA, PLS-DA and ES.
The comprehensive metabolomics approach presented
here illustrates a further application of CONCA, which
indicates the importance of using different modes of scaling of metabolomics data to improve the biological interpretation. This approach opened insightful perspectives on
IVA and its treatment and it subsequently led to the identification of 3-hydroxycaproic acid, an indicator of ketosis,
but not previously described for IVA. This paper also
reports on the first description of the metabolite profile of
heterozygotes for an IMD. Our investigation strengthens
the argument for a metabolomics approach to study
inherited metabolic disorders.

2 Methods
2.1 Sample selection: background, design
and assumptions
Urine samples from patients with a suspected IMD were
referred by paediatricians, over a period of time, for
diagnostic metabolite analyses to the Potchefstroom Laboratory for Inborn Errors of Metabolism (PLIEM, see

Comprehensive metabolomics of isovaleric acidemia

www.pliem.co.za). Ten Caucasian patients with grossly
increased levels of N-isovalerylglycine and N-isovalerylcarnitine were diagnosed with IVA and the metadata on
these cases are described in Dercksen et al. 2012. The
initial urine samples from these patients were stored
at –80 C from the time they were received and analysed at
PLIEM. The following considerations directed the design
of the metabolomics investigation from a biological point
of view: (1) The samples used for the IVA positive cases
(indicated by Ho) were collected at the time of diagnosis,
stored at -80 C and assumed to still largely reflect the
metabolic profiles present at the time of diagnosis. This
assumption is based on results from repeated analysis of
samples from several inborn errors of metabolism, stored in
our biobank at PLIEM. (2) Samples from the IVA patients,
treated for the disease (indicated by T), as well as samples
from the obligate heterozygotes (indicated by He), were
collected on the same day (see below). (3) Urine samples
from children (indicated by W) were used as controls for
the treated and untreated IVA patients and urine from
adults (indicated by A) were used as controls for the heterozygotes. Samples from both control groups were standardized in previous metabolomics studies in our
laboratory.
All patients received treatment for IVA according to
consensus between the relevant professionals, and based on
the biochemical and clinical information on each case
(treated patients, designated as ‘‘T’’ in the tables). Treatment of the different cases was thus not identical, but
generally consisted of glycine and carnitine supplements,
as well as a low protein diet in some cases. Their clinical
response to treatment was monitored over time. The
so-called treated samples reported in this investigation
were obtained on a single day during a patient/parent
meeting, following dietary prescriptions for the days preceding sampling (Dercksen et al. 2012).
Nine of the treated patients were still children at the time
of sampling for this investigation (ages ranged from 2 to
16 years, mean 6.4 years) and one case was a young adult,
aged 24. Against this background we assumed that any
dependency between the untreated and the treated samples
should not be taken into account in the metabolomics
analysis, given that (1) the period from first diagnosis to
sampling to evaluate the effect of treatment ranged over
several years; (2) the treatment regimens of the 10 patients
were comparable but not identical, given their clinical
diversity, which called for a personalized approach; and (3)
it was not possible to obtain time-dependent information
for the three other groups [children (C) and adult (A) controls and obligate heterozygotes (He)].
The parents or guardians of the treated patients gave
informed consent to this investigation in accordance with the
ethical requirements of our laboratory (www.pliem.co.za).
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All parents who were present on the day of sampling of the
treated cases, volunteered to produce a urine sample for use
in this investigation. Given the parental status of the adults,
those present on the day of sampling were assumed to be
obligate heterozygotes.
A total of 86 samples from the 5 groups included in this
study were thus investigated: 10 untreated and treated IVA
cases, 12 heterozygotes, 22 children controls and 32 adult
controls. The samples used for children as controls were
selected from those referred for identification of a possible
IMD, but for whom no prevailing disorder was detected.
This way of selecting comparative controls when investigating IMDs is generally recognized (Barshop 2004). All
adults, who agreed to act as controls, were healthy and on a
balanced diet.
2.2 GC–MS and ESI–MS-MS analysis of urinary
organic acids
Urinary organic acids and conjugates were extracted,
derivatized and analyzed by GC–MS as described previously (Reinecke et al. 2012). Automated Mass Spectral
Deconvolution and Identification System software (AMDIS, version 2.66 from the National Institute for Standards
and Technology) was used for spectral deconvolution and
identification of variables. A data matrix was created by
aligning all the metabolites against the samples using
visual basic applications (VBA). The matrix consisted of
86 cases and 208 variables, excluding the internal standard.
Additional target-based ESI–MS-MS data of isovalerylcarnitine was obtained from the preceding investigation
(Dercksen et al. 2012) and the analysis was done according
to the protocol described by Pitt et al. (2002).
2.3 Statistical analysis
The sequence of statistical methods used, including data
pre-treatment, multivariate and univariate analyses, is
summarized in the flow diagram shown in Fig. 1. No
reduction was applied to 208 variables of the original data
matrix. To account for the large number of zeros observed
in the data, all zeros were replaced by random numbers
from a Beta (0.1,1) distribution bound between zero and
the detection limit. The replacement values were extremely
small and therefore did not influence the covariance
structure of the data.
Four different non-linear methods of scaling were initially applied prior to the multivariate analyses. This was
done to overcome the side effects of measurement error
associated with very small values on the one hand, but also
giving due consideration to metabolites with low concentrations which are relevant to IVD and its treatment, on the
other hand. The scaling were: (1) a shifted logarithmic

123

768

M. Dercksen et al.

Fig. 1 Schematic
representation of the work flow
following untargeted (GC–MS)
and targeted (ESI–MS-MS) data
generation. The data from the
GC–MS analysis was generated
as one batch, while the data
from the ESI–MS-MS analysis
was generated in the
investigation of the untreated
and treated IVA patients,
reported in Dercksen et al.
(2012). The workflow involved
statistical pre-processing and
data analysis in order to identify
perturbation markers for
untreated IVA, and comparison
of the treated cases and
heterozygotes. Abbreviations
used for the cases are W for
children controls, Ho for
untreated IVA, T for treated
IVA, A for adult controls, and
He for heterozygotes

scaling with the shift parameter set at one; (2) a nonparametric transformation (Koekemoer and Swanepoel
2008); (3) a rank scaling (Becker et al. 1988) where the tied
observations were replaced by the minimum rank, and (4) a
second rank scaling where the tied ranks were replaced by
the average rank of the tied observations. For rank minimum scaling, no zero replacement was performed prior to
the ranking. This was regarded as essential so as not to
diminish the effect of variables that were absent or present
in any one or more of the five groups studied. Given the
scaled data sets, the CONCA model was applied and VIDs
across all five classes were obtained, supporting the
selection of appropriate modes of scaling.
Once a relevant mode of scaling had been selected,
multivariate analyses were used for dimensional reduction
and identification of important variables. These were
principal component analysis (PCA), as an unsupervised
pattern recognition method (Johnson and Wichern 1998),
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and a partial least square discriminant analysis (PLS-DA)
as a supervised method (Barker and Rayens 2003). Variables listed by the PCA with a modelling power greater
than 0.5 were regarded as potential biomarkers (Brereton
2003); and for variables important in projection (VIPs)
from PLS-DA, the ‘greater than one rule’ was used as the
criterion for the selection of variables (Chong and Jun
2005).
Effect size (ES) was calculated from the scaled data in a
univariate analysis [each IVD-deficient group (Ho, T and
He), relative to its respective control group (W or A)] to
ascertain the importance of a variable (Ellis and Steyn
2003). In addition, standard t-tests and the non-parametric
Mann–Whitney tests were performed on the unscaled data
to test the equality of group means and group medians,
respectively. The outcomes of these analyses for the
untreated and treated IVA homozygotes, as well as for the
obligate IVA heterozygotes, were finally combined to
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inform on the biochemical information disclosed in this
comprehensive metabolomics analysis.

3 Results and discussion
3.1 Variables important in discrimination
between the IVA groups
In the present study, the CONCA model was fitted to the
complete set of data generated from five groups, aimed to
compare four modes of scaling. Three-dimensional representations of the CONCA-based separation of the five
groups using the different modes of scaling are shown in
Fig. 2. These results clearly indicate the complete separation between all three IVA-related groups and their
respective controls as well as the effect of different modes
of scaling. Subsequently, the VIDs that discriminate among
the five groups were identified using the four modes of
scaling. For comparative purposes, the top ten VIDs for
each mode of scaling are summarized in Table 1, indicating that some degree of discriminatory information was
displayed by each of the modes of scaling. The outcomes
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of the shifted logarithmic and non-parametric modes were
comparable, as both these methods of scaling illuminated
the most important secondary metabolites that are formed
as a consequence of the IVD-deficiency. However, the
discriminating power from the shifted logarithmic scaling
appeared to be superior: (1) the VID values of the top
variables from the shifted logarithmic scaling (137.0;
133.3; 37.2 …) exceeded that of the non-parametric scaling
(79.0; 78.0; 37.6 …), and (2) the three primary biomarkers
(N-isovalerylglycine, N-isovalerylglutamic acid and 3-hydroxyisovaleric acid) and two minor indicators (N-isovalerylserine and N-isovalerylleucine) of IVA in the shifted
logarithmic list exceeded those from the non-parametric
scaling (only four indicators). The values of the VIDs from
the rank minimum scaling (143.6; 124.4; 92.5 …) outperformed the VIDs of the rank average scaling (23.6, 20.9;
20.3 …). Both these modes of scaling disclosed the presence of indicators of treatment of IVA, e.g. 2,3,4-trihydroxybutyryllactone and gluco-6,1-lactone. However, the
rank minimum scaling outperformed the rank average
scaling (identification of three indicators relative to one, as
shown in Table 1). It is also noteworthy from a biological
point of view, that none of these metabolites observed in

Fig. 2 Three-dimensional score
plots for the CONCA model
based on a four modes of
scaling. a Shifted logarithmic
scaling; b non-parametric
scaling; c rank minimum scaling
and d rank average scaling. In
all four representations, the
cases are (1) children controls
(brown), (2) heterozygotes
(blue), (3) untreated IVA cases
(red), (4) treated IVA cases
(green), and (5) adult controls
(black)
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Table 1 VID’s identified through CONCA of five classes of cases and based on the four modes of scaling
Ranking position

Variables of shifted-logarithmic scaling

VID value

Variables of non-parametric scaling

VID value

1

N-isovalerylglycine

137.0

N-isovalerylglutamic acid

79.0

2

N-isovalerylglutamic acid

133.3

N-isovalerylglycine

78.0

3

Hippuric acid

Hippuric acid

37.6

37.2

4.

N-isovalerylserine

33.3

2,3,4-Trihydroxybutyryllactone

29.1

5

4-Hydroxybenzoic acid

25.8

N-isovalerylserine

28.4
26.1

6

2,3,4-Trihydroxybutyryllactone

25.5

Gluco-6,1-lactone

7

Oxalic acid

23.0

2,3,4-Trihydroxybutyric acid

25.2

8

Urea

21.5

4-Hydroxybenzoic acid

25.1

9

3-Hydroxyisovaleric acid

20.8

N-isovalerylleucine

22.7

10

N-isovalerylleucine

20.6

Phosphoric acid

21.6

Ranking position

Variables of shifted-logarithmic scaling

VID value

Variables of non-parametric scaling

VID value

1

2,3,4-Trihydroxybutyryllactone

143.6

Vanillylmandelic acid

23.6

2

2,3,4-Trihydroxybutyric acid

124.4

Glycerol

20.9

3

Gluco-6,1-lactone

92.5

4-Hydroxybenzoic acid

20.3

4

2,3,4,5-Tetra-OH-penta-1,4-lac

56.2

Palmitic acid

19.5

5

4-Hydroxybenzoic acid

36.1

4-Phenol

19.4

6

Hippuric acid

29.7

Oxalic acid

19.1

7

Phosphoric acid

29.3

Hippuric acid

18.9

8

Glycerol

28.2

Phosphoric acid

18.4

9

Glyceric acid

26.6

2,3,4-Trihydroxybutyryllactone

18.3

10

2,3,5-Trihydroxyvaleryllactone

26.0

Homovanillic acid

18.3

Variables shown in bold are known indicators of IVA and variables shown in italics are indicators proposed to reflect treatment of IVA
(Koekemoer et al. 2012)
Abbreviation used: 2,3,4,5-tetra-OH-penta-1,4-lac 2,3,4,5-tetra-hydroxypentanoyl-1,4-lactone

the treated IVA cases was observed amongst the top twenty
metabolites disclosed by the shifted logarithmic or nonparametric modes of scaling. The CONCA procedure of
data pre-treatment thus revealed the different metabolic
patterns encapsulated in the global data set, which would
not be disclosed by using only one mode of scaling
(compare also Van den Berg et al. 2006). From these
observations the shifted logarithmic and the rank minimum
scaling were selected to further analyze the metabolomics
information on the untreated and treated IVA cases,
respectively. Identification of important variables associated with the three IVD-affected groups (Ho, T, He) was
done through multivariate (PCA and PLS-DA) and applicable univariate methods as shown in the flow diagram of
Fig. 1. VIDs derived from CONCA were not used in this
process, as it could present a bias on the outcome, as
CONCA was already applied in choosing the two modes of
scaling used.
3.2 Important variables in untreated IVA
A total of 208 different variables could be annotated from
the GC–MS data extracted from the five experimental
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groups. No data reduction was applied to these variables,
yielding a consolidated data matrix of 208 variables from
86 cases. Means and standard deviations of all variables for
the children controls and untreated patients were calculated
for the unscaled data, followed by t-test and Mann–Whitney analyses. The important metabolites associated with
IVA were then identified from the original 208 variables by
means of PCA, PLS-DA and ES analysis of the shifted
logarithmic-scaled values. Nineteen variables from the logscaled ES data had a d [ 0.8 (practical highly significant),
21 from the PLS-DA had a VIP [ 1.0 and 11 had a PCA
power value greater than 0.5. Using a Venn diagram
(included in Fig. 1), we found that the 11 variables from
the PCA were common to the PLS-DA and ES analysis.
These eleven variables were thus defined as the typical
metabolite profile of untreated IVA, and are listed in
Table 2, ranked according to the ES values.
Two detoxification products of IVA, N-isovalerylglycine, and N-isovalerylglutamic acid, are well-established
diagnostic indicators of the disorder, and ranked highest
among the 11 selected metabolites. N-isovalerylleucine and
N-isovalerylserine, two rare detoxification products in IVA
described by Loots et al. (2005), conspicuously also ranked
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high in this list, emphasizing the importance of acyl
detoxification in untreated manifestations of this disease.
Methylsuccinic, methylfumaric (mesaconic) and 3-hydroxyisovaleric acids were observed and have been described in
the literature as secondary metabolites formed as a result of
IVD deficiency (Truscott et al. 1981, Tanaka et al. 1988,
Sweetman and Williams 2001). Glyceric acid was also
present and is normally associated with defects of fructose
metabolism at the level of D-glycerate kinase; increased
urinary excretion has also been observed following an oral
fructose challenge (Wang and Van Eys 1981). No satisfactory explanation for the occurrence of this acid in IVA is
currently available. Finally, 3-hydroxybutyric acid may be
regarded as a metabolite formed as a secondary clinical
consequence of IVA, and normally observed during ketosis
or ketoacidosis.
The last metabolite of the 10 listed in Table 2 is 3-hydroxycaproic acid, which has not been reported previously
in IVA patients. It appeared as a minor peak on the GC
chromatogram with a mass spectrum comparable with that
of 3-hydroxycaproic acid in the AMDIS library (Fig. 3).
The ion at m/z 261 was due to [M-CH3]?, whereas the
fragments corresponding to m/z 233 and 145 were indicative of [C9H21O3Si2]? and [C7H17OSi]?, respectively. This
metabolite was originally identified and described as an
abnormal constituent in urine of keto-acidotic diabetics
(Niwa and Yamada 1985). We propose that 3-hydoxycaproic acid observed in IVA is produced by ketogenesis
reactions starting from acetyl-CoA and butyryl-CoA as in
diabetics. 3-Hydroxyisovaleric acid likewise elevates during episodes of metabolic decompensation together with
ketone body production, as described by Sweetman and
Williams (2001). The strong positive Pearson correlation
of 0.69 which was observed between the values of 3-hydroxyisovaleric acid and 3-hydroxycaproic acid in the
untreated cases, favours the hypothesis that both are associated with metabolic stress and ketosis. The related metabolic pathways are depicted in Fig. 4.
3.3 Important variables in treated IVA
The rank minimum mode of scaling was selected for the
presentation of the data from the treated cases. The PCA,
PLS-DA and ES modes of analysis were again used to
select the common important variables using a Venn diagram (Fig. 1), indicating nine common variables, summarized in Table 3 with the applicable univariate data. The
urinary excretions of N-isovalerylglycine were higher
(1,195 mmol/mol creatinine; p = 0.000) in the treated IVA
patients than in the untreated cases (1,033 mmol/mol creatinine; p = 0.000). This is in accordance with the detoxification treatment of these patients with glycine and
carnitine supplementation. The detoxification effect of
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carnitine supplementation, indicated by the urinary excretion of isovalerylcarnitine, appeared to be highly effective
as indicated by the increase of isovalerylcarnitine from 3.7
to 81.7 mmol/mol creatinine (p = 0.001) as well as the
highly significant (p = 0.000) change in the isovalerylglycine to isovalerylcarnitine ratio from 276.9 to 14.6. Nine
of the other metabolites important in untreated IVA no
longer differed statistically from those of the controls
which points to the efficacy of the detoxification treatment.
An exception was the attenuated, but still high, concentration of N-isovalerylglutamic acid.
Five polyhydroxy organic acids or their lactones were
present at notably elevated levels relative to the paediatric
controls. The latter substances were observed only by using
the rank minimum mode of scaling. It has been suggested
that the carbohydrate lactones may be explained as due to
the treatment of IVA patients with a high synthetic carbohydrate and low protein diet (Chalmers et al. 1976;
Koekemoer et al. 2012). The other polyhydroxy substances
likewise seem to be derived from dietary substances
(Sakata 1990; Ogura and Sakamoto 2012; Hegazi and Abd
El-Hady 2009). The last metabolite related to IVA treatment listed in Table 3 is methylmalonic acid. Although the
normal range for methylmalonic acid in the urine of children (1–13 years of age) was reported to be in the range
from undetectable to 5 mmol/mol creatinine (Hoffman and
Feyh 2002), this metabolite was not detected in the samples
from the children controls and untreated IVA patients but
was detected at very low concentrations in the heterozygotes and was present in the samples from nine of the 10
treated patients. For these cases the mean value was
2.31 mmol/mol creatinine [(SD = 2.54) and p = 0.017
relative to the children controls]. The natural source of
vitamin B12 in the human diet is from animal protein
(meat, poultry and fish) and methylmalonic acid is an
excellent marker for vitamin B12 deficiency (Norman et al.
1982; Rasmunsen 1989). An increased risk of vitamin B12
deficiency has been reported for some patients with phenylketonuria who changed from a strict phenylalanine free
diet, with additional vitamins and minerals, to an unrestricted or relaxed dietary regime. (Robinson et al. 2000).
This may also hold true for the IVA patients on a lowprotein or protein-restricted diet and represents important
new information for nutritional scientists responsible for
the treatment of IVA patients.
3.4 Important variables in IVA heterozygotes
Diagnostic biomarkers for IMDs have been detected
at normal or slightly elevated baseline levels in urine
samples from heterozygotes for these diseases (Bakker
et al. 1978; Duran et al. 1979). The statistically significant
(p \ 0.05) presence of low levels of N-isovalerylglycine,
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35.7
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8.09
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12.7
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(482)
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1,042
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0.07
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(5.46)

3.51
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3.46
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(400)
45.01
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Mean
(SD)

(0.11)

0.06

(0.80)

(1.33)
0.26

3.51

(0.26)

0.19

(0.39)

0.31

(1.45)

0.77

(0.71)

1.25

(0)

0

(0)

0

(0)

(1.21)
0

1.92

Mean
(SD)

0.81

0.96

0.98

1.00

1.36

1.44

1.60

1.96

2.40

6.71

10.92

ES
([0.8)

1.04

2.92

2.54

1.80

1.65

2.37

2.14

2.01

2.80

4.94

7.37

PLS
([1.0)

0.51

0.50

0.57

0.61

0.53

0.69

0.54

0.56

0.59

0.67

0.62

PCA
([0.5)

0.121

0.044

0.023

0.039

0.027

0.018

0.040

0.008

0.002

0.002

0.000

p
(\0.05)

0.34

0.29

0.58

0.73

0.65

0.72

0.54

1.53

0.74

4.47

13.48

ES

0.32

0.31

0.63

0.85

0.82

0.74

0.40

1.52

1.24

4.75

8.02

PLS

0.03

0.04

0.27

0.27

0.34

0.24

0.30

0.50

0.17

0.74

0.85

PCA

Groups: W and T

0.121

0.168

0.724

0.197

0.198

0.138

0.324

0.105

0.166

0.000

0.000

p

0.17

0.25

1.06

0.74

0.95

0.05

0.35

N/A

N/A

N/A

3.10

ES

0.03

0.18

0.51

0.22

0.32

0.47

0.28

N/A

N/A

N/A

1.24

PLS

0.01

0.06

0.25

0.40

0.56

0.27

0.37

N/A

N/A

N/A

0.66

PCA

Groups: A and He

0.533

0.466

0.004

0.28

0.017

0.113

0.259

N/A

N/A

N/A

0.000

p

Abbreviations used: SD standard deviation, ES effect size, PLS-DA and PLS partial least square discriminant analysis, PCA principal component analysis, Ho untreated IVA homozygote
patients, T treated IVA homozygote patients, He and Heter: obligate heterozygotes, W children controls, A adult controls, p value from the t test; all p values from the Mann–Whitney test were
significant (p \ 0.05), IVA isovaleric acidemia

(0.52)

0.08 (0.14)

(0.045)

(3.20)

3-Hydroxybutyric acid

0.25

(1.23)
0.07

2-Hydroxyisovaleric acid

2.10

(5.33)
1.04

(0)

(0.35)

8.39

0

(0)

(2.47)

0.16

0

(0.19)

(0.08)

1.04

0.05

0.03

(0.52)

(1.79)

(0)
0.98

(0)

1.98

0

0

(0)

3-Hydroxyisovaleric acid

3-Hydroxycaproic acid

Glyceric acid

Methylfumaric acid

Methylsuccinic acid

N-isovalerylserine

0

0

(0)

(0)

N-isovalerylglutamic acid

(0)

(0.12)
0

N-isovalerylleucine

0.03

0.19

(0.42)
0

Mean
(SD)

Groups: W and Ho

Mean
(SD)

(He)

Mean
(SD)

(T)

(Ho)

(A)

Heterozygotes (He)

(W)

Treated IVA patients (T)

Untreated IVA patients (Ho)

IVA patients

Controls

Heter

Comparison of univariate (ES) and multivariate (PLS-DA and PCA) data for Ho, T and He cases

Univariate data (means and SD)

N-isovalerylglycine

Variable

Table 2 Important metabolites present in untreated IVA
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Fig. 3 Mass spectra of a the TMS derivative of the unknown metabolite compared with b the TMS derivative of 3-hydroxycaproic acid, the
spectrum of best fit from the AMDIS library

3-hydroxycaproic acid and 3-hydroxyisovaleric acid in the
heterozygotes for IVA is noteworthy (Table 2). The
observation of minor metabolites of an inherited metabolic
disorder at such low levels has not been described previously for carriers of IVA and provides proof-of-concept of
the original paradigm that an untargeted metabolomics
investigation has the potential to reveal significant information on very low levels of metabolites (concentrations,
not fluxes) present in biofluids (Kell 2004, 2007).

4 Pathophysiological interpretation of the IVA
metabolite profile
The metabolite profile which we derived for untreated IVA
patients (Fig. 4) is based on significant changes in their
urinary organic acid excretion (Table 2). The primary
perturbations corresponded to induced products resulting
from the accumulation of isovaleryl-CoA. Reactions further downstream are secondary consequences of IVD

deficiency, but nevertheless also important in the clinical
assessment of IVA. Most of the IVA metabolites disclosed
by the metabolomics analysis have been individually well
researched and described previously. Observing these
metabolites using an untargeted metabolomics approach,
however, confirms that biologically well-defined samples
are required for metabolomics investigations and illustrates
the robustness of this technology. Furthermore, the comprehensive information disclosed by the metabolomics
approach indicates that diverse metabolic pathways are
affected as a consequence of the primary defect in IVA. In
addition, our study serves to illustrate some pathophysiological consequences of IVA, as well as avenues for
monitoring its treatment.
IVA is due to a perturbation of the mitochondrial pathway of leucine catabolism. The consequence of the inherited deficiency resulting in IVA is the inability to convert
isovaleryl-CoA to 3-methylcrotonyl-CoA (Tanaka et al.
1966). A variety of amino acids can form conjugates with
the accumulating isovaleryl-CoA. N-isovalerylglycine,
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Fig. 4 Proposed metabolic pathways and markers identified in this
metabolomic study of IVA. Abbreviations: mBCAT mitochondrial
branched-chain amino transferase, BCKAD branched-chain keto-acid
dehydrogenase, IVD isovaleryl-CoA dehydrogenase, CytP450 cytochrome P450, CoA coenzyme-A, CRAT carnitine acetyltransferase,
CACT carnitine-acylcarnitine transferase, CAT carnitine acyltransfer-

ase, GAT N-glycine-acyltransferase, NAGS N-acetylglutamate syntase,
CPS carbamoyl phosphate synthetase, OTC ornitine transcarbamoylase, 3-MCC 3-methylcrotonyl carboxylase, TE thioesterase, EH enoylCoA hydratase, SDH succinate dehydrogenase, ACDHG acyl-CoA
dehydrogenase

N-isovalerylglutamic acid, N-isovalerylleucine and N-isovalerylserine have been shown to be the most significant in
the present study. Also observed were N-isovalerylthreonine (p = 0.106) but conjugates of several other amino
acids, described by Loots et al. (2005), were below the
detection limit of our analytical approach. N-isovalerylglutamate is the product of the N-acetylglutamate synthase
(NAGS, EC 2.3.1.1), which catalyzes the reaction between
isovaleryl-CoA and glutamate. N-acetylglutamate, which
also originates from glutamate, activates carbamoylphosphate synthetase required for the initial step in the urea
cycle, and may be compromised, resulting in secondary
hyperammonemia in IVA (Coude et al. 1979; Sweetman

and Williams 2001). Treatment of IVA patients at the upper
tolerable level of glycine supplementation supports the
detoxification process through formation of N-isovalerylglycine at the expense of N-isovalerylglutamic acid, as
shown for the treated patients (Table 3).
Two alternative pathways with isovaleryl-CoA as substrate can be envisaged, giving rise to further important
metabolites listed in Table 2: (1) Peroxisomal a-oxidation
(recently reviewed by Wanders and Waterham 2006) of
isovaleryl-CoA is proposed to result in the formation of
2-hydroxyisovaleric acid seen in low concentrations
(4.81 mmol/mol creatinine; p = 0.121) in untreated IVA
(Mukherji et al. 2002). (2) Free isovaleric acid, the original
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Table 3 Variables indicating the effect of treatment of IVA patients in comparison with the respective untreated cases
Variable

Controls
(W)
Mean
(SD)

Untreated IVA patients (Ho)
ES

PLSPCA Mean
DA
(Comparison: Ho and W) (SD)

Treated IVA patients (T)
p

ES

PLSPCA Mean
DA
Comparison: T and W) (SD)

p

0.000

A. Metabolites detected by untargeted GC–MS analysis
1. Detoxification products formed from N-isovaleryl-CoA
N-isovalerylglycine
N-isovalerylglutamic acid

0.19
(0.42)

2.71

2.60

0.25

1,033
(475)

0.000

2.71

1.85

0.52

1,195 (400)

0 (0)

8.75

3.47

0.35

(87)

0.002

8.75

2.49

0.70

45.01 (49.75)

0.018

0 (0)
(-)

2.72

3.28

0.38

16.7
(12.21)

0.002

1.86

2.23

0.44

5.32 (11.19)

0.166

0 (0)

2.72

3.28

0.38

8.09
(7.71)

0.008

8.52

2.49

0.68

3.36 (6.09)

0.105

N/A

N/A

8.75

2.49

0.77

1.19 (1.50)

0.033

8.75

2.49

0.76

7.92 (9.88)

0.031

8.75

2.49

0.71

6.04 (13.24)

0.182

2.72

2.36

0.73

3.39 (3.20)

0.008

1.86

2.23

0.59

0.54 (0.41)

0.002

2.72

2.36

0.71

2.32 (2.54)

0.017

(-)
N-isovalerylleucine
N-isovalerylserine

(-)
2. Substances derived from carbohydrates/diet
2,3,5-Trihydroxyvaleryllactone

0

2,3,4-Trihydroxybutyryllactone

0

2,3,4,-Trihydroxybutyric
acid

0

Gluco-6,1-lactone

0

2,3,4,5Tetrahydroxypantanoyllactone

0

N/A

(-)

0
(-)

N/A

N/A

N/A

(-)

0
(-)

N/A

N/A

N/A

(-)

0
(-)

N/A

N/A

N/A

N/A

N/A

N/A

(-)

0
(-)

(-)

0
(-)

3. Other
Methylmalonic acid

0

N/A

N/A

N/A

(-)

0
(-)

B. Targeted isovalerylcarnitine detected by ESI–MS-MS analysis
Isovalerylcarnitine

0

3.7

81.7

N-isovalerylglycine/
Isovalerylcarnitine

N/A

276.9

14.6

Means, standard deviations (SD) and p values for the untreated and treated IVA cases are expressed relative to the children controls. p value from
the t test; All p values from the Mann–Whitney test were significant (p \ 0.05), p values for untreated relative to treated cases: N-isovalerylglycine 0.468; isovalerylcarnitine 0.001; N-isovalerylglycine/ isovalerylcarnitine 0.000

metabolite that led to the discovery of the first two cases of
IVA (Tanaka et al. 1966), is proposed to be formed from
isovaleryl-CoA, catalyzed by one of the many thioesterases. Subsequently, isovaleric acid can act as substrate for
the cytochrome P450-related omega-oxidation system of
the endoplasmic reticulum, resulting in the formation of
methylsuccinic
acid
(35.71 mmol/mol
creatinine;
p = 0.040) from which methylfumaric acid (17.99 mmol/
mol creatinine; p = 0.018) is subsequently formed, catalyzed by succinate dehydrogenase. Both these metabolites
were significantly increased in our untreated IVA group.
The remaining important metabolite, showing high
concentrations in untreated IVA, is 3-hydroxyisovaleric
acid (273 mmol/mol creatinine; p = 0.023, see Table 2).

It is easy to relate the occurrence of this acid to the ketosis
as has been discussed before. However, it is also feasible
that 3-hydroxyisovaleric acid is formed by (x-1)-hydroxylation of isovaleric acid, another of the cytochrome P450mediated reactions mentioned earlier (Sweetman and
Williams 2001). Finally, it cannot be excluded that a small
part of the endogenous isovaleryl-CoA is actually converted to 3-methylcrotonyl-CoA. The latter is expected to
be carboxylated, but this carboxylation can be inhibited by
short-chain acyl-CoA esters as has been shown recently
(Luı́s et al. 2012).
Assessment of the clinical potential of a novel biomarker that emerges from metabolomics investigations of
disease as outlined above can be critically appraised by
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asking three basic questions: (1) Can the clinical laboratory
measure the biomarker? (2) Does it add new information?
(3) Does it help the clinician to manage patients? (Morrow
and de Lemos 2007). Today, numerous metabolites are
routinely measured in clinical laboratories by using
sophisticated equipment, which basically provides a positive inclination towards the first question. The second
question encompasses a complex scenario. Metabolomics
investigations of inherited diseases are mostly based on
retrospective investigations whereas well-designed prospective studies, linked to rigorous validation, would be the
benchmark to implement information from research to
application in clinical practice (Mamas et al. 2011). A
paediatrician specializing in IMDs will regularly be confronted with patients with metabolic diseases not previously encountered in the practice due to the rarity of the
individual disease. However, a personalized approach is
required in the treatment of these patients who often
present with clinical heterogeneity as the IVA patients
described by Dercksen et al. 2012. Metabolomics investigations might contribute to alleviating this requirement as
was recently well articulated in a commentary by Italian
paediatricians: Metabolomics is a novel area that promises
to contribute significantly to the characterization of various disease phenotypes and to the identification of personal
metabolic features that can predict response to therapies,
enabling a way to distinguish between different disease
phenotypes and to predict a drug’s effectiveness and/or
toxicity. (Baraldi et al. 2009). It thus seems reasonable to
consider a qualified affirmative answer to the question
whether metabolomics studies will provide an aid in
designing the clinical treatment of patients with IMDs.

5 Conclusions
In summary, using the expanded metabolomics approach
presented in this paper, we succeeded in producing a
comprehensive profile of metabolites of practical significance in cases of IVA, derived from an unreduced original
set of variables. CONCA enabled the identification of VIDs
across all five classes of experimental groups through the
application of four modes of scaling, which produced different ranks of VIDs. This enabled the recognition of different metabolic patterns encapsulated in the data sets,
which would not be revealed by using only one mode of
scaling. In addition, this is the first report of such an
investigation based on a genetically homogeneous group of
IVA patients, including the metabolomics of urinary samples from their untreated and treated status as well as from
obligate heterozygotes. This investigation substantiated the
presence of known metabolites in cases of IVA and
revealed the presence of 3-hydroxycaproic acid not
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previously reported for this disorder. The metabolite profile
of treated IVA patients differed substantially from the
untreated cases, and may be of value in monitoring the
effect of treatment. In addition this investigation provides
the first comparative metabolite profile for heterozygotes of
an inborn error of metabolism, indicating the presence of
minor metabolites present in very low concentrations in
these individuals. The detection of several informative
metabolites with very low concentrations highlights the
potential advantage of the holistic mode of analysis in
metabolomics investigations.
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