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Abstract

A combined mass spectrometry and bioinformatics screening technique has been developed for detecting the administration of
exogenous growth hormone (GH), through changes in the serum proteome. Serum samples from porcine GH (n=14) and
placebo (n=13) treated mice were analysed by MALDI-TOF-MS. Mass spectrometric data were processed using artificial neural
networks to identify protein biomarkers capable of differentiating between control and GH treated subjects. Four ions m/z 17201
(x 34), 18978 (+ 38), 19860 (+ 40) and 20190 (+ 40) were identified, which correctly predicted 93 % of a separate subset of
blind samples. The sensitivity and specificity of the model was respectively 86 % and 100 % (12/14 GH treated and 13/13
controls correctly assigned respectively). Reproducibility of the four ion model was assessed using an intra-laboratory replicate
data set of separately prepared serum samples. Our results show the potential of MALDI-MS for detecting GH administration

with good sensitivity and specificity through indicative biomarker patterns determined using computational bicinformatics

techniques.

INTRODUCTION

Growth hormone (GH) is synthesised and secreted by the
somatotroph cells of the anterior pituitary and, together with
insulin-like growth factor (IGF-1), regulates body growth,
protein, carbohydrate and lipid metabolism [,,,]. it is used
clinically to treat gh-deficient patients, with an increase in
lean body mass and a decrease of fat mass [5,,]. it is also the
subject of current research for use as an anti aging agent, []
although this has yet to be clinically confirmed [,;,s]-

The abuse of exogenous GH in sports has attracted attention
due the perception that its misuse cannot be detected by
current analytical techniques. Detection of GH abuse is
complicated because of difficulty in distinguishing between
the endogenous and the recombinant forms [,]. endogenous
gh also has a short half life and a pulsatile release pattern
[.0], and is dependent on factors such as nutritional intake
and exercise. the levels of gh can increase up to seventy fold
in response to acute exercise [,;,,]. as a result, random
measurements of elevated plasma levels of gh are not
indicative of exogenous administration and any excess

detected beyond spontaneous episodic increases, must
exclude the presence of disease such as acromegaly.
repeated testing over 24 hours after a period of known
abstinence may overcome the pulsatile release problem, [,,]
but is limited by the close similarity of recombinant human
growth hormone (rhgh) to the endogenously produced gh.
clearly, any methodology aimed at detecting abuse cannot
rely simply upon the detection of gh and alternative
strategies have been developed. the two most significant
approaches to detect exogenous gh are based on
measurements of the different gh isoforms [,] and gh-
dependent proteins (biomarkers). both methods utilise
immunologic assays, for confirmatory analysis. for
immunological tests, two separate assays, which detect
different antibody binding sites of the target proteins, are
required by the world anti doping agency (wada) to confirm
the biomarker [s].

The isoform base immunological method depends upon the
fact that rhGH contains only the 22-kDa isoform while
endogenous GH exists in several forms. The 22-kDa isoform
is the most abundant (75%), the rest, including the 20- and
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17-kDa isoforms, collectively termed “non-22-kDa”. A high
ratio of 22- to non-22-kDa GH is used as an indication of
exogenous GH abuse []. this approach is limited by the
increase in the 22-kda isoform caused by exercise and short
half-lives of gh isoforms, leading to a limited detection
period [,;,5]. the second technique is based on the
downstream effects from the anabolic action of gh, which
leads to the secretion of several proteins. the circulating
concentration of these proteins can be used as a means of
detecting exogenous gh administration [,,,,,]. measurement
of multiple markers can detect gh abuse with enhanced
sensitivity and specificity compared with single-marker
analysis. two groups of potential markers have been
identified [,;,,,,,;], With igf-1 and procollagen iii terminal
peptide (p-iii-p), being the two most important candidates.
while this approach has proved highly effective, issues such
as standardization of calibrants / standards and the use of
well defined procedures, to ensure dissociation from and
removal of igf binding proteins, need to be addressed. it is
also dependent upon the availability of stable and reliable
immunoassays, as alterations in assay performance result in
the need to re-establish the reference interval [,s,,,].

Improved screening procedures, capable of high throughput
analysis are therefore required for the detection of
biomarkers of GH administration with more sensitivity and
specificity than current methods. In this paper, we report an
innovative mass spectrometry-based proteomics approach
for screening for GH administration. In recent years, there
has been increasing interest in the application of MALDI
mass spectrometry [,s] for identifying biomarkers of disease
[,¢), individual response to treatment [,,], and disease
progression, through changes in the proteome [,]. protein
biomarkers of human gh action have been reported, using
serum proteomic profiling by maldi with protein chip mass
spectrometry [,,]. two dimensional gel electrophoresis and
maldi-tof have also been used for characterizing gh
isoforms, in order to understand their mechanisms and
functions in gh related diseases [5].

The use of MALDI in proteomics analysis usually generates
large, complex data sets and bioinformatics approaches, such
as artificial neural networks are needed to identify
characteristic biomarker patterns from such data [,].
artificial neural networks (anns) are a powerful statistical
data mining tool utilised for the prediction of biologically
important molecules in complex systems [;,]. they are
analogous to human neurons in the way in which they learn

patterns associated with particular characteristics through a
process of iterative learning. input connections associated
with reducing the overall error for predicting unknown
samples are reinforced by strengthening the weighted link of
the particular neuron. the advantages of anns include the
ability to model non-linear data, enabling them to process
complex data interactions that are difficult to explain by
linear approaches. they are capable of generalisation that
allows them to interpret information that is different from
training data, resulting in the ability to predict for new cases
and also able tolerate noise and data containing missing
values [4;].

The objective of this study was the development of a method
using MALDI-TOF mass spectrometry and ANNs, for the
detection of serum protein biomarkers capable of
differentiating between controls and subjects exposed to
exogenous GH. The identification of downstream biomarker
signature patterns in the serum proteome, that are indicative
of GH administration, make it possible to develop a high
throughput screening procedure based on this approach.

MATERIALS AND METHODS
MATERIALS

Sinapinic acid (SA) matrix and protein calibration mix
(Cytochrome C - m/z 12,361.96, Apomyoglobin - m/z
16,952.27, Trypsinogen - m/z 23,981.03) were obtained
from Laser Biolabs (Cedex, France). Insulin B chain
oxidised (m/z 3,494.65) was purchased from Sigma-Aldrich,
Germany. Trifluoroacetic acid (TFA) and ACN were
purchased from Fisher Scientific, (UK). Porcine GH was
purchased from Sigma, Germany.

SAMPLE COLLECTION AND TREATMENT

All procedures were performed in accordance with
institutional guidelines for the care and use of laboratory
animals and approved by the Home Office in the UK
(ppl170/6097). A subcutaneously implanted osmotic pump
was used to systemically deliver 0.19 U/kg/day of porcine
GH (Sigma, Germany) into 14 adult male mice (strain
C57/B6) for 3 weeks. Osmotic pumps containing PBS only
were also implanted into a separate control group (n=13)
over the same time period [,,]. animal body weight was
monitored throughout the experiment. blood samples were
taken from each mouse 3 weeks post-administration under
terminal anaesthetic (25% urethane) via the heart puncture
technique. blood was left to stand at 25 °c for 30 minutes,
centrifuged at 1000x g for 10 minutes. The serum from each
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mouse was aliquoted in duplicate into clear plastic eppendorf
tubes (0.5 mL) which had been autoclaved to sterile
condition and immediately frozen on dry ice and stored at
-80 °C.

MASS SPECTROMETRY SAMPLE
PREPARATION

Serum samples were prepared by a 1 in 10 dilution of freshly
thawed serum in autoclaved, clear plastic eppendorf tubes
(0.5 mL) with 0.1 % TFA (Fisher Scientific, UK) and
vortexing. The diluted sample was spotted on a MALDI
target plate using sinapinic acid (SA) (LaserBioLabs, Cedex,
France) as matrix. The SA matrix solution was freshly
prepared as a 10 mg / mL suspension in 50 % ACN /0.1 %
TFA in a black plastic eppendorf tube and vortex mixed. The
dried-droplet method was used for deposition by pipetting 1
pL of matrix onto the target plate, followed by 1 pL of
sample and then the sample/matrix mixture was mixed on
the plate. All the samples and blanks (TFA/matrix) were
deposited on the plate in duplicate according to a
randomised plate map, which was prepared before sample
deposition.

ANALYSIS OF SERUM PROTEIN BIOMARKERS

MALDI-TOF mass spectra were acquired using a Shimadzu
Biotech AXIMA-CFR+ instrument (Shimadzu, Manchester,
UK) operated in positive linear mode. Serum from GH
treated (14 samples) and placebo treated control (13
samples) mice were spotted in duplicate together with matrix
(10 mg / mL SA) by the dried-droplet method and analysed
by MALDI-TOF for protein biomarkers using close external
calibration. Spectra for all serum samples were acquired
automatically using the raster mode function of the
spectrometer where a fixed number of laser shots were fired
across the whole sample spot. A protein calibration mixture
consisting of cytochrome C (m/z 12,361.96), apomyoglobin
(m/z 16,952.27) and trypsinogen (m/z 23,981.03) was used
to calibrate the MALDI spectrometer. To ensure calibration
within the mass range of interest, 3 uL. of a 5 mM solution of
insulin B chain oxidised (m/z 3,494.65) was added to the
calibrant mixture. The calibrant solutions (50 pL.) were
mixed with matrix (50 pL) to ensure a homogeneous
solution before deposition. Aliquots (0.5 pL) of the
calibrant-matrix mixtures were spotted in between four
sample spots (close external calibration).

The MALDI-TOF analysis was repeated by a different
operator three months after the first analysis of all samples to

assess intra-laboratory reproducibility. Fresh aliquots of
serum samples were diluted separately, and spotted onto the
target plate as above and analysed by MALDI-TOF-MS. The
resulting data was used to validate the ANNs model
developed for the first set of experiments. An aliquot of the
porcine GH administered to the mice was analysed
separately by MALDI-TOF using the procedure described
for the serum samples.

ANNS ANALYSIS

Data processing: The raw mass spectral data (m/z,
intensities) were exported as ascii files and merged into a
text file with comma separated values. The raw m/z and
intensities were smoothed to yield rounded masses and
intensities for the mass range of interest (m/z 1000-25000).
ANNSs models were developed with the mass spectral data
using Statistica 7.0 (StatSoft Inc. Tulsa, USA). Mass
spectrometry ion intensities representing the serum
proteomic profile of the individual samples were used as
inputs to the ANNs model. The models developed were used
to predict the presence of the sample in one of two classes
representing control or GH treated samples (the output of the
model).

Model Development: A back-propagation algorithm and
sigmoid activation function were applied to a three-layered
multi-layer perceptron (MLP) architecture using a
supervised learning approach. Learning rate and momentum
were set at 0.1 and 0.9 respectively. The architecture was
constrained by utilizing only two hidden nodes and
randomized initial weights with a small range about zero.
Prior to training, the data was scaled linearly between 0 and
1 using minima and maxima.

Model Training and validation: The data were randomly
divided into three subsets comprising training (60%), test
(20%), and validation (20%) and trained using random
sample cross validation. Sensitivity analysis was conducted
on the trained models to determine the influence of each
input on correct sample classification. Inputs judged to be of
most importance by sensitivity analysis were selected for
further training with a stepwise additive approach. All the
selected inputs were treated as a single input variable in the
model, and subsequently trained and tested with random
sample cross validation. The single variable model with the
lowest mean squared error (MSE) for validation data was
then identified and selected for further training. All of the
remaining variables were then added sequentially to this first
input, creating a set of two-variable models which were
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trained and cross validated. The two-variable model, with
the lowest MSE for validation data was again identified and
selected for further training. The process was repeated until
the performance had failed to improve significantly over a
number of additions to identify the optimum subset of ions
which most accurately modelled the data. Once these were
identified the model was interrogated to determine the
response profiles of the individual marker ions, and sample
predictions were monitored to derive the population
structure. Method reproducibility was assessed by applying
mass spectral data separately obtained three months after the
training validation data to the original ANNs model.

RESULTS AND DISCUSSION

WEIGHT CHANGES IN MICE OVER COURSE OF
TREATMENT

As a measure of GH administration efficacy, the weights of
the mice used were monitored after the administration of
PBS and GH to the control and treated groups respectively.
The weights of both groups increased initially and converged
at the end of the administration (week 3), although the
increase in weight of the GH treated animals, was greater in
weeks one and two than in the control animals (Figure 1).

Figure 1: Average body weight changes of mice during
administration of GH and control.

Figure 1

Figure 1a: Shows the changes in weight over the time course
of administration, whilst
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Figure 1b: Shows the net gain in weight over the 3 week
time course of administration. Error bars are based upon the
standard errors calculated for N=14 and N= 13 of treated and
control mice respectively.
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The effects of short term administration of GH, has been
reported by Berggren et al [,5] who found an increase in
body weight after gh treatment, which was explained by an
increase in extracellular water content. the increase in body
weight of the mice in weeks one and two may therefore be
due, in part, to extracellular water changes. however, these
changes can disappear at the end of the experiment (week 3)
because extracellular water, unlike intracellular water, can
be lost more easily, causing the weights to converge.

MALDI-TOF ANALYSIS OF SERUM

The optimal sample preparation procedure for serum
analysis by MALDI-TOF was determined in the early part of
this study. This involved two main stages of investigation,
firstly, the sample processing, required before deposition
onto the MALDI target plate and, secondly, the method used
for the deposition of the sample and matrix. A variety of
different clean-up procedures were investigated for the
removal of salts and other interfering substances in serum.
These included ZipTipTM clean-up and dilution of the
serum, to reduce the concentration of the contaminants. The
ZipTipTM clean-up process was effective, but led to
excessive loss of some protein constituents which were not
eluted from the tip. As a result, a 1:10 dilution of serum with
0.1 % TFA was the method of choice for all subsequent
experiments to detect proteins by MALDI/MS.

Shot to shot variability in MALDI can lead to differences in
intensity due to many factors such as variations in laser
power, matrix crystallisation during drying of the spot [5]
and the method of spotting. the dried droplet method was
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found to give the best spectral intensity and reproducibility.
in order to avoid any systematic bias in the analysis, samples
and blanks were spotted in duplicate and in randomised
order on the plate. in addition, spectra were acquired
automatically and acquisition parameters such as number of
laser shots and laser power were kept constant for all serum
and blank sample spots. random heterogeneity does not
affect the ability of anns to generalise whilst modelling
across the whole mass spectrum during bioinformatics
analysis.

Representative MALDI mass spectra from serum protein
profiling of GH treated and control mice are shown in Figure
2.

Figure 3

Figure 2: MALDI-TOF normalised mass spectra (serum
proteomic profiles) in the range 1000-25,000 for (a) mice
administered with growth hormone and (b) placebo treated
control samples.
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Mass spectrometry peaks which discriminated between

treated and control samples were not clearly evident by a
visual inspection of the mass spectrometry spectra between
m/z 1000-25000. The use of ANNSs to mine the m/z and
intensity data was therefore necessary in identifying
discriminatory ions for classifying samples into one of the
two classes under investigation. The MALDI-TOF spectrum
obtained from the analysis of the porcine GH that was
administered in the experiment is shown in Figure 3.

Figure 5

Figure 3: MALDI-TOF normalised mass spectrum in the
range 1000-30,000 for the porcine GH that was administered
to the treated sample group of mice. Insert shows the
absence of any peaks within the range 15,000 — 20,500.
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ANNS ANALYSIS OF MALDI PROTEIN DATA
Modelling Dataset

The basis of the ANNSs analysis within this study was a back
propagation algorithm applied to a multi-layer perceptron
architecture, which was constrained by two hidden nodes.
The raw m/z and intensity values were scaled linearly, so
that the smallest input in the dataset was scaled to the
minimum, and the largest input in the dataset was set to the
maximum value. This approach was adopted in an earlier
study as a method of amplifying the importance of key ions
within highly dimensional systems such as mass
spectrometry data, while producing accurate predictions and
maintaining generalization [;,].

Parameterisation: Prior to training of each model, the data
were randomly divided into three subsets to allow random
sample cross validation. This process was repeated for 20
sub-models creating 20 different training, test and validation
data splits prior to training. The validation data set was used
as a blind data set to assess the model performance for each
of the 20 sub models created. This double validation
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provided a more realistic representation of model
performance than a single validation data set [;]. the
representation of consistent patterns across multiple models
and random cross validation precludes the patterns identified
arising from random events.

Sensitivity analysis: Sensitivity analysis was conducted on
the models developed to determine the importance of each
individual input in the model. This process removed all of
the inputs singularly from the model and the error of
predictions was measured for each of the inputs removed.
The sensitivity ratio was then calculated based on the
performance with and without the given input. This
approach was based on the hypothesis that if a given input is
important its removal will have a strong negative effect on
predictive performance [4,]. however, although the approach
provided a quick first order measure of influence for a given
input, it did not provide a measure of the interaction between
inputs. to achieve this, stepwise approaches were applied to
the 2066 markers identified as important by sensitivity
analysis.

Stepwise additive approach: The stepwise approach provides
a multi-dimensional procedure for the parameterisation of
model systems and overcomes issues surrounding the
problem of dimensionality. This is associated with large
numbers of data points, generated by MALDI/MS which
results in an exponential growth of data with an increasing
number of variables. Here, large numbers of noisy variables
may cause the model to perform below optimum, due to the
suppression of important elements.

A sequence of ordinal variables was identified to explain the
predictive variation in the population. The first step
identified the primary order variables and their predictive
performance. Subsequent variables identified further
combinatorial explanations of the variation in the population
in combination with the first variable. The stepwise additive
approach identified the optimum subset of variables which
were capable of correctly predicting whether a sample was
control or treated. For each model, a subset of models was
trained using a stepwise additive approach. A set of single
input models was developed using the first marker from the
MALDI/MS proteomic profile. This single marker set
consisted of 50 sub-models trained for 50 different randomly
extracted cross validation data sets. The MSE and
percentage of validation samples correctly classified were
determined for these data along with standard errors and
confidence intervals. This modeling process was repeated for

each of the markers in the profile in effect creating 2066
single marker model sets (103,300 models) at each step. This
process resulted in the screening of 413,200 models to
determine an optimal subset of markers. The stepwise
additive approach for protein profiling identified four ions,
which together predicted 93 % of a separate subset of
validation (blind) samples correctly. The masses (m/z) of
these ions were 17201 (+ 34), 18978 (£ 38), 19860 (+ 40),
and 20190 (% 40). The mass tolerances were calculated to +
2 standard deviations from the mean, based upon studies of
intra-laboratory reproducibility (data not shown). The inset
in Fig. 2 shows mass spectral intensity variation in this
region.

Two of the biomarker ions have m/z values that are close to
those expected for the 20 kDa and 17 kDa isoforms of GH,
although it was not possible to identify these proteins or the
other protein biomarker ions from the MALDI-MS data. A
separate MALDI analysis was carried out on an aliquot of
the standard porcine GH (Figure 3) to investigate the
possibility that these two ions were directly associated with
the GH administered to the mice. The resulting mass
spectrum shows the absence of any peaks around 17 kDa and
20 kDa (Figure 3 inset) and the presence of prominent peaks
in the 21-25 kDa range. The protein biomarker ions
identified by the application of the stepwise additive
approach to the MALDI data were therefore not derived
directly from the original sample of porcine GH, which
indicates that these proteins or protein fragments, and their
associated biomarker ion intensities, were altered as a result
of downstream changes in the mouse proteome in response
to GH administration. Our experimental design has sought to
minimize the likelihood of identifying epiphenomena, other
than specific features associated with GH administration.

The sensitivity of the ANNs model (the percentage of GH
treated samples correctly classified) was 86 % (12/14 of the
GH treated samples correctly assigned), whilst the
specificity (the percentage of control samples that were
correctly classified) was 100 % (13/13 of the control
samples correctly assigned). Average predicted values from
the set of cross validated models were ranked and plotted
(Figure 4). This shows the sample population structure and
indicated individuals that were close representatives of
controls (ANNSs prediction < 1.5) or GH treated samples
(ANNSs prediction > 1.5). An outlier (sample GH 1) was
consistently incorrectly classified. This mouse showed a low
weight gain in week 1 that was close to that of the control
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group than the treated group. It may be that this was due to a
poor response to GH for this animal or failure of the osmotic
pump used to deliver GH. Either reason could explain the
apparent mis- assignment by ANNs. Model performance was
further evaluated by receiver operator characteristic (ROC)
curve analysis, and an area under the curve (AUC) value of
0.962 was obtained. An AUC of 1 indicates a model having
equal sensitivity and specificity, with perfect classification.

Figure 6

Figure 4: Sample predictions with a four (4) ion model. The
grey bars indicate known control (C1-C13) samples and the
dark bars indicate known treated samples (GH1-GH14).
Error bars based on the standard errors calculated for N=14
and N = 13 for treated and control groups.
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Model interrogation: The ANNs models were interrogated to
determine the responses to variations in a given marker,
generating a predictive response surface for the marker
which indicates the nature of its influence. This was
achieved by varying the intensity values for a given input
(keeping all others constant) to the ANNs model and
graphing the model output. Figure 5 (a-d) shows the
response curves for the ions identified by ANNs analysis.

Figure 7

Figure 5: Response curves for ions (a) 17201, (b) 18978, (c)
19860, and (d) 20190. The curves make it possible to
characterise the ions by determining whether they are
showing an increase or decrease in intensity with regards to
growth hormone administration.

(a) GH treated (b) Placebo treated controls (a) m/z 17201 (b)
m/z 18978 (c) m/z 19860 (d) m/z 20190

The results from this analysis showed three of the four
biomarker ions having strong discriminatory responses.
These response curves made it possible to characterize the
ions by determining whether they showed an increase or
decrease in intensity with regards to growth hormone
administration. Two ions, m/z 17201 and m/z 18978,
showed that with increased intensity the sample was more
characteristic of collection from an animal administered with
GH. Conversely, the more the intensity increased in ion m/z
19860, the less likely a sample was of being from the growth
hormone population, suggesting that this ion is naturally
more abundant in the control samples. The final ion
identified, m/z 20190, did not affect the sample class
irrespective of its intensity. This suggests that this ion may
play a secondary role, interacting with other ion responses in
an additive fashion to modulate the overall protein profile.

Method Reproducibility

A separate MALDI/MS dataset was obtained by a different
operator at a different time using a fresh aliquot of serum
samples, as part of an assessment of the batch-to-batch intra-
laboratory reproducibility of the method. The four-ion model
from the initial ANNSs analysis was then applied to this
dataset. This resulted in 9/13 control, and 10/14 of the GH
treated samples assigned to the correct class. The purpose of
the validation experiment for the ANN model and the mass
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spectrometry analysis was to evaluate the robustness of the
entire proteomic and bioinformatic protocol from sample
storage and handling, sample preparation, mass
spectrometric analysis through to the data processing and
ANN analysis. To help improve batch-to-batch predictability
for diagnostic modelling, sample handling and preparation
protocols have been standardised. The development of
automated sample dilution, mixing and spotting onto
MALDI target plate would be expected to reduce variability
in sample preparation and to further improve method
reproducibility.

CONCLUDING REMARKS

Our results show that MALDI mass spectrometry in
combination with ANNS has potential as a rapid screening
tool for predicting GH administration, with good sensitivity
and specificity. The approach overcomes problems with
existing procedures. The ability to predict GH administration
is evident, and future studies involving a larger sample set
would be expected to improve the reproducibility of the
predictive performance of the model once potential sources
of variability have been eliminated or reduced.
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