
VU Research Portal

A whiff of C-diff:

Bomers, M.K.

2017

document version
Publisher's PDF, also known as Version of record

Link to publication in VU Research Portal

citation for published version (APA)
Bomers, M. K. (2017). A whiff of C-diff: using scent detection to diagnose Clostridium difficile infection. [PhD-
Thesis - Research and graduation internal, Vrije Universiteit Amsterdam].

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

            • Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
            • You may not further distribute the material or use it for any profit-making activity or commercial gain
            • You may freely distribute the URL identifying the publication in the public portal ?

Take down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately
and investigate your claim.

E-mail address:
vuresearchportal.ub@vu.nl

Download date: 23. May. 2023

https://research.vu.nl/en/publications/397e723a-e40d-44a7-bd78-92e8257fc377


Chapter 6

Rapid, accurate, and on-site detection of 
C. difficile in stool samples.

MK Bomers, FP Menke, RS Savage, CMJE 
Vandenbroucke-Grauls, MA van Agtmael,  

JA Covington, YM Smulders. 
Am J Gastroenterol. 2015;110:588-94.



Chapter 6

84

Abstract

Background
A rapid test to diagnose C. difficile infections (CDI) on hospital wards could 
minimize common but critical diagnostic delay. Field Asymmetric Ion Mobility 
Spectrometry (FAIMS) is a portable mass-spectrometry instrument, which 
quickly analyses the chemical composition of gaseous mixtures (e.g. above a 
stool sample). Can FAIMS accurately distinguish C. difficile positive from negative 
stool samples?

Methods 
We analysed 213 stool samples with FAIMS, of which 71 were C. difficile 
positive by microbiological analysis. The samples were divided into training, 
test, and validation samples. We used the training and test samples (n=135) 
to identify which sample characteristics discriminate between positive and 
negative samples, and to build machine learning algorithms interpreting these 
characteristics. The best performing algorithm was then prospectively validated 
on new, blinded validation samples (n=78). The predicted probability of CDI (as 
calculated by the algorithm) was compared to the microbiological test results 
(direct toxin test and culture). 

Results
Using a Random Forest classification algorithm, FAIMS had a high discriminatory 
ability on the training and test samples (C-statistic 0.91 [95% CI: 0.86-0.97]). 
When applied to the blinded validation samples, the C-statistic was 0.86 (0.75-
0.97). For samples analysed ≤ 7 days of collection (n=76), diagnostic accuracy was 
even higher (C-statistic: 0.93 [0.85-1.00]). A cut-off value of 0.32 for predicted 
probability corresponded with a sensitivity of 92.3% (95% CI: 77.4-98.6%) and 
specificity of 86.0% (78.3-89.3%). For even fresher samples, discriminatory 
ability further increased. 

Conclusions
FAIMS analysis of unprocessed stool samples can differentiate between C. 
difficile positive and negative samples with high diagnostic accuracy. 
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Introduction

Clostridium difficile infection (CDI) is a common healthcare-associated 
infection, and is particularly prevalent in the elderly and in patients who have 
received antimicrobial agents. Symptoms range from mild diarrhoea to severe 
pseudomembranous colitis and toxic megacolon. Since 2000, this infection has 
become increasingly prevalent, and more severe forms of the disease have 
emerged. Large hospital outbreaks have required ward closures and extensive 
infection control measures.(1–3)

Early and rapid identification of CDI is important for outbreak prevention 
and containment.(4) Many different tests are available, used singularly or in 
combination for either the detection of the bacterium, its genes, its antigens, or 
its toxins.  In general, these tests are performed in a laboratory environment. As 
a consequence, efficient diagnosis depends not only on timely clinical suspicion, 
but also on the logistics of getting stool samples to the laboratory and the time 
required to process samples. Inefficient logistics and laboratory procedures can 
contribute to diagnostic delay, which leads to delay in treatment and infection 
control measures. Collectively, such factors contribute to a mean time from onset 
of symptoms to start of treatment that usually ranges from 2.8 to 7.7 days.(5,6) 

During this time, contamination of other patients and hospital staff is a risk.
Immediate detection of C. difficile in unprocessed stool samples on hospital 
wards would be ideal. Since C. difficile was identified as the major causative 
micro-organism of antibiotic associated diarrhoea in the 1970’s, its typical 
smell has been frequently described as resembling horse manure. Our sense of 
smell depends on the ability of specialized sensory cells of the nose to respond 
to gases and volatile organic compounds (VOCs). Diseases such as infections 
and malignancies, can be associated with specific VOC profiles, for example 
originating from micro-organisms or from changes in host metabolism, and thus 
have a different odour. The ability of the human nose to identify CDI has been 
the subject of several studies. Although the smelling capacity of mankind is far 
from perfect, nurses’ noses performed better than expected by chance alone. (7,8)  
The smelling capacity of many animals, such as dogs, far exceeds that of humans. 
Recently, we published a study showing that a trained scent-detection dog is 
very capable of distinguishing C. difficile positive from negative stool samples.(9)  
Furthermore, the dog could also be used in the clinic: he was capable of 
identifying hospital patients with CDI by simply walking past their beds.(9) The 
use of dogs or other animals in hospitals, however, has obvious drawbacks.
Attempts to replace the biological olfactory system by standardized hardware 
has resulted in several types of electronic noses (Enoses) and gas phase analysers 
such as gas chromatography combined with mass spectrometry (GCMS). These 
analyse the volatile compounds in the air above a liquid or solid sample, also 
referred to as ‘headspace analysis’. In the medical field, scent detection studies 
have, for example, been on pulmonary diseases (e.g. COPD, asthma) and 
malignancies (e.g. lung and colorectal cancer)(10-13), but also on gastrointestinal 
diseases like C. difficile infection.(14-18) VOCs emanating from faeces samples of 
patients with CDI are found to differ from samples of healthy controls and patients 
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with other gastrointestinal diseases. The diversity of VOCs of C. difficile-infected 
stool is considerably smaller, e.g. contain less (fatty) acids, esters and organic 
sulphur compounds, but more butanol and furans.(14,15) Both Enoses and Solid 
Phase Micro Extraction (SPME) GCMS have been used to study the production 
of VOCs in the headspace above stool samples in a specific culture broth or 
above pure cultures. Both could discriminate between different bacteria in pure 
culture(16,17) and even between C. difficile positive and negative samples.(14,18)  
Automated headspace analysis of a stool sample may offer the ideal rapid, 
sensitive, and standardized method for detection of C. difficile in stool samples 
at the bedside.  However, the techniques described have practical drawbacks, 
including the requirement of expensive and large equipment, drifting of sensors 
after calibration, and dependence on bacterial growth in a culture medium. 
These drawbacks compromise their suitability as a point-of-care diagnostic test.   
Field Asymmetric Ion Mobility Spectrometry (FAIMS) is a mass spectrometry 
technique that can be used to separate complex mixtures of molecules based 
on their different mobilities (which relate to size and mass) in high and low 
electric fields. FAIMS has a number of advantages over more traditional 
analytical techniques (such as GCMS) as it operates at room temperature, 
does not require the use of specific gases and doesn’t suffer from sensor drift. 
Recently, a portable self-contained FAIMS instrument was developed, with 
its chemical detection system on a ‘dime-sized’ chip. Whether unprocessed 
C. difficile positive stool samples can be distinguished from negative stool 
samples by FAIMS through direct analysis of their headspace is not known. In 
the present study we aimed to determine the diagnostic accuracy of FAIMS for 
direct detection of C. difficile in stool samples.

Methods 

General study outline
In this study, we aimed to determine whether unprocessed C. difficile positive 
stool samples can be distinguished from negative stool samples by FAIMS 
analysis of their headspace. All stool samples used were tested for C. difficile 
by direct toxin enzyme immunoassay (EIA) and anaerobic culture as reference 
standard. The study was done in three phases (see figure 1). First we analysed 
a number of unblinded C. difficile positive and negative samples by FAIMS. The 
amount of data points acquired by FAIMS per analysed sample is very large. For 
the interpretation of results we therefore tried several complex mathematical 
algorithms, to see whether samples can be categorized as either C. difficile 
positive or negative based on their FAIMS characteristics. The samples used 
to ‘build’ the classification algorithms are referred to as the ‘training samples’. 
Next, these algorithms were tried on a second, unblinded sample set to ascertain 
which algorithm performed best on new, different samples. The samples used 
here are referred to as the ‘test’ samples. In the 3rd phase, the best performing 
algorithm was validated on a new set of blinded stool samples (the validation 
samples) to formally assess its diagnostic accuracy on samples that were not 
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used during algorithm development. The researcher training and testing the 
algorithms was unaware of (blinded to)  the C. difficile status of the validation 
samples.

FAIMS technology
For this study a commercially available FAIMS instrument was used (Lonestar®, 
Owlstone inc., UK) (figure 2a). FAIMS uses an oscillating electric field to separate 
different gaseous ions based on how they move through this electrical field 
(mobility), which relates to size and mass (figure 2b).(19) It can be used for the 
real-time analysis of complex gases, looking at the pattern of total chemical 
composition (the ‘chemical fingerprint’) of a sample rather than the individual 
components. Separate spectra are obtained for positive and negative ions. For 
this study, we used the following settings: the dispersion field (which relates 
to the magnitude of the applied electric field) was varied between 0-100% in 
51 steps and the compensation voltage (to regulate which ions (i.e. with what 
mobility) reach the sensor) from -6V to +6V in 512 steps. This generates two 
matrixes (one for positively and one for negatively charged ions)with a total of 
52,224 data points per sample run. Each sample was run three times. The first 
run can be affected by the environment that the sample was collected in (i.e. the 
hospital ward) and this matrix is therefore discarded; thus for the analysis we 
used only the second and third matrix. An example of FAIMS output of a stool 
sample analysis is shown in figure 2c. 

Samples 
In this study we used stool samples of patients with a clinical suspicion of CDI 
that were sent to the microbiology laboratory to test for C. difficile. Between 
March 2013 and July 2013, we prospectively collected all consecutive C. difficile 
positive samples, plus one to three negative samples (per positive sample). 
Samples were taken from patients in two Amsterdam hospitals, the VU University 
medical centre (a tertiary clinical care centre) and the Onze Lieve Vrouwe 
Gasthuis (a large teaching hospital). The vast majority of samples came from 

n= 213 stool samples available for FAIMS analysis
(all samples were tested for C. difficile by direct toxin EIA test 

and anaerobic culture as reference standard)

Training phase:
Unblinded
‘training samples’ 
were used to 
build 
classification 
algorithms.
n= 90 samples

Test phase:
Unblinded ‘test 
samples’ were used to 
test algorithms and 
select best performing 
algorithm for phase 3.
n= 45 samples

Validation phase:
Blinded ‘validation 
samples’ were used 
to assess diagnostic 
accuracy of the 
selected algorithm.
n= 78 samples

Figure 1: flow diagram of the study design. EIA= enzyme immunoassay
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patients admitted to the hospital on either a medical or surgical ward. Patients 
were 54 % male, 46% female with a median age of 64 years (interquartile range 
(IQR) 50-75 years). 
The negative samples were randomly chosen from all samples that were available 
for C. difficile testing in the microbiology laboratory on that day. We aimed to 
collect 2 negative samples per positive sample from the same day. On the rare 
occasion that no two negative samples were available, we compensated this with 
an extra negative sample on the next occasion. Negative samples were chosen at 

Figure 2a, b and c: Lonestar® Field Asymmetric Ion 
Mobility Spectrometer (FAIMS). 
Figure 2a: the (stool) sample is placed in a glass jar in 
the black bottle holder on the left; the headspace gas is 
guided to the ionization source, separation plates and 
sensor, which are located on a ‘dime-sized’ chip inside 
the computer. 
Figure 2b: FAIMS separates complex mixtures of 
different gaseous ions based on how they move 
through an oscillating electric field. Volatile compounds 
and gases released from a sample (in this case the 
headspace of a stool sample) are transported by a 
carrier gas (dry, clean air) into the FAIMS unit. Here, 
the sample is first ionized by a nickel-63 beta radiation 

source. Ionized molecules then pass between two plates to which an electric field waveform is 
applied. The applied peak-to-peak voltage of the electric field (or dispersion field [DF]) varies with 
a proportionate effect on an ion’s mobility. The electric field waveform is asymmetric, thus a high 
positive voltage is applied for a short period of time and a low negative voltage is applied for a 
longer period. However, the net force over a time period is zero. Ions that have the same mobility 
in high and low electric fields create a “saw tooth” path on their way through the two plates and 
drift towards the sensor at the end (red molecules in figure). If an ion is pulled to one side in the 
electric field, it contacts the plate on which its charge is lost and the molecule does not reach the 
sensor (blue and purple molecules). To counter this effect a voltage is applied to the plate, known 
as the Compensation Voltage (CV). Depending on their charge, ions are again repelled or attracted 
to the plate; therefore the CV is another determinant of which molecules reach the sensor. Both 
the DF and CV are stepped through a range of values, which results in different ions reaching the 
sensor as a function of applied DF and CV potential. This creates a 3D map of chemical components 
(or the ’chemical fingerprint’) of a sample, as shown in figure 2c. The whole procedure of sample 
analysis takes less than 10 minutes.

a b

c
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random, however if available we preferred the fuller vials over those with only 
little stool. The selection of negative samples was done after and based on the 
toxin EIA test result. Since the culture results were often not available yet at this 
moment, it did occur on some occasions that a sample with a negative toxin EIA 
result was later classified as a positive sample based on a positive culture result 
(7 samples in the training & test phase and 8 in the validation phase; see table 1).
Samples were analysed in the microbiology laboratory with a direct toxin enzyme 
immunoassay (VIDAS® enzyme immunoassay (EIA) Clostridium difficile A& B), and 
by anaerobic culture followed by toxin EIA on the cultured strain, if applicable. 
Negative stool samples had both a negative result in the direct toxin test on 
the stool sample and a negative culture (or culture of a non- toxin producing  
C. difficile strain). In our clinical practice, samples are considered positive if a 
toxin-producing C. difficile strain is cultured from a stool sample, even if a direct 
toxin test on the stool sample is negative, even though this could indicate 
colonization rather than infection. In the building of our algorithm (using our 
training and test samples), we made the same assumption, i.e. positive cultures 
with negative direct toxin tests were classed as positive. The research protocol 
was approved by the institutional review boards in both hospitals. 
The samples were stored at 4oC until analysis. For FAIMS analysis, we mixed 
approximately 0.5 ml of stool sample with 10 ml tap water in a clean glass jar. 
Clean compressed room air (0.1 MPa) was used as the carrier gas to move the 
sample headspace into the FAIMS instrument. The flow rate over the sample was 
2 L/min, with the temperatures set at 350 C for the sample/ bottle holder, 700 C 
for the lid and 100 0 C for the filter region. Each sample was analysed three times 
sequentially, producing three matrixes; one matrix typically takes 180 seconds. 
Between samples, we refreshed the air in the FAIMS by analysing the headspace 
of a clean jar with only water. 

Analysing the training set; training, testing and validating a classification 
algorithm
Because of the large amount of data-points, the data were pre-processed to 
aid in extracting signals from the data. The data was first concatenated into 
a 1D array formed of 52,224 data points to which a wavelet transform was 
applied (Daubechies D4). Wavelet transforms are a common method of data 
reduction used for audio and image compression (for example in JPEG 2000). It is 
particularly suited to separate small/hidden signals of one frequency swamped 
by a much larger signal of a different frequency. Once the wavelet transform was 
applied, coefficients below a given threshold were removed on the basis that 
these are dominated by noise. Next, a Wilcoxon rank-sum test was used on the 
training set to identify which features were most informative in discriminating 
between positive and negative samples. The variance threshold and the 
number of features kept from the Wilcoxon analysis were optimized using 
cross-validation on the training set, in order to optimize discrimination. Three 
machine learning classification algorithms, which are computational algorithms 
capable of identifying important patterns in large data sets, were then applied 
to the training and test set data: Sparse Logistic Regression (using R package 
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‘glmnet’; open source software by the R Foundation for Statistical Computing, 
Austria), Random Forests (using the R package ‘randomForest’), and a Support 
Vector Machine (using the R package ‘’kernlab”).(20) The best performing 
algorithm was subsequently validated on a new, blinded set of stool samples 
(the validation samples) to assess its diagnostic accuracy on samples that were 
not used during algorithm development. The algorithm’s diagnostic accuracy 
was then determined by comparing the predicted probability(as calculated by 
the algorithm) to the microbiological test results with IBM SPSS Statistics version 
20 (IBM, United States). Medians of probability were compared between groups 
(e.g. between the known positive and known negative group) by means of a 
Wilcoxon rank-sum test. 

Results

Sample characteristics
In total, 213 stool samples were collected. The training and test set included 135 
samples (of which 45 were C. difficile positive);78 samples (of which 26 were C. 
difficile positive) were used for blinded validation (see table 1). The majority of 
the samples (65%) were analysed within 2 weeks after collection.

The training and test samples
Out of the three different classification algorithms, the Random Forest 
classification algorithm proved most accurate on the training and test set. The 
median predicted probability for negative samples was 0.17 (IQR): 0.20; n=81) and 
for the (direct toxin and culture) positive samples 0.94 (IQR 0.44; n=45);(p<0.001). 
The C- statistic (or area under the receiver operating characteristic (ROC) curve) 
for these samples was 0.91 (95% confidence interval (CI): 0.86-0.97). For the 
samples with inconsistent direct toxin test and culture results, probabilities were 
as follows: ‘toxin negative/ culture positive’: median 0.33 (IQR: 0.19; n=7) and 
‘toxin intermediate/culture positive’: median 0.70 (n=2).

Stool sample characteristics Training and  
test-set 

Validation- set Total  

 Toxin negative, culture negative 81 43 124 
 Toxin positive, culture positive 45 26 71 
 Toxin  negative, culture positive 7 8 15 
 Toxin intermediate, culture positive 2 1 3 
Total 135 78 213 
 ‘Toxin’ refers to the direct toxin enzyme immunoassay (EIA) test on the stool sample; ‘culture’ 

refers to whether or not a toxin- producing C. difficile strain was cultured.

Table 1: Laboratory test results for the different sample sets.
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The validation samples
Next, we tested the Random Forest classification algorithm on the blinded 
validation samples. The predicted probabilities for the different samples in the 
validation set were as follows: median for the negative samples: 0.18 (IQR: 0.18; 
n=43) and median for the (direct toxin and culture positive samples) positive 
samples: 0.82 (IQR: 0.50; n=26), respectively(p<0.001); with a C-statistic of 
0.86 (95%CI: 0.75-0.97). For the samples with inconsistent direct toxin test and 
culture results, probabilities were as follows: ‘toxin negative/ culture positive’: 
median 0.31 (IQR: 0.56; n=8), ‘toxin intermediate/ culture positive’: 0.46 (n=1).

Effect of sample age
When the analysis was restricted to stool specimens that were analysed within 
7 days of sampling (from both the training, test and validation set), the overall 
diagnostic accuracy further improved, as is demonstrated in figure 3a and b. 
The median of the negative samples was 0.19 (IQR: 0.18; n=50); compared 
to a median of 0.94 (IQR: 0.38; n=26) in the (direct toxin& culture) positive 
samples(p<0.001); with a C-statistic of 0.93 (95%CI: 0.85-1.00). By definition, 
sensitivity and specificity vary with the cut-off chosen for predicted probability. 
For the samples analysed ≤ 7 days of collection, a cut-off value of 0.32 for 
predicted probability corresponded to a sensitivity of 92.3% (95%CI: 77.4-98.6%) 
and specificity of 86.0% (78.3-89.3%). At a cut-off value of 0.37, sensitivity was 
88.5% (73.5-96.5%) and specificity was 90.0% (82.2-94.2%). 
For samples analysed within 5 days, the C-statistic is 0.94 (0.85-1.00; n=45, of 
which 16 positive); and for samples analysed within 2 days the C-statistic is 
better still: 0.98 (0.92-1.00; n=16, of which 4 are positive). The discriminatory 
power for the different ‘sample age’ groups in given in table 2. 

Figure 3a and b: Predicted probability of a sample being positive in the samples analysed ≤ 7 days 
(from training, test and validation sample sets). 
Figure 3a shows the boxplot for the (toxin and culture) negative samples and (toxin and culture) 
positive samples, with the median and its quartiles. Outliers (points) are values between 1.5 
interquartile range (IQR) and 3 IQR’s from the end of a box. Extreme outliers (asterisks) represent 
cases with values over three times IQR. Figure 3b represents the ROC curve for the (toxin and 
culture) negative and (toxin and culture) positive samples.

Negative Samples Positive Samples

Pr
ed

ic
te

d 
Pr

ob
ab

ili
ty

1-Specificity

Se
ns

iti
vi

ty

ROC Curve



Chapter 6

92

Other infections found in the samples
Since CDI is the major infectious cause of hospital acquired diarrhoea, in our 
hospital it is custom to test stool samples of patients with hospital-acquired 
diarrhoea only for C. difficile, unless explicitly requested otherwise. Other 
infectious causes of diarrhoea that were tested included: cultures for Salmonella, 
Shigella, Yersinia and/ or Campylobacter species (n=82 samples) or O157 E. coli 
(n=1), an antigen test and/ or PCR for rotavirus (n=3), norovirus  (n=4), and 
adenovirus (n=3), microscopic examination for presence of parasites (n=11). 
Only four samples had a positive result: 2x Campylobacter jejuni , 1x Salmonella 
group D in 3 C. difficile negative samples with low predicted probabilities of 0.04, 
0.14 and 0.05 respectively, and 1x Aeromonas hydrophila/caviae on the Yersinia 
spp culture plate in a C. difficile positive sample with a high predicted probability 
of 0.68.

Discussion

This article demonstrates the feasibility of rapid and accurate point-of-care C. 
difficile testing in unprocessed stool samples. The test is fast (<10 minutes) and 
can be performed on hospital wards. 
What does FAIMS detect? There is probably not a single unique VOC that 
distinguishes C. difficile samples from stool of healthy donors or other 
gastrointestinal diseases. More likely, C. difficile samples appear to have their 
own unique complex VOC fingerprint. This is not surprising, since in patients with 
infection, the bacterial composition of the gut flora alters. Since different bacteria 
have different metabolic pathways, these alterations affect the proportions of 
metabolic compounds they consume and produce, and hence of the VOCs in the 
headspace. It is probably these differences that enable discrimination by FAIMS. 
Study limitations leave room for improvement. The number of samples was 
sufficient to obtain impressive results, but still relatively limited in absolute terms.  
Since CDI is the major infectious cause of hospital acquired diarrhoea, in our 

Sample age in days 
(median)  

n (positive) C-statistic (95% confidence interval) 

All (10) 195 (71) 0·89 (0·84-0·95) 

≤ 14 (7) 132 (48) 0·88 (0·81-0·95) 

≤ 7 (5) 76 (26) 0·93 (0·85-1·00) 

≤ 5 (3) 45 (16) 0·94 (0·85-1·00) 

≤ 2 (2) 16 (4) 0·98 (0·92-1·00) 

 

Table 2: Discriminatory power of FAIMS, depending on sample age.

Sample age refers to number of days between sample collection and sample analysis. ‘n’ 
represents the total number of samples in the group; only samples with consistent toxin test 
and culture results (see table 1) are presented (i.e. toxin negative/ culture negative samples 
and toxin positive/ culture positive samples).
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hospital it is custom to test stool samples of patients with hospital-acquired 
diarrhoea only for C. difficile, unless explicitly requested otherwise. Therefore, 
the majority of samples were only tested for CDI. For the samples that tested 
positive for another infection (e.g. Campylobacter jejuni) the predicted probability 
for C. difficile was accurate, but the number of positive results (n=4) is too few 
to draw any definite conclusions with regards to FAIMS findings. Therefore, we 
cannot rule out any cross reactivity with other infectious causes of diarrhoea. On 
the other hand, all our patients were tested on the basis of a clinical suspicion 
of CDI (e.g. because it involved a hospitalized patient with antibiotic associated 
diarrhoea) and therefore the results are very generalizable to daily practice. 
Secondly, previous research involving headspace analysis of various causes of 
diarrhoea has shown that different infections and diseases have their own distinct 
VOC characteristics, as described before.  
In the training and testing phase, we made the assumption that samples with a 
negative toxin EIA but a positive culture (with a C. difficile strain that itself has 
a positive toxin EIA and is thus considered ‘toxin-producing’) are positive for 
toxigenic C. difficile, and these patients are therefore considered to have CDI. 
However, it is likely that these patients are a mixture of those with actual CDI with 
a relatively low colonic toxin load, and those merely colonized with C. difficile, 
who have a different explanation for their diarrhoea. With regards to FAIMS 
results, this heterogeneous group (direct toxin negative, culture positive) has 
a very intermediary predicted probability (median 0.31 with a wide IQR: 0.56); 
which is around the suggested cut-off value (0.32-0.37). Future research will 
show whether FAIMS can actually discriminate the colonized from the C. difficile 
infected  patients, as suggested by this finding. 
In addition, although we aimed to analyse the stool samples as quickly as possible, 
most samples were kept at 4 oC for up to two weeks before they were analysed. 
We cannot exclude the possibility that the VOC composition changes during this 
time. However, despite the time delay, the overall results are promising. It is 
particularly relevant in this respect, that the fresher the samples were (≤14 days 
versus ≤ 7 days versus ≤5 days versus ≤ 2 days), the more accurate the algorithm. 
So with point-of-care testing on a daily basis on a hospital ward, the results may 
even more positive. Technically, the step from our findings to automated routine 
scent analysis on the many stool samples produced on wards is relatively small. 
The mathematical analysis of the FAIMS reading, which was now performed 
afterwards with extra software on a separate computer, can be integrated into 
the FAIMS computer to make the complete stool sample analysis and test result 
instantly available. Besides compressed air, clean glass jars and water, the sample 
and device do not require specialized preparations, gases or solutions; the device 
is compact, it doesn’t suffer from significant sensor drift and it operates quickly and 
at room temperature. Theoretically, integrating such a VOC analyser in a bed pan 
drain washer en thus equipping the machine with a ‘C-diff alarm’ would be feasible. 
In conclusion, FAIMS analysis of stool samples can accurately discriminate  
C. difficile positive from negative samples. Moreover, it is easy to use, quick and 
accurate. It has the potential of a very useful tool in the diagnosis of C. difficile 
infections, not only in the laboratory, but even on hospital wards. 



Chapter 6

94

References
1.  Loo VG, Poirier L, Miller MA, et al. A predominantly clonal multi-institutional outbreak of 

Clostridium difficile-associated diarrhoea with high morbidity and mortality. N Engl J Med 
2005;353:2442-2449. 

2.  Freeman J, Bauer MP, Baines SD, et al. The changing epidemiology of Clostridium difficile 
infections. Clin Microbiol Rev 2010;23:529-549.

3.  Rupnik M, Wilcox MH, Gerding DN.Clostridium difficile infection: new developments in 
epidemiology and pathogenesis. Nat Rev Microbiol 2009;7:526-536.

4.  Muto CA, Blank MK, Marsh JW, et al.Control of an outbreak of infection with the hypervirulent 
Clostridium difficile BI strain in a university hospital using a comprehensive “bundle” 
approach. Clin Infect Dis 2007;45:1266-1273. 

5.  Frenz MB, McIntyre AS. Reducing delays in the diagnosis and treatment of Clostridium 
difficile diarrhoea. QJM 2003;96:579-582.

6.  Scheurer D.  Diagnostic and treatment delays in recurrent Clostridium difficile-associated 
disease. J Hosp Med 2008;3:156-159.

7.  Burdette SD, Bernstein JM. Does the nose know? The odiferous diagnosis of Clostridium 
difficile-associated diarrhoea. Clin Infect Dis 2007;44:1142.

8.  Johansen A, Vasishta S, Edison P, et al. Clostridium difficile associated diarrhoea: how good 
are nurses at identifying the disease? Age Ageing 2002;31:487-488.

9.  Bomers MK, van Agtmael MA, Luik H, et al. Using a dog’s superior olfactory sensitivity 
to identify Clostridium difficile in stools and patients: proof of principle study. BMJ 
2012;345:e7396.

10.  Fens N , Zwinderman AH, van der Schee MP, et al. Exhaled breath profiling enables 
discrimination of chronic obstructive pulmonary disease and asthma. Am J Respir Crit Care 
Med 2009;180:1076-82. 

11.  Kharitonov SA, Barnes PJ. Exhaled biomarkers. Chest 2006;130:1541-6.
12.  Westhoff M, Litterst P, Freitag L, et al. Ion mobility spectrometry for the detection of volatile 

organic compounds in exhaled breath of patients with lung cancer: results of a pilot study. 
Thorax 2009;64:744-8.

13.  de Boer NK, de Meij TG, Oort FA, et al. The scent of colorectal cancer: detection by volatile 
organic compound analysis. Clin Gastroenterol Hepatol 2014;12:1085-9.  

14.  Probert CS, Jones PR, Ratcliffe NM. A novel method for rapidly diagnosing the causes of 
diarrhoea. Gut 2004;53:58-61.

15.  Garner CE, Smith S, de Lacy Costello B, et al.Volatile organic compounds from faeces and 
their potential for diagnosis of gastrointestinal disease. FASEB J 2007;21:1675-1688.

16.  Pavlou A, Turner AP, Magan N. Recognition of anaerobic bacterial isolates in vitro using 
electronic nose technology. Lett Appl Microbiol 2002;35:366-369. 

17.  Bruins M, Bos A, Petit PL, et al.Device-independent, real-time identification of bacterial 
pathogens with a metal oxide-based olfactory sensor. Eur J Clin Microbiol Infect Dis 
2009;28:775-780.

18.  Tait E, Hill KA, Perry JD, et al. Development of a novel method for detection of Clostridium 
difficile using HS-SPME-GC-MS. J Appl Microbiol 2014;116:1010-1019. 

19.  Shvartsburg AA, Smith RD, Wilks A, et al. Ultrafast differential ion mobility spectrometry at 
extreme electric fields in multichannel microchips. Anal Chem 2009;81:6489-6495.

20.  Greene CS, Tan J, Ung M, et al. Big Data Bioinformatics. J Cell Physiol 2014; Epub ahead of 
print.doi: 10.1002/jcp.24662.






