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Abstract. Background: Near-infrared spectroscopy (NIRS) has recognized potential but limited application for non-invasive di-
agnostic evaluation. Data analysis methodology that reproducibly distinguishes between the presence or absence of physiologic
abnormality could broaden clinical application of this optical technique.

Methods: Sample data sets from simultaneous NIRS bladder monitoring and invasive urodynamic pressure-flow studies
(UDS) are used to illustrate how a diagnostic algorithm is constructed using classification and regression tree (CART) analysis.
Misclassification errors of CART and linear discriminant analysis (LDA) are computed and examples of other urological NIRS
data likely amenable to CART analysis presented.

Results: CART generated a clinically relevant classification algorithm (error 4%) using 46 data sets of changes in chro-
mophore concentration composed of the whole time series without specifying features. LDA did not (error 16%). Using CART
NIRS data provided comparable discriminant ability to the UDS diagnostic nomogram for the presence or absence of ob-
structive pathology (88% specificity, 84% precision). Pilot data examples from children with and without voiding dysfunction
and women with mild or severe pelvic floor muscle dysfunction also show potentially diagnostic differences in chromophore
concentration.

Conclusions: CART analysis can likely be applied in other NIRS monitoring applications intended to classify patients into
those with and without pathology.
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LUTS Lower urinary tract symptoms;
NIRS Near-infrared spectroscopy;

NLUTD Non-neurogenic lower urinary tract dysfunction;
PCA Principal component analysis;
tHb Total hemoglobin;

UDS Urodynamic pressure-flow studies.

1. Introduction

Recent detailed reviews summarize the evolution of near-infrared spectroscopy (NIRS) and describe
the basic principles, instrumentation, advantages and limitations of this optical technique in the context
of multiple research and clinical applications [1,2,7,11,25,34,35]. Methods have been developed to quan-
tify a significant number of oxygenation and hemodynamic parameters [34] and successfully monitor a
variety of tissues and organs [1,2,7,15,25,34,35]. Initial research using NIRS predominantly investigated
cerebral oxygenation [7,15,25,34,35] and a major current application is the study of skeletal muscle
metabolism [1,2,7,11,34]. Research applications predominate [7,15,25,34], but examples of methodolo-
gies with clinical relevance are reported [3,9,15,21,24,30,35] including non-invasive investigation of
voiding dysfunction in adults [18,31,32] and children [27]. However, while the ability to employ NIRS
clinically is recognized to be attractive for many reasons [9,11,15,32,34,35] to become clinically relevant
further studies are required to define NIRS parameters associated with normal and pathological function,
confirm the reproducibility of NIRS data and diagnostic criteria, and define analysis methodology that
enables NIRS monitoring to be used to answer clinical questions [9,23,34].

The principle chromophores of interest in NIRS monitoring of human tissue are the oxygenated and
reduced forms of hemoglobin, O2Hb and HHb, respectively [7,34]. In many monitoring applications it is
the pattern and magnitude of change in O2Hb and HHb that are of principal interest [7,23,25,34]. Even
though this data provides changes in chromophore concentration from baseline, rather than quantified
values [7,15,34] the well-recognized patterns of change occurring in response to known physiologic
events such as hypoxia, ischemia and changes in blood volume can be of considerable clinical value
[3,7,11,15,25]. Hence, NIRS monitoring allows novel insights into changes in tissue oxygenation and
hemodynamics [2,34,35], and in many clinical situations such data is unique as it cannot readily be
obtained by other means.

A recent example is the data obtained using NIRS to monitor the changes in [ΔO2Hb], [ΔHHb], and
total hemoglobin (tHb) that occur in the bladder detrusor muscle as the organ empties during the voiding
cycle [18,32]. Such changes in chromophore concentration monitored transcutaneously during simulta-
neous NIRS and invasive urodynamic pressure-flow studies (UDS) are recognized to provide physiologic
information related to bladder oxygenation and hemodynamics [18,23]. NIRS has relevance as a method
for investigating bladder dysfunction because chronic pressure elevation within the urinary tract is recog-
nized to cause pathological changes which alter the dynamics of bladder blood flow and oxygen supply
and demand [10]. Also, because the non-invasive nature of the technique is attractive to patients who
have low tolerance for the catheterization UDS involves. However, in spite of the desirability of NIRS
evaluation of bladder dysfunction, as with other applications using NIRS, such monitoring requires data
analysis methodology that enables clinicians to reliably distinguish between normal and pathological
states in order to be relevant clinically.

In this context an algorithm was initially developed that incorporated NIRS-derived changes in chro-
mophore concentration to classify patients for the presence or absence of bladder outlet obstruction
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(BOO) and the ability of this algorithm compared to the ‘gold standard’ of UDS classification using
pressure-flow data applied to the Abrams–Griffiths nomogram [14]. The algorithm combined three non-
invasive parameters: (1) the positive or negative trend in O2Hb during voiding, (2) maximum urine flow
rate (Qmax) and (3) residual urine volume (PVR). This algorithm had comparable discriminant ability to
UDS classification for the presence or absence of BOO in symptomatic men [18]. Recently similar di-
agnostic accuracy was obtained just using changes in [ΔO2Hb] and [ΔHHb] and an algorithm generated
by mathematical modeling and Classification and Regression Tree (CART) analysis [31].

As we believe this method of analysis could be applicable in other research and clinical applications
using NIRS monitoring, this paper describes the principles and process required to apply CART analysis
to NIRS data and develop a diagnostic algorithm. Data sets from the NIRS diagnostic method for BOO
are used as examples, and additional data presented that also appears ideally suited to CART analysis and
construction of diagnostic algorithms intended to classify patients into those with and without pathology.

2. Materials and methods

2.1. Participants and instruments

The NIRS data sets used as examples were obtained from a cohort of male subjects presenting with
lower urinary tract symptoms (LUTS) evaluated using simultaneous UDS and NIRS monitoring, as
described previously [31]. The sensor patch of a laser-powered NIRS instrument with 3 wavelengths
(785, 808 and 830 nm) was applied to the skin to locate the optodes 2 cm above the pubic bone across
the midline over the bladder [17]. The source-detector separation was 4 cm to optimize penetration of
photons to the anterior wall of the bladder and the detrusor muscle. Data was collected at 6 Hz and a
conventional algorithm used to generate chromophore concentrations from raw optical density changes,
and real-time graphic display of O2Hb, HHb and tHb [17].

Additional data to further illustrate the potential relevance of CART-derived diagnostic algorithms
comes from two pilot studies where the number of participants is insufficient as yet for CART analysis.
In pilot 1 asymptomatic children and a cohort requiring investigation for a common form of voiding
dysfunction, non-neurogenic lower urinary tract dysfunction (NLUTD), were monitored using NIRS
[16] during voluntary bladder emptying (natural voiding) [27]. NLUTD is currently poorly understood
in terms of the physiology underlying these children’s symptoms and difficult to diagnose. The NIRS
instrument was a miniature wireless device [28] positioned on the abdominal skin in the same location
as the optode patch of the laser-powered device [17]. The light source has 3 paired light emitting diodes
with wavelengths of 760 and 850 nm separated from a silicon photodiode to provide source-detector
separation distances of 3, 3.5 and 4 cm. Data was collected at 10 Hz. In pilot 2 muscle function in
women with varying degrees of pelvic floor dysfunction was evaluated during voluntary contractions,
using a laser-powered NIRS instrument (Oxymon, Artinis BV, The Netherlands), [33] with a vaginal
probe that incorporates a NIRS emitter and 2 sensors [29]. Monitoring data was converted to graphs
of change in chromophore concentration by proprietary software; the same algorithm was used in both
NIRS instruments [33]. The patterns of change and trends in O2Hb, HHb and tHb during voiding (pilot 1)
and pelvic floor contraction (pilot 2) were compared between normal and symptomatic subjects.

2.2. Data analysis

Urodynamic data was first analyzed using standard UDS methodology [22]; patients were classified
for the presence or absence of bladder outlet obstruction by plotting the values of maximum urine
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flow rate Qmax and detrusor pressure at maximum flow rate Pdet(Qmax) on the Abrams–Griffiths nomo-
gram [14].

NIRS data from these patients was then analyzed using two different classification techniques: linear
discriminant analysis (LDA) [6] and classification and regression trees (CART) [4,8,20] and the methods
compared. Such classification is used to predict values of a categorical outcome (dependent variable)
from one or more predictor (independent) variables.

LDA is a classic method of classification that projects high-dimensional data onto a low-dimensional
sub-space where the data achieves maximum class separability [6]. LDA performs classification by gen-
erating linear combinations of the predictor variables onto which the data set can be projected and visual-
ized as axes transformations. The optimal projection is obtained by minimizing the within-class distance,
while maximizing the between-class distance. Maximum separability is achieved by linear combinations
that rotate the axes in such a way that the projection of the data on the new axes is minimally spatially
mixed.

CART is a tree-building classification methodology that considers all possible splits of all variables,
and is ideally suited for clinical applications where variables are often not normally distributed and large
variations may occur between different patients [4]. CART analysis requires a learning set of data that
contains the values of the predictor variables for which the categorical outcome is known. The CART
algorithm generates a recursive tree which best fits the data of the learning set that can then be used for
the classification of unknown data. CART is well-established and widely applied mathematical modeling
and analysis method, and the steps involved in the process are comprehensively described [4,8,20].

When applying CART to the bladder monitoring data the categorical outcomes are the presence (ob-
structed) and absence (unobstructed) of BOO, and the predictor variables [ΔO2Hb], [ΔHHb] for NIRS
and Pdet, Q for UDS. Prior to analysis segments of the NIRS data stream with artifact generated by
spontaneous movement is excluded. The tree is then generated via a branching process involving re-
cursive partitioning of the learning set, which is first divided into two parts using one of the predictor
variables. Values of [ΔHHb] versus [ΔO2Hb] are plotted for every element in the learning set. A division
can be made using a particular value of [ΔHHb] or of [ΔO2Hb] by splitting the region with a line that
is parallel to one of the two coordinate axes. The tree is completed when every data point constitutes
a one-member category in itself. To provide effective classification of new data this tree is then pruned
as it otherwise follows the idiosyncrasies of the original learning set too closely. The optimal tree is a
compromise: neither too complex so that it over fits the data, nor excessively pruned and so simple that
it under fits the data. The version of the algorithm with the smallest misclassification rate is identified
via a test sample or cross-validation estimate. The test sample method uses an independent data set not
included in the construct of the initial tree. If such data is not available a cross-validation estimate uses
a data set derived by dividing the learning sample into equal subsets. Each subset is then used in turn as
a test sample with the remainder of the data used as the learning set.

The LDA and CART algorithms used are included in the MATLAB Statistics Toolbox. Misclassifi-
cation error is estimated by randomly splitting the dataset (10 splits) into training and validation data.
Each validation split is then used to assess the predictive accuracy of the classification model, with
the remaining part of the data used for training. The results are then averaged over the splits (10-fold
cross-validation).

Using LDA we first classified sets of data points containing the whole time course of voiding (uroflow
start to uroflow end). These sets differed on the selected predictor variables (two variables each time).
Subsequently, we tried to identify useful features to improve classification. Several features, including
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latencies, variances, mean slopes and several combinations of the predictor variables or important land-
marks in the data stream, were rejected because they gave very low predictive accuracy. Ultimately we
used one point per patient instead of using the whole time course. The principal feature chosen for clas-
sification was Qmax because this is the feature used in the Abrams–Griffiths nomogram, where it gives
good results when using urodynamic variables alone. CART analysis was then performed using exactly
the same procedure (same sets of data points, with and without features). The objective was to identify
if the CART methodology resulted in a lower misclassification error than LDA. Principal component
analysis (PCA) [20] and independent component analysis (ICA) [5,13] were also used prior to classi-
fication, in an attempt to find possible linear combinations of the variables. PCA transforms a number
of correlated variables into a smaller number of uncorrelated variables (principal components). The first
principal components account for most of the variability of the data. In a similar fashion, ICA looks for
a linear transformation of the data that produce statistically independent components.

3. Results

Forty six data sets (30 obstructed and 16 unobstructed) [31] were used to correlate the diagnostic
classifications derived from UDS data with NIRS parameters.

Figure 1 shows a sample graph illustrating the characteristic differences between unobstructed patients
(normal pathology) and those who have bladder outlet obstruction (abnormal pathology) for uroflow
data (voiding), bladder pressure (Pdet), and changes in NIRS-derived chromophore concentrations and
tHb plotted against time. In unobstructed subjects a positive trend in O2Hb and tHb gradually begins
following permission to void; this increases following the start of uroflow and an overall increase occurs
over the course of voiding. In contrast a negative trend is seen in obstructed subjects from permission
to void to uroflow end. In obstructed subjects Pdet also rises higher and the period required for voiding
(uroflow) is greater than in unobstructed subjects.

Tables 1 and 2 summarize the classification. Table 1 shows the results using LDA with Qmax selected
as a feature, and Table 2 the performance of the CART algorithm with no feature selected (i.e., data from
the whole time course of voiding). The performance of LDA using the same time course is not included
because it is not clinically relevant as misclassification errors higher than 70% resulted for all pairs of
NIRS related variables. Similarly the performance of CART using Qmax as a feature is not included as
this is indistinguishable from the values reported for LDA at Qmax. The error reported in both tables is
the 10-fold cross-validation estimate of the misclassification rate of the NIRS-derived diagnosis with
respect to urodynamic classification using pressure-flow measurements applied to the Abrams–Griffiths
nomogram [14]. Therefore errors of 0% (Table 2) indicate that the CART algorithm gave the same result
as the standard UDS nomogram (not an “absolute” error of 0%).

Table 1 shows that using LDA with [ΔHHb], [ΔO2Hb] the miscalculation error was 40.8%. The error
was lowest (15%) when using [ΔHHb], Pdet – very close to the 18.3% error obtained using urodynamic
pressure-flow measurements (Pdet, Q) alone. The highest error was 50.7% when using [ΔO2Hb], Q.

Table 2 shows that using NIRS data alone, [ΔHHb], [ΔO2Hb], CART classification had 88% speci-
ficity, 84% precision and a miscalculation error of 4.3%; and that the algorithm had the same discrimi-
nant ability as the standard UDS nomogram with an error of 0% whenever Pdet was used with any other
variable (Pdet, Q; [ΔHHb], Pdet; and [ΔO2Hb], Pdet).

Further examples of changes in chromophore concentration likely amenable to classification using
CART analysis are provided by data from two recent pilot studies. When voiding chromophore data
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Fig. 1. An example of NIRS data sets from an unobstructed (normal) and obstructed (pathologic) patient with uroflow and
detrusor pressure against time. The trend of chromophore concentration from zero for O2Hb, HHb and tHb differs (positive
trend when unobstructed, negative trend when obstructed). Five point averaging was used to smooth the NIRS data in such
graphs prior to analysis. The start and end of uroflow (voiding) defines the period from which all NIRS data is used in CART
analysis. Peak uroflow (Qmax) is the point providing Pdet measurement for UDS classification and the NIRS data set used in
LDA classification. (Colors are visible in the online version of the article; http://dx.doi.org/10.3233/SPE-2010-0486.)

from asymptomatic children and those with non-neurogenic lower urinary tract dysfunction (NLUTD)
are compared, the positive trend in detrusor [ΔO2Hb] and [tHb] seen in asymptomatic children differs
to the negative trend evident in children with NLUTD [16,27]. An additional discriminant feature is that
[ΔHHb] is also greater than [ΔO2Hb] when symptomatic children void. Comparing data from subjects
with pelvic floor muscle dysfunction different magnitudes of changes in chromophore concentration
are observed during repeated maximal pelvic floor muscle contractions between those with mild and
severe symptoms (Fig. 2). In addition a difference is evident in the slope of recovery of O2Hb at the end
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Table 1

Results for the classification using LDA

Predictor variables (at Qmax) Number of patients Error (%) TP TN FP FN Sensitivity (%) Specificity (%)
[ΔHHb], [ΔO2Hb] 46 40.8 17 10 6 13 56.7 62.5
[ΔHHb], Q 46 49.5 26 2 14 4 86.7 12.5
[ΔO2Hb], Q 46 50.7 26 2 14 4 86.7 12.5
Pdet, Q 46 18.3 21 15 1 9 70.0 93.8
[ΔHHb], Pdet 46 15.0 23 15 1 7 76.7 93.8
[ΔO2Hb], Pdet 46 16.0 22 15 1 8 73.3 93.8

Notes: Pairs of predictor variables are used that are evaluated at the point of maximum flow rate (Qmax); the ability of the method
to correctly classify is given by the “Error”, which is the estimate for the misclassification rate of future data, using 10-fold
cross-validation. True positive (TP) – the fraction of patients correctly classified as obstructed by the algorithm; true negative
(TN) – the fraction of patients correctly classified as unobstructed by the algorithm; false positive (FP) – the fraction of patients
classified as obstructed by the algorithm and unobstructed by the Abrams–Griffiths nomogram; [26] false negative (FN) – the
fraction of patients classified as unobstructed by the algorithm and obstructed by nomogram. Sensitivity = TP/(TP + FN) and
Specificity = TN/(TN + FP).

Table 2

Results for the classification using the CART algorithm

Predictor variables Number of patients Error (%) TP TN FP FN Sensitivity (%) Specificity (%)
[ΔHHb], [ΔO2Hb] 46 4.3 30 14 0 2 1 87.5
[ΔHHb], Q 46 10.9 30 11 5 0 1 68.8
[ΔO2Hb], Q 46 17.4 30 8 8 0 1 50.0
Pdet, Q 46 0 30 16 0 0 1 1
[ΔHHb], Pdet 46 0 30 16 0 0 1 1
[ΔO2Hb], Pdet 46 0 30 16 0 0 1 1

Notes: Nomenclature is the same as in Table 1. However, unlike in LDA, NIRS data predictor variables are used from the entire
voiding interval (uroflow start to uroflow end), not just from the point of maximal flow rate Qmax.

of contractions (a measure of reoxygenation), and this and the impression of a negative trend in [tHb]
(predominantly due to reduced O2Hb) when muscle dysfunction is severe, suggest the suitability of this
data for classification using CART analysis.

4. Discussion

CART analysis using changes in NIRS chromophore concentration in the bladder detrusor muscle
during voiding has comparable discriminant ability to the current invasive urodynamic pressure-flow
methodology when classifying patients for the presence or absence of bladder outlet obstruction [23,31].
The differences evident between pilot data from children with and without NLUTD [16], and women
with mild and severe pelvic floor dysfunction, are other examples of NIRS data where CART could be
likely be applied to classify patients based on trends or magnitude of chromophore change that differ
in health and disease. CART algorithms that incorporate parameters other than NIRS chromophore data
can already discriminate between complex data sets in clinical situations involving patients with primary
carcinoma [12] and myocardial infarction [19]. Consequently the use of CART analysis could well bene-
fit other investigators using NIRS monitoring and enhance the ability of NIRS-derived data to contribute
to diagnosis in other clinical applications.
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Fig. 2. Examples of characteristic graphs of change in O2Hb, HHb and tHb during 10 repeated maximal pelvic floor contractions
followed by relaxation in subjects with asymptomatic and symptomatic pelvic floor muscle dysfunction; both smoothed with
5 point averaging. S indicates start of the contraction/relaxation sequence and E the end. Differences are seen in the magnitude
of chromophore change and the slope of recovery of O2Hb (middle trace) on relaxation of the tenth contraction. There is also
the impression of a negative trend in the concentration of both chromophores and tHb in symptomatic subjects. (Colors are
visible in the online version of the article; http://dx.doi.org/10.3233/SPE-2010-0486.)

The superiority of CART classification to LDA in voiding studies is most probably because data from
the entire time course of voiding is used. This suggests that the relationship between NIRS-derived
changes in chromophore concentration and urodynamic-derived pressure-flow variables is complex and
non-linear, because CART is a methodology able to classify populations divided by more complex bor-
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ders [4,8,20]. In addition, if the relationship were indeed simple or linear, generation of a nomogram us-
ing [ΔHHb], [ΔO2Hb] should be possible that was equivalent to the Abrams–Griffiths nomogram, where
the borders between regions would be straight lines. In this situation LDA would also give good results
for these NIRS parameters at Qmax, because this is the point used successfully for classification via the
Abrams–Griffiths nomogram. However, as our data indicate this is not the case, which again implies
a complex relationship between NIRS and urodynamic variables. This interpretation is also supported
by the lack of benefit when latencies, slopes and standard deviations were used with both algorithms;
the lack of good results that followed preprocessing of the data with both principal and independent
component analysis; and Pdet being clearly superior for classification to Q.

While Pdet is clearly the most influential urodynamic variable, clinical diagnosis of BOO based on
this parameter is recognized to require an invasive procedure with associated risks and limited patient
compliance [22]; hence the attraction of a non-invasive optical methodology. Urodynamic measurement
also cannot measure the changes in oxygenation and hemodynamics that NIRS provides. Such changes
are recognized to correlate with certain pathologies [15,23,32], hence NIRS could potentially offer a
non-invasive diagnostic methodology for other causes of voiding dysfunction.

However, for NIRS monitoring to have any place in diagnostic evaluation reproducible classification
methodology with appropriate accuracy is essential, as lack of reproducibility and specificity of NIRS
data have compromised other potential clinical applications [9,23,26,35]. Importantly, CART analysis
[4,8,20] has met this criterion in its initial application to NIRS data, enabling patients to be classified for
the presence or absence of bladder outlet obstruction [31], hence the logic and potential for investigators
to explore using this method of classification in other NIRS monitoring applications.

We recognize limitations in this report; CART analysis was done retrospectively, not as the defined
method of data analysis in the original prospective study; to date the algorithm developed has only been
tested against a subset of the original data, not against new data; and the one urologic pathology classified
using this methodology has been reported. However, CART has been applied to analyze various other
data sets post hoc [12,19,20]; algorithm testing against a data subset alone is a valid option [4,8,20]
(although a new data set provides additional precision as the decision tree is pruned more effectively);
we provide detail essential for CART analysis not able to be included in the original report [31] only
using published data as explanatory examples.

If validated and refined by subsequent use, the application of CART analysis to NIRS monitoring we
describe would represent an important clinical advance, as the algorithm using [ΔHHb] and [ΔO2Hb]
offers a robust method for classifying subjects using non-invasive data alone. In addition, the differences
evident in the pilot data included suggest other NIRS monitoring applications in children and women
that appear suited to CART classification. However, the success of future studies exploring the ability of
CART to discriminate between other pathologies will depend on the ability of researchers using NIRS
to find the features in their data that allow classification with minimal error. We believe it is probable
that CART was effective in the clinical context we investigated, because inclusion of NIRS data from
the entire voiding time course allowed detection of statistical tendencies given by hidden features we are
not yet able to identify. This situation may well apply to other NIRS data.

A fundamental goal for investigators using NIRS in a variety of applications has been to find a method-
ology that can reproducibly distinguish between patients with and without pathology. Consequently we
have comprehensively described the principles of CART analysis and the process for diagnostic algo-
rithm development, so that others using NIRS monitoring can consider applying this methodology.
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