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Near-Infrared Spectroscopic Measurement of Urea in
Dialysate Samples Collected During Hemodialysis
Treatments
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Single-beam spectra were collected over the combination region of
the near-infrared spectrum for 80 samples collected from 15 people
over a two-week period. Partial least-squares (PLS) regression was
used to generate an optimized calibration model for urea. PLS cal-
ibration models accurately measure urea in the spent dialysate ma-
trix. Prediction errors are on the order of 0.15 mM, which is suf-
� cient for the clinical assessment of the dialysis process. In addition,
the feasibility of a global calibration model is demonstrated by gen-
erating a calibration model from samples and spectra obtained from
12 people to predict the level of urea in samples collected from 3
different people. In this case, the standard error of prediction is
0.09 mM. Spectra were modi� ed in order to systematically examine
the impact of resolution and noise. Little impact is observed by
altering the spectral resolution from 4 to 32 cm21. Spectral noise,
however, plays an important role in the accuracy of these calibra-
tion models. Increasing the magnitude of the spectral noise increas-
es the prediction errors and increases the width of the spectral
range necessary for extracting the analytical information. The util-
ity of the method is demonstrated by analyzing dialysate samples
collected during actual dialysis treatments. In addition, the neces-
sary resolution and spectral quality necessary for reliable on-line
urea monitoring is identi� ed. These � ndings indicate that a dedi-
cated, on-line urea spectrometer must posses a resolution of 16 cm21

coupled with a sample thickness of 1.5 mm and spectral noise levels
on the order of 25 micro-absorbance units when measured as the
root-mean-square (RMS) noise of 100% lines.

Index Headings: Near-infrared spectroscopy; Hemodialysis; Urea;
Partial least-squares regression; PLS; Noninvasive chemical sens-
ing.

INTRODUCTION

A continuous monitor to chemically follow the he-
modialysis process is critical for enhancing the effective-
ness of this life-saving treatment. While no single mol-
ecule accounts for all the toxicity of kidney failure, urea
is the solute of choice for quantifying dialysis therapy.
The principal metric for quantifying dialysis therapy is
the dialysis dose, which is determined as Kt /V, where K
is the dialyzer clearance, t is the duration of dialysis, and
V is the total blood volume within which the urea is dis-
tributed. For each treatment, the targeted dialysis dose is
1.3 or greater. During the last two decades both urea
clearance and the time-averaged concentration of urea in
the patient’s plasma have been correlated with patient
outcomes.1,2 Current estimates are that each 0.1 unit
change in the dialysis dose results in a 7% change in the
patient’s annual mortality risk.3

Received 15 January 2003; accepted 27 May 2003.
* Author to whom correspondence should be sent. E-mail: mark-arnold@

uiowa.edu.

Unfortunately, dialysis dosage is not monitored during
routine treatment. In fact, the actual dialysis dose is doc-
umented in fewer than 10% of all dialysis treatments and
25% of these monitored treatments do not meet the min-
imum criteria (Kt /V $ 1.3) for adequate therapy.4 Fur-
thermore, it is likely that only 25% of all dialysis sessions
provide therapy equal to or greater than the 10% of di-
alysis treatments that are monitored. Research indicates
that dialysis treatments in general are under performed,5

which adversely affects mortality of people with end-
stage renal disease.

Attempts to monitor the hemodialysis process center
on the measurement of urea collected in the spent dial-
ysate. Several urea biosensors have been proposed for
this purpose.6–9 In these devices, urease enzymatically
converts the collected urea to ammonium and bicarbonate
ions and these ions are detected electrochemically. Im-
plementation of this biosensor technology is slow be-
cause of the added costs associated with the required re-
agents.

We are interested in exploring the utility of near-infra-
red spectroscopy for directly measuring urea in spent di-
alysate. In this method, incident near-infrared light passes
through a sample of the dialysate � uid, and the concen-
tration of urea is determined from an analysis of the re-
sulting spectrum. No chemical reagents are needed for
this measurement, which can potentially reduce the cost
of analysis compared to the above-mentioned biosensor
approach. The ability to measure urea in the dialysate
� uid matrix has been demonstrated.10 In this initial report,
the combination region of the near-infrared spectrum
(5000–4000 cm21) was identi� ed as the best spectral
range for measuring urea. In addition, standard dialysate
solutions composed of known concentrations of urea and
glucose were used to establish the limit of detection of
this approach. Standard errors of prediction for urea were
on the order of 0.3 to 0.4 mM. Finally, the ability to
measure urea in spent dialysate samples was demonstrat-
ed from an analysis of spectra obtained from � ve sam-
ples, which were collected during actual dialysis treat-
ments.

Our development of near-infrared spectroscopy for he-
modialysis monitoring is continued in this paper by ex-
panding our analysis of actual dialysate samples to eighty
samples collected over a six-day period from � fteen in-
dividuals. In addition, critical measurement parameters
are evaluated. Calibration models are generated from sin-
gle-beam spectra and the impact of replicate measure-
ments is evaluated. Also, the effects of spectral resolution
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and spectral noise are characterized in a systematic man-
ner. Each of these three parameters is important for the
development of a dedicated spectrometer unit for mea-
suring urea continuously during the dialysis process.

EXPERIMENTAL

Instrumentation. Spectra were collected with a Nic-
olet Magna 550 Fourier transform spectrometer
(ThermoNicolet, Madison, WI). This spectrometer was
equipped with a standard 20-watt tungsten halogen lamp,
calcium � uoride beam splitter, and cryogenically cooled
indium antimonide (InSb) detector. An interference � lter
(Barr and Associates, Inc.) was placed in the optical path
before the sample to restrict the spectrum to 5000–4000
cm21. Samples were held in a Wilmad sample holder
equipped with 25-mm-diameter sapphire windows. Te� on
spacers were used to maintain a 1.5 mm sample thick-
ness. This solution thickness represents an attempt to in-
crease the magnitude of absorbance and is nearly ideal
for the combination of source and detector, as treated re-
cently by Jensen and Bak.11 Solution temperature was
held at 37.0 6 0.1 8C by circulating thermostated water
from a VWR model 1140 water bath. Each sample was
allowed to thermally equilibrate in the sample cell before
the � rst spectrum was collected. Generally, a � ve-minute
equilibration period was used for this purpose.

Materials. All chemical reagents were purchased from
Sigma Chemical Co. (St. Louis, MO). Sodium hypochlo-
rate was purchased as an aqueous solution with 4% avail-
able chlorine. Type III Jack Bean urease was purchased
with a speci� c activity of 31 000 units per gram. All so-
lutions were prepared with distilled-deionized reagent
grade water that was obtained from a Milli-Q water pu-
ri� cation unit.

Sample Collection. Hemodialysis samples were col-
lected directly from the dialyzer during typical dialysis
treatments at the University of Iowa Hospitals and Clin-
ics. Samples were collected from � fteen unique subjects
on six different days over the span of two weeks. For
each sample, 15 mL of spent dialysate solution was col-
lected and stored at room temperature for approximately
three hours before being transported to our research lab-
oratory for analysis. The concentration of urea in each
sample was determined on the day it was collected. The
urease/Berthelot reaction scheme was used to provide
these reference urea concentrations. Details of this meth-
od are described elsewhere.12 Near-infrared spectra were
also collected the same day the sample was obtained. In
total, eighty spent dialysis samples were obtained for
analysis.

Data Analysis. Near-infrared spectra were collected in
triplicate for each sample. Replicate spectra were col-
lected sequentially without removing the sample from the
instrument. Spectra were collected as 256 coadded inter-
ferograms. The resulting interferogram was triangularly
apodized and Fourier processed with the software resi-
dent within the Omnic operating system (version 5b) used
to operate the spectrometer. This process produced single-
beam spectra with a 2 cm21 point spacing and 4 cm21

resolution. Subsequent spectral processing was accom-
plished on an Iris Indigo computer (Silicon Graphics,
Inc.). All processing was performed with software tools

provided by Professor Gary W. Small, from the Center
for Intelligent Chemical Instrumentation in the Depart-
ment of Chemistry and Biochemistry at Ohio University,
Athens, OH. In all cases, calibration models were gen-
erated from single-beam spectra with no mean centering,
no normalization, and no windowing.

Partial least squares (PLS) regression13,14 was used to
generate calibration models. Optimum conditions of
spectral region and number of factors were established as
detailed elsewhere.15,16 Brie� y, the full set of data was
split into calibration and prediction subsets. The predic-
tion data consisted of all spectra associated with 13 ran-
domly selected samples (39 spectra). Unless indicated
otherwise, samples for the predict set were selected ran-
domly, except that care was taken to exclude samples
with the highest and lowest urea concentrations from the
prediction data. Spectra in the prediction data set were
not used to generate the calibration model, but to test the
accuracy of such models. The remaining calibration data
were split three times into training and monitoring sub-
sets as described before.15,16 These training and monitor-
ing data were used to establish optimal conditions of
number of PLS factors and spectral range. The � nal cal-
ibration models were generated by applying the opti-
mized parameters to the full set of calibration data. Model
performance was characterized by the standard error of
calibration (SEC), standard error of prediction (SEP), and
mean percent error (MPE), as de� ned elsewhere.16

Spectral resolution was varied by reprocessing modi-
� ed interferograms. The collected interferograms pro-
duced single-beam spectra with 2 cm21 point spacing or
4 cm21 spectral resolution. Interferograms were collected
as 16-k, double-sided interferograms with no zero-� lling.
Each interferogram was reduced in size to a series of
single-beam spectra with lower resolution. As a result, 8-
k interferograms produced spectra with 4 cm21 point
spacing and 8 cm21 resolution, 4-k interferograms pro-
duced spectra with 8 cm21 point spacing and 16 cm21

resolution, and 2-k interferograms produced spectra with
16 cm21 point spacing and 32 cm21 resolution. In all cas-
es, no zero-� lling was used. These calculations were per-
formed by using an option in the Omnic operating sys-
tem.

Spectral noise was modi� ed by adding Gaussian dis-
tributed random noise to individual single-beam spectra.
The collected single-beam spectra, which were obtained
from 16-k interferograms, had a composite noise level of
approximately 2 micro-absorbance units (mAU). This
noise level corresponds to the root-mean-square (RMS)
noise over the 4500–4400 cm21 region of 100% lines.
Noise levels on 100% lines were obtained by dividing
replicate spectra for the same sample, converting to ab-
sorbance units, � tting the resulting data to a second-order
polynomial function, and then computing the RMS be-
tween each data point and the � tted function. By � tting
the 100% line to a second-order polynomial, one is able
to eliminate the impact of temperature variance on the
RMS noise calculation, thereby giving a better indication
of the instrumental signal-to-noise ratio. Details of this
procedure are provided elsewhere.17 Spectral noise was
added to single-beam spectra to generate four unique sets
of spectra with average RMS noise values of approxi-
mately 15, 30, 60, and 120 mAU. For each single-beam
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FIG. 1. Distribution of urea concentrations in collected samples as a
function of elapsed time of dialysis treatment.

TABLE I. Mean RMS noise levels of 100% lines computed from
� rst and second spectra collected for all eighty dialysate samples.

Spectral
range, cm21

RMS noise,
mAU

Spectral
range, cm21

RMS noise,
mAU

5000–4900
4900–4800
4800–4700
4700–4600
4600–4500

3460
115
10.2
2.91
1.89

4500–4400
4400–4300
4300–4200
4200–4100
4100–4000

2.26
6.05

54.0
1720

10 000

spectrum, a unique Gaussian distributed noise spectrum
was generated, then scaled to the desired magnitude, and
� nally added to the spectrum.

RESULTS AND DISCUSSION

During the course of a hemodialysis treatment, the
concentration of urea decreases in the spent dialysate as
the pool of systemic blood equilibrates with the pool of
dialyzed blood. This systematic reduction in urea con-
centration is evident in the urea concentrations in samples
used in this work. Figure 1 illustrates the dependency of
the urea concentration on elapse time of dialysis treat-
ment. These data show a general trend toward lower urea
concentrations over the course of the treatment. A smooth
curve is not observed because these data correspond to a
composite of 15 unique patients with sampling for each
patient occurring over separate dialysis treatments. For
this entire data set, the mean urea concentration is 4.22
mM, the standard deviation is 2.89 mM, the median con-
centration is 3.43 mM, and the range extends from 0.98
to 15.7 mM.

Temporal correlations within a data set can potentially
result in apparently functioning calibration models, which
are based on systematic co-variance between the analyte
concentration and instrument signal.18 Undesirable situa-
tions like this can be avoided by minimizing correlations
between time and analyte concentration. In this work,
such correlations were minimized by collecting only a
few samples from each subject during a particular dial-
ysis treatment. In addition, the probability of correlations
between urea concentration and instrument signal was
further reduced by collecting and analyzing samples on
arbitrarily selected days over a two-week period.

Calibration Models. Initial urea calibration models
were generated with all 240 spectra from 80 samples and
with randomly selecting samples for the prediction data
set. All spectra associated with 13 randomly selected
samples (39 spectra) were placed in the prediction data
set, while all spectra for the remaining 67 samples (201
spectra) were used for calibration purposes. The quality
of these spectra was determined by computing the RMS
noise on 100% lines across the full set of 80 samples. In
this calculation, the RMS noise was measured for the � rst
and second single-beam spectra for each sample. Table I
summarizes the average RMS noise across all samples
for every 100 cm21 segment of the spectrum. Large noise
levels at the extremes correspond to low light levels at
the detector, which is caused by the extensive attenuation
of the incident light by the strong absorption properties
of water.19 Noise levels range from 1.89 to 54.0 mAU
between 4800 and 4200 cm21.

The optimum calibration model for urea in spent di-
alysate samples requires � ve PLS factors and a spectral
range of 4770–4450 cm21. This spectral range encom-
passes the two main absorption features of urea in this
spectral region.10 These bands are centered at 4650 and
4550 cm21 and correspond to combinations of symmetric
and asymmetric vibrational N–H stretches coupled with
the N–H bending vibrations.10,20 A standard F-test was
used to verify, at the 95% con� dence level, the statistical
merit of these � ve factors. The SEC and SEP are 0.13
and 0.14 mM, respectively, and the MPE is 2.5% for this
calibration model. Results for this model are presented in
Fig. 2 as a concentration correlation plot. In this plot, the
concentration of urea predicted from the calibration mod-
el is plotted as a function of the concentration of urea
determined from the reference method. Data points from
both the calibration and prediction data sets fall along the
ideal unity correlation, which is presented as the solid
line. The corresponding residual plot is provided in the
inset. No systematic variance is noted in the residuals as
a function of urea concentration.

The above-described calibration model was developed
on the basis of a random splitting of the complete data
set. Although all spectra for each sample were moved
together into calibration and prediction data sets, this is
not true for spectra collected from each subject. This ran-
dom splitting procedure does not separate spectra by in-
dividual, so spectra from individual subjects are likely in
both the prediction and calibration data sets. A more rig-
orous calibration model can be developed by splitting the
calibration and prediction data sets according to all spec-
tra associated with individual subjects. Such a splitting
strategy simulates a global calibration model where urea
concentrations can be determined for subjects not repre-
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FIG. 2. Concentration correlation plot for PLS calibration model based
on random splitting of urea samples and the corresponding triplicate
spectra, showing calibration data (open circles), prediction data (closed
circles), and ideal unity correlation (solid line). Inset shows urea resid-
uals as a function of urea concentration for the calibration data (open
circles) and prediction data (closed circles).

TABLE II. Impact of spectral resolution on PLS models and model
performance.

Resolu-
tion,
cm21

Spectral
range, cm21

Number
of PLS
factors

SEC,
mM

SEP,
mM

MPE,
%

4
8

16
32

4780–4470
4600–4450
4600–4500
4610–4430

5
5
4
5

0.13
0.15
0.17
0.18

0.09
0.12
0.14
0.11

2.1
2.8
4.0
2.6

sented in the calibration data set. Clearly, a global cali-
bration model would be more clinically useful than one
requiring individual calibration for each subject.

To demonstrate the potential of a global calibration
model, all spectra generated from three subjects were se-
lected as the prediction data set and the spectra from the
remaining twelve subjects were assigned to the calibra-
tion data set. The three prediction subjects were selected
arbitrarily and resulted in 14 unique samples and 42 spec-
tra. The optimized calibration model for this splitting of
the data requires � ve PLS factors and a spectral range of
4770–4500 cm21. SEC and SEP values are 0.20 and 0.10
mM, respectively, and the MPE is 1.5%. These results
are essentially identical to those obtained for the random
splitting of the data, which supports the possibility of a
global calibration. There are certainly small differences
in the chemical composition of samples collected across
subjects, but these chemical differences do not interfere
with the PLS calibration model for urea.

In a clinical setting, the collection of triplicate spectra
may be impractical because of the added time and ex-
pense. In addition, continuous monitoring during dialysis
treatments demands rapid data acquisition in order to
minimize urea concentration changes during the mea-
surement. To address these issues, a calibration model
was developed using only one spectrum per sample to
determine the advantage, if any, of processing triplicate
spectra over a single spectrum.

The calibration and prediction data sets used in this

experiment are the same as those detailed above where
samples are split randomly. In this case, however, only
the � rst spectrum of the triplicate is used in the data pro-
cessing. The resulting calibration model uses � ve PLS
factors and a spectral range of 4770–4500 cm21. The
SEC and SEP are 0.13 and 0.09 mM, respectively, and
the MPE is 2.1%. This calibration performance is similar
to the model based on all replicate spectra. Additional
experiments indicated that similar results are obtained re-
gardless of the spectrum taken from the group of tripli-
cates for each sample. This last � nding indicates little
difference between replicate spectra, which is consistent
with the low spectral noises reported above for the cor-
responding 100% lines.

Spectral Resolution. The calibration models detailed
above were prepared from spectra collected with a re-
search grade Fourier transform infrared (FT-IR) spec-
trometer operating at 4 cm21 resolution. The impact of
spectral resolution was investigated by reprocessing these
spectra with lower resolution and repeating the model
optimization procedure. The original 4 cm21 resolution
data were reprocessed to produce spectra with resolutions
of 8, 16, and 32 cm21. Optimized calibration models were
established independently for each resolution setting. In
these models, only one spectrum was used for each sam-
ple. The principal � ndings are summarized in Table II.

No major differences in model performance are evi-
dent from the results listed in Table II. Each calibration
model required 4 or 5 factors, and values for the SEC,
SEP, and MPE are similar for each spectral resolution.
The optimized spectral range shifts from 4770–4600
cm21 for the 4 cm21 resolution model to 4610–4430 cm21

for the 32 cm21 resolution model. Magnitude of the spec-
tral range remains relatively constant across these reso-
lutions, with ranges of 170, 150, 100, and 180 cm21 for
4, 8, 16, and 32 cm21 resolutions, respectively. The num-
ber of resolution elements used in these calibration mod-
els decreases as the resolution decreases. Speci� cally, 85,
38, 13, and 11 resolution elements are used, respectively,
for models based on 4, 8, 16, and 32 cm21 resolution
spectra.

The above treatment of resolution does not take into
consideration the impact of analysis time. In the above
experiment, lower resolution spectra are generated simply
by truncating and reprocessing the 4 cm21 resolution in-
terferograms. It is well known, however, that less time is
required to collect lower resolution spectra under condi-
tions of identical mirror velocities.21 For a � xed analysis
time, more low resolution spectra can be collected and
signal averaged, thereby providing lower noise and su-
perior model performance. The additional number of
spectra obtainable during this difference in time depends
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TABLE III. PLS calibration models for urea with different spec-
tral quality for each spectral resolution.

Resolu-
tion

RMS
noise,
mAU

Spectral
range, cm21

Number
of PLS
factors

SEC,
mM

SEP,
mM

MPE,
%

4
4
4
4
4
8
8
8
8
8

2.3
14
26
52

103
1.5

14
28
57

110

4780–4470
4740–4500
4750–4450
4590–4200
4640–4170
4600–4450
4790–4450
4700–4500
4880–4400
4820–4370

5
5
5
5
5
5
5
5
5
5

0.13
0.21
0.25
0.45
0.54
0.15
0.19
0.26
0.38
0.54

0.09
0.11
0.15
0.52
0.62
0.12
0.13
0.30
0.27
0.45

2.1
2.6
3.9

13.3
17.0
2.8
3.2
9.2
7.0

14.0
16
16
16
16
16
32
32
32
32
32

1.1
16
31
63

130
1.0

17
33
66

130

4600–4500
4840–4440
4900–4350
4800–4390
4800–4370
4610–4430
4890–4410
4780–4190
4810–4350
4800–4100

4
5
6
5
4
5
5
5
4
5

0.17
0.22
0.36
0.49
0.74
0.18
0.34
0.52
0.68
1.09

0.14
0.24
0.23
0.33
0.68
0.11
0.36
0.45
0.63
0.96

4.0
6.5
6.4

10.4
22
2.6
9.2

15.2
21
32

FIG. 3. Relationship between measurement accuracy and spectral qual-
ity where standard error of calibration (open symbols) and standard
error of prediction (closed symbols) are plotted as functions of RMS
noise levels of 100% lines over the 4600–4500 cm21 spectral range for
spectra with resolutions of 4 cm21 (circles, solid line), 8 cm21 (triangles,
dashed line), 16 cm21 (squares, dotted line), and 32 cm21 (diamonds,
dashed-dot line). Lines correspond to linear least-squares � ts to the cor-
responding data.

greatly on the duty-cycle of the moving mirror within the
interferometer and, therefore, cannot be determined in
general. Nevertheless, under detector-noise-limited con-
ditions and using a � xed data collection period, lower
resolution spectra will be less noisy and, therefore, pre-
ferred.

Spectral Noise. The original 4 cm21 resolution spectra
were collected with a cryogenically cooled indium anti-
monide detector, which provided RMS noise levels of
approximately 2 mAU. The spectral noise was systemat-
ically increased in these data to estimate the impact of
reducing spectral quality on the predictive ability of the
calibration model. Sixteen data sets were generated by
adding four levels of noise to each of the four resolution
levels. In total, twenty calibration models were construct-
ed, corresponding to � ve noise levels (the endogenous
noise level of the original data plus the four added noise
levels) coupled with four resolution levels. Again, a sin-
gle spectrum was taken for each sample. The calibration
and prediction data sets consisted of 67 and 13 spectra,
respectively, and the same splitting of these spectra was
used to construct each calibration model. Results are tab-
ulated in Table III.

Several interesting trends are evident from the values
in Table III. First, increasing the RMS noise degrades the
prediction accuracy of the models. Both the SEC and SEP
increase with increasing noise or decreasing spectral
quality. The relationship between the prediction error and
the RMS noise of 100% lines is demonstrated in the plot
shown in Fig. 3. Data for each resolution setting are � tted
individually to a linear function. In all cases, a linear
model � ts the points with slopes of 0.0047, 0.0033,
0.0042, and 0.0064 mM/mAU for resolutions of 4, 8, 16,
and 32 cm21, respectively. The slope term for these linear
� ts provides a measure of the sensitivity of the prediction
error to spectral quality. These slopes indicate that a 0.25
mM increase in the prediction error requires an approx-
imately 50 mAU increase in the RMS noise. In this case,

prediction errors are not overly sensitive to spectral qual-
ity as measured by the RMS noise of 100% lines.

The y-intercept terms for the � tted points in Fig. 3
provide an estimate of the minimum standard error pos-
sible, or the error when the RMS noise is zero. The y-
intercept values from Fig. 3 are 0.13, 0.14, 0.16, and 0.21
mM for the 4, 8, 16, and 32 cm21 resolutions, respec-
tively. The average of these values is 0.16 mM, which is
a reasonable estimate of the uncertainty in the reference
urea concentra tions taken from the urease/Berthelot
method.

As the noise increases, the amount of spectral infor-
mation required for optimum model performance increas-
es. This trend corresponds to a widening of the spectral
range for higher noise levels. In general, this trend is
observed within each of the tested resolution settings.
The widest spectral range corresponds to the 32 cm21

resolution spectra with 130 mAU RMS noise. In this case,
the spectral range is 4800–4100 cm21, which corresponds
to essentially all of the available spectral information.
Combination spectra collected from aqueous solutions are
typically limited to the 4800–4200 cm21 spectral range
because of the strong absorbance properties of water.19

Although wider spectral ranges are needed for noisier
spectra, the number of PLS factors necessary to model
the system remains relatively constant. Five factors are
required in the majority of models.

CONCLUSION

The results presented here demonstrate the feasibility
of measuring urea noninvasively in spent dialysate sam-
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ples. Samples collected during actual dialysis treatments
can be analyzed for urea with a standard error of predic-
tion of 0.15 mM. Such calibration models are possible
from near-infrared spectra collected over the combination
region of the near-infrared spectrum (5000–4000 cm21 or
2.0–2.5 mm). Furthermore, these results suggest that a
global calibration is possible. The ability to accurately
predict urea concentration for subjects not represented in
the calibration data set demonstrates the selectivity of-
fered by this approach. Finally, suf� cient analytical in-
formation is available in a single spectrum, which elim-
inates the need to collect replicate spectra for each sam-
ple. The ability to measure urea from a single spectrum
reduces the time of analysis, which may be an important
feature for a future on-line device to continuously mea-
sure urea during the dialysis process.

Spectral resolution and spectral quality were evaluated
to determine the impact of these parameters on the ability
to measure urea. These parameters represent the principal
instrumental speci� cations that must be considered to de-
velop a dedicated spectrometer system for measuring urea
on-line. As determined from truncated interferograms,
model performance is independent of spectral resolution
over a range of 4 to 32 cm21. Spectral quality, on the
other hand, impacts model performance with an increase
in the magnitude of prediction errors as a function of
higher spectral noise, as determined by the RMS noise
of 100% lines. In practice, lower resolution spectra per-
mit greater signal averaging over a set time period, there-
by providing higher quality spectra and superior calibra-
tion models.

For PLS calibration models, the limit of detection can
be estimated as three times the standard error of calibra-
tion and prediction. Considering a targeted limit of de-
tection of 1 mM for dialysis monitoring, an on-line urea
spectrometer must provide a standard error of 0.33 mM.
According to the data listed in Table III, such models can
be obtained with several combinations of resolution and
spectral quality. This level of performance is achieved
with the following pairs of resolution and RMS noise of
100% lines: 4 cm21 and 26 mAU; 8 cm21 and 28 mAU;
16 cm21 and 31 mAU; and 32 cm21 and 17 mAU. These
data suggest that suf� cient model accuracy is possible

from a dedicated spectrometer capable of providing com-
bination spectra with 16 cm21 resolution and RMS noise
levels on the order of 25 mAU.
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