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RADIATION APPARATUS AND METHOD 
FOR ANALYSIS OF ANALYTES IN SAMPLE 

This application claims benefit of Provisional Applica 
tion Ser. No. 60/067,698 filed Dec. 4, 1997. 

FIELD OF THE INVENTION 

The present invention relates to techniques for analyzing 
chemicals in a Sample using radiation, and more particularly 
to techniques for non-invasively analyzing chemicals in 
human blood using radiation. 

BACKGROUND 

The analysis of blood components is an important diag 
nostic tool for better understanding the physical condition of 
a patient. Presently, adequate noninvasive blood analysis 
technology is not currently available and blood Samples Still 
need to be obtained by invasive methods from a great 
number of patients every day for analysis. A well known 
example of Such needs is the monitoring of glucose levels by 
a diabetic individual. Similarly, concentration of other 
physiological chemicals are important for determining the 
health condition of Some individuals. 

Research effort has been directed to non-invasive analysis 
of blood chemicals. Take the example of glucose. Glucose 
has Several absorption peaks in the near infrared and the far 
infrared. Researchers have made progreSS in measuring 
glucose in Solution by means of absorption of Such radiation. 
Unfortunately, water, which is a major component of tissue 
and blood also, absorbs heavily in most of these regions. 
This makes it almost impossible to extract glucose informa 
tion by absorption in most of these regions. However, in the 
near infrared Some weak absorption bands of glucose over 
lap valleys in the water absorption bands. These bands, 
being weak absorption bands in the vicinity of huge water 
bands, are extremely difficult to analyze, particularly in 
complex Systems. Such as tissue where Several other analytes 
are also present and are themselves fluctuating. Successful 
glucose analysis therefore requires Separating a weak signal 
in the midst of influences of chemical interference and 
temperature and flow related fluctuations. 

Several techniques for processing the Spectral data to 
eliminate these influences have been developed. Multivari 
ate regression analysis Such as PLS (partial least Square) 
methods and PCR (principal component resolution) methods 
have been widely applied. More recently, Fourier filtering of 
the spectral data followed by multivariate regression analy 
sis have been used to improve the prediction of glucose in 
biological samples. However, we have found that when the 
temperature of even simple aqueous Samples varies over the 
human body temperature range, the predictive ability of 
these methods can be seriously reduced. Further, Such prior 
techniques may not be robust enough to determine accu 
rately the glucose composition when Some of the interfering 
Species Such as proteins in the Sample fluctuate over the 
normal range for human blood. Therefore, a better method 
of analyzing Such data is required. 

SUMMARY 

In one aspect, the present invention involves a technique 
that uses wavelet analysis to determine the concentration of 
one or more analytes (e.g., a chemical Such as glucose) in a 
Sample. In an embodiment, the technique includes irradiat 
ing electromagnetic radiation on the Sample, detecting a 
resulting radiation from the sample to obtain Spectral data, 
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2 
digitally processing the data using wavelet-basis-function to 
increase proportionally the Signal indicative of the analyte in 
the data, and applying a modeling algorithm to the digitally 
processed data to determine the quantitative characteristics 
of the analyte in the Sample. The electromagnetic radiation 
irradiated on the Sample interacts with the Sample. The 
interaction results in a resultant electromagnetic radiation 
from the Sample, Such as reflected radiation, Scattered 
radiation, or transmitted radiation. The resultant electromag 
netic radiation includes Signals indicative of the analyte. 
Therefore, by detecting and analyzing the resultant electro 
magnetic radiation, quantitative information on the analyte 
in the Sample can be obtained. The resultant electromagnetic 
radiation spectra derived from the radiation interaction of 
the Sample over the wavelength or frequency range or ranges 
include one or more bands whose magnitude or other 
characteristics are function of the concentration of the 
analyte of interest. The Spectral information is then pro 
cessed using wavelet analysis technique as described below. 
The present invention can be used, for example, to non 
invasively measure the composition of one or more analytes 
(e.g. glucose concentration, lipid profile) of a sample, Such 
as in-situ tissue or a blood Sample, using Spectral data 
obtained by the interaction of the radiation with the sample. 
One of the steps in the implementation of this invention 

is the Selection of a wavelet basis that is appropriate for the 
Specific analysis. The wavelets in the basis are by definition 
functions that meet certain mathematical criteria (for general 
information about wavelets, see, Wavelets and Filter Banks, 
by Gilbert Strang and Truong Nguyen, Wellesley 
Cambridge Press, 1996 ISBN: 0-9614088-7-1). 
Although one can choose from a large collection of Such 

functions, in analyzing the spectral information Such as 
acquired in tissue spectroscopy, it is possible to choose a 
function that closely resembles the Spectral Signature Such as 
absorption peak of the analyte to be measured. For example, 
Some basis functions of Daubechies D8 are shaped substan 
tially like the absorption peaks of pure glucose in the 
4000-5000 wavenumbers range. Thus Daubechies D8 is one 
appropriate basis for implementing this invention. 

In another embodiment of this invention a Systematic 
optimization technique may be employed to test Several Sets 
of basis functions and choose one that best meets the chosen 
optimization criteria Such as best correlation with the analyte 
Signal or the least prediction error in a reference data set (a 
calibration set). Once the optimal set of basis functions has 
been determined, a mathematical prediction model is built 
using this set of basis functions. This prediction model can 
then be used to determine the concentration of the analyte of 
interest from a Single data Set Such as an absorption spectrum 
obtained from an unknown Sample. 

BRIEF DESCRIPTION OF THE DRAWING 

The following figures, which exemplify the embodiments 
of the present invention, are included to better illustrate the 
embodiments of the apparatus and use of the present inven 
tion. In these figures, like numerals represent like features in 
the several views. 

FIG. 1A to FIG.1F show examples of basis functions for 
a signal when using a ten-point Daubechies filter in discrete 
wavelet transform, DWT. 

FIG. 2A to FIG. 2F show the corresponding Fourier 
Transform of the DWT basis functions of FIGS 1A to FIG. 
1F. 

FIG. 3 shows an example of a calibration set of spectra. 
FIG. 4 and FIG. 5 show two examples of matching a 

DWT basis function to a glucose absorbance spectrum. 
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FIG. 6 shows a prediction vector b in a prediction model 
according to the present invention. 

FIG. 7 shows a set of spectra of sample the glucose 
concentrations of which are to be determined. 

FIG. 8 shows the comparison of the predicted result and 
the known value of glucose Solution Samples, predicted 
according to the technique of the present invention. 

FIG. 9 shows an apparatus according to the present 
invention. 

FIG. 10 shows a more specific apparatus according to the 
present invention. 

FIG. 11 shows an embodiment of an apparatus for radi 
ating a part of a hand and Sensing the electromagnetic 
radiation interaction. 

FIG. 12 shows an example of an absorbance spectrum of 
glucose in Solution. 

FIG. 13 shows an example of the Fourier transform of the 
spectrum of FIG. 12. 

DETAILED DESCRIPTION OF THE 
INVENTION 

In one aspect, the present invention provides a technique 
of non-invasively measuring quantitative information about 
one or more analytes (e.g., a chemical Such as glucose) in a 
Sample, e.g., a physiological liquid in a patient's body, using 
electromagnetic radiation by applying wavelet transform. AS 
used herein, the term "sample' includes Solid, liquid, and 
gas, and includes one that is contained in a container or a 
part of a whole, e.g., a part of a human hand. The technique 
of the present invention uses wavelet transform to analyze 
one or more analytes in the Sample. 
Wavelet Transform 

Wavelet transforms, like Fourier transforms, can be con 
sidered as rotations of data in function Space to a different 
domain. In the new domain the information content of the 
data can often be extracted with fewer and/or simpler 
mathematical treatments. For the Fourier transform the new 
domain is reached by projecting Signals onto basis functions 
that are Sine and cosine functions. For the wavelet transform 
it can be reached by projecting onto an infinite number of 
possible basis function sets called wavelets. These wavelet 
basis functions must meet certain mathematical criteria as 
described in Gilbert Strang and Truong Nguyen, Supra (See 
also, Amara Graps, “An Introduction to Wavelets.” IEEE 
Computational Science and Engineering, Summer 1995, 
Vol. 2, No. 2). They can be chosen from known sets or 
designed by the user to Suit the particular application. Thus 
wavelet analysis provides access to information that can be 
obscured by methods that use fixed basis functions Such as 
Fourier analysis. 
The functions (vectors) in discrete wavelet transform 

(DWT), unlike those of discrete Fourier transform (DFT), 
are real, aperiodic, and non-Zero over only a finite portion of 
the Signal which is projected onto them. Although one 
skilled in the art will know the basis functions of different 
DWTs employing different filters, it is difficult to describe in 
limited Space the basis functions in concise equations. The 
properties of the basis functions for DWTs can be better 
illustrated by graphs. 
As an illustration, FIG. 1 shows six of the 256 basis 

functions (cp.()), where i represent the number of the dif 
ferent basis functions and j refers to the data points, for a 
256-point signal when performing the D10 Daubechies 
DWT. The name of the DWT (D10 Daubechies) describes 
the type of basis functions used in the DWT. The Daubechies 
Sets of basis functions are widely used in the implementation 
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4 
of DWTs. Detailed descriptions of how these and other 
wavelet basis functions are derived are given in Gilbert 
Strang and Truong Nguyen, Supra, and should be obvious to 
those familiar with the art of wavelet analysis. 
The basis functions of a DWT can be divided into 

different groups, called resolution levels. Each one of the 
basis functions plotted in FIG. 1 is an example of a basis 
function at a certain resolution level. The resolution level of 
(p.G) is numbered resolution level 7 since there are 27=128 
basis functions at this resolution level. In the lower levels of 
resolution levels, more data points are discarded than in the 
higher resolution levels. The only difference between any 
basis functions that are in the same resolution level is how 
much they are shifted. Thus, the other 127 basis functions in 
the same resolution level as (p() are all described by 
(p()=p(-k), where k is the amount of shift. As a further 
example, in resolution level 6, there are 64 basis functions 
which are all shifted versions of p2(j), since 2'-64. Reso 
lution level 3, however, the lowest of the resolution levels in 
this wavelet transform, is slightly different than the rest of 
the resolution levels. For, the lowest resolution level of a 
DWT always has both a set of high-frequency basis func 
tions and a set of low frequency basis functions. The eight 
high-frequency basis functions of resolution level 3 are all 
shifted versions of ps(). The eight low-frequency basis 
functions of resolution level 3, on the other hand, are all 
shifted versions of p(). 
The magnitudes of the Fourier transforms of the wavelet 

basis functions shown in FIG. 1 are displayed in FIG. 2. The 
basis functions in a resolution level all have exactly the same 
magnitude Fourier transforms. Thus, the plots in FIG. 2 
would look no different for different basis functions in the 
Same resolution level. From comparing FIGS. 1 and 2, one 
should be able to see that the “resolution' levels do not refer 
to “high-resolution” or “low-resolution'. For, high resolu 
tion in the time-domain corresponds to low resolution in the 
frequency-domain, and high resolution in the frequency 
domain corresponds to low resolution in the time-domain. 
Thus, the different resolution levels of the DWT can best be 
described as representing different levels of trade-off 
between time and frequency resolution. 

According to the present invention, knowing what wave 
lets look like, one can go on to describe the method by which 
one uses the wavelet transform in order to predict the 
concentration of the analyte of interest (e.g., a chemical Such 
as glucose). As an illustration, glucose is used below as an 
example to show the how the wavelet technique can be used. 
It is to be understood that one skilled in the art will be able 
to apply the present technique to other chemicals 
individually, e.g., alcohol, or as a group, e.g., lipids. To this 
end, for example, one can find a linear regression model for 
predicting glucose concentration (y) from absorbance 
Spectra (X.), e.g., in the form of an equation (y=b+x,b) 
where band b are constants, and X, represents spectra data. 
The equation will be described in detail below. In the present 
application, matrices are represented by bold, upper case 
letters, vectors are represented by bold, lower case letters, 
and Scalars are represented by non-bold, lower case letters. 
Establishing a Model 
To implement a model of our invention, Spectra are 

obtained from radiation interacting with a variety of Samples 
containing known concentrations of the analyte of interest, 
i.e., glucose, as an example. Often, absorption is used for 
this purpose. However, Since the employment of wavelet 
transform is applicable regardless of the form of electro 
magnetic wave interaction used, it is contemplated that other 
types of radiation interaction, Such as transmission, 
reflectance, or light Scattering can be used. 
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AS an example, in the detection of glucose concentration 
in blood, near infra-red (NIR) radiation can be used to 
irradiate a body portion (e.g., the Thenar web, i.e., the 
webbing fold of skin between the thumb and index finger of 
person) and the light transmitted therethrough can be sensed 
to measure the light absorption. For glucose, a set of bands 
of absorption is in the ranges of 4000-5000 cm and 
5800-6500 cm. As stated earlier, an alternative is the 
transmittance of the light, which can be measured. Another 
alternative is to measure the reflectance of the irradiated 
light. In yet another alternative embodiment, radio fre 
quency radiation can be used to irradiate the body portion to 
result in high frequency spectra (See, Fuller et al., WO 
95/04496 for a description of apparatus and method for 
using radio frequency to estimate the concentration of a 
chemical in a liquid, Said description is incorporated by 
reference herein). In each case, when the spectral Signals are 
detected by appropriate detectors, they are converted into 
digital spectral data. 

Since the analyte of interest has significant radiation 
interaction only in certain ranges, preferably, even before 
performing wavelet transforms to obtain wavelet basis 
functions, to reduce noise and reduce the amount of infor 
mation to be processed, a certain amount of the Spectral data 
in the time domain is truncated outside of these ranges 
before the spectral data is used to Select the basis functions. 
Techniques for truncation of Spectral data outside of a 
frequency range of interest are known to those skilled in the 
art. Thus, these spectra may be truncated So that they contain 
only those spectral regions known to have Some correlation 
with analyte (e.g., glucose) concentration. For example, NIR 
glucose absorbance peaks would often be truncated to 
include only the glucose absorption ranges of 4000-5000 
cm or 5800-6500 cm mentioned above. 

In this invention, the Spectral data obtained from a 
detector, or a truncated version thereof, is used to obtain a 
linear prediction model for the analyte of interest. While 
deriving this prediction model, we will refer to all absor 
bance spectra as spectra vectors (x,). Practically, spectral 
data for deriving the prediction model will more conve 
niently be obtained from Sample glucose Solutions in con 
tainers. Using these spectra Vectors, we will create a data 
matrix X, where each of the rows of X is one of the spectra 
vectors (x,), as in Equation 1: 

Thus, X1, X2, X's, etc. are Vectors, each containing data from 
a different episode of Spectral analysis. It is helpful to center 
the columns of the matrix X for later prediction modeling, 
as shown in Equation 2: 

where x', is the mean value of the column, and X is the 
matrix containing vectors of centered values. The vectory 
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6 
will be made to contain the actual known glucose concen 
tration of each spectra vector in X. It is also helpful for 
prediction to center this vector, as in Equation 3: 

At this step in the process of creating a prediction model, 
we need to make use of the DWT. Such DWT can be 
performed by a computer employing commercially available 
Software, e.g., MATLAB (a matrix mathematics Software 
sold by The MathWorks, Inc., 24 Prime Park Way, Natick, 
Mass. 01760). When performing any transform in spectral 
analysis, the basis functions of the chosen transform are 
Selected to enable highlighting of the Salient features of the 
Spectra to be analyzed. In other words, at least Some of the 
basis functions of the transform should be well matched with 
the important characteristics of the Spectra. In the Discrete 
Wavelet Transform (DWT) used in this invention, there is 
large number of basis function Sets that can be used. Thus, 
one of the important Steps in the implementation of this 
invention is the Selection of a wavelet basis that is appro 
priate for the Specific analysis. The wavelets in the basis are 
by definition functions that meet certain mathematical cri 
teria (see, Wavelets and Filter Banks, by Gilbert Strang and 
Truong Nguyen, Wellesley-Cambridge Press, 1996 ISBN: 
0-9614088-7-1). 

In analyzing the spectral information Such as acquired in 
tissue spectroScopy, it is possible to choose a set of wavelet 
basis functions that contains Some basis functions which 
closely resemble a spectral Signature Such as the absorption 
peak of the analyte to be measured. For example, Some basis 
functions of the Daubechies D8 set are shaped substantially 
like the absorption peaks of pure glucose in the 4000-5000 
wavenumbers range. Thus Daubechies D8 is one appropriate 
basis for implementing this invention when predicting glu 
cose concentration. In one embodiment of this invention, a 
wavelet basis function Set can be chosen Since, to an 
observer, it visually appears to contain basis functions that 
Suitably represent the important information in the Spectra 
being Studied. Thus, the wavelet basis functions are Selected 
to correspond to the frequency and Spatial characteristics of 
the Spectral data. 

In another embodiment of this invention a Systematic 
optimization technique may be employed to test Several Sets 
of basis functions and choose one that optimizes a certain 
criterion, Such as best correlation of one of the basis func 
tions with the analyte Signal or the least prediction error 
when the entire wavelet prediction method is performed in 
a reference data set (a calibration Set). Once the optimal Set 
of basis functions has been determined, a mathematical 
prediction model is built using this Set of basis functions. 
This prediction model can then be used to determine the 
concentration of the analyte of interest from a single data Set 
Such as an absorption spectrum obtained from an unknown 
Sample. 

In addition to choosing the Set of basis functions to be 
used in a DWT, the lowest resolution level of basis functions 
is also chosen to use in the DWT. We usually choose 
resolution level 2 as the lowest resolution level. A lower 
resolution level should be chosen, however, if the shape of 
the basis functions in these lower levels will match up well 
with the shape of the analyte of interest. 

Once we have chosen a Set of wavelet basis functions and 
the lowest resolution level, a matrix W will be created. The 
columns of W contain the basis vectors of the wavelet 
transform that is being used, as in Equation 4: 
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The matrix representation of the wavelet transform of the 
spectra in X will be called T. The rows of T are equal to the 
DWTs of the spectra vectors (rows) of X, as in Equation 5: 

By transforming our spectral data into this new wavelet 
domain, we should have concentrated information relevant 
to analyte concentration into as few variables as possible. At 
this stage a lot of the data in T would have low correlation 
with analyte concentration. This uncorrelated data should be 
eliminated from this process of building a prediction model 
Since it represents nothing more than noise. Thus, the 
transformed spectra in T are truncated So that they contain 
only those resolution levels which are expected to contain 
information (characteristic frequencies of the analyte) rel 
evant to predicting the analyte of interest. In addition, the 
Spectra in T must often be truncated in order to perform 
Some of the later Steps of this process. Indeed, enough 
variables must always be eliminated from the Spectra in TSO 
that there are more rows than there are columns. 

Choosing which resolution levels of T to use in the 
prediction proceSS can be done in Several ways. One way is 
to choose them based on the magnitude of the Fourier 
transforms. AS mentioned earlier, all basis functions in a 
resolution level have the same magnitude of Fourier trans 
forms. In order for a resolution level to be well Suited for 
representing a particular analyte, the magnitude of Fourier 
transform of the resolution level should match up well with 
the magnitude of Fourier transform of the analyte's pure 
spectrum. In other words, the Fourier transforms of the 
Selected basis functions of the Selected resolutions levels 
will have peaks in the frequency ranges Similar to the 
Fourier transform of the spectral data of the analyte of 
interest. This Selection of resolution levels can be accom 
plished by inspecting the curves of the resolution levels of 
the basis functions and their Fourier transforms and Select 
ing the ones with the wave number range of interest. 

For example, FIG. 12 shows a 256 point absorbance 
Spectrum obtained from 400 mg/dL glucose in an aqueous 
solution. FIG. 13 shows the magnitude Fourier transform of 
this spectra. When FIG. 13 is compared to the plots in FIG. 
2, it should be apparent that Some of the resolution levels of 
the DWT represented by FIG. 2 will contain very little 
information relevant to glucose concentration. For example, 
resolution levels seven, six, and five, represented by FIGS. 
2a, 2b, and 2c, have very little in common with the plot in 
FIG. 13. On the other hand, resolution levels three and four, 
represented by FIGS. 2d., 2e, and 2f contain regions in their 
magnitude of Fourier transforms that overlap with the 
important features of the plot in FIG. 13. Thus, resolution 
levels three and four would likely be good resolution levels 
to include in the process of building a prediction model for 
this data. 

Alternatively, an algorithm can be created to Select the 
proper resolution levels using a quantitative optimization 
technique. Such optimization technique is also within the 
skill of one skilled in the art. Such algorithms can be run on 
computers. The optimization technique would use Several 
different ranges of resolution levels in the prediction proceSS 
that is presently being described. The range that optimizes a 
certain criterion, Such as the least prediction error when 
cross validation is performed in a reference data set (a 
calibration set), could then be chosen as the best range of 
resolution levels. 

Once the resolution levels for use in this proceSS are 
chosen, the matrix T can be truncated So that it only contains 
spectra with these resolution levels. This new matrix will be 
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8 
called T, where the “a” represents the resolution level or 
levels of T that are included in T. T. can be found directly 
from by X using the formula T=X W, where W is derived 
from W and contains only the basis vectors in the applicable 
resolution level(s). For example, T represents the matrix 
with rows containing resolution level 3 of the DWTs of the 
spectra vectors in X. 
The projection (q) of y onto the columns of T is given by 

the following, Equation 6: 

This q is the regression vector that would be used in a 
regression equation between the variables in T and pre 
dicted glucose concentration. Now that q is found, the final 
form of the prediction model can be obtained. This predic 
tion model will give predicted analyte concentration (y) 
of an unknown sample from its spectrum X', as shown here 
in Equation 7: 

b=V,9; by-x",b 

with y, and X, as defined in Equations (2) and (3). 
In this application a wavelet basis function is chosen to be 

better matched to represent the Spectral Signal generated by 
the analyte species we are trying to analyze (for example, the 
absorption spectrum of glucose in Solution). It is obvious 
that the shape of the absorption peaks of the analyte Such as 
glucose are quite different from Sine or cosine functions. 
Therefore, Fourier representation of this signal would be 
poor. However, Wavelet basis functions, due to their char 
acteristics in resembling discontinuity and Sharp peaks, are 
better Suited to match the shape of the Signal from the 
analyte to be analyzed and therefore will be better for 
analysis of the analyte. 
Another advantage of wavelet transforms is that the 

individual wavelet basis functions are localized in Space 
whereas Fourier Sine and cosine functions are not. Thus, a 
very sharp signal from one analyte species can be repre 
Sented by a high frequency wavelet basis function localized 
to the data Space around the signal (e.g., absorption peak) for 
that Species. While a wide peak generated by another Species 
also present in the Sample can be represented by a low 
frequency basis function over a wider data Space. This 
property of wavelet transforms permits simpler isolation of 
Sharp glucose peaks from a spectrum containing wide peaks 
generated by water and other interfering Species. 

Example of Modeling 

The following is an illustrative example of how a model 
is developed for detecting quantitatively glucose concentra 
tion in aqueous Solution. It is to be understood that other 
Samples, i.e., Solids, liquids in bottles, etc., can be analyzed 
by one skilled in the art employing a similar technique 
applying radiation and wavelet transform. Briefly Stated, the 
method involves deriving a model of spectral data in relation 
to quantitative information (e.g., concentration) of an ana 
lyte using wavelet basis functions and matching the model 
with Spectral data of a Sample Suspected to have the analyte, 
to find the quantitative information on the analyte in the 
Sample. 
To provide the Spectra in this example, 42 acqueous 

Solutions of glucose were irradiated and the resulting radia 
tion interaction detected. The absorbance Spectra were 
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obtained using a BOMEM Michelson MB-155 FTIR 
(Bomem, Inc., 450 ave St-Jean-Baptiste, Quebec, PQ 
Canada G2E 5S5). Each individual spectrum contained 
3,113 points of data and covered the wavenumber range 
10,000 cm-4000 cm. These spectra were collected from 
Sample Solutions containing protein concentrations ranging 
from 40 g/L-60 g/L, glucose concentrations ranging from 
20-400 mg/dL, and temperatures ranging from 34-40 
degrees Celsius. 

All forty-two (42) of the 3,113-point spectra were then 
transferred in their entirety into MATLAB. In MATLAB all 
of the Spectra were truncated in the following manner. First, 
the index of the 3,113-point absorbance Spectra correspond 
ing to 4400 cm (or the closest wavenumber to 4400 cm) 
was found. Then, the Spectra were truncated 127 points from 
4400 cm in the direction of the 4000 cm end, and 128 
points from 4400 cm in the direction of the 10,000 cm 
end. This truncation process yields 256-point spectra (i.e., 
each having 256 point) covering the wavenumber range 
4646 cm-4100 cm. The 256-point spectra, treated as 
vectors in MATLAB, were put into the columns of the 
matrix X. The spectra in X are plotted in FIG. 3. 

Then, a column concentration vector, y, was created. AS 
Stated above, the entries of y corresponded to the glucose 
concentration of the Solutions from which the columns 
(spectra) X, were collected. 

Next, a set of wavelet basis functions was chosen for later 
use in a discrete wavelet transform (DWT). In this illustra 
tive case, the D8 (Daubechies-8) set of basis functions was 
chosen. The lowest resolution level of the DWT was also 
chosen at this point. In this example, the lowest resolutions 
level of the DWT was chosen to be resolution level 2. 

FIGS. 4 and 5 display two different basis functions of the 
D8 (from resolution levels 3 and 4) basis on the same set of 
axes as a magnified (100x) absorbance spectrum collected 
from a Sample containing 400 mg/dL glucose and no protein 
at 37 degrees Celsius. In FIG. 4, the dotted line, a, is the 
resolution level 3 basis function and the Solid line, b, 
represents the spectrum. In FIG. 5, the dotted line, c, is the 
level 4 basis function and the Solid line, d, represents the 
Spectrum. AS can clearly be seen from both figures, the 
primary peaks of the basis functions match up well with the 
primary glucose absorbance peak at 4400 cm. The basis 
function in FIG. 4 also seems to have a Small peak at about 
the same point as the Secondary glucose absorbance peak at 
4300 cm. Thus, D8 appears to be a good choice of wavelet 
basis. 

At this point, a matrix W was created from the basis 
functions selected. The columns of W were the 256 (two 
hundred and fifty six) 256-point D8 wavelet basis functions. 
Thus, W was a 256-by-256 matrix. 

Since the full DWTs of the truncated absorbance spectra 
in the calibration Set would only contain a few points with 
useful information for predicting glucose concentration, 
only those points that had a high chance of containing 
glucose information were used in the final prediction for 
mula. In this example, resolution levels 2h-4 (the high 
frequency Section of resolution level 2, resolution level 3, 
and resolution level 4) because these resolution levels of the 
D8 DWT contain the frequency ranges over which protein 
and glucose peaks are known to occur for the given wave 
number range. By Selecting the resolution levels, the size of 
the matrix W is reduced, yielding a matrix W, with a size 
of 256x28 described above in Equations 1 to 7. This matrix 
is constrained to always have fewer columns than the 
number of Spectra in the calibration Set. We had 28 
columns, which is indeed less than the 42 spectra in the 
calibration Set. 
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10 
As per the method described above in Equations 1 to 7, 

the calibration data matrix X is centered for each wave 
number by finding the difference of the truncated spectral 
data from the average, via the following operation, Similar to 
Equation 2 above, using the transpose X"cal of X, as 
shown in the following Equation 8: 

cal 

1 

1 

X = XI. - 1 x' c 1 a 

1 

where the x vector is the mean of the transpose spectral data 
X of the 42 spectra. Further, the concentration data of the 
calibration Samples from which the Spectra were derived are 
put into vector form, y. The entries of this y matrix 
correspond to the concentrations of the analyte from the 
columns (i.e., spectra) of the X matrix. The y is also 
centered, Similar to Equation 3 above, by finding the differ 
ence of the concentration data from the average, as in the 
following Equation 9: 

where y is the mean of the concentration of the 42 Samples. 
Subsequently, Xat (or rather X) and W were used 

to produce a new matrix, the resolution matrix T, as shown 
in Equation 10: 

T was a 42 by 28 matrix. The rows of T contained resolution 
levels 2h-4 of the DWTs of the columns (spectra) of X. 

Next, the prediction coefficient vector b was found using 
the Equation 11: 

The scalar offset coefficient b for the prediction model was 
obtained by finding the dot product of the regression coef 
ficients b obtained above and the average Spectrum vector 
and then Subtracting this dot product from the mean con 
centration of the analyte in the calibration Samples, as shown 
in the following Equation 12: 

b=y-'b 

FIG. 6 shows the prediction vector b, plotted against the 
corresponding wavenumbers of the Signals that will later be 
dotted with b. 
Determination of Quantitative Information Using the Model 
When a Sample is Suspected to contain the analyte of 

interest, the Sample can be irradiated with the radiation to 
obtain a spectrum as with the n calibration Samples 
described in the above. AS previously Stated, a part of a 
human body can be considered a Sample herein. 

In this illustrative example, forty-two (42) NIR absor 
bance spectra were obtained using a BOMEM Michelson 
MB-155 FTIR spectrometer in the same manner as 
described in the above model. Each individual spectrum 
contained 3,113 points and covered the wavenumber range 
10,000 cm-4000 cm. These spectra were collected from 
prediction Sample Solutions containing protein concentra 
tions ranging from 40 g/L-60 g/L, glucose concentrations 
ranging from 20–400 mg/dL, and temperatures ranging from 
34-40 degrees Celsius. None of these spectra in the predic 
tion Set, however, contained the Same protein and glucose 
concentrations as any spectrum in the calibration Set. 
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All forty-two (42) 3,113-point spectra were then trans 
ferred in their entirety into MATLAB. In MATLAB all of the 
Spectra were truncated in the same manner as described in 
the above Model. Then, the forty-two 256-point spectra 
were put into the columns of a matrix called X. The 
spectra in X are plotted in FIG. 5. 

Prediction was then performed using band b found in the 
model developed above and Equation 13: 

ypred-bit predib 

where yore contained the predicted glucose concentration of 
each spectrum in X and X is the transpose of X. 
FIG. 8 shows the plot of predicted versus actual glucose 
concentration. The results show that the predicted values 
represent the actual concentrations very well. 

In this way, the model can be used to predict quantitative 
information of the analyte of interest in unknown Samples. 
It is to be understood that one skilled in the art will be able 
to made obvious modifications, and Such modification are 
within the Scope of the present invention. For example, the 
mathematics can be reformulated using equivalent 
mathematics, curve fitting methods other than linear regreS 
Sion can be used, and the order or extent of the truncation 
StepS may be modified. Further, although we use concentra 
tion as the quantitative information as the example in the 
above description, other quantitative information Such as 
mass, mole, and the like, can be used, if the Volume, mass, 
etc., of the Sample is known. 

The apparatus used in the present invention can be 
composed of Standard commercial units of electromagnetic 
energy radiation equipment detectors, computers, monitors, 
amplifiers, and the like. FIG. 9 shows an embodiment of an 
apparatus that can be used for determining the concentration 
of an analyte in Solution according to the present invention. 
The apparatus 100 includes an analyzer 110 by radiation 
interaction of the analyte in solution. The data of the 
electromagnetic wave interaction, Such as absorbance, 
transmission, light Scattering, etc. are analyzed in a proces 
Sor 114 to obtain the Spectra of the electromagnetic wave 
interaction data. The processor 114 further can determine the 
basis functions. Alternatively, a person can manually Select 
the basis functions. The processor can, based on the basis 
functions Selected, predict the concentration of the analyte 
according to an algorithm embodying the DWT technique 
described above. The result of the analysis can be commu 
nicated to the user by a user interface, Such as a display, or 
to another analytical or computing device in remote site. In 
a more specific embodiment the electromagnetic wave inter 
action analyzer is a near infra-red (NIR) absorbance spec 
trometer 134. In the NIR absorbance spectrometer, light of 
Specific wavelength is imparted on the Sample and the 
absorbance analyzed to obtain data with the absorption 
peaks. The NIR absorbance spectrometer or the spectrum 
analyzer can analyze the Spectral data. The processor can be 
a computer, microprocessors, etc. known in the art. The user 
interface for displaying the analytical results can be a CRT 
monitor, printer, plotter, or the like. Alternatively, the data, 
the algorithm, and the results can be Stored Separately or 
together in a Storage medium Such as a computer, hard disk, 
floppy disk, tape, IC, and the like, for later use. AS an 
alternative to NIR, as described above, radio frequency 
interaction can be used. In this case, a radio frequency 
radiation generator and Sensor for Sensing the radio fre 
quency interaction will be used. Devices for non-invasively 
irradiating a part of the body to obtain electromagnetic wave 
interaction for spectral analysis are known in the art. For 
example, NIR absorption using fiber optics for directing 
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12 
light to the webbing between the thumb and the forefinger is 
disclosed by Small et al., International Patent Application 
No. WO95/22046, which description of the technique for 
detection of physiological chemical is incorporated by ref 
erence herein). AS previously stated, devices for utilizing 
radio frequency for determining chemical in a human body 
are disclosed by Fuller, et al. (Supra). In the present 
invention, electromagnetic radiation can be directed to, e.g., 
as shown in FIG. 11, the webbing between the thumb and the 
forefinger, the earlobe for electromagnetic interaction Such 
as NIR, far IR absorption, and radio frequency radiation. In 
FIG. 11, the NIR light is generated by a NIR light source 150 
Such as a halogen lamp. The NIR light is transmitted through 
an optical cable 115 to light exit end 158 to the webbing 160. 
Light transmitted through the webbing 160 is carried by 
another optical fiber 164 to a detector 166 to be detected and 
later analyzed for Spectral characteristics. 

Although the preferred embodiment of the present inven 
tion has been described and illustrated in detail, it is to be 
understood that a perSon Skilled in the art can make modi 
fications within the Scope of the invention. For example, the 
present technique can be used to measure chemical concen 
tration in Samples of Solid, liquid, non-physiological fluids 
as long as electromagnetic interaction can be used to obtain 
Spectra. Further, based on the present disclosure, the use of 
algorithms for wavelet analysis would be simple and obvi 
ous to one skilled in the art of wavelet analysis. For example, 
rather than using the basis functions of the DWT, one could 
also use the basis functions of a discrete wavelet packet 
transform. The basis functions of a wavelet packet transform 
are divided into resolution level detail and resolution vec 
tors. In using wavelet packet transform, one would simply 
choose the Sets of basis functions to use in creating the 
prediction equation in the same manner as described here for 
choosing resolution levels. 
What is claimed is: 
1. An apparatus for analyzing analyte composition of a 

Sample without immersing a part of the apparatus therein, 
comprising: 

(a) a Source of electromagnetic radiation for irradiating 
the Sample to result in radiation interaction; 

(b) a detector for detecting electromagnetic radiation 
resulting from the radiation interaction from the Sample 
to result in analytical data, Said detected electromag 
netic radiation having a Signal indicative of the analyte, 
and 

(c) a processor having a modeling algorithm for applying 
to said analytical data from Step (b) to determine 
quantitative characteristics of the analyte in the Sample, 
Said modeling algorithm having parameters, for deter 
mining Said quantitative characteristics, obtained by 
applying wavelet basis functions of resolution levels 
having amplitude-frequency characteristics resembling 
amplitude-frequency characteristics of radiation inter 
action data derived by irradiating calibration Samples 
having known concentration of the analyte. 

2. An apparatus according to claim 1 wherein the mod 
eling algorithm applies said wavelet basis functions to 
calibration data obtained from the detector over a spectrum 
of frequencies to derive parameters of prediction equations 
for analyte concentration. 

3. An apparatus according to claim 1 wherein the mod 
eling algorithm applies Said wavelet basis functions of 
resolution levels over a Selected portion of a spectrum of 
frequencies of the electromagnetic radiation irradiating the 
Sample for matching characteristic frequencies of the ana 
lyte. 
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4. An apparatus according to claim 1 wherein the radiation 
Source emits light of frequencies that penetrates non 
invasively a physiological body Surface to irradiate tissue 
underneath the body Surface. 

5. An apparatus according to claim 1 wherein the proces 
Sor derives the parameters from wavelet basis functions of 
the Daubechies Set to correspond to the frequency and 
amplitude characteristics of the radiation interaction of 
glucose as the analyte. 

6. A method for detecting quantitatively an analyte in a 
Sample, comprising: 

(a) irradiating electromagnetic radiation on the Sample to 
result in radiation interaction; 

(b) detecting electromagnetic radiation resulting from the 
radiation interaction from the Sample to result in data, 
Said detected electromagnetic radiation having a Signal 
indicative of the analyte, and 

(c) applying to the data from Step (b) a modeling algo 
rithm to determine quantitative characteristics of the 
analyte in the Sample, Said model algorithm having 
parameters for determining Said quantitative 
characteristics, obtained by applying wavelet basis 
functions of resolution levels having amplitude fre 
quency characteristics resembling amplitude-frequency 
characteristics of radiation interaction data derived by 
irradiating calibration Samples having known concen 
tration of the analyte. 

7. A method according to claim 6, further comprising 
irradiating calibration Samples and applying wavelet basis 
functions to calibration data derived from the irradiation 
over a spectrum of frequencies of the calibration Samples to 
derive the parameters. 

8. A method according to claim 7, further comprising 
Selecting wavelet basis functions having prominent features 
over a Selected portion of a spectrum of frequencies of the 
electromagnetic radiation irradiating the Sample correspond 
ing to frequency and Spatial characteristics of the radiation 
interaction of the analyte. 

9. A method according to claim 7, further comprising 
Selecting wavelet basis functions and resolution levels 
thereof having prominent peaks over a spectrum of frequen 
cies resembling frequency and Spatial characteristics of the 
radiation interaction of the analyte. 

10. A method according to claim 7, comprising forming 
the modeling algorithm by deriving a regression model 
having a vectorial equation the constants of which are 
obtained by applying wavelet basis functions to calibration 
radiation interaction data over a spectrum of frequencies. 

11. A method according to claim 10 wherein the regres 
Sion model has the form of y=b+x,b where y is a 
vector of the predicted concentration, b, is a Scalar constant 
and b is a vector of constants derived by applying wavelet 
basis functions, and where X is a vector of radiation 
interaction analytical data, b, and b being the parameters in 
the modeling algorithm. 

12. A method according to claim 7, further comprising 
analyzing the spectra of the radiation interaction of the 
calibration Sample to derive the calibration data and per 
forming wavelet transform on the calibration data to obtain 
wavelet basis functions of the calibration data. 

13. A method according to claim 7, wherein the step of 
irradiating calibration Samples includes irradiating near 
infrared radiation and the method further comprises apply 
ing the wavelet basis functions by Selecting Daubechies Sets 
corresponding to frequency and amplitude characteristics of 
radiation interaction of glucose. 

14. A method according to claim 13, wherein the 
Daubechies Sets are Selected based on wavelet basis function 
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14 
resolution levels having prominent features corresponding 
to frequency and amplitude characteristics of absorbance 
Spectra of glucose. 

15. A method according to claim 6, wherein Step (a) 
comprises directing electromagnetic waves of frequencies 
that penetrate non-invasively a physiological body Surface to 
irradiate tissue underneath the body Surface to result in the 
radiation detected. 

16. A method according to claim 6, further comprising 
truncating part of the data of Step (b) to reduce noise before 
applying wavelet analysis. 

17. A method according to claim 6, further comprising the 
Step of irradiating a spectrum of electromagnetic radiation 
on multiple calibration Samples to result in radiation inter 
action and detecting electromagnetic radiation resulting 
from the radiation interaction from the calibration Samples 
to result in the calibration data for developing the modeling 
algorithm, said detected electromagnetic radiation having a 
Signal indicative of the analyte in the calibration Samples. 

18. A method for non-invasively detecting quantitatively 
an analyte in a physiological fluid-containing Sample from a 
patient, comprising: 

(a) irradiating electromagnetic radiation at a Surface of the 
physiological Sample to result in radiation interaction 
of the electromagnetic radiation with physiological 
fluid in the Sample; 

(b) detecting electromagnetic radiation resulting from the 
radiation interaction from the Sample to result in evalu 
ation data, Said detected electromagnetic radiation hav 
ing a signal indicative of the analyte in the physiologi 
cal fluid in the Sample, and 

(c) applying a modeling algorithm to at least a portion of 
the evaluation data to determine the quantitative char 
acteristics of the analyte in the physiological fluid 
based on the evaluation data, the modeling algorithm 
having been developed digitally by applying wavelet 
basis functions of resolution levels having amplitude 
frequency characteristics resembling amplitude 
frequency characteristics of calibration data of radia 
tion interaction derived by Shining electromagnetic 
radiation of a Spectrum of frequencies on calibration 
Samples having known concentration of the analyte. 

19. A method according to claim 18, further comprising: 
(a) irradiating a spectrum of electromagnetic radiation on 

multiple calibration Samples to result in radiation inter 
action and detecting electromagnetic radiation resulting 
from the radiation interaction from the calibration 
Samples to result in the calibration data, Said detected 
electromagnetic radiation having a Signal indicative of 
the analyte in the calibration Samples, and 

(b) digitally processing at least a portion of the calibration 
data in matrix form covering the multiple calibration 
Samples under the Spectrum using wavelet-basis 
functions to derive the model algorithm of the radiation 
interaction of the analyte via Selecting wavelet basis 
functions and resolution levels thereof having promi 
nent peaks in the amplitude-frequency characteristics 
resembling amplitude-frequency characteristics of the 
radiation interaction of the analyte. 

20. An article of manufacture comprising a program 
Storage medium, tangibly embodying a program code means 
readable by a computer for causing the computer to analyze 
the concentration of an analyte in a Sample, the program 
code means including: 
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(a) code means for digitally processing calibration data 
obtained from irradiation of a plurality of calibration 
Samples with electromagnetic radiation of a spectrum 
of frequencies, Said means for digitally processing 
applying wavelet basis functions of resolution levels 
having amplitude-frequency characteristics resembling 
the amplitude-frequency characteristics of the calibra 
tion data to derive a model algorithm of the radiation 
interaction of the calibration Sample, and 

16 
(b) code means for applying the modeling algorithm in 

matrix operation to the evaluation data obtained from 
radiating evaluation Samples with electromagnetic 
radiation of a spectrum of frequencies, to determine the 
quantitative characteristics of the analyte in the evalu 
ation Sample based on the evaluation data. 


