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ABSTRACT 
Integrated  sensing  and  processing 
acoustic resonance  spectroscopy  (ISP-ARS)  is  a  
novel approach  to  acoustic  spectroscopy  that  
can  be implemented  using  instruments  as  simple  
as  an MP3   player.   In   ISP-ARS,   an   ISP   
acoustic excitation  waveform  is  created  that  
comprises only the distinguishing spectral details 
associated with   an   analyte.   Fourier   transform   
acoustic resonance   spectroscopy   (FTARS)   is   
used   to develop  ISP  acoustic  waveforms  
employed  in differentiating  D-tagatose,  a  new  
oral  drug  in phase  3  clinical  trials  for  treatment  
of  type  2 diabetes,   from   other   toll-
manufactured   drugs. ISP-ARS reduces the time 
required for processing  that  is  normally  observed  
with  full spectrum  FTARS.  The  ISP  detector  
output  is  a voltage   that   can   be   read   
immediately   and corresponds  only   to  the 
analyte under investigation. ISP acoustic 
waveforms composed of 10, 100, and 1000 
frequencies were used to identify several drugs.   
The tablets used in  this  study  were  aspirin,  
acetaminophen,  D- tagatose, ibuprofen, vitamin B, 
and vitamin C.  It was   found   that   a   mixture   of   
as   few   as   ten frequencies with the largest factor 
loadings were required to properly classify each 
pill used in this study.  Intra-cluster  distances  were  
calculated  to be   less   than   three   
multidimensional   standard deviations   (MSD)   
for   each   pill   type.    The average accuracy of 
prediction was 98.47, 97.45 and 95.41 percent for 
the 10, 100 and 1000 

 
frequency component acoustic waveforms 
respectively. 
 
INTRODUCTION 

Each  year  over  200,000  U.S.  citizens 
die   of   complications   resulting   from   type   II 
diabetes1.   As a chronic disease, type II diabetes 
occurs  when  the  body  no  longer  uses  insulin 
effectively. This  is  compounded  by  poor  insulin 
production, which leads to high glucose levels in 
the blood.  Hyperglycemia can lead to heart, eye, 
blood vessel, kidney and nervous disorders and if 
left   unchecked   can   lead   to   death. Current 
statistics   suggest   that   approximately   19   -   20 
million  Americans  have  type  II  diabetes2.  It  is 
projected that 366 million people worldwide will 
be  afflicted  with  type  II  diabetes  by  the  year 
2030 3.   In 2002 it was estimated that in the U.S. 
alone $132 billion was spent on treatment of type 
II diabetes and complications associated with it 4. 
D-tagatose (D-tag) is being investigated as a 
novel treatment for type II diabetes.  D-tag is a   
hexose   bulk   sweetener   with   92%   of   the 
sweetness  of  sucrose,  and  is  naturally  occurring 
in  heated  dairy  products.  Although  D-tag  does 
not   improve   insulin   production,   it   has   been 
shown  to  lower  glycemic  response  as  well  as 
induce  weight  loss  in  clinical  trials  through  a 
mechanism  of  action  based  on  several  enzymes 
in  the  liver  5-6.  Experimental  drugs  like  D-tag 
that  are  in  clinical  trials  are  often  produced  by 
contract manufacturers in multiple dosage levels,



and new process analytical techniques must be 
developed for each new drug to insure identity, 
concentration and quality. 

Many large pharmaceutical manu-
facturers also contract out their small-scale 
manufacturing needs as a way of reducing cost 
or meeting their production deadlines. As a 
result, a contract manufacturer may make several 
kinds of pills that are similar in appearance at 
almost the same time, testing various dosages 
and placebos for clinical trials. In addition, a 
contract manufacturer may produce pills for 
multiple outside firms.   One way to reduce the 
possibility that pills may inadvertently become 
confused or contaminated is to employ a rapid 
and nondestructive means of verifying tablet 
identity. Such systems for identifying 
contaminated or mislabeled products must be 
strategically placed to prevent problems with 
pills before they are shipped.  Process analytical 
technologies (PAT) on the production line 
should have the ability to work in real-time. 
Currently there are no fool-proof processes to 
eliminate mislabeling or contamination, and 
millions of pills can sometimes be recalled.  For 
example, in November of 2006, 11 million 
bottles of contaminated acetaminophen were 
recalled by the Perrigo Company of Allegan, 
Michigan due to contamination of the tablets 
with metal wire 7. The FDA admits that current 
good manufacturing processes (cGMP) have 
reached their limits and better risk-based 
scientific approaches are needed to insure 
product safety8. PATs are designed to prevent 
large recalls by detecting problems before they 
occur.   

ISP-ARS is fast and non-destructive. 
Acoustic methods are able to deeply penetrate 
many types of opaque packaging, in contrast to 
near-infrared and other optical methods. The 
ability to penetrate many types of packaging can 
be a distinct advantage in preparation of clinical 
trial lots, where drugs and placebos must be 
blinded from users.  As a PAT, a series of ISP-
ARS sensors could potentially scan every pill 
produced by a manufacturer, enabling the 
removal of only those pills that did not meet 
quality standards.  A dynamic data-driven 
application system (DDDAS) could control a 
manufacturer’s product line based on 
measurements from a series of ISP-ARS sensors, 
adjusting process conditions and ingredients in 
real time based on actual process measurements 
9-10.  

A dynamic data-driven application 
system (DDDAS) allows for the implementation 

of real-time data to model or predict a 
measurement or event. By incorporating data 
dynamically rather than statically, the predictions 
and measurements become more reliable.  For 
example, in weather forecasting, if predictions 
are made based on static data collected from 
sparsely distributed sensors, then rapidly 
changing conditions often make a prediction 
obsolete shortly after it is made. A more reliable 
forecasting system continuously incorporates 
real-time changes from many sensors into its 
predictions so that the forecast is always built 
around current conditions. As the conditions 
change so does the forecast, in real-time. In this 
way, DDDASs have the ability to guide their 
measurement processes and focus their 
resources, much as forecasts guide US Air Force 
53rd Weather Reconnaissance Squadron 
(“Hurricane Hunter”) aircraft away from calm 
seas and into the eyes of hurricanes to 
concentrate their data collection.  The 
information collected makes possible advance 
warning of hurricanes and increases the accuracy 
of hurricane predictions and warnings by as 
much as 30 percent11.  

Creation of the ISP acoustic wave 
begins with the chemometric analysis of the 
initial FTAR spectroscopic data. Therefore, 
FTARS itself makes a prediction about what will 
work as an ISP acoustic waveform for a given 
set of samples.  This training process can be 
viewed as a DDDAS when the performance of 
the ISP waveform is continuously monitored and 
the ISP waveform is continuously adjusted 
through retraining.  To illustrate, in 
pharmaceutical production, ISP waveforms are 
constructed from analysis of the FTARS spectra 
of active ingredients. As tablets are produced, 
they can be classified using ISP-ARS.  If the 
sample cannot be identified with the ISP 
waveform, then FTARS is used again with other 
reference methods to classify the new sample, 
recalibrate the ISP waveform, and enable ISP to 
predict a new unknown (see Fig 1). 
 
 

 



Fig. 1 Block diagram of ISP-ARS process.  The red 
arrows indicate the traditional FTARS cycle.  In 
traditional FTARS, samples are scanned and classified 
according to their inter-cluster distances found via 
multivariate analysis (A-D). This process is repeated for 
each sample scanned. With ISP-ARS, the FTARS data 
are used to calculate factor loadings and an ISP acoustic 
waveform is constructed to represent these loadings (E).  
Once the ISP waveform is constructed, the traditional 
FTARS operation cycle is not needed. Samples scanned 
with the ISP waveform are classified according to their 
detector voltages (F-G). If a sample cannot be classified 
(H), then FTARS is employed for recalibration and a new 
ISP acoustic waveform is constructed that includes the 
new unknown.  As samples change the ISP waveform can 
evolve with the new data. 
 

Fourier transform acoustic resonance 
spectroscopy (FTARS) is well established and 
has been shown to differentiate drugs, 12-15 
powders, 16-18 liquids, 16, 19-21 as well as predict 
dissolution rate in otherwise identical samples 13.  
FTARS is nondestructive and complete scans 
can be made in seconds, therefore it is a prime 
candidate for use as a process analytical 
technique (PAT).  However, FTARS relies on 
intensive computer processing following data 
collection due to the amount of information 
gained in each scan. An ARS spectrum recorded 
over the interval of 20 Hz to 20 kHz with a 
sample rate of 44.1 kHz for one second generates 
a substantial amount of data (1 s x 44.1 kHz = 
44100 data points).  Chemometric analysis of 
multiple FTARS data sets can become 
computationally demanding and could limit the 
production rate of tablets, especially if 100% 
tablet inspection is considered.  ISP-ARS 
reduces the computational burden ofFTARS 
because it directly produces the analyte identity 
as an output. 
 
Theory 

In FTARS, white noise comprising a 
mixture of all frequencies over a specified range 
is used as excitation for scanning a calibration 
set of samples.  If no a priori information is 
given about the samples then sample 
classification is made via undirected 
(unsupervised) data mining.  For this qualitative 
tablet identification experiment, multivariate 
techniques are employed to group the calibration 
data into specific classes.  The specific classes  
are then used to build a predictive model on 
which ISP-ARS is based.  To begin, a training 
set of data is scanned over the entire frequency 
range using FTARS techniques. Principal 
component analysis (PCA) is employed to 
separate the samples into classes. PCA is a 

multivariate analysis technique that reduces the 
amount of data in large sets.  PCA has been 
previously applied to FTARS and other 
spectroscopic data to differentiate samples 13, 15-

16, 22-23.  In PCA a new set of data, the principal 
components (PCs), are generated from the 
acoustic frequencies such that the first PC 
contains the most variation of the original data, 
the second PC the next highest variation 
orthogonal to the first, and so on until the total 
sample variation is explained. If there is a 
significant amount of correlation present in the 
original data then the number of useful PCs is 
small 24.  The PCs that denote the greatest 
variation among the calibration set tablets are 
used to create the ISP acoustic waveforms. The 
loadings (coefficients) of the PCs are used to 
indicate the frequency regions that have the 
greatest effect on each PC (Fig. 2). In ISP-ARS, 
the acoustic waveforms are created from those 
frequency regions where the greatest sample 
variation was observed, and that had the largest 
loading coefficients. The PC loadings, however, 
are weighted in both the positive and negative 
direction, which is due to positive and negative 
differences among the spectra (see Fig. 2, part A 
& B), and each contains useful information. 
Thus, loadings over the frequency region 
corresponding to the highest variation in the data 
must be found in both the positive and negative 
directions.  Separate acoustic waveforms must be 
created for the positive and negative loading 
data. If the data are not separated then frequency 
components from the positive data domain may 
offset the components from the negative when 
the entire time domain waveform is integrated 
during the detection process. This is because 
excitation of the analyte with positive loading 
frequencies will have a specific effect on the 
acquired voltage data while the negative loading 
frequencies will have an opposing effect on the 
voltage data. The same is true for each specific 
PC loading that is used; frequency components 
from one loading may overlap with components 
of another.  In many cases, a single PC is 
sufficient for a tablet analysis.  But suppose that 
in practice it is found that the top three PCs 
separate the tablet calibration data sufficiently. 
The corresponding loadings for PCs 1-3 must be 
broken into positive and negative pieces, and an 
ISP acoustic waveform constructed from three 
PCs would have six segments that would be 
played sequentially and integrated into six 
distinct detector values. Cluster analysis of the 
detector voltage data would complete the  
 



 
classification of a sample. One method of 
classifying the output voltages is the Bootstrap 
Error-adjusted Single-sample Technique 
(BEST).  The BEST method of sample 
classification calculates the distance between 
data clusters in multidimensional standard 
deviations (MSD) 25.  When distance of a 
spectrum from a cluster is less than three MSDs, 
the unknown spectrum is considered to be of the 
same sample as the cluster. ISP acoustic 
waveforms can be generated from many samples, 
and an MP3 player can be used to hold an entire 
database of ISP excitation waveforms. This 
makes ISP-ARS a great choice for PAT as 
pharmaceutical manufacturers could calculate an 
ISP acoustic waveform from FTARS data to 
determine many sample properties and 
characteristics in their production line.   
 
EXPERIMENTAL 

Materials. Tablets of different over-the-
counter pharmaceutical drugs were obtained for 
scanning by the ARS.  The Tablets analyzed 
included: vitamin C (Spring Valley, 1000 mg), 
vitamin B-12 (Spring Valley, 2000 mcg), 
acetaminophen (Equate, 325 mg), aspirin 
(TopCare, 325 mg), ibuprofen (Equate, 200 mg) 
and D-tagatose (Spherix Inc, 300 mg).  The 
tablets were scanned intact with no special  
preparation except for D-tagatose which was 
pressed in-house. The physical properties of each 
tablet scanned varied from one another. Vitamin 
B-12 and C were similar in shape and size but  
 

 
were of greater mass then all other tables.  The 
pain relievers also had similar shapes and sizes 
(common solid round tablets).   However, slight 
differences in the physical and chemical 
properties of the tablets contributed to 
differences in the AR spectra.  
  ARS Data Collection. Four tablets each 
of the pharmaceutical drugs were scanned along 
with a blank (a scan of the empty base-plate at 
equal pressure as the tablets), in triplicate and in 
random order. Each tablet was placed on a scale 
(Model 3120, Health O Meter, Bridgeview, IL, 
USA) and adjusted to a pressure of 150g so that 
contact between the sample and the quartz rod of 
the ARS was maintained and constant 
throughout scanning. After each scan, the scale 
was reset and the tablets repositioned. White 
noise in the frequency range of 0 to 3.1 MHz 
was generated using a function generator 
(Stanford Research Systems, Sunnyvale, CA, 
USA). The sound card used to capture the data 
(Model No. SB0490, Creative Labs) had a range 
of 20 Hz to 22 kHz and the card contained an 
anti-aliasing filter that prevented problems from 
excitation outside the frequency range of the 
function generator. All data processing was done 
in Matlab 7.0.1 (The Mathworks Company, 
Natick, MA, USA).  The tablet spectra were 
obtained over 5 seconds with a sample rate of 
44.1 kHz producing 220,500 (44.1 kHz x 5s) 
data points for each scan.  The time domain data 
was transformed to the frequency domain using  
the Fourier Transform (FT) so that each resulting  
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Fig. 2 In a series of samples (B) the highest variation in frequency range of interest can be viewed in the highest 
loadings (A). Selection of the greatest frequencies from the positive and negative component of the loadings (C) can be 
used to construct the ISP waveform (D). To avoid cancellation of integrated signal from positive and negative loading 
frequencies, an acoustic waveform must be constructed separately for the positive and negative loadings and 
transmitted independently through the sample. 
 



frequency spectrum contained 22,050 data 
points.  The mean of each three replicate 
measures was taken.  Frequency domain data 
were z-scored in intensity and principal axis 
transformation was performed on the data before 
cluster analysis. Loadings from the first three 
PCs were used to find the frequencies that 
contributed the most to the total variance 
between sample types.  The positive and 
negative loadings were separated and sorted by 
principal component number in descending 
order.  The frequencies corresponding to the 
largest 10, 100 and 1000 loading values 
encompassing a single resonance peak were used 
to create the excitation signal for ISP-ARS. The 
excitation signal consisted of 18 frequency 
ensembles in sequence, one second of each.  The 
first three frequency ensembles were from the 
positive loadings of PC one through three using 
only ten frequencies.  Sequence four through six 
were created from the negative loadings of PC 
one through three using ten frequencies. The 
order was then repeated for 100 and 1000 
frequencies to give the total of 18 ensembles 
(Fig. 3). The average detector voltage signal of 
each frequency mixture became a single 
dimension in the classification process.  Because 
the excitation was performed using the frequency 
ensemble created from the PC loadings, the 
detector voltage was directly proportional to the 
PC scores, and multiple analyses of variance 
(MANOVA) using BEST MSDs was used for 

classification of tablets in the ISP-space.   
 
Fig. 3 An 18-second excitation sequence was conducted 
to enable the three experiments to be conducted 
simultaneously. The first frequency ensembles were from 
the positive loadings of PC one through three using only 
tem frequencies. The order was then repeated for 100 and 
1000 frequencies, enabling three different calibration and 
prediction experiments (testing calibration using 10, and 
1000 frequencies) to be conducted with the same tablets 
at the same time. 
 
RESULTS AND DISCUSSION 

Three PCs representing 76% of the total 
variance of the data set was used to classify the 

tablets.  Of each 10, 100 and 1000 frequencies, 
three orthogonal excitations (one for each PC) 
were employed for both the positive loadings 
and negative loadings obtained from PC 
analysis.   The three orthogonal excitations were 
visualized in a three-dimensional scatter plot 
(Fig. 4).  Similar samples can be visualized as 
clusters in a three-dimensional scatter plot with 
dissimilar samples clustering in different regions 
hyperspace.  When ISP waveforms were 
constructed from PC loadings the resultant ISP 
voltages observed at the detector were 
functionally equivalent to the PC scores.    

Projecting the three integrated detector 
voltage signals scanned from a sample onto a 
three-dimensional scatter plot illustrated the 
group in which the sample belonged.  Additional 
scans of the same type of tablets contained the 
information needed to draw probability density 
contour plots encompassing the regions where 
spectral points of more samples of the same 
material were likely to be found.  This approach 
of digitally calculating PCs initially to form an 
excitation waveform (effectively an analog 
computing alternative to the more typical digital 
analysis after spectra have been collected) allows 
for a rapid data acquisition and determination of 
probability densities for classification [26]. 
 ISP-ARS vs FTARS Clusters. Figure 4 
illustrates the cluster patterns using conventional 
ARS with principal component (PC) analysis.  
The PCs that captured the largest variations 
between spectra were plotted against each other 
in an XYZ type scatter plot.  The figure depicts 
the separation between the different types of 
tablets.  Figure 5 and Figure 6 illustrate similar 
plots as Figure 4, but rather than calculating the 
PCs from full acoustic spectra, the XYZ axes 
represent the observed detector voltages from the 
ISP-AR excitations.  Figure 5 represents the 
voltages acquired from the ten frequencies with 
the positive loadings contributing to the largest 
variation. Figure 6 represents the voltages 
acquired from the ten frequencies with the 
negative loadings contributing to the largest 
variation.  All clusters from both methods 
contain 4 sample points, and the ellipses 
represent a one standard deviation level in each 
direction. Adding frequencies sometimes 
improved the cross validated separation between 
tablets, but sometimes did not (see Table 1).   

 



Comparisons between positive loadings (Fig. 5) 
and negative loadings (Fig. 6) indicate that each 
excitation was important on different tablet 
types.  Note that while the positive loading 
excitations do not separate the blank rod from 
tagatose and acetaminophen at the three standard 
deviation level, the negative loading excitations 
do separate them.  Employing the positive and 
negative loadings together in the analysis allows 
the benefits of both to separate the different 
types of tablets.  Canonical Variables (CV) were 
calculated from the voltages obtained from the 
ten frequencies of both the positive and negative 
loads to produce Figure 7.  The ellipses in Figure 
7 depict a three standard deviation contour level. 

 
 
 
 
 
 
 
 
 
 
 
 
 

Table 1 reports the mean inter-cluster 
and intra-cluster BEST multidimensional 
standard deviations (MSD) for the different 
tablets.  The mean intra-cluster MSDs from cross 
validation are reported on the diagonal in bold 
face type.  ISP-ARS represents a slight 
improvement over full spectrum FT-ARS, but 
some intra-cluster MSDs are increased with 
more frequencies in the excitation process, while 
others are being decreased (overfit) with more 
frequencies in the excitation process.  Neither 
FT-ARS nor ISP-ARS have all intra-cluster 
MSDs below three standard deviations, probably 
due to the low number of tablets scanned in each 
group (four).  However, ISP-ARS does lead to 
larger inter-cluster MSDs than FT-ARS.  For 
example, for FT-ARS the largest inter-cluster 
distance is 176.903 between ibuprofen and the 
blank rod, and that same inter-cluster distance 
with ISP-ARS is 236.694 (with 10 frequency, 

 

 

Fig. 4 The PCs that captured 
the largest variations between 
spectra were plotted against 
each other in an XYZ type scatter 
plot.  The  ellipses  depict  a  one 
standard deviation contour level 
for each tablet type. 

Fig.  5  The  coordinate  axes  represent  the  detector 
voltages  from  the  ISP‐AR  spectra.  This  figure 
represents  the  voltages  acquired  from  the  ten 
frequencies  with  the  positive  loadings  contributing 
to  the  largest  variation  in  the  FTARS  scans.  The 
ellipses  here  depict  the  one  standard  deviation 
contour level for each tablet type. 
 
 



positive and negative loadings excitation).  
Because there are such large inter-cluster MSDs 
with ISP-ARS, it would be possible to increase   
MSD distance cutoff for classification to the 
largest intra-cluster MSD, as long as it is much 
smaller than the smallest inter-cluster MSD, and 
still maintain accurate classification. 

          ISP-ARS Classifications. MANOVA was 
used for cross validation classification where 
each tablet was classified to clusters three 
standard deviations or less away. Tables 2, 3 and 
4 report classification, accuracy, precision and 
recall when using 10 frequencies, 100 
frequencies and 1000 frequencies respectively in 

 

Fig. 6 The coordinate axes depict the detector voltages from the ISP-AR spectra.  This figure represents the voltages acquired         
from the ten frequencies with the negative loadings contributing to the largest variation in the FTARS scans. The ellipses here        
depict the one standard deviation contour level for each tablet type. 
 

 
Fig. 7 Canonical Variables (CV) from the voltages obtained from the 10 frequencies of both the positive and negative 
loadings. Ellipses depict the three standard deviation contour level for each tablet type. 
 



the ISP waveform to represent the loadings.  
These statistics were calculated as follows: 

 

 (1) 

 (2) 

 (3) 

 
Where TP = True Positive, TN = True Negative, 
FP = False Positive and FN = False Negative.  
These statistics are represented in percentages 
and each table includes the averages for the 
method as a whole.   

Comparisons using 10, 100 and 1000 
frequencies to represent the loadings depict 
rather similar results, with 10 frequencies having 
the best accuracy (using only 10 frequencies 
gives the most correct classifications, while 1000 
frequencies classified the least amount 
correctly).  However, the largest percentages in 
each table are the precision measures.  No matter 
how many frequencies were used, the precision 
was 100 percent because there were no false 
positives.  The data suggest that it is possible to 
overfit some tablet separations using 100 or 1000 
frequencies to represent the loadings, and when 
faced with a need to differentiate two types of 
tablets, one should specifically optimize the 
number of different frequencies selected for the 
desired differentiation.   

It is perhaps not surprising that it is 
possible to use too many frequencies in an ISP 
waveform.  The largest 10 factor loadings 
become the 10 frequencies with the largest 
amplitude in the ISP waveform.  The largest 100 
factor loadings become the largest 100 

frequencies in the ISP waveform, and this set of 
100 includes the largest 10 by definition.  The 
point is that there can be some rather weak 
signals in the largest 100 or 1000 frequencies, 
and these weaker signals are more easily 
overwhelmed by noise.  Detector bandwidth 
must be increased to accommodate more 
frequencies, increasing the chance of picking up 
extraneous noise at the additional frequencies. 

Speed and Versatility of ISP-ARS.  
ISP-ARS is a large improvement in speed and 
efficiency when compared to the traditional FT-
ARS.  Both methods have the benefits of no 
sample preparation needed for the tablets and 
acquisition times in only a few seconds; however 
ISP-ARS does not need heavy computation.   
ARS is attributed to for its non-destructive 
ability to analyze different materials and with the 
ISP accompaniment, the method only needs a 
calibration set.  An ISP waveform can be 
constructed, compressed to an MP3 format to 
save space and an entire web based database can 
be created to house the information.  Researchers 
and manufacturers could be linked together via 
the Internet to continually add new drugs to the 
database in a matter of seconds with current 
Internet speeds.  With the addition of ISP a 
system could easily be automated to grab 
information from the web database and simply 
read the voltage at the detector for results. 
 
TABLES 
 
Table 1: The inter-cluster and intra-cluster (by cross 
validation) multidimensional standard deviations (MSD) 
using the bootstrap error-adjusted single sample 
technique (BEST) for the different tablets.  The intra-
cluster MSDs are reported on the diagonal in boldface 
type.  The different tablet names are abbreviated for 
easier viewing. 
 
 

FFT-ARS 
 Vit C Blank Asp Ibu Tag Vit B Acet 
Vit C 3.967 16.798 10.946 25.647 41.853 2.028 5.041 
Blank - 5.240 95.268 176.903 30.358 59.677 79.483 
Asp - - 2.369 6.622 10.599 3.603 2.022 
Ibu - - - 2.806 6.729 4.157 2.223 
Tag - - - - 1.520 5.135 2.673 
Vit B - - - - - 2.427 4.985 
Acet - - - - - - 2.415 

 



TABLE 1 (continued) 
 

 
 

 

ISP-ARS 10 Frequencies 
 Blank Asp Ibu Acet Tag Vit B Vit C 
Blank 3.234 292.776 236.694 586.349 122.096 90.723 71.394 
Asp - 2.180 109.896 56.738 28.600 23.160 42.752 
Ibu - - 1.448 39.902 28.230 18.336 42.202 
Acet - - - 1.685 8.667 33.079 37.650 
Tag - - - - 2.411 50.455 47.551 
Vit B - - - - - 2.056 36.598 
Vit C - - - - - - 5.312 
 
ISP-ARS 100 Frequencies 
 Blank Asp Ibu Acet Tag Vit B Vit C 
Blank 1.875 49.635 56.821 142.394 165.027 35.000 34.604 
Asp - 3.489 12.338 81.420 34.759 36.403 58.583 
Ibu - - 1.548 49.770 19.618 21.577 39.843 
Acet - - - 5.121 7.886 20.616 14.339 
Tag - - - - 2.441 23.366 14.283 
Vit B - - - - - 1.582 29.977 
Vit C - - - - - - 2.423 
 
ISP-ARS 1000 Frequencies 
 Blank Asp Ibu Acet Tag Vit B Vit C 
Blank 4.248 190.660 106.067 125.373 150.548 79.002 69.626 
Asp - 8.608 19.628 71.496 100.572 36.624 88.467 
Ibu - - 2.458 78.743 90.821 35.275 84.459 
Acet - - - 2.242 44.920 29.948 32.958 
Tag - - - - 3.942 49.826 35.770 
Vit B - - - - - 2.381 62.774 
Vit C - - - - - - 2.786 

 

Group Correct 
Classification 

Accuracy 
(%) 

Precision 
(%) Recall (%) 

Blank 3 96.43 100.00 75.00 
Asp 4 100.00 100.00 100.00 
Ibu 4 100.00 100.00 100.00 

Pain 4 100.00 100.00 100.00 
Tag 4 100.00 100.00 100.00 
VitB 4 100.00 100.00 100.00 
VitC 2 92.86 100.00 50.00 

AVERAGE 3.57 98.47 100.00 89.29 
 

Table 2: Summary statistics for ISP-ARS utilizing both the ten frequencies with the greatest change according to 
the positive factor loadings and the 10 frequencies with the greatest change according to the negative loadings.  
MANOVA was used for the classification and each tablet was classified to any group within three standard 
deviations in hyperspace. 
 



CONCLUSION 
Integrated sensing processing acoustic resonance 
spectroscopy has been explored as a rapid and 
non-destructive method to differentiate D-
tagatose (an experimental toll-manufactured 
drug) and other toll manufactures tablets, 
including aspirin, acetaminophen, vitamin C, 
vitamin B and ibuprofen.  With an experiment-
specific ISP waveform, the classification is far 
more rapid than with conventional ARS.  
Simpler ISP waveforms using fewer frequencies 
to represent the factor  
loadings that separate the tablets may outperform 
more complex waveforms using more 
frequencies.  By encoding waveforms on an MP3 
player, ISP-ARS could become a method to 
quickly identify different unlabeled tablets with 
a similar appearance created in a contract-
manufacturing environment.  
 
REFERENCES 
1. American Heart Association, 

http://www.americanheart.org/presenter.jht
ml?identifier=3044759, September 3, 2007 

2. National Institute of Health, 
http://www.nih.gov/about/researchresultsfort
hepublic/Type2Diabetes.pdf, November 4, 
2007 

3. WHO, 
http://www.who.int/diabetes/facts/en/, 
September 3, 2007 

4.  Hogan P, Dall T, Nikolov P. American 
Diabetes Association. Economic costs of 
diabetes in the U.S. in 2002. Diabetes Care. 
2003; 26, 917–932. 

5. Mary Courtney Moore, Drug evaluation: 
Tagatose in the treatment of type 2 diabetes 
and obesity. Current Opinion in 
Investigational Drugs 2006, 7 (10), 924 - 
925 

6. Donner, T.W.; Wilber, J.F.; Ostrowski, D. 
D-tagatose, a novel hexose: acute effects on 
carbohydrate tolerance in subjects with and 

without type 2 diabetes. Diabetes, Obesity 
and Metabolism, 1999, 1, 285 - 291 

7. FDA, 
http://www.fda.gov/bbs/topics/NEWS/2006/
NEW01507.html, September 3, 2007 

8. Woodcock, Janet. US Food and Drug 
Administration. 
http://www.fda.gov/ohrms/dockets/ac/02/bri
efing/3869B1_08_woodcock/sld001.htm. 
9/12/2007 

9. M. Parashar et al., Towards Dynamic Data-
Driven Management of the Ruby Gulch 
Waste Repository, Lecture Notes in 
Computer Science, Springer Berlin / 
Heidelberg, 2006, 3993, 384 - 392 

10. NSF, January 2006 DDDAS Workshop 
Report, 
http://www.nsf.gov/cise/cns/dddas/2006_W
orkshop/index.jsp, November 4, 2007 

11. 403rd Wing Public Affairs, 
http://www.403wg.afrc.af.mil/news/story.as
p?id=123066690, Novermber 4, 2007 

12. Medendorp, J.P.; Lodder, R.A. AAPS 
PharmSciTech. 2006, 7(1), Article 25 

13. Buice R, Pinkston P, Lodder R. 
Optimization of acoustic-resonance 
spectrometry for analysis of intact tablets 
and prediction of dissolution rate. Appl 
Spectrosc. 1994;48:517-524. DOI: 
10.1366/000370294775268929  

14. Medendorp J, Lodder RA. Integrated 
Sensing and Processing and a Novel 
Acoustic-Resonance Spectrometer. 
Baltimore, MD: American Association of 
Pharmaceutical Sciences; 2004. 

15. Medendorp J, Lodder RA. Acoustic 
Resonance Spectrometry and Analysis of 
Powder Drying. Pittsburgh Conference on 
Analytical Chemistry and Applied 
Spectroscopy; March 7-12, 2004; Chicago, 
IL. 

16. Medendorp J, Lodder RA. Applications of 
Integrated Sensing and Processing (ISP) in 

Table 3: Summary statistics for ISP-ARS utilizing both the 100 frequencies with the greatest change according 
to the positive loadings and the 100 frequencies with the greatest change according to the negative loadings.  
MANOVA was used for the classification and each tablet was classified to any group within three standard 
deviations in hyperspace. 
 Group Correct 

Classification 
Accuracy 

(%) 
Precision 

(%) Recall (%) 
Blank 4 100.00 100.00 100.00 
Asp 2 92.86 100.00 50.00 
Ibu 4 100.00 100.00 100.00 

Pain 2 92.86 100.00 50.00 
Tag 3 96.43 100.00 75.00 
VitB 4 100.00 100.00 100.00 
VitC 4 100.00 100.00 100.00 

AVERAGE 3.29 97.45 100.00 82.14 
 



Acoustic and Optical Sceptroscopy. 
Pittsburgh Conference on Analytical 
Chemistry and Applied Spectroscopy; 
February 27-March 4, 2005; Orlando, FL. 

17. Serris E, Camby-Perier L, Thomas G, 
Desfontaines M, Fantozzi G. Acoustic 
emission of pharmaceutical powders during 
compaction. Powder Technol. 
2002;128:296-299. DOI: 10.1016/S0032-
5910(02)00174-2 

18. Reynaud P, Dubois J, Rouby D, Fantozzi G. 
Acoustic emission monitoring of uniaxial 
pressing of ceramic powders. Ceramics Int. 
1992;18:391-397. DOI: 10.1016/0272-
8842(92)90071-K 

19. Martin L, Poret J, Danon A, Rosen M. 
Effect of adsorbed water on the ultrasonic 
velocity in alumina powder compacts. Mater 
Sci Eng. 1998;252:27-35. DOI: 
10.1016/S0921-5093(98)00669-8 

20. Kaatze U, Wehrmann B, Pottel R. 
Acoustical absorption spectroscopy of 
liquids between 0.15 and 3000 MHz, I: high 
resolution ultrasonic resonator method. J 
Phys E Sci Instrum. 1987;20:1025-1030. 
DOI: 10.1088/0022-3735/20/8/014 

21. Bolotnikov M, Neruchev Y. Speed of sound 
of hexane + 1-chlorohexane, hexane + 1- 
iodohexane, and 1-chlorohexane + 1-
iodohexane at saturation condition. J Chem 
Eng Data. 2003;48:411-415. DOI: 
10.1021/je0256129 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

22. L. E. Rodriguez-Saona, F. M. Khambaty, F. 
S. Fry, and E. M. Calvey, Rapid Detection 
and Identification of Bacterial Strains By 
Fourier Transform Near-Infrared 
Spectroscopy, J. Agric. Food Chem. 2001, 
49, 574-579 

23. Iola F. Duarte,  Antonio Barros, Claudia 
Almeida, Manfred Spraul, and Ana M. Gil, 
Multivariate Analysis of NMR and FTIR 
Data as a Potential Tool for the Quality 
Control of Beer, J. Agric. Food Chem. 2004, 
52, 1031-1038 

24. Miller, James N., Miller, Jane C., Statistics 
and Chemometrics for Analytical Chemistry 
4th ed., Person Education Limited. 2000, 
217-221  

25. Lodder, R. Hieftje, G. Quantile BEAST 
Attacks the False-Sample Problem in Near 
Infrared Reflectance Analysis.  Applied 
Spectroscopy 42: 8, p1500-1512, 1988. 

26. Medendorp, J.P.; Fackler, J.A; Douglas, 
C.C; Lodder, R.A. J Pharm Innov 2007; 
2:125-134 

 


	Text1: J. Pharm. Innov. (2008) 3:152-160
	Text2: J. Pharm. Innov. (2008) 3:152-160


