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Basic model

Y=AP+¢
subject to (A, P)€ €2

Y : nxp data matrix,

A : nXg source contribution matrix,
P : gXp source composition matrix,
£ 1 nXp error matrix,

(): a set of feasible parameter values.



Existing approaches to uncertainty evaluation

Propagation of error (delta method)
— B.A. Roscoe and P.K. Hopke (1981); Park (1997) Dissertation
Bootstrap

— Henry et al. (1997), PNAS; Park et al. (2002), Environmetrics;
Gajewski and Spiegelman (2004), Environmetrics

Bayesian approaches

— Park et al. (2001), JASA; Billheimer (2000), NRCSE Tech report
Blocked bootstrap

— Christiansen and Sain (2002), Technometrics
Simulation experiments (parametric bootstrap)

— Park et al. (2002), Environmetrics; Gajewski (2000), Dissertation



Our new approach

One important feature of a bilinear model is that the transpose of the model
has a bilinear form. This 1s important because it suggests the sampling of
columns in addition to or in place of rows of the data matrix. The dependence
structure of the columns of the observation matrix is different from the typical
nonstationary time series structure found in the row dependence.

Our reason for using a jackknife estimator rather than a bootstrap estimator is
that the typical jackknife estimator deletes only one row or column of the data
at a time. This saves computational effort. In addition typically identifiability
of the parameters may be maintained whereas a typical bootstrap approach to
this type of a problem would lose identifiability of the parameters. (This is
particularly true if the identifiability constraints are on the contributions (A).)



Notation

ILet ﬁ_}. and l?'_} denote the estimates of A and P -obtained from the dataset with theqth
column deleted as goes from 1 to o

Theth pseudo residuals defined as r{ﬁ.,_,r‘}: pi—{p—l}i_}. and
r(i’, fi= .f?hP— (fr— 1}1?'_;.. In maty papers the rowsof Pand P are normalized to surm to
1. When such normalization 15 used then an-adjustment needs to-be madeto 1?"_’, hefore

constructing pseudo residual s - Inthis case each element of the 1ith row of 1?"_’, should be

multiplied by E,IP in-order to-account for the deletion of the jth column|
il

ey



Degrees of freedom

Typically the matriz A 12-full column rank and 1f the meamrement error 18 an-not the
maot-source of variation then ramf(¥) = raml AP = rank (P, and since the modeler

knows the rank of P the degrees of freedom should be easy toset

To protect against the over parameteni ze case we estinate the rank of our model using
the MUMFACT algonthm presented 1n and Henry et al. (1999, and Park et al. (2000).
The NUMFACT method 12 away to estimate the underlyving rank of matnx that 15
subject to error. We denote the estimated rank ofthe data determined by the
NUMFACT algorithim by MURdank. Then we protect aganst the effect of over
parametenization by using MIN(ranc(P) N URSarE) as our degrees of freedom for the
jackknifed estmates of vanance. We are less wornied about too few degrees of
freedom in the case of under parametenzation as that leads to model bias asheing

inpottant and we use a jacklnife estitnate of'bias to assess this 1ssue.



NUMFACT and Related Statistics

Notation:

R : sample correlation matrix

[, ..., 1, - eigenvalues of R

by, ..., b, : eigenvectors of R

N : the number of independent resamples.

b,’, ... b, : eigenvectors of the correlation matrix R;" of the jth

resample (j = 1, ..., N).

N
Zb;.'(blbl' +b2b2' + "'+b,-b,-r)b;'/N
W=
I_Zb';r(blbll +b2b2f +..+b'b‘{)bJ/N
j=1

i=1,--,p—1, and (W, =0.



The Numfact statistic
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Some Numfact examples

Table 3. Description of the Data Sets

Data Set No. No. Putative Number of | References
Vars. Cases Factors

Air Pollution 13 2804 7 Henry et al.

Composition

Air Pollution Spatial 11 53 3 Henry

IR Spectra 17 81 3 Windig

Train Timing 10 40 3

Word Count 26 54 5

Ceramic Melter 16 300 6 Wise et al. 1991

Temperatures

Table 4. Estimates the Number of Factors by Different Methods

Data Set Rule-of- | 90 Percent | Scree Bartlett Bartlett Numfact
One Var. Plot | Correlation | Covariance

Air Pollution 3 4 4 6 9 7

Compositional

Air Pollution 3 4 3 2 1 3

Spatial

IR Spectra 2 2 3 9 8 3

Train Timing 2 3 2 3 2 3

Word Count 4 3 8 24 24 4

Ceramic Melter 5 5 6 9 8 6

[Temperatures

Numfact seems to work well in
receptor models and that was the
motivating example

Available from the PLS Toolbox the
main chemometric software
package



Usual simulation model

Simulated Example

We first consider a simulated example to illustrate (1). The data is
generated based on the basic model with true source composition
matrix PO given in Table 1 where n =50, p=9,and q=3. The
source contribution matrix A is generated from a truncated
multivariate normal distribution N3(3, 13) where and I3
represents a 3x3 identity matrix. The errors associated with n
observations are independently generated from the normal
distribution with mean 0 and a diagonal covariance matrix so that
the proportions of the error standard deviations to the model
standard deviations are about 12-33%. The resulting data matrix
Y consists of nonnegative numbers.
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Autocorrelated example

« Same profiles
 Autocorrelation for errors = .7



ile 2. True source composition profiles (FP;), estimated source composition

les (13 ), Jackknife standard errors (JKSE) and bootstrap standard errors
. Jackknife confidence intervals (JKCI), and Bootstrap confidence intervals

(BCI) for P when the observations are temporally correlated
1 2
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Bootstrap Vs Jackknife Cls

Jackknife captured the true value 95% of the
time (missed 1 out of 18)

Bootstrap missed 8 out of 18 cases



Clinton Drive Example

The original data consists of 2,541 hourly observations
(after initial screening of the outliers) on 54 volatile
organic compounds (VOC) and total nonmethane organic
carbon (TNMOC) - Henry, Spiegleman, Collins, and Park
(1997).

Ten species are selected for the current study.



PC plots suggesting 3 main sources
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Figure 1. Principal component plots of the VOC data (o) and the fitted sources

by CNLS (A)



Comparison of uncertainty limits

Table 4. Estimated source composition profiles (13 ). Jackknife standard errors
(JKSE), Bootstrap standard errors (BSE), Jackknife confidence intervals (JKCI),
and Bootstrap confidence intervals (BCI) for P
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Questions?



Further Discussion

No model is exact but some are useful
— Receptor models are often at least in part exploratory

— Missing sources show up differently as species are dropped the
projections on the remaining source profile columns may change
dramatically

* This is less likely to occur with the bootstrap approach
particularly when the sample sizes are large

Cliff is working on a bootstrap approach with Phil Hopke and Ron
Henry may be working on his own. Both approaches take dependence
structure into account. CIiff and Phil require short-midrange range
dependence and use a variant of block bootstrapping. The issue to be
addressed is bias adjustment.



