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Methods for optimizing and assessing diagnostic capability, demonstrated
for collective Thomson scattering „invited …

H. Bindslev
JET Joint Undertaking, Abingdon, Oxfordshire OX14 3EA, United Kingdom

~Presented on 11 June 1998!

Commonly diagnostic systems are sensitive to a wide range of parameters, only a subset of which
are parameters of interest. Optimal analysis and assessment of diagnostic capability must take
account of the sensitivity to the remainingnuisance parameterswhich may not be accurately
known. New least squares type methods of inference in the presence of uncertain nuisance
parameters have been developed, along with methods for assessing diagnostic capability and
identifying critical nuisance parameter uncertainties. These methods are of a general nature and
suitable for complex and computationally demanding forward models. They are demonstrated by
application to collective Thomson scattering for fast ion diagnosis in fusion plasmas. ©1999
American Institute of Physics.@S0034-6748~99!71101-9#

I. INTRODUCTION

In magnetically confined fusion plasmas collective
Thomson scattering~CTS! has particular capabilities for spa-
tially localized diagnosis of the velocity distribution of fast
ions. Parameters characterizing this quantity we refer to as
parameters of interest.

CTS spectra are, however, also sensitive to a wide range
of other plasma and system parameters, which are either of
no direct interest, or adequately diagnosed by other systems.
Sensitivity to thesenuisance parametersencumber the in-
verse problem of inference about the parameters of interest
and reduces the amount of information that can be extracted.
The number of nuisance parameters in CTS generally makes
the inverse problem ill posed without externally provided
prior estimates for the nuisance parameters.

The problem of optimal inference in the presence of nui-
sance parameters is common to many fusion plasma diagnos-
tics and indeed to diagnostic problems throughout the physi-
cal sciences,1–3 yet mostly it is ignored because of the
difficulty in accounting for the effects of the nuisance param-
eters.

Here new methods of optimal inference about param-
eters of interest in the presence of uncertain prior estimates
of nuisance parameters are discussed. Particular attention is
given to the LSN methods~least squares fitting accommodat-
ing nuisance parameters! which remain tractable for diagnos-
tic systems where the data are fitted with complex and com-
putationally demandingforward models. We then proceed to
investigate the accuracies with which parameters of interest
can be resolved including the effects of nuisance parameters.
Finally methods are given for identifying which nuisance
parameters or combinations of nuisance parameters most se-
verely limit the diagnostic capability, and thus which exter-
nally provided parameters we would get most benefit out of
improving the accuracies of. For new diagnostics this pro-
vides an effective tool for design optimization.

The methods of optimal inference and assessment of di-
agnostic capability are illustrated by CTS and include ex-

amples from the Joint European Torus~JET!. The methods
are, however, generally applicable to diagnostics with nui-
sance parameters and complex forward models. The present
discussion is intended to provide sufficient insight for the
reader to assess the usefulness of these methods and to apply
them. Detailed technical discussions can be found in Refs. 4
and 5 which also provide reviews of the relevant literature.
Introductory discussions of least squares fitting and the un-
derlying principle of maximum likelihood estimation can be
found in Refs. 6–10. These do not, however, include discus-
sions of the problems introduced by nuisance parameters.
This topic has recently received much attention in the spe-
cialist literature on theoretical statistics to which the review
in Ref. 4 may serve as a useful introduction. Other reviews
are given in Refs. 11–14.

II. SENSITIVITIES OF THE CTS SPECTRUM

Collective Thomson scattering is considered here as an
example of a diagnostic system which is sensitive to a wide
range of plasma and system parameters, only a small subset
of which are of interest. Here we assume that parameters
characterizing the fast ion velocity distribution are thepa-
rameters of interest. The modelling of the received CTS
spectrum is based on the expressions given in Ref. 15 which
provide a full electromagnetic model both of the microscopic
fluctuations and of the scattering process. Contributions from
density, flux, and field fluctuations are all accounted for, in-
cluding the effects of their cross correlations.

We find that the received CTS spectrum is sensitive to
the one-dimensional fast ion distribution along the resolved
wave vector component of the microscopic fluctuations,kd

5ks2k i : f a(u)5* f a(v)d(u2 k̂d
•v)d3v. Herek i andks are

respectively the wave vectors of the incident and scattered
radiation at the scattering volume. The sensitivity of the re-
ceived CTS spectrum tof a(u) is illustrated in Fig. 1. A
nearly complete list of parameters to which CTS is sensitive
is given in Table I.
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III. LEAST SQUARES FITTING AND NUISANCE
PARAMETERS

Resolving the CTS spectrum in a finite set of channels,
as available in the CTS diagnostic at JET, we might find the
spectrum shown in Fig. 2. There is not sufficient information
in such a spectrum to provide useful estimates of all the
parameters on which the spectrum depends. It is necessary to
introduce additional information from other measurements
and possibly theoretical considerations. We refer to this in-
formation as theprior information. In the example consid-
ered here, only theNu parameters characterizing the fast ion
distribution, f H(u), are parameters of interest. In keeping
with standard terminology in statistics, the parameters of in-
terest are the elements of the vectoru ~not to be confused
with the scattering angleu). The remainingNf parameters
~e.g., u, Ob , ne , Te , Ti , Ni , calibration coefficients!
are thenuisance parameterswhich make up the elements of
the vectorf. For convenience we also introduce the vector
c5(u,f) containing all the parameters on which the CTS
spectrum depends.

The following questions now arise when fitting model to
data: ~a! Do we treat nuisance parameters as fixed or free?

~b! Do we incorporate prior information?~c! How do we
account for uncertainties in the prior information?

Least squares fitting provides optimal inference when
noise and other uncertainties are normally distributed. It is,
however, the workhorse in data analysis even when the dis-
tribution describing the uncertainties is not normal or not
exactly known. This is partly justified by the robustness of
least squares, and partly by the ease with which the tech-
nique can be applied. In the subsequent we therefore concen-
trate on least squares fitting~LS! and a generalization of least
squares fitting which accounts for uncertainties in prior in-
formation about Nuisance parameters~LSN!. For the de-
tailed discussion we assume uncertainties are adequately ap-
proximated by normal distributions. We emphasize though
that LSN retains the robustness of LS.

So in answer to the above questions: With LS we can
treat nuisance parameters as fixed, thereby using prior infor-
mation but ignoring its uncertainties. If all nuisance param-
eters are fixed the fitting hasNu degrees of freedom over
which thex2 merit function is to be minimized. Alternatively
we can treat the nuisance parameters as free, thus ignoring
prior information. Treating all nuisance parameters as free
would result inNu1Nf degrees of freedom, and in the case
of CTS, the inverse problem~inference about parameters!
would be singular. With LSN we can treat the nuisance pa-
rameters either as free or as fixed, and in both cases make
full use of the prior information while taking the uncertainty
in this information into account. With adequate prior infor-
mation the CTS inverse problem is regular. LSN with all
nuisance parameters free provides optimal inference in the
widest range of situations. Treating nuisance parameters as
fixed, LSN remains optimal provided the model of the data is
linear over the range of the uncertainties in those nuisance
parameters which we keep fixed. The very significant prac-
tical advantage of LSN with fixed as opposed to LSN with
free nuisance parameters is the reduction in the dimension of
the space in whichx2 is to be minimized.

FIG. 1. Sensitivity of the CTS spectrum to the fast ion distribution.~a! A set
of fast ion distributions projected onto the resolved direction in velocity
space.~b! The resulting CTS spectra. The remaining plasma and system
parameters are given in Table I.

TABLE I. Plasma and system parameters which the received CTS spectrum
is sensitive to.

Parameters Typical JET value

B uBu, modulus of magnetic field 3.4 T
ne electron density 431019 m23

Te electron temperature 8 keV
Ni ni /ne , norm. impurity~carbon! density 0.04
Ri fuel ratio,nT /(nD1nT) 0.02
Ti bulk ion temperature 8 keV
f H fast ion distribution Maxw. (TH5200 keV!
nH fast ion density (* f H(u)du) 1018 m23

u scattering angle,/(k i ,ks) 30°
f /(kd,B) 115°
c asymmetry anglea 0°
Pi incident beam power 400 kW
Ob beam overlap 18.8 m21/usin(u)u
n i frequency of incident radiation 140 GHz
C calibration of detector channels

aAzimuthal angle ofB when ẑikd and x̂ik i3ks.

FIG. 2. CTS spectrum resolved into the 31 channels which are available to
the CTS diagnostic at JET. The main parameters used to generate this syn-
thetic spectrum are given in Table II with the fast proton population shown
as the model in Fig. 3.
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IV. SIMULATED CTS DATA ANALYSIS WITH LS AND
LSN

Here we illustrate the power of LSN with fixed nuisance
parameters when applied to the analysis of simulated CTS
data. The spectrum shown in Fig. 2 was generated with the
model data given in Table II and model fast ion distribution
shown in Fig. 3. The remaining parameters are as given in
Table I.

From the simulated spectrum in Fig. 2 inference was
made about the fast ion distribution using LS and LSN. In
both cases the scaling factorOb was left free, reflecting the
large uncertainty in the absolute spectral density of a mea-
sured spectrum. The remaining nuisance parameters were
fixed. The parameters included in Table II were fixed at the
values given in the column marked prior, which differ from
the model values by realistic amounts. In the LSN inference
it was further assumed that the standard deviations of the
uncertainties in the prior values are as indicated in the col-
umn markeds prior. The results of the LS and LSN infer-

ences are shown in Fig. 3 along with the model distribution.
The LS inferred distribution is clearly unsatisfactory with
large kinks on the flanks of the distribution and unphysical
values near the center. In contrast hereto, the LSN inferred
distribution is quite satisfactory with excellent recovery of
shape and a small error in the absolute scaling.

V. FOUNDATIONS OF LS AND LSN

To discuss the theoretical foundations of LS and LSN
we need to define the tools and information which is at our
disposal. First we must have a model of the expectation val-
ues of the measured data~in our example the calibrated spec-
tral densities resolved into channels! as a function of plasma
and system parameters. This is theforward model, y
5K(c), wherey is the vector of expectation values for the
measured data~CTS spectrum!, K is the operator or function
representing the theoretical model andc5(u,f) is the set of
all parameters on which the model of our data depends.

The information contained in the data is represented by
the likelihood functionP( ỹuc) which for given parameters
c represents the probability density for measuring the data
vector ỹ5y1d ỹ. The stochastic nature ofỹ is due to the
noise in the data and the possibly stochastic nature of the
data signal itself, as is the case for CTS. For givenỹ, P( ỹuc)
represents the likelihood thatc gave rise to the measured
data. Additional information from other diagnostics or theory
may be available for all parametersc. We assume that this
information can be represented by the probability density,
P(c), which is maximum atc5c̃. This distribution is re-
ferred to as the prior. Here we are taking a Bayesian ap-
proach to statistical inference.16–18The rationale behind LSN
can also be presented from a frequentists point of view4 in
which case the prior information is regarded as the result of
a measurement represented by a separate likelihood function
P(c̃uc). Here we continue in the Bayesian picture.

Prior information and new information obtained in the
measurement are combined through Baye’s relation to give
the posterior, P(cuỹ)5P( ỹuc)P(c)/P( ỹ), representing all
the available information. The relations between prior, like-
lihood, and posterior are illustrated in Fig. 4 where a contour
is plotted for each of the three distributions in a two dimen-
sional parameter space. In this example the distributions are
normal as indicated by their projections.

The inferred parameter values, obtained with LSN, are
the values at the maximum of the posterior, provided the
noise in the data and the prior are both normal. LS with all
parameters free ignores the prior and thus yields the param-
eters at the maximum of the likelihood function assuming
normal noise. This is illustrated in Fig. 5 where the distribu-
tions are plotted in a two-dimensional parameter space con-
sisting of one nuisance parameter and one parameter of in-
terest. Here the contours of the prior are parallel to theu
axis, reflecting the fact that the prior contains no information
about the parameter of interest.

LSN with f free returns the values ofu and f at the
maximum of the posterior. The uncertainty in the inferred
values is represented by the posterior distribution. LSN with

TABLE II. Model values were used when generating the synthetic spectrum
shown in Fig. 2. Prior values were used when inferring the fast ion velocity
distribution. Column labelled error gives the error of the prior relative to the
model while columns prior gives the estimates of the uncertainty in the
prior used for LSN.

Nuisance Model Prior Error s prior

u/1° 25 24 4% 4%
ne /1019 m23 3.0 3.3 10% 10%
Te / keV 8.0 7.0 13% 13%
Ni 0.04 0.05 25% 25%
Ri 0.02 0.01 50% 50%
Ti / keV 3.0 3.5 17% 17%

FIG. 3. Fast proton distributions. Model is as predicted by theory for typical
ion cyclotron heating scenarios at JET. The two remaining curves indicate
the distributions inferred from the simulated spectrum in Fig. 2 using LS and
LSN, with Ob free and the remaining nuisance parameters fixed. For the
nuisance parameters listed in Table II the prior values were used, with LSN
assuming these values have the uncertainties listed ass prior.
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f fixed returns the value ofu at the maximum of the pro-
jection of the posterior ontou space. Here the uncertainty is
represented by the projection of the posterior ontou space.
LS with f free returns the values ofu and f at the maxi-
mum of the likelihood function. The uncertainty is repre-
sented by the likelihood distribution. The uncertainty inu is
thus the projection of the likelihood function ontou space.
LS with f fixed returns the value ofu at the maximum of the

intersection of the likelihood function withf5f̃. The un-
certainty in this estimate is found by standard error propaga-
tion and displayed as a distribution. It is clear that LSN al-
ways gives the estimate with least uncertainty. LSN also
accommodates prior information about parameters of inter-
est. Referring to Fig. 4 it is evident that if the prior contains
information about correlations betweenu and f then the
difference between accuracies of LS and LSN estimates can
be even more marked.

VI. DEFINITION OF LEAST SQUARES WITH
NUISANCE PARAMETERS „LSN…

Here we give the definition of LSN, a generalization of
least squares fitting which accounts for uncertainties in prior
information about Nuisance parameters. To bring out the
new features we first remind the reader of the definition of
standard least squares~LS!. In all cases the inferred param-
eter values are found by minimizing ax2 functional.

LS, f free:

x25Dỹ Ta~y! Dỹ ~522 log$P~ ỹuc!%!normal

Dỹ5 ỹ2K ~u,f!, ~a~y!!215C~y!5^d ỹd ỹ&.

LS, f fixed: as LS,f free, onlyDỹ5 ỹ2K (u,f̃).
LSN, f free:

x25Dṽ Ta~v ! Dṽ ~522 log$P~cuỹ!%!normal

Dṽ5S ỹ2K ~u,f!

f̃2f
D ,

~a~v !!215C~v !5S ^d ỹd ỹ& ^d ỹdf̃&

^df̃d ỹ& ^df̃df̃&D .

LSN, f fixed „reduced form…:

x25Dỹ Ta~Dy! Dỹ S 522 logH E P~cuỹ!dfJ D
normal

Dỹ5 ỹ2K ~u,f̃!,

C~Dy!5C~y!1KfC~f!Kf
T 2Kf^df̃d ỹ&2^d ỹdf̃&Kf

T .

Here $Kf% i j 5]yi /]f j . The second equalities for each of
the expressions forx2 holds when noise and uncertainties in
nuisance parameters are normal.

VII. LSN: FITTING ONLY RELIABLE FEATURES

In Sec. V the rationale behind LSN was discussed in
terms of the prior, likelihood, and posterior distributions. The
rationale behind the reduced form of LSN~fixed f) is, how-
ever, amenable to a simple alternative explanation. To sim-
plify the discussion consider a situation where there are no
correlations between uncertainties in the data on the one
hand, and the prior for nuisance parameters on the other. In
that case the covariance tensor entering the definition ofx2

simplifies toC(Dy)5C(y)1KfC(f)Kf
T . The effect of the sec-

FIG. 4. The prior~dashed!, likelihood ~dash-dotted!, and posterior~solid!
distributions are each represented by a contour in a two dimensional param-
eter space. Here the distributions are normal as indicated by their projections
which are shown as subfigures.

FIG. 5. Prior~dashed!, likelihood ~dash-dotted!, and posterior~solid! each
represented by a contour and one or two projections. Contour for the prior is
two lines parallel to theu axis. LSN returns the values ofu ~andf if free!
at the maximum (s) of the posterior, LS withf free returns the value ofu
at the maximum~1! of the likelihood function while LS withf fixed
returns the value ofu at the maximum (3) of the intersection of the like-

lihood function with the linef5f̃. Uncertainties in each of the three esti-
mates ofu are indicated by distributions and the corresponding 1 standard
deviation points are marked.
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ond term is to decrease the weight given in the fitting to
those features in the data which could be explained by incor-
rect values of nuisance parameters.

To illustrate this, consider the problem of inferring the
ion temperature from a noisy CTS spectrum with imperfect
knowledge of the electron temperature. The spectrum is sen-
sitive to both the ion temperature and the electron tempera-
ture as illustrated in Fig. 6. The spectra have been normal-
ized reflecting the fact that the absolute scaling of measured
CTS spectra are generally very uncertain and thus contains
little information.

The spectral variations associated with varying these two
quantities are clearly not orthogonal, so an incorrect value of
Te would clearly affect the estimate ofTi if the inference
was based on LS withTe fixed. LSN with Te fixed would
however assume an effective uncertainty in the data repre-
sented by the covariance tensor

C~Dy!5C~y!1KTe
~s~Te!!2KTe

T ,

where s (Te) is the standard deviation of the uncertainty in
prior information onTe . Deviations between the data and
the model of the functional formKTe

would thus not be
regarded as significant unless the deviation was large com-
pared withKTe

3s (Te). Figure 7 shows a synthetic spectrum
generated withTe5Ti52 keV, and the fitted spectra result-
ing from LS and LSN assumingTe52.5 keV.

The LS fit appears to be better, but the inferred ion tem-
perature~LS: Ti51.77 keV! is significantly more in error
than that obtained with LSN~LSN: Ti52.0014 keV!. Most
of the deviation between the synthetic data and the LSN fit is
of the form]y/]Te5KTe

which thex2, used in LSN, is less
sensitive to.

VIII. RELATIONS BETWEEN UNCERTAINTIES IN
INFERRED AND PRIOR VALUES

Referring to Fig. 4 it is clear that with perfect prior
knowledge about a nuisance parameter,f, the uncertainty in
the inferred value of a parameter of interest is given by the
intersection of the likelihood distribution with the linef
5f̃ ~which yields the minimum standard deviationsmin).
With complete absence of prior information the posterior is
equal to the likelihood, and the uncertainty inu is given by
the projection of the likelihood onto theu axis~which results
in the maximum standard deviationsmax). Assuming that the
prior contains no information about the parameters of inter-
est, these two limiting values for the uncertainty coincide
with the uncertainties obtained with LS, treatingf as fixed
in the first case and free in the second.

It can be shown4 that the relation between the uncer-
tainty in the LSN estimate of a parameter of interest and the
uncertainty in the prior information about a nuisance param-
eter is a simple sigmoid

LSN: ~s~u!!25
smin

2 1smax
2 ~s~f!/sc!

2

11~s~f!/sc!
2

characterized by the minimum and maximum values,
smin and smax, of s (u), and the critical value,sc , of the
standard deviation of the prior,s (f), at which

FIG. 6. Normalized CTS spectra for a range of ion and electron tempera-
tures.

FIG. 7. Synthetic spectrum generated withTe5Ti52 keV, and the fitted
spectra resulting from LS and LSN assumingTe52.5 keV. Also shown is
the derivative,KTe

5]y/]Te , of the spectrum with respect toTe .

FIG. 8. Sigmoidal relation between the uncertainty in prior value of a nui-
sance parameter and the uncertainty in the LSN inferred value of a param-
eter of interest. Also plotted are the uncertainties in inferred values obtained
using LS withf fixed and with LS withf free.
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(s (u))25(smin
2 1smax

2 )/2. The critical value ofs (f) is also
the standard deviation of the projection of the likelihood onto
the f axis. The sigmoidal relation between uncertainties for
LSN is plotted in Fig. 8 for the specific case ofsmax/smin

55. This ratio can take any value and depends on the like-
lihood function, i.e., on the sensitivity of the data to all pa-
rameters and on the noise in the data. Also plotted are the
uncertainties in inferred values obtained using LS withf
fixed and with LS withf free.

If the optimal version of LS were chosen the variance of
the uncertainty of the inference would maximally be twice
that of LSN. If the wrong version was chosen the increase in
uncertainty can be arbitrarily large. With a large number of
nuisance parameters and parameters of interest it is not a
trivial task finding which linear combinations of nuisance
parameters should be treated as fixed and which as free. LSN
eliminates this problem, and is in addition always superior.

The simplicity of the sigmoidal relationship combined
with the fact that it is characterize by just three parameters is
very useful when identifying which nuisance parameter un-
certainties most severely limit the accuracy with which a
given parameter of interest is estimated. Parameters
smin , smax, sc are readily computed~by evaluatings (u) for
three values ofs (f) and solving forsmin , smax, andsc) for
all combinations off and u parameters. If the difference
betweensmin andsmax is small it follows that uncertainty in
that element off, given the other uncertainties, does not
mask information about the selected element inu. In the case
of a large difference, the value ofs (f)/sc is an indication of
whether the magnitude of the uncertainty is critical or not.

IX. ASSESSING THE DIAGNOSTIC POTENTIAL OF
JET’S CTS

Here we illustrate the impact uncertainties in prior infor-
mation can have on the accuracy of inferred values for pa-
rameters of interest, and demonstrate the usefulness of the
sigmoidal relation between prior and posterior uncertainties
when minimizing this impact. We consider the CTS spec-
trum we would obtain with the plasma and system param-
eters given in Table I. It is assumed here that the frequency
resolution of the CTS spectrum is sufficient that it does not
affect the diagnostic capability.

With the noise temperature and the uncertainties in prior
indicated in the caption of Fig. 9 the inferred fast ion distri-
bution would have the uncertainties in resolved nodes indi-
cated by error bars in Fig. 9.

The errorbars represent the standard deviations of indi-
vidual parameters of the fast ion distribution, i.e., the projec-
tion of the posterior onto parameter axes. Much of the un-
certainty is correlated and due to uncertainty in the absolute
scaling factor,F. This and other correlations can be brought
out by principal component analysis of the posterior.5,19

The uncertainty in the scaling factor for combinations of
two noise temperatures and standard or no uncertainties in
nuisance parameters is given in Table III. Clearly the uncer-
tainty in nuisance parameters give rise to most of this uncer-
tainty.

To identify which nuisance parameters mask the infor-
mation on the scaling factor we make use of the simple sig-
moidal relationship betweens (u) ands (f). The three param-
eters characterizing this relation are computed for each
nuisance parameter. For most nuisance parameters the differ-
ence betweensmin andsmax is small indicating little masking
by this parameter. Uncertainties in electron density and beam
overlap are significant contributors to the uncertainty in the
scaling factor as indicated by the parameters in Table IV.

It is noteworthy that we can virtually eliminate all the
masking of information onF by eliminating the uncertainty
in eitherne or Ob . However the required improvements for

TABLE III. Relative uncertainty in scaling factor,sF /F, for combinations
of noise temperatures and standard~caption of Fig. 9! or no uncertainties in
nuisance parameters.

sF /F TN5200 eV TN5400 eV

Standardsf 0.19 0.20
sf50 0.018 0.035

TABLE IV. Parameters defining sigmoidal relationships between uncertain-
ties in estimated parametersF and principal component 21 on the one hand,
and nuisance parametersu, Ob , ne , andTi on the other. HereTN5200 eV.
The parameters are similar forTN5400 eV.

sF /F s21

sf /sc smin smax sf /sc smin smax

u 0.35 0.19 0.19 0.35 1.17 4.6
Ob 4.7 0.024 0.19 4.7 1.89 1.90
ne 0.55 0.024 0.39 0.55 1.89 1.92
Ti 2.915 0.18 0.19 2.9 1.63 1.93

FIG. 9. Model fast proton distribution with uncertainties~1 std! in resolved
nodes indicated by errorbars. The smaller errorbars indicate the uncertainty
in nodes if there was no uncertainty in the prior. The dashed and dash-dotted
curves also represent the errorbars. Parameters:t ~signal integration time!
5200 ms,TN ~spectral noise density! 5 200 eV, nn ~half width of notch
filter! 5 100 MHz. The remaining parameters are as in Table I. Uncertain-
ties in prior: su51°, sf51°, sc51°, sOb

5Ob , sB50.13B, sne
50.2

3ne , sTe
50.13Te , sNi

50.53Ni , sRi
50.33Ri , sTi

50.33Ti .
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each of these quantities to reach this end are not equal. The
values ofsf /sc indicate where on the sigmoid we are with
the current level of uncertainty in the prior. These points are
indicated on the plot of the sigmoid in Fig. 10. The uncer-
tainty in ne is in the critical range where changes in its un-
certainty directly impact on the uncertainty in the scaling
factor. The loss of information due to uncertainty inOb , on
the other hand, is nearly complete. Further uncertainty inOb

~beam overlap and other quantities affecting the absolute
calibration! has little impact and considerable improvement
is required to significantly increase the accuracy ofF.

By similar investigations~see Table IV! we find that
information on the width of the distribution, referred to here
as principal component 21, is masked primarily by uncer-
tainty in scattering angle,u, and to a lesser extent by uncer-
tainty in the bulk ion temperature,Ti . In these studies it
must be kept in mind that if two nuisance parameters give
rise to ~nearly! parallel perturbations of the data~e.g., beam
overlap and absolute calibration! they should be treated as
one parameter or expanded in other parameters giving rise to
orthogonal spectral perturbations.

X. SUMMARY

Many parameters. Commonly diagnostics depend on
many parameters. Some are parameters of interest the re-
mainder are nuisance parameters. This introduces the need
for, possibly uncertain, prior information. Collective Thom-
son scattering~CTS! and charge exchange recombination
spectroscopy~CXRS! are examples of such diagnostics.

Optimal analysis. Incorporates prior information and ac-
counts for its uncertainties. LSN, a new least squares based
method, does this.

Assessing diagnostic capability. Uncertainties in esti-
mates of parameters of interest depend on uncertainties in the
prior information. With optimal analysis, these uncertainties
are given by the posterior which combines prior and new
information. Principal component analysis of the posterior is
an effective tool for identifying correlated uncertainties.

Optimizing diagnostic capability. Posterior versus prior
uncertainties are related by simple three parameter sigmoids.
This is useful when identifying~a! which uncertainties in the
prior information mask what posterior information, and~b!
which prior information is critical.

These methods have been applied to CTS at JET, JT60U
and ITER. Recent CTS data at JET were analyzed using
LSN.
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FIG. 10. Sigmoidal relationship between the uncertainty in the scaling fac-
tor, s (F), and uncertainties,s (f), in priors for ne and Ob . Positions on
sigmoid for current uncertainties are indicated with asterisks.
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