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Exchangeability and Predictivism 

Bruno de Fmetti thought of his celebrated Representation Theorem as • ... essentially 

the fruit of a thorough examination of the subjec:t matter, carried out in an unprejudiced 

manner, w:ith the aim of rooting out nonsense ..• • ( Preface of his (1974) Theory of Proba­

blltty) , This apparently obvious statement can also be understood as de Fmetti's descrip­

tion of Bayesian statistical inference and decision-making in general terms. However, noth-

~ 
Ing seems to be more distant from lhat description than the comideration of statistical 

models having arbitrary parameters existing in iL The arbilrariness lies in the presupposed 

existence of the parameters, w:ilhout any invariance: judgment • like exchangeability • about 

the observable data generating them. This attitude-~ which is shared by some Bayesians as 

well. ls seen by Diaconis (1988) in pan u a OOOSC(JUenoe of the modem availability of large 

and fast curve-fitting software and hardware. The mquenlist concept or probability and its 

resulting version of statistics may be seen as a fundamental cause for arbitrary parametriza­

tion : the idea of fixed and unknown.probabilities ,which somehow •ex1st• develops itself in 

assumptions of so •existing• parameten. It seems that another important meaning of de 

Fmetti's Representation 1beorem is a description of how a subjectivist can Include parame­

ters In a model. De Ftncttl repeatedly pointed out the unreasonableness of considering 

objective probabilities and "arbitrary• parametric models. The elimination of such amitrari­

ness . and possibly of parameters - is a basic component of de Fmetti's reductionist pro­

gram. The attitude of conditioning the consideration of parameters 10 Invariance judgments 

is called predictivlsm. The term is used by PicciniillO (1986) who - more radically - defines 
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as "CODlpletely predictive" lhc point of view where only strictly observable events are con­

sidered for inference. Cifarelli and Rcgazzlni (1982) also call it a "prcdictivistic" or "non­

hypothetical" approach - the latter in contrast to the classical point of view where statistical 

inference is seen as a process of using data in an attempt to specify the "probability mechan­

iml" which generates them. Cifarelli and Rcgazzini adhere to the completely predictlvistic 

approach to statistical inference : following de Finctti, statistical inference becomes cssen-

tlally the coherent methodology of making pr'eVisions, conditional on data. In particular, 

sufficiency is redefined in terms of (subjective and to a certain extent qualitative) properties 

of data, exclusively. Toe earliest deftn!Uons of :such •predictive sufficiency" seem to go back 

. to Splzzichlno· (1978). Under lhe predictlvlstic point of view , parametric models - once 

having arbitrariness removed and being properly lntcrprctcd - are still auxiliary tools for sta­

tistfcal inference. Reprcscntadon theorems can make the •extravagant thing" (dJ Bacco -

1983) of having •an opinion about a probability• a valid operational procedure. The choice 

Is a non-:nathemalical question. A successful example of practical predictlvist behavior is 

given by Dawid (1977) who obtains the Ba1yeslan model of analysis of variance. Toe 

paramctri7.3lion Is Induced by exchangcabllity considerations only, but nonnallty of the 

observations Is arbitrary. In a later paper, Dawid (1982) uses "intcrsubjectlve" models -

unanimous models conditional on a "sufficient" statistic for a set of predictive invariant opin­

ions held by a group of Bayesians - to describe the paramctril.alion and functional form of 

such opinions. The ingenious idea of capturing the "objectivti,• of panmetcrs ( or .of pro­

pensities ) through a dcscri~ of unanimity . of opinions was somcoow prcscmed by de 
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FineUl (1952) when he suggested lhat "problems nJt lldmiu.ing an initial opinion" are prob­

lems where a "coincidence of opinions" exists among all peiwns dealing with the problem. 

He suggeslcd that such an lnterpretalion would resolve the antithesis between "the two types 

of problems in Statistics" I In the light of de Fmctti (1937), this was a rather moderate 

point of view about lhe notion of probability. De Fmetti later made clear his uncompromis­

ing approach in several writings, like his (1974) book and, explicitly, in a (1969) paper 

where he condemned all non-subjective meanings of probability, such as logical, physical or 

Sllpport probability. He acknowledged these as non-objectivistic by calling their use the 

"middle-of-the-road approach", but nevenhelcss rejc~cted them - only "truly" subjective pro­

babililit'3 are meaningful. Dawid (1982 and 1979) restored to a pure and uncompromising 

subjective way de Finetti'~ (1952) idea of coincidence of opinions as an expression of 

"objectivity": a group of Baycslans having subjective and possibly distinct opinions about 

observable quantities agrees on a unanimous conditional probability opinion when given the 

value of a "suffteient" statistic - by now called the inlersllbjective parameter, while the con­

ditional unanimous model is an lntmllbj«tiw: lnO<kl. The lntemibjective parameters m 

maximal invariants Imler the group of transfonnatlons on the sample space that expresses 

the invariance characteristics common to all opinions In the group. Exchangeability appears 

as the particular case of Invariance under pennutalions ooly. The ('mdividual) predictive 

opinion Is then represented u a mixture (by a "prio,r'') of the inlC(SUbjective models ("likeli­

hood"). An example in a low-dimensional case shows how intuitive the representation is : 

Suppose you ( we call •you• a coherent neobayesian person ) have an opinion about the 
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random quantities X and Y which Is described by a Joint probability density on the plane. 

Your opinion is that X and Y are not only exchangeable, but you also lllink that the density 

ls invariant under rotations around the origin. II Is then clear that your opinion about X and 

Y is your opinion about their distance from the origin, without any preference for poi1111 in a 

same circle. 1bc intersubjective parameter is a maximal Invariant under rotations like the 

squaffil distance X2 + Y2 and the intersubjective model Is the uniform density on lhe 

appropriate circle. Your opinion ls a mixture or conditional unifonn densities weighted by a 

prior density for the squared distance. A parametcr,ls naturally induced exclusively by your 

original opinion about the observable X and Y. The representation for the one-dimensional 

marginals ls determined and by taking the limit of the general finite represerntion the mlx­

twc of conditionally independent nonnally distnouted quantities with mean zero and com­

mon variance 11 obtained. It slx>uld be noticed !that In the fmlte sequence case the likelihood 

ii not nec:cs.wily a product of conditionally independent quantities. 

In the case where an infinite sequence of random quantities is considered, the represen• 

tadon Is less Immediate. For an exchangeable process, de Fmetti's Representation form ls 

obtained. If an additional judgment about a 0-1 process states that it behaves u a sequence 

'Of indicators in a P61ya um scheme, the prior 11iecessarily belongs to the beta family. (Actu­

ally, there are not many choices: Hill et aL (1987) proved that an exchangeable 1111J process 

can only be P6lya, Bemoulll or deterministic). By partitioning the sample space into sets 

where a "principle of indifference• applies, Mendel (1989) obtains the orbils of the groups 

.of transformations used by Dawid • Mendel points out the possil>illty of inverting the de 
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FIDCl1i-lypc mixture in order to obtain the prior as I function of predictive opinions. This is 

very imponant for predicUvists. It meam that when the predictive opinion about the observ­

able quantities Is sharp enough, it is represented by I mixture of parametric models and both 

lhe likelihood and lhe prior have their functional forms determined. ( • You have to lllink 

hard only once ; parameters and lhe fonn of lhe likelihood and prior will lhen be iudy • ). 

In general, exchangeability alone Is not enough for a complete represenlation of 1be mixtW'e, 

but additional invariance judgments may determine it. 

1be results of Dawid, Mendel (and of couJK of de FmeUi) are very positive at a philo­

sophical level llley remove the former "metaphysical" ~ctcr of parameters and in some 

situations may even determine the coherent f WlCtional form of prion and likelihood models. 

The practical elicitation of invariance predictive «>pinions may not be, however, easier than 

elicitation of priors and modeu. 1be priot families obtained by inversion of mixture 

-n:prescntations an: amjugate neither. Despite these pracdcal difficulties, lhe ubitrary 

parametric i:pproacb - even when Bayesian • seems to be loosing ground to the predictivist 

approach. In the former, it Is conceptually possible to have a coherent prior and a coherent 

model for the data, while the combination of them does mt cohere with ll:ie predictive opin­

ion. In a sense, prcdictivism Is also more general insofar as some classical models like 

exponential families ■re oblained (rather than rejected) u helpful ~ of predictive 

~dgmcnts. 
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There ls another very important contribution from the predictivistic point of view : it 

removes the asymmetry usually perceived between the •prior function" and the "likelihood" 

as conceptS. For the p~ictivist, 'both are equailJI valued components of a representation that 

describes hls p~ctive opinion. This weakens the common anti-Bayesian criticism against 

the "choice of a prior" in two ways : in the first place, by removing the special subjectivity a 

prior function would hold ; and also by making clear tbal the choice of a "model" (per-

formed by non-Bayesians c:omtantly) Is an act completely similar, and even inseparable, 

from the choice of a "prior" • 

In Section 3.3 the predictivlst approach will be Illustrated in the solution for an ESS 

(Environmental Stre&1 Screening ) problem. The pn:dictlve ~talion of the Poisson 

process will be needed. We now obtain the parametric Poisson model from its p~cdve 

description. 

Definition : A process X ,. ( X 1 , Xi, • · · ) taking values on (0, 1 , • • ; 1• 

according to a probability measure P is called Poiisonian when for every n ;,; l and , ;,; O , ' 

(Here I(·) denotes the indicator function: I(·)= l when • Is true, I(·)= O otherwise). 

• 
· • The above characterization ii lotally pn:dlctive : the lntersubjective parameter p; is 

1-1 

observable and the intersubjective multinomial model Is completely determined. The condi­

tion is obviously stronger than cxchangeability and describes how a subjectivist understands 

(or should understand) the Poisson model. The parametric representation of the process X 
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follows from the 

Fact : A process X is Poissonian if 1111d only If there exists a distribulioo function F saJisfy­

ing F(O-) • 0 and such that for every n ~ 1 

~r : Suppose that X is Poi~ an. Then for CVCl'Y n .!: l and every ffl > " • 

• • 
where y = l:x. and S,.. = }:X1 • By making m-•1 • A, we obtain ,... , ... 

for the sequence or discrete distribution functions ,,. • having jump11 of value PCS. = J) at 

The sequence F,.. admits a subsequence which converges to a limit F , by Belly's 

iheorem; such a limit is a proper disttibution function since by de FineUi 's theorem version 

of die law of large numbers. m-1 S,.. converges wilh subjoctive(•) pobability 1 • Therefore. 

by taking the limit u m ➔ • and recalling the (uniform In 1) Poisson approximation to the 

binomial distribution. we obtain 
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Therefore every Polssonian process is seen to be a mixture of sequences of condition­

ally Independent Poisson quantities. We omit 1lhc easy proof of the converse statement. 

If 1hc subjectivist lhinks a sequence of size N is Polssonian (but not extendible to an 

inJlnlte Poissonian one), his •parametric• repre.~tation, for every 1 :s; n < N, is given by 

('")ADp,,bobililio,o _...,,..._ .. ,...._..._ ...... Ill,,.......,..._ 

• 



Bibliography 

Cifarelli D. M., Regazzini B.(1982). Some Considerations About Malhematical Statistics 

Teaching Methodology Suggested by the CODl::ept of Exchaogeability. in Exchangeabil­

ity in Probability and Statistics. Koch 0., Spiulchino F. (editors). North-Holland Pub­

lishing Company. 

Dawkl A. F.(1977). Invariant distributions and analysis of variance models. Biometriu, 

Volume 64, Number 2, pages 291-297. 

Dawid A.P.(1979), Conditional Independence In Sta1tislical Theory. Journal of the Royal Sta­

tistical Society B, Volume 41, pages 1-31. 

Dawid A. P.(1982). Intersubjcctive Statistical Mode:ls. in Exchangeability in Probability and 

Statistics. Koch G., Spizzlchino F. (editors). Nonh-Holland Publishing Company. 

de Flnctd B.(1937). La Prtvislon: ses lols loglqu.:s, scs sources subjectives. Annalcs de 

l'Inslitul Hcmi Poincalt, Volume 7, pages 1-68. Translated In Kybnrg Jr., H. E.: 

Smokler H. E.(1964). Studies ht Subjective Probability. John Wiley cl: Sons. 

de FincUi B.(1952). La Notion de "distributiolll d'opinioos" commc base d'un essai 

d 'lnlerpretat.lon de la Statisti(JIC:. Puhl. lnstitut de Statistique Universit6 de Paris, I, 2. 

de Fmcui B.(1969). Initial Probabilities; A Prcrcquiisite For Any Valid Induction. Synlhese, 

Volume 20, pages 2-16. 

de Fmeui B.(1974). Theory of Probability, Volume l. Jolm Wiley & Sons. 

di Bacco M.(198_3). Commcnlo all'artioolo "Jnfcrmza Predittiva c 'Patti' • di D.Costantfnl e 

P .Monad. Stltistica. xun, pages 335-340. 



2 

Diaconis P.(1988). Recent Progress on de Fmeui's Notions of Exchangeability. Technical 

Report 297, Department of Statistics, Stanford University. 

mn B.M., Lane D., Suddenh W.(1987). Exchlllngeable Um Processes. The Annals of Pro­

bability, Volwnc IS, Number 4, pages 1586-1592. 

Mendel M.(1989). Development of Bayesian Parametric Theory. Unpublished Dra1l. Mas­

sachusetts Institute of Technology. 

PiccinalO L.(1986). De F'UICUi's Logic of Uncc1rtalnty and its Impact on Statistical Thinking 

and Practice. In Bayesian Inference and Decision Techniques. Goel P., Zellner A. (edi­

tors). Elsevier Science Publishers. 

SpiuJchino F.(1978). Statistiche sufflclentl pe1: famlgllc di numeri aleatorl scambiabill. in 

Am dcl CoovCBDO IU IDduz.looc, Probabilit} C Slalistlca. Univcrsitl degli Stucli di 

Venezia. 



REl/HORIO 1Ern1co 
00 • 

DEPARTAMEIUO DE ESTATISTICA 

TiTULOS PUBLJCADOS EM 1987 

8701 - ACHCAR, J,A. I BOLFJ\RINE, H,1 Constant Hazard Against~ Change­
~ Alternatives f! Bayesian Approach~ Censored E!!!,, 
Sio Paulo, IME-USP, 1987, 20p. 

8702 - RODRIGUES, J,1 .22!!!! Results .2!! Restricted Bayes~ Squares 
Predictors lli tinite Populations, sio Paulo, IME-USP, 1987, 
l6p, 

8703 - LErrE, J.G., BOLFJ\RINE, H. I RODRIGUES, J,r Exact Expressionfcr . ' 
,!:!!! Posterior Mode £f ~ Finite Population Size: Capture-1!£­
capture Sequential sampling, Sao Paulo, IME-OSP, 1987, 14p. 

8704 - RODRIGUES, J., BOLFARlNE, H, I LEITE, J,G.1 ! Bayesian Analysis 
,JE Closed Animal Populations from Capture Recapture ~­
~ with Trap Response, Sio Paulo, IME-USP, 1937, 2lp • 

. 8705 - PAULINO, C,D,M. I Analysis 2!_ Categorical Data with Full and ~ 
.ti.Al Classi fication s A~ Qf. .t.ll!!. Conditional Maximum IJ.-. 1 

~elihood ims1 weighted Wil Squares Approaches . Sao Paulo, 
IME-USP, 1987, 52p, 

1 8706 - CORDEIRO, G,M, I BOLFARINE, H,1 Prediction_!!!~ Finite Poeula -
~~~Generalized~ Model, Sao Paulo, 
1987, 2lp. 

IME-USP, 

1707 • RODRIGUES, J, I BOLFJ\RINE, H,1 Nonlinear Baxesian Least-Squares 
Theory and the Inverse Linear Regression, Sao Paulo, IME­
USP, 1987, ·1sp. 

1708 - RODRIGUES, J. I BOLP'ARINE, H, 1 ~ Note ~ Bayesian ~-Squares 
Sstillators of Time-Varying Regression Coefficients, Sao Pau­
lo, I.HE-USP, 1987, llp. 



.... 

8709 - ACHCAR, J .A., BOLFARINE, H, I RODRIGUES, iJ, I Inverse Gaussian 

Distributiont ~ Bayesian Approach, sio Paulo, IME-USP, 1987, 

·2op. 

1710 - CORDEIRO, G,M, I PAULA, G,A.1 Improved Likelihood~~ 

~ for Exponential Family Nonlinear Models, Sao Paulo, 

IME-USP, 1987, 26p. 

8711 - SINGER, J.H,1 PERES, C.A,I HARLE, C.E.r 2!! the Hardy -Weinberg 

Equilibriwn _!n Generalized~ Systems, Sao Paulo, IME-USP, 

1987, 16p. 

1712 - BOLFARINE, H. I RQ.DRIGUES, J,: ! ~~Some Extensions£!! 

Distribution Free Bayesian Approaches for Estimation ~ 

Prediction, Sao Paulo, IME-tJSP, 1987, 19p. 

8713 - RODRIGUES, J., BOLFARINE, H. & LEITE, J.c., ~ Simple Nonpara­

~ Bayes Solution _!2 tht>: Estimation £f the Size £f .! 

Closed Animal Population, Sao Paulo, IME~USP, 1987, llp, 

8714 - BUENO, V .c. r Generalizing Importance .QI Components _!2!: m-. 
tistate Monotone Systems, Sao Paulo, IME-USP, 1987, _12p. 

8801 - PEREIRA, c.A_.B. I . WECHSLER, s. r .Q!l the Concept E,! f-value, Si~ 

Paulo, IME-USP, 1988, 22p, 

8802 - llCKS, s., PEREIRA, c.A.B, a LEITE, J.c., Bayes Sequential ·!!­

timation ~ t~e !!!! Ef ~ Finite Population, Sao Paulo,IHE­

USP,_ 1988, 23p, 

8803 - BOLFARINE, H,r ~ Population Prediction Under Dynamic ~­

neralized ~ Models, Sao Paulo, IME-USP, 1988, 2lp, 

8804 - BOLFARINE, H.r Minimax Prediction~~ Populations, Sao 

Paulo, IME-USP, 1988, l8p. 

8805 -'SINGER, J.M. I ANDRADE, D.r., Q!! ~~of Appropriate~­

!£!: ~ !EE. Testing !!!.'! General ~ Hypothesis !!! ~­
file Analysis, Sao Paulo, IME-USP, 1988, 23p, 

8806 - DACHS, J.N.W. I PAULA, G,A.J Testing for Ordered Rate Rations 

.!!! Follow-.!!.2 Studies with Incidence Density Data, Sao Paulo, 

IME-USP, 1988, l8p, 

1107 CORDEIRO, G.M. & PAULA, ·c,A~1 Estimation, Significance Testa 

and Diagnostic Methods for!!:!!. Non-Exponential Family Non­

!!!!!!.f "odel■, Sio Paulo, lHl~~USP, 1988 1 29p. 



·, 

8808 - RODRIGUES, J, I ELIAN, S,N,7 ~ Coordinate - Free Estimation 
.!!! Finite Popula~ion sampling, ~io Paulo, IME-USP, 1988, Sp. 

8~09 - BUENO, V,C. I CUAD)Y\00, R.Z.B,:r ~ the Importance 2! ~ 
for ~ontinuous Structures, Sao Paulo, IME-USP, 19B8, 14p. 

8810 - ACHCAR, J.A., llOLFARINE, HI PERICCHI, L.R.J ~ Applications 
~ Bayesian Methods !!l Ana l ysis 2! Life Data, sio Paulo, 11£­
U~P, 1988, JOp. 

RODRIGUES, J.r ! Bayesian Ana l ysis~ Capture-Recapture ~­
riments for! Closed Animall Population, Sio Paulo, IKE-USP, 
1988, lOp. 

8S12 FERRARI, P.A., Ergodicity for Spin Systems, sio Paulo, IME-USP, 
1988, 25p. 

8813 - FERRARI, P.A. I MAURO, E.S.R-, !! Method ~ Combine Pseudo-Ran­
d0111 ~ Generators Using Xor,' Sao Paulo, IHE-USP, 1988, 
lOp. 

8814 - BOLFARINE, H. I RODRIGUES, J., Finite Population Prediction u!!'" 
der ·~ Linear Functional Superpopulation Model ! Bayesian 

-~ Perspective, sio Paulo, IME-USP, 19.88, 22p. 
8815 - RODRIGUES, J. I BOLFARIHE, ff,J !! Note !m Asymptotically Unbia-

1_ sed Designs !!! survey Sampl :ing , Sao Paulo, IME-USP, 1988, 
6p. 

8816 - BUENo, · v.c., Bounds for~~ Availabilities!_!!~~ Time 
:Interval for Continuous St~~ Functions, Sao Paulo, 
IHE-USP, 1988, 22 p. 

-8817 - TOLOI, C.M.C. I MORETTIN, P.A. 3 Spectral Estimation !_Q£ Time 
Series with Amplitude Modul11ted Ot.servationss ! ~ • Sao 
Paulo, IME-USP, 1988, 16p. 

8818 - CHAYES, J.T.1 CHAYES, L,1 GRIMMETT, G,R,J ~ , H. I SCIIONMANN , 
R.H,J ~ Correlation Lengt~ f!2!. !h! High Density Phase ~ 
Bernoulli ~2!~• Sio Paulo, IME-USP, 1930, 46p. 

1819 - DURRETT, R, I SCHOOMANN , 11,H, I TANAXA, N.I.1 ~ ~ Process 
2!! ~!'.!!!!!!Set, !!!1 !!!! Critical Case, Sao Paulo, IME-USP, 
19J8, llp. 



1820 - DURRET, ll,1 SCHONMANN, R.H. I TJUiAJCA, N.I.1 Correlation~ 

for .Qrjented Percolation, Sao Paulo, IME-USP, 1988, 18p. 

1821 - BRIQIONT, J.i XESTEN, H,1 LEBOWJ:TZ, J,L, I SCHONMANN, R,H,1 ! 
~ .2U the Ising Model in Hlgh Oiniensions, sio Paulo, IME­

USP, 1988, 2lp, 

1822 - .KESTEN, H, t SCHONMANN, 11,H,, BE!havior !!! Large Dimensions of 

the ?2ll! and Heisenberg ModE!ls, sio Paulo, IME-USP, 1988, 

6lp. 

8823 - DURRET, R, 1 TANAJ(A, N.I., ~:!!SL Inequalities~ Oriented 

Percolation, sio Paulo, IME~USP, 1988, 2lp. 

3901 -·ao~RIGUES, J.1 Asymptotically ~sign - Unbiased Predictors !2 
~-Stage Sampling, Sao Paulo,, IME-USP, 1989, 9p. 

8902 TOLOI, C.M.C. I HORETTIN, P.A.1 Spectral Analysis~ Ampli­

tude Modulated Time Series, Sao raulo, IME~USP, 1989, 24p. 

B903 - PAULA, G.A., Influence Measures for Generali2ed Linear~ 

with Restrictions~ Parameters, Sao Paulo, IUE-USP, 1989, 
lip. 

8904 - 1-IARTIN, "1.C. & EUSSAB, u.o., An :Investigation of the Proper­

ties~ Raking Ratio Estirnatora for Cell Frequencies with 

Simple Random Sampling, Sio Paulo, IME-USP, 1989, llp. 

d905 - m::~HSLER, s., ~ Another Refutation of Allais' Paradox, Sio 

Pc1ulo, Il!E-USP, 1989, 6p. 

i906 - BARLOW, R.E. I PEREIRA, C.A.B.1 Conditional Independence and 

Prooabi listic Influence Diagrams, Sao Paulo, IIIE-USP, 19o9, 

2lp. 

0907 - BARLOW, _R.E. 1 PEREIRA, C.A.B. I WECHSLER, S. 1 The Bayesial) 

Aoproach ~ Ess, Sao Paulo, UIE-USP, 1989, 20p. 

8908 - PEREIRA, C.A.B. I BARLOW, R,E.1 !Medical Diagnosis Using Influen­

~ Diagrams, Sio Paulo, IllE-USP, 1989, llp. 

8909 - BOLFARINE, H.1 ! ~~!!!!!!!]Population Prediction ~ 

Asymmetric~ Functions, si,o Paulo, IME-USP, 1989, 8p. 



i. 

I • 

8910 - BOLFARINE, H,J Bayesian•M~~elling in Finite Popula~ions, sio 
Paulo, IME•USP, 1989 1 8J?• 

8911 - NEVES, H,M,C I MORETTIH, P.A. J ! Generalized Cochrane-~­
!U!!! Estimator for Time~ Regression Hodels,sio Pau­
lo, IME-USP, 1989, 29p. 

891Z • MORETTIN, P.A., TOLOI, C.M.c •• GAIT, N. & MESQUITA. A.R. ; ·Ana­
lysis of the Relationshi ps Between Some Natural Phenomena: 
Atmospheric Precipitation,~~~~ Sunspots, Sio 

'Paulo, lME·USP, 1989, 3Sp, 
1913 - BOLFARINE, H.; Population Variance Prediction Under Normal .!!I· 

!!!!!!£ Superpopulation Models, Sio Paulo, IME-USP, 1989,7p. 
I• . 8914 - BOLFARINE, H.~ MaximUII Likelihood Prediction.!!! Two Stage i!!!• 

~. Sio Paulo, IME-USP, 19B9, 4p. 

I 

I· 




