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Fixed Effects

 All levels of interest are selected by a nonrandom 

process and are included in the study.

 Inferences are to be made only to those levels 

included in the study.

Random Effects

 Levels consist of a random sample of levels from 

the population of all possible levels.

 Inference is about the population of levels, not just 

the subset of levels included in the study.
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Mixed Models

Models in which some factors are fixed effects and other 

factors are random effects are called mixed models.

Random: physicians, 

agents, clinics, financial 

advisors

Fixed: drugs, specialties, 

training programs, 

automobile type
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The General Linear Model

y X  

Response

Design matrix

Fixed effects

Random 

errors

2[ ] 0, [ ] nE Var I   

Therefore,
2[ ] X , [ ] nE y Var y I  

Assume
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The Linear Mixed Model

y     X Z

Design matrix for 
random effects

Random effects

( ) , ( ) ' =E y Var y  X ZGZ R V

Assume  ~ N(0, G) and  ~ N(0, R)

No longer required to 
be independent and 

homogeneous
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Statements in the MIXED and HPMIXED 
Procedures

y   = X + Z +

Specified in the 
MODEL 

statement

Specified in the 

RANDOM statement

Specified in the REPEATED 
statement for non-default structures
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Massive Mixed Models

A mixed model can be large because of:

 Many observations (huge N)

7  

8

Copy r ight ©  2012,  SAS Insti tute I nc .  All r i ghts r eserved.

Massive Mixed Models

A mixed model can be large because of:

 Many observations (huge N)

 Lots of fixed effects or lots of levels of fixed effects 

(Wide X)

8

X
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Massive Mixed Models

A mixed model can be large because of:

 Many observations (huge N)

 Lots of fixed effects or lots of levels of fixed effects 

(Wide X)

 Lots of levels of random effects (Wide Z)

9

Z
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Massive Mixed Models

A mixed model can be large because of:

 Many observations (huge N)

 Lots of fixed effects or lots of levels of fixed effects 

(Wide X)

 Lots of levels of random effects (Wide Z)

 Lots of different covariance parameters (very complex 

G and/or R)

10

V
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Massive Mixed Models

A mixed model can be large because of:

 Many observations (huge N)

 Lots of fixed effects or lots of levels of fixed effects 

(Wide X)

 Lots of levels of random effects (Wide Z)

 Lots of different covariance parameters (very complex 

G and/or R)

11

HPMIXED is 

made for this
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Massive Mixed Models

A mixed model can be large because of:

 Many observations (huge N)

 Lots of fixed effects or lots of levels of fixed effects 

(Wide X)

 Lots of levels of random effects (Wide Z)

 Lots of different covariance parameters (complex G

and/or R)

12

MIXED works well in this situation, and 

for a large variety of model types.

MIXED was originally designed for 

small experimental studies and has 

been improved to meet customer 

needs.
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In most massive 

mixed models, 

many of the 

matrices have 

relatively 

few unique 

values and lots 

of zeroes
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Massive Mixed Models

 Specialized algorithms in PROC HPMIXED can take 

advantage of this sparseness and repetitiveness to 

perform certain calculations much more quickly. 

14
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Simulated Example: Health Insurance Payout
Fixed: 5 specialty areas, 100 different diagnosis codes (nested)

Random: 3000 providers, need eblups and CLs for each.

DV: Payout (4000 payouts per provider)

15

( ) ( )ijkm i ijE y     
2 2( )ijkm bVar y   

therefore,

( )ijkm i ij k ijkmpayout b       

specialty
effect, fixed

physician
effect, random

2 2~ (0, ), ~ (0, )k b ijkmb N N  

specialty*diagnosis
effect, fixed
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Syntax

16

proc hpmixed data=wiilus.Sim;
class Specialty Diagnosis Physician;
model Payout = Specialty Diagnosis*Specialty;
random Physician/cl;
test Specialty Diagnosis*Specialty;

run;

proc mixed data=wiilus.Sim;
class Specialty Diagnosis Physician;
model Payout = Specialty Diagnosis*Specialty;
random Physician/cl;

run;

 



  9 

Copyright © 2013 SAS Institute Inc  

17

Copy r ight ©  2012,  SAS Insti tute I nc .  All r i ghts r eserved.

Example 
proc hpmixed data=Sim;

…

NOTE: PROCEDURE HPMIXED used (Total process time):

real time           2.71 seconds

cpu time           2.66 seconds

proc mixed data=Sim;

…

random physician/cl;

NOTE: PROCEDURE MIXED used (Total process time):

real time           4:05.12

cpu time           5:04.71

…

17  
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HPMIXED Output 

19  
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MIXED Output

3000 physician IDs
20  
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Output 

HPMIXED MIXED

21  
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Output

HPMIXED MIXED

22  
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HPMIXED Output (Partial)

(3000 physician eblups)

23  
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MIXED Output (Partial)

3000 physician eblups
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Output

HPMIXED

MIXED

25  
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Parameterization in HPMIXED
Parameterization of (fixed) effects 

 MIXED uses MODEL, CLASS, and class level information 

to order terms and to compute generalized inverses.

– Last level of class variables set to 0 by default, or you 

can specify the reference level.

 HPMIXED automatically reorders terms to find singularities 

quickly and to compute generalized inverses. 

– Must look at parameter estimates to see how model is 

parameterized.

 Hypothesis tests of effects and predicted values are 

invariant to parameterization.

26  
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Add This Syntax:

27

proc hpmixed data=wiilus.Sim;
…
model Payout = Specialty Diagnosis*Specialty/S;
…

run;

proc mixed data=wiilus.Sim;
…
model Payout = Specialty Diagnosis*Specialty/S;
…

run;
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HPMIXED and MIXED Parameterizations

HPMIXED

…+ 500 Specialty*Diagnosis estimates

Reference level is determined by speed of processing. 

28  
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HPMIXED and MIXED Parameterizations

MIXED

…+ 500 Specialty*Diagnosis estimates

Reference level is the last CLASS level by default

(can optionally specify first level)
29  
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Degrees of Freedom Estimates in HPMIXED

Denominator degrees of freedom for fixed effects are 

usually different

 MIXED uses different defaults depending on the 

model, with options to use containment, Kenward-

Roger, Satterthwaite, residual, or between-within.

 HPMIXED uses residual by default, and has option to 

use none (t-tests are equivalent to z-tests)

 p-values for fixed effect tests can be different.

30  
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HPMIXED and MIXED Output

HPMIXED

MIXED

31  
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Covariance Structures in HPMIXED

 The covariance structures permitted in HPMIXED are 

a subset of the structures in MIXED. 

 The most common G-side structures are supported 

(for random coefficient and multilevel models).

 In SAS 9.3 and newer, limited R-side structures 

(REPEATED) are also supported.

32  
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Post-Processing in HPMIXED

 HPMIXED supports many of the same post-fitting 

statements as MIXED, including CONTRAST, 

ESTIMATE, and LSMEANS.  

 Not all MIXED functionality is in PROC HPMIXED.

 There are no ODS graphics in HPMIXED.

 You can save the covariance parameter estimates 

from HPMIXED and use them in PROC MIXED to 

leverage additional functionality. 

33  
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Post-Processing in HPMIXED

34

proc hpmixed data=Sim;
class Specialty Diagnosis Physician;
model Payout = Specialty Diagnosis*Specialty;
random Physician;
ods output covparms=a;

run;

proc mixed data=Sim plots=…;
class Specialty Diagnosis Physician;
model Payout = Specialty Diagnosis*Specialty;
random Physician;

parms /pdata=a hold=1,2 noiter;

lsmeans specialty / pdiff=all adjust=tukey;

run;
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What About PROC HPLMIXED?

 HPLMIXED is a new high-performance procedure, 

based on PROC MIXED that uses distributed 

processing to solve large problems. 

 Its options are a subset of PROC MIXED functionality.

 At this time, HPLMIXED uses dense matrix 

calculations; HPMIXED uses sparse matrix 

calculations.  

 HPLMIXED is still a very young procedure and will 

have new functionality added in future releases. 

35  
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What About PROC HPLMIXED?

 This paper only addresses SAS/STAT 12.2 

functionality.

 In some cases, HPMIXED is faster than HPLMIXED; 

in other cases, HPLMIXED is faster than HPMIXED. 

 Consider the type of massive mixed model you are 

fitting and the distributed environment you are using.

 Look for new developments in HPLMIXED in the 

future!  

36  

37

Copy r ight ©  2012,  SAS Insti tute I nc .  All r i ghts r eserved.

Concluding Points

 PROC MIXED is designed to be an all-purpose 

procedure for fitting linear mixed models, with a wide 

variety of options, covariance structures, and post-

fitting inference and graphs. 

 Some models involve very large matrix calculations, 

and those matrices only involve a limited number of 

variance-covariance parameters. 

 In many of these situations, PROC HPMIXED makes it 

possible to fit linear mixed models rapidly and 

efficiently. 

 Results from PROC HPMIXED can be used as input to 

PROC MIXED for additional options. 

37  
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To Learn More

Special Topics in Mixed Models course from SAS 

(premiers in 2014)

http://support.sas.com/training

PROC HPMIXED documentation

http://support.sas.com/documentation/cdl/en/statug/65328

/HTML/default/viewer.htm#statug_hpmixed_toc.htm

SAS Global Forum 2012 paper by Kiernan, et al.

http://support.sas.com/resources/papers/proceedings12/3

32-2012.pdf
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