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Why Weight? 
 
The most basic means of drawing a sample from a population is to employ a simple 
random sample in which all members of the population have an equal probability of 
being selected.  The benefit of the simple random sample is that familiar statistics such as 
means, variances, and regression coefficients estimated from the sample are good 
estimates of the actual population values.  However, in practice survey researchers use 
the simple random sample rather infrequently.  Instead, considerations such as cost (it is 
expensive to go into every single neighborhood) or a desire to sample adequate numbers 
of minority groups (such as single black unmarried mothers) lead researchers to adopt 
alternative sampling designs that utilize methods such as clustering and stratification. 
 
Cluster sampling refers to a procedure in which sampling elements are grouped together 
in some manner, and these clusters then become the primary sampling unit.  A researcher 
may be interested in student performance but, rather than compile a list of all students in 
every school, decides to sample only students clustered within a more limited number of 
schools.  It may be possible for multiple levels of clustering to be present.  For example, 
survey planners may first cluster on cities, then on neighborhoods, and then finally draw 
a simple random sample of dwelling units within the sampled neighborhoods.   
 
Stratification refers to the process of sampling different subpopulations, or strata,  
separately.  Investigators may choose to stratify the population of interest by race, for 
instance, and draw separate samples for whites and blacks.  Doing so would make it 
possible for the two racial categories to be represented equally in the sample even if one 
is clearly a minority in the population. This may be beneficial if the researcher is 
particularly interested in the minority group and is concerned that a simple random 
sample would not yield a sufficient number of minority respondents to make valid 
inferences.  An additional benefit of stratification is that, whenever within strata 
variances are smaller than between strata variances, statistics will be more efficiently 
estimated (that is, standard errors will be smaller).   
 
There are, however, consequences to using sampling designs other than the simple 
random sample.  Different elements from the population will have different probabilities 
of being sampled, which may lead to incorrect point estimates. If blacks are over-sampled 
compared to whites, and if blacks have on average different incomes than whites, then the 
unweighted mean income of the sample will be a poor guide to the average income in the 
population.  It is therefore necessary to weight observations differently when estimating 
statistics of interest in order to bring the sample back in line with the population.   
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Sample weights are the inverse of the probability of selection and can be thought of as 
representing the number of times that a unit should be counted.  An element with a 
selection probability of .01 would have a weight of 1/.01 = 100, meaning that it should be 
counted 100 times.  A different unit with a higher selection probability would be counted 
fewer times because similar units would be better represented in the sample.  A unit with 
a selection probability of .08 would therefore only be counted 1/.08 = 12.5 times. 
 
In addition, longitudinal studies often include weights to account for the fact that, due to 
attrition, each wave will vary in the extent to which it reflects the population of interest.  
If low-income respondents from the first wave are more likely to drop out of the study by 
the second wave, then the second wave must make additional adjustments for the fact that 
fewer low-income respondents are present.  Longitudinal datasets thus typically come 
with cross-sectional weights, appropriate for analyzing a single wave in isolation, and 
longitudinal weights, which are appropriate for analyzing variables collected during 
separate waves. 
 
An additional consequence of cluster and stratified sampling is that variance estimates are 
typically incorrect in the absence of some adjustments.  Standard errors will be artificially 
small in the case of cluster sampling, making it more likely that the researcher will 
incorrectly reject a null hypothesis.  The effects of stratification on variance estimates 
will depend on the sample but will usually produce more efficient estimates (standard 
errors will be smaller).  Special survey software – such as Stata’s suite of .svy commands 
– are necessary to make the appropriate variance adjustments for hypothesis testing.   
 
The principal investigators from the 3-City project have looked into the consequences of 
clustering and stratification on the estimation of standard errors in analyses using their 
data (Cherlin, Fomby, & Moffitt, 2002).  They found that standard errors are not greatly 
affected by accounting for the complex sampling design and therefore suggest that the 
adjustments will usually be unnecessary.  However, these conclusions only relate to the 
estimation of standard errors.  It is still necessary to weight the data to ensure that point 
estimates are not biased. 
 
 
Weights in the Three-City Study 
 
The sampling design for the Three-City study was a complicated mix of both cluster 
sampling and stratification, which necessitates the use of sampling weights in analysis.  
There are several different types of weights available in the data file.   
 
A first set of weights was created as the product of the inverse of three probabilities: 1) 
the probability that a household was in one of the chosen clusters of dwelling units; 2) the 
probability that the family living in the selected household matched the study’s criteria in 
terms of income, race, and other factors; and 3) the probability that the family agreed to 
participate.  The resulting weights are termed household or dwelling unit weights.   
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The 3-City survey contractors also created a second set of weights to take into account 
the fact that some households had multiple children eligible to participate in the study.  
They established child weights by multiplying the inverse of a fourth probability, the 
probability that a child was selected out of multiple eligible children in a household, 
times the dwelling unit weights.  The child weights make it possible to generalize to all 
children in the household and are considered by the 3-City co-PIs to be the appropriate 
weights for analysis. 
 
The survey contractors and co-PIs made two additional adjustments to the dwelling unit 
and child weights.  First, the weights were found to have high variance, something which 
can lead to very high standard errors and therefore conservative hypothesis tests.  As a 
consequence, many of the weights were trimmed, meaning that the largest 5% of the 
weight values were top-coded.   
 
Second, the weighting was originally designed to take into account the fact that 
households in larger cities had a smaller probability of being selected.  In many instances 
researchers will want to make inferences about the experience of the average family in all 
three cities surveyed, in which case it is necessary to weight each city equally.  The co-
PIs therefore created normalized weights, the sums of which are equal in each city.  The 
normalized weights are what the co-PIs have used in their publications and are 
appropriate whenever the entire sample is being used.  Note that these weights should be 
renormalized if subsamples are used.  Information on how to perform the 
renormalization, including SAS syntax, can be found in the Three City User’s Guide for 
Wave 1 available at: 
http://web.jhu.edu/threecitystudy/images/publications/users_guides/Wave_1_User_Guide
.pdf 
 
A list of the weights available in the 3-City data file is presented below. The choice of the 
appropriate weight will depend on whether the analyst is interested in 1) looking at cross-
sections or making inferences across waves; and 2) the type of respondent (focal child, 
father, caregiver, or some combination of these) of interest.   The table makes clear that 
the most complicated decisions about which weight to use will occur when the analyst is 
interested in analyzing the Embedded Developmental Study from either Wave 1 or Wave 
2.   
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Description  

Original 
Weight  

Normalized 
Weight  

Normed Universal Weight  equwtcc 
Wave 1 Dwelling Unit Weight r1dut5wt r1due5wt 
Wave 1 Focal Child Weight r1cht5wt r1che5wt 
Wave 2 Dwelling Unit Weight r2dut5wt r2due5wt 
Wave 2 Focal Child Weight r2cht5wt r2che5wt 
Wave 3 Dwelling Unit Weight r3dut5wt r3due5wt 
Wave 3 Focal Child Weight r3cht5wt r3che5wt 
Wave 1 EDS Childcare  - 15p/c Trimmed tccedsw nccwt 
Wave 1 EDS Dad - 15p/c Trimmed tdadedsw ndadwt 
Wave 1 EDS Dad-Childcare Combo - 15 p/c Trimmed tdccedsw ndccwt 
Wave 1 EDS Mom - 15p/c Trimmed tmomedsw nmomwt 
Wave 1 EDS Mom-Childcare Combo - 15 p/c Trimmed tmccedsw nmccwt 
Wave 1 EDS Mom-Dad Combo - 15p/c Trimmed tmdedsw nmdwt 
Wave 1 EDS Mom-Dad-Childcare Combo - 15p/c Trimmed talledsw nallwt 
Wave 2 CC EDS Weight – Trimmed 15 percent tcedswt ncedswt 
Wave 2 Mom and CC Combo EDS Weight – Trimmed 15 percent tmcedswt nmcedswt 
Wave 2 Mom EDS Weight – Trimmed 15 percent tmedswt nmedswt 
Wave 1 CC and Wave 2 CC -Trimmed (15p/c) Longitudinal EDS Weight tc1c2wt nc1c2wt 
Wave 1 CC and Wave 2 Mom/CC Combo-Trimmed (15p/c) Longitudinal EDS Weight tc1a2wt nc1a2wt 
Wave 1 CC and Wave 2 Mom-Trimmed (15p/c) Longitudinal EDS Weight tc1m2wt nc1m2wt 
Wave 1 Dad and Wave 2 CC-Trimmed (15p/c) Longitudinal EDS Weight tf1c2wt nf1c2wt 
Wave 1 Dad and Wave 2 Mom/CC Combo-Trimmed (15p/c) Longitudinal EDS Weight tf1a2wt nf1a2wt 
Wave 1 Dad and Wave 2 Mom-Trimmed (15p/c) Longitudinal EDS Weight tf1m2wt nf1m2wt 
Wave 1 Dad/CC Combo and Wave 2  CC-Trimmed (15p/c) norm’d Longitudinal EDS Weight tfc1c2wt nfc1c2wt 
Wave 1 Dad/CC Combo and Wave 2 Mom/CC Combo-Trimmed (15p/c) tfc1a2wt nfc1a2wt 
Wave 1 Dad/CC Combo and Wave 2 Mom-Trimmed (15p/c) Longitudinal EDS Weight tfc1m2wt nfc1m2wt 
Wave 1 Mom and Wave 2 CC-Trimmed (15p/c) Longitudinal EDS Weight tm1c2wt nm1c2wt 
Wave 1 Mom and Wave 2 Mom -Trimmed (15p/c) Longitudinal EDS Weight tm1m2wt nm1m2wt 
Wave 1 Mom and Wave 2 Mom/CC Combo-Trimmed (15p/c) Longitudinal EDS Weight tm1a2wt nm1a2wt 
Wave 1 Mom/CC Combo and Wave 2 CC-Trimmed (15p/c) Longitudinal EDS Weight tmc1c2wt nmc1c2wt 
Wave 1 Mom/CC Combo and Wave 2 Mom/CC Combo-Trimmed (15p/c) tmc1a2wt nmc1a2wt 
Wave 1 Mom/CC Combo and Wave 2 Mom-Trimmed (15p/c) Longitudinal EDS Weight tmc1m2wt nmc1m2wt 
Wave 1 Mom/Dad Combo and Wave 2 CC-Trimmed (15p/c) Longitudinal EDS Weight tmf1c2wt nmf1c2wt 
Wave 1 Mom/Dad Combo and Wave 2 Mom/CC Combo-Trimmed (15p/c) tmf1a2wt nmf1a2wt 
Wave 1 Mom/Dad Combo and Wave 2 Mom-Trimmed (15p/c) Longitudinal EDS Weight tmf1m2wt nmf1m2wt 
Wave 1 Mom/Dad/CC Combo and Wave 2  CC-Trimmed (15p/c) Longitudinal EDS Weight ta1c2wt na1c2wt 
Wave 1 Mom/Dad/CC Combo and Wave 2 Mom/CC Combo-Trimmed (15p/c) ta1a2wt na1a2wt 
Wave 1 Mom/Dad/CC Combo and Wave 2 Mom-Trimmed (15p/c) Longitudinal EDS Weight ta1m2wt na1m2wt 
Wave 3 Equalized Longitudinal Dwelling Unit Weight r3ldt5wt r3lde5wt 
Wave 3 Equalized Longitudinal Focal Child Weight r3lct5wt r3lce5wt 
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Stata Syntax for Weighting the 3-City Study 
 
Of all the general-purpose software commonly used in the social sciences, Stata offers the 
most sophisticated suite of commands for analyzing survey data.  There are actually two 
ways of dealing with complex sample designs in Stata.  First, most commands allow the 
user to specify probability weights by adding a [pweight=weight] term, where weight is 
the sampling weight. In addition, most commands can make the appropriate standard 
error adjustments to account for cluster sampling by also specifying the cluster() option.  
For example, a simple regression of y on x from a dataset that includes the variable 
weight for sampling weights and school to specify that the survey clustered on schools 
could be specified as follows: 
 
. reg x y [pweight=wei ght], cluster(school)  
 
This approach to incorporating information about the sampling design, however, does not 
take into account stratification if it is also present.  Thus, standard errors may still be 
incorrect (usually too wide) unless additional adjustments are made.  Stata also has 
available a special suite of survey commands to handle more complicated sampling 
designs.  In order to take advantage of these commands, the user must first tell Stata that 
the data in memory are survey data.  This is done by “survey setting” the data using the 
.svyset command.  The syntax for .svyset is the following: 
 
.svyset  psuvar [pweight= weightvar], strata( stratvar) fpc( fpcvar)  
 
where psuvar is an optional variable defining the primary sampling unit or cluster, 
weightvar is the variable containing sampling weights, and stratvar is a variable 
indicating a respondent’s stratum.  The last option is to specify a finite population 
correction, which is a correction to the variance that accounts for situations in which 
units were sampled from a population without replacement.  The fpc variable will either 
contain the number of units per stratum in the population or else the ratio of the number 
sampled per stratum to the population size per stratum.  The fpc becomes more important 
as this ratio approaches one.  Consult the Stata Survey Data manual for additional options 
and examples that specify multiple clusters or strata (StataCorp, 2008). 
 
After survey setting the data it is possible to run many familiar Stata commands by 
simply applying the .svy  prefix.  Thus, the following are equivalent: 
 
. regress x y [pweight=weight], cluster(school)  
 
and  
 
. svyset school [pweight=weight]  
 
. svy: regress x y  
 
Including .svy   makes it unnecessary to re-specify pweights or a cluster variable each 
time a new command is run.   
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The 3-City survey was based on a complex multistage stratified cluster sample, which 
normally necessitates making adjustments to variance estimates.  However, as noted in 
Section 2, the co-PIs for the 3-City study suggest that the differences in the size of the 
standard errors will typically be negligible and, consequently, specifying cluster and 
strata variables will usually be unnecessary.  The analyst must still, however, specify the 
appropriate weight variable.  The following example illustrates how to do this in Stata. 
 
The Embedded Developmental Study (EDS) from the first wave of the 3-City survey 
includes indicators of how both the focal child’s caregiver and biological father perceive 
the contributions of the father (see Coley & Morris, 2002 for a full discussion of the 
relationship between caregiver and father reports).  One variable in the survey records 
how much financial help caregivers feel they are now getting from fathers: none, a little, 
some, or a lot.  A second variable records how much financial help fathers feel they are 
giving caregivers: none a little, some, or a lot. To what extent does a father’s expressed 
financial support predict what caregivers say about the support they are receiving? 
 
The following commands compare the mean response of caregivers to the mean response 
of fathers.  Without weighting, the estimates are the following: 
 

                                                              
     f f i nhl p     3. 469388   . 0591312      3. 352915     3. 58586
     mf i nhl p     3. 126531   . 0714377      2. 985817    3. 267244
                                                              
                     Mean   St d.  Er r .      [ 95% Conf .  I nt erval ]
                                                              

Mean es t i mat i on                     Number  of  obs     =     245

.  mean mf i nhl p f f i nhl p

 
 
The average caregiver ranks support from the child’s father at about 3.127 on the four-
point scale, with a corresponding standard error of .071.  Fathers on average rank 
themselves a little higher, at 3.469 on the four-point scale with a corresponding standard 
error of .059. 
 
These estimates, however, do not incorporate sampling weights.  The focus is on 
variables recorded in the Wave 1 EDS for fathers and caregivers.  Consulting the table of 
weights, the correct weight variable to use is nmdwt. 
 
One way of incorporating weights is to first survey set the data and then use the .svy 
means command: 
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     f f i nhl p     3. 481294   . 0855666      3. 312751    3. 649837
     mf i nhl p     3. 253988   . 0873115      3. 082008    3. 425969
                                                              
                     Mean   St d.  Er r .      [ 95% Conf .  I nt erval ]
                           Li near i zed
                                                              

                                    Des i gn df         =     244
Number  of  PSUs    =     245          Popul at i on s i ze  =  246. 98
Number  of  s t r at a =       1          Number  of  obs     =     245

Sur vey:  Mean es t i mat i on

(r unni ng mean on es t i mat i on s ampl e)
.  s vy:  mean mf i nhl p f f i nhl p

        FPC 1:  <zer o>
         SU 1:  <obser vat i ons>
     St r at a 1:  <one>
  Si ngl e uni t :  mi s s i ng
          VCE:  l i near i zed
      pwei ght :  nmdwt

.  s vyset  [ pwei ght =nmdwt ]

 
 
The estimates are changed slightly by the application of weights.  The mean score for 
caregivers has bumped up to 3.254, and the standard error has also increased to .087.  
Something similar happens to fathers, whose average response has increased to 3.481, 
and the standard error has grown slightly to .086.  Note that the same results can be 
obtained by excluding the .svy prefix and specifying a pweight for the .mean  command:  
 

                                                              
     f f i nhl p     3. 481294   . 0855666      3. 312751    3. 649837
     mf i nhl p     3. 253988   . 0873115      3. 082008    3. 425969
                                                              
                     Mean   St d.  Er r .      [ 95% Conf .  I nt erval ]
                                                              

Mean es t i mat i on                     Number  of  obs     =     245

.  mean mf i nhl p f f i nhl p [ pwei ght =nmdwt ]

 
 
 
It is possible to examine whether what fathers say about their financial support matches 
what caregivers say after controlling for other variables.  The following is the result of an 
unweighted regression of caregivers’ perceptions of financial support on fathers’ 
expressions of support controlling for the caregiver’s education level, her employment 
status (employed or unemployed), her race (black or non-black), the father’s education 
level, and the father’s race. 
 
 

                                                                              
       _cons      . 4681883   . 4584746     1. 02   0. 310    - . 4418766    1. 378253
      f bl ack     - . 5169887   . 3066108    - 1. 69   0. 095    -1. 125606    . 0916289
      mbl ack     . 1542502   . 3001506     0. 51   0. 608    - . 4415441    . 7500445
       f educ      . 034555   . 0474357     0. 73   0. 468    - . 0596041    . 1287142
     mempl oy     . 1595731   . 1944531     0. 82   0. 414    - . 2264134    . 5455595
       meduc     . 0030921   . 0467094     0. 07   0. 947    - . 0896253    . 0958095
     f f i nhl p     . 7231984   . 1016271     7. 12   0. 000     . 5214701    . 9249267
                                                                              
     mf i nhl p        Coef .    St d.  Er r .       t     P>| t |      [ 95% Conf .  I nt er val ]
                                                                              

       Tot al            142   102  1. 39215686           Root  MSE      =  . 95838
                                                       Adj  R- squar ed =  0. 3402
    Res i dual     88. 1748234    96  . 918487743           R- squar ed     =  0. 3791
       Model     53. 8251766     6  8. 97086277           Pr ob > F      =  0. 0000
                                                       F(   6,     96)  =    9. 77
      Sour ce         SS       df        MS              Number  of  obs  =     103

.  r egr es s  mf i nhl p f f i nhl p meduc mempl oy f educ mbl ack f bl ack
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Fathers’ statements of support are the only predictor that is significant at the .05 level in 
the unweighted regression.  Each one unit increase on the father’s stated support scale is 
matched by a .723 increase on the caregiver’s scale, with the standard error around this 
estimate being .102.  Father’s race is significant at the .10 level.  The expected score on 
the caregiver’s scale descreases by .517 when the father is black.   
 
Weighting the analysis leads to slightly different results.  Note that, because the data has 
already been survey set, it is not necessary to respecify the .svyset  command.  The 
results of the regression incorporating the weights are the following: 
 

                                                                              
       _c ons      . 1878653   . 4786857     0 . 39   0 . 696    - . 7616056    1 . 137336
      f b l ac k     - . 4396462   . 2400352    - 1 . 83   0 . 070    - . 9157548    . 0364624
      mbl ac k      . 0616522   . 2478224     0 . 25   0 . 804    - . 4299024    . 5532069
       f educ     - . 0038635   . 0515187    - 0 . 07   0 . 940    - . 1060506    . 0983237
     mempl oy      . 4134035   . 2255377     1 . 83   0 . 070    - . 0339495    . 8607564
       meduc      . 0679482   . 0578326     1 . 17   0 . 243    - . 0467625    . 1826589
     f f i nh l p       . 730106   . 0779717     9 . 36   0 . 000     . 5754494    . 8847625
                                                                              
     mf i nh l p         Coef .    St d.  Er r .       t     P>| t |      [ 95% Conf .  I n t er v a l ]
                           L i near i z ed
                                                                              

                                                R- s quar ed          =    0 . 4712
                                                Pr ob > F           =    0 . 0000
                                                F(    6 ,      97)     =     25. 00
                                                Des i gn df           =       102
Number  of  PSUs      =       103                  Popul at i on s i z e    =    100. 06
Number  of  s t r a t a    =         1                   Number  of  obs       =       103

Sur v ey :  L i near  r egr es s i on

( r unni ng r egr es s  on es t i mat i on s ampl e)
.  s v y :  r egr es s  mf i nh l p  f f i nh l p  meduc  mempl oy  f educ  mbl ac k  f b l ac k

 
 
The effect of the father’s perceived support remains significant at the .05 level, and the 
variable’s substantive impact (.730) is similar to – though not the same as – what was 
observed in the unweighted regression.  In addition, the father’s race remains significant 
at the .10 level, though the size of the effect has been reduced from -.517 to -.440.  The 
effect of the caregiver’s employment status increases markedly and becomes significant 
at the .10 level.  Caregivers who are employed are expected to score .413 higher in her 
perception of the father’s financial support than caregivers who are unemployed. 
 
Note again that these results can also be obtained using pweights with the usual Stata 
regression command.  The point estimates will be identical, although the standard errors 
will differ to a small extent because Stata programmers have decided to use slightly 
different variance formulas for the svy: regress and regress  commands (see 
StataCorp 2008: 76).  There will not be differences in the standard error estimates from 
the survey and non-survey with pweights versions of most other commands such as 
.logit  or .probit .    
 
The results of the standard .regress  command plus with pweights are the following: 
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       _cons      . 1878653    . 493418     0. 38   0. 704    - . 7915617    1. 167292
      f bl ack     - . 4396462   . 2474226    - 1. 78   0. 079    - . 9307762    . 0514838
      mbl ack     . 0616522   . 2554495     0. 24   0. 810    - . 4454111    . 5687155
       f educ    - . 0038635   . 0531043    - 0. 07   0. 942    - . 1092746    . 1015477
     mempl oy     . 4134035   . 2324789     1. 78   0. 079    - . 0480636    . 8748705
       meduc     . 0679482   . 0596125     1. 14   0. 257    - . 0503816    . 1862781
     f f i nhl p      . 730106   . 0803714     9. 08   0. 000       . 57057    . 8896419
                                                                              
     mf i nhl p        Coef .    St d.  Er r .       t     P>| t |      [ 95% Conf .  I nt er val ]
                             Robus t
                                                                              

                                                       Root  MSE      =  . 86478
                                                       R- squar ed     =  0. 4712
                                                       Pr ob > F      =  0. 0000
                                                       F(   6,     96)  =   24. 74
Li near  r egr es s i on                                      Number  of  obs  =     103

(sum of  wgt  i s    1. 0006e+02)
.  r egr es s  mf i nhl p f f i nhl p meduc mempl oy f educ mbl ack f bl ack  [ pwei ght =nmdwt ]

 
 
 
SAS Syntax for Weighting the 3-City Study 
 
SAS has far fewer capabilities for handling complex sampling designs than Stata. Most 
commands do allow the user to specify weights with the inclusion of a WEIGHT 
statement.  However, although the weights will produce unbiased estimates, SAS will 
usually make wrong assumptions about what the weights mean and consequently 
estimate incorrect standard errors.   
 
Fortunately there are two procedures that have been developed specifically to estimate 
descriptive statistics and linear regression models on data from complex samples: PROC 
SURVEYMEANS and PROC SURVEYREG.  The syntax for both commands are similar to 
the syntax for their non-survey equivalents except for the availability of optional 
statements to define cluster and stratification variables.  Compare: 
 
PROC MEANS data=lib.data      PROC SURVEYMEANS data= lib.data N=n; 
MEAN STDERR LCLM UCLM;       VAR var1 var2;  
VAR var1 var2;    WEIGHT weight;       
WEIGHT weight;    STRATA strata / <options>;       
RUN;     CLUSTER cluster;            
     RUN; 
 
PROC REG data= lib.data;   PROC SURVEYREG data= lib.data N= n;  
MODEL var1 = var2;   MODEL var1 = var2;  
WEIGHT weight;    WEIGHT weight;  
RUN;     STRATA strata / <options>;  
     CLUSTER cluster;  
                                                                        
RUN; 
 
The data option specifies the library and SAS data file, var1 and var2 are two variables of 
interest, weight is a variable containing sampling weights, strata is a variable indicating a 
respondent’s stratum, and cluster is a variable indicating a respondent’s cluster.  It is 
necessary to specify the STDERR keyword in the PROC MEANS statement in order to 
obtain the standard error of the estimate; otherwise SAS only reports the standard 
deviation of the sample, which is not the same thing. The LCLM and UCLM keywords to 
the MEANS procedure request the upper and lower 95% confidence intervals be reported. 
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The survey commands also allow the user to optionally include an N= statement to  
specify a data file containing information on the population sizes of each stratum. This 
last option is appropriate when the analyst wishes to incorporate a finite population 
correction (fpc), which is a correction to the variance that accounts for sampling designs 
in which units were selected from a population without replacement.  The fpc will 
become more consequential as the ratio of units sampled per stratum to the population 
size of the stratum approaches one. 
 
If WEIGHT is specified, the MEANS and REG procedures will produce accurate estimates 
that are equal to those that the two survey procedures produce.  However, they use 
different formulas for arriving at standard error estimates.  The non-survey commands 
estimate standard errors according to the formula 

!
=

iw
s , where s is the sample 

standard deviation and ! iw  is the sum of the weights.  The survey versions use a more 
complicated formula (see the SAS documentation for details).  Note that these differences 
are absent in Stata.  Specifying pweights  in Stata, whether in a standard command or 
through survey setting the data, automatically invokes the more complicated standard 
error estimator.   
 
The 3-City survey was based on a complex multistage stratified cluster sample, which 
normally necessitates making appropriate variance adjustments to account for the 
presence of clustering and stratification.  However, as noted in Section 2, the co-PIs for 
the 3-City study suggest that the differences in the size of the standard errors will 
typically be negligible and, consequently, specifying cluster and strata variables will 
usually be unnecessary.  The analyst must still, however, specify the appropriate weight 
variable. The following example illustrates how to do this in SAS. 
 
The Embedded Developmental Study (EDS) from the first wave of the 3-City survey 
includes indicators of how both a focal child’s caregiver and biological father perceive 
the contributions of the father (see Coley and Morris, 2002 for a full discussion of the 
relationship between caregiver and father reports).  One variable records how much 
financial help caregivers feel they are now getting from fathers: none, a little, some, or a 
lot.  A second variable records how much financial help fathers feel they are giving 
caregivers: none, a little, some, or a lot. To what extent does a father’s expressed 
financial support predict what caregivers say about the support they are receiving? 
 
The following syntax compares the mean response of caregivers to the mean response of 
fathers: 
 
PROC MEANS MEAN STDERR LCLM UCLM;  
VAR mfinhlp ffinhp;  
RUN; 
 

This produces the following results (to keep the results consistent with what Stata reports, 
PROC MEANS is run only on the cases that include observations for both fathers and 
caregivers): 
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The MEANS Procedure 
 

Variable  Label  Mean Std Error  Lower 
95% 

CL for 
Mean 

Upper 95%  
CL for 
Mean 

MFINHLP 
 
 

FFINHLP 

Now does HFF's financial support 
help you  

 
Now does your financial -material 

support for FC help FC's mom  

3.1265306 
 
 
3.4693878 

0.0714377 
 
 
0.0591312 

2.9858174 
 
 
3.3529151 

3.2672438 
 
 
3.5858604 

 
 
The average caregiver ranks support from the biological father at about 3.127 on the four-
point scale, with a corresponding standard error of .071.  Fathers on average rank 
themselves a little higher, at 3.469 on the four-point scale, with a corresponding standard 
error of .059. 
 
These estimates, however, do not incorporate sampling weights and therefore may be 
biased.  Because the focus is on variables recorded in the Wave 1 EDS for fathers and 
caregivers, the table of weights shows that the correct weight variable to use is nmdwt. 
 
One way of incorporating weights is to add a WEIGHT statement to the SAS syntax: 
 
PROC MEANS MEAN STDERR LCLM UCLM;  
VAR mfinhlp ffinhlp;  
WEIGHT nmdwt;  
RUN;  
 
 
The MEANS Procedure 
Variable  Label  Mean Std Error  Lower 

95% 
CL for 
Mean 

Upper 95%  
CL for 
Mean 

MFINHLP 
 
 

FFINHLP 

Now does HFF's financial support 
help you  

 
Now does your financial -material 

support for FC help FC's mom  

3.2539882 
 
 
3.4812940 

0.0680659 
 
 
0.0612632 

3.1199164 
 
 
3.3606218 

3.3880600 
 
 
3.6019663 

 
 
The estimates are changed slightly by the application of weights.  The mean score for 
caregivers has bumped up to 3.254, while the standard error has decreased to .068.  The 
average response from fathers has increased to 3.481, and the standard error has 
diminished to .061.  However, because SAS is making wrong assumptions about what the 
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weights mean, these standard error estimates are incorrect.  Instead, one should 
incorporate sampling weights by running PROC SURVEYMEANS as follows: 
 
PROC SURVEYMEANS clm mean;  
VAR mfinhlp ffinhlp;  
weight nmdwt;  
RUN;  
 
The SURVEYMEANS Procedure 
 

Data Summary  

Number of Observations  245 

Sum of Weights  246.979999 

 

Statistics  

Variable  Label  Mean Std Error of 
Mean 

95% CL for Mean  

MFINHLP Now does HFF's financial support 
help you 

3.253988 0.087312 3.08200767 3.42596869 

FFINHLP Now does your financial-material 
support for FC help FC's mom 

3.481294 0.085567 3.31275057 3.64983750 

 
Note that the estimates of the mean are the same as what PROC MEANS with the 
WEIGHT option produced, but the standard errors are different.  For caregivers, the 
standard error has increased from .068 in the MEANS procedure with a WEIGHT option 
to .087 for the SURVEYMEANS procedure.  The increase is from .061 to .086 for 
fathers.   
 
It is possible to examine whether what fathers say about their financial support predicts 
what caregivers say after controlling for other variables.  The following is the result of an 
unweighted regression of caregivers’ perceptions of financial support on fathers’ 
expressions of support controlling for the caregiver’s education level, her employment 
status (employed or unemployed), her race (black or non-black), the father’s education 
level, and the father’s race. 
 
PROC REG; 
model mfinhlp = ffinhlp meduc memploy feduc mblack fblack; 
RUN; 
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The REG Procedure 
Model: MODEL1 
Dependent Variable: MFINHLP Now does HFF's financial support help you 
 
 
 
 

Number of Observations Read  245 

Number of Observations Used  103 

Number of Observations with Missing Values  142 

 
 

Analysis of Variance  

Source  DF Sum of  
Squares  

Mean 
Square  

F Value  Pr > F 

Model  6 53.82518 8.97086 9.77 <.0001 

Error  96 88.17482 0.91849     

Corrected Total  102 142.00000       

 

Root MSE  0.95838 R-Square  0.3791 

Dependent Mean  3.00000 Adj R -Sq 0.3402 

Coeff Var  31.94592     

 

Parameter Estimates  

Variable  Label  DF Parameter  
Estimate  

Standard  
Error  

t Value  Pr > |t|  

Intercept  Intercept 1 0.46819 0.45847 1.02 0.3097 

FFINHLP Now does your financial-material 
support for FC help FC's mom 

1 0.72320 0.10163 7.12 <.0001 

MEDUC Hghst degree & grade var combined-
recode 

1 0.00309 0.04671 0.07 0.9474 

MEMPLOY Prim job usual ft status 1 0.15957 0.19445 0.82 0.4139 

FEDUC Father's level of education 1 0.03456 0.04744 0.73 0.4681 

MBLACK  Mother is Black 1 0.15425 0.30015 0.51 0.6085 
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Parameter Estimates  

Variable  Label  DF Parameter  
Estimate  

Standard  
Error  

t Value  Pr > |t|  

FBLACK  Father is Black 1 -0.51699 0.30661 -1.69 0.0950 

 
 
Fathers’ statements of support are the only predictor that is significant at the .05 level in 
the unweighted regression.  Each one unit increase on the father’s stated support scale is 
matched by a .723 increase on the caregiver’s scale, with the standard error around this 
estimate being .102.  Father’s race is significant at the .10 level, with the expected score 
on the dependent variable dropping by .517 when the father is black.   
 
Weighting the analysis leads to slightly different results.  Adding a weight option to the 
REG procedure produces the following SAS output: 
 
PROC REG;  
model mfinhlp = ffinhlp meduc memploy feduc mblack fblack;  
weight nmdwt;  
RUN;  
 
 
The REG Procedure 
Model: MODEL1 
Dependent Variable: MFINHLP Now does HFF's financial support help you 
 
 
 

Number of Observations Read  245 

Number of Observations Used  103 

Number of Observations with Missing Values  142 

 

 

Weight: NMDWT Normalized weight - EDS mom-dad combo - wave 1- 15p/c trimmed 
 
 

Analysis of Variance  

Source  DF Sum of  
Squares  

Mean 
Square  

F Value  Pr > F 

Model  6 62.14023 10.35671 14.26 <.0001 

Error  96 69.74424 0.72650     
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Analysis of Variance  

Source  DF Sum of  
Squares  

Mean 
Square  

F Value  Pr > F 

Corrected Total  102 131.88447       

 
 

Root MSE  0.85235 R-Square  0.4712 

Dependent Mea n 3.06366 Adj R -Sq 0.4381 

Coeff Var  27.82132     

 
 
 
 

Parameter Estimates  

Variable  Label  DF Parameter  
Estimate  

Standard  
Error  

t Value  Pr > |t|  

Intercept  Intercept 1 0.18787 0.43140 0.44 0.6642 

FFINHLP Now does your financial-material 
support for FC help FC's mom 

1 0.73011 0.09194 7.94 <.0001 

MEDUC Hghst degree & grade var combined-
recode 

1 0.06795 0.04619 1.47 0.1446 

MEMPLOY Prim job usual ft status 1 0.41340 0.17574 2.35 0.0207 

FEDUC Father's level of education 1 -0.00386 0.04877 -0.08 0.9370 

MBLAC K Mother is Black 1 0.06165 0.29680 0.21 0.8359 

FBLACK  Father is Black 1 -0.43965 0.29775 -1.48 0.1431 

 
 
The effect of the father’s perceived support remains significant at the .05 level, and the 
variable’s substantive impact is similar to – though not the same as – what was observed 
in the unweighted regression.  In addition, caregiver’s employment status also becomes 
significant at the .05 level.  When a caregiver is employed the expected score on the 
dependent variable increases by .413, with the standard error of the estimate being .175.  
The size of the coefficient corresponding to father’s race has diminished in magnitude to 
-.440 and is no longer significant even at the .10 level.   
 
The inferences change slightly again when one uses the SURVEYREG procedure, which 
relies on a different variance estimator for producing standard errors.  The results are the 
following: 
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PROC SURVEYREG;  
model mfinhlp = ffinhlp meduc memploy feduc mblack fblack;  
weight nmdwt;  
RUN;  
 
 
Regression Analysis for Dependent Variable MFINHLP 
 

Data Summary  

Number of Observations  103 

Sum of Weights  100.06000 

Weighted Mean of MFINHLP  3.06366 

Weighted Sum of MFINHLP  306.55000 

 

Fit Statistics  

R-square  0.4712 

Root MSE  0.8648 

Denominator DF  102 

 

Tests of Model Effects  

Effect  Num DF F Value  Pr > F 

Model  6 24.74 <.0001 

Intercept  1 0.14 0.7042 

FFINHLP 1 82.52 <.0001 

MEDUC 1 1.30 0.2570 

MEMPLOY 1 3.16 0.0783 

FEDUC 1 0.01 0.9421 

MBLACK  1 0.06 0.8098 

FBLACK  1 3.16 0.0786 

 
Note: The denominator degrees of freedom for the F tests is 102. 

 

Estimated Regression Coefficients  
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Parameter  Estimate  Standard Error  t Value  Pr > |t|  

Intercept  0.1878653 0.49341797 0.38 0.7042 

FFINHLP 0.7301060 0.08037141 9.08 <.0001 

MEDUC 0.0679482 0.05961249 1.14 0.2570 

MEMPLOY 0.4134035 0.23247894 1.78 0.0783 

FEDUC -0.0038635 0.05310428 -0.07 0.9421 

MBLACK  0.0616522 0.25544953 0.24 0.8098 

FBLACK  -0.4396462 0.24742260 -1.78 0.0786 

 
Note: The denominator degrees of freedom for the t tests is 102. 

 
The coefficient estimates are identical to those obtained using the REG procedure with 
the WEIGHT option, but the standard errors have changed.  Caregiver’s education 
remains significant, but only at the .10 level.  Also, father’s race has returned to 
significance at the .10 level.  This example illustrates that the choice of variance 
estimator can have consequences for the inferences that analysts make even when one is 
not taking into account a complex sampling design.   
 
When possible, users should report the estimates and standard errors from the survey 
commands.  If no survey version of a command is available one faces a decision between 
reporting a possibly incorrect estimate with a correct standard error or a correct estimate 
with a possibly incorrect standard error.  The best approach in this situation would be to 
estimate both weighted and unweighted models to determine the extent to which the 
weights affect the point estimates.  If the magnitudes of the coefficients are very close, 
then one should report the unweighted results with the correct standard errors.  If not, 
then the analyst must be careful in deciding which results to report and how to report 
them.  Ideally, the analyst would at this point switch to software that can estimate a larger 
class of models from complex data. 
 
Using Weights in SPSS 
 
Unless one has access to the Complex Samples add-on module, SPSS has limited 
capabilities for analyzing data from complex survey designs.  It is possible to specify a 
weight variable by going to the Data menu, choosing Weight Cases, and specifying a 
weight variable as follows: 
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However, SPSS assumes that the weights reflect frequencies rather than sampling 
probabilities and thus – just like SAS – estimates incorrect standard errors.  Compare the 
following descriptive statistics with those produced by SAS’s PROC MEANS and PROC 
MEANS with the WEIGHT option (see previous section): 
 
DESCRIPTIVES 
  VARIABLES=MFINHLP FFINHLP 
  /STATISTICS=MEAN STDDEV SEMEAN . 
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Descriptives  
 
 Descriptive Statistics  
 

N Mean 
Std. 

Deviation 
  Statistic Statistic Std. Error Statistic 
Now does HFF's financial 
support help you 245 3.1265 .07144 1.11818 

Now does your financial-
material support for FC 
help FC's mom 

245 3.4694 .05913 .92555 

Valid N (listwise) 245       
 
 

The unweighted mean of the caregiver support variable is 3.127 with a standard error of 
.071.  The mean of the father support variable is 3.469 with a standard error of .059.  
Specifying a weight variable leads to the following results: 
 
WEIGHT 
  BY NMDWT . 
DESCRIPTIVES 
  VARIABLES=FFINHLP MFINHLP 
  /STATISTICS=MEAN STDDEV SEMEAN . 
 

Descriptives  
 
 Descriptive Statistics  
 

N Mean 
Std. 

Deviation 
  Statistic Statistic Std. Error Statistic 
Now does your financial-
material support for FC 
help FC's mom 

253 3.45 .062 .984 

Now does HFF's financial 
support help you 251 3.26 .067 1.065 

Valid N (listwise) 247       
 
 
Now the estimate for the caregiver’s mean is 3.45 with a standard error .062, while the 
estimate for the father’s mean is 3.26 with a standard error of .067.  The mean estimates 
match those produced by the survey commands in Stata and SAS, but the standard errors 
do not.  Thus users of SPSS must take into consideration the fact that the use of weights 
will eliminate bias in the estimates, but inferences made about the significance of effects 
may not always be accurate. 
 
A similar comparison is possible for regression models.  Compare the following 
unweighted and weighted results to those reported in the SAS section: 
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WEIGHT  OFF. 
REGRESSION 
  /STATISTICS COEFF R  
  /DEPENDENT MFINHLP 
  /METHOD=ENTER FFINHLP MEDUC FEDUC MBLACK MEMPLOY FBLACK  . 

 
 Model Summary  
 

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 .616(a) .379 .340 .95838 
a  Predictors: (Constant), Father is Black, Now does your financial-material support for FC help FC's mom, 
Prim job usual ft status, Hghst degree & grade var combined-recode, Father's level of education, Mother is 
Black 
 
 Coefficients(a)  
 

Unstandardized 
Coefficients 

Standardized 
Coefficients 

Model   B Std. Error Beta t Sig. 
(Constant) .468 .458   1.021 .310 
Now does your financial-
material support for FC 
help FC's mom 

.723 .102 .580 7.116 .000 

Hghst degree & grade var 
combined-recode .003 .047 .006 .066 .947 

Father's level of education .035 .047 .062 .728 .468 
Mother is Black .154 .300 .066 .514 .608 
Prim job usual ft status .160 .194 .066 .821 .414 

1 

Father is Black -.517 .307 -.218 -1.686 .095 
a  Dependent Variable: Now does HFF's financial support help you 
 
Fathers’ statements of support are the only predictor that is significant at the .05 level in 
the unweighted regression.  Each increase on the father’s stated support scale is matched 
by a .723 increase on the caregiver’s scale, with the standard error around this estimate 
being .102.  Father’s race is significant at the .10 level, with the expected score on the 
caregiver’s scale dropping by .517 when the father is black.   
 
Weighting leads to the following results: 
 
WEIGHT BY NMDWT . 
 
REGRESSION 
  /STATISTICS COEFF R 
  /DEPENDENT MFINHLP 
  /METHOD=ENTER FFINHLP MEDUC FEDUC MBLACK MEMPLOY FBLACK  . 

 
 Model Summary  
 

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 .686(a) .471 .437 .86571 
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a  Predictors: (Constant), Father is Black, Prim job usual ft status, Father's level of education, Now does 
your financial-material support for FC help FC's mom, Hghst degree & grade var combined-recode, Mother 
is Black 
 Coefficients(a)  
 

Unstandardized 
Coefficients 

Standardized 
Coefficients 

Model   B Std. Error Beta t Sig. 
(Constant) .188 .438   .429 .669 
Now does your financial-
material support for FC 
help FC's mom 

.730 .093 .606 7.818 .000 

Hghst degree & grade var 
combined-recode .068 .047 .120 1.448 .151 

Father's level of education -.004 .050 -.006 -.078 .938 
Mother is Black .062 .301 .027 .205 .838 
Prim job usual ft status .413 .178 .177 2.316 .023 

1 

Father is Black -.440 .302 -.190 -1.454 .149 
a  Dependent Variable: Now does HFF's financial support help you 
 
The effect of the father’s perceived support remains significant at the .05 level, and the 
variable’s substantive impact is similar to – though not the same as – what was observed 
in the unweighted regression.  In addition, caregiver’s employment status also becomes 
significant at the .05 level.  Employed caregivers are expected to score .413 points higher 
on the dependent variable, with the standard error of the estimate being .178.  The size of 
the coefficient corresponding to father’s race has diminished in magnitude to -.440 and is 
no longer significant even at the .10 level.   
 
To reiterate, there are no specialized survey commands for regression in the SPSS base 
package.  Thus SPSS users must remain sensitive to the fact that, although bias has been 
removed from the estimates, the standard errors may be misleading. The best approach 
for SPSS users is to estimate both weighted and unweighted models to determine the 
extent to which the weights affect the point estimates.  If the magnitudes of the 
coefficients are very close, then one should report the unweighted results with the correct 
standard errors.  If there is a difference, then one must make a tradeoff between accurate 
estimates or accurate hypothesis tests for possibly incorrect coefficients.  Ideally, the user 
would at this point switch to software that can estimate models from complex data. 
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