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1. INTRODUCTION
Recent years have seen the extension of discrete choice mOdelling to a number of new fields
such as residential location and housing choice, retail location, car ownership decisions,
occupational choice and attainment and the selection of routes for urban freeways. In these
new areas, specification of the representative component of utility has become an increasingly
important issue, and it has been realized that discrete choice models are beset by a wider
variety of specification problems than standard econometric models. It is the contention of
this paper that diagnostic procedures have an important role to play in the process of
specification and refinement of discrete choice models.
A wide range of diagnostic techniques now exist within the standard regression analysis
literature, and which are appropriate to an interactive computing environment (7). A more
recent development has involved the extension of diagnostic tests to the binary logit model
(5), (8). The main driving force behind the development of diagnostics is that standard
fitting procedures, such as maximum likelihood, may be unduly influenced by outlying data
points. When such methods are applied to data obtained from social surveys, rather than from
controlled design experiments, the probability of such extreme data points increases, and it
is important that the presence of these points is detected and their influence on the model
fit is evaluated.
In this paper, these methods are introduced and discussed in the context of an empirical
logit model of housing choice. Our example uses data taken from the 1976 English House
Condition Survey (EHCS: (I), (2». Specifically, we consider tenure choice within the rented
sector of the housing market for 151 households resident in the Manchester conurbation.
2. THE EMPIRICAL EXAMPLE: BACKGROUND AND INITIAL RESULTS
There is an emerging consensus that some E~lropean perspectives upon housing choice have
become too derivative of established United States models and continue to over-emphasize
budget constraints within a rent-bid framework at the expense of state housing policy
considerations. The net effect of the range of direct and indirect policy incentives in
Britain, for example, is to manipulate housing choices in a number of tenure-specific ways.
In particular, subsidized local government 'social housing' is allocated in accordance with
prespecified need criteria, whilst tax incentives to owner-occupied dwellings distort
housing consumption patterns within a general housing budget framework. The significance of
needs versus budget frameworks will vary between local governmenc areas, since local
governments have varying stocks of 'social' housing as well as varying commitments towards
finance of this sector using local and national taxes.
- In using statistical techniques such as logit models to compare needs versus budget frameworks
(eg. (4», it is important to be able to distinguish between results which reflect genuine
differences in behaviour patterns (eg. because of different local state attitudes to housing
policies) from results influenced by anomalies in the data to which the models are fitted.
Hence there is a need to use diagnostic procedures as an essential part of the model
building process.
For our empirical example we start by estimating a binary logit model of the form
(1)
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where Pi

1S the proh,lhility that the re'Jedleri ?reEer~nce G:-. :H)llsehold i will be tc:> rent
within the private sector rather than the 10t:a1 ,],,:ilOrity sectnr,

HOHAGE

1S

HHsrZE

is household size, and

HHY

is household income.

the age of head of household,

Similar specifications have been used previously within logit models of tenure choice
«3), (9», and Longley (4) gives a rationale for alternative needs and budget based
specifications similar to (1).
The standard maximum likelihood (ML) estimates of the logit model are:

=

0.464 HOHAGEi
2.353
(0.912)
(0.124)
. {2.58 } {-3.75 }
(standard errors in brackets)
{t-statistics in square brackets}
loge (Pi/(l-Pi)}

0.512 HHSIZEi
(0.175)
{-2.93 }

+

0.007 HHYi
(2)
(0.015)
pZ~0.126
(0.47 }

The significance of the HOHAGE and HHSIZE parameter estimates is very encouraging and lends
further support to our interpretation of the workings of the British rented housing market:
that is, large households and later stage-in-lifecycle households are less likely to rent
within the private sector. However, the HHY parameter estimate is not significant, despite
some evidence to the contrary from other British empirical studies which argue the continued
relevance of budget considerations in conjunction with public policy allocation criteria.
We now apply a series of diagnostic procedures to the data from which the model in (2) was
calibrated. In particular, one role for these procedures is to ascertain whether the
coefficient on income is unduly influenced by one or two unusual data points and whether it
is worthy of further study given our a priori beliefs.
3. RESIDUALS AND LEVERAGES

The two basic building blocks for regression diagnostics are residuals and leverages. These
measures aim to identify two types of unusual or 'bad' data (5); see Figures 1 and 2.
Residuals measure the distance between the observed and predicted values of the response
variable, and serve to identify outliers in the dependent variables.
Residuals for logit regression models can be defined on a number of scales, but two have
been found to be particularly useful. These are the components of chi-squared, Xi, and the
components of deviance di (See (5), (8) for further discussion and definitions). In the
example of tenure choice in the Manchester conurbation, the Xi and di measures identify
observations 48, 49 and 77 as outliers. For example, observation 48 is a private renter
who, given the parameter estimates in (2), has a predicted probability of renting in that
sector of only 0.033.
Further analysis of the pattern of Xi and di residuals is both possible and desirable - for
example, to detect .omitted independent variables. suitable transformations of the
independent variables in the model, or the need to segment the sample into subgroups. This
is not reported here, because of constraints of space.
The second building block for diagnostics are leverages, denoted hii' where large values
identify data points which are extreme in the design space and which are influential in
determining the form of the model. (For the binary logit model the leverage diagnostics
are discussed and defined in (5) and (8».
.
Visual interpretation ofa plot of the leverage values associated with the Manchester data
set reveals that observations 42 and 108 have very large leverage values. Both cases are
households with very high income and very small household size. Moreover, and rather
unexpectedly, one of these high income households is a local authority renter.
Use of leverage values in this way identifies observations which are unusual and may
highlight data points which are so extreme that it may be decided to exclude them from the
analysis - for example, if they are obviously miscoded. For the moment we see no need to
exclude either of these data points.

166

6~----------------------------~

5
4

3

Xi

.. ..

:

2
1

0
-I

.'

..
............
'.

..

20

'.

.. .'

..

..."'.

..

. :. ."..-......-.... :...
. -:-....... .: .....
...':' .-::. ...............
~

\

40

60

80

100

120

140

160

CO

Index

Figure 1: Components of Chi-Squared (X·)
for the Manchester data
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Figure 2: Leverage values (h .. ) for the Manchester data
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further:: diagnostic procedures explicitly consider the eEEec: of
turn from the model.
The most important of these assess the influence
of individual observations on the parameter
estimates in the model: they are denoted
DBETAik. where the subscript i indicates that
observation i has been deleted, k indicates that
we are concerned with the effect on the k'th
parameter estimate. (For computational details,
see (5) and (8))
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In Figure 1 the DBETAik plots are shown for
HOHAGE (131: Figure 3 (a)), HHSIZE (S2: Figure
3(b)) and HHY(S3: Figure 3(c)). The plot
~l shows considerable stability, since no
single, observation changes the parameter
estimates by more than about 0.3 of a standard
error. However, in the case of 82 excluding
observation 48 decreases S2 by about 0.9 of
a standard error. Re-estimating the binary
logit model without observation 48 yields:
2.827

.!:! 0,2

~

(0.971)

(0.130)

{-3.88 }
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0.503 HOHAGEi

{2.91 }
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Plots of DBETAik for each explanatory variable
k, against the index number i, allow
identification of the data points which cause
coefficient sensitivity and the coefficients
which these data points affect. Since the
DBETAik are standardised, the plots also
show approximately how great an effect the
deletion of anyone data point woul~ have
upon the coefficient in question.

loge {Pi/(l-Pi)}=

(!et"'tin~

0.694 HHSIZEi + O.~l HHYi
(0.200)
(0.016)
{-3.47 }
{0.676}
p2 = 0.157
(3)
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The rho-squared goodness of fit statistic
improves from 0.126 to 0.157 and the over
-~8·~0--~--4~0---r--~~---r--~J2-0--r-~JCO '
all prediction success index increases marginally
Indel( (j)
from 67.04% to 68.23%. The effect of dropping
observation 48 is therefore to increase the
magnitude of the S2 parameter and to promote
marginal increases in the efficiency and
Figure 3 DBETAik plots for HOHAGE, HHSIZE
and HHY
predictive success of the model.

The DBETAik plot for B3 again shows general stability, with the exception that observation
42 increases S3 by a fairly large amount (0.6 of a standard error). Observation 42 was
identified as a high leverage point in the discussion above. Dropping this observation
(but replacing observation 48) we find that:
loge {Pi/(l-Pi(l.Pi)} = 2.183 - 0.447 HOHAGEi
(0.124)
(0.919)
{2.37 } {-3.60 }

-

0.554 HHSIZEi
(0.185)
{-3.00 }

+

0.017 HHYi
(4)
(0.018)
{0.92 } p2 = 0.130

The effect of dropping just observation 42 is therefore to increase the magnitude of the
S3 parameter, although the increase relative to the standard error is insufficient to
warrant reevaluation of the statistical significance of the household income variable.
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The <:or.;bined eEEect of droppin:;s obser'Jations 42 Clnd
lO~e

2,())4

(1).975)
(2.70 j

0,,,,]5 HOHAGEi
(0.130)

[-J.73 }

",,'3

;Ji,,:L'13:

0.75) HHSi
(0.21)
{-J.S4 }

+

0.021 HHYi
(0.020)
(l.17 ) 0 2 = 0.164

(S)

5. CONCLlJDING COMMENTS
We make two concluding points on the basis of the DBETAik diagnostics. First, the
sensitivity of the individual coefficients when individual observations are deleted highlights
the instability inherent in maximum likelihood estimation procedures when used on data which
include 'extreme' observations. This suggests that 'robust' or 'resi~tant' fitting procedures
for logit models may be important «8), (6».
Second, assessment of the DBETAik plots can reinforce or change our confidence in the
significance of particular variables in the model. In the empirical example considered
here, our confidence in the significance of the HOHAGE and HHSIZE variables is not changed
by the deletion of observations, although it does reveal (in the case of 62) the sensitivity
of the ML estimators to a single observation. Similarly, the magnitudes of the 83 parameter
and its t statistic move in line with our a priori expectations, but it does not become
statistically significant.
Over-all, the use of the logit model diagnostics on the Manchester data suggest that the
results of the original binary logit model (Equation (2» are reasonably robust. In view
of this, we now have the confidence to question the validity of the original utility
specification. For example, income may not be an important determinant of tenure choice
given the wide availability of local authority housing in the Manchester conurbation. The
implication is that the utility function should berespecified and the model should possibly
be couched within a different decisioh context (4).
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