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Abstract

This paper discusses the design and use of linear, general-
ized linear, and generalized linear mixed models for eval-
uation and comparison of human face recognition algo-
rithms. These models are introduced in a cohesive frame-
work, and their benefits (compared to simple one-way de-
scriptive comparisons) are reviewed. Several example anal-
yses involving algorithm configuration and subject covari-
ates illustrate the importance of using models that allow one
to control for confounding variables, to estimate all impor-
tant effects including interactions, and to isolate extraneous
sources of variation.

1. Introduction
Algorithm comparisons offer opportunities for high-quality
experimental science that are too frequently ignored. The
human face recognition problem in particular has a rich his-
tory [26, 3], has motivated many algorithms [3, 20], and
has lead to substantial evaluation efforts [20, 24, 1, 25, 5].
Nonetheless, two principal questions still facing the field
are:

1. How should we compare algorithms to draw defensi-
ble, accurate, and detailed conclusions about perfor-
mance, and for what conditions and sets of parameters
will these conclusions hold?

2. What makes some people and images easier to recog-
nize than others, and how should we properly draw
such conclusions?

Unlike in many areas of science, scientists studying
human ID algorithms have the opportunity—indeed the
luxury—of being able to design precisely the experiments
they wish to address such questions. They are therefore pro-
vided the freedom to model and analyze the resulting data in
highly informative ways. Why, then, do so many analyses
consist of simple one-way comparisons, charts, and tables
with little use of the formal tools of statistical inference?

The experiments we refer to are algorithm tests, and must
be distinguished from data (image) collection. Collecting
large and representative sets of Human face imagery is dif-
ficult, time consuming and expensive; few institutions have
the resources to do it. Fortunately, modest public data sets
are already available [6, 9, 18], and larger data sets should
become available with time. That said, often these datasets
are what statisticians refer to as ‘samples of convenience’.
For example, images are taken for every graduate student or
co-worker who volunteered, and although attention is paid
to controlling factors such as pose and illumination, very
little control is imposed over factors having to do with the
choice of human subjects. Therefore, from a statistician’s
point of view, the resulting image collections are typically
a mess: they are highly unbalanced relative to many sub-
ject factors and representativeness must be carefully stud-
ied. For precisely these reasons, simplistic analysis tools
can often be misleading.

What the analyst may control is how various algorithms
are tested on the image database. For example,

� Which subset(s) of Human subjects, and images, are
used for algorithm training and algorithm testing?

� Which combinations of algorithm configuration vari-
ables are tested?

� Which factors are controlled when drawing inference
about the influence of other factors?

These questions bear importantly on conclusions, and de-
pending upon the specific goals of a particular analysis, dif-
ferent statistical techniques or combinations of techniques
may be most appropriate.

This paper demonstrates three standard statistical tech-
niques that are under utilized in computer vision: the lin-
ear model (LM), the generalized linear model (GLM) and
the generalized linear mixed model (GLMM). The use of
these statistical models to disambiguate the effects of pos-
sibly confounding factors is illustrated in two studies. The
fist study examines whether information about human sub-
jects, such as age or gender, indicates the subject is easier
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or harder to recognize [7]. The second study examines dif-
ferent configurations of a PCA

�
LDA recognition algorithm

to see what design choices do, or do not, lead to improved
recognition performance [8].

The human subject covariates study investigates whether
specific covariates predict recognition difficulty for a stan-
dard PCA nearest neighbor classifier [13]. FERET data [20]
is used in this study and we have prepared the follow-
ing subject covariates: age, race, gender, skin complex-
ion, glasses, facial hair, makeup, bangs, facial expression,
mouth position, and eyelid position. Our primary study
uses a linear model to relate recognition difficulty to these
covariates. The study is novel in using distance between
paired images of subjects to predict recognition difficulty,
and a companion analysis using a generalized linear model
establishes the necessary relationship between distance and
recognition rank.

Our analysis of human subject covariates fails to find ev-
idence that men are either more or less easily recognized
then women. This contrasts with results presented in [21]
using a simpler analysis of gender only. This apparent dis-
crepancy illustrates how it is easy to be fooled by ’statisti-
cal evidence’ when using an unsophisticated study design.
Our data also indicates a gender effect when other subject
covariates are not taken into account. Another conclusion
of our study is that Asian, African-American and Other
race subjects are more easily recognized than Caucasians
(Whites). This effect persists even when training is bal-
anced to compensate for the predominance of white subjects
and illustrates how to control for issues of disproportionate
representation.

A generalized linear mixed model is used to analyze the
algorithm configuration space of a PCA+LDA [30, 1] face
recognition algorithm. The generalized linear mixed model
allows us to account for subject variation. Subjects are im-
portant because most of the observed variation in recogni-
tion performance is due to the fact that some humans sub-
jects are harder than others. Indeed, variation attributable
to subject accounts for roughly 70% of variation in rank-1
recognition rates.

The study of PCA+LDA has resulted in several impor-
tant conclusion. Perhaps foremost, while the changes in
algorithm configuration resulted in statistically significant
changes in performance for subjects included in the train-
ing set, none of the alternative configurations were better
or worse than any other for subjects outside the training
set. From the standpoint of algorithm design, this is an
important although perhaps disappointing conclusion. It
nonetheless underscores the need for carefully designed ex-
periments in order to truly measure advancements in algo-
rithm design.

2. Linear, Generalized Linear, and
Generalized Linear Mixed Models

Most readers will already be familiar with the linear mod-
eling framework, i.e. multiple regression [16]. We review it
here, as a special case of a generalized linear model (GLM)
[14]. Let Y be a random variable representing a response,
i.e. a quantity measured to evaluate the performance of a
single attempt by a single algorithm faced with a single
recognition task. For example, Y might be a binary vari-
able, 1 for a correct match, and 0 otherwise. Alternatively,
Y might encode recognition rank as a an integer-valued vari-
able, or as shown below, it may be the distance between two
images of the same subject that is used by a nearest neigh-
bor classifier.

Let X denote a vector of independent variables with
which we hope to predict the response. In a configuration
study, these variables may be adjustable tuning parameters
used to control the performance of the algorithm. In an
environment- or subject-covariate study, these may be at-
tributes of the images or subjects themselves: for example,
illumination intensity, pose, race, or gender. Categorical
predictors contribute vectors of binary indicator variables
to X in the usual regression fashion [16]. An experiment
will generally consist of n trials, resulting in a dataset of
observations ��� y1 � x1 �������	�	� � yn � xn ��
 . We write the p compo-
nents of the the ith predictor vector as X i � � X i 
 1 �	���	�	� X i 
 p �
and use upper case to denote random variables and lower
case to denote observed values.

A GLM consists of three parts: a link function, a linear
predictor, and a distributional model. The link function is

g � µY �X � xi � , where µY �X � xi
is the conditional mean of the

response given the ith set of observed values for the pre-
dictor vector. The function g may be nonlinear, and there
are specific canonical choices to which we refer later. This
function links the conditional mean to the predictors accord-
ing to

g � µY �X � xi � � xiβ � β0
� β1xi 
 1 �����	��� βpxi 
 p (1)

if there are p predictor variables in X . The vector of param-
eters β plays a role analogous to ordinary linear regression
parameters: each β j describes the magnitude and direction

of relationship between the g � µY �X � xi � and the jth predic-

tor variable.
The conditional distribution of Y given X is assumed to

be Y � X � xi � f � y;µY �X � xi � , independently for each i.

The mean of the ith f is µY �X � xi
.

The simplest GLM takes g � z ��� z and f � y;µY �X � xi � �
N � y;µY �X � xi � σ2 � , where N � a � b2 � is the normal density

with mean a and variance b2. In this case the GLM reduces
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to the ordinary multiple linear regression model (LM) for
regressing Y on X .

Suppose Y is a binary random variable. The well-
known logistic regression model [10] is established by using

f � y;µY �X � xi � � Bern � y;µY �X � xi � , where Bern � y;π � �
πy � 1 � π � 1 � y (with 0

� π �
1) is the Bernoulli distribu-

tion1. This assumption is paired with the canonical link
g � z � � logit � z � � log � z � � 1 � z ��� .

A useful supplement to the ordinary LM is the no-
tion of random effects, which provides the ‘mixed lin-
ear model’ [15]. Random effects can also be inserted
in a GLM, yielding a ‘generalized linear mixed model’
(GLMM) [2, 28]. We define such models here, and describe
their benefits below.

Suppose that the predictor variables are of two types.
The first type, associated with fixed effects, are variables
that we manipulate (e.g. configuration parameters) and vari-
ables whose influence on the response is of primary inter-
est (e.g. subject race or gender). The second type of vari-
able includes those that are known or believed to affect the
response, but whose effect we are more interested in sta-
tistically controlling than estimating. These variables are
fit using random effects. For example, if the experiment
is replicated over several random training sets, we wish to
control for the effect of training set, but it is sensible to treat
these effects as mean-zero random influences whose actual
values we don’t care to know. In other words, we are not
interested in knowing if one specific random training set is
or is not easier than another, but we do want to compensate
for that fact that some random training sets will be easier or
harder than others.

As another example, consider repeated measurements of
Y on each subject (under different conditions). Since some
subjects are clearly easier to recognize than others, there is a
predictor variable (and corresponding β j parameters) asso-
ciated with subject identity that affects Y . Again, however,
we would like to treat these subject effects as mean-zero
random quantities. We wish to identify and separate the re-
sponse variability associated with subject identity so that we
don’t confuse it with the effects of the other variables such
as subject attributes (race, gender) or configuration param-
eters.

Let X � � F � R � be decomposed into the variables associ-
ated with fixed and random effects. For simplicity, suppose
in what follows that R contains the predictors resulting from
a single random effect variable, such as subject identity2.
There is a corresponding decomposition of β � � βF � βR � .

1There is another simple way to write this model that employs the Bi-
nomial distribution; see the references.

2There are straightforward extensions for multiple random effect pre-
dictors, but it requires greater notational complexity than space permits in
this article.

We may then write the linear predictor for a GLMM as

g � µY �X � xi � � xiβ � f iβF
�

riβR (2)

where xi � � f i � ri � . Note that this is the same form as for the
GLM. The distribution assumption is expressed in the same
was as for the GLM, with an important addition:

βR 
 j � N � 0 � σ2
R � (3)

for j indexing over (only) the random effects. Note that (3)
allows random parameters: mean-zero effects attributable
to the corresponding variables. Such models can be fit
routinely using restricted pseudo-likelihood [22] or the
MIVQUEO method [23, 12, 29].

It is worth stating one benefit of the LM, GLM, and
GLMM at this point: all these methods provide a probabilis-
tic framework under which defensible statistical inference
can be made. In other words, we can generate standard er-
rors, confidence intervals, and hypothesis tests, rather than
relying on descriptive graphs and summaries.

3. LM & GLM Analysis of Human
Subject Covariates

A total of 2 � 974 images from the FERET database [20]
were scored on 11 factors related to subject. A single person
scored all the images. The 11 factors were age, race, gender,
skin complexion, glasses, facial hair, makeup, bangs, facial
expression, mouth position, and eyelid position. Details of
the scoring approach and the rest of the analysis are given
by [7]. From these images, 1 � 072 pairs of images of sep-
arate subjects were used for analysis (i.e. 2,144 images al-
together). The subjects chosen for this study were required
to have two images taken on the same day and not to have
removed or added glasses between the two photos. All the
subject covariate factors were coded in discrete categories
(e.g. old vs. young).

The response variable is the subspace distance between
images used by a PCA-based nearest neighbor classi-
fier [13]. Specifically, for a given subject it is the distance
between the pair of images of that subject. The link function
is the identity function, i.e. g � z � � z, a normal distributional
assumption is made and we use an ordinary LM (in this case
an ANOVA) to analyze the data.

The specific distance metric used is a variant of a mea-
sure proposed by Moon and Phillips for PCA [19] and sub-
sequently refined by Wendy Yambor [27]. It is a correla-
tion like measure with Mahalanobis like normalization. In
past work [1], this distance 3 has performed better than L1
distance, L2 distance or correlation, and therefore it is the

3Previous papers have called this measure “Mahalanobis Angle”. How-
ever, this name is somewhat misleading and is being dropped.
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appropriate choice if studying the best a PCA classifier can
do.

The FERET data are too sparse with respect to human
covariates to model interactions, so we fit a purely additive
model. The model yielded R2 � 0 � 39, indicating that about
39% of the total variation in distance can be explained by
the subject covariates. When compared to baseline runs of
the PCA algorithm, in which about 75% of subjects can be
correctly recognized at rank 1, this R2 is notable.

The results are summarized in Figure 3. Base-case set-
tings are indicated down the center of the diagram, with the
degree and direction of effects noted. Effects are expressed
as percent change from base-case, and rescaled in terms of
similarity (1 minus distance) so that positive effects corre-
spond to easier recognition. The threshold of a two-sided
95% confidence interval is shown as a thin vertical line.
Solid bars indicate statistically significant changes in dis-
tance measure.

To illustrate, the pairwise distance between images of
subjects always wearing glasses is reduced by nearly 33 � 5%
relative to the base-case of subjects not wearing glasses. In
this case, the thin vertical line indicating statistical signif-
icance appears at 6%; thus the effect is highly significant.
A reduction in distance suggests the subjects are more eas-
ily recognized, hence the bar for ‘Glasses Always On’ is
shown on the right side of the chart. Conversely, consider
the subjects whose eyes are open in one image and closed
in another. In the base case, subjects have eyes open in both
images. The effect for ‘Eyes Open/Closed’ is the top black
bar on the side of Figure 3 corresponding to more difficult
recognition, and it indicates a 11% increase in relative dis-
tance between pairs of subjects. Thus, not surprisingly, our
study suggests that subjects are significantly harder to rec-
ognize if they close their eyes in one image but not the other.

A more startling outcome is the race effect. In our set
of 1 � 072 FERET subjects, 720 are White, 143 are Asian,
121 are African-American and 88 are Other. Relative to the
majority of the subjects (which are White), Asians, African-
Americans and Others are all significantly easier to recog-
nize. This is not what we expected going into this experi-
ment. To the contrary, our expectation was that a PCA space
trained primarily on white subjects would favor those sub-
jects. Frul et al. [17] have observed a similar result for a
smaller subset of the FERET data and looking only at the
distinction between White and Asian.

3.1. Questioning the Response Variable: Using
a GLM

An immediate question arising from our choice of response
variable is whether the distance values relate to the primary
response of interest: rank-1 recognition. To further study
this question, rank-distance between pairs of images is com-
puted. Specifically, for the ith subject, one image of that

subject is selected to serve as a probe and then the remain-
ing 2 � 143 images are sorted by increasing distance. Rank-
distance Ri is the position in this sorted list of the other im-
age of the subject4.

Visual inspection of a log-log plot suggests a strong rela-
tionship between the distance Yi and rank distance Ri. This
is reassuring because it suggests that inferences about sub-
ject covariates based on distance are likely to hold for recog-
nition rank, too. However, it is important to go beyond a
simple visual inspection and to design an experiment that
will explicitly test the extent to which Yi predicts whether
subject i will or will not be correctly recognized at rank 1.
This is done using a GLM to carry out a logistic regres-
sion analyses. For this GLM, the predictor variable is the
distance Yi between the pair of images of subject i. The
response variable is Zi, where Zi � 1 if Ri � 0 and Zi � 0
otherwise. The GLM model itself can be summarized as
Zi �Yi � Bernoulli � pi � where log � pi � � 1 � pi ����� β0

� β1Yi.
Results from the model show that the probability of a

rank 1 match decreases sharply with increasing distance.
In fact, the estimate of β1 is � 10585 � 3 with standard error
809 � 5, and the negative relationship between these variables
is strongly significant. This supplemental analysis compar-
ing rank-1 recognition rate to distance provides confidence
that our conclusions are generalizable to recognition rank
and rank-1 recognition rate.

3.2. Under-represented Groups: Balanced Ex-
periments

Many of the results seen in Figure 3 could be explained by
arguing that groups of subjects under-represented in train-
ing appear closer in PCA subspace because PCA is propor-
tionally under-representing the region of the space in which
these groups lie. Consequently, they appear more tightly
clustered than do the majority groupings. If this hypothesis
is true, it would be of considerable concern, since, for ex-
ample, we are drawing the conclusion that Asians are easier
to recognize based upon the decreased average distance be-
tween pairs of images of Asians relative to whites. This
hypothesis was directly addressed by a series of balancing
experiments in [7], where it was shown not to be supported
by the available data.

3.3. Risks of Simpler Methods
What has this analysis gained us, compared to simpler
methods? Consider the lack of a significant gender effect
shown in Figure 3. Many researchers engaged in face recog-
nition work have at one time or another been part of infor-
mal discussions of whether men or woman are more eas-
ily recognized, and it is intriguing how often researchers

4We subtracted 1 so that the ideal outcome corresponds to a rank-
distance of 0.
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Change in Similarity

-50% -40% -30% -20% -10% 0% 0% +10% +20% +30% +40% +50%

Harder                                                         Easier

Glasses Off
Glasses Always On

Age Young Age Old

Eyes Open Eyes Always ClosedEyes Open/Closed

Expr. NeutralAlways Non-neutral

Expression Changes

Race White Race Asian

Race African-Amer.

Race Other

No Facial HairAlways Facial Hair Facial Hair Changes

No MakeupAlways Makeup

Makeup Changes

Mouth ClosedMouth Always Open

Mouth Changes

No Bangs Always Bangs

Bangs Change

Skin Clear Skin Not Clear

MaleFemale

Figure 1: Summary of the results of [7]. Interpretation is discussed in the text.

have an opinion on this question. Nevertheless, there is lit-
tle prior formal evaluation of gender. One important excep-
tion is the work of Gross et al. [21]. They report recogni-
tion rates of 87 � 6 for males and 93 � 7 for females. However,
the results are for the commercially developed FaceIt sys-
tem [4] and use a different set of face images. Also, the
analytical technique in [21] is to compute recognition rates
over whole galleries 5 and compare these: a process notably
different than ours.

The Gross et al. [21] analysis was a simple one-way,
marginal comparison, without a measure of uncertainty.
They identified “a surprising trend: better recognition rates
are consistently achieved for female subjects”. Setting aside
the question of statistical significance, consider the model.
Effectively, this conclusion is drawn from a comparison of
two mean recognition rates—roughly analogous to a LM

5The terms ’gallery’ and ’probe’ derive from the FERET protocol [20].
Briefly, a probe image is a new example that is to be matched against a
known image gallery, typically by sorting gallery images by increasing
distance from the probe image.

like (1) with a single predictor: gender. No consideration
is given to possible confounding factors. The result is en-
tirely dependent on how well or poorly the sexes are bal-
anced with respect to other important covariates (e.g. race,
age, and glasses) in the analyzed dataset.

Compare this to the appropriate conclusion from our
model. In a multiple regression model like ours, the effect
for any predictor is interpreted as its impact on Y holding
all other predictor variables fixed. In other words, the β j

estimate is not confounded by the potential effect of any
other variable in the model. Thus, our conclusion is that,
after adjusting for important effects due to glasses, age,
eyelid position, race, facial expression, bangs, mouth po-
sition, and skin complexion, there is no significant gender
effect (t � 0 � 98, p � 0 � 33).

This conclusion is stronger than Gross’ conclusion be-
cause it controls for potential confounding variables. This
lesson is repeated in every text on linear modeling [16]. It
is far too much to hope that a ‘sample of convenience’ will
be balanced with respect to every confounding variable. It
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is far safer, therefore, to explicitly account for covariates in
the modeling.

To illustrate the danger, we fit our data with a simple
one-way ANOVA LM, analogous to the comparison of [21].
The results show a ‘statistically significant’ gender effect:
females are about 13% more difficult (t � 6 � 2, p � 0 � 0001).
But we already know this result to be wrong, having com-
pleted the more reliable analysis presented above. This ex-
ample shows how easy it can be to be fooled when the ex-
perimental design and analysis are over-simplified.

4. GLMM Analysis of a PCA
�

LDA
Algorithm’s Configuration

We summarize here a few results from a larger GLMM
analysis [8] of the configuration of a standard PCA

�
LDA

face recognition algorithm [30]. This study was care-
fully designed using a subset of images from the FERET
database [20]. Algorithms were trained on a set of 192 im-
ages (3 images each of 64 FERET subjects), plus up to 192
supplemental images generated using various supplementa-
tion algorithms described below. A single experiment con-
sisted of configuring the PCA

�
LDA recognition algorithm

and attempting to recognize 256 probes at rank 1. Thus,
some probes were included in the training and some were
not. The response variable was binary, indicating whether
rank-1 recognition was successful.

This experiment was replicated for each of 30 randomly
selected galleries. Each experiment with each gallery was
further replicated for 8 different sets of training subjects.
This entire replicated process was repeated for 32 differ-
ent algorithm configurations. The same 256 probes and the
same 30 gallery sets were used throughout.

The recognition algorithm configurations were generated
through full factorial combination of four configuration pa-
rameters: image size, distance metric, PCA dimensional-
ity cutoff, and training supplementation. Supplementation
of training sets consisted of inserting certain additional im-
ages to the baseline training set. The supplemental images
were generated by: shifting each baseline image one pixel
left, reflecting each baseline image about its centerline, or
adding white noise to each baseline image. No supplemen-
tation was also an option. Further details of this experiment
are given by [8].

This experiment was carefully designed to provide use-
ful information about configuration factors while control-
ling for possible confounding covariates. In particular, the
repeated use of the same probes allows statistical isolation
of subject factors from configuration factors. Using differ-
ent probes for different configurations would have clearly
introduced potential biases if the types of subjects used in
each case differed in some known or unknown way. The
repeated measures design requires that we account for the

resulting covariance structure of the response data, which
is done by using a GLMM with subject as a random effect
variable. This helps us avoid distraction due to between-
subject variation while introducing a correlation between
different response observations from the same subject. In
particular, in the GLMM model, the correlation between Yi

and Y j is nonzero when these are responses to probes of the
same person, and 0 for different people. The degree of cor-
relation depends on the relative magnitude of σ2

R and the
Bernoulli variation.

The results indicate that variation attributable to subject
accounted for roughly 70% of variation in rank-1 recogni-
tion rates. In contrast, the random training sets accounted
for virtually no variability in rank-1 recognition rates. On
the logit scale, within-person correlation was about 0.7.
These results indicate that subject identity has a domi-
nant influence on recognition, and that one should be cau-
tious before relying on the results of any simpler analysis
that fails to account for the correlation structure of the re-
sponses.

The best configuration used the soft L2 metric [31], 114
PCA dimensions, and training supplemented with shifted
images. It had estimated rank-1 recognition rate of 0.87
and 0.75 for subjects in and not in the training set, respec-
tively. In comparison, baseline configuration had rates of
0.75 and 0.74, respectively. In [8] we describe a number of
interesting effects that image size, distance metric, PCA di-
mensionality, and training supplementation have on rank-1
recognition rate. For example, supplementing training with
shifted images can be helpful, but supplementing with re-
flected images actually degrades performance.

The benefit of using a GLMM is that it enables the
replicated experiment while improving resolution. Roughly
speaking, statistical inference in linear models (including
ANOVA, LM, GLM, and GLMM) is driven by the signal to
noise ratio for various effects. To detect, say, that old peo-
ple are easier to recognize at rank 1 than younger people,
the effect of age on rank-1 recognition must be of a substan-
tially greater magnitude than the typical variation in rank-
1 recognition. Models that incorporate random effects for
individuals decompose the noise variation into two parts:
noise attributable to between-subject differences (i.e. some
people are easier to recognize than others) and unexplained
noise. When using such models, the denominator in the
signal to noise ratio can be reduced to only the unexplained
noise portion. Therefore, since using the random effects
allows us to reduce the denominator of the signal to noise
ratio from what it would otherwise be, the ratio increases
in magnitude, thereby allowing greater statistical power to
detect effects that would otherwise be undetectable.

A further benefit of all the modeling approaches dis-
cussed in this paper is that they allow estimation of in-
teractions between variables. For example, in this experi-
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ment, a key result involved interactions between each pre-
dictor mentioned thus far and the additional binary predictor
that recorded whether or not each probe was in the training
set. Our result was that every single configuration benefit
found in our experiment vanished for subjects not included
in training. Thus, for example, the soft L2 metric mentioned
above was shown only to improve rank-1 recognition per-
formance when probing subjects that were included in the
training. For subjects not seen in training, soft L2 offers no
improvement.

As another example, we found an important and statisti-
cally significant three-way interaction. Being in the training
set was helpful when PCA dimensionality was fixed at 60%
of the number of basis vectors; but when PCA dimension-
ality was fixed at 90% energy [11, 27], being in the training
set was helpful when using the soft L2 metric but actually
detrimental when using the standard L2 metric. Complex
interactions of this type are rarely if ever found when rely-
ing on simpler methods.

5. Summary and Conclusions
In few disciplines but computer science do researchers have
such unfettered opportunity to conduct well-designed ex-
periments on topics of their choosing, with virtually no cost
(aside from computation time). This presents human ID re-
searchers with an opportunity to conduct powerful, infor-
mative analyses that effectively evaluate and compare algo-
rithms. We have described a variety of models, all well-
known (and all but GLMM frequently used) by mainstream
applied statisticians. We hope that the experiments and re-
sults described above illustrate the importance of a cohesive
experimental design and analysis strategy using models that
allow one to control for confounding variables, to estimate
all important effects including interactions, and to isolate
extraneous sources of variation.
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