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Abstract: Validation of models for human behaviour and performance has long been acknowledged as an essential
element in the modelling process, but one that is typically conducted poorly jf at all. While there may be many reasons
that modellers do not validate models, one possibility is that there isn’t aformal methodology to provide guidance. This
paper will explore a few techniques that may be applied to evaluating models of continuous processes, using the
thermal physiological responses of healthy people working in adverse conditions as a demonstration of analyses that
could be done. Having done this assessment, we then address the issue ofthe validity ofthis modeL

1. Introduction
Validation of human models has been the topic of a
number of papers over the past decade since the team
headed by Pew and Mayor (1998) published their
seminal work on the state of the art of Human
Behaviour Representation. Many of these papers
lament the lack of validation in Human Behaviour
Representation (HBR) and human performance models
and while a number do directly compare predictions
with observations (e.g. Foyle et al., 2005), many
immediately fall back on informal, face validation:
TLAR (that looks about right’) or BOGSAT (bunch of
guys sitting around the table: Campbell & Bolton,
2005). To be fair, the number of papers that do
compare predictions to observations with formal
analytical methods (e.g. Gluck & Pew, 2005) is
growing and perhaps what the community needs is a
broad corpus of worked problems to establish that
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formal validation is not only an essential step but also a
feasible step in model development.
For many, colloquial definition of the validity of a
concept or a model means accurate representation of
real world events (Trochim & Donnelly, 2007)
although there have been numerous attempts to
describe just what is meant by validation in a scientific
context that are more useful (Anastasi, 1997; Cronbach
& Meehl, 1955). Absolute comparisons with the real
world may not be the most appropriate starting point
for addressing the validity of a model. Formal models
are typically abstractions of the processes that we
believe explain the observed events to some degree, but
models often ignore aspects of the real world
experience, either through ignorance or design. Thus,
trying to validate a model as an accurate representation
of the real world events is, in this strict sense, doomed
to failure.
Perhaps a more appropriate strategy is to acknowledge
that validation means “fitness for purpose”. George
Box (1979) is often quoted to have observed that “all
models are wrong, but some models are useful.” This
statement captures the essential aspect that we feel

should be the topic of validation: Does the model
capture and display enough of the real world
observations to produce a result that is useful for the
current application?
1.1 Philosophical Issues
Discussions of how best to validate models have been
going on for some time and the answer would seem to
rest on similar concerns to that of theory validation, if
one considers a formal, computational model to be the
instantiation of a theory (whether or not it is explicitly
expressed as such.) The debate about what is a suitable
method of validation seems to revolve around two
extremes: Null Hypothesis Significance Testing
(NHST) versus Goodness of Fit (GOF). The interested
reader can find published uses of each, often decrying
the use of the methods favoured by the other camp (see
the following series of articles for such a discussion:
Roberts & Pashler, 2000, 2002; Robinson, Duursma &
Marshall, 2005; Rodgers & Rowe, 2002).
In practice, we suspect that the best approach will lie in
the middle ground, involving a mixture of methods
from both camps, and indeed, that seems to be where
the above mentioned discussion seems to end. In this
paper we have taken a currently contentious position
for assessing validity, that of starting with NHST
methods. Obviously, a model must make predictions
that at least resemble the observations before it is
evaluated, but from our perspective, it seems that
determining model validity (its fitness for purpose) and
determining how well the model captures reality (as
noted above), it is more important to determine the
magnitude and the patterns of differences of model
predictions compared with observations rather than
determining their degree of agreement.
The choice of technique assessing the differences
between model and observation is a matter of what
hypothesis is being tested. When it is simple effects of
the context on model outputs, it may be appropriate to
analyse some sort of model and observed means and
use a version of Analysis of Variance (ANOVA).
When it is some sort of random effect, partially
explained by the model, it appears more appropriate to
use regression or GOF.
We contend that a good approach to the analysis is the
use ANOVA initially to identify how the differences
partition over the various effects. We do not see the
utility of single goodness of fit metric for determining
these differences. For a complex multi-component
model of this kind an initial ANOVA provides an
indication of how the differences break down over the
different pieces. More detailed analysis is required to
identify where the model appears to work and where it
does not, and these subsequent steps may well include
GOF methods.

This paper will discuss a few techniques that can be
used to assess models; in particular, models of
continuous processes that are sampled periodically. We
have selected a rational model of thermal physiology as
an exemplar and we will discus its use within the
context of a physiological experiment involving
subjects working in a hot environment using found
data. Although this application is somewhat removed
from the harder problem of assessing behaviour, we
feel that validating models of operator state is
nevertheless an important element in characterizing
Human Behaviour
in
differences
individual
Representation and will hopefully provide a starting
of validation
point for further exploration
methodology.

2. Validation Approach
2.1 Empirical Experimental Method
Data was obtained from a within-subject physiological
experiment (Cheung & McLellan, 1998)2, conducted
with 8 healthy male volunteers exercising in a chamber
at 40°C and 30% relative humidity while wearing the
3 protective
1990s version of the Canadian Forces NBC
K/,V or 1.88 CLO;
2
garment (thermal insulation: 0.29 m
7m
2 Pa s/kg or
water vapour diffusion resistance: 4x10
0.33 Tm, Woodcock Permeability Index, as determined
by measurements with wetted thermal manikins,
sweating hot plates and vapour permeability devices).
Subjects walked on a treadmill in two conditions: a low
workload condition walking at 3.5 km/h with no grade,
approximately equivalent to a total metabolic rate of
; a high workload condition
2
approximately 165 W/m
walking at 4.8 km/h and 4% grade, approximately
.) Subjects
2
equivalent to approximately 260 W/m
began the sessions either at normal hydration levels
(euhydrated) or dehydrated by approximately 2%
(hypohydrated). Additionally, in the euhydrated
contrition, subjects either had no water or drank 200250 ml of 37°C water every 15 minutes (to offset
sweating) while in the dehydrated condition, subjects
were given water as above.
The subjects’ weight, height, percent body fat and
VO2max were measured in a session prior to
experimental testing. A break of approximately 1 week
was scheduled between each experimental condition to
minimize order affects. Subject rectal and weighted
skin temperatures and metabolic rate were recorded
every 5 minutes; total sweat and evaporation rates
where calculated based on measurements of pre- and
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post-exercise body weights, including any water
consumed during each trial.
2.2 Analytical Experimental Method
A simple IPME (Integrated Performance Modelling
Environment) task network was used to set up
environmental conditions, initialize individual subject
characteristics (intended to predict individual
differences), stimulate the thermal physiology model
and record the results. A rational, multi-segment, 1dimensional thermal physiological model was used in
our evaluation, representing the physiological
“controllers” and flow of heat and fluid (Higenbottam
& Belyavin, 1998). A published exercise model
(Givom & Goldman, 1971) was used to predict the
metabolic rate of walldng, the exercise undertaken by
the subjects in the empirical study.

The model operators exercised at the same rates and
under the same conditions as the subjects as specified
in the empirical protocol but because the thermal
model is not sensitive to hydration status, only a
portion of the empirical study was replicated for this
paper: conditions where subjects were not dehydrated
and were given water during the trials to offset
sweating. The model was sensitive to environmental
conditions, clothing characteristics, activity level and
individual anthropometric differences. Predicted
responses for the rectal and skin temperatures were
recorded every 5 simulated minutes, to correspond to
the experimental observations.
2.3 Comparison Approach

There are two elements to the process of making a
comparison between observations drawn from human
experimentation and modeled results with a view to
determining model validity: understanding the pattern
of differences between the two sets of observations and
determining whether the criterion of acceptability for
model validity for the pwpose in mind has been met.
There have been attempts to set up statistical tests and
criteria that characterise acceptable limits of agreement
among data drawn from models and experiments
(Grant, 1962; Robinson et al., 2005). These tests were
conceived to avoid the embarrassing situation of
attempting to prove the null hypothesis (HO: model and
observation data are from the same population) as
are
evidence that model and observation
indistinguishable. Further compounding the issue is the
recognition that a weak design with low power may
indicate no significant difference while a more
powerful study may lead to accepting the alternative
hypothesis (Hi: model and observation data are from
different populations) even though the differences
could conceivably be of little practical significance
(Campbell & Bolton, 2005).

The situation of validating a model is no different from
that of assessing a scientific theory. At no stage can we
“accept” the null hypothesis that model and reality
conform adequately as a permanent solution; any
“acceptance” is strictly provisional. If the data do not
provide a sufficiently powerful test of the null
hypothesis, the solution is to collect more data, not to
argue that we are caught in a paradox. In addition,
science has a long history of successfully falsifying
theories such as Newton’s laws of motion but also
demonstrating that the theory can be applied in a
restricted set of circumstances.
It should be noted that statistical methods, when
properly applied, represent tools that can provide
analysts and researchers with insight into analysis of
data. The application of statistical methods never
“proves” anything in a formal sense, neither the null
nor the alternative hypotheses, but they provide
evidence upon which a provisional judgement may be
made. Having a summary statistic that assesses the
degree of agreement between model and observation
may be useful to express how well a model fits the
data, but it fails to address the issues of “What are the
differences?” and “Are the differences important to the
intended application?”
We make the assumption that an empirical study
conducted by subject matter experts in a field (in this
case thermal and exercise physiology) that produces
reliable results that distinguish between experimental
conditions would also serve as a reliable assessment of
the performance of a model. Our hypothesis is that if
the model is a valid representation of the thermal
physiological responses to the experimental conditions,
then not only will it predict the mean, normative
responses but it will also reflect the observed variance
attributable to individual anthropometric differences in
a rational manner. Of course any generalizations based
on these conclusions of validity should be limited to
similar operational conditions for the relevant factors.
We do not assume that differences between model and
observation necessarily render the model invalid; nor
do we assume that a null result (no significant
difference) renders the model valid. This approach to
validation is based on a whole-hearted acceptance of
the proposition that no model will capture all aspects of
reality to perfection and it is the manner and degree of
mismatch that is important for determining the utility
of the model.
It is reasonable to express this concept in an acceptable
level of inconsistency between model and real world
observation that can be tested in the spirit of Robinson
et al. (2005) GOF approach. Suitable metrics might be
mean absolute difference between model and
observation, or proportional difference expressed by

the slope of a regression line. Difficulty arises if the
pattern of differences observed in the model does not
conform to the prior model; for example the difference
turns out to be proportional when a mean difference
was regarded as an acceptable criterion. We argue that
such differences should be analysed and their
characteristics established, before final determination
as to whether they fall within an acceptable region. In
addition, for complex models, as in the case of a whole
body thermal model, it seems wise to break down the
analysis into the component models before drawing a
fmal conclusion about the ensemble, as performance of
the whole model may be unacceptable despite some of
the component models behaving adequately or vice
versa.
In the case chosen to illustrate our approach the
observed data are drawn from a designed experiment
that would be investigated using standard statistical
methods such as ANOVA. When ANOVA is applied to
a designed experiment it is first necessary to determine
which of the possible ANOVA models should be
applied in terms of the assumptions that are made about
the nature of the controlled factors. In the case of the
data under consideration there are three controlled,
independent factors: external work level, measurement
period through the exposure and the subject. The first
low work and high work
factor has two levels
characterized by the grade and speed of walldng
imposed by the treadmill and should be treated as a
fixed factor. The second factor measurement period
through the exposure has a nominally fixed set of
levels and is also a fixed factor. The third factor, the
subject, is conventionally treated as a random factor
the levels of which represent different sampled
elements from an assumed infinite population. The set
of participants are all exposed to the same combination
of fixed factors so there are repeated measures made on
the random factor.
—

—

—

—

—

The key statistical assumptions of the repeated
measures model are threefold:
The random factor is sampled from a normally
distributed population;
The errors of observation are independently
sampled from a common normal population;
The observation errors and the random effects
are additive and independent.
—

—

—

These assumptions can be expressed in a different form
in that if the repeated observations are considered as a
multivariate vector, the observations can be shown to
be drawn from a multivariate normal population with
fixed mean and diagonal covariance matrix with
common variances the sphericity assumption. One of
the fixed factors in the experiment progress through
the exposure is particularly vulnerable to violation of
—

—

—

the underlying assumptions as there are likely to be
autocorrelations between successive observations. A
further complication is that experimental runs were
terminated when participants’ temperatures exceeded
pre-defined thresholds or when subjects elected to
withdraw from a trial so that there are a different
number of observations for each subject in each
condition. These missing observations are dependent
on the experimental conditions and should be modeled
in a more complex manner, most plausibly as censored
data. For convenience, we have restricted the
comparison between model and observations in this
report to the observations made over the shortest
duration trial by a subject in each condition, ignoring
data for other subjects after this time, so that more
complex assumptions are not required.
The thermal model under test has been designed to
capture individual subject variability attributable to
anthropometric differences. As we are interested in
modelling both the expected value and variability of
physiological responses, the subjects’ physiological
characteristics body weight and percent body fat were
entered into the model, creating a pseudo withinsubject and repeated-measures design. Although the
empirical observations and analytical model
predictions are not truly a repeated-measure, the
thermal model incorporates individual differences in an
attempt to accomplish this goal and was thus treated as
a further fixed effect, subject exposure repetition in the
analysis.
When validating human performance models there are
two issues: are the gross changes caused by external
conditions modelled appropriately and are the random
variations due to individual differences captured. In our
example for thermal physiology, the latter comprise
two pieces: physical, anthropometric characteristics
and possible variations in the various phenomena
controllers embedded in the model (e.g. metabolic rate,
blood flow, sweat rate, etc.). To identify the effects of
the distinct components it is necessary to apportion the
potential match between model and observations over
these different sources of variation rather than use a
gross goodness-of-fit. The ideal vehicle for this
dissection is the ANOVA family of statistical methods.
Three primary measures were considered in the
analysis for the current report: rectal temperature, mean
skin temperature and metabolic rate. These variables
were selected to demonstrate the techniques used rather
than as a complete assessment of the accuracy of the
model, which would include a comprehensive
assessment of all the pertinent variables.

3. Results
There are multiple models that comprise the prediction
of thermal behaviour and three key components can be
identified: exercise model, clothing model and internal
whole body model. The particular trial used for
validation purposes in this paper is primarily
dominated by the imbalance between the heat
generated by exercise and the heat lost by the
evaporation of sweat through the clothing. It is possible
to assess the exercise model as a distinct component by
comparing observed and predicted metabolic rates. It is
not possible to assess the clothing model as no measure
of sweat evaporation is available with the current
empirical data set.
3.1 Metabolic rate
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Observed and predicted metabolic rates were compared
in an ANOVA to assess whether the means were
different between observed and predicted values. From
the analysis it was concluded that there is a difference
in metabolic rates between High and Low Work
conditions (F=479.6, df=l,7, p<O.OO1), but it was not
possible to demonstrate a difference in the mean
between model and observations in general (F=2.97,
df1,7, p>O.05) or an interaction between model and
observation for the two work levels (F=3.32,
df=1,7,p>O.05). The means are displayed in Figure 1.
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Figure 1. Comparison of observed and predicted mean
metabolic rates with 95% confidence intervals.

There is substantial variability between the subjects in
the observed data that is also demonstrated in the
modelled results. The relationship between the two
measures for both work conditions is displayed in
Figure 2. To test whether the variability is captured by
the model an Analysis of Covariance (ANCOVA) was
conducted using the modelled value as the covariate
and the observed value as the dependent variable. It
was found that both the variability between different
participants and the difference between Low and High
Work conditions in the observations could be explained

Figure 2. Comparison of Observed and Predicted
Metabolic ratesfor 8 subjects under 2 work loads.

by the model indicating a high level of accuracy for the
exercise model and an expectation that it would be
valid for many similar conditions. The use of
ANCOVA in this case is similar to a goodness of fit.
3.2 Rectal temperature
Observed and predicted rectal temperatures were
compared separately for High and Low work
conditions. To restrict the possibility of autocorrelation
between successive errors, remove any differences in
assumed initial conditions and minimise lost data, the
comparison was restricted to 7 observation times
(Period): 15, 30, 45, 60, 75, 90 and 105 minutes after
the start of the exercise period in the Low Work
condition. The means across subjects are displayed in
Figure 3 for each Work condition.
An ANOVA was conducted to assess mean differences
between observed and modelled values at the 7 time
Periods with Modelled/Observed as fixed factors and
Participant as a random effect. It was concluded that
there is a main effect between the Periods (F=540.23,
df=6,42, p<O.OOl) and an interaction between
Modelled and Observed with Period (F=7.72, df=6,37,
p<O.OO1) although there was no evidence to support an
overall difference, or main effect, between modeled
and observed values (F=0.0, dIl,7, p>0.O5).
A similar analysis was conducted for the High Work
case for 4 times: 15, 30, 45 and 60 minutes. It was
concluded that there is a main effect of Period
(F=1114.46, df=3,21, p<0.00l) and an interaction
between Modelled and Observed for the different
Periods (F=14.95, df=3,16, p<0.OOl). The difference
between Modelled and Observed values was not found
to be statistically significant (F=2.71, df=l,7, p>O.05).

It is clear from Figure 3b that the model is predicting a
faster rise in rectal temperature than is observed in the
experiment since Modeled values exceed Observed
values at Periods 3 and 4.

capture the random individual, variability in rectal
temperature, in contrast to the exercise model.
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Figure 4. Observed vs ModelledAverage Subject
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A plot of the observed and corresponding predicted
rectal temperatures is shown in Figure 5. including a
linear regression over all these data. Although this
regression is not as elegant as other techniques in the
literature, it is included here as an example of a simple
GOF metric for illustration of a point As shown, the
correlation coefficient seems reasonably high, with the
model capturing almost 85% of the observed variance.
Yet the ANOVA analysis indicates that a decision of
validity based on this measure that we are capturing the
variability due to subject differences is unjustified.
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Figure 3. Modelled and observed mean rectal
temperatures with 95% confidence intervalsfor the two
levels ofwork intensity.
There is clear variability between the subjects’ rectal
temperatures in response to exercise. A simple, maineffect comparison between the observed and modelled
means (averaged over the periods) was examined and
the findings are displayed in Figure 4. As there was no
association between observed and modelled participant
means, it was concluded that the model does not
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FigureS. Plot ofobserved andpredicted rectal
temperatures by subjectfor the low work condition
used in the analysis with a linear regression fit.
3.3 Skin Temperature

Similar analyses were conducted for the skin
temperatures as were performed on the rectal
temperatures and mean values are displayed in Figure 6
for each condition. In the Low Work condition there is
a main effect of Period (F=313.13, df=6,42, p<O.OO1)
and a main effect of Model versus Observed values

(F=8.72, df=l,7,p<O.05) but there is an interaction
between Modeled and Observed values with Period
(F=6.15, df=6,37, pO.OO1).
In the High Work condition, main effects of Period
(F=629.722, df=3,21, p<0.OOl) and Modelled versus

Observed (F=7.l12, df=l,7, p<O.05) were found but
again there is a significant interaction between
Modelled and Observed values with Period (F=40.61,
df=6,37, p<O.OOI).
(a) Low Work
38.5
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a consequence of exercise cannot be distinguished from
the set of real world observations. On the data available
to test this model component, there is no reason to
reject its use for the current purpose. This does not
mean that this model is unconditionally validated,
merely that there is no reason at the moment to reject
its future use based on this analysis. We do not make
this judgement based on the failure to reject the null
hypothesis in the comparison, but we use that failure as
a starting point for determining if the agreement is
sufficient for our purposes. This constitutes the gold
standard in predictive validity and the model is clearly
potentially useful as a predictor of outcomes in the
world.
The characterisation of the pattern of differences
between observed and modeled values of rectal and
skin temperatures indicates that the model has not
predicted the response of rectal and skin temperatures
change with exercise with the same level of accuracy
as the metabolic rate model. In addition, at least for
rectal temperature, the model has not reproduced the
pattern of variability either within or between
participants in the observed data.
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The question remains as to whether the model is useful.
It is clearly possible to adopt the posture that the model
does not predict the pattern of observations and
displays significant differences from observation; it is
therefore not exactly correct and cannot be safely used
for any purpose. We argue that this is an extreme
position and it is not an appropriate interpretation of
the analysis in a fitness-for-purpose assessment. It is
clear to us that the model is not projecting the observed
variability in rectal temperatures to any degree we
conclude that the model is not useful for predicting
results where individual variability is important to its
intended application, and thus this model is not valid
for that purpose.
The question remains as to whether the model can be
used for predicting population mean responses in a
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Figure 6. Modelled and obserk’ed mean skin
temperatures with 95% confidence intervalfor the Iwo

levels ofwork intensity.

4. Discussion
The characterisation of the discrepancy between model
results and those drawn from a single experiment
indicate that the model predictions of metabolic rate as

useful way. From the analysis it can be concluded that
the model is not predicting the way that rectal
temperature increases in either condition. The extreme
mean error in the High Work condition is 0.48°C and in
the Low Work condition is 0.29°C. These represent
approximately 30% and 20% of the rise in rectal
temperature in each case, and it is known that the
discrepancy is positive in the High Work case and
negative in the Low Work case. Confidence intervals
can be constructed for these measures on the basis of
the variability of the observed data, taking account of
the variability between participants or otherwise. It is
likely that for the range of exercise that lies between
these two values the error is likely to fall between these

bounds. If these bounds are acceptable to the end user,
the model as applied in this case is useful.
We argue that the job of the analyst is not to define
some goodness of fit criterion and use this statistic to
decide validity as it very likely will obscure much of
the detail of how model and observation differ. Instead,
we feel that the analyst should clearly present the
pattern of discrepancy between model and observation
and then argue whether the discrepancy is sufficient to
render the model useless on the basis of how the model
will be applied. The same reasoning applies to the
analysis of the applicability of Newton’s laws of
motion.
It can be argued that a single set of data that may or
may not indicate discrepancies between model
predictions and observations does not provide
sufficient basis for describing model behaviour. In this
particular case there is not a clear conclusion that the
model over-predicts the rise in core temperature,
suggesting that a potentially complex pattern of
discrepancy may underlie what has been observed.
This argument is valid regardless of the outcome of the
analysis and whether the model matches observations
or not should not determine whether further data sets
are investigated. The key to successful application of a
model will always be based on an understanding of
how the model behaves across the range of conditions
in which it could be used. The largest number of
validating data sets should be used to describe model
performance across the range of conditions,
particularly if an emergent property of the model
demonstrates uncommon, yet plausible results while
excluding predictions of implausible responses.
As well as providing evidence for model performance,
the approach we’ve followed provides information that
may be used to improve the current model’s
performance in future. The existing model is not
representing the pattern of heat loss from the body and
through the clothing appropriately, in that both core
and skin temperature increase more than the
observations. It might be possible to adjust the model
by amending the representation of sweating, clothing
or environmental conditions to conform to the current
observations and then to revalidate the model with
further data, preferably data that span distinctly
different conditions.
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