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Abstract:
A method for visualizing the function computed by a feedforward
neural network is presented. It is most suitable for models with
continuous inputs and a small number of outputs, where the output function is reasonably smooth, as in regression or probabilistic
classi cation tasks. The visualization makes readily apparent the
e ects of each input and the way in which the functions deviates
from a linear function. The visualization can also assist in identifying interactions in the tted model. The method uses only the
input-output relationship and thus can be applied to any predictive
statistical model, including bagged and committee models, which are
otherwise diÆcult to interpret. The visualization method is demonstrated on a neural-network model of how the risk of lung cancer is
a ected by smoking and drinking.

1 Introduction
In application settings, neural networks are commonly regarded as \blackboxes", because of the diÆculty in understanding both the function computed,
and the way in which it was computed. Even if neural networks perform better
than more interpretable models, their \black-box" nature can make them less
valuable. For example, in a recent series on medical applications of neural
network in the Lancet, many authors and correspondents expressed their fear
in trusting important decisions to systems they do not understand (Wyatt
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1995; Sharp 1995; Dodds 1995). Thus, the development of good methods for
interpreting neural networks could make them far more useful.
Researchers have proposed a number of methods for understanding feedforward neural networks. These fall at various points along a \how-what"
spectrum. \How" methods aim to provide an understanding of how the network computes a function, usually by interpreting weights and hidden unit
activations. \What" methods ignore the internal workings and just aim to
describe the function computed by the network. Methods such as contribution analysis (Shultz, Oshima-Takane, and Takane 1995; Shultz and Elman
1994; Sanger 1989), which are designed to provide an interpretable view of the
internal representational space, fall rmly at the \how" end of the spectrum.
Rule extraction methods that translate hidden unit connectivities into rules,
e.g., Towell and Shavlik (1993), Blasig (1994), fall somewhere in the middle
of the spectrum. Other rule extraction methods that treat the network as a
black box and derive a description of its function in the form of rules, e.g.,
Saito and Nakano (1988) fall at the \what" end of the spectrum. In general,
rule extraction methods appear to be more suited to understanding networks
for clear-cut classi cation tasks. For continuous-output tasks, including classication tasks in which classes overlap so much that outputs are best described
probabilistically, it seems more appropriate to use \what" methods that provide some quantitative or graphical indication of the e ect of input variables
on the output. Baxt (1992), Baxt and White (1995), and Moseholm, Taudorf,
and Frosig (1993) describe some such methods. The method proposed in this
paper is similar to these latter methods, but is intended to overcome some of
their limitations by adapting the graphical plots of generalized additive models
(Hastie and Tibshirani 1990) to the display of functions computed by neural
networks and other exible statistical models.

2 Background
Before proceeding further we review generalized additive models and previously proposed methods for graphically displaying the e ects of inputs on
neural networks.
2.1 Plots of generalized additive models
Part of the attraction of Hastie and Tibshirani's (1990) generalized additive
models (gams) is that, although they are non-linear, they are easily interpreted
from simple graphical displays. A generalized additive model can be expressed
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as

(x) = h( (x ) +  (x ) +    + k (xk ))
where x = (x ; x ; : : : ; xk ) is the vector of input values and g(x) is the predicted
output value. The functions  ;  etc can be arbitrary non-linear functions.
The function h (the inverse link function in the terminology of gams) relates
the sum of the i to the output variable. The choice of h depends on the distribution of the target variable and the distribution of errors in the target values.
Ideally, h should be chosen so that the probability of observing a particular
output value y given some input vector x depends only on the di erence between y and the average value of y for that input vector. For example, for a
continuous output variable with Gaussian error having variance independent
of the predicted value of the output, the identity function is appropriate for h,
because the probability of observing a particular output value depends only on
the di erence between the observed and predicted (i.e., mean) values, and not
directly on the predicted value. For binary valued target variables, the logistic
function h(a) = 1=(1 + e a ) is usually appropriate: it gives the probability of
the target being 1. The possibility of di erent functions for h makes gams
\generalized"; appropriate functions exist for a wide range of error distributions. The way the functions of the inputs combine makes gams \additive".
Although the e ect of a particular input can be non-linear, there are no interactions between inputs | the contribution to the sum of i of a particular
input does not depend on the values of other inputs. (However, one can use
functions of more than one variable in a gam, which allows for interactions
between the inputs in the same function).
A gam is easily interpreted from plots of the e ects of inputs on the additive
scale of the model, i.e., plots of i . The i are usually functions of one variable,
and hence are simple to display. Note that the e ects of the inputs on the
response scale of the model, i.e., the range of h, may not be additive and
cannot be easily displayed. For the remainder of this paper, We refer to the
domain of h, i.e., the range of the i , as the natural additive scale of the model.
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2.2 Plots and quantitative summaries of the e ects of
inputs in neural networks
One straightforward way to graphically illustrate the function computed by a
neural network is to plot two-dimensional surfaces showing the response of the
network to varying values for two particular inputs, while the rest of the inputs
are held at some constant value. Moseholm, Taudorf, and Frosig (1993) show
pairwise surface plots for their model of how various conditions a ect lung
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function. Each plot shows the e ect of di erent values of a pair of variables
while the others are held at their mean values. This type of display can
illustrate main e ects and pairwise interactions. However, it fails to illustrate
whether or not other variables are interacting with the pair displayed: it is
possible that the shape of the surface varies greatly with the values of the other
inputs. Thus, this type of display could possibly give misleading impressions of
the e ects of inputs. An additional drawback is that the number of pairwise
plots becomes unwieldy when there are more than a few inputs.
Baxt (1992) introduced a technique for quantitatively summarizing, in single number, the e ect of a particular input on the output of a neural network.
He de nes the average e ect of a particular input as the average change in
the output when that input is perturbed, for the examples in a sample. The
average e ect for input i is de ned as
h
i
Xn
 f^ = 1 sign(Æ (x p ) x p ) f^(x p ; : : : ; x p ; Æ (x p ); x p ; : : : ; x p ) f^(x p )
i
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where f^ is the function computed by the network, Æi is a function that perturbs
values of ith input variable Xi,p n is thep number of training cases, and x p is
the vector of k input values (x ; : : : ; xk ) for the pth training case. The sign
function has a value of 1 or -1 depending on whether its argument is positive
or negative. The role of the sign function is to switch the sign of the change
in f^ when the change in xi is negative, making  if^ be in e ect the average
change in f^ that occurs for a positive change in xi. The input-perturbation
function Æi must be chosen appropriately. When Xi is a binary variable the
choice is unproblematic: Æpi should swap the value. However, for continuous Xi
the best de nition of Æ(xi ) is not clear. Baxt uses a randomly chosen value
of Xi.
Baxt's technique is well suited to summarizing the e ects of binary variables. However, like some other variants of contribution and sensitivity
analysis, this technique is not so well suited to describing the e ects of continuous variables, because it does not relate the magnitude of the e ect to the
magnitude of the variable | it calculates an average e ect. Furthermore, the
average e ect can be zero where there are strong e ects of opposite sign in
di erent parts of the input space.
( )

( )
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3 Adapting GAM-style plots to functions with
interactions
The additive-scale gam-style plots can be adapted to non-additive functions
(i.e., ones with interactions) by plotting the e ect on the output of a particular
input variable for some selection of points in the input space. The plot for
input variable i is no longer a function as with gams, but is a set of 2-d points
(e ects). Each point records the e ect of changing xi from some baseline
value bi , in the context of xed values for the other inputs. The set of points is
f(xi ; i(x))jx 2 Xg, where xi is the ith element of x, and X is some suitable
set of points in the input space. i (x) is the e ect on f^ of changing Xi from
bi to xi in the context of x, where bi is some baseline value for Xi . As with
gams, e ects are best plotted on the natural additive scale of the model, and
it will be assumed that this is f^(). For a neural network this will usually be
the total input of the output unit. i is de ned as
i (x) = f^(x) f^(x ; : : : ; xi ; bi; xi ; : : : ; xk ):
The plot of these points can be enhanced by drawing each point as a short line
segment, where the slope of the segment represents the partial gradient @ f^=@xi
evaluated at x. As with gams, the plots should be made so that the vertical
axis on each plot covers the same range, in order to allow easy comparison of
the magnitudes of e ects of di erent variables.
Figure 1 shows plots of the e ects of variables for four 2-d functions from
Hwang et al (1994). These functions are used here because they illustrate the
di erent e ects of non-linearities and interactions: g is linear, g and g
have non-linearities, and g and g have interactions. The de nitions of the
functions are as follows.
Linear additive: g (x ; x ) = x + 2x
Simple interaction: g (x ; x ) = 10:391((x 0:4)(x 0:6) + 0:36)
Additive function: g (x ; x ) = 1:3356(1:5(1 x ) + exp(2x 1) sin(3(x 0:6) )
+ 1:3356 exp(3(x 0:5)) sin(4(x 0:9) ))
Complex interaction:g (x ; x ) = 1:9(1:35 + exp(x ) sin(13(x 0:6) ) exp( x ) sin(7x ))
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The e ects are plotted at random locations in X 2 [0 : 1]; X 2 [0 : 1], and
the \additive scale" of each function is the function value. The vertical dotted
lines show the baseline values. The non-linearities in these functions show up
as a curves in the pattern of e ects, and the interactions show up as vertical
spread at a particular horizontal location.
These plots have a number of informative features:
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An overall trend in a plot indicates a trend in the e ect of the variable. For example, the plots for g show that the value of the function
increases with increasing x and x .
overall vertical range: The overall vertical range re ects the importance of
the variable, i.e., the degree to which the variable can a ect the output.
Plots for variables with no e ect will be a horizontal line. The overall
vertical range can be a ected by the choice of baseline value for the
variable, but the degree of this e ect will be small except in pathological
cases. For the function g , the greater range in e ects of x re ects its
greater importance: g is de ned as g = x + 2x .
local vertical spread: Vertical spread of values at a particular horizontal
position indicates interaction between the variable plotted and one or
more other variables. Care must be taken to not read too much into the
horizontal location of points of maximum or minimum spread in these
plots, e.g., x = 0 for g , or x = 0:45 for g . These locations are
entirely determined by the choice of baseline values: spread is necessarily
zero at the baseline value.
trend:
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In the absence of spread, non-linearity is easily detected as
curves in the patterns of e ects, as with g . However, in the presence
of spread, non-linearity can be masked. However, the angles of segments
can provide clues as to the absence and presence of non-linearities, such
as with g .
These plots of e ects di er from a projection onto one axis in that the
additive e ects of the other variables are removed. This results in a single
curve for additive functions, as with g and g , whereas projections of the
same functions would have vertical spread.
Once it is clear that a certain variable, say x , is involved in interactions,
it is possible to infer whether the interaction involves another variable, say x ,
by coloring (or some other means of identi cation such as separate panels) the
e ects in the plot for x according to their value of x . If the e ects of x di er
markedly for di erent values of x , it indicates an interaction between the two
variables. An example of this on real data is given in the next section.
non-linearity:
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3.1 Choosing the points for visualization
In order to not overload the additive e ects plots with too much information,
one must plot the additive e ects at only a limited number of points (the
set X ). This is especially true when the input space is high-dimensional. In
such cases a reasonable number of points can populate the input space only
very sparely, and consequently the points must be chosen carefully. The set
of of examples (training or testing or both) is an obvious choice for the points
at which to plot e ects. The advantage of this over using random points is
that the relative density of points in di erent parts of the plot is apparent.
When plotting at points corresponding to examples, isolated points may indicate either outliers in the input space, or regions of the function in which
there is very little support for the value the function is producing. However,
one disadvantage of plotting only at points corresponding to examples is that
one may fail to spot undesirable or anomalous behavior of the tted model in
regions on the input space not populated by any examples. One possibly informative approach would be to make a color-coded plot at training examples,
test examples, and random points.
3.2 Scatter plots of partial gradients
The partial gradients at particular points, which are shown as slopes on line
segments in the additive e ects plots, can be illustrated in a scatter plot.
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Such plots contain useful information, though they are not as straightforward
to interpret as additive e ects plots. Scatter plots of partial gradients for
the four test functions are shown in Figure 2. As with additive e ects plots,
the points for additive functions form single curves in the plot. The points
for linear functions form horizontal lines. Interactions show up as spread at
a horizontal position. These gradient scatterplots have one advantage over
additive e ects plots: they do not depend on any \baseline" value. However,
the vertical axis of these plot is more diÆcult to interpret, as it is the gradient of
the e ect, rather than the e ect. Furthermore, the vertical scales for di erent
inputs are somewhat arbitrary, as the absolute value of a partial gradient with
respect to input xi depends on the range of values of xi , and can thus be
changed by scaling the input. Consequently, all the gradient scatterplots in
this paper have been scaled in terms of \screen gradients" { a line running from
the bottom left to the top right of the corresponding additive e ects plot is
considered to have a gradient of 1. This is not entirely satisfactory, as outliers
can have a large e ect on the range of a particular input, and thus omitting
or including them can a ect the relative values of plotted partial gradients for
di erent inputs.
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3.3 Measuring importance of variables and degrees of
interaction
Although the importance of variables and the extent to which they are involved
in interactions (i.e., degree of non-additivity) can be estimated from plots of
additive e ects, it is also useful to have objective measures. There are two
reasonable measures of the importance of variable of a particular variable.
1. The variance of additive e ects for xi.
2. The variance of partial gradients for xi.
The advantage of the rst is that it relates directly to the vertical range in
additive e ects plots, and is not a ected by scaling of the input variables.
However, it is a ected by the choice of baseline value. The second does not
depend on any choice of baseline value, but does su er from the disadvantage
that relative importances for di erent variables are a ected by scaling the
input values.
One possible measure of the degree to which xi interacts with other variables is the average squared error in a smooth t to the partial gradients of f
with respect to xi. This corresponds to the error in smooth ts to the points
in the various plots in Figure 2. For smooth additive functions, such as g
and g , the error in the t will be very small. The error will be large when
there is a large vertical spread at a particular value of the input variable. A
smooth t to the gradient points can be calculated with any 1-d smoother {
the degrees of interaction reported in this paper were based on the smooth
t computed by the BRUTO curve tter described in Hastie and Tibshirani
(1990). This measure of degree of interaction is independent of the baseline
value, but is a ected by scaling of the inputs variables.
Con dence bounds on these measure for the importance of a feature, or
the degree of interaction, could be calculated using a bootstrap procedure in
the same manner as Baxt and White (1995) construct con dence intervals on
the average e ects of variables.
(0)

(4)

4 Visualizing a neural network model for the
risk of cancer
We have developed a neural network model for the risk of developing squamouscell lung cancer versus developing other non-smoking related cancers, based
on knowledge of age and smoking and drinking habits (see Plate, Bert, Grace,
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and Band (1997)). The network has 19 inputs, 2 tanh hidden units, and 1
logistic output unit (see Bishop (1995) for details of this type of network).
The inputs are age and various measures of tobacco and alcohol use. For each
of six products, cigarettes (c), cigars (g), pipes (p), beer (b), wine (w) and
spirits (s), there are three consumption measures. For cigarettes these are
number of years cigarette smoking (cyr), number of cigarettes smoked per
day (cday), and number of years since the subject quit smoking cigarettes
(cyquit). There are analogous variables for the other products, though alcohol consumption rate is measured per week (e.g., bwk { number of standard
beers per week.) The network was trained using MacKay's (1992) evidence
framework to choose optimal values for weight penalties. The e ects of variables in a trained network are shown in Figure 3. The vertical scale in these
plots is the total input of the output unit. This value is the natural log of the
predicted relative odds of developing squamous-cell lung cancer, thus a movement of one unit on the vertical axis corresponds to a change in relative odds
by a factor of 2.718. The baseline for variables in these plots is the minimum
value of the variable (20 for age, 0 for all others).
Tests of the predictive accuracy of this network indicate that its predictions
are slightly better, at a moderate level of statistical signi cance, than those
of a stepwise logistic-regression model of the data (i.e., an additive linear
model). On a held-out test set of size 1450, the neural network has a deviance
(i.e., negative log-likelihood) of 905.5, the stepwise logistic-regression model,
which selects the variables age (age in years), cday (cigarettes per day), cyr
(years of cigarette smoking), cyquit (years since quitting cigarettes), and
wyr (years of wine drinking), has a deviance of 925.3, and the null model,
which predicts the average training-case value, has a deviance of 1210.1. A
bootstrap test revealed that the predictions of the neural network were better
than those of the logistic-regression model in 96.5% of 50,000 resampled test
sets. Despite the only slight superiority of the neural network predictions, the
tted models are quite di erent functions. For the tted logistic-regression
model, the plots of the additive e ects would all be straight lines. However,
Figure 3 shows that the neural network deviates strongly from an additive
linear model. The neural network identi es more variables as important (the
variables whose e ects have a large vertical range), and also involves cyr,
gday (cigars per day), and pyr (years of pipe smoking) in strong interactions.
The neural network does agree with logistic regression model in the sign of
e ects: in both, age, cyr, and cday are positively associated with risk,
cyquit and wyr are negatively associated with risk.
We can begin to identify interactions by partitioning examples into sets according to one input variable and looking at whether e ects of another variable
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shows that gday is involved in interactions with all of the plotted variables.
Figure 5(b) shows that cyr is involved in interactions with the plotted variables, but not as strongly as gday | the bands of colors in (b) are not as clear
as in (a). As expected, the plots in (b) show an interaction between gday and
cyr, and between pyr (years of pipe smoking) and cyr, but not between
other variables and cyr. In contrast, no interactions for cyquit stand out in
Figure 5(c). This does not mean that cyquit is not involved in interactions
| obviously it is | but rather that the interactions are of a complex nature
or involve variables not plotted here.
The color-coded scatter plots of partial gradients (Figure 6) are also informative. Again, the interactions between gday (cigars per day) and cyr (years
of cigarette smoking) and between gday and cday (cigarettes per day) stand
out clearly. The protective e ects of gyquit (years since quitting cigars),
cyquit (years since quitting cigarettes), and wyr (years of wine drinking)
can also been seen.
Finally, Figure 7 shows where the variables fall into a two-dimensional space
de ned by overall importance (vertical axis) and degree of interaction (horizontal axis). Overall importance is measured as the variance of the additive
e ects, that is the variance in the vertical direction in the plots in Figures 3
or 5. Degree of interaction is measured as the variance of the (vertical) error in
a smooth t to the partial gradients, i.e., a smooth t to the points in Figure 6.
Variables which lie towards the bottom left of this plot have little overall e ect
and do not have strong degrees of interaction. Variables which lie towards the
top right have a large e ect and are strongly interactive. Variables which lie
towards the top left have a large additive e ect. Interestingly, the variables
for the neural network lie near the diagonal | none of the variables in the
neural network has a large e ect that is mainly additive. Bearing in mind that
an additive linear function provides a model of this data that is very nearly
as good as the the neural network, one must be suspicious that the function
computed by the trained neural network has gratuitous interactions | ones
which are not supported by the data. This raises the question of whether one
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contributes in the real case. This type of situation likely to be more of a
problem for nearest-neighbor style models in which an \absurd" input may
not have any close neighbors.

5 Discussion
Plots of additive e ects provide rapid insight into the function computed by
a feedforward neural network. The plots show the overall importance and
direction of e ects of individual inputs, and whether or not inputs are involved
in interactions. They also make apparent the way in which a tted model
di ers from a linear or generalized linear model. These di erences can be
of two kinds: (a) non-linearities in the response to single variables, and (b)
interactions between variables. It is both interesting and valuable to have
some idea of how a particular neural network di ers from a linear model,
especially as linear or logistic regression models are surprisingly e ective on
many real-world applications.
The method for constructing these plots does not depend on the internal
structure of the network. Consequently, it can be applied to understanding
any tted statistical model which can be used in a predictive mode, including
committee and bagged models, which are diÆcult to interpret by any method
that requires more knowledge about the tted model than merely its black-box
functionality.
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Extended gure captions
(These extended gure captions may be used at the discretion of the reviewers
and editors. Omitting them to conserve space (i.e., using the captions currently
below each gure and listed on the \List of gures" page) will not a ect the
explanations in the text.)
Figure 1. The e ects of x and x on the four example functions. The e ect
of the ith input variable at a particular input point (i (x)) is the change in
f resulting from changing X to x from b (the baseline value, shown by a
vertical dotted line) while keeping the other inputs constant. The e ects are
plotted as short line segments, centered at (xi ; i(x)), where the slope of the
segment is given by the partial derivative. Variables that strongly in uence the
function value have a large total vertical range of e ects. Functions without
interactions appear as possibly broken straight lines (linear functions) or curves
(non-linear functions). Interactions show up as vertical spread at a particular
horizontal location, i.e., a vertical scattering of segments { interactions are
present when the e ect of a variable depends on the values of other variables.
Figure 2. Scatter plots of partial gradients for the four example functions.
The vertical scale is in terms of \screen gradients" { the vertical axis is scaled
so that a gradient of one corresponds to the slope from the bottom left corner
to the top right corner of the plot of additive e ects. As with plots of additive
e ects, functions without interactions appear as straight lines or curves, and
interactions result in vertical scattering.
Figure 3. The e ects of variables on a tted neural network model for squamouscell lung cancer. The input variables are age (age in years) and consumption
measures of cigarettes (c), cigars (g), pipes (p), beer (b), wine (w) (yr is total
years of consumption dy is units consumed per day, wk is units consumed per
week yquit is years elapsed since quitting.) The vertical scale in these plots
is the total input of the logistic output unit (i.e., the log-odds of developing
this type of cancer. The plots show that cyr (years of cigarette smoking) and
gday (cigars per day), for example, have a strong positive e ect on the risk
(i.e., more cigarettes per day, or more years of smoking cigars increases the
risk of cancer) while cyquit and wyr have a negative e ect on the risk (i.e.,
a protective e ect). Other variables, e.g., byr (years of beer drinking), have
very little e ect on the risk.
Figure 4. The e ects of years of cigarette smoking (cyr) partitioned by number of cigars smoked per day (gday). These plots show that cyr interacts
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with gday { the e ect of cyr diminishes for greater values of gday. If cyr
did not interact with gday the plots would show similar patterns of e ects of
cyr for di erent values of gday.
Figure 5. Plots of additive e ects enhanced by color-coding by the range of a
particular variable. Only the variables with larger e ects are shown here. The
three panels are color-coded by the ranges of three di erent variables: gday
(cigars per day), cyr (years of cigarette smoking), and cyquit (years since
quitting cigarettes). One plot in each panel shows the e ects of the variable
being color-coded for. This plot shows the ranges of the color coding, e.g., the
plot for gday in (a) shows that blue codes for points with gday= 0, green
codes for points with gday= 1, yellow codes for points with gday between 2
and 4, red codes for points with gday between 5 and 10. These plots allow one
to spot interactions between the color-coded variables and others: interactions
appear as vertical di erentiation of color, e.g., as in cyr in (a) (implying cyr
interacts with gday) and gday in (b) (the same interaction).
Captions for sub gures of Figure 5: [Typesetter: if possible, place these within
gure.]

(a) Color-coded by ranges of gday (cigars per day).
(b) Color-coded by ranges of cyr (years of cigarette smoking).
(c) Color-coded by ranges of cyquit (years since quitting cigarettes).
Figure 6. Scatter plots of partial gradients, colored by gday (cigars per day).
As with color-coded plots of additive e ects, vertical di erentiation of colors
indicates an interaction, as in the plot for cyr (years of cigarette smoking), for
example. A measure of the degree to which a particular variable interacts with
others can be had by tting a smooth curve to these points and calculating
the average squared error of the t.
Figure 7. Importance of e ects versus strength of interaction. The vertical
axis is the importance of the e ect of a particular variable, as measured by the
variance of e ects for that variable (i.e., the vertical variance in e ects plots).
The horizontal axis is the strength of interaction for a particular variable, as
measured by the average squared error of a smooth t to the partial derivatives.
This plot shows that in the function computed by this neural network, the
strength of interactions for a variable is roughly proportional to the importance
of interactions for that variable: there are no variables that have a distinctly
additive e ect (these would appear in the top-left quadrant).

