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Abstract
Background and aims—The development
of the BanV classification of renal trans-
plant pathology has allowed the standardi-
sation of approaches to transplant biopsy
histology and reduced interobserver and
interdepartmental variation. The useful-
ness of the BanV classification in the diag-
nosis of acute rejection has previously
been tested by sending sections from 21
“diYcult” biopsies to almost all of the
renal transplant pathologists in the UK.
Although the BanV classification im-
proved reproducibility, the accuracy of
diagnosis of early acute rejection was
unchanged from the “conventional” ap-
proach. Perhaps this is because in making
a diagnosis of acute rejection, the BanV
classification uses only two features: tubu-
litis and intimal arteritis. To include more
features on a systematic basis would be
laborious for a human observer. There-
fore, a Bayesian belief network was devel-
oped for this task.
Methods—The network was initialised
with observations from 110 transplant
biopsies. Its performance was then tested
on 21 biopsies that had been seen by 37
diVerent renal transplant pathologists in
an earlier study. These biopsies had been
selected to represent histologically diY-
cult problems but, in retrospect, they all
had clear diagnoses of rejection or non-
rejection on clinical grounds.
Results—Using the Bayesian belief net-
work, a relatively inexperienced patholo-
gist made 19 of 21 correct diagnoses, better
than had been achieved by any of the
pathologists who had seen the same sec-
tions previously (17 of 21), and consider-
ably better than the average proportion of
correct diagnoses provided by all 37 renal
transplant pathologists (65%). Application
of the system by a second pathologist
produced a tendency to overdiagnosis of
acute rejection, illustrating the conse-
quences of interobserver variation.
Conclusions—In the diagnosis of acute
rejection, further useful information can
be extracted from features that are cur-
rently not considered in the BanV
classification. Integration of data by a
computer can give a more reliable diagno-
sis of early acute rejection, but routine
application will require the development
of a more sophisticated system that can
also accommodate clinical data, perhaps

one that can continue to “learn” as more
data are entered.
(J Clin Pathol 1998;51:108–113)
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A histological diagnosis of acute renal allograft
rejection is rarely questioned. However, the
morphological appearances of acute rejection
develop gradually, so it is not surprising that in
centres where allograft biopsy is used early in
the investigation of graft dysfunction, patholo-
gists often have diYculty in making this gold
standard diagnosis with certainty. The problem
has been highlighted by the finding that many
of the supposedly specific features of acute
rejection, such as tubulitis, can be found quite
often in protocol based biopsies of stable grafts
with good function.1 2

The BanV classification of renal transplant
pathology3 provides a rational basis by which
the severity of a variety of histological features,
including acute rejection, can be graded. The
reproducibility of this system has been widely
tested.4–8 There is good evidence that its clear
definitions reduce interobserver and interinsti-
tution variation. It is therefore of great value in
research into clinical graft rejection. However,
a benefit has not been proven in terms of
improved accuracy of the diagnosis or exclu-
sion of an acute rejection episode for the indi-
vidual patient.
Recently, we completed a study in which

renal transplant biopsies were selected on the
basis that they had caused diYculty in the
diagnosis or exclusion of acute rejection. Cases
were only used if a retrospective review of
clinical data provided a clear diagnosis, using
strict criteria. Sections were circulated to
almost all the pathologists in the UK who rou-
tinely report such biopsies. We found the
expected improvement in reproducibility of
diagnosis if the BanV system had been used,
when compared with an informal, “conven-
tional” approach.9 Unfortunately, when the
subsequent clinical course was used to define
the presence or absence of acute rejection,
using the BanV classification resulted in no
improvement in the number of correct
diagnoses.9

We suspected that this was because the
BanV classification concentrates on only two
of the many features that have conventionally
been used by transplant pathologists to assess
acute rejection: tubulitis and intimal arteritis.
Features judged to be less important or
unproved, such as eosinophilic infiltrates or
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evidence of lymphocyte activation, are ig-
nored. A structured system such as the BanV
classification would become unwieldy if many
minor features were included. We argued that
if a computer, rather than a human brain, was
used to relate a larger number of features in a
systematic and reproducible way, the eVort
required would be reduced to an acceptable
level, and reproducibility would be enhanced.
There has been recent interest in the

literature in the use of Bayesian belief networks
to address this type of problem.10 A computer

program is commercially available that has
been designed to accept such “fuzzy” variables
as a pathologist’s impression of nuclear varia-
tion and architectural distortion, and to incor-
porate them in a systematic way to arrive at a
diagnosis with a defined degree of confidence.
The mathematical basis of these calculations
has recently been described in this journal by
Montironi et al.10 We adapted this system to the
evaluation of renal allograft biopsies, in an
attempt to improve the accuracy of diagnosis of
acute rejection in biopsies from “early” cases.
Having developed the system,we tested it using
our collection of “diYcult” biopsies, which had
all been seen previously by most renal trans-
plant pathologists in the UK.9

Methods and materials
DEFINING THE CONDITIONAL PROBABILITY

MATRIX

The computer program “Bayes for Win” was
purchased from Diagsoft (Munich, Germany)
and installed on an IBM PS2 microcomputer.
The histological features that we considered
initially are listed in table 1. For each of the
features, a variety of possible grades must first
be defined. This can be very flexible; a mixture
of 0 to +++, percentage involvement, cell
counts, etc, can be used for diVerent variables.
This program requires initialisation by the pro-
vision of a “conditional probability matrix”
(CPM). To define the CPM for each possible
result for each feature one must answer the
question: “if this feature is present at this
intensity, what is the probability that the speci-
fied outcome (acute rejection) is actually
present?”. The quality of these data obviously

Table 1 Histological features considered for incorporation into the Bayesian network

Histological feature Scoring system

Tubulitis 0–3, as in BanV classification
Intimal arteritis 0–3, as in BanV classification
Interstitial haemorrhage 0–3: absent, 1–25%, 26–50%, more than 50% of area
Acute glomerulitis 0–3, as in BanV classification
Activated lymphocytes 0–3: absent; 1–25% of lymphocytes; 26–50% of

lymphocytes; over 50% of lymphocytes
Venulitis 0–3: absent; scanty lymphocytes, few venules; abundant

lymphocytes, <50% of venules; abundant lymphocytes,
>50% of venules; abundant lymphocytes, all venules.

Tubular epithelial damage 0–3: (feature subsequently dropped as found to be too
diYcult to assess consistently)

Oedema Percentage area of biopsy showing obvious interstitial
oedema (viewed at low magnification)

Interstitial infiltrates Percentage area of biopsy showing obvious interstitial
infiltration by lymphocytes (viewed at low
magnification)

Eosinophils Number per single high power field in most heavily
infiltrated area

Plasma cells Number per single high power field in most heavily
infiltrated area

Neutrophils Number per single high power field in most heavily
infiltrated area (feature subsequently dropped as
neutrophils were found as commonly in both groups)

Arterial endothelial
mononuclear cell adherence

Present or absent. (Cells adherent to luminal surface of
endothelium; c/f intimal arteritis)

Venous endothelial
mononuclear cell adherence

Present or absent. (Cells adherent to luminal surface of
endothelium; c/f venulitis)

Table 2 Conditional probability matrix for acute rejection. Figures for not acute rejection are given in parentheses

Feature

Absent 1 2 3

Tubulitis 0.049
(046)

0.098
(0.41)

0.39
(0.1)

0.463
(0.03)

Intimal arteritis 0.146
(0.862)

0.278
(0.086)

0.286
(0.034)

0.29
(0.017)

Interstitial haemorrhage 0.159
(0.588)

0.254
(0.235)

0.286
(0.118)

0.301
(0.059)

Acute glomerulitis 0.172
(0.455)

0.241
(0.273)

0.276
(0.182)

0.311
(0.091)

Activated lymphocytes 0.04
(0.6)

0.28
(0.2)

0.32
(0.133)

0.36
(0.067)

Venulitis 0.143
(0.5)

0.25
(0.25)

0.286
(0.167)

0.321
(0.083)

0% 1–10% 11–20% 21–30% 31–50% 51–75% 76–100%

Interstitial oedema 0.025
(0.3)

0.1
(0.2)

0.125
(0.167)

0.15
(0.133)

0.175
(0.1)

0.2
(0.067)

0.225
(0.033)

Interstitial infiltrates 0.024
(0.031)

0.1
(0.207)

0.13
(0.172)

0.17
(0.103)

0.191
(0.07)

0.192
(0.069)

0.193
(0.069)

None 1–5/HPF 6–10/HPF 11–20/HPF 21–30/HPF 31–40/HPF > 40/HPF

Eosinophils 0.038
(0.444)

0.135
(0.167)

0.154
(0.111)

0.163
(0.083)

0.164
(0.083)

0.173
(0.056)

0.173
(0.056)

Plasma cells 0.059
(0.368)

0.118
(0.211)

0.137
(0.158)

0.157
(0.105)

0.167
(0.079)

0.176
(0.053)

0.186
(0.026)

Present Absent

Mononuclear adherence: venules 0.364
(0.667)

0.636
(0.333)

Mononuclear adherence: arterioles 0.273
(0.778)

0.727
(0.222)

HPF, high power field.
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influences the quality of the output. It can suc-
cessfully be provided merely as expert
opinion,11 but the results are likely to be better
if they are based on actual observations.12

Therefore, we took 110 transplant biopsies that
all had reasonably confident diagnoses of acute
rejection or non-rejection, based on a retro-

spective review of the casenotes by a senior
clinical member of the transplant team (MN).
These “training biopsies” were graded blindly
by one observer (JIK) for each of the variables.
It was evident from this preliminary analysis

that neutrophilic infiltration would not be con-
tributory, as it was seen to a very similar inten-
sity in rejection and non-rejection cases. An
impression was gained that tubular epithelial
damage could not be assessed consistently.
This was confirmed by one observer who
repeated the grading on separate days; very lit-
tle correlation was found, so these two variables
were dropped.
It was then necessary to adjust the probabili-

ties slightly to allow for the possibility of rare
events, which were not represented in our
training series of 110 biopsies. Some of the fig-
ures in table 2, especially the boxes represent-
ing more severe changes, are derived from
observation of as little as one event. A
probability of zero or 100% at any point in the
CPM would lead the network to give a diagno-
sis with a spurious absolute certainty and
invalidate consideration of any other features.
Therefore, the figures were manually
“smoothed” to remove such extremes. The
resultant figures for the CPM for all the
variables are shown in table 2, as they were
entered into the Bayes for Win program.

TESTING THE SYSTEM

To assess the performance of this system in the
diagnosis of acute rejection, we took 21
carefully selected biopsies that had initially
caused one of us (PNF) some diYculty in the
diagnosis or exclusion of acute rejection, but
that all had carefully validated diagnoses from
the subsequent clinical course. These biopsies
had all previously been circulated to most renal
pathologists in the UK, who had been asked to
decide on the presence or absence of acute
rejection by a conventional approach, and to
apply the BanV classification of renal allograft
pathology.9 The proportion of correct diag-
noses obtained by each approach is given in
table 3.The fact that these proportions are only
slightly above that expected from random
guessing (50%) attests to the diYculty of mak-
ing a diagnosis with these biopsies.
Sections from these specimens were all

graded blindly for each of the variables in table
1 by the same single observer who hadmade the
observations that defined the CPM (JIK). This
was achieved by assigning a single grade for

Figure 1 Progress of belief in a diagnosis of rejection (= 1) or not rejection (= 0) as
information is entered into the Bayesian belief network for each of the 21 test biopsies. Solid
lines are cases that, on retrospective study, represent acute rejection; dotted lines are not acute
rejection. (A) Results achieved by the individual whose observations defined the conditional
probability matrix. Note the even spread of results towards the top and bottom of the graph
as data entry proceeds. (B) Data entry by a diVerent individual; separation is less clear and
the results are tending towards the top of the graph, illustrating the adverse eVect of
interobserver variation.
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Table 3 Percentage of correct diagnoses by 37 UK renal
transplant pathologists when considering the 21 test biopsies.
As the BanV classification does not rigidly define which
category should imply a diagnosis of acute rejection, three
diVerent cut oV points are given

Method Correct*

“Conventional” unstructured diagnosis 64.8%
BanV category 3 or 4 (“borderline” or “acute
rejection”) considered to be a diagnosis of acute
rejection 59.3%

Any grade of BanV category 4 (“acute rejection”)
considered to be a diagnosis of acute rejection 62.7%

BanV category 4 grade II or III only considered to
be a diagnosis of rejection 63.2%

*50% is random.
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each feature to each biopsy, although the
program does have the facility to accept “fuzzy
logic”—for example, a single biopsy could be
recorded as grade 1 tubulitis 40%, grade 2
tubulitis 60%, if the observer is not convinced
that the features completely justify classification
as grade 2.
The results were entered into the Bayes for

Win program and the level of belief of a
diagnosis of acute rejection that the program
generated was recorded at each step. To test the

influence of interobserver variation on the sys-
tem, the same 21 “diYcult” biopsies were
graded independently by a second observer
(PNF), and entered into the program in the
same way, without altering the CPM that had
been derived from the first observer’s findings.
The test group and the training group both

had approximately equal numbers of biopsies
representing rejection and non-rejection, so the
a priori probability of a case representing rejec-
tion was set at 0.5. The cut oV for concluding
whether a diagnosis of rejection had been made
after the data had been analysed was similarly
defined as a probability of 0.5.

Results
The level of certainty of the diagnosis for each
biopsy (the “belief”) at each stage of data entry
is shown in fig 1. The level of belief with which
the correct diagnosis was made at each stage of
data entry was then calculated. The mean value
of this figure is shown in fig 2. Each figure
shows the results of the first observer, using his
own CPM (obviously, with no interobserver
error), and the results of the second observer
using the same CPM, therefore illustrating the
eVects of interobserver variation. The confi-
dence with which the correct diagnosis was
made for each case by each observer is shown
in table 4.Direct comparisons are not valid, but
as a guide to the diYculty of each case, the per-
centage of correct diagnoses received from the
UK’s transplant pathologists is also provided.
The BanV classification considers only acute

tubulitis and intimal arteritis in the diagnosis of
acute rejection. When only tubulitis had been
considered by the network, the first observer
produced 15 out of 21 correct diagnoses with
an average belief in the correct diagnosis of
0.71; the second observer had only 14 of 21
correct, with an average belief of 0.66. This is
comparable to the average proportion of
correct diagnoses produced by the UK’s renal
transplant pathologists in the previous study.9

In that study, the highest number of correct
diagnoses made by any single pathologist was

Figure 2 The value of belief in the correct diagnosis (as defined by retrospective clinical
review), averaged over the 21 test cases, as data entry proceeds. The trend towards improved
accuracy of diagnosis is shown by the upward slope of the lines. Solid line, original observer;
broken line, second observer, illustrating interobserver variation. The feature that provided
most diYculty in consistent evaluation was the proportion of activated lymphocytes. This
feature was useful to the first observer, but interobserver error made it reduce the accuracy of
diagnosis for the second observer.
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Table 4 Level of belief with which the network provided the correct diagnosis (as defined by retrospective review), and
proportion of correct diagnoses given by pathologists for each case

Confidence of correct diagnosis using network % of pathologists correct in UK BanV study9

Case (clinical diagnosis) Observations by JIK Observations by PNF Conventional diagnosis BanV 4 = rejection

1 (Not rejection) 0.9 0.92 41* 46*
2 (Not rejection) 0.999 0.89 56 75
3 (Not rejection) 0.97 0.97 56 54
4 (Not rejection) 0.99 0.99 95 96
5 (Rejection) 0.99 0.99 82 82
6 (Rejection) 0.98 0.99 33* 18*
7 (Rejection) 0.54 0.84 58 29*
8 (Rejection) 0.14* 0.99 26* 19*
9 (Not rejection) 0.98 0.55 86 89
10 (Rejection) 0.99 0.99 100 100
11 (Rejection) 0.99 0.99 86 59
12 (Not rejection) 0.85 0.96 71 89
13 (Rejection) 0.89 0.87 50 19*
14 (Not rejection) 0.1* 0.39* 20* 29*
15 (Rejection) 0.99 0.99 83 50
16 (Not rejection) 0.95 0.99 56 62
17 (Rejection) 0.99 0.99 89 83
18 (Not rejection) 0.95 0.84 72 91
19 (Not rejection) 0.56 0.23* 50 71
20 (Not rejection) 0.99 0.88 50 71
21 (Rejection) 0.99 0.99 94 92

*Belief < 0.5 or < 50%, therefore regarded as an incorrect diagnosis.

Bayesian network for rejection diagnosis 111

 on M
ay 22, 2023 by guest. P

rotected by copyright.
http://jcp.bm

j.com
/

J C
lin P

athol: first published as 10.1136/jcp.51.2.108 on 1 F
ebruary 1998. D

ow
nloaded from

 

http://jcp.bmj.com/


17 of 21. In the present study, intimal arteritis
was seen very rarely in the training set and not
at all in the test set, so its contribution to the
diagnosis was minimal. However, when all the
other features had been entered into the
network, the number of correct diagnoses
improved to 19 of 21 for both observers (aver-
age belief of correct diagnosis 0.847 and
0.875).
At the end of the exercise, both observers

had only two wrong diagnoses. For the first
observer, these were one case of rejection and
one case of non-rejection. When a second
observer used the CPM defined by the first (fig
1B), there was a tendency towards overdiagno-
sis of rejection; the second observer overdiag-
nosed acute rejection in two cases.

Discussion
The rapid and accurate diagnosis or exclusion
of episodes of acute rejection is fundamental to
good management of renal allograft patients,
and in most centres such diagnoses are heavily
dependent on the results of transplant biopsies.
However, our previous study9 demonstrated
that if a biopsy is taken early in the rejection
process, there can be considerable variation in
the pathologist’s opinion of the presence or
absence of acute rejection. This has obvious
and important therapeutic implications.
Figure 2 illustrates how the diVerent vari-

ables that we studied contribute to the
certainty with which the diagnosis is made.
The upward slopes of the lines beyond the
point at which tubulitis and intimal arteritis has
been entered demonstrates that the inclusion
of “minor” features of acute rejection, such as
interstitial oedema and eosinophilic infiltra-
tion, can improve the accuracy of the diagnosis
in these early cases beyond the level which is
possible using the BanV classification alone.
With such a large number of variables, all of

diVerent significance, it is unrealistic to expect
the human brain to correlate the data in a con-
sistent manner. Indeed, to attempt to do so
would be to return to the traditional approach
to transplant biopsy reporting, where the
pathologist evaluated the features listed in an
informal manner then synthesised a diagnosis
on the basis of a “feeling” for the case based on
years of experience.We suggest that the present
data show that it is possible to have the best of
both approaches. The subtlety of considering
many variables can be combined with the
systematic reproducibility of the BanV
classification by using a computer to carry out
the analysis in a predefined manner.
Both figures illustrate the eVects of interob-

server variation. Figure 2 indicates part of the
reason; the first observer found that including
observation of activated lymphocytes improved
the quality of diagnosis, but the second
observer did not. Review of the raw data
showed that the second observer consistently
overestimated the numbers of large lym-
phocytes compared with the first observer. The
observation that some variables, such as num-
bers of eosinophils, performed better for the
second observer is harder to explain, particu-
larly as one would expect the maximum

number of eosinophils to be subject to
comparatively little interobserver variation.
Thus, interobserver variation has a signifi-

cant eVect in this system.We have not assessed
interinstitution variation. The CPM was de-
rived using cases from one institution, and it
would be naive to expect it to function as well
in another institution, where typical biopsy
appearances might be modified by many
feature, such as diVerences in immunosuppres-
sive regimen and biopsy policy. Most of these
problems might be overcome by using a more
sophisticated neural network, in which the
pathologist enters the “correct” diagnosis for
each case whenever this becomes obvious from
the subsequent clinical course, and the network
then “learns” by adjusting its internal architec-
ture. Such a system would, over time, be
trained to the characteristics of the institute
and the pathologist supplying the data, and
would therefore be independent of interob-
server variation. If the pathologist’s criteria for
grading a particular feature changed over time,
or if the immunosuppressive regimen changed,
the system would adapt to it. Furthermore,
examination of such an evolving network could
provide a dynamic measurement of which fea-
tures were proving to be of most value in the
assessment of the biopsies.
This system appears to be a promising

method for the diagnosis of diYcult cases of
early acute rejection but, of course, the
approach has limitations. Unlike the BanV
classification, it does not classify the severity of
rejection, nor does it provide the associated
prognostic data. This could perhaps be over-
come by having the output as belief in each of
a number of grades of rejection, but obtaining
a gold standard with which to grade the train-
ing cases would then be much more diYcult.
We have not tested the network in routine
practice, nor have we assessed interobserver
variation adequately; although this should be
irrelevant with a more sophisticated network
that learns as cases are added.
So far, we have not considered the input of

clinical data, but it would not be diYcult to add
further parameters reflecting the degree of clini-
cal suspicion of acute rejection, elevation of
serum creatinine, time after transplantation,
serum concentrations of immunosuppressive
drugs, increase in graft size, etc. The result
would be a diagnosis of the presence or absence
of acute rejection for each biopsy that carried
with it a comparatively objective measurement
of the confidence with which the diagnosis had
been made. It might prove possible to extend
this approach to the diagnosis of other causes of
early graft dysfunction; a comparable network
could perhaps facilitate the further development
of a chronic allograft damage index.13

With appropriate further development, we
suggest that the potential benefit for patient
care provided by this systematic approach to
renal transplant histology is self evident.

We are grateful to all the renal transplant pathologists in the UK
for expressing opinions on the sections that we used to test this
system, and to Dr Kim Solez and his staV for independent
review of the biopsies used in this study and for constructive
discussion of this project.
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