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PERFORMANCE MONITORING

Broad Aims:

Find out "what works'
ldentify functional competetence of practitioners ontunsbns

Public accountability

Much of the thinking about performance monitoring has bado
from industrial setting. It is interesting to note that inahsetting
there has been a shift from the use of PM as a means of detecting
failure to its use in the positive role of encouragementnstanat

Improvement by evolutionary changes.



WHAT CAN WE MONITOR?



Performance Indicators: Good, Bad and Ugly

RSS Working Party on Performance Monitoring in the
Public Services

(Sheila Bird, David Cox, Vern Farewell, Harvey Goldstein, Tm Holt, Peter Smith)

Eleven recommendations made.



Selected Recommendations from RSS Working Party

2. A PM procedure must hawtearly speci ed objectivesd be
methodologically rigourousndividuals and institutions moni-
tored should havsubstantialinput to the development of the
PM procedure.

3. APM procedure should be designed to discourage countrrepve
behaviour.

6. Performance Indicators need clear de nition. They aogest
to variation due to systematic factqies.g. mix of studentsnd
simple randomnes3 his must be recognised in their use.

/. The reporting of PM data should always incluxeasures of
uncertainty



1. PM procedures need a protocol.

2. PM procedures need clear objectives and methodologaal. r
3. PM procedure should discourage counter-productivevioeha
4. Cost-e ectiveness should be considered.

5. Independent scrutiny of a PM procedure safeguards padsmuntability,
methodological rigour, and individuals/institutions ntored.

6. Pls need clear de nition. Variation, essential and syate, must be recog-
nized.

7. Reporting of PM data should include measures of undgrtain
8. Aspects of PM should be investigated under researchilcsumasorship.

9. Research needed to provide robust methods to evaluasgn@mnt poli-
cies/initiatives. (Randomized trials?)

10. Ethics should be addressed.
11. Education is needed about role and interpretation of Bfd. d
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Can You Make Sense of This?



By grade national comparison
Subject

Art + design (APP) 7854
Art 212357
3510-Art & Design 58
Biology 60082
1010-Biology 22
Chemistry 56764
1110-Chemistry 22
DT (all) 371672
9020-D&T Food Tech 65
9030-D&T Graphic Pr 30
9040-D&T Resistant | 32
9050-D&T Textiles Te 42
Drama 100808
5210-Drama 44
Eng lit 572161
5110-English Literatui 180
English 721762
5010-English Languag 159
French 236189
5650-French 58
Geography 213469
3910-Geography 68
German 90311
5670-German 72
Health (APP) 30478
0003-Health & Saocial 22
History 231657
4010-History 110
Home Ecomomics 46528
3310-Home Economic 7
IT (APP) 44554
0010-Information Tecl 112
Latin (classical subjec 16305
6610-Latin 11
Leisure and Tourism 18142
0004-Leisure & Touris 20
Mathematics 750570
2210-Mathematics 194
Music 60668
7010-Music 28
Physics 56035
1210-Physics 22
RE 159681
4610-Religious Studie 20
Sci Voc (APP) 27471
0008-Science (Voc) 48
Sci Double 959578
1370-Science Double 252
Sci Single 96374
1310-Science Single , 19
PE (sport) 152826
7210-Sport/PE Studie 38

All Ciihiarte CCE
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FUNNEL PLOTS (Binomial)
ri A to C grades fronm; students taking subject
| subjects
pi = ri=nj andp =" pj="n;
=Pl pandz=(p p "=

Allow for overdispersion: = * 2—I with "Trimming or Win-
sorization”
pD_

Plot limits (say 95% and 99%) based on standard eI?rBrs = n




10



prob

1.0

0.8

0.6

0.4

0.2

0.0

School Results (A*-C)

i VI S~
Lt Dr e TTee—_
Rs ___________________________
b T
Mu
A&D EnL&L EnLit
Fr Dt
Pe G%e
Sc2
Ma
He ..................................................
NSRS
L ///
L 7
L Ve
H&S 4
S, sV
L&T,/
S
/
/
/
/
%cl
/
/
/
‘ T T T T T T
50 100 150 200 250 300
n

Figure 2: Internat School Results




FUNNEL PLOTS (Poisson)

National A to C proportion in subjedt = phational

Expected in schook = n;phational
Plot Observed/Expectedi=q) vs Expected«)
Use Poisson limits
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Figure 3: School vs National Results
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Risk Adjusted Longitudinal Monitoring

Great intuitive appeal to a graphical displayobiservedoerfor-
mance tcexpectegperformance.

The need for risk adjustment (case-mix adjustment) is ndiv we
accepted.

Initially, for monitoring of surgical mortality (binary tmome),
Poloniecket aland Lovegrovet al have termedisk adjusted O-
E plotsas Cumulative Risk Adjusted Mortality (CRAM) charts
and Variable Life Adjusted Display (VLAD) respectively.

O-E plots can also be used for non-binary data
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EXAMPLE 1
Cardiac Surgical Mortality:

Data for a single surgeon over four years.

Binary outcome forth patient, Yi, Is 0-1 indicator of death
within 30 days of surgery.

For each patient, there is an estimated probability of saftgi
mortality, p;.

O E plotis plot of J(Y; pj) versusT.
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Figure 4: O-E plot of cardiac surgical outcomes (| unadjuste d; - - risk-adjusted)
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EXAMPLE 2
Deaths in the GP practice of Harold Shipman

Use deaths in six month periods. Assumed to follow Poisson
distribution with mean .

Risk adjustment through calculation of age and sex adjusted
rate for the patient mix in Shipman's practice, averagedtoee
years to give a single rate used throughout the chart.

Expected rate Is calculated as 35 deaths/year for all st
12 deaths/year for females over 75 years old.
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Figure 5: O-E plot of deaths under Harold Shipman (1987-1998 where the expected value is based upon the England and Wadeaverage (|all patients;
- - females aged 75 and over)
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BUILDING ON THE PAST

Classical SPRT:

{ Designed to test hypothestisy vsH1
{ Plots

Xt = Xt 1+ W, t=1;23:::
at t'" observation.X ¢=0]

Iog(L1t

wherel ¢ Is likelihood contrlbutlon fart" observation and is

proportional to the probability of the outcome undts. L 14
IS de ned similarly.
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For Poisson, binomial and Bernoulli da¥dly can be written in
the form O E .

No natural model for binomial, Bernoulli or Poisson datddea
to O-E weights

SPRT has two absorbing barriers

a = log( )

@ )
a )

)

where and correspond to upper limits for the type | and
type |l errors of the testig vs H1.

b= log(
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Log-likelihood Weights

No. of failures Y;
Poisson( ) Binomial( n; p) Bernoulli( p)
Measure of di erence in RR= 1= OR = p1gr=pts OR = p1ph=poth
performance Ry
Weights W; Yilog(R1) o(R1 1) Yilog(R1) nlog(1 Yilog(R1) log(l po+
Po + R1po) R1po)
Expected value E 0 NPo Po
W; in terms of O-E @] E ) (Po)E O (po)E

Table 1: Form of log-likelihood ratio weights for charts detecting changes in risk for Poisson, Binomial and Bernoulli @ta types. Observed value,O, is
Y;. For all three data types, =log(R;). For Poisson, = R; 1. For Binomial and Bernoulli, (po) =log(l po+ Ripo)=pp R1 1
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Tabular CUSUM
Involves plotting

Xt =max(0; X 1+ W) t=1;23;:::
Holding barrier aiX¢ = 0, rather than a lower absorbing barrier
CUSUM is said to signal wheqy > h
Not a test ofHg vsH1¢

AssumedH is true at beginning of monitoring and looks for
evidence of a change

Logic is sensible for routine monitoring for which ternmomabf
a chart in favour of the null hypothesis makes little sense

Optimal choice of weightV; is based on log-likelihood ratio.
(Moustakides, 1986)
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Figure 6: Risk-adjusted CUSUM of cardiac surgical outcomesh = 4:5, in control ARL=6700
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OTHER POSSIBILITIES

Resetting SPRT (RSPRT) Chart

{ Formally propose a sequence of SPRTs with an absorbing bar-
rier at band a resetting barrier @ Values of and
are used to set boundaries but have no relation to error rates

{ CUSUM with likelihood ratio weights is equivalentto a RSPRT
chart with barriers close to (0,

{ Both CUSUM and RSPRT have formal type | and type Il

error rates of = 1 and = O re ecting the fact that the
upper boundary will eventually be crossed
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OTHER POSSIBILITIES
The Shewhart chart

{ Simply charts actual observations (sometimes standdjdte
a process

{ Process deemed out of control” when prespeci ed propabili
limits are crossed (Usually 99% orlBnits set)

{ Usually concern is only with large changes in the process

{ To provide a sensible chart, binary outcomes would need to be
grouped to give binomial data and what is known as a She-
whart p-chart. Limits often based on normal approximations

{ To allow for risk-adjustment, the probability of failure® a
allowed to vary by case. A simple adjusted chart might then
assume binomial data with an average valuegpfowver any
particular time period.

25



OTHER POSSIBILITIES
The SETS method

{ Firstintroduced by Chen for surveillance of congenitalanal
mations (a binary outcome).

{ Method is based on the number or sKt,,of observations
after a failure up to and including the next failure. If thes s
IS T onn successive occasions, an alarm is signalled.
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FOR WHAT ARE WE LOOKING?

Primary motivation is usually to detect a deterioration er{
formance.

There Is some standard against which this is measured.

Also important to be able to detect improvements, espgciall
with long term monitoring. This may prompt reevaluation of
the standard (which perhaps should be done on a regulairasis
any event) or identify centres or individuals who do paldity
well and may have transferable methods of working.

Many of the monitoring technigues can be used to detecr eithe
deterioration or improvement. Therefore, it is often udefset
up a monitoring process for each.
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Trainee surgeon
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After a problem has been detected and dealt with:

Usually not sure that the problem is solved.

Perhaps not reasonable to asstigewhen restarting monitor-

Ing.

Use techniques like Fast Initial Response CUSUMs which are

CUSUMS which start a point in betweenhDrather than at
zero. =2 iIs a common choice.)

Equivalent to a RSPRT with the rst SPRT in the sequence
having boundaries at (;h  r) and the rest having ().

The question the rst SPRT answers Is that of a classical SPRT
It chooses betwedihg and H 1.

This Is a particular example of the need to choose a chad base
on context as well as any statistical properties it mighehav
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COMPARING METHODS

Has to depend on context and expected use of the chart.
However, a useful starting point is often average run length
(ARLS).

ARL underHis analagous to a type | error rate. ARL unégr

IS analagous to power. Thus ARLSs often used to set boundaries

ARLs sometimes calculated analytically, sometimes \@eréte)
Markov Chain approach, sometimes by simulation.

ARLSs not always su cient. May want to look at distribution of
run lengths.

In control run lengths are usually approximately geometuic
there is no comparable general results for out of control run

lengths.
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Shipman Data: All patients.

Use two-sided CUSUM. Assume 20% change in rate is important.

A boundary ofh = 3 would generate 1 false-positive or false-
negative signal over 52 years

Chart signals in 1995 for any boundary in range [3,8]

Use of all data leads t0 = 42:3 which is bias adjusted to 41
[CI:(37,45)]corresponding to a 17% increase In rate.

Use of data since 1992 (chart last at zero then) leadst63:3
which is bias adjusted to 52 [Cl:(43,60)] correspondingl 8@
Increase.
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Figure 9: CUSUM monitoring death rates per year under Harold Shipman, 1987-1998
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Figure 10: Best et al
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MULTIPLE PLOTS

Multiple Outcomes:
Approaches to this can be developed. Simultaneous CUSUM
(SCUSUM) charts of Steinet al

35



MULTIPLE PLOTS
Multiple Processes:

Need to think through the relevance of standard approaches t
multiplicity. E.G. How often will the protection of an expe
mentwise error rate” provided by a Bonferroni type proecoer
relevant?

Approach should depend critically on what happens wheg-a "si
nal  occurs.

Some compromise between protection of medical practgione
and patients seems inevitable.

ARLs might help to characterize the e ect of multiplicity

The use of the concept of False Discovery Rates also warrants
exploration.
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Recent Work
OA Grigg and DJ Spiegelhalter

Considering null steady-state distribution of CUSUMSs.

{ Allows calculation of a p-value based on the proportiom i
a CUSUM will be above a speci ed value.

{ Can then make use of FDR methodology.
Estimation of the \level" of a dynamic risk-adjusted prsces

{ Have developed risk-adjusted exponentially weightednghovi
average methodology.

37



