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Abstract

Background The aim of the study was to investigate the development of evidence-based monitoring strategies in a 

population with progressive or recurrent disease. A simulation study of monitoring strategies using a new biomarker 

(ELF) for the detection of liver cirrhosis in people with known liver fibrosis was undertaken alongside a randomised 

controlled trial (ELUCIDATE).

Methods Existing data and expert opinion were used to estimate the progression of disease and the performance 

of repeat testing with ELF. Knowledge of the true disease status in addition to the observed test results for a cohort 

of simulated patients allowed various monitoring strategies to be implemented, evaluated and validated against trial 

data.

Results Several monitoring strategies ranging in complexity were successfully modelled and compared regarding 

the timing of detection of disease, the duration of monitoring, and the predictive value of a positive test result. 

The results of sensitivity analysis showed the importance of accurate data to inform the simulation. Results of the 

simulation were similar to those from the trial.

Conclusion Monitoring data can be simulated and strategies compared given adequate knowledge of disease 

progression and test performance. Such exercises should be carried out to ensure optimal strategies are evaluated in 

trials thus reducing research waste. Monitoring data can be generated and monitoring strategies can be assessed if 

data is available on the monitoring test performance and the test variability. This work highlights the data necessary 

and the general method for evaluating the performance of monitoring strategies, allowing appropriate strategies 

to be selected for evaluation. Modelling work should be conducted prior to full scale investigation of monitoring 

strategies, allowing optimal monitoring strategies to be assessed.
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Background
Tests are used in healthcare to monitor, and subsequently 

manage, a variety of chronic conditions. The focus of this 

research is monitoring of progressive or recurrent con-

ditions, where the aim of monitoring is to identify early 

signs of recurrence or progression prompting a change in 

management, typically initiation of treatment or further 

testing.

Although patient monitoring is a fundamental function 

of healthcare, incurring considerable cost to health care 

providers, the underlying methodology of monitoring is 

under researched [1, 2] and there is an increased need 

for monitoring strategies to be developed incorporating 

known likely progression of disease and the performance 

of the monitoring test. In a methodological review of 

guidelines for prostate specific antigen (PSA) monitoring 

to identify recurrence of prostate cancer, Dinnes et al. [3] 

identified a lack of a systematic approach in developing 

monitoring strategies, with monitoring intervals based 

on standard follow-up schedules and limited evidence of 

consensus for the thresholds used to initiate treatment.

Monitoring strategies are complex interventions com-

bining a test, a schedule, a decision rule and further 

testing or treatment. Fundamentally, the frequency of 

testing, and a ‘monitoring rule’ indicating the value (or 

values) that would trigger a change in patient manage-

ment should be stipulated. Monitoring rules can be sim-

ple, using a single value as a threshold (a ‘snap-shot rule’), 

or more complex, where series of test results are required 

to initiate a change in management (a ‘track-shot rule’) 

[4]. 

To inform the methods used to investigate potential 

monitoring strategies, we reviewed monitoring-related 

methodology [5]. Most monitoring studies evaluated 

were concerned with the frequency of testing [4, 6–13]. 

Fewer studies investigated test thresholds [4, 12] or 

monitoring test decision rules [4, 6, 7, 13]. Stevens et al. 

proposed a general statistical model for monitoring data 

[14], that combines the true disease state, which can be 

modelled but never observed, with estimates of measure-

ment error. The model is informed by existing data, and 

evidence from the literature, allowing monitoring data 

to be simulated and the potential effect of monitoring 

strategies to be estimated, prior to full-scale investigation 

[15]. 

Liver fibrosis can progress to liver cirrhosis and lead to 

complications such as portal hypertension and hepato-

cellular cancer. We evaluated monitoring strategies using 

the Enhanced Liver Fibrosis (ELF) biomarker to detect 

liver cirrhosis in people with known liver fibrosis. The 

addition of ELF to standard monitoring in this group of 

patients has been evaluated in a prospective multicentre 

randomised trial (the Enhanced Liver fibrosis (ELF) test 

to Uncover Cirrhosis as an Indication for Diagnosis and 

Action for Treatable Events (ELUCIDATE) trial [16]), 

allowing the model to be validated. In the ELUCIDATE 

trial participants suspected to have chronic liver disease 

were recruited and randomised to standard care or stan-

dard care with monitoring using the ELF biomarker. All 

participants received standard outpatient assessment 

every six months, with those randomised to receive ELF 

monitoring also being tested using the ELF biomarker 

at each outpatient observation. An ELF test above the 

threshold and/or diagnosis of cirrhosis on standard 

assessments triggered further investigation. The study 

looked to evaluate liver related outcomes, such as vari-

ceal bleeding, ascites, encephalopathy, hepatocellular 

carcinoma, transplantation and death.

The aim was to identify the optimal monitoring strat-

egy, by varying decision rules (thresholds for a positive 

test results), or monitoring intervals (time between mon-

itoring tests), or by introducing targeted retesting (re-

application of the test).

Methods
The aim of the study was to investigate the development 

of evidence-based monitoring strategies in a popula-

tion with progressive or recurrent disease. We simulated 

disease progression for a group of patients, and the test 

results they would have received, given existing evidence 

and opinion from an expert in chronic liver epidemiology 

(JP). Using the simulated data we were able to compare 

the performance of different monitoring strategies and 

compare our simulated results to the ELUCIDATE trial.

Simulation model

The true disease level ( Uit) was simulated using a ran-

dom intercept ( α it, ELF value at entry to the trial) and 

a random slope ( β
it, change in ELF over time) for each 

participant, Uit = α it + β
it. The true underlying val-

ues were converted to observed values by the addition of 

measurement error ( Yit = Uit + ω it). Full details of the 

simulation method have previously been reported [5]. 

Data sources

Estimates of fibrosis progression rate (from a study of the 

natural history of liver fibrosis) [17], fibrosis stage at trial 

entry, measurement error and ELF score link to fibrosis 

stage were obtained from published literature and other 

data sources (see Table 1).

Evaluation of monitoring strategies

A simple reference strategy with a simple threshold and 

6-monthly test intervals, akin to that evaluated in the 

ELUCIDATE trial, was used. Alternative strategies were 

evaluated by:
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  • Retesting participants with a test value within one 

unit of the threshold.

  • Changing the frequency of monitoring to every 12 

months.

  • Using alternative decision rules (absolute and relative 

increases from randomisation and last recorded ELF 

measure and rule using predictions from a linear 

regression model fitted using all available observed 

data points).

Number of simulations

Simulations were based on a cohort of 20,000 patients. 

With 20,000 test results, if one of the performance mea-

sures gave an estimate of 15% a corresponding 95% con-

fidence interval would range from 14.5 to 15.5%; for an 

estimate of 1.5% a 95% confidence interval would range 

from 1.3 to 1.7%.

Identifying positive and negative results

Test results were positive or negative based on the sim-

ulated observed data and the decision rule used. The 

test result was true or false depending on the simulated 

underlying disease state. As it may be beneficial to iden-

tify patients prior to progression to cirrhosis, partici-

pants were classed as ‘diseased’ three months prior to 

the development of cirrhosis. As a positive test result 

changes patient management, patients with positive 

results are not subsequently monitored.

Measuring the performance of monitoring strategies

Performance of monitoring strategies was measured 

based on previous criteria [8]: the number of tests per 

person for the duration of monitoring, positive predic-

tive value (PPV), and percentage of patients with delayed 

diagnosis (over 12 months). For ease of comparison 

of strategies, monitoring thresholds associated with a 

clinically acceptable overall PPV of 25% (i.e. across the 

duration of monitoring) were selected, to allow paired 

comparisons.

Sensitivity analyses

Sensitivity analyses were conducted to estimate the effect 

of variations in measurement error, within-individual 

variation and disease progression rates on the refer-

ence strategy with all other aspects of the strategy kept 

constant (including the threshold value). Analyses were 

repeated allowing the threshold to vary in order to main-

tain the overall PPV at 25%.

Comparison to ELUCIDATE data

To assess the accuracy of the simulation model, the mean 

and standard deviation of randomisation ELF values were 

compared between the ELUCIDATE data and simu-

lated data sets. Analysis of variance was used to assess 

between-individual and within-individual variability of 

ELF values recorded for participants in the trial and the 

simulated results. Multilevel models were fitted using 

the simulated observed values and the ELUCIDATE trial 

data (for participants with two or more ELF measures 

post registration). In the ELUCIDATE trial, an ELF score 

of 9.5 or above was considered positive, and no further 

ELF measurements were usually taken. The ELUCIDATE 

and simulated data sets were therefore modified so each 

patient with an ELF measure of 9.5 or above did not have 

Table 1 Data used in simulation model

Estimate 

required

Data Estimates used in model

Fibrosis 

progression 

rate

Poynard et al.: estimate of median fibrosis progression (units per 

year) 0.133 (95% CI 0.125, 0.143) [17].

Estimate calculated from Poynard et al.: [17]

Estimated fibrosis progression (units per year) ∼ N (0.13, 0.172).

Estimate after adjustment (to be used in sensitivity analyses): 

estimate of fibrosis progression was increased to reflect expert 

opinion ∼ N (0.27, 0.172).

ELF stage at 

entry to trial

Cross sectional data set: estimated proportion of patients in each 

stage  [18].

Stage 0- 0.25; stage 1- 0.35; stage 2- 0.13; stage 3- 0.15; stage 

4- 0.12.

The cross-sectional data set was used:

Stage 0- 0.25; stage 1- 0.35; stage 2- 0.13; stage 3- 0.15; stage 

4- 0.12.

Measure-

ment error

Longitudinal data set: estimate of the standard deviation of 

measurement error of 0.81. Siemens: estimate of the standard 

deviation of total measurement error of 0.11 [19]. ELUCIDATE reg-

istration and randomisation data: estimate of standard deviation 

of total measurement error 0.47.

Estimate of measurement error obtained from ELUCIDATE was 

used:

ω it ∼ N
(

0, 0.47
2
)

.

ELF link to 

fibrosis stage

Cross sectional data set: estimates of ELF mean (SD) at each 

fibrosis stage [18].

Stage 0- 8.82 (0.87); stage 1- 9.18 (0.96); stage 3- 9.55 (1.00); stage 

4- 11.32 (1.47).

After adjustment: measurement error is accounted for to give the 

true unobserved ELF values and modified to represent values for 

each stage:

stage 0 ∼ N
(

8.63, 0.73
2
)

; stage 1 ∼ N
(

9.00, 0.84
2
)

; stage 

2 ∼ N
(

9.36, 0.89
2
)

; stage 3 ∼ N
(

9.91, 1.22
2
)

; stage 

4 ∼ N
(

10.80, 1.39
2
)

.
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any subsequent measures. The number of participants 

with a diagnosis of cirrhosis in the simulated and trial 

data (monitoring and standard care arm) was compared 

using the trial strategy threshold of 9.5. In the standard 

care arm of the ELUCIDATE study a diagnosis of cir-

rhosis could be based on: clinical judgement and various 

tests (liver biopsy, ultrasound scan, liver CT scan, MRI 

scan, gastroscopy or FibroScan); for the monitoring arm, 

a diagnosis of cirrhosis was made if a participant’s ELF 

test value was over the threshold value, in addition to the 

methods of diagnosis available in the standard care arm.

The number of observation points used from the simu-

lation model was capped to give a similar mean number 

of observations per person to the value seen in the ELU-

CIDATE data. Allowing more observations per person 

would introduce bias as patients with slower progressing 

disease will have more ELF measurements prior to a test 

result of 9.5 or above [20]. 

Results
For the simulated cohort of 20,000 patients, 5,314 (26.6%) 

would develop cirrhosis during a five-year trial.

Reference monitoring strategy

The ELF threshold required to maintain the overall PPV 

at 25% was 10.715. Due to prevalent cases of liver cirrho-

sis at the beginning of the monitoring period, the sensi-

tivity and PPV calculated for the reference strategy were 

highest at the initial observation point, as was the per-

centage of tests with a positive result. The percentage of 

false negative results generally increased at each observa-

tion point. Over the duration of the monitoring strategy 

7.64 tests per person (152,724 tests in total) were per-

formed and 6.10% of all patients had a delay to diagnosis 

of over 12 months, see Supplementary Table S1.

Comparison of strategies

Table 2 reports results for the different monitoring strat-

egies and Fig.  1 shows that none of the evaluated strat-

egies were clearly superior to the reference case. The 

reduced monitoring frequency strategy (C) decreased 

the number of tests required per person (by 3.30) with a 

0.15% increase in the percentage of patients with delay to 

diagnosis of over 12 months. All of the track-shot deci-

sion rules led to an increase in the percentage of patients 

with a delay to diagnosis (of between 1.58% and 11.09%), 

with concordant increases in the mean number of tests 

performed per person (ranging from 0.14 (strategy D) to 

1.18 (strategy G)). The retest strategy (B) increased the 

number of tests performed (increase of 3.30 tests per 

person), and increased the percentage of patients with 

delay to diagnosis (absolute increase of 0.40%). The lin-

ear regression strategy (H) had a small impact on both 

the number of tests (0.12 fewer tests per person) and on 

delay to diagnosis (0.47% lower).

When using the reduced monitoring frequency strat-

egy the number of tests required decreased by 3.30 tests 

per person and the percentage of patients with delay to 

diagnosis of over 12 months increased by 0.15% points 

(absolute increase) compared with the reference strategy.

The linear regression strategy used fewer tests (0.12 

tests per person) and had a lower percentage of patients 

with delay to diagnosis (0.47%) when compared to the 

reference strategy, see Table 2; Fig. 1.

Sensitivity analyses

Table 3 demonstrates the effect on the reference strategy 

(strategy A) of increasing or decreasing various param-

eter estimates.

Estimates of reduced test variability (decreased mea-

surement error and between-individual variability) 

improved PPV (increases of 4.6% and 8.6%) and increased 

the number of tests required (0.73 and 0.91 tests per per-

son) with decreased measurement error also increas-

ing the percentage of patients with delay to diagnosis of 

more than 12 months (increase of 1.30%). Both increased 

and decreased between-individual variability reduced 

the percentage of patients with delay to diagnosis (0.72% 

and 2.12%). An increased rate of fibrosis progression led 

to increased PPV (4.2%) and percentage of patients with 

delay to diagnosis (1.52%) but decreased the number of 

tests required (0.64 tests per person).

The largest difference in PPV resulted from increased 

between-individual variability (8.8%); the largest differ-

ence in number of tests required from increased mea-

surement error (1.84 tests per person); and the largest 

difference in the percentage of patients with delay to 

diagnosis of over 12 months from decreased between-

individual variability (decrease of 2.12%).

Increasing the rate of fibrosis progression, produced 

similar results to the unadjusted estimate (see Supple-

mentary materials Table S2 and Figure S1).

Comparison to ELUCIDATE data

The ELUCIDATE data contained 705 observations taken 

from 420 participants randomised to the ELF monitor-

ing arm. After removing measurements following an ELF 

value of 9.5 or above for each individual, the simulated 

data set contained 66,320 observations for 20,000 partici-

pants. Analysis of the ELF value at the point of randomi-

sation for each of the data sets showed similar results 

(see Table  4) with the mean value slightly lower for the 

ELUCIDATE data. The between-individual standard 

deviation was higher for the ELUCIDATE data than the 

simulated data (0.93 for the ELUCIDATE data compared 

with 0.76 for the simulated data). The within-individual 
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standard deviation was similar for the ELUCIDATE data 

and simulated data (0.53 and 0.51 respectively).

The ELUCIDATE data modelled consisted of 429 

observations from 153 participants; each had a mini-

mum of 2 and a maximum of 6 ELF observations and 

the average number of observations per person was 2.8. 

The model fitted to simulated data used 26,429 observa-

tion points for 9,608 simulated participants and the mean 

number of observations was 2.8.

Modelling of the ELUCIDATE data estimated an 

increase in ELF per year of 0.31 (95% CI (0.22, 0.39); 

p-value < 0.001), see Table  4. Modelling the simulated 

data estimated an increase in ELF per year to be com-

parable at 0.24 (95% CI (0.23, 0.26); p-value < 0.001); for 

the simulated data with adjusted fibrosis progression the 

increase was 0.28 (95% CI (0.27, 0.30); p-value < 0.001.

Comparison of the cirrhosis outcomes for the simu-

lated data and ELUCIDATE data (monitoring arm) 

showed a comparable percentage of positive results; 

there was a lower percentage of participants with a cir-

rhosis diagnosis in the standard care arm. However, the 

percentage of diagnoses of cirrhosis at the first testing 

time point was greater for the simulated data than the 

trial, see Table 5.

Table 2 Results of strategies A-H

Strategy Monitoring strategy components PPV Tests* Delay to 

diagnosis‡

Test performance

Decision 

rule

Thresh-

old 

value

Interval 

(months)

Retest Initial 

threshold

% N N 

pp†

Me-

di-

an 

(Q1, 

Q3)

N % of 

all§

% of 

stage 

4ǁ

TP 

pp¶

FP 

pp#

Posi-

tive n 

(%)

Sen-

sitiv-

ity 

(%)

A Simple 

threshold

10.715 6 FALSE - 25 152,724 7.64 11 

(3, 

11)

1220 6.10 22.96 0.12 0.37 9883 

(6.47)

22.13

B Simple 

threshold

10.580 6 TRUE - 25 218,974¥ 10.95 12 

(6, 

15)

1300 6.50 24.46 0.12 0.35 9406 

(6.11)

21.15

C Simple 

threshold

10.550 12 FALSE - 25 86,787 4.34 6 (2, 

6)

1249 6.25 23.50 0.13 0.38 10,053 

(11.58)

35.34

D Absolute 

increase 

from ini-

tial value

1.295 6 FALSE 10.715 25 155,648 7.78 11 

(4, 

11)

1536 7.68 28.90 0.13 0.40 10,598 

(6.81)

19.85

E Absolute 

increase 

from last 

value

1.460 6 FALSE 10.715 25 172,363 8.62 11 

(7, 

11)

2085 10.42 39.24 0.08 0.24 6305 

(3.66)

8.45

F Relative 

increase 

from ini-

tial value

1.144 6 FALSE 10.715 25 156,460 7.82 11 

(4, 

11)

1630 8.15 30.67 0.13 0.38 10,266 

(6.56)

18.12

G Relative 

increase 

from last 

value

1.1795 6 FALSE 10.715 25 176,385 8.82 11 

(9, 

11)

2217 11.09 41.72 0.07 0.20 5338 

(3.03)

6.68

H Linear 

regression

10.495 6 FALSE 10.715 25 150,478 7.52 11 

(2, 

11)

1126 5.63 21.19 0.12 0.35 9342 

(6.21)

21.58

*Tests over the duration of monitoring

† Mean number of tests per person over the duration of monitoring

‡ Patients with delayed diagnosis (delay from onset of disease to diagnosis of over 12 months)

§ % of all patients with delay to diagnosis

ǁ % of patients that would reach cirrhosis within the trial period with delay to diagnosis

¶ TP pp is the mean number of true positive results per person over the duration of monitoring

# FP pp is the mean number of false positive results per person over the duration of monitoring

¥ 218,974 tests were carried out to generate 153,971 results due to retests being used

A is the simple threshold strategy; B is the retest strategy; C is the decreased monitoring frequency strategy; D is the absolute increase from initial value strategy; E 

is the absolute increase from last value strategy; F is the relative increase from initial value strategy; G is the relative increase from last value strategy; H is the linear 

regression strategy



Page 6 of 9Sitch et al. BMC Medical Research Methodology          (2024) 24:315 

Discussion
Analysis of the simulated and trial data showed similar 

results. The monitoring arm of the trial detected cirrho-

sis in 64.2% of patients compared with just 4.5% in the 

standard care arm and the model predicted this would be 

70.7%. The difference in detection between the trial arms 

suggests the strategy has a high false positive rate. With 

sufficient time this modelling exercise could have been 

used to modify the strategy.

When a monitoring strategy is introduced, cases will be 

identified from a prevalent population where a large pro-

portion of patients will have high ELF values, hence the 

difference in results at the initial monitoring time point 

compared with others. The increasing percentage of false 

negative results at subsequent monitoring points sug-

gests the simple threshold should be reduced to account 

for the patients that have false negative results using the 

original threshold.

The simple threshold strategy outperformed all strat-

egies that incorporated participant’s previous mea-

surements; the strategies using absolute and relative 

increase from last recorded value decision rules per-

forming particularly poorly. Strategies using absolute 

and relative changes from the initial recorded value con-

sider differences in ELF across the entire monitoring 

period, and so are better at detecting true change over 

measurement error. This result is related to the index 

of individuality (II), or the ratio of within-individual 

and between-individual variation; the higher the II the 

higher the within-individual variation is in comparison to 

between individual variation. Tests with higher II values 

perform better with constant thresholds as an individual 

can have results spanning a wide range of the possible 

results for a group of people. Tests with decision rules 

that compare a result to a previous result are more ben-

eficial if the II value is lower, as an individual will have 

tests results spanning only part of the possible range of 

results [21]. 

With the re-testing strategy, measurement error in both 

the initial and retest result leads to some people with a 

positive result on their initial test (as with the reference 

strategy) having a negative result when the mean of the 

initial and retest measurements is used. An increase in 

negative results from a retest strategy will have a small 

effect on the percentage of participants with delay to 

diagnosis of over 12 months.

Fig. 1 Performance of various monitoring strategies on simulated monitoring data with PPV of 25%. A is the simple threshold strategy; B is the retest 

strategy; C is the decreased monitoring frequency strategy; D is the absolute increase from initial value strategy; E is the absolute increase from last value 

strategy; F is the relative increase from initial value strategy; G is the relative increase from last value strategy; H is the linear regression strategy
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Reducing the test frequency led to a large decrease in 

the number of tests per person and a small increase in 

the percentage of people with delay to diagnosis. In some 

circumstances, for the substantial decrease in the num-

ber of tests required and therefore the resource used, the 

increased harm to patients may be acceptable.

The linear regression strategy showed a reduction in 

both the number of tests required and the percentage 

of patients with delay to diagnosis. The linear regression 

method utilised all available data and some allowance 

was made for the fluctuation in results due to measure-

ment error. This modest improvement in monitoring 

strategy performance may not merit the extra complexity 

involved.

Increased measurement error results in more false 

positive results. Between-individual variability will affect 

Table 3 Results of using the reference strategy when changing estimates required for data simulation keeping the threshold 

consistent and changing the threshold to fix PPV at 25%

Change in data simulation Threshold PPV (%) Number of tests per person* Delay† (%) Develop cirrhosis‡n (%)

None 10.715 25.0 7.64 6.10 5314 (26.6)

Decreased§ measurement error 10.715 29.6 8.37 7.40 5248 (26.2)

(+ 4.6) (+ 0.73) (+ 1.30) (-66 (0.33))

10.450 25.0 7.70 5.73

(+ 0.06) (-0.37)

Increasedǁ measurement error 10.715 17.6 5.84 3.85 5421 (27.1)

(-7.4) (-1.80) (-2.25) (+ 107 (0.54))

11.365 25.0 7.65 7.05

(+ 0.01) (+ 0.95)

Decrease§ between-individual variability 10.715 33.6 8.55 3.98 5139 (25.7)

(+ 8.6) (+ 0.91) (-2.12) (-175 (0.88))

10.463 25.0 7.84 2.28

(+ 0.20) (-3.82)

Increasedǁ between-individual variability 10.715 16.5 5.80 5.38 5272 (26.4)

(-8.8) (-1.84) (-0.72) (-42 (0.21))

11.905 25.0 8.26 9.95

(+ 0.62) (+ 3.85)

Decreased§ fibrosis progression rate 10.715 22.7 7.90 4.95 4440 (22.2)

(-2.3) (+ 0.26) (-1.15) (-874 (4.37))

10.860 25.0 8.29 5.68

(+ 0.65) (-0.42)

Increasedǁ fibrosis progression rate 10.715 29.2 7.00 7.62 7689 (38.4)

(+ 4.2) (-0.64) (+ 1.52) (+ 2375 (11.88))

10.460 25.0 6.21 5.63

(-1.43) (-0.47)

*Number of tests per person over the duration of monitoring; †% of all patients with delayed diagnosis (delay from onset of disease to diagnosis of over 12 

months);‡Patients that would go on to develop cirrhosis in the monitoring duration if no intervention were received; §Decrease is halving the estimate used in the 

original simulation; ǁIncrease is doubling the estimate used in the original simulation

Table 4 Results of analysis of randomisation ELF, analysis of 

variance for ELF measurements at all time points and multilevel 

modelling

ELUCIDATE 

data

Simulated 

data

Simulated 

data with ad-

justed fibrosis 

progression

Randomisation point 

ELF

ELF mean (SD) 9.57 (1.21) 9.71 (1.15) 9.83 (1.20)

Analysis of variance

Between-individual SD 0.93 0.76 0.82

Within-individual SD 0.53 0.51 0.52

Multilevel modelling

Years 0.31 (0.22, 

0.39)

0.24 (0.23, 

0.26)

0.28 (0.27, 0.30)

Constant 8.73 (8.63, 

8.82)

8.84 (8.83, 

8.85)

8.86 (8.84, 8.87)

Between-individual SD 0.43 (0.36, 

0.51)

0.42 (0.41, 

0.43)

0.42 (0.41, 0.43)

Within-individual SD 0.48 (0.44, 

0.52)

0.47 (0.46, 

0.47)

0.46 (0.46, 0.47)

Table 5 Comparison of outcomes for trial and simulated data

Outcome RCT ELF 

arm

RCT Standard 

Care arm

Model ELF

Diagnosis of cirrhosis 

during trial

281/438 

(64.2%)

20/440 (4.5%) 14,132/20,000 

(70.7%)

Diagnosis of cirrhosis 

after 1st measurement

84/438 

(29.9%)

20/440 (4.5%) 3740/20,000 

(18.7%)
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the underlying ELF values possible at each fibrosis stage. 

Providing ELF is truly related to fibrosis stage, smaller 

between-individual variability means that ELF is more 

likely to correctly identify fibrosis stage with fewer false 

positive results. With fewer false positives, PPV will 

increase and the number of tests required will increase as 

the number of patients correctly staying in the monitor-

ing programme will increase.

With an increased fibrosis progression rate more 

patients will develop compensated cirrhosis, higher 

prevalence increases PPV, and patients will have positive 

results earlier in the strategy, requiring fewer tests to be 

performed. If patients have increased fibrosis progres-

sion rate there is increased potential for patients to have 

undetected disease for over 12 months.

Limitations

Estimates from data sources were used to inform the sim-

ulation model. The suitability of data was discussed with 

a clinical expert and, where necessary, estimates were 

adjusted and sensitivity analyses performed; however, 

the quality and suitability of data used is a limitation. We 

were limited to being advised by a single clinical expert, 

involving additional experts may have changed the esti-

mates used.

The ELUCIDATE trial data contained repeated obser-

vations from 153 participants with many participants 

having only two observations; more observations per 

person would allow better estimation of the error terms 

and changes over time. The ability of the data to estimate 

the true progression of ELF is limited as those with val-

ues over 9.5 cease to have measurements recorded mean-

ing further progression cannot be assessed. Patients with 

lower measures continued monitoring and contributed 

more data to the model; however they were potentially in 

a better health state.

Modelling a monitoring strategy prior to starting a 

prospective study is time consuming, requires expert 

opinion, and estimates and data need to be available. A 

simplified version of this approach may be needed for 

some clinical scenarios.

Further work

A greater variety of strategies could be evaluated with 

multiple components assessed simultaneously. More 

complex decision rules and frequencies could be 

explored, for example varying thresholds by monitoring 

time points or non-constant testing frequencies.

The model could also show lifetime progression for a 

time-matched cohort of patients with fibrosis; this would 

indicate strategy performance in practice rather than in a 

trial setting.

Well-designed studies of biological variability would 

mean accurate estimates of variability would be available 

enabling accurate monitoring data to be generated and 

analysed.

Further comparison of the ELUCIDATE data and the 

simulated data can be performed when additional out-

comes are collected from the trial participants.

Further work could also investigate the value of this 

approach if there is limited data available to support the 

simulation. This work could also identify ranges of val-

ues that could be used in the absence of appropriate data 

and/or estimates.

Conclusions
Simulation can be used to evaluate candidate monitoring 

strategies enabling appropriate strategies to be selected 

for full scale evaluation.

To generate monitoring data there has to be available 

evidence on the natural history of the disease and the 

performance of the monitoring test (measurement error 

and test accuracy)—this evidence can be from existing 

data sets, reviewing the literature or potentially expert 

opinion. If the data informing the simulation model is 

inaccurate the results obtained from evaluation of strat-

egies will not reflect the truth. Inaccurate estimates will 

affect results in a complex way. The results of sensitiv-

ity analyses highlighted the importance of accurate esti-

mates of test performance and progression.

Comparison of the trial data and the simulated data 

provided similar results. Bias in monitoring data, particu-

larly concerning the number of recorded results, should 

be considered when analysing as those contributing more 

monitoring data points are generally different to those 

contributing few.
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